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Propositions

1. Effective real-time reservoir operation simulation requires
combining process-based and data-driven modelling.
(this thesis)

2. Water-related disasters are more likely to occur in reservoir-
dominated river basins than in free-flowing river basins.
(this thesis)

3. Scientists should share their research findings with non-scientists
through visual storytelling.

4. 'Bridging science and society’ is a hollow phrase without a
concrete outcome.

5. Living a balanced life is more challenging than operating multi-
purpose reservoirs.

6. Hydropower energy is renewable but not sustainable.
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What distinguishes a mathematical model from, say,
a poem, a song, a portrait or any other kind of “model,”
is that the mathematical model is an image or picture of reality
painted with logical symbols instead of with words, sounds or watercolors.
—John L. Casti
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Summary

Reservoirs and dams are key infrastructures in major river basins worldwide. Despite
the global expansion in their construction, reservoirs are controversial regarding their
benefits and negative impacts. Reservoir operation modelling is, therefore, essential
for the efficient planning and management of water resources. However, it has been a
long-standing challenge in hydrological modelling. This PhD thesis contributes to an im-
proved understanding of reservoir operation, its hydrological effects and its modelling
and forecasting. The main aim is to develop, examine and apply reservoir operation
models with available data and modelling techniques to simulate and forecast daily
streamflow. It covers four topics: (i) process-based hydrological modelling with global
datasets, (ii) hydrological effects of reservoir operation, (iii) data-driven modelling for
reservoir operation simulation and (iv) forecasting real-time reservoir operation and
outflow.

In this thesis, we first give an overview of global reservoir development and explain the
principle of multi-purpose reservoir operation, including challenges in theory, in prac-
tice and in modelling (Chapter 1). We focus on the major reservoirs, Sirikit and Bhu-
mibol, in the upper region of the Greater Chao Phraya River (GCPR) basin in Thailand
as a case study (Chapter 2). In order to develop, examine and apply reservoir opera-
tion models for simulating and forecasting daily streamflow, several (in-situ and global)
datasets and (process-based and data-driven) models are used (Chapter 3).

In Chapter 4, we propose a process-based hydrological model, namely the distributed
wflow_sbm model, with global meteorological data and most parameters estimated from
global data sources using (pedo)transfer functions. A target storage-and-release-based
reservoir operation module (ROM) is applied to simulate the Sirikit and Bhumibol reser-
voir operations. The considered global datasets can reasonably compensate for the lack
of in-situ data. The model can simulate daily streamflow for natural catchments (i.e.,
without reservoirs) well, in terms of magnitude, timing and duration. The ROM, how-
ever, can only capture the seasonal variability of reservoir outflow, but cannot simulate
daily outflow very accurately since the actual operation of the two major reservoirs is
too complex to be reconstructed by the module.

In Chapter 5, we unravel the hydrological effects of the Sirikit and Bhumibol reser-
voir operations by examining the water balance, daily streamflow regime and extreme
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flows. The two reservoirs affect the various terms of the water balance, especially for
cumulative daily water balance components during the course of a year. The reservoirs
invert the natural seasonality of the daily streamflow regime, with higher flows in the
dry season and lower flows in the rainy season. They smooth flow variability, with
greater baseflow contribution and lower flashiness. They have mitigated many extreme
flows although the operation has been adjusted in time. Nonetheless, the magnitude
and timing of extreme flows become more variable and difficult to predict when reser-
voir operation is involved. These effects highlight the importance of effective reservoir
operation modelling, including reservoir inflow and outflow forecasting, particularly in
real-time.

In Chapter 6, we present data-driven models, machine learning (ML) in particular, for
simulating the operation and outflow of the Sirikit reservoir, with a focus on gaining
insights into the characteristics and relationships of available reservoir-related data as
input variables. Widely-used ML algorithms in reservoir operation modelling, namely
Multiple Linear Regression, Support Vector Machine, K-Nearest Neighbor, Classifica-
tion and Regression Tree, Random Forest, Multi-Layer Perceptron and Recurrent Neural
Network, are selected for performance comparison. From the 17 input combination sce-
narios taken into account, the most suitable input dataset for the considered ML models
consists of (i) observed reservoir storage from the previous day, (ii) simulated inflow
(by wflow_sbm) from two days ago to two days ahead and (iii) month of the year. All
ML models perform significantly better than the ROM. The Recurrent Neural Network
is found to offer the highest potential for further improvement.

In Chapter 7, we explore the capability of the most promising ML model, the Recur-
rent Neural Network and its advanced algorithms, Long Short-Term Memory and Gated
Recurring Unit, in simulating and forecasting real-time operation and outflow of the
Sirikit reservoir. The wflow_sbm model is used for probabilistic inflow reforecasting.
The ML models are trained and tested with a 10-fold cross-validation. They can recon-
struct the real-time operation of the Sirikit reservoir and provide accurate daily outflow,
especially when training data cover both normal and extreme outflow conditions. They
can reforecast outflow up to two days ahead for low outflows and up to one week for
high outflows, and perform better for high outflows (during the dry season) than for
low outflows (during the wet season). Gated Recurring Unit is found to be the most ac-
curate, robust and convenient model given the current training setup. It is suggested to
further improve the model setup and combine it with data assimilation for applications
in practice.

Chapter 8 synthesizes the findings of the four core chapters from a broader perspective.
The main conclusions are: (i) global data can reinforce hydrological modelling, but
better availability and accessibility of in-situ data are needed for effective reservoir op-
eration modelling and forecasting. (ii) Reservoir operation, its hydrological impacts and
its modelling will continue to be a challenging topic in hydrology. However, advance-
ments in data, modelling techniques and computational technologies provide model
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development and application opportunities. The future development of reservoir oper-
ation modelling lies in the integration of process-based and data-driven models. (iii)
Reservoir construction and operation should be based on experience with previously
built reservoirs, considering the balance of their lifetime benefit and negative impacts.
This thesis is beneficial for sustainable planning and management of reservoir operation
in the upper GCPR basin in light of the 20-year National Water Resource Management
Master Plan for the 2018-2037 period. It is also applicable at the national level and
for neighboring countries in Southeast Asia, which are hot spots for new reservoir con-
struction.






Summary (Dutch)

Reservoirs en stuwdammen zijn belangrijke infrastructuur in stroomgebieden wereld-
wijd. Ondanks de wereldwijde toename zijn reservoirs controversieel vanwege hun
positieve en negatieve effecten. Het modelleren van het beheer van reservoirs is daarom
essentieel voor het efficiént plannen en beheren van het water als hulpbron. Aan de
andere kant is het een lang bestaande uitdaging in het hydrologisch modelleren. Dit
proefschrift draagt bij aan een verbeterd begrip van het beheer van reservoirs, hun
hydrologische effect en het modelleren en voorspellen ervan. Het hoofddoel is het on-
twikkelen, toetsen en toepassen van reservoirbeheermodellen met beschikbare data en
modelleertechnieken voor het simuleren en voorspellen van rivierafvoeren. Het be-
vat vier onderwerpen: (i) proces-gebaseerd hydrologisch modelleren met mondiale
datasets, (ii) de hydrologische effecten van reservoirbeheer, (iii) data-gedreven hydrol-
ogisch modelleren voor het simuleren van reservoirbeheer en (iv) het real-time voor-
spellen van reservoirbeheer en -uitstroom.

In dit proefschrift geven we eerst een overzicht van de ontwikkeling van reservoirs
wereldwijd en leggen we de principes uit van reservoirbeheer voor meerdere doelen,
inclusief uitdagingen in de theorie, in de praktijk en in het modelleren (hoofdstuk 1).
We focussen op de belangrijkste reservoirs, Sirikit en Bhumibol, in het bovenstroomse
deel van de Grote Chao Phraya Rivier (GCPR) in Thailand (hoofdstuk 2). Voor het
ontwikkelen, toetsen en toepassen van reservoirbeheersmodellen voor het simuleren
en voorspellen van rivierafvoeren op dagbasis zijn verschillende (in-situ en mondiale)
datasets en (proces-gebaseerde en data-gedreven) gebruikt (hoofdstuk 3).

In hoofdstuk 4 presenteren we een proces-gebaseerd model, namelijk het gedis-
tribueerde sflow_sbm-model, met wereldwijd beschikbare meteorologische data en
waarbij de meeste parameters zijn geschat met werelddekkende databronnen, gebruik-
makend van (pedo)transferfuncties. Een module met een doelfunctie voor het beheer
van berging en uitstroom van reservoirs (reservoir operation module; ROM) is toegepast
om het operationeel beheer van de reservoirs Sirikit en Bhumibol te simuleren. De ge-
bruikte mondiale datasets kunnen redelijk goed compenseren voor het gebrek aan in-
situ-data. Het model kan afvoer op dagelijkse resolutie goed simuleren voor natuurlijke
stroomgebieden (t.w. zonder reservoirs) qua grootte, timing en duur. De ROM vangt
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daarentegen alleen de seizoensvariatie van de reservoiruitstroom, maar kan de dageli-
jkse uitstroom niet nauwkeurig simuleren doordat het werkelijke beheer van de twee
reservoirs te complex is om te worden gereconstrueerd door de module.

In hoofdstuk 5 pluizen we de effecten van de reservoirs Sirikit en Bhumibol uit door in
detail te kijken naar de waterbalans, het regime van de dagelijkse afvoer en extreme
afvoeren. De twee reservoirs beinvloeden de verschillende termen van de waterbalans,
met name voor de cumulatieve dagelijkse waterbalanscomponenten gedurende het jaar.
De reservoirs keren de natuurlijke seizoensvariatie in dagelijkse afvoer om, met hogere
afvoeren in het droge seizoen en lagere afvoeren in het regenseizoen. Ze dempen de
variatie in afvoer, met een grotere bijdrage van basisafvoer en minder pieken. Ze hebben
veel extreme afvoeren gemitigeerd, hoewel het beheer is aangepast in de loop der tijd.
De grootte en timing van extreme afvoeren is daarentegen meer variabel geworden en
moeilijker te voorspellen wanneer reservoirbeheer een rol speelt. Deze effecten on-
derstrepen het belang van het effectief modelleren van reservoirbeheer, inclusief het
voorspellen van reservoirinstroom en -uitstroom, vooral in real-time.

In hoofdstuk 6 presenteren we data-gedreven modellen, met name machine learning
(ML), voor het simuleren van het beheer en de uitstroom van het Sirikit reservoir,
met een focus op het verwerven van inzichten in de karakteristieken van en relaties
tussen beschikbare reservoir-gerelateerde data als invoervariabelen. We vergeleken de
prestaties van ML-algoritmes die veel gebruikt worden voor reservoirbeheer, namelijk
Multilineaire Regressie, Support Vector Machines, K-Nearest Neighbor, Classificatie en
Regression Tree, Random Forest, Multi-Layer Perceptron en Recurrent Neural Network.
Van de 17 gebruikte invoercombinatiescenario’s bestaat de meest geschikte dataset voor
ML-modellen uit (i) gemeten reservoirberging van de vorige dag, (ii) gesimuleerde
instroom (door wflow_sbm) van twee dagen geleden tot twee dagen vooruit en (iii)
maand van het jaar. Alle ML-modellen presteren significant beter dan de ROM. De
Recurrent Neural Network bleek de grootste potentie te bieden voor verbetering.

In hoofdstuk 7 verkennen we het vermogen van het meest veelbelovende ML-model, de
Recurrent Neural Network, en zijn geavanceerde algortimes Long Short-Term Memory
en Gated Recurring Unit, in het simuleren en voorspellen van real-time beheer en uit-
stroom van het Sirikit reservoir. Het wflow_sbm-model is gebruikt voor probabilistisch
hervoorspellen van de instroom. De ML-modellen zijn getraind en getest met een 10-
voudige kruisvalidatie. Ze kunnen het real-time beheervan het Sirikit reservoir recon-
strueren en leveren nauwkeurige dagelijkse afvoeren, vooral wanneer de trainingsdata
zowel normale als extreme uitstroomcondities bevatten. Ze kunnen de uitstroom her-
voorspellen tot twee dagen vooruit voor lage afvoeren en een week vooruit voor hoge
afvoeren, en presteren beter voor hoge uitstromen (gedurende het droge seizoen) dan
voor lage uitstromen (gedurende het natte seizoen). Gated Recurring Unit bleek het
meest nauwkeurig, robuust en gemakkelijk gegeven de huidige opzet voor de training
van het model. We stellen voor om de modelopzet verder te verbeteren en te com-
bineren met data-assimilatie voor toepassingen in de praktijk.



Hoofdstuk 8 synthetiseert de bevindingen van de vier kernhoofdstukken vanuit een
breder perspectief. De belangrijkste conclusies zijn: (i) mondiale datasets kunnen hy-
drologisch modelleren versterken, maar een betere beschikbaarheid en toegankelijkheid
van in-situ-data is nodig voor effectief modelleren en voorspellen van reservoirbeheer.
(ii) Reservoirbeheer en de hydrologische impacts en modellering ervan zal een uitda-
gend onderwerp in hydrologie blijven. Vooruitgang in data, modelleertechnieken en
computerkracht bieden mogelijkheden voor modelontwikkeling en -toepassing. De
toekomstige ontwikkeling van reservoirbeheersmodellen ligt in het integreren van
proces-gebaseerde en data-gedreven modellen. (iii) Keuzes voor de bouw en het beheer
van reservoirs zouden gebaseerd moeten worden op ervaringen met reeds gebouwde
reservoirs, gegeven de balans van hun baten gedurende de levensduur van de dam
enerzijds en negatieve impacts anderzijds. Dit proefschrift kan bijdragen aan het du-
urzaam plannen en beheren van reservoirs in het bovenstroomse deel van het GCPR
stroomgebied in het zicht van het 20-jaar durende nationale masterplan voor water-
bronnen (National Water Resource Management Master Plan) voor de periode 2018-
2037. Het is ook toepasbaar op nationaal niveau en voor naburige landen in Zuidoost-
Azié, die hotspots zijn voor de bouw van nieuwe reservoirs.
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General introduction



2 1. General introduction

1.1 Anthropogenic rivers

1.1.1 Most of the world’s rivers are no longer flowing naturally

Rivers are the vital bloodstreams of the Earth that support environmental health, eco-
nomic wealth and human welfare. Big rivers and their basins around the globe are
the cradle of human culture and civilization (Bianchi, 2016) and are home to diverse
ecosystems and biodiversity (Abell et al., 2017). Since the ancestral settlement of hu-
mankind some 10,000 years ago, rivers have continuously provided essential resources
for human well-being and society, including domestic water supply, agriculture and food
production, transportation and, more recently, industrial production and hydropower
generation (Ripl, 2003; Vuorinen et al., 2007). As these societal functions require the
right amount of water with the right quality in the right places at the right times, river
flows have long been controlled and regulated by humans in efforts to maximize water
resource utilization.

To control and regulate river flows for water diversion, extraction and collection, hu-
mans have altered the natural dynamics and connectivity of rivers in four dimensions:
longitudinally (upstream and downstream of the river channel), laterally (from the river
to the floodplain), vertically (between the river and groundwater) and temporally (flow
seasonality) (Ward, 1989). Most rivers have been altered directly by placing hydraulic
structures, such as dams, barrages, weirs, sluice gates, levees, dikes and groynes, and
by taking hydraulic measures, such as channelization and dredging (Ylla Arbds et al.,
2021). Other rivers have been altered indirectly by modifying the hydrological, thermal
and sediment regimes (Nilsson & Berggren, 2000).

Since the beginning of the 20" century, rapid global population growth, economic de-
velopment and climate change have generated rising demands for water, food, energy,
the industry as well as water-related disaster management. These demands increase
stresses on rivers and their limited water resources, calling for even more river alter-
ation to sustain river services globally (De Stefano et al., 2017). Subsequently, at least
two-thirds of the world’s rivers longer than 1000 km (representing 41% of the world’s
rivers’ discharge volume) are no longer flowing naturally and more than 500,000 km of
the world’s rivers are actively regulated (Figure 1.1; Revenga et al., 2000; Grill et al.,
2015, 2019).

1.1.2 There is a global expansion in reservoirs and damming

Amongst several engineering solutions, the construction of reservoirs and dams, and
their flow regulations, have been the main contributors to major river alteration world-
wide (Grill et al., 2019). It is believed that the first dam was built in Mesopotamia
(Jain & Singh, 2003). Since then, several types of reservoirs and dams have been de-
signed and increasingly applied for several purposes. Nowadays, dammed reservoirs,
referred to as reservoirs in this PhD thesis, play a key role in the planning, management
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Figure 1.1: Map of the world’s river connectivity: free-flowing and non-free-flowing. Free-
flowing rivers are indicated with the entire lengths (shown in blue shades). Non-free-flowing
rivers are divided into stretches according to the connectivity status index (CSI): stretches
with CSI above the threshold (green) and below the threshold (red) (Grill et al., 2019).

and control of water resources from the local to regional scale. The main purpose of
most reservoirs is serving irrigation (48%), followed by generating hydropower (20%),
securing domestic and industrial water supply (15%), mitigating floods (8%), and aid-
ing inland navigation, aquaculture, recreation and environmental considerations (9%)
(Altinbilek, 2002).

Rapid population growth and economic development since the beginning of the 20"
century have led to the global expansion in reservoir construction. The global irrigated
agricultural area increased by 385% from 1900 to 2010 (Siebert et al., 2013), and the
global electricity generation increased by 72% from 2000 to 2015 (Hennig & Magee,
2017). To accommodate these rising demands, the construction of reservoirs was inten-
sified. It started in developed countries and was soon followed by developing countries
(Hogeboom et al., 2018). As of 2011, around 2.8 million reservoirs (with reservoir ar-
eas > 0.001 km?) had been built, giving a total storage volume of over 8,000 km? and
a combined area of over 305,700 km? (Lehner et al., 2011). From this total number,
37,600 reservoirs are considered major (with dams higher than 15 m), of which over
8,600 are primarily designed for hydropower generation (Zarfl et al., 2015). In 2014,
only 22% of the world’s technically feasible hydropower was harnessed (Zarfl et al.,
2015). The World Commission on Dams (2000) estimated that toward the end of the
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Figure 1.2: Map of the world’s major reservoirs with the main purpose of hydropower gen-
eration that were either under construction (17%; blue dots) or planned (83%; red dots) in
2014 (Zarfl et al., 2015).

20" century, major reservoirs contributed directly to 16% of the global food production
and 19% of the global electricity generation. The annual use of the world’s reservoirs
for all purposes is valued at USD 265 billion per year (Hogeboom et al., 2018).

As the world’s development rapidly continues, recent projections suggest that the global
crop production will be more than double the current value by 2100 (Beltran-Pefa et al.,
2020) and the global electricity is expected to rise by an additional 56% by 2040 (Zarfl
et al., 2015). With the urgent need to meet these ongoing demands, a resurgence in
the plans for and construction of new reservoirs has been witnessed in the past decade
(Best, 2019). In 2014, at least 3,700 new major reservoirs were officially being planned
(83%) or under construction (17%) (Zarfl et al., 2015). The expansion in reservoir
construction mainly takes place in tropical and subtropical countries with emerging
economies, including Southeast Asia, South America and Africa (Figure 1.2; Zarfl et al.,
2015; International Hydropower Association, 2022). Very large reservoirs will primar-
ily be located in Asia and South America (Zarfl et al., 2015). Within the next decades,
these new reservoirs are expected to foster the expanding irrigated agricultural areas
and increase the desired hydropower supply worldwide by 73%, accounting for 39% of
the technically feasible hydropower (Zarfl et al., 2015). Considering their remaining
potential, reservoirs have been—-and continue to be-a crucial measure to cope with the
world’s increasing water demand resulting from population growth, economic develop-
ment and the urge for renewable energy in response to climate change.
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1.1.3 Controversial impacts of reservoirs call for local-scale research

Although reservoirs are undoubtedly a necessity in water resources management and
the world’s development, they have become more controversial due to their negative
impacts. Most major reservoirs are located in the world’s big rivers (Figure 1.1), dis-
turbing the rivers’ natural dynamic and connectivity, as previously explained. New ma-
jor reservoirs, which are being planned or under construction in 25 of the 120 major
free-flowing rivers (Figure 1.2), will further decrease the number of remaining free-
flowing rivers by 21% (Nilsson et al., 2005; Zarfl et al., 2015). When rivers cease to
be free-flowing and become highly regulated, their hydrological characteristics change,
which consequently poses considerable risks to the environment and society (Baxter,
1977; Wang et al., 2012).

Since reservoirs impound, divert and control river flows, they are bound to alter the
hydrological cycle, water balance and flow variability (Lehner et al., 2011). Although
most reservoirs present the same objective of flow regulation to eliminate peak flows
and stabilize low flows, their impacts on the hydrological characteristics vary in terms of
flow rate, magnitude, duration, timing and frequency, depending on the reservoir pur-
poses, operation scheme, location and hydrological and climatic conditions. In addition,
while reservoirs are known to avert excessive downstream floods and droughts, recent
research shows that some reservoirs may reduce the flood buffering capacity or increase
water shortages due to conflicts and mismanagement of reservoir water (Ogilvie et al.,
2019). Apart from mismanagement, some reservoirs induce downstream riverbank ero-
sion, causing more severe flood peaks (Mei et al., 2018). In many cases, over-reliance
on reservoirs also reduces communities’ incentive for adaptive actions, increasing their
vulnerability and potential damages caused by socioeconomic droughts (Di Baldassarre
et al., 2018).

Several impacts of reservoirs on the environment and society are well-known. These
include, for example, habitat changes and extinctions of species for riverine and ter-
restrial ecosystems (Bunn & Arthington, 2002; Benchimol & Peres, 2015), downstream
sediment and nutrient starvation (Vérosmarty et al., 2003), downstream changes in
water and food security (Veldkamp et al., 2017) and resettling of human populations
(Scudder, 2012). Some other impacts are more indirect, for example, the release of
greenhouse gases from decaying vegetation (Résinen et al., 2018), the blue water foot-
print from additional water loss through evaporation (Hogeboom et al., 2018) and the
increasing incidence of communicable diseases (Scudder, 2012). Like the hydrological
impacts, the environmental and societal impacts are also different per reservoir and
river basin.

While the massive plans and construction of reservoirs significantly affect rivers, the
environment and society, the projected climate change is also expected to alter the
precipitation and temperature, and thus the water availability and distribution (Lauri
et al., 2012). To sustain the world’s development against climate change, there is an
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urgent yet challenging need to comprehensively understand reservoirs, their operation
and their effects in order to assist the sustainable planning and management of water
resources. Hence, as the vigorous debate on reservoir construction continues, research
focused on their impacts on hydrological regimes (and thus on environment and society)
and their operation modelling, particularly in real-time, remains indispensable.

Previous studies have investigated the quantitative and qualitative impacts of reservoirs
from the local scale (e.g., Camargo & de Jalon, 1990; Wu et al., 2018) to the regional
scale (e.g., Li et al., 2012; Hecht et al., 2019; Yun et al., 2020) and the global scale
(e.g., Chao et al., 2008; Doll et al., 2009). The regional- and global-scale studies have
provided a comprehensive overview of reservoir impacts that are valuable and should
be considered for new reservoir construction. However, as previously emphasized, each
reservoir is unique and is managed and controlled independently to some extent. There-
fore, its hydrological, environmental and societal impacts should also be evaluated and
understood locally. This calls for more research at the reservoir scale, the multi-reservoir
system scale and the basin scale.

1.2 Reservoir operation

1.2.1 In theory: balance, zones and rule curves

Reservoirs are used for two main tasks: storing and releasing water with the right
amount and at the right time. The regulation and control of reservoir storage and re-
lease are called reservoir operation. Before diving into the theoretical concept of reser-
voir operation, it is important to note that there are different classes of reservoirs, which
are thus operated under different operation schemes. Reservoirs can be categorized
based on various characteristics. In general, they are categorized based on purpose:
single-purpose reservoirs, which are usually small, and multi-purpose reservoirs, which
are usually large and account for around 30% of the total number of reservoirs (Altin-
bilek, 2002). Other classifications include size (minor, medium and major), and storage
(over-year and seasonal) (Jain & Singh, 2003). This thesis focuses on major (dams
higher than 15 m), multi-purpose and over-year storage (designed to serve for the en-
tire year and, in some cases, more than a year) reservoirs, as they have a large impact
on the economy, society and environment. Therefore, the following detail on reservoir
operation is mainly specified for this class of reservoirs.

A major multi-purpose reservoir normally contains four main structural features: reser-
voir, dam, outlet and spillway (Figure 1.3; Jain & Singh, 2003). The outlet, located
almost at the bottom of the dam, is used to release water on a routine basis for irriga-
tion, hydropower generation, water supply and downstream environmental flow. The
spillway, located almost at the top of the dam and either gated or ungated, is used to
spill any excess water, mostly occurring during high inflow and flood periods. Based
on these releasing structures and their releasing magnitudes, the operation of a ma-



1.2 Reservoir operation 7

Natural River
Top of Dam
Freeboard

Maximum Pool Level

Normal Pool Level

Gated Spillway

Minimum Pool Level <— Outlet

Dead Storage

Figure 1.3: Schematic diagram of a reservoir, including the main structural features and the
reservoir storage zones (Rittima, 2018).

jor multi-purpose reservoir is designed with respect to three approaches: the reservoir
water balance, reservoir storage zoning and reservoir operating rule curves.

Reservoir water balance

In the same manner as the water balance in any water system, the reservoir water
balance is the mass balance or continuity equation. It states that the sum of fluxes into
and out of the reservoir and the change in water storage is equal to zero over a given
period. According to Jain & Singh (2003), the complete reservoir water balance can be
expressed as

Is+Ig+P—-E—-Q—-L—-AS+5=0, (1.1)

where Ig is the surface water inflow into the reservoir, I is the groundwater inflow, P
is the precipitation over the reservoir surface, F is the evaporation over the reservoir
surface, Q) is the reservoir outflow, L is the storage loss (such as groundwater seepage
and dam leakage), AS is the change in reservoir storage during the given period and
0 is the error term. All components in the equation are expressed either in volume or
depth units.

In reservoir operation, it is, therefore, necessary to be acquainted with the net inflow
and net outflow to determine the storage change. It is also important to keep track of
the actual reservoir storage capacity and its change over time, which could be caused
by sediment trapping or sediment flushing.

Reservoir storage zoning

When a reservoir is designed to serve multiple purposes with the over-year storage
scheme, it is difficult to define a simple operating policy. Dividing the reservoir stor-
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age capacity into gzones provides a means to address and determine water availability
and allocation for different purposes (Beard, 1967). Therefore, on top of the reservoir
water balance, a reservoir is usually operated upon the principle of storage zoning. In
most cases, the reservoir storage is divided into four zones from the bottom to the top:
inactive storage, conservation storage, flood control storage and surcharge storage (Fig-
ure 1.3; Jain & Singh, 2003). The inactive storage zone, so-called dead storage, stores
upstream sediment and provides minimum needs for the reservoir ecosystem. The con-
servation storage zone supports various requirements on a routine basis through the
reservoir outlet, including irrigation, hydropower generation, water supply and down-
stream environmental flow. This zone, therefore, generally accounts for most of the
reservoir storage capacity. The flood control storage zone is used to prevent and control
downstream floods by storing excess water to attenuate flood peaks. After the flood has
passed, water stored in this zone is gradually emptied through the spillway to prepare
for subsequent flood events. The surcharge storage zone is used during extreme floods.
The storage level in this zone is dangerously high and only used in cases of emergency.
After a threatening flood peak has been mitigated, the surcharge storage is spilled as
soon as possible to prevent dam failure. Some reservoirs also identify a buffer storage
zone between the inactive and conservation storage zones, which becomes operational
for sustaining water to meet essential needs under extreme drought situations.

Computing and zoning reservoir storage capacity is imperative and individually at-
tributed to each reservoir. The focus is typically on the conservation storage zone as
its volume varies the most (Rippl, 1883). The reservoir storage zoning involves com-
plicated procedures, which are beyond the scope of this thesis, and thus the detail is
omitted here. For a major, multi-purpose and over-year storage reservoir, the boundary
between the conservation storage and flood control storage zones usually changes dur-
ing the course of a year to maximize the useful water storage capacity and its usage. For
example, a larger conservation storage and a smaller flood control storage are needed
in seasons that are likely to encounter low inflow. This more advanced aspect of the
reservoir operation is further explained in the following section.

Reservoir operating rule curves

Operational policies with the zone-based operation approach are usually implemented
based on dynamic rules established for the storage zones (Sigvaldson, 1976). The oper-
ating rules consist of release rules that are applicable for each storage zone and overall
storage rules. In general, these rules vary on a long-term monthly basis, depending
on the seasonality of inflow and the variability of water demands. The rules represent
the monthly optimum, maximum and minimum values for the storage and/or release.
These target monthly values throughout the year are known as the operating rule curves
(see Figure 1.4). In most cases, the release rule curves represent high releases in the dry
season (to support irrigated agriculture and domestic and industrial water demands)
and low releases in the wet season (to sustain hydropower generation while preventing
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Figure 1.4: Example of variation of reservoir storage zoning and operating rule curves that
are set on a monthly basis. The rule curves include the upper (maximum) rule curve (URC)
and the lower (minimum) rule curve (LRC), which remain within the minimum pool level
(MPL) and the normal pool level (NPL) of the conservation storage zone (Rittima, 2018).

or moderating downstream floods). The storage rule curves aim to remain below the
maximum storage level in the wet season and above the minimum storage level in the
dry season. Therefore, the storage is aimed to reach a higher level with a larger flood
control storage zone in the wet season (to fill the reservoir and store excess water)
than in the dry season. The operating rule curves are strongly tailored to individual
reservoirs and their purposes.

The inclusion of operating rule curves permits operational flexibility at certain times
of the year to satisfy different purposes. Therefore, optimizing and updating the rule
curves are crucial tasks to maintain high reservoir system performance. The rule curves
are traditionally derived through intensive simulation techniques. A detailed descrip-
tion of rule curve optimization is not included here since this thesis does not intend to
modify existing operating rule curves.

1.2.2 In practice: real-time decisions

Based on the theoretical concept, the ideal reservoir operation is releasing water to sat-
isfy multiple purposes, while maintaining the reservoir storage as close as possible to
the target levels assigned by the predefined operating rule curves and storage zoning.
This ‘storing and releasing water with the right amount and at the right time’ concept
is, however, easier said than done. In practice, a reservoir is operated on a daily or
hourly basis, so-called real-time reservoir operation. In real-time, reservoir operation is
continuously affected by variable and uncertain reservoir inflows and water and/or en-



10 1. General introduction

ergy demands from various stakeholders. As a consequence, the zone-based operation
approach with the operating rule curves alone tends to be inadequate, especially during
extreme or urgent situations (Oliveira & Loucks, 1997). Therefore, the operating rule
curves are commonly used as guidelines by reservoir operators. When either the tar-
get release or the target storage is not satisfied, the reservoir operators make decisions
that deviate from the predefined rule curves, considering all relevant factors, including
available real-time and forecast data, and their knowledge and historical experience
(Sigvaldson, 1976). This procedure is so-called real-time decision-making, which plays
an essential role in real-time reservoir operation, especially for a major, multi-purpose
and over-year storage reservoir.

Adapting from Lund & Guzman (1999), Jain & Singh (2003) and Yang et al. (2019),
the real-time reservoir operation function can be simplified to

Q=fW.ZRD,J), (1.2)

where Q is the reservoir outflow, f represents the real-time reservoir operation function,
W represents the reservoir water balance (Equation (1.1)), Z represents the reservoir
storage zoning, R represents the reservoir operating rule curves commonly used as
guidelines, D is the total downstream water demand based on the different purposes
and circumstances (which include the requirements of irrigation, hydropower genera-
tion, flood and drought control, water supply and environmental flow), and J accounts
for the operators’ judgments and decisions made in real-time.

1.2.3 In modelling: model capability and data availability

Since reservoirs alter the natural hydrological cycle, water balance and flow variability,
the representation of reservoir operation in hydrological modelling and land-surface
modelling frameworks is necessary for studying and managing reservoir-dominated
river basins. Two types of reservoir operation models exist: (i) simulation-based mod-
els, which simulate the historical storage and release and (ii) optimization-based mod-
els, which aim to find the optimal releases to comply with competing water demands
(Coerver et al., 2018). An adequate representation of actual reservoir operation mech-
anisms in both model types is an outstanding challenge and the current capability of
hydrological models is rather limited, especially for real-time operation modelling.

Reservoir operation modelling has been progressing from local to global scales over the
past decades (e.g., Pokhrel et al., 2016; Wada et al., 2017). Existing methods in both
simulation-based and optimization-based reservoir operation models can be categorized
into two groups based on their structure: (i) process-based models and (ii) data-driven
models. Process-based models can be further classified based on their method and com-
plexity in representing the reservoir operation: (i) natural lake methods, (ii) inflow- and
demand-based methods and (iii) target storage-and-release-based methods. A compre-
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hensive overview of the development in reservoir operation modelling from the prim-
itive methods in the 20" century to the more advanced methods available nowadays
can be found in Yassin et al. (2019). The main challenges in the integration of reservoir
operation in modelling systems are (i) the requirement of a large amount of detailed
reservoir-related data, which are often not available, and (ii) the complex model capa-
bility and high computational demands for the inclusion of real-time decision-making
into the models.

1.3 Hydrological models with reservoir operation

This thesis concentrates on simulation-based reservoir operation modelling, including
(i) process-based modelling with target storage-and-release-based methods and (ii)
data-driven modelling, which can represent the reservoir operation for major, multi-
purpose and over-year storage reservoirs. It focuses on modelling near real-time (daily)
reservoir operation, which is important for reservoir operation in practice, especially for
flood and drought control. Optimization-based reservoir operation models are beyond
the scope of this thesis, and therefore, they are not elaborated on here.

1.3.1 Process-based models
In general

Process-based hydrological models have been widely used in hydrological modelling,
both in research and in practice. Their major strong point is the transparent representa-
tion and parameterization of hydrological processes that are interpretable and straight-
forward in terms of mathematical descriptions. Therefore, they are easy to understand
and apply. It has been claimed regularly over the past decades that the development of
process-based models is hindered by limitations in data availability and model complex-
ity and flexibility (Klemes, 1986; Beven, 2000; Kirchner, 2006; McDonnell et al., 2007;
Wagener et al., 2007). Nearing et al. (2021) recently pointed out that process-based
models with a more realistic hydrological process representation could have been ob-
tained from currently available data, but hydrologists have not yet figured out how to do
so. They claimed that the main issue is not in data availability nor model limits, but in
the human ability to attain more complete hydrological theories and subsequently build
more accurate models. Therefore, the pressing question for hydrologists is: how can
process-based models be improved by utilizing data that are currently available?

In parallel with the concept of model complexity and flexibility, it has been claimed that
calibrating several model parameters often leads to overparameterization and equinal-
ity (Schoups et al., 2008). Calibrated process-based models often perform well for a
certain area at a specific spatial and temporal resolution, but perform poorly elsewhere.
This concept suggests that process-based models should rely on physical laws governing
the hydrological processes as much as possible, so that models perform more robustly
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and reliably when conditions change (Kirchner, 2006). It is hypothesized that when a
process-based model is minimally calibrated, it becomes more obvious where significant
errors and uncertainties originate. With such realizations, one can tackle the remaining
errors and uncertainties at their origin and accordingly improve the model’s realism.
However, it should be noted that this strategy is not straightforward. As Beven (2000)
claimed, the uniqueness of basins results in varying importance of different hydrological
processes at different places and times, and thus increased physical model realism re-
quires both more data and more parameters. The challenge, therefore, lies in balancing
the need for more model parameters (and thus model complexity and flexibility) and
less calibration.

For reservoir operation modelling

Process-based hydrological models with target storage-and-release-based reservoir op-
eration methods attempt to mimic the reservoir water balance, reservoir storage zoning
and reservoir operating rule curves (Yates et al., 2005). This type of method seems to
originate from the Soil & Water Assessment Tool (SWAT), where a reservoir operation
module was added to the model, with four storage zones indicated, namely sediment,
principal supply, flood control and emergency flood control. Each zone is identified
either manually by users or as a function of soil wetness (Arnold et al., 1998; Neitsch
et al., 2005). This module was later modified with the adjusted reservoir storage zoning
and the addition of a reservoir-release simulation strategy with a decision-based param-
eterization (Wu & Chen, 2012). This modification aimed to better fit both the storage
and release functions of multi-purpose reservoirs.

Afterward, process-based reservoir operation modules have been added to several
other hydrological models and land-surface models. In the Distributed Hydrology
Soil-Vegetation Model (DHSVM), predefined complex operating rules have been imple-
mented, which divide the reservoir storage into inactive, conservation and flood control
zones (Zhao et al., 2016b). DHSVM determines reservoir release from the conserva-
tion zone using water demands for multiple purposes, while the release from the flood
storage zone is determined as a function of inflow (flood inflow or non-flood inflow)
and downstream flow. It also provides the possibility for a multi-reservoir operation
system. A similar approach has been developed within the LISFLOOD model, where
the reservoir storage is divided into conservative, normal and flood zones, and the re-
lease is defined according to these zones using multiple linear regression (Zajac et al.,
2017). The capability of LISFLOOD in capturing impacts of lakes and reservoirs at the
global scale was found to be improved using a parameterization that depends on natu-
ralized inflow and maximum storage. Further progress was conducted with the Environ-
ment and Climate Change Canada’s land-surface-hydrology (MESH) modelling system,
where a parametric reservoir operation module based on piecewise-linear relationships
between reservoir storage, inflow and release has been included (Yassin et al., 2019).
The reservoir-related model parameters in MESH can be defined with two strategies:
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(i) generalized parameterization that requires a relatively limited amount of data and
(ii) direct calibration using multi-objective optimization when historical storage and
release data are available. This addition increased the simulation accuracy of MESH
in many reservoirs. Several other process-based reservoir operation models have been
continuously proposed and improved. More examples of well-known simulation-based
reservoir operation models are the CalSim model (Draper et al., 2004), WEAP21 (Yates
et al., 2005) and HEC-ResSim (Klipsch & Evans, 2006).

Overall, the primary advantages of process-based models in reservoir operation mod-
elling are that they allow approximation of reservoir-storage-and-release policies, have
the potential of utilizing detailed reservoir-related data if available and provide trans-
parent representations and interpretable calculations of reservoir operation. Therefore,
they are easily understood, trusted and applied by reservoir operators and water man-
agers in practice (Lund & Guzman, 1999; Yang et al., 2016). Their performance, how-
ever, is restricted to the limitations in data availability and model complexity, which
pose a challenge when modelling reservoir operation in real-time.

1.3.2 Data-driven models
In general

The developments in data sciences and computer technologies have led to the acceler-
ating application of advanced data-driven models in hydrological modelling. Machine
learning (ML), in particular, is complementing traditional knowledge, theories and mod-
els that hydrologists have been using as research foundations. The fact that ML models
can estimate streamflow (and many other hydrological variables) based on the same
amount of data, which is claimed to be the main limitation of process-based models,
has raised suspicions about our understanding of hydrological processes and our ability
to interpret them (Nearing et al., 2021). Currently, questions regarding ML modelling
in hydrology range from (i) whether ML models can outperform process-based models
to (ii) why they perform better, (iii) how we can maximize the capability of ML models
and (iv) if they can ever match or replace the need for process-based models.

While the performance of process-based models tends to deteriorate when transferring
to other basins or using regional calibration, recent studies suggested that advanced ML
models, especially neural networks, can learn and translate relationships of hydrological
variability from a large data sample into a better estimate for any basin (Nearing et al.,
2021). They also found that advanced ML models can estimate streamflow in ungauged
basins based on data of other basins (Kratzert et al., 2019a) and work better when they
are trained on multiple basins than when trained on an individual basin (Gauch et al.,
2021). These recent findings suggested the existence of inter-basin characteristics and
consistency, which are somewhat opposed to Beven’s theory on basin uniqueness (as
stated in Section 1.3.1). Moreover, Nearing et al. (2021) oppose the long-established
concept of a minimized number of parameters and calibration. They argued that ML
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models generally have several hyper-parameters and more degrees of freedom than
calibrated process-based models, which are exactly what allows ML models to learn
the transferable and scalable hydrological relationships. This, again, links back to the
unfortunate fact that the bigger modelling problem beyond the basin uniqueness, lack
of data and overparameterization is the limited human ability to learn and interpret
very complex and high-dimensional hydrological relationships like ML models do.

For reservoir operation modelling

Data-driven models have been increasingly applied in both simulation-based and
optimization-based modelling of reservoir operation. Originally, data-driven schemes
were proposed to assist simulations of reservoir operation in process-based models,
such as by empirically determining parametric relationships using observed data (Wisser
et al., 2010; Wu & Chen, 2012). ML algorithms, in particular, have gained more atten-
tion in the past decade due to their potential to learn and reconstruct the complex
processes of reservoir operation.

Unlike process-based models, ML models are black-box by nature, which means they
are not straightforwardly interpretable in the form of explicit processes and equations.
The lack of interpretability of ML models can make it difficult for reservoir operators to
understand the operation processes, which undermines trust in using these models in
practice. However, ML models tend to fit complex and high-dimensional relationships
better than process-based models based on the same data limitation. Therefore, they
are better able to extract the actual operating rules from available historical data of
reservoir storage, inflow and outflow, which is very beneficial, especially for real-time
applications. Several well-known classes of ML algorithms have been widely applied in
simulation-based reservoir operation modelling, including instance-based learning, de-
cision tree, ensemble learning and neural network algorithms (more details in Chapter
3; Section 3.4). Since each ML algorithm comes with different benefits and drawbacks
(e.g., in computation time and ability to handle data with noise), the suitability of algo-
rithms based on the study aims, available data and computational support should also
be taken into account when selecting an appropriate algorithm.

1.4 Research framework

1.4.1 Background

As noted before, the expansion of reservoir construction mainly takes place in countries
with emerging economies, including in Southeast Asia (SEA). There is a vigorous de-
bate on reservoir existence and operation, leading to an urgent need for more research
focusing on their hydrological impacts (and thus environmental and societal impacts).
This requires operation modelling, particularly in real-time, at the reservoir scale and
the basin scale. Also, there are several challenges in representing reservoir operation
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in hydrological modelling systems due to current limitations in model capability and
data availability. These challenges hold particularly for real-time operation of major,
multi-purpose and over-year storage reservoirs.

Hydrologists still have a long way to go in order to achieve appropriate reservoir oper-
ation modelling, and thus the desired model fidelity, especially for real-time modelling
and applications. As indicated by Nazemi & Wheater (2015a,b), better integration of
reservoir operation requires available models and in-situ data in conjunction with ad-
vancements in global data, remote sensing and computation and modelling techniques.
These requirements contribute to a more realistic representation and parameterization
of reservoir operational processes and to improved model performance for estimating
reservoir outflow. However, the pressing question is: is it possible to attain a real-time
reservoir operation model that sufficiently represents operation with explicit processes
and equations and also accurately calculates reservoir outflow? And perhaps equally
important: is it necessary to accomplish such a model?

1.4.2 Objectives and research questions

The main goal of this PhD thesis is to improve understanding of reservoir operation,
its hydrological effects and its modelling. The title of this thesis, Modelling and fore-
casting daily streamflow with reservoir operation in the upper Chao Phraya River basin,
Thailand, reflects the research scope. It focuses on the daily (near real-time) streamflow
simulation and forecasting of major, multi-purpose and over-year storage reservoirs. In
an attempt to overcome the modelling challenges previously mentioned, it contains the
development, examination and application of reservoir operation models on the basis
of maximizing the use of available data (from in-situ to global) and available mod-
elling techniques (process-based and data-driven). The upper region of the Greater
Chao Phraya River (GCPR) basin with its two major reservoirs, Sirikit and Bhumibol,
represents the SEA region, which is experiencing an expansion of reservoir construction
and is vulnerable to climate change. To achieve the main goal, the following research
objectives and questions were formulated:

Research objective 1: To gain insight into the physical representation and parameteriza-
tion of hydrological processes with reservoir operation in a process-based model (Chap-
ter 4).

* To what extent can a process-based model that is minimally calibrated with maximum
utilization of globally available data represent hydrological processes and simulate
daily streamflow in natural catchments (i.e., without reservoirs)?

* To what extent can such a model represent hydrological processes with reservoir op-
eration and simulate daily streamflow in reservoir-dominated catchments?

Research objective 2: To gain insight into hydrological effects of reservoir operation
(Chapter 5).
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* How does reservoir operation affect the water balance and daily streamflow regime?

* What are the roles of reservoir operation in mitigating or amplifying extreme flow
events?

Research objective 3: To gain insight into the capability of data-driven models in recon-
structing actual reservoir operation and outflow (Chapter 6).

* Which data-driven models can be used to simulate daily reservoir operation and out-
flow?

* Which reservoir-related data variables can serve as input for such data-driven mod-
els?

Research objective 4: To improve multi-day forecasting of daily reservoir operation and
outflow by combining a process-based model and data-driven models (Chapter 7).

* How well can a process-based model forecast daily reservoir inflow?

* How well can data-driven models forecast daily reservoir operation and outflow sev-
eral days ahead using the modelled inflows as one of the inputs?

The connection between the research topics is illustrated within the research frame-
work in Figure 1.5. It should be noted that the scope of the thesis covers hydrological
modelling of individual reservoirs at the basin scale. The importance of multi-reservoir
systems, which have become an increasing concern for the planning and management
of both existing and planned reservoirs, is acknowledged here. However, their investi-
gation requires a different research scheme that is not within the scope of this thesis.
It should also be noted that this thesis focuses on simulation-based reservoir operation
modelling, which simulates and forecasts outflow. Optimization-based reservoir oper-
ation modelling, which calculates optimal outflow for decision-making, is beyond the
scope of this thesis. Ultimately, this thesis aims to contribute to a better understanding
of reservoir operation modelling, forecasting and in the end operation in practice.

1.4.3 Thesis outline

This thesis is organized as followed. After this introductory chapter, the reader is in-
troduced to the study area, the upper GCPR basin, and its reservoirs in Chapter 2. It
gives an overview of the basin characteristics, climatology, hydrology, reservoirs and
study catchments, water management with flood and drought history, socio-economics
and the importance of the case study. Chapter 3 describes the (in-situ and global) data,
(process-based and data-driven) models and goodness-of-fit criteria (for model simula-
tion and reforecasting) that were used to conduct the studies presented in this thesis,
according to the research framework shown in Figure 1.5. Chapters 4-7 constitute the
core chapters of this thesis, which are linked to the four research objectives. Chapter 4
(research objective 1) presents a (~1 km) distributed hydrological model, wflow_sbm,
with a target storage-and-release-based reservoir operation module (ROM). The model



1.4 Research framework

17

Data Models Model setup Model application
Process-based Global Quantifying
Global model parameterization hydrological
"""""" istri & reservoir ’ effects of
datasets Fully-distributed
model operation module reservoir operation
o : (Objective 1; (Objective 2;
In-situ = Chapter 4) Chapter 5)
observations ..,
. a
Data-driven (3) Comparison & (4) Reforecasting
models selection of input real-time reservoir
Machine learning variables operation and
models & algorithms daily outflow
(Objective 3; (Objective 4,
Chapter 6) Chapter 7)

Figure 1.5: Research framework of this thesis, including data, models, model setups and
model applications. The four core chapters of this thesis, which represent research objectives
1-4, are linked to model setups (Chapters 4 and 6) and applications (Chapters 5 and 7).

was set up with global spatial datasets and parameterization for estimating daily stream-
flow in four study catchments that are either natural or regulated by reservoir operation
in the upper GCPR basin. Chapter 5 (research objective 2) assesses how reservoir oper-
ation affects the water balance, daily streamflow regime and extreme flows in the study
basin. The hydrological effects were assessed by comparing streamflow in the natural-
ized scenario (without reservoir), in the baseline operation scenario (with the ROM)
and the real-time operation scenario (observations). Chapter 6 (research objective 3)
investigates the characteristics and relationships of the available reservoir-related data
and their roles as inputs for machine learning models to simulate daily reservoir oper-
ation and outflow in the study basin. Chapter 7 (research objective 4) investigates the
capabilities of three advanced machine learning models in simulating and reforecast-
ing daily reservoir operation and outflow, considering uncertainties in the input data,
training-testing periods and different algorithms. Lastly, a synthesis of the research re-
ported in this thesis is presented in Chapter 8, including the main findings to meet the
research objectives and answer the research questions, implications and recommenda-
tions for future research and operational purposes.
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This chapter introduces the study area and its reservoirs that were used to conduct the
studies presented in this thesis. The overview of the basin characteristics, its climatology
and hydrology, reservoirs and dams, water management with flood and drought history,
socio-economics and the importance of the case study are described.

2.1 Physical characteristics

The Greater Chao Phraya River basin (GCPR), located in the heart of Thailand, is the
country’s largest and most important basin with respect to land and water resource de-
velopment (see Figure 2.1). The entire basin covers an area of 158,600 km?, accounting
for 30% of the country’s surface area. At Nakhon Sawan, the basin can be divided into
two separate regions based on its distinct geography: the upper region (66%), which
ranges from the elevated northern area to the large valley, and the lower region (34%),
which is the low alluvial plain and delta. Around and downstream of Nakhon Sawan are
widespread floodplain areas, with a longitudinal gradient of approximately 1/12,000.
The slope in the lower region is even more gentle, with a gradient of 1/50,000 (Sayama
et al., 2015).

The upper GCPR region, which is the focus area in this thesis, consists of four sub-
basins, namely the Ping River (34,500 km?), Wang River (10,800 km?), Yom River
(24,000 km?) and Nan River (34,700 km?). The Wang River joins the Ping River and
the Yom River joins the Nan River (see Figure 2.1). In Nakhon Sawan valley, the Ping
and Nan Rivers merge and form the Chao Phraya River, marking the beginning of the
lower region. The elevation of the upper region ranges from 2,534 to 22 m above sea
level (see Figure 2.2). It is mostly covered by forest and grassland, which have been
gradually converted into agricultural areas, primarily rice fields, in the past decades
(Jamrussri & Toda, 2017).

The lower GCPR region also consists of four sub-basins, namely the Chao Phraya River
(20,500 km?), Pa Sak River (14,300 km?), Sakae Krang River (5,000 km?) and Tha Chin
River (10,900 km?) (see Figure 2.1). The Pa Sak and Sakae Krang Rivers contribute to
the Chao Phraya River, while the Tha Chin River branches off from the main river. Both
the Chao Phraya and Tha Chin Rivers then drain through the central floodplains, with
intensive agricultural areas, such as rice, sugarcane and corn (Ligaray et al., 2015).
The Chao Phraya, in particular, flows through industrial and densely populated areas,
including the capital city, Bangkok. The two rivers empty into the Gulf of Thailand.

2.2 Climatology and hydrology

The climate of the GCPR basin is characterized by tropical monsoons and cyclones,
contributing to the high seasonal variability of precipitation. A year is distinctly divided
into the wet (rainy) and dry seasons. The wet season is when the southwest monsoons
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Figure 2.1: Overview of the GCPR basin. The top left panel shows the location of Thailand in
Southeast Asia. The bottom left panel shows the location of the GCPR basin in Thailand, with
the division into the upper and lower region. The right panel shows the GCPR basin with its
eight main sub-basins and the locations of its 10 multi-purpose reservoirs.

from the Indian Ocean and the cyclones from the Pacific Ocean and the South China
Sea bring humid air towards the basin, causing heavy rainfalls from May to October.
After that, the northeast monsoons bring cool and dry air from the Siberian anticyclone,
causing the dry season from November to April (Bachelet et al., 1992; Kripalani et al.,
1995).

Considering the seasonality, the Thai water-year is a period from April 1°* of any given
year to March 31*® of the following year. In Chapters 4 and 5, where the annual water
balance was taken into account in the studies, the water-year is applied in the analyses,
and the terms water-year and water-yearly are referred to as year and yearly/annual
(i.e., the year 2011 is from April 15, 2011 to March 31**, 2012). In Chapters 6 and 7,
where the water-year does not play an important role in the studies, the terms year and
yearly/annual represent the calendar year from January to December.

Focusing on the upper region of the GCPR basin, the long-term water-yearly average
precipitation from 1989 to 2013 is 1,060 mm. The highest water-yearly precipitation
was recorded in 2011 (1,449 mm) and the lowest in 1993 (841 mm). Most (86%) of
precipitation occurs in the rainy season. Accordingly, annual maximum daily stream-
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Figure 2.2: Overview of the upper GCPR basin with the elevation and the spatial distribution
of the Sirikit and Bhumibol reservoirs and study catchments. The study catchments consist of
two natural catchments (Nan_natural and Yom_natural) and two regulated catchments (Sirikit
and Bhumibol). The solid black lines indicate the drainage areas from the headwater until the
gauge location (study catchments used in Chapter 4), while the dotted black lines indicate the
drainage areas from the inflow point of each reservoir to the dam location (study catchments
used in Chapter 5).

flows often occur in September and October, while annual minimum daily streamflows
mostly occur in January. The highest daily streamflow ever recorded at Nakhon Sawan
was 5,450 m? s~ (October 2006) and the lowest was 52 m® s~! (April 1994). It should
be noted that the annual maximum and minimum daily streamflows in the GCPR basin
are not only influenced by the seasonal precipitation, but also by the water regulations
with the reservoirs and dams.

2.3 Reservoirs and dams

Over the past 60 years, 10 main dammed reservoirs have been constructed and oper-
ated in the GCPR basin for multiple purposes. These reservoirs are currently managed
by the Royal Irrigation Department (RID) and the Electricity Generating Authority of
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Figure 2.3: Bhumibol (A) and Sirikit (B) reservoirs behind the dams (from EGAT, 2013).

Thailand (EGAT). Seven reservoirs are located in the upper GCPR region, while three
other reservoirs are located in the lower region (locations shown in Figures 2.1).

The seven reservoirs in the upper GCPR region are responsible for irrigation, hydroelec-
tricity generation, water supply, and flood and drought controls of the entire basin. The
Bhumibol and Sirikit reservoirs (Figure 2.3) are the two largest ones in terms of storage
capacity. The Bhumibol reservoir (storage capacity 13.46 billion m?) has been operated
on the Ping River since 1964 and the Sirikit reservoir (storage capacity 9.51 billion m?)
has been operated on the Nan River since 1977. Subsequently, the other five reser-
voirs (total storage capacity 1.73 billion m?®) were constructed on the Ping River (two),
Wang River (two) and Nan River (one). The Bhumibol and Sirikit reservoirs together
account for 93% of the total reservoir capacity (24.7 billion m?) in the upper region, of
which their total inflow volumes for 2.3 years and 1.5 years can be stored, respectively
(Komori et al., 2013). A plan to build the first reservoir on the Yom River has been
postponed since 1980 due to an ongoing controversial discussion about the myriad of
negative environmental and social impacts (Apichitchat & Jung, 2015).

The other three reservoirs in the lower region were operated since 1980. Their total
storage capacities (1.37 billion m?) are considerably smaller compared to the upstream
reservoirs. Since they were mainly designed for hydropower generation and irrigation,
they hardly contribute to flood and drought mitigation at the basin scale. In addition
to the dammed reservoirs, the Chao Phraya Dam, a main barrage dam across the Chao
Phraya River, was constructed around 100 km downstream of Nakhon Sawan in 1957. It
further controls the upstream reservoir outflows and irrigates water to the surrounding
floodplains, and thus can support the downstream flood and drought controls.

2.4 Study reservoirs and catchments

This thesis focuses on the upper GCPR region (Figure 2.2), where the most important
reservoirs are located. The two major upstream reservoirs, Sirikit and Bhumibol (Figure
2.3), were selected for the studies. Since the other five upstream reservoirs only account
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Table 2.1: Characteristics of the Bhumibol and Sirikit reservoirs.

Characteristic Bhumibol Sirikit
River Ping Nan
Dam type Gravity arch  Earthfill
Operation since 1964 1977
Dam height [m] 154 114
Crest elevation [m above sea level] 261 169
Crest length [m] 486 810
Crest width [m] 6 12
Maximum width at base [m] 52.2 630
Number of hydroelectric turbines 8 4
Generating hydroelectric capacity [MW] 779 500
Mean daily inflow [m? s71] 178 184
Mean daily outflow [m? s~!] 170 179
Minimum daily outflow recorded [m3 s—1] 0 0
Maximum daily outflow recorded (ResMaxQ) [m? s~1] 746 809
Reservoir capacity (ResMaxVol) [billion m?] 13.46 9.51
Reservoir surface area (ResArea) [km?] 297 315

for 7% of the total reservoir capacity in the upper region, and two of them are located
above the Bhumibol reservoir, their influences were assumed insignificant at the basin
scale, and thus they were excluded. The principle characteristics of the Sirikit and
Bhumibol reservoirs obtained from RID and EGAT are presented in Table 2.1. While
both reservoirs were examined in the process-based modelling studies (Chapters 4-5),
only the Sirikit reservoir was further examined in the data-driven modelling studies
(Chapters 6-7).

To investigate the process-based model performance (Chapter 4), two types of study
catchments were selected: natural catchments and regulated catchments. The natural
catchments from the Nan and Yom headwaters were selected based on available data
and will be called the Nan_natural (3,546 km?) and Yom_natural (2,018 km?). The
regulated catchments represent the drainage areas from the headwater until the dam
location and will be called the Sirikit catchment (13,155 km?) and Bhumibol catchment
(25,988 km?). Locations and boundaries of the four study catchments are shown in
Figure 2.2 (solid black lines).

To investigate the hydrological effects of reservoirs (Chapter 5), both the natural catch-
ments and regulated catchments were used. However, in this chapter, the Sirikit and
Bhumibol catchments were defined as the drainage areas from the inflow point of each
reservoir, instead of from the headwater, to the dam location, Therefore, the Sirikit
catchment covers 2,020 km? and the Bhumibol catchment covers 6,863 km?2, as shown
in Figure 2.2 (dashed black lines). Using the drainage areas from the reservoir inflow
point instead of from the headwater allows for a more comprehensive investigation of
reservoir effects on water balance components.
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2.5 Water management with floods and droughts

The climatology and geographical characteristics make the GCPR basin highly prone to
water-related disasters. The basin has been enduring flood and drought occurrences
regularly. The distinct rainy and dry seasons cause the streamflows to keep rising or
declining for several months. The gentle slope of the downstream part of the upper
region and most of the lower region slows down the streamflows. Generally, the down-
stream river capacity increases where rivers come together. However, this is not the
case for the Chao Phraya River, which receives water from four upstream rivers at once
as the streamflows from the upper region has to flow slowly through the narrow section
at Nakhon Sawan (Komori et al., 2012). These factors pose a real challenge in water
resources planning and management in the GCPR basin throughout the year. The most
catastrophic floods occurred in 1995, 2006 and 2011, followed by serious droughts in
2013-2016 (Takeda et al., 2016; Kinouchi et al., 2018).

In rainy seasons, flooding often occurs in the GCPR basin. High and slow streamflow
volumes from the upper region are likely to increase downstream water levels, disperse
excess water onto the floodplain and inundate the lower region. On many occasions,
upstream floodwater cannot flow down at once due to the elevated water level in the
Chao Phraya River itself. Consequently, the upper floodplain around the narrow section
at Nakhon Sawan can also be flooded for several weeks (Sayama et al., 2015). The
lower region starts to be threatened when the streamflow at Nakhon Sawan exceeds
2,000 m® s7!, and the flood risk dramatically increases when exceeding 3,500 m® s*
(Jamrussri & Toda, 2017). Historically, Thailand has controlled flooding in the lower
region by giving priority to protecting Bangkok and the surrounding industrial areas,
which are densely populated and economically crucial. Flooding is, therefore, con-
trolled by storing water in the Sirikit and Bhumibol reservoirs and by expanding the
inundation areas, using the Chao Phraya barrage dam, to prevent the excess floodwater
from entering the important areas (Komori et al., 2012). Since the floodwater flows
slowly, it seldom causes real damage to human life, but damage to properties can be
large. However, in 2011, five storms hit the upper region, filling the Sirikit and Bhumi-
bol reservoirs to their 95% capacities (Komori et al., 2013). The over-topped reservoir
outflows and continuous rainwater (as high as 4,686 m® s~! at Nakhon Sawan) inun-
dated a downstream area of over 30,000 km?, including Bangkok. The event caused
devastating damages, with 13 million people affected, more than 800 fatalities and
USD 46.5 billion of economic loss, making it one of the most devastating hazards
recorded in Southeast Asia (SEA) (Komori et al., 2012; Sayama et al., 2015).

In dry seasons, droughts tend to occur in the GCPR basin when the water storage in the
two major reservoirs fails to meet the irrigation and consumption demands, e.g., the
Bhumibol water shortage in 2016 (Zenkoji et al., 2019). Water shortages in the past
have led to large losses in agricultural and industrial production (Kinouchi et al., 2018).
In addition, they have caused serious issues, such as saltwater intrusion and groundwa-
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ter over-pumping. Streamflows from the upper region usually push away saltwater
from the Gulf of Thailand, but the saltwater creeps upstream during drought periods
and turns the rivers brackish, affecting fishery and agriculture. Over-pumping of the
groundwater for industrial use has resulted in land subsidence, especially in Bangkok,
which has been sinking by 2-12 cm annually (Aobpaet et al., 2013). Therefore, even
though droughts in the GCPR basin may not receive attention and concerns as much as
floods, they should not be overlooked.

2.6 Socio-economics

The GCPR basin serves as the blood vessel of Thailand’s development and well-being.
It contains the main agricultural, industrial and residential areas, which drive the eco-
nomic growth of the country. It is also home to about 23 million people (40% of the
country’s population), 8 million of whom live in Bangkok (Mateo et al., 2014). Accord-
ingly, 66% of the Gross Domestic Product (GDP) is generated inside the basin.

The socio-economics of the GCPR basin, and thus Thailand, relies on water resources
management of the basin, which almost solely depends on the planning and operations
of the Sirikit and Bhumibol reservoirs. The economic development of Thailand would
decline if these two reservoirs could not fulfill their roles, as evident from the 2011
historical flood year (Tebakari et al., 2012). While both reservoirs have been operated
to increase low streamflows in the dry season and reduce floodwater in the rainy sea-
son (Komori et al., 2013), climate change and changes in the socio-economic structure
have had a considerable influence on the hydrometeorological regime and water circu-
lation of the basin. The increasing development, rapid urbanization and intensification
of agricultural practices have resulted in a higher overall risk of floods and droughts.
Therefore, sustainable planning and management of water resources with the reservoir
operation to balance water surplus and scarcity remain crucial challenges for this basin
and country.

2.7 Importance of the case study

The GCPR basin is one of the most highly regulated river basins by dammed reservoirs
in SEA. The delta area in the basin is also among the most vulnerable areas in the region
(Yusuf & Francisco, 2009). It can, therefore, be representative of the other similar river
basins in SEA, considering its agriculture and water resources management. Despite the
support of several multipurpose reservoirs, the GCPR basin still suffers from floods and
droughts regularly, which devastate the agricultural and environmental resources, and
subsequently the economic development of the country and SEA (Takeda et al., 2016;
Kinouchi et al., 2018). Similar extreme events have occurred in neighboring countries,
such as Vietnam and Myanmar (Luu et al., 2018; Myo Lin et al., 2018). While most
reservoirs in neighboring basins, such as in the Mekong River, have been constructed
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in recent years (Urban et al., 2018), the main reservoirs in the GCPR basin have been
operated for over half a century, and data on daily reservoir storage and outflows are
available for the last 25 years. The longer period of observational records in the GCPR
basin allows for a comprehensive analysis. Therefore, knowledge of hydrological mod-
elling and reservoir operation obtained from the GCPR basin can also contribute to the
understanding and improvement of water resources planning and management in other
basins in SEA.
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This chapter describes data, models and goodness-of-fit criteria that were used to con-
duct the studies presented in this thesis, according to the research framework demon-
strated in Figure 1.5 in Chapter 1. The description includes theories and information on
the selected data, models and criteria. The data implementations, model setups, model
performance evaluations and model applications, on the other hand, are explained sep-
arately for each study in Chapters 4-7.

3.1 Data

The modelling work in this thesis required geospatial data, meteorological data and
hydrological data for the hydrological model setups, parameterization and validations.
The geospatial data were used to represent the physical characteristics of the GCPR
basin in the process-based model. The meteorological data were used as the driving
forces of the process-based model. The hydrological data were used in both process-
based and data-driven models, regarding parameter optimization, data-driven inputs,
model performance evaluation and result analyses. In an attempt to overcome data
scarcity in the study area, which is a common challenge in SEA, the geospatial and
meteorological data were obtained from global databases. The hydrological data were
obtained from national observations, as they are less available from open sources and
also required at high accuracy to evaluate the models’ performance and improve the
models’ results. An overview of the data used is shown in Figure 3.1.

3.1.1 Geospatial data

The geospatial data comprised the Digital Elevation Model (DEM), land cover types, soil
types and river network. The DEM was obtained from the Shuttle Radar Topography
Mission (SRTM; Jarvis et al., 2008), the land cover from GLOBCOVER (Bontemps et al.,
2011), the soil from SoilGrids (Hengl et al., 2017) and the river network from HydroR-
IVERS (HydroSHEDS; Lehner & Grill, 2013). The DEM and river network data were
employed to create the distributed maps of basin boundary, local drainage direction,
Strahler stream orders and river length per grid cell in the process-based hydrological
model. These maps indicate the flow directions and control hydrological processes in
a distributed way. In this thesis, the land cover and soil data were not directly used as
model inputs, but were used in the estimation of seamless distributed parameter maps
(see Chapter 4).

3.1.2 Meteorological data

The meteorological data for forcing the process-based hydrological model were precipi-
tation (P) and potential evapotranspiration (PET). For the simulation models (Chapters
4-7), the historical P data were obtained from the Multi-Source Weighted-Ensemble
Precipitation Version 2 (MSWEP V2; Beck et al., 2019). The dataset was constructed
using gauges, satellites and reanalyses, with corrections for distributional biases and
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Figure 3.1: Overview of the data used in this thesis, including geospatial and meteorological
data obtained from global databases and hydrological data obtained from in-situ observations.

systematic terrestrial P biases. It is available at high spatial (~10 km) and temporal (3-
hourly) resolutions for the 1979-2017 period. The historical PET data were obtained
from the eartH2Observe database (Schellekens et al., 2017) as the successor of the
WATCH-Forcing-Data-ERA-Interim (WFDEI) data (Weedon et al., 2014). They are of-
fered with many calculation methods, of which we selected the FAO Penman-Monteith
PET dataset (Allen et al., 1998). It is also available at high spatial (~10 km) and
temporal (daily) resolutions for the 1979-2014 period (Sperna Weiland et al., 2015).
Both the MSWEP V2 P and the eartH2Observe PET datasets have been shown to pro-
duce promising model results in many hydrological and meteorological studies (e.g.,
Tarnavsky et al., 2018; Liu et al., 2019a; Xu et al., 2019; Beck et al., 2017, 2020), and
therefore were chosen to force the process-based hydrological model in this thesis. Since
we did not have to compute the PET nor account for snow processes within the model,
other forcing data, such as temperature and solar radiation, were unnecessary.

For the reforecasting models, which is referred to as forecasting of historical stream-
flow using archived forecast input data (Chapter 7), the forecast P data for the period
of 2004-2013 were obtained from the European Centre for Medium-Range Weather
Forecasts (ECMWF, 2022). Two P forecast types were included: a deterministic (con-
trol) forecast and ensemble (perturbed) forecasts that contain 10 probabilistic forecasts.
The forecasts are available on a daily basis at high spatial (~3 km) and temporal (6-
hourly) resolutions. Both the ECMWF deterministic and ensemble P forecasts have
been applied in many hydrological and meteorological studies with promising perfor-
mance (e.g., Aminyavari & Saghafian, 2019; Nanda et al., 2019; Liu et al., 2021), and
thus were used in this thesis.
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3.1.3 Hydrological data

The required hydrological data included observed daily streamflow at the outlets of the
study catchments, observed daily reservoir outflow, observed daily reservoir storage,
dynamic operating rule curves of each reservoir and downstream water demand. The
streamflow, reservoir outflow and reservoir storage were employed in both the process-
based hydrological model and data-driven models. The dynamic operating rule curves
and downstream water demand were only employed in the process-based model.

The data were provided by the Royal Irrigation Department (RID) and the Electricity
Generating Authority of Thailand (EGAT). The observed daily streamflow and reservoir
outflow is the average of the observed hourly streamflow/outflow from 6.00 p.m. on the
previous day to 6.00 p.m. on the defined day. Their availability varies among gauges.
The observed daily reservoir storage is instantaneous, pertaining to the end of each day.
The reservoir operating rule curves consist of the long-term monthly target maximum
and minimum storage of each reservoir derived from the RID report. The long-term
monthly target downstream water demand was manually extracted from the observed
daily streamflow data of each reservoir (more detail in Section 3.3.2). In reality, these
reservoir operating rule curves and water demand information serve as guidelines for
reservoir operators.

3.2 Model overview

To model and analyze the daily streamflows that are highly regulated by reservoir op-
eration in the upper GCPR basin, two types of hydrological models were employed; a
process-based hydrological model and data-driven models. Among widely used process-
based models, the fully-distributed wflow_sbm model was selected and implemented in
Chapter 4 (model setup with global data and parameterization) and Chapter 5 (model
application on quantifying effects of reservoir operation on streamflows). Several data-
driven models, which are machine learning algorithms, were applied in Chapter 6 (in-
put and algorithm investigation) and Chapter 7 (model application on simulating and
reforecasting real-time reservoir operation and outflows). Some of the output from the
wflow_sbm model was also used as input for the data-driven models. An overview of
models that were employed in this thesis is illustrated in Figure 3.2.

3.3 Process-based model

3.3.1 The wflow_sbm model

wflow is a spatially distributed hydrological modelling platform developed by Deltares
(Van Verseveld et al., 2022b). It allows for flexible and transparent implementation of
hydrological model concepts, which can be easily applied and modified by model devel-
opers and users. Several models have been included in wflow, such as the wflow_hbv
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Figure 3.2: Overview of the models employed in this thesis, including the process-based
(fully-distributed) hydrological model and data-driven (machine learning) models. Several
machine learning algorithms were applied, including Multiple Linear Regression (MLR),
K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Classification and Regression
Tree (CART), Random Forest (RF), Multi-Layer Perceptron (MLP), Recurrent Neural Network
(RNN), Long Short-Term Memory (LSTM) and Gated Recurring Unit (GRU).

model (derived from the HBV96 model; Bergstrom, 1992), the wflow_flextopo model
(derived from the FLEXTopo model; Savenije, 2010) and the wflow_sbm model (derived
from the Topog_SBM model; Vertessy & Elsenbeer, 1999). The different wflow models
share the same structure, including the geospatial settings and the spatially hydrolog-
ical routing via the kinematic wave function, but are fairly different with respect to
conceptualizations.

The wflow simple bucket model, called wflow_sbm (Van Verseveld et al., 2022b), was
chosen in this thesis. The wflow_sbm model is a conceptual rainfall-runoff model, with
the soil water processes based on the Topog SBM model. The flow processes for the
subsurface, overland and river flows are based on the kinematic wave approach that
is comparable to the TOPKAPI (Todini & Ciarapica, 2002) and G2G (Bell et al., 2007)
models. While Topog_SBM is suitable for fast runoff processes in small areas, wflow_sbm
is more widely applicable (Vertessy & Elsenbeer, 1999; Van Verseveld et al., 2022b). In
contrast to many conceptual models, wflow_sbm calculates the lateral subsurface flow
explicitly and uses parameters that represent simplified physical characteristics of a
basin (Vertessy & Elsenbeer, 1999).

The scheme of wflow_sbm is illustrated in Figure 3.3. The one-dimensional model is
constructed on a grid cell network of eight flow directions (D8) for surface and subsur-
face flow routing, with the presence of both vertical and lateral flows. It has four main
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Figure 3.3: Schematic structure of water processes and fluxes in the wflow_sbm model. The
model includes four routines: precipitation-snow routine (blue box), rainfall interception rou-
tine (green box), soil water routine (orange box) and runoff generation routine (purple box)
(adapted from Schellekens et al., 2019; Van Verseveld et al., 2022b).

routines: (i) a precipitation routine based on the HBV model (Lindstrom et al., 1997),
(ii) a rainfall interception routine based on the modified Rutter model (Rutter et al.,
1971, 1975) or Gash model (Gash, 1979), (iii) a soil water routine based on topog_sbm
and (iv) a flow generation routine with the kinematic wave function. Water enters each
grid cell through the precipitation-snow routine and is transferred to the rainfall inter-
ception routine. Throughfall and stemflow infiltrate into the soil and flows between the
stacked unsaturated zone and saturated zone. The soil column can also be divided into
different layers to allow for the transfer of water within the unsaturated zone (Brooks
& Corey, 1964). Part of the water evaporates depending on soil water content and veg-
etation cover. The soil water routine assumes an exponential decay of the saturated
hydraulic conductivity with soil depth (Beven & Kirkby, 1979). In the flow generation
routine, the subsurface, overland and river flows are then routed according to the D8
direction.

The continuous development of the wflow_sbm model maximizes the use of available
spatial data (Schellekens et al., 2019; Imhoff et al., 2020b; Van Verseveld et al., 2022b),
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which demonstrates its potential to improve the realism of the hydrological process and
parameter representation. It has also shown good performance in a broad range of
applications (e.g., Lopez Lopez et al., 2016; Hassaballah et al., 2017; Giardino et al.,
2018; Lopez Lépez, 2018; Gebremicael et al., 2019; Rusli et al., 2021; Aerts et al.,
2022). Therefore, it was selected for this thesis.

3.3.2 The reservoir operation module

To model the regulated outflows of the Sirikit and Bhumibol reservoirs, a reservoir op-
eration module (ROM) was included within the kinematic wave routing of wflow_sbm.
To do so, grid cells of the dam locations and reservoir surface areas were indicated. The
ROM is a reservoir water balance algorithm with a target storage-and-release-based op-
eration method. The reservoir storage in the ROM is divided into four zones: inactive
storage, conservation storage, flood control storage and surcharge storage, as illustrated
in Figure 3.4(A). The storage-and-release calculation is based on the target downstream
water demand and the operating rule curves, including the target maximum and mini-
mum storage. The monthly values of the target downstream water demand and operat-
ing rule curves for the Sirikit and Bhumibol reservoirs are shown in Figure 3.4(B) and
3.4(C). As part of the distributed model, the ROM also requires parameters representing
reservoirs’ physical characteristics. See details on ROM parameterization in Chapter 4;
Section 4.2.2.

Although the ROM was developed as part of wflow_sbm (Schellekens et al., 2019;
Van Verseveld et al., 2022a), its complete description has not been published before.
Therefore, we explain step-wise calculations of the ROM in brief here. It should be
noted that the equations in this section belong to the calculation of the ROM and that
all equations take place within one time step. Each equation, therefore, does not rep-
resent the complete reservoir water balance. Overall, at a given time step, the ROM
updates the reservoir water storage state and computes a volume of water to be re-
leased with algorithms to meet a required demand, while also maintaining the storage
at an optimal level, considering the target maximum and minimum storage (operating
rule curves). To initially calculate the change in the reservoir storage, the storage at
the previous time step, upstream inflow, and precipitation and evaporation over the
reservoir surface at the current time step are taken into account:

ResVol; = ResVol..; + (ResInflow, + ResP; — ResET;) x At, (3.1)

where ResVol is reservoir storage [m®], ResInflow is upstream inflow [m? time step~—!],
ResP is precipitation over the reservoir surface [m® time step~'], ResET is evaporation
over the reservoir surface [m? time step~'], At is the computing time step (e.g., daily),
t is the current time step and t-1 is the previous time step. Then, the current ResVol as
a fraction of the reservoir maximum storage is computed:
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Figure 3.4: Conceptual representation of the reservoir operation module (ROM), including
reservoir storage zones (A) and operating rule curves for the Bhumibol and Sirikit reservoirs
(B and C). Figure (B) represents the target downstream water demand of each reservoir,
which is defined by the long-term monthly averages of reservoir outflow observations. Figure
(C) represents the target storage as a fraction of the maximum storage (flood control storage
level). Colored lines indicate the fraction of the long-term monthly target maximum storage
(conservation storage level; ResMaxFrac) from the RID guideline. The dashed line indicates
the fraction of the target minimum storage (inactive storage level; ResMinFrac), which was set
to 0.3 for both reservoirs.

(ResVol; + ResVol,.1)
2 x ResMaxVol '’

ResVolFrac, = (3.2)

where ResVolFrac is the storage fraction [-], ResMaxVol is the reservoir maximum storage
known as the flood control storage level [m®]. The environmental outflow of a given
reservoir, here called the demanded release, is determined using a sigmoid curve to
scale for the target storage and downstream water demand of the reservoir:

ResQdemand, = min(SF; x (DD, x At),ResVol,), (3.3)

where ResQdemand is the demanded release [m?], SF is the sigmoid curve factor [-] and
DD is the downstream water demand [m?® time step~'], which is associated with the
seasonality and often set on a long-term monthly basis (see Figure 3.4(B)). SF influences
the extent to which ResQdemand increases or decreases, and is calculated by:
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where c is the steepness of the sigmoid curve [-] and ResMinFrac is the target fraction
of minimum storage, known as the inactive storage level [-] (see Figure 3.4(C)). When
the current ResVolFrac equals ResMinFrac, the argument of the exponential function is
zero and the denominator becomes two. This implies that when the reservoir storage
reaches the inactive storage level, which can occur in dry seasons, the reservoir only
releases a ResQdemand equal to half of DD. ResQdemand decreases further as ResVolFrac
drops below ResMinFrac. ResVol is updated after taking out ResQdemand. Subsequently,
ResVolFrac is re-determined with Equation (3.2).

The target fraction of maximum storage, known as the conservation storage level, is
used as a guideline to maintain the active storage and prevent the flood storage. It is
conditional on water supply and demand throughout the year and often set on a long-
term monthly basis (see Figure 3.4(C)). The amount of water to be released from the
reservoir to let ResVol continuously meet the conservation storage level is computed
as:

ResQtarget, = max(0, ResVol; — (ResMaxVol x ResMaxFrac,)), (3.5)

where ResMaxFrac is the target fraction of maximum storage [-] and ResQtarget [m?®] is
the target amount of water to be released to meet ResMaxFrac. If ResVol is higher than
ResMaxVol, the surcharge storage, ResQspill [m?], is spilled to prevent dam failure:

ResQspill, = max(0, ResVol;, — ResMaxVol) (3.6)

Equations (3.5) and (3.6) indicate that the reservoir release does not exceed DD unless
ResVol is projected to surpass ResMaxFrac or ResMaxVol. In case of water excess, the
amount of water to be released apart from the demanded release is:

ResQextra, = min(ResQtarget,, ResQspill,, (ResMaxQ x At) — ResQdemand,), 3.7)

where ResQextra [m?] is the extra amount of water to be released and ResMaxQ [m?®
time step!] is the maximum release capacity of a reservoir (see Table 2.1). Since
the environmental outflow (ResQdemand) is already calculated before updating ResVol
(Equation (3.3)), it is subtracted from the ResMaxQ amount in this step. Finally, the
total release, ResQtotal [m? time step~'], of the current time step is calculated according
to:
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ResQdemand, + ResQextra,

A7 (3.8)

ResQtotal, =

3.3.3 wflow_sbm packages

In the first phase of development (2008-2021), the wflow platform was programmed
in the PCRaster-python framework (Karssenberg et al., 2010; Schellekens et al.,
2019). This wflow version was used in this thesis and can be downloaded from
https://github.com/openstreams/wflow (Schellekens et al., 2020). In the current de-
velopment phase (from 2021 onward), the platform has been switched to the pro-
gramming language Julia, which offers high performance for large-scale and high-
resolution applications of hydrological models (Bezanson et al., 2012; Van Verseveld
et al.,, 2022b). Note that there is no further development of wflow in the PCRaster-
python framework. The model development in the Julia framework is available at
https://github.com/Deltares/Wflow.jl (Van Verseveld et al., 2022a).

3.4 Data-driven models

Machine learning (ML) models are a type of data-driven models that generally look at
the independent variables (inputs) and dependent variable (output) in order to explain
their behaviors and relationships, and calculate the output values. Generally, an ML
model is set up and learns these behaviors and relationships on a training dataset to
derive the mathematical expression that best fits the data and produces the output with
the least error. This learning process is called training. The mathematical expression
is then used to predict the output from the unseen dataset to evaluate the model per-
formance, which is called testing. The training and testing procedures of ML models
are similar to the calibration and validation procedures of process-based models. ML
models can solve both classification and regression problems.

In the attempt to improve the reservoir operation and outflow modelling, five classes of
regression ML models were used in this thesis, including the linear regression model,
instance-based learning models, decision tree model, ensemble learning model and neu-
ral network models. The generalized characterization of each ML class is represented
in Figure 3.5. The selected linear regression model was Multiple Linear Regression
(MLR), the instance-based learning models were K-Nearest Neighbor (KNN) and Sup-
port Vector Machine (SVM), the decision tree model was Classification and Regression
Tree (CART), the ensemble learning model was Random Forest (RF) and the neural net-
work models contained Feed-Forward Neural Network/Multi-Layer Perceptron (MLP),
Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM) and Gated Recur-
ring Unit (GRU). These nine algorithms have been proven to have large potential in
hydrological modelling and reservoir modelling (e.g., Xu & Liang, 2021; Ibrahim et al.,
2022). A brief description of each algorithm is provided here. Since this thesis focuses
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Figure 3.5: The generalized characterization of the selected machine learning classes, in-
cluding the linear regression algorithm (MLR), instance-based learning algorithms (KNN and
SVM), decision tree algorithm (CART), ensemble learning algorithm (RF) and neural network
algorithms (MLP, RNN, LSTM and GRU).

on implementing the existing algorithms and not modifying them, the algorithms are
not mathematically described in detail, but references for further understanding are
provided.

3.4.1 Linear regression

Linear regressions are the most well-understood and conventional class of algorithms
in data-driven modelling. They are simple linear and parametric models, i.e., models
that assume a linear relationship between the input variables and output variable (see
Figure 3.5(A)). More specifically, the output variable can be explicitly calculated from a
linear combination of the input variables.

Multiple Linear Regression (MLR)

Multiple Linear Regression (MLR) is an extension of the simple linear regression algo-
rithm, where two or more input variables are used for fitting a linear equation to predict
the output variable. The schematic structure of MLR is illustrated in Figure 3.6. The
MLR equation can be clearly expressed, including the intercept, the regression coeffi-
cient of each input variable, and the model random error term. The best fit line of MLR
is determined by minimizing the sum of the squares of the vertical deviations, so-called
residuals, between the simulations and the observations. A good MLR model should
be able to explain most of the variance of the output variable with a minimum number



40 3. Data, models and performance criteria

o % . * /'/
oo . -
n he -
[N . - ‘ ..' L]
¢ ] L]
2 ‘e .& e%e o o
...~ . o *
n . a * o
=1 - i
Y T teetes, B
2 .
o
29 e, *
- ) *a 0 ..
i ]
. * 25
2 . 10
" Ts
) i
10 25 30 35 10 X2
X1

Figure 3.6: Schematic structure of the Multiple Linear Regression (MLR) algorithm, with an
example of two input variables (X1 and X2) to predict an output variable (Y). The grey plane
indicates the best fit line of MLR.

of input variables (Sachindra et al., 2013). The merit of MLR is that it is a simple,
explainable and rapid-to-use model. However, it may not be able to handle nonlinear
hydrological processes with a limited number of input variables, and thus its perfor-
mance cannot be ensured (Nourani et al., 2014). Therefore, MLR has often been used
as a reference for the comparison of other ML algorithms (Zhang et al., 2018b).

3.4.2 Instance-based learning

Instance-based learning algorithms refer to the class of classification and regression
algorithms that predict values of the output variable by learning the entire training
dataset of the inputs and output (so-called instances), and then generalizing what has
been learned to new instances based on some similarity measure. They are called
instance-based as they simply store the training instances instead of learning an ex-
plicit description of the target function like linear regression. When a new instance is
encountered, its relationship to the previously stored instances is examined to assign an
output value for the new instance (see Figure 3.5(B)). Therefore, this algorithm class
is also known as memory-based learning. To calculate the output value for the new
instance, these algorithms construct a local approximation to a model function that ap-
plies in the neighborhood of the new instance, instead of estimating for all instances.
Therefore, they can adapt to new data easily (Mitchell & Mitchell, 1997).

K-Nearest Neighbor (KNN)

K-Nearest Neighbor (KNN) is a classic instance-based learning algorithm for both clas-
sification and regression problems, which was originally developed by Fix & Hodges
(1989) and further improved by many others. KNN predicts a complex nonlinear time
series in a non-parametric way. Its concept posits that part of time series occurring in
the past can reappear in the future with highly similar patterns, known as neighbor-
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Figure 3.7: Schematic structure of the K-Nearest Neighbor (KNN) and Support Vector Ma-
chine (SVM) algorithms, with an example of two input variables (blue and grey dots) to
predict an output variable (orange dot). The grey lines indicate the instance classification.
For KNN (left panel), the dots that fall within the neighborhood (grey circle), so-called near-
est neighbors, are considered in the calculation of the predicted output value. For SVM (right
panel), on the other hand, only the data points outside a threshold between the hyperplane
(solid grey line) and the decision boundary lines (dashed grey line) are considered (adapted
from Page et al., 2014).

hood (Arroyo & Maté, 2009). The schematic structure of KNN is illustrated in Figure
3.7(A). The classification procedure of KNN recursively selects past input-output data
pairs with a pattern most similar to that of the current data pair, which are referred to
as the nearest neighbors (NNs) at a total number of K pairs. After that, a regression is
carried out by assigning values to those NNs. These values are referred to as weights,
which are inversely proportional to the distances. The weighted NNs are then summed
up to predict the target output value (Atkeson et al., 1997; Imandoust et al., 2013).
Therefore, the performance of KNN is strongly affected by the search range based on
the data size, which determines the number of NNs (Ponomarenko et al., 2014).

The main advantage of KNN is that it is easy to implement and understand with a rela-
tively straightforward calculation, with no predetermined parametric relation required,
unlike many other ML algorithms (Kim et al., 2016). However, since KNN makes pre-
dictions based on the current time period using past data, its capability can be limited
for events that did not occur in the past, especially extreme events (Tongal, 2013).
Furthermore, it can become very slow as the data size grows. KNN has been used
in previous reservoir modelling studies, especially for reservoir operation optimization
(e.g., Ahmadi et al., 2010; Malekmohammadi et al., 2010; Yang et al., 2021).

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a very specific instance-based learning algorithm de-
veloped by Vapnik (2000), which has gained popularity due to its promising empirical
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performance for both classification and regression problems. The fundamental of SVM
is based on the Vapnik-Chervonenkis dimension theory and structural risk minimization
principle. It employs the feature space, which is a set of all possible features (inputs)
in the multi-dimensional linear function (Han et al., 2007). The schematic structure of
SVM is illustrated in Figure 3.7(B), in comparison to KNN. In a regression problem, the
line that is required to fit the features is referred to as a hyperplane. Unlike other re-
gression algorithms that try to minimize the error between the observed and predicted
values, SVM tries to find a hyperplane in the multi-dimensional space that best fits the
data points, with decision boundary lines. The distance between the hyperplane and de-
cision boundary lines is called a threshold. Only the data points outside the threshold,
so-called Support Vectors, are used for the calculation to minimize the grouping error
from noise in the dataset. These Support Vectors affect the position and orientation of
the hyperplane, which build SVM (Yu & Kim, 2012). The algorithm is mainly character-
ized by the utilization of kernels (mathematical functions that transform input data into
a linear representation in the feature space) and capacity control obtained by acting on
the decision boundaries or a number of Support Vectors (Karamouz et al., 2009).

The main benefits of SVM are that it can acknowledge the presence of non-linearity in
the dataset, which can provide a proficient prediction model, especially for noisy data.
However, the fitting time of SVM is more than quadratic with the feature numbers,
which can make it unsuitable for large datasets. Nonetheless, SVM is known as a robust
and promising algorithm and has been explored in previous reservoir modelling studies
(e.g., Karamouz et al., 2009; Bozorg-Haddad et al., 2018; Niu et al., 2019).

3.4.3 Decision tree

Decision trees are a class of non-parametric classification and regression algorithms that
are based on a multistage or hierarchical decision scheme, which can be displayed as
a tree-like structure (see Figure 3.5(C)). A decision tree is composed of a root node
(the entire training dataset), a set of internal nodes (branches) and a set of terminal
nodes or outputs (leaves). Each node of the tree makes a binary decision that splits
the data. It is a top-down approach that is generally carried out by moving down the
tree until the leaf node is reached (Xu et al., 2005). To learn from the training dataset,
the decision tree starts with a simple structure, in terms of branches and leaves, and
recursively splits the input data into subsets (more branches), according to decision
rules and weights inferred from the input data. This re-branching process, so-called
recursive partitioning, stops when further splitting no longer improves the prediction
result.

Classification and Regression Tree (CART)

Classification and Regression Tree (CART) was proposed by Breiman et al. (1984) as a
binary decision tree algorithm that can produce either classification or regression trees,
depending on the output variable. The schematic structure of CART is illustrated in
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Figure 3.8: Schematic structure of the Classification and Regression Tree (CART) algorithm,
with an example of 100 data samples with two input variables (X1 and X2). The left panel
shows the classification boundaries (in different colors) of the data samples. The right panel
shows a decision tree built according to the decision rules of each class (adapted from Krzy-
winski & Altman, 2017).

Figure 3.8. It uses the Gini index (a function that determines how well a decision tree
is split) as an impurity measure for selecting the tree branches, of which the branches
with the largest reduction in impurity are used for splitting the data (Brijain et al.,
2014). Due to its mechanism, CART can handle both numerical and categorical input
data with missing values. The classification tree divides the whole training dataset space
into multiple classes (leaves), in which each class contains a set of decision rules. The
regression tree, on the other hand, takes the average of the target output values in each
class and stores the corresponding decision rules. When a new set of input variables
is fed to the regression tree, a target output value is estimated, following the stored
decision rules (Yang et al., 2016).

On the one hand, CART can be prone to noise, and can produce high output variance
and over-fitting due to a large number of branches (Hastie et al., 2009). On the other
hand, it has many advantages which can be suitable for hydrological prediction, in-
cluding algorithm transparency and low computational demand (Bessler et al., 2003).
It is one of the few algorithms that allow for the physical interpretation of the model
and data. For this reason, it has been implemented in reservoir modelling studies to
understand reservoir operation (e.g., Bessler et al., 2003; Yang et al., 2016; Chen et al.,
2022).

3.4.4 Ensemble learning

Ensemble learning algorithms are a class of non-parametric classification and regres-
sion algorithms that seek better predictive performance by combining two or multiple
models (see Figure 3.5(D)). The three methods of ensemble learning are bagging, stack-
ing and boosting. Bootstrap-aggregating, so-called bagging models (e.g., bagged CART
and Random Forest), fit many decision trees on different samples of the same dataset
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Figure 3.9: Schematic structure of the Random Forest (RF) algorithm for a regression problem
with an example of the n number of decision trees. Each tree is trained on a different and
random subset of data, leading to different prediction values. The predictions from all tree
are averaged to obtain the final value of the target output (adapted from Sun et al., 2022).

and average the predictions. Stacking models (e.g., Super Learner) fit different model
classes on the same dataset and use another model to learn how to best combine the
predictions. Boosting models (e.g., the Stochastic Gradient Boosting) sequentially add
ensemble members that correct the predictions made by prior models and calculate
a weighted average of the predictions. Many ensemble algorithms have been shown
to effectively decrease the prediction variance and improve the over-fitting problem,
which is generally found in other ML algorithms (Murphree et al., 2018; Mosavi et al.,
2021).

Random Forest (RF)

Random Forest (RF) is the most representative algorithm in ensemble learning, which
was further developed from decision trees by Breiman (2001). RF consists of an ensem-
ble of decision trees to yield prediction for both classification and regression problems.
It intends to overcome the limitations of high output variance and over-fitting in CART
by generating multiple trees. The schematic structure of RF is illustrated in Figure 3.9.
Each tree in RF is individually built on bagging samples of the training data. In each
binary split, a subset of input data is randomly created, of which the best one is chosen
to derive the decision rules at the splitting, considering the minimized sum variance
of the output variable in the two resulting branches. The randomization of the input
subsets avoids repeatedly chosen inputs at each split, leading to highly correlated trees
(Breiman, 2001; Pham et al., 2021). Predictions on a new data point are made by run-
ning all the trees through the new input data. In the end, all the trees are combined into
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the so-called forest as it averages all predictions to produce a final output value. Con-
sidering its strengths, RF has been increasingly applied in reservoir modelling studies
(e.g., Yang et al., 2016; Li et al., 2020; Qie et al., 2022).

3.4.5 Neural network

Artificial neural networks (ANNSs), simply called neural networks, are a class of ML
algorithms that use a network of implicit mathematical functions to understand and re-
produce the complex and non-linear relationship between the inputs and output in the
dataset (see Figure 3.5(E)). They are inspired by the biological learning process with
highly interconnected neurons in the human brain, which has become more computa-
tionally feasible due to the advances in data mining and increasing computer power (Ku-
bat, 1999). ANNs can be described as a data processing system with artificial neurons
that mimics two characteristics of the brain: the ability to (i) learn and (ii) generalize
from limited information. The schematic structure of ANNSs is illustrated in Figure 3.10.
An artificial neuron, also known as a node or perceptron, has a similar function to MLR,
but is not explicitly expressed in mathematical formulas. The perceptron transmits a
signal to other perceptrons like the biological neurons: it receives input signals, learns
and processes them, and produces an output signal to perceptrons connected to it. A
value is associated with each connected signal, referred to as weight, corresponding to
the synaptic strength of biological neuron connections (Ye et al., 2016). The behavior
and learning progress of an ANN depends on both the weights and the input-output sig-
nal learning function, referred to as the activation or transfer function. Each perceptron
calculates the output signals in two steps based on the weights and the activation func-
tion: first, it sums the input signal values multiplied by the weight associated with each
interconnection, and then it passes the sum through the activation function to generate
the output signal.

ANN s typically consist of an input layer where data patterns are introduced to the net-
work, one or more hidden (processing) layers where the learning and processing are
done, and one output layer that provides the final prediction for the given input pat-
tern. Each layer contains perceptrons that are connected to those of the adjacent layer
by the weighted signals. There is no connection between perceptrons in the same layer.
During the learning process, so-called training, an ANN model learns and processes the
dataset, starting with randomly assigned initial weights, and adjusting them to achieve
a set of weights that minimizes the overall errors between the computed output and the
observed one. This learning process is repeated until the error is minimized or until a
specified number of training iterations is accomplished.

There are two main types of ANNs; Feed-Forward Networks and Feedback (Recurrent)
Networks. A neural network model with several hidden layers is known as a deep
network or deep learning model. Several ANN models have shown outstanding abilities
to process complex and non-linear problems that might otherwise not be easily solved
with explicit mathematical formulas (Yang et al., 2017). Compared to other classes
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Figure 3.10: Schematic structure of the simple artificial neural network (ANN) algorithm,
with an example of the Feed-Forward Neural Network with multi-layers, so called Multi-Layer
Perceptron (MLP). The left panel shows an artificial neuron, so-called perceptron, and its com-
ponents, including the weights from the inputs and the activation/transfer function (f). The
weighted input signals are summed (3 ) and transferred to the next perceptron as the output
signal. The right panel demonstrates the structure of a neural network, with an example of
three perceptrons in the input later, three in the processing (hidden) layer and two in the
output layer. Perceptrons between the layers are connected in the forward direction (adapted
from Ye et al., 2016).

of ML algorithms, ANNs can be quite slow on a large dataset. They are also ‘black-
boxes’, with nontransparent architecture, limiting the opportunity to understand the
mathematical relations between the inputs and output. However, known to be versatile
and efficient with high fault tolerance when using sufficient training data, ANNs have
become the most popular ML algorithms in hydrological modelling (Lohani et al., 2012;
Tanty et al., 2015).

Multi-Layer Perceptron (MLP)

One of the most common ANN algorithms is the Feed-Forward Neural Network, which
can be presented either as a Single-Layer Perceptron or a Multi-Layer Perceptron. The
Single-Layer Perceptron is the simplest kind of ANN, which only contains a single layer
of perceptrons, in which the inputs are fed directly to the outputs via a series of weights.
The Multi-Layer Perceptron (MLP), on the other hand, represents the complete yet ba-
sic network with one input layer, one or more hidden layers and one output layer.
These algorithms are called feed-forward because all of the data flows in one direction—
forward—from the input perceptrons, through the hidden perceptrons, and to the output
perceptrons, without any data cycles within the network (see Figure 3.10).

MLP typically applies the sigmoid or the rectified linear unit as the activation function
and uses a variety of learning techniques to adjust the weights of the signal between
the perceptrons, with the most popular being back-propagation (Tanty et al., 2015).
With this technique, the predicted output values in the output layer are compared with
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their observed values to compute the prediction error, which is then fed backwards
through the network to the hidden and input layers. Using this error information,
MLP adjusts the weighted signals to reduce the error. This learning process should
be repeated for a sufficiently large number of training iterations to reach some state
where the prediction error reaches an acceptable level. To adjust the weights properly
through back-propagation, a non-linear optimization method called stochastic gradient
descent is generally applied. For this, the network calculates the derivative of the error
function with respect to the weights and changes the weights such that the error is
minimized. Note that typical limitations of back-propagation with stochastic gradient
descent are the convergence speed and the possibility of gradient disappearance and
ending up in a local optimal solution of the error function (Zhang et al., 2019). Despite
that, several studies have shown the good performance of MLP models for reservoir
modelling, especially for reservoir inflow prediction (e.g., Jain et al., 1999; Chaves &
Chang, 2008; Zarei et al., 2021).

Recurrent Neural Network (RNN)

Similar to MLP, the Feedback Neural Network, known as the Recurrent Neural Network
(RNN), consists of an input layer, one or more hidden layers and an output layer. The
addition in RNN is the design to specially deal with sequential data with the ability to
use previous information in the sequence to produce the current output as a feedback
(recurrent) loop, as shown in Figure 3.11. RNN can send inputs in either direction from
and to all the layers. Especially in the hidden layer(s), it takes the predicted output from
the previous step(s) together with the current inputs, and recurrently and continuously
trains the network according to the input time sequence. As a result, the prediction of
the network not only depends on the external inputs it receives, but also on the state
of the network in the previous time step(s) (Nagesh Kumar et al., 2004). The weights
in RNN are the same for all perceptrons in the same layer. With time-delayed feedback,
RNN can preserve and remember the short-past and long-past information during the
learning process. Therefore, it is beneficial when predicting complex dynamic timing
and sequential data, like hydrological time series (Zhang et al., 2019).

Although RNN can effectively deal with complex and non-linear time series data, it has
some shortcomings. During the network training with back-propagation, at each step
the gradient of a loss function to minimize the prediction error is calculated, which is
used to update weights in the network. If the effect of the previous layer on the current
layer is small, the gradient value is also small and vice-versa, which makes the gradients
exponentially shrink down as the back-propagation continues. Smaller gradients lead to
no weight update and the network cannot learn the effect of earlier inputs. Therefore,
as the RNN processes more steps while learning long-range dependencies, it suffers
gradient vanishing and exploding problems from vanishing gradients more than other
neural network architectures (Bengio et al., 1994). The RNN has been used in several
reservoir modelling studies (e.g., Zhang et al., 2019; Apaydin et al., 2020), but has
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Figure 3.11: Diagram for an unfolded Recurrent Neural Network (RNN). From bottom to
top: input state (X), hidden state (blue box) and output state (k). C is the recurrent input
(from the previous time step), W;,, is the weight of the current input, W,... is the weight of the
recurrent input and ¥ is the sigmoid activation/transfer function (Jaiswal, 2022).

been recently replaced by LSTM and GRU networks, which are known to be successful
to remedy the aforementioned problems.

Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) is a more complex RNN algorithm, introduced by
Hochreiter & Schmidhuber (1997), to address the deficiencies of the RNN. In contrast to
the hidden layer(s) in RNN, LSTM applies specially designed memory block(s) that are
recurrently connected to each other, lying between an input layer and an output layer.
The memory block, obtained from Gers et al. (2000), is composed of an input gate, a
memory gate, a forget gate and an output gate to control the flow of information and
cells to hold information, as shown in Figure 3.12(A). The cell states carry information
from initial to later time steps without getting vanished in the block. The memory block
replaces the hidden layer to filter out nonessential information while preserving useful
information from the long past (Shen, 2018). When new data enters the memory block,
LSTM determines which new information to remove from the cell state by the forget
gate. The forget gate is essentially a sigmoid function that generates a value (between
0 and 1) based on the output at the previous time step and the current input to decide
whether to let information that is produced in the previous moment (partially) pass.
In the next step, LSTM indicates which new information to be stored in the cell state.
This step is divided into two parts: first, the input gate determines which values to
be updated, and then the memory cell generates a vector of new candidate values,
which can be added to the cell state. In the last step, LSTM assigns which information
will be output. First, it decides which parts of the cell state to output by running a
sigmoid layer. Then, it resizes the candidate values (between —1 and 1) through the
tanh function and multiplies it by the output of the sigmoid gate, so that it outputs only
the target information. LSTM has become the most popular ML algorithm in previous
reservoir modelling studies (e.g., Zhang et al., 2018a; Yang et al., 2019; Guo et al.,
2021; Zarei et al., 2021).
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Figure 3.12: Diagrams for the memory blocks of the Long Short-Term Memory (LSTM; left
panel) and Gated Recurring Units (GRU; right panel). The memory block contains the input
state (X), memory state (green box) and output state (h). C is the recurrent input (from the
previous time step), ¥ and tanh are the activation/transfer functions. For LSTM, from left to
right: the forget gate (with ¥ function), the input gate (with X function), the memory gate
(with tanh function) and the output gate (with ¥ and tanh functions). For GRU, from left
to right: the update gate (with X function), the reset gate (with X function) and the output
generation (with tanh function) (adapted from Rathor, 2018).

Gated Recurring Units (GRU)

Gated Recurring Units (GRU) is a simplified algorithm of LSTM suggested by Cho et al.
(2014). The principle of GRU is similar to LSTM, which controls inputs, memory, out-
put and recurrent information through a gating mechanism. The main difference from
LSTM is that GRU only has two types of gates in the memory block; the update gate
and the reset gate, and does not contain a cell state, as shown in Figure 3.12(B). The
update gate is a combination of the forget Gate and the input Gate, which indicates
how much and which information to ignore or to keep in the memory cell. If the update
gate is 1, the previous memory is fully preserved, and if it is O, the previous memory is
completely forgotten. Note that while the forget gate in LSTM determines how much of
the previous memory is maintained, GRU decides that either all previous memories are
maintained or completely forgotten. The reset gate determines how the new input can
be combined with earlier memory, which resets the past information in order to get rid
of gradient explosion. The reset gate determines how the new input can be combined
with earlier memory, which resets the past information in order to get rid of gradient
explosion. The learning process of GRU is done in three steps, similar to LSTM. Firstly,
the status of the memory block is updated by the update gate and the reset gate, Then,
the memory cell generates a vector of new candidate values, Finally, the output of the
memory block for the current time step is calculated. Since GRU has fewer parameters
than LSTM, its training is easier and faster with a lower memory requirement, while
providing performance comparable with LSTM (Witten & Frank, 2002).
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Table 3.1: Machine learning models and their implemented frameworks and modules

Algorithm Abbreviation Framework Module

Multiple Linear Regres- MLR sklearn.linear_model.LinearRegression
sion

K-Nearest Neighbor KNN Scikit-learn  sklearn.neighbors.KNeighborsRegressor
Support Vector Machine SVM sklearn.svm.LinearSVR

Classification and Regres- CART sklearn.tree.DecisionTreeRegressor
sion Tree

Random Forest RF sklearn.ensemble.RandomForestRegressor
Multi-Layer Perceptron MLP tf.keras.layers.Dense

Recurrent Neural Net- RNN Keras and tf.keras.layers.SimpleRNN

work

Long Short-Term Memory LSTM TensorFlow tf.keras.layers.LSTM

Gated Recurring Unit GRU tf.keras.layers.GRU

3.4.6 Machine learning packages

The ML models were built and deployed in user-friendly and open-source machine
learning frameworks in python, including Scikit-learn (Pedregosa et al., 2011), Tensor-
Flow (Abadi et al., 2016) and Keras (Ketkar, 2017). Scikit-learn is a general machine
learning framework built on top of Python’s NumPy library. It features a wide range
of traditional machine learning algorithms as well as a great variety of useful tools for
data pre- and post-processing and model evaluation. TensorFlow is an end-to-end ma-
chine learning framework developed by Google and written in several languages, such
as Python, Java and Swift. It is comprehensive and flexible, offering resources, libraries
and tools that facilitate building and applying machine learning algorithms, primarily
neural networks. Keras is an effective high-level neural network Application Program-
ming Interface (API) written in Python, running on top of TensorFlow. It is designed to
provide fast experimentation and allows for quickly building and training neural net-
works with minimal lines of code. All ML models with their frameworks and modules
implemented in this thesis are indicated in Table 3.1.

3.5 Goodness-of-fit criteria

3.5.1 Criteria for model simulations

To examine the wflow_sbm model parameter optimization, ML model training and per-
formance evaluation of all models in the simulation phase, the simulated results were
compared with the observed data. Amongst several suggested criteria (Moriasi et al.,
2015; Houshmand Kouchi et al., 2017), four well-known criteria were applied in this
thesis, including the Kling Gupta efficiency (KGE), mean square error (MSE), root mean
square error (RMSE) and percent bias (PBIAS).
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Kling Gupta efficiency (KGE)

The Kling Gupta efficiency (KGE) was proposed by Gupta et al. (2009) to better diag-
nose the relative importance of the three components that assess different hydrological
dynamics: correlation, variability error and bias error, which were decomposed and
modified from the Nash-Sutcliffe model efficiency coefficient (NSE; Nash & Sutcliffe,
1970). Gupta et al. (2009) suggested that due to the quadratic nature of NSE, the
model calibration by maximizing NSE may lead to the underestimation of peak flows
and overestimation of low flows, as the maximum NSE tends to be achieved when the
variability error is equal to the correlation error. Since KGE equally weighs the three
components and circumvents the connections between them, it is an alternative crite-
rion that has been widely used in the past decade. KGE is given by

KGE=1—+/(r— 12+ (a— 1)2+ (B — 1)2, (3.9)

where r is the Pearson correlation coefficient between simulated streamflow and ob-
served streamflow (giving the error in the dynamics), « is the ratio of the standard
deviation of simulated streamflow over the standard deviation of observed streamflow
(giving the error in the variability) and § is the ratio between the mean simulated
streamflow and the mean observed streamflow (giving the bias).

Similar to NSE, KGE ranges from —oo to 1, with an ideal value at unity when all three
components are equal to 1. However, their values should not be treated as approx-
imately equivalent or interpreted in the same way, because, for instance, using the
observed mean as prediction results in NSE = 0 but KGE = —0.41 (Knoben et al.,
2019). Several performance benchmarks have been proposed (Althoff & Rodrigues,
2021), which is informative, but should be used carefully.

In this thesis, KGE was used as the objective function to optimize the KsatHorFrac pa-
rameter in the wflow_sbm model (in Chapter 4) and as the performance index to evalu-
ate the result accuracy of the wflow_sbm model and ML models (in Chapters 4-7).

Mean square error (MSE) and root mean square error (RMSE)

While the KGE is bounded and dimensionless, the error in the model results can also be
measured in terms of the units of the modelled variable. In this thesis, the mean square
error (MSE) and its rooted form (RMSE) were applied. They are calculated as

N
1
MSE = — > (8= 04)?, (3.10)

i=1

RMSE = vMSE, (3.11)
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where S represents the simulated value, O represents the observed value, i is the given
time step and N is the total number of time steps.

Both MSE and RMSE range from O to oo, of which smaller values refer to better model
performance. As can be seen, MSE is measured in units that are the square of the target
variable, while RMSE is measured in the same units as the target variable. Due to its
formulation, MSE effectively penalizes larger errors. On the other hand, the advantage
of RMSE is that it is more easy to interpret.

In this thesis, MSE was used as the loss function in the training process of the ML
models, while RMSE was used to evaluate and compare the performance of the ML
models on the reservoir outflow simulations (in Chapters 6 and 7).

Percent bias (PBIAS)

Next to RMSE, another popular error criterion, the percentage bias (PBIAS), was ap-
plied. PBIAS measures the average tendency of the simulated values to be larger or
smaller than the observed counterparts and expresses it as a percentage:

N
PBIAS = % x 100. (3.12)
i=1\"1

The optimal value of PBIAS is zero, with lower-magnitude values indicating a more
accurate model simulation. Positive values indicate model overestimation bias, whereas
negative values indicate model underestimation bias (Gupta et al., 1999).

In this thesis, PBIAS was used to evaluate and compare the ML model performance on
the reservoir outflow simulations, together with KGE and RMSE (in Chapter 7).

3.5.2 (Criteria for model reforecasting

To evaluate the performance of the models in the reforecasting phase, three criteria
were applied. The error index, mean absolute error (MAE) was applied for the deter-
ministic reforecasts, while the continuous ranked probability score (CRPS) was applied
for the probabilistic reforecasts.

Mean absolute error (MAE)

The mean absolute error (MAE) represents the magnitude of the average error of the
reforecast in the absolute units, serving a similar purpose to RMSE. MAE is calculated
per lead time as

N

1
N, ; (3.13)
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where F represents the reforecast value and N; corresponds to the number of refore-
casts at a given lead time. MAE is expressed in the same units as the modelled variable
with a perfect reforecast indicated with an MAE value of 0. By definition, MAE is never
larger than RMSE.

In this thesis, MAE was used to evaluate the deterministic reforecast results of the reser-
voir inflows by the wflow_sbm model and the reservoir outflows by the ML models (in
Chapter 7).

Continuous ranked probability score (CRPS)

Unlike the deterministic reforecasts, an individual probabilistic reforecast can never be
right or wrong, except when 0% or 100% is stated. Therefore, the predictive ability
of the probabilistic or ensemble reforecasts can only be verified from large reforecast
samples, using the probability scoring rules. The continuous ranked probability score
(CRPS) generalizes MAE for the ensemble reforecasts. It measures the discrepancy be-
tween the reforecast cumulative distribution function (CDF) and the empirical CDF of
the scalar observations. CPRS does not focus on any specific point of the probability dis-
tribution, but considers the distribution of the forecasts as a whole. CRPS is formulated
as

Ny +o0
CRPS = Ni Z/ [Pri(z) — Pos(x))?dz, (3.14)
Fhm oo

where Pp; and Py, are the reforecast and observed cumulative distributions for the ith
reforecast with a given lead time. z is the reforecast/observed sum, which is approxi-
mated numerically as an interval with a step dz that is variable and dependent on the
sum per ensemble member (Hersbach, 2000; Imhoff et al., 2020a).

Similar to MAE, CRPS is expressed in the same units as the modelled variable, with
smaller values indicating better model performance. CRPS reduces to MAE for single-
valued (deterministic) forecasts (Gneiting & Raftery, 2007). For this reason, using CRPS
enables the comparison between MAE of the single-valued reforecasts and CRPS of the
ensemble reforecasts.

In this thesis, CRPS was used to evaluate the ensemble reforecast results of the reser-
voir inflows by the wflow_sbm model and the reservoir outflows by the ML models (in
Chapter 7).
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Chapter 4

Distributed hydrological modelling
with global datasets

This chapter is based on:

Wannasin, C., Brauer, C. C., Uijlenhoet, R., Van Verseveld, W. J., & Weerts, A.
H. (2021b). Daily flow simulation in Thailand Part I: Daily flow simulation in
Thailand Part I: Testing a distributed hydrological model with seamless parameter
maps based on global data. Journal of Hydrology: Regional Studies, 34, 100794,
doi:10.1016/j.ejrh.2021.100794
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Abstract

This chapter presents a (~1 km) distributed hydrological model, wflow_sbm, with
global spatial data and parameterization for estimating daily streamflow in the upper
region of the Greater Chao Phraya River (GCPR) basin, with the aim to overcome in
situ data scarcity often occurring in Southeast Asia (SEA). We forced the model with
the MSWEP V2 precipitation and eartH2Observe potential evapotranspiration datasets.
Seamless distributed parameter maps based on pedotransfer functions (PTFs) and liter-
ature review were applied to bypass calibration. Only the KsatHorFrac parameter deter-
mining the lateral subsurface flow was calibrated. A target storage-and-release-based
reservoir operation module (ROM) was implemented to simulate reservoir outflows.
We compared the simulated daily streamflows obtained from different PTFs and eval-
uated the model performance in the period 1989-2014. The wflow_sbm model with
global spatial data and parameterization can reconstruct daily streamflow in the upper
GCPR basin, especially for natural catchments (KGE = 0.78). The ROM can capture the
seasonal variability of reservoir outflows, but not very accurately at the daily timescale
(KGE = 0.43) since the actual reservoir operation is too complex. Different PTFs and
KsatHorFrac values only introduce little uncertainty in the streamflow results. There-
fore, the proposed model provides an opportunity for streamflow estimation in other
ungauged or data-scarce basins in SEA. Nonetheless, the difficulty in the reservoir sys-
tem modelling reflects the necessity of a better understanding of the quantitative effects
of human intervention on daily streamflow.
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4.1 Introduction

Floods and droughts have caused profound damage at the global scale, amplified by
climate change and land use change (Chang & Franczyk, 2008; Dai, 2011; Ward et al.,
2013; Bagley et al., 2014). These hydrological hazards have dramatically increased
in many regions and are expected to become more frequent and severe in the future
(Trenberth et al., 2014; Winsemius et al., 2016). Southeast Asia (SEA) is a region that
is exceptionally prone to both floods (Hirabayashi et al., 2013; Ceola et al., 2014; Ar-
nell & Gosling, 2016) and droughts (Cook et al., 2010; Dai, 2013; Trenberth et al.,
2014). The vulnerability of SEA is partially due to the changes in monsoon dynamics
and partially due to socio-economic development, such as urbanization, deforestation
and cultivation, in developing countries. Mitigating these hydrological hazards in SEA
requires rational water resources planning and management at the basin scale. This
calls for the development of comprehensive hydrological models for the basin, particu-
larly at the (sub)daily timescale, to assist both early warning and mitigation.

Several process-based hydrological models have been developed over the past decades
for a better understanding of rainfall-runoff processes and have become important tools
for scenario simulations, predictions and decision-making for river basin management
(e.g., Mysiak et al., 2005; Ajami et al., 2008; Cloke & Pappenberger, 2009). Hydro-
logical models can be classified as lumped or distributed according to the spatial rep-
resentation (Singh & Woolhiser, 2002). Lumped models mathematically simplify the
rainfall-runoff processes in a basin with spatially averaged parameters. Lumped model
parameters have to be calibrated as they cannot be obtained from direct measurements,
thus limiting model applications to gauged basins (Crawford, 1966). With improve-
ments in computer technologies, distributed models have been developed (Singh &
Woolhiser, 2002), which allow mathematically describing the rainfall-runoff processes
in a spatially distributed way. This model type uses parameters directly related to the
physical characteristics of the basin (e.g., topography, soil, land cover and river net-
work) and takes into account spatial heterogeneity in both physical characteristics and
meteorological inputs. Therefore, distributed models potentially provide an additional
and more correct description of hydrological processes in the basin compared to lumped
models (Refsgaard & Knudsen, 1996; Wicks & Bathurst, 1996). Since distributed mod-
els can fulfill various needs in spatial modelling, such as flood and drought extents, they
have been widely used in water resources planning and management.

Despite their benefits, distributed models are much more complex and difficult to apply
than lumped models. Firstly introduced in the 1970s, the distributed models were ex-
pected to be used without prior calibration by directly determining model parameters
from field data (Abbott et al., 1986). This means the model results significantly depend
on the accuracy of geospatial and spatial meteorological input data (Gourley & Vieux,
2006). In practice, however, these in situ data are not always available, especially for
ungauged or sparsely gauged basins in developing countries, including in SEA (Grayson
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& Bloschl, 2001). Therefore, like lumped models, some distributed parameters are still
subject to calibration (Refsgaard, 1997). Calibrating a distributed model generally sets
different parameter values to different grid cells, which poses a high risk of overparame-
terization, requires enormous computational demands at fine resolutions and obstructs
model applications in large basins (Beven, 2006).

Fortunately, the advancement in remote sensing and geographic information system
(GIS) data, including soils, land cover and climate, in recent decades can potentially
complement some absences of field data and provide new means of spatial calibra-
tion and validation. Many remote sensing and GIS data are available in global public
domains, with relatively high spatial and temporal resolutions (Fortin et al., 2001; Skid-
more, 2017). With the availability of global high-resolution soil data (e.g., Hengl et al.,
2017), recent attention has also been focused on pedotransfer functions (PTFs) for
soil-related parameterization. Traditionally used in soil science, PTFs characterize soil
hydraulic properties using predictive functions and structural soil data (Van Looy et al.,
2017). Therefore, they have great potential to facilitate soil-related parameters, such
as the water retention characteristic and hydraulic conductivity, in distributed models
(Zhao et al., 2016a; Imhoff et al., 2020b). Together with powerful computer resources,
we can attempt to maximize the use of remote sensing, GIS and PTFs data in order to
minimize the number of calibrated parameters in distributed models. This offers an op-
portunity to develop more feasible and reliable distributed models for basins with data
scarcity like in SEA.

In basins that are highly regulated by reservoirs, hydrological models also need explicit
reservoir operation components. This is yet another motivation to use distributed hy-
drological models in this context. Failure to represent reservoir operation limits the
models’ performance and their applicability in scenario analyses, with climate, land use
and operation changes (Yassin et al., 2019). The existing reservoir operation schemes in
hydrological models are categorized into four types: natural lake, inflow- and demand-
based, data-driven and target storage-and-release-based (Yassin et al., 2019). The nat-
ural lake method is limited to reservoirs without dams. The inflow- and demand-based
methods determine reservoir outflows as a function of inflows and downstream water
demands, but cannot account for reservoir operation in detail. The data-driven meth-
ods can simulate reservoir outflows more accurately, but cannot provide insight into
the reservoir operation mechanisms due to their black-box characteristics. The target
storage-and-release-based methods consider reservoir storage zoning and adjust reser-
voir outflows as a function of dynamic target storage, so-called operating rule curves.
The main challenge for this type of method is a large amount of required data, such as
the storage zone setting and actual rule curves of each reservoir, which are not always
documented or easy to obtain. However, considering the growing availability of global
data, the target storage-and-release-based methods are the most promising for simulat-
ing the multipurpose reservoirs at the daily timescale (e.g., Zhao et al., 2016b; Zajac
et al., 2017; Yassin et al., 2019).
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The Greater Chao Phraya River (GCPR) basin in Thailand represents the vulnerable and
highly regulated river basins in SEA, considering its agriculture and water resources
management. It contains several multipurpose reservoirs, of which the Sirikit and Bhu-
mibol reservoirs are the largest in terms of storage capacity. Previous studies have
investigated the performance of various distributed models on the monthly and daily
streamflow simulations in the GCPR basin and other highly regulated basins in SEA
(e.g., Kite, 2000; Kure & Tebakari, 2012; Sayama et al., 2015). Many of them have
utilized global geospatial data (e.g., Thanapakpawin et al., 2007; Vo & Gourbesville,
2016; Bhagabati & Kawasaki, 2017; Livneh et al., 2017). Some studies have further
implemented daily meteorological data from global databases to force the models in-
stead of using gauged data, and they have shown promising performance. (e.g., Wang
et al., 2016; Liu et al., 2017; Li et al., 2019; Yuan et al., 2019). Few studies have im-
plemented the target storage-and-release-based methods (e.g., Kite, 2001; Mateo et al.,
2014). However, all mentioned studies still needed to calibrate a few to several dis-
tributed parameters that are related to soil, land cover or reservoir operation. To date,
no study has applied distributed models with global parameterization to simulate daily
streamflow in the GCPR and other SEA basins.

This chapter aims to develop a (~1 km) distributed hydrological model with global
spatial data and parameterization for estimating daily streamflow in the upper region
of the GCPR basin, to overcome in situ data scarcity often occurring in SEA and to
minimize the model calibration. We used the wflow_sbm model (Chapter 3; Section
3.3.1), which has shown good performance in basins across a large range of elevations
and drainage areas (e.g., Lopez Lopez et al., 2016; Hassaballah et al., 2017; Giardino
et al., 2018; Lopez Lopez, 2018; Gebremicael et al., 2019; Imhoff et al., 2020b). The
utilized global remote sensing and GIS data included (i) static geospatial data from
global databases; (ii) meteorological forcing data from the global reanalysis; (iii) seam-
less distributed maps for soil-related parameters obtained with PTFs and (iv) seamless
distributed maps for land cover-related parameters obtained from literature review and
global databases. Model results from different PTFs were investigated. A reservoir
operation module (ROM) with a target storage-and-release-based method (Chapter 3;
Section 3.3.2) was implemented with a minimum number of parameters and accessi-
ble operating rule curve data without calibration. The performance of the wflow_sbm
model with global spatial data and parameterization, and the ROM were evaluated in
both natural and regulated catchments.

4.2 Methodology

This chapter had a step-wise approach of (i) setting up the wflow_sbm model with global
data and parameterization for the upper GCPR basin, (ii) including the reservoir oper-
ation module and (iii) evaluating the model performance. The modelling framework of
the study is illustrated in Figure 4.1.
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Figure 4.1: Modelling framework of the study, including the wflow_sbm model setup with
global data and parameterization, the reservoir operation module and the model performance
evaluation. P and PET refer to precipitation and potential evapotranspiration. The dotted
arrows represent inputs, the dashed arrow represents calibration and validation, and the solid
arrows represent outputs.

4.2.1 wflow_sbm setup and parameterization

The wflow_sbm model requires spatial meteorological data (precipitation and potential
evapotranspiration) and geospatial data (elevation, land cover and soil). All these data
were obtained from global databases, as previously described in Chapter 3; Sections
3.1.1 and 3.1.2. Aiming to tackle the issues of data scarcity and overparameterization
for the upper GCPR basin, we also set up the wflow_sbm model with global parameter-
ization. Recently, seamless distributed parameter maps at the global scale have been
available for wflow_sbm (Schellekens et al., 2019; Imhoff et al., 2020b). The main pa-
rameters and their sources for global parameterization used in this study are indicated
in Table 4.1.

Global parameterization of soil-related parameters

The seamless distributed maps of soil-related parameters for wflow_sbm were estimated
with pedotransfer functions (PTFs) based on soil types from the SoilGrids database
(Imhoff et al., 2020b). They were initially applied to the Rhine basin and then region-
alized to the global scale at the highest resolution of 250 m using the multi-parameter
regionalization technique (MPR; Samaniego et al., 2010). Among five soil-related pa-
rameters (as indicated in Table 4.1), users can choose different PTFs, such as Braken-
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Figure 4.2: Spatial distribution of soil-related parameters, KsatVer (upper panels) and M
(lower panels), for the upper GCPR basin in comparison between the PTF-B (right) and PTF-C
(left) methods at the ~1 km resolution. For parameter definitions, see Table 4.1. Boundaries
of the four selected catchments are indicated in black color.

siek (Brakensiek et al., 1984) and Cosby (Cosby et al., 1984) functions, to estimate two
highly sensitive parameters, KsatVer (vertical saturated conductivity) and M (decay rate
of KsatVer). We ran the wflow_sbm model with the Brakensiek (PTF-B) and Cosby (PTF-
C) parameter sets to investigate the effect of different PTFs on the model performance.
The spatial comparison of both parameter sets for the upper GCPR basin is shown in
Figure 4.2.

Global parameterization of land cover-related parameters

The seamless distributed maps of land cover-related parameters for wflow_sbm were
either estimated from a literature review or taken directly from global databases (as
indicated in Table 4.1). The parameter maps from the literature review were collected
as look-up tables and assigned to the land cover types of the GLOBCOVER database at its
original resolution of 300 m. The parameter maps from global databases had different
resolutions depending on their sources. This application assumed that the uncertainty
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Figure 4.3: Spatial distribution of land cover and its related parameters, RootingDepth, SI and
N, for the upper GCPR basin at the ~1 km resolution. For parameter definitions, see Table
4.1. Boundaries of the four selected catchments are indicated in black color.

in land cover changes over the study period is negligible at the basin scale. Examples of
the spatial distribution of land cover-related parameters for the upper GCPR basin are
shown in Figure 4.3.

Other parameters

Other insensitive parameters of wflow_sbm were set at their default values (Schellekens
et al., 2019), leaving only one soil-related parameter, KsatHorFrac [-], to be calibrated.
KsatHorFrac is the multiplication factor applied to KsatVer (vertical saturated conductiv-
ity) to calculate horizontal saturated conductivity for computing the lateral subsurface
flow. This parameter compensates for anisotropy, small-scale (soil core) saturated hy-
draulic conductivity measurements that do not represent larger-scale hydraulic conduc-
tivity and smaller flow length scales (hillslope) in reality, which cannot be represented
with the model resolution. The ratio of horizontal saturated conductivity to vertical
saturated conductivity has been reported for catchments in temperate climates with
typical values of 20-100 (Calver & Cammeraat, 1993; Refsgaard, 1997; Brooks et al.,
2004; Weiler & McDonnell, 2007; Gauthier et al., 2009).
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Model setup, calibration and runs

We applied the wflow_sbm model to the entire upper GCPR basin at a spatial resolution
of approximately 1 km and temporal resolution of 3 hours over the study period of
25 years from the year 1989 to 2013. The ~1 km grid cells could account for the
areas of the two major reservoirs. The meteorological maps and seamless distributed
parameter maps were upscaled or downscaled to the target resolution with parameter-
specific upscaling procedures (Imhoff et al., 2020b). Although our study focused on the
daily timescale, we ran the model at the 3-hourly time step to be able to calculate the
model results at the daily timescale using the same aggregation period as applied in the
daily observations (6.00 p.m.—6.00 p.m.; more detail in Chapter 3; Section 3.1.3). The
daily PET data were divided into 3-hourly data using hourly fractions.

We manually calibrated KsatHorFrac for the years 2010-2011, which contain extremely
wet and dry periods. The parameter was calibrated separately for the PTF-B and PTF-
C soil-related parameter sets, with the parameter value ranging from 100 to 800. We
then validated the optimized KsatHorFrac values for the period of 1989-2013, exclud-
ing 2010-2011. We used 2006 and 2013 as the representative years for wet and dry
conditions in the upper GCPR basin. The hydro-meteorological details of the extreme
years and the entire study period for the selected four catchments in the upper GCPR
basin are shown in Table 4.2. The Kling Gupta efficiency (KGE; Gupta et al., 2009) was
used as the objective function to optimize the KsatHorFrac parameter (more detail on
the criteria shown in Chapter 3; Section 3.5.1).

4.2.2 Reservoir operation module

The reservoir operation module (ROM) within the kinematic wave routing of the
wflow_sbm model requires parameters representing (i) reservoir operation and (ii) the
physical characteristics of each reservoir. As defined in Table 4.3, both operational and
physical parameters are simplified and can be obtained directly from local data sources
(RID and EGAT) or calculated from observed streamflow data without calibration. This
allows for exploring the competence of available data. Amongst the five multi-purpose
reservoirs in the upper GCPR region (see Chapter 2; Section 2.3), this study focused on
the most important and largest reservoirs, Sirikit and Bhumibol, which accounted for
93% of the total reservoir capacity in the upper region. The values of the operating rule
curve parameters for the Sirikit and Bhumibol reservoirs were previously shown in Fig-
ure 3.4(B) and 3.4(C). The physical parameter values for each reservoir were previously
indicated as the last three components in Table 2.1.

4.2.3 Model performance evaluation

We investigated the model performance on two natural catchments (Nan_natural and
Yom _natural) and two regulated catchments (Sirikit and Bhumibol) in the upper GCPR
basin, as shown in Figure 2.2. More explanation of the selected catchments and their
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Table 4.2: Annual sums of water fluxes for catchments and years of interest. The fluxes com-
prise the MSWEP V2 Precipitation (P), eartH20bserve potential evapotranspiration (PET) and
observed streamflow (Q). Nan_natural and Yom_natural are headwater catchments, whereas
Sirikit and Bhumibol are midstream catchments. Therefore, the latter catchments also re-
ceive inflow from upstream, which is not shown here. Note that the P, PET and Q data were
obtained from independent measurements or calculations.

Catchment Component Wet Dry Long-term average

[mmyear—!'] (2006) (2013) (1989-2013)
Nan_natural P 1225 1116 1230

PET 1069 1079 1032

Q 856 572 766 (1994-2013)
Yom_natural P 1121 1048 1099

PET 1123 1132 1086

Q 513 261 386 (1996-2013)
Sirikit r 1377 1030 1111

PET 1223 1216 1181

Q 3160 1905 2814 (1989-1997, 2003-2013)
Bhumibol P 1179 858 942

PET 1099 1107 1092

Q 1075 569 780
Upper Chao Phraya P 1248 1044 1060

PET 1220 1221 1189

Q 373 146 211

areas and boundaries are provided in Chapter 2; Section 2.4. The KGE was used to
evaluate the accuracy of the wflow_sbm model and the ROM at the daily timescale.

4.3 Results

4.3.1 Parameter optimization and uncertainty

During the calibration of the KsatHorFrac parameter, we found that higher KsatHorFrac
values generally attenuate the magnitude of streamflow, especially for peak flows, and
flatten their recession limbs. With the same KsatHorFrac value, the PTF-B parameter set
produces daily streamflow with steeper peaks and more rapid recessions than the PTF-C
parameter set. This is because PTF-B presents more varying KsatVer values, with lower
M values, over the study area (Figure 4.2), resulting in less daily baseflow contribution.
The optimized KsatHorFrac value for the upper GCPR basin is 550 for PTF-B and 120
for PTE-C. The range of the simulated daily streamflows with the KsatHorFrac values
between 100 and 800 is more narrow for PTF-B than for PTF-C (light colored bands in
Figure 4.4), indicating that PTF-B introduces a smaller uncertainty in the streamflow
result compared to PTF-C.

With their optimized KsatHorFrac values, PTF-B and PTE-C deliver similar estimates of
daily streamflow for both natural and regulated catchments, as demonstrated by the
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Table 4.3: Reservoir parameters and their sources for parameterization. The values of the op-
erating rule curve parameters for the Bhumibol and Sirikit reservoirs are illustrated in Figure

3.4. The values of the physical parameters are presented in Table 2.1.

Reservoir parame-
ter

Parameter interpretation

Source of value determi-
nation

Operational (rule curve) parameters

DD Target of downstream water demand Long-term monthly aver-
[m? time step~!] age streamflow at a dam
location (RID)
ResMaxFrac Target of maximum storage (conservation Long-term monthly target
storage level) as a fraction of ResMaxVol, maximum storage (RID)
ranging between 0 and 1 [-]
ResMinFrac Target of minimum storage (inactive stor- Default setting

age level) as a fraction of ResMaxVol,
ranging between 0 and 1 [-]

Physical parameters

ResArea Reservoir surface area used for estimating RID
precipitation and evaporation [m?]
ResMaxQ Maximum release capacity of a reservoir As the actual value is un-
[m? time step~!] known, it was set as the
maximum outflow in the
historical record (RID)
ResMaxVol Reservoir maximum storage (flood control ~RID

storage level) [m?]

colored lines in Figure 4.4 and the goodness-of-fit indicators in Table 4.4. PTE-B out-
performs PTFE-C in the natural catchments, while PTE-C performs better in the regulated
catchments. PTF-B tends to result in higher a, but smaller 5 compared to PTF-C, indicat-
ing a lower error in the variability (less overestimating or underestimating the variabil-
ity in daily streamflow), but a larger bias (more overestimating or underestimating the
mean streamflow). This is because PTF-B captures the daily streamflow fluctuation and
magnitudes of daily peak flows more accurately whereas PTE-C is better at simulating
daily baseflow, as also visible in Figure 4.4.

4.3.2 Model performance in natural catchments

Overall, the wflow_sbm model with the global data and seamless distributed param-
eter maps can reconstruct the observed daily streamflow for the natural catchments.
The daily hydrographs of the Nan_natural catchment (Figure 4.5(A) and (B)) and
Yom _natural catchment (Figure 4.5(C) and (D)) show good fits in the peak timing
and seasonal variability between the observed and simulated streamflows in both wet
year (2006) and dry year (2013). Table 4.4 indicates satisfactory model performance,
with the KGE value in the validation period ranging between 0.63 and 0.65 for the
Nan_natural catchment and 0.78 for the Yom_natural catchment. Apart from the spa-
tial uncertainty in model parameters, the varying model performance between the two
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Figure 4.4: Simulated and observed daily streamflows for the Nan_natural catchment in 2011,
which is part of the calibration period. The simulated streamflows obtained with different
KsatHorFrac values from 100 to 800 for the PTF-B parameter set (panel (A)) and PTE-C pa-
rameter set (panel (B)) are presented as ranges in colored bands. The simulated streamflow
obtained with the optimized KsatHorFrac is shown in solid colored lines, compared to the ob-
servations (obs) in dashed black lines.

catchments can be attributed to the difference in the catchment characteristics, partic-
ularly the elevation and land cover. A large part of the Nan_natural catchment is moun-
tainous with forest areas, as shown in Figure 2.2 and 4.3. Therefore, its hydrological
processes are more difficult to simulate compared to the Yom_natural catchment that
is less steep with more grasslands. The difficulty is caused by the higher amount and
variability in precipitation, which result in the higher and more fluctuating streamflow,
as also evident in Table 4.2. As a result, the magnitude of peak flow in the Nan_natural
catchment was five times higher than in the Yom_natural catchment in the wet year
(Figure 4.5(A) and (C)) and nine times higher in the dry year (Figure 4.5(B) and (D)).
For both catchments, the model tends to underestimate flood peaks in the rainy season,
especially at the beginning of the monsoon period, and miss peak flows generated by
local storm events in the dry season.

4.3.3 Model performance in regulated catchments

The wflow_sbm model with the ROM shows the varying performance when simulating
the regulated streamflow for the Sirikit and Bhumibol catchments (Table 4.4). On the
one hand, the daily streamflow estimate for the Sirikit catchment is passable, with the
highest KGE of 0.43 (PTE-C) in the validation period. On the other hand, the model
failed to estimate the daily streamflow for the Bhumibol catchment, resulting in nega-
tive KGE values in both calibration and validation periods. The major sources of error
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Table 4.4: wflow_sbm performance in simulating daily streamflow for the four study catch-
ments and daily storage for the two reservoirs, with the PTF-B and PTF-C parameter sets. KGE
and its components were obtained during the calibration (first row) and validation (second
row) against observations. The model was calibrated for the years 2010-2011 and validated
for the years 1989-2013, excluding 2010-2011.

PTF-B PTF-C
KGE r o B KGE r o 8
Cal 068 089 085 0.73 0.66 0.89 0.80 0.74
val 0.65 0.85 0.88 0.70 0.63 0.83 0.83 0.71
Cal 067 080 078 0.86 0.65 0.79 0.75 0.87

Period

Nan_natural

Catchment ~ om-atural 1 078 079 1.07 097 078 078 096 0.97

(streamflow) Cal 024 042 136 134 025 043 135 1.35

val 041 042 087 094 043 045 084 096

Bhumibol Cal -0.68 004 206 188 -0.63 003 196 1.89

val  -0.26 004 1.73 137 -0.21 0.06 165 1.38

Sirikit Cal 045 077 054 120 041 079 049 1.2

Reservoir val 0.80 087 1.03 085 0.81 086 1.05 0.88

(storage) . Cal 0.13 0.69 035 1.50 0.12 0.71 0.33 1.50
Bhumibol

Val 0.59 0.69 1.09 124 0.59 0.71 1.04 1.28

for both catchments are the inflexibility of the daily reservoir releases and the prompt
releases of surcharge water by the ROM in the very wet periods, as evidenced in Figure
4.5(E), (G) and (H). Therefore, the resulting accuracy for both reservoirs tends to be
higher in the dry season than in the rainy season and higher in dry years than in wet
years.

To elaborate on the ROM performance, the daily water storage computed by the ROM
for the Sirikit and Bhumibol reservoirs are compared to observations in Figure 4.6.
Overall, the simulated reservoir storage reasonably captures the inter- and intra-annual
variability, although the magnitude is not accurate. The storage tends to be underesti-
mated for the Sirikit reservoir and overestimated for the Bhumibol reservoir. In very wet
periods, the storage is overestimated and exceeds the monthly target maximum (top of
the grey band in Figure 4.6). This occurred more often for the Bhumibol reservoir than
for the Sirikit reservoir, especially after the year 2003. As a result, the goodness-of-fit
of the simulated storage (Table 4.4) is significantly better for the Sirikit reservoir (high-
est KGE = 0.81 with PTF-C) than the Bhumibol reservoir (KGE = 0.59 for both PTE-B
and PTF-C). Due to the storage overestimation, the ROM released surcharge storage
promptly (according to Equation (3.7) in Chapter 3), producing the unrealistic stream-
flow, as appeared in 2006 (Figure 4.5(E) and (G)). Although the observed daily storage
of both reservoirs also exceeded the monthly target maximum in some wet years, e.g.,
1995, 2006 and 2011 (Figure 4.6), most of the observed surcharged water was al-
lowed to stay in the reservoirs instead of being spilled at once. Therefore, the observed
peak outflow due to surcharge storage was not as huge as the outflow simulated by
the ROM (Figure 4.5(E)—(H)). Due to the limited flexibility of the ROM, it cannot cap-
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Figure 4.5: Simulated and observed daily streamflows in the wet year (2006; left panels) and
the dry year (2013; right panels) for the Nan_natural (first row), Yom_natural (second row),
Sirikit (third row) and Bhumibol (bottom row) catchments. The simulated streamflow with

the optimized PTF-B parameter set is shown in solid red lines, the simulated streamflow with

the optimized PTF-C parameter set in dashed orange lines and the observations (obs) in solid

black lines.

ture the dynamics of the observed reservoir outflows at the daily timescale. However,
it does show satisfactory performance for simulating reservoir outflows at the monthly
timescale. The monthly hydrographs and the KGE results of all catchments are supplied
in Appendix A.

4.4 Discussion

4.4.1 wflow_sbm with global data and parameterization

To our knowledge, this is the first study that applied the wflow_sbm model to simulate
the daily streamflow in the upper GCPR basin. By setting up the model with global
geospatial datasets (e.g., SRTM elevation), forcing the model with global meteorologi-
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set is shown in solid red lines, the simulated storage with the optimized PTF-C parameter set
in dashed orange lines and the observations (obs) in solid black lines.

cal datasets (MSWEP V2 P and eartH2Observe PET) and applying the seamless param-
eter maps based on SoilGrids, GLOBCOVER and other global databases (e.g., MODIS
LAI), we can circumvent the poor availability of in-situ observations often occurring in
SEA. The seamless distributed parameter maps were applied to all but one sensitive
soil-related parameter, KsatHorFrac, for which PTFs were not available (Imhoff et al.,
2020b). Although a full calibration procedure may improve the model performance,
calibrating only one parameter prevented overparameterization and equinality as well
as reduced the computation time when simulating such a large basin at high spatial and
temporal resolutions.

The model sensitivity to the soil-related parameter maps with different pedotransfer
functions, PTF-B and PTF-C, became apparent due to the difference in the optimized
KsatHorFrac values (550 for PTE-B and 120 for PTF-C). KsatHorFrac controls horizontal
saturated conductivity, which influences the magnitude of the lateral subsurface flow,
and thus streamflow dynamics and recession after a peak (Figure 4.4). The parame-
ter is, consequently, sensitive to the other soil-related parameters, particularly KsatVer
(vertical saturated conductivity) and M (decay rate of KsatVer) (see full description in
Table 4.1). PTE-B and PTF-C produced very different spatial values of KsatVer and M, as
visible in Figure 4.2. Therefore, we suggest calibrating KsatHorFrac with respect to the
selected PTF parameter set and study area. Furthermore, calibrating the KsatHorFrac
based on soil types or evaluation instead of calibrating it as a constant value may im-
prove the model performance, which can benefit the model application for the real-time
forecasting purpose, although more computational efforts are demanded. Nevertheless,
the range of streamflows simulated with the KsatHorFrac values of 100-800 is not very
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large, especially for PTF-B (Figure 4.4). Therefore, running the model without any
calibration only introduces a little uncertainty, which enhances the possibility of its ap-
plications in ungauged basins.

Other sources of model uncertainty, such as the meteorological, geospatial and hydro-
logical input data, were not investigated in this study but could play a role in the model
errors. Firstly, the synthetic meteorological data from global databases are subject to
their own spatial (~10 km) and temporal (3 hourly—daily) resolutions, which were
coarser than the target resolutions of the model (~1 km and 3 hourly). As a result, the
P data failed to present local storm events, leading to the absence of local peak flows
in dry seasons and at the beginning of rainy seasons for natural catchments (Figure
4.5(A)—(D)). Similarly, the quality of the PET data directly affects the actual evapotran-
spiration (AET) estimates, but their accuracy was difficult to evaluate. Secondly, the
seamless distributed maps for the land cover-related parameters were created based on
the land cover database from the year 2009 (Figure 4.3). In fact, the land cover in the
upper GCPR basin has gradually changed over time, with decreasing forest areas and
increasing agricultural areas (Jamrussri & Toda, 2017). Therefore, assigning the land
cover-related parameters based on yearly land cover maps may improve the model re-
sults. Lastly, the quality of the observed streamflow data was unverified and could also
affect the model performance evaluation to some extent.

Considering the study purpose, we conclude that the wflow_sbm model with global
data and parameterization is capable of simulating the daily streamflow for the natural
catchments (Figure 4.5(A)—-(D) and Table 4.4), but less effective for the regulated catch-
ments due to mathematical limitations in the ROM (see Section 4.4.2 for more detail).
In most study catchments, the goodness-of-fit results were higher during the validation
than during the calibration potentially because the short calibration period (years 2010-
2011) was both extremely wet and dry, while the validation period (years 1989-2013,
excluding 2010-2011) also contained more regular hydrological conditions. Nonethe-
less, the wflow_sbm model outperforms the SWAT model that was run with observed
daily meteorological data and fully calibrated for the same study area (Jamrussri &
Toda, 2017). Therefore, it has the potential to serve as a tool for the upper GCPR basin
and other ungauged or data-scarce catchments in SEA.

4.4.2 Reservoir operation module

Reservoir operation modules with the target storage-and-release-based methods usually
require a large amount of data for an individual reservoir that may be undocumented or
difficult to obtain, particularly for data-scarce areas like SEA. Yassin et al. (2019) found
that even when the required data are available, they usually contain considerable un-
certainties so that optimizing operational parameters is still insufficient to represent
the absolute storage-release relationship for many reservoirs, especially the multipur-
pose ones. Considering limited data available for the upper GCPR basin, the ROM was,
therefore, designed to minimize the number of operational parameters and utilize ac-
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cessible data without calibration (Figure 3.4 and Table 4.3), which also allowed for
investigating the data competence.

The main error in the ROM results was the daily storage that exceeded the monthly
target maximum in the rainy seasons (Figure 4.6). In response, the surcharge water
was promptly released by the ROM, causing unrealistic flood peaks (Figure 4.5(E), (G)
and (H)), especially for the Bhumibol reservoir. Meanwhile, the observations showed
that the daily storage also exceeded the monthly target maximum in some wet years.
However, the surcharge was not released at once, but was held and gradually released
to prevent downstream floods. On some occasions, the daily outflows were paused for
a few days to control downstream floods. This indicates the high flexibility of the actual
reservoir operation on a day-to-day basis, which could not be captured by the ROM that
is based on the monthly operating rule curves and piece-wise linear regression algo-
rithm. This flexibility reflects real-time decision-making by reservoir operators to meet
occasional targets, such as mitigating floods, satisfying downstream irrigation demands
and increasing the hydropower generation (Yassin et al., 2019). Therefore, the ROM
simulations in this study can be seen as the baseline operation scenario, which reflects
the generalized operation without further impacts of human intervention. This baseline
simulation is useful for analyzing effects of reservoir operation on downstream flows,
which is presented in Chapter 5. Although real-time decision-making is beyond the ca-
pability of the ROM and other process-based operation modules, we suggest that the
ROM performance can still be upgraded in the future with (i) a more accurate storage
calculation and (ii) a more complex release algorithm.

The storage calculation may be improved with the higher accuracy of daily reservoir
inflows and direct AET losses computed by the wflow_sbm model. In this study, the
upstream inflows of the Sirikit and Bhumibol reservoirs were simulated as naturalized
flows and indirectly validated with upstream flows since reliable reservoir inflow data
are not available. However, there are four reservoirs located upstream of the Bhumibol
reservoir, which have been operated since 2003. Therefore, the simulated inflows could
be inaccurate, although this was impossible to evaluate without observed data. This ex-
plains the storage overestimation for the Bhumibol reservoir after 2003 (Figure 4.6(B)).
Meanwhile, the inaccuracy of the daily AET could be partly due to the simplification of
the ROM itself. Since the water surface area of each reservoir was set as a fixed value
(Table 2.1), despite the daily storage change, the amount of daily evaporating water
could be under- or overestimated. Therefore, the reservoir area-elevation-storage rela-
tionship (e.g., Zhao et al., 2016b) may increase the accuracy of the daily AET losses,
and thus the daily storage estimated by the ROM.

The main factor determining the release algorithm in the ROM is the monthly target
downstream water demand (DD). Without existing data, the DD of each reservoir was
estimated as the long-term-monthly average of the reservoir outflow (Figure 3.4(B)),
which could be a source of significant uncertainty for the daily outflow simulation. An-
other limitation of this algorithm is that it intends to meet the target DD without consid-
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ering the daily inflows (e.g., thresholds for flooding, normal and low inflows) or max-
imum acceptable streamflow at downstream control points (e.g., at Nakhon Sawan).
Adding these factors into the outflow determination process (e.g., Zhao et al., 2016b;
Yassin et al., 2019) may rectify the unrealistic surcharge releases. In addition, a re-
lease coefficient (e.g., annual coefficients as a function of mean total annual inflow)
could introduce the inter-annual release variability into the module (Hanasaki et al.,
2006). However, more parameters also mean more uncertainty sources, and thus their
competence should be carefully assessed.

4.4.3 Human impacts on hydrological modelling and streamflow

Our findings are in substantial agreement with previous studies, concluding that sim-
ulating the outflows of the Sirikit and Bhumibol reservoirs is challenging due to the
complex patterns of real-time decision-making by reservoir operators. Neither target
storage-and-release-based methods nor inflow-and-demand-based methods applied in
the past could satisfactorily reconstruct the actual operations of these two reservoirs at
the daily timescale (e.g., Hanasaki et al., 2006; Mateo et al., 2014; Yassin et al., 2019).
The recent study of Yassin et al. (2019) suggested that it was mainly due to the high
ratio of the maximum reservoir storage and the mean total annual inflow of both reser-
voirs (>0.5), indicating more radical regulations compared to many other reservoirs
worldwide. Moreover, since the outflows of the Sirikit and Bhimibol reservoirs conju-
gate at Nakhon Sawan, it is likely that both reservoirs are jointly operated in real-time
to manage floods and droughts in the downstream floodplain, as also reported during
the 2011 GCPR flooding (Komori et al., 2012).

Recently, Yang et al. (2019) found that the data-driven method, artificial neural net-
works (ANNSs), could learn the complex pattern of the observed reservoir outflow
records and reproduce the daily outflow more accurately for both Sirikit (NSE = 0.93)
and Bhumibol reservoirs (NSE = 0.86). Therefore, they can be useful tools for real-time
reservoir outflow simulation and forecasting. However, since ANNs are black boxes,
they cannot reveal the insights of real-time decision-making for the actual operation,
which remain imperative for better and more sustainable reservoir water management
in the future.

Above all, the unsatisfactory simulations of the reservoir outflows by the ROM reflect
the strong and prompt human intervention on daily streamflow. In the areas that are
at risk of floods and droughts like the upper GCPR basin and other basins in SEA,
understanding of quantitative impacts of reservoir operation, especially with real-time
decision-making, on downstream flows is essential. Therefore, we further applied the
developed model and results from this study to assess the effects of reservoir operation
on the daily streamflow in the upper GCPR basin in Chapter 5. With deeper knowl-
edge of both reservoir system modelling and reservoir effects, we expect to be more
capable of improving hydrological modelling and water resources management simul-
taneously.
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4.5 Conclusion and outlook

This chapter concerned the development of a (~1 km) distributed hydrological model,
wflow_sbm, with global spatial data and parameterization and the exploration of its
performance in estimating daily streamflow in the upper Greater Chao Phraya River
basin. The main findings are as follows:

1. The wflow_sbm model with global spatial data and parameterization can satisfac-
torily estimate daily streamflow in the natural catchments (highest KGE = 0.78 in
the validation period).

2. The wflow_sbm model was not able to estimate daily streamflow in regulated
catchments very well due to the simplified algorithm of the reservoir operation
module (ROM) (highest KGE = 0.43 in the validation period).

3. The ROM with the (monthly) operating rules can capture the seasonal variabil-
ity of the reservoir storage and outflows, but cannot take into account real-time
decision-making by reservoir operators. The ROM results, therefore, reflect the
baseline operation without further impacts of human intervention.

4. The difference between daily reservoir outflows from the baseline operation (sim-
ulations) and the real-time operation (observations) highlights the strong effect
and importance of real-time decision-making to optimize the reservoir outflows
promptly, especially during extreme events. At the same time, it also addresses
the source of difficulties in modelling large-scale multipurpose reservoirs. A more
complex module with optimized parameters may improve the results, but uncer-
tainties remain high.

5. With room for improvements, the proposed model can reasonably serve as a tool
for analyzing catchment-scale hydrological variations in the GCPR basin and pro-
vide an opportunity for streamflow estimation in other ungauged or data-scarce
basins in Southeast Asia.

Based on the findings, more studies on the use of seamless parameter maps based on
global data for distributed hydrological modelling in other data-scarce basins are en-
couraged. Effects of using different global meteorological datasets on the model perfor-
mance should also be explored. Future challenges in reservoir system modelling include
gaining a better understanding of the complexity of real-time operation and improving
the model performance for multipurpose reservoirs. Chapter 5 describes the application
of the wflow_sbm model with the ROM in investigating the reservoir operation and its
effects on the daily flow regime in the same basin.



“We only know what we perceive.
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Abstract

The upper region of the Greater Chao Phraya River basin is highly regulated by mul-
tipurpose reservoirs, which have altered the natural streamflow. Understanding the
quantitative effects of such alteration is crucial for effective water resource manage-
ment. Therefore, this chapter aims to assess how reservoir operation affects the water
balance, daily flow regime and extreme flows in this basin. For this purpose, we recon-
structed streamflow in the naturalized (no reservoir) and baseline operation scenarios
using the distributed (~1 km) wflow_sbm model. To overcome data scarcity, we ran
the model with global data and parameterization. A target storage-and-release-based
reservoir operation module was applied in the baseline operation scenario. The model
results were analyzed in comparison to observations in a wet year, a dry year and the
period 1989-2014. The reservoir operation resulted in more evaporation. It inverted
the natural flow seasonality and smoothed the daily flow regime with decreasing high
flows, increasing mean flows and low flows, greater baseflow contribution and lower
flashiness. It prevented or mitigated many historical extreme flow incidents. The annual
flood peaks and minimum flows were markedly mitigated in terms of both magnitudes
and frequencies, but their timing became more variable and difficult to predict. Alto-
gether, the results highlighted the importance of effective reservoir operation modelling
and decision-making in real-time, which remain challenging in practice.
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5.1 Introduction

The majority of rivers around the world are fragmented by dammed reservoirs (Zhou
et al., 2016). Although several dams have been removed at the end of their useful
lives, they are outnumbered by those in operation and under construction (O’Connor
et al., 2015). The current expansion in dammed reservoir construction takes place,
particularly in regions with emerging economies like Southeast Asia (SEA), where it
serves not only for irrigation and hydrological hazard control, but also for hydropower
generation (Zarfl et al., 2015). In fact, SEA has recently become the region with the
highest investment for large multipurpose reservoirs (Siciliano et al., 2015). Currently,
there are more than 130 new projects of large reservoirs planned in Laos, Malaysia,
Cambodia, Myanmar and at the border of Myanmar-Thailand (Siciliano et al., 2015).
Therefore, it is undeniable that dammed reservoirs are a necessity for water resources
management and play an important role in flood and drought mitigation in SEA.

Despite their benefits, dammed reservoirs remain controversial due to their potentially
negative impacts on streamflow, the environment and society. Reservoir operation alters
the natural flow regime, i.e., flow rate, flow magnitude and fluctuation, in particular
the duration, timing and frequency of wet and dry extremes, from the daily to the
long-term scale (Graf, 2006; Mittal et al., 2016; Li et al., 2017). On the one hand,
reservoir operation can attenuate flood and drought events by smoothing streamflow,
with lower flood peaks and higher baseflows (e.g., Lee et al., 2017; Wu et al., 2018; Gai
et al., 2019). On the other hand, hydrological extremes can be intensified by ineffective
management of reservoir water, which in some cases had greater influence than climate
change (e.g., Graf, 2006; Mittal et al., 2016; He et al., 2017; Di Baldassarre et al., 2018).
Since SEA has an increasing number of dammed reservoirs while being highly exposed
to hydrological hazards (Trenberth et al., 2014; Arnell & Gosling, 2016), there is an
urgent need to evaluate effects of reservoir operation on streamflow in specific contexts
of this region.

Considering data availability, the Greater Chao Phraya River (GCPR) basin in Thailand
can provide a decent case study, as its main reservoirs have been operated with ob-
servational data records available for the last 25 years. Previous studies mentioned
conflicting causes of hydrological hazards in the GCPR basin. Komori et al. (2012)
suggested that the 2011 GCPR flood, one the most catastrophic floods ever recorded
in SEA, was driven by intense precipitation, in line with the finding of Sayama et al.
(2015) that a 1% increase in precipitation caused a 4.2% increase in flood inunda-
tion in the basin. Meanwhile, Van Oldenborgh et al. (2012) concluded that the 2011
flood volumes were magnified by non-meteorological factors, particularly reservoir wa-
ter management. Gale & Saunders (2013) supported this statement as they found that
the precipitation anomaly was higher in 1995 than in 2011, but the 1995 flood was not
nearly as severe as the 2011 flood. However, considering the limited number of studies,
the respective roles of reservoir operation and extreme weather on hydrological hazards
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in the GCPR basin remain unclear.

The attention to reservoir operation and its effects on streamflow in the GCPR basin
was drawn after the 2011 flood. Komori et al. (2012) provided an overview of reservoir
water management in 2011. The spectrum analysis by Tebakari et al. (2012) indicated
that the observed streamflow downstream of the reservoirs had a periodicity of seven
days due to the irrigation purpose. Since daily streamflow data for this basin have
been available only after the reservoir constructions, it is impossible to identify changes
and trends of observed streamflow from natural to regulated conditions. Therefore,
several studies took the approach of comparing observed streamflow to naturalized
(without reservoir) streamflow obtained from hydrological models (Komori et al., 2013;
Wichakul et al., 2013; Hanasaki et al., 2014; Mateo et al., 2014; Sayama et al., 2015).
All these studies highlighted the effects of reservoir operation on downstream flows in
the GCPR basin by analyzing hydrographs. However, they mainly focused on reservoir
effects on high flows, particularly during the 2011 flood events, and excluded reservoir
effects on low flows. Most studies investigated reservoir effects on hydrographs in the
downstream floodplain, which may be influenced by the effects of intensive irrigation.
In addition, reservoir effects on the water balance and daily flow regime in the GCPR
basin have not been investigated.

Understanding the naturalized water balance and daily flow regime, and how they have
been modified by reservoir operation is essential not only from a hydrological viewpoint,
but also from socio-economic and environmental perspectives. The knowledge assists
reservoir operators and water managers in planning and developing strategies to opti-
mize both human consumption and ecosystem maintenance. It also supports adaptive
management strategies to predict and deal with such probable changes for other ex-
isting or planned reservoirs in the same or a neighboring basin. Moreover, it helps to
prepare for expected changes in streamflow after dam removals in the future. However,
the main challenge in investigating the naturalized water balance and daily flow regime
in many river basins, including the GCPR basin, is the lack of observed streamflow data
prior to reservoir constructions.

One of the approaches to overcome the lack of observed streamflow data in reservoir
operation studies is hydrological modelling. Many hydrological models can represent
reservoir operation schemes and hydrological responses as part of rainfall-runoff pro-
cesses (e.g., Zajac et al., 2017; Canuto et al., 2019; Gai et al., 2019). Distributed hy-
drological models are often used for reservoir system modelling because they allow the
calculation of water interactions between a reservoir and its surrounding area in a spa-
tially distributed manner. However, distributed models usually require an enormous
amount of data, which is a drawback for data-scarce areas like in SEA. In addition,
distributed models usually require area-specific and scenario-specific calibration, which
poses a high risk of overparameterization and long computation times.

To tackle these issues, we used the (~1 km) distributed wflow_sbm model with global
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data and parameterization (Schellekens et al., 2019; Imhoff et al., 2020b). The model
has been set up and evaluated for the upper region of the GCPR basin, as elaborated in
Chapter 4. With a target storage-and-release-based reservoir operation module (ROM),
the model was applied to simulate daily streamflow in the baseline operation scenario,
when reservoir outflows were determined solely based on generalized operating rules
without real-time control. In this chapter, we apply the model to simulate daily stream-
flow in the naturalized scenario. By comparing the simulation results in the natural-
ized and baseline operation scenarios to the observations, which represent real-time
operation, we can comprehensively analyze effects of reservoir operation, in terms of
generalized operating rules and real-time control, on daily streamflow.

The main aims of this chapter are to (i) quantify effects of reservoir operation on the
water balance and daily flow regime and (ii) distinguish effects of reservoir operation
and extreme weather on extreme flows in the upper GCPR basin. We analyzed the
simulated and observed streamflows over a 25-year period of 1989-2013. By focusing
on streamflow at the dam locations instead of floodplain gauges, we excluded probable
influences of downstream irrigation and highlighted the effects of reservoir operation
alone.

5.2 Methodology

To investigate effects of reservoir operation in the upper GCPR basin, this chapter ap-
plied the wflow_sbm model, which was set up with seamless distributed parameter maps
and global data in Chapter 4. It contains two parts: (i) the streamflow simulations in
the naturalized scenario and the baseline operation scenario and (ii) the analyses of
reservoir effects on the water balance, daily flow regime and extreme flows. The study
framework is illustrated in Figure 5.1.

5.2.1 Model simulations

For the upper GCPR basin, the wflow_sbm model was set up at the ~1 km spatial res-
olution and the 3-hourly timescale (see Chapter 4). In this study, the simulation of the
wflow_sbm model with the ROM for the Sirikit and Bhumibol reservoirs (see Section
4.2.2) is referred to as the baseline operation scenario, while the simulation without
the reservoir existence is referred to as the naturalized scenario. To overcome data
scarcity in the upper GCPR basin, which is a common challenge in SEA, most required
geospatial and meteorological data for wflow_sbm were obtained from global databases
(see Chapter 3; Sections 3.1.1 and 3.1.2). Only observed hydrological data for model
evaluation were derived from local sources (see Section 3.1.3).

As for the wflow_sbm model parameterization, seamless distributed parameter maps
were implemented instead of full calibration, which prevented overparameterization
and reduced computation times (see Chapter 4; Section 4.2.1). The soil-related pa-
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Figure 5.1: Study framework, including the streamflow simulations in the naturalized and
baseline operation scenarios, and the analyses of reservoir effects on the water balance, daily
flow regime and extreme flows.

rameter maps (e.g., hydraulic conductivity) in the previous study were calculated with
two pedotransfer functions (PTFs): the Brakensiek function (Brakensiek et al., 1984)
and Cosby (Cosby et al., 1984) function. In this study, the Brakensiek parameter maps
were selected because the model performance was better (see Chapter 4; Section 4.3.1).
They are not subject to change from the naturalized scenario to the regulated scenario.
Only one soil-related parameter, KsatHorFrac, which is the factor for calculating hori-
zontal saturated conductivity, and thus greatly affects the lateral subsurface flow, was
manually calibrated.

The land cover-related parameter maps were obtained from global databases (e.g., leaf-
area index) or by assigning parameter values from the literature review (e.g., Manning’s
roughness coefficient) to the GLOBCOVER land cover types. To create the land cover-
related parameter maps for the naturalized scenarios, we first converted GLOBCOVER
grid cells marked as reservoir water to naturalized land cover types using the nearest-
neighbor-upscaled interpolation method. Then, we assigned parameter values for the
new land cover types. We assumed that impacts of gradual land use changes, such
as agricultural expansion and urbanization, were much smaller at the basin scale com-
pared to impacts of reservoirs. Therefore, the uncertainty of naturalized land cover, and
thus the uncertainty of naturalized parameters, was assumed negligible.

In the baseline operation scenario, the number of operational and physical parameters
of the ROM were minimized to overcome data scarcity. The parameter values were
determined based on the operating rule curves and databases provided by RID and EGAT
and were applied without calibration, as elaborated in Chapter 4; Section 4.2.2.
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In this study, we analyzed water balance and streamflow in two regulated catchments,
the Sirikit catchment (2,020 km?) and the Bhumibol catchment (6,863 km?). Note that
unlike in Chapter 4, in which the drainage areas of the two catchments were defined
from the headwater, their drainage areas here were defined from the inflow point of
each reservoir in the hydrological model to the dam location to be able to analyze their
upstream inflows in the water balance. Two natural catchments located upstream of the
reservoirs, the Nan_natural and Yom_natural, were also investigated. They were used
to point out the resemblance of the upstream natural streamflow to the naturalized
flow simulation of the Sirikit and Bhumibol catchments since the observations before
the reservoir construction are not available for the model result validation. Locations
and boundaries of the four catchments are shown in Figure 2.2. By focusing on the
reservoir catchments instead of floodplain catchments downstream, we avoided the
effects of intensive irrigation.

We carried out the 25-year simulation from 1989 to 2013 according to the natural-
ized scenario (wflow_sbm without reservoir; sim_nat) and baseline operation scenario
(wflow_sbm with the ROM; sim_base). The daily simulation results were then analyzed
in comparison to the daily observations, which reflect real-time operation. We used
2006 and 2013 as the representative years for wet and dry conditions. Although these
two years were not the most extreme years recorded, they were carefully chosen to
distinguish effects of reservoir operation and extreme weather on extreme flows.

By focusing on the selected catchments, we conduct the analyses in four parts. Firstly,
we validated the simulated streamflows in the naturalized scenario. Secondly, we used
the data from the naturalized scenario, baseline operation scenario and observations
to quantify effects of reservoir operation on the long-term water balance components.
Next, we assessed reservoir effects on key signatures of the daily flow regime. Lastly,
we examined effects of reservoir operation and extreme weather on the frequency and
recurrence of extreme flows.

5.2.2 Simulated streamflow evaluation

Since daily streamflow observations before the construction of the Sirikit and Bhumi-
bol reservoirs are not available, it was impossible to directly evaluate the accuracy of
the naturalized flow simulation for the Sirikit and Bhumibol catchments. Therefore,
we validated their naturalized flows by visually comparing the resemblance of their
daily hydrographs to those of the natural catchments upstream. Note that the model
performance in the baseline operation scenario has been evaluated in Chapter 4.

5.2.3 Analyses of reservoir effects on the water balance

To evaluate effects of reservoir operation on the catchment water balance, the water
balance of the upstream natural catchments was deliberated as baselines. We then
compared the water balance components of the regulated catchments among the nat-
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uralized scenario, baseline operation scenario and observations. Precipitation () and
upstream inflow (I) are partitioned into actual evapotranspiration (AET), streamflow
(@) and storage change (AS, which includes both subsurface storage and reservoir
storage) during a given period. Since some water balance components (e.g., ground-
water storage change and seepage) are difficult to estimate, they are often assumed to
be in the residuals of the water balance equation (Kampf & Burges, 2010). Therefore,
the water balance is expressed as

P+1—AET —Q = AS, 5.1)

where I and Q) refer to streamflow in this context. Subsurface and overland flows across
the catchment boundary were excluded as they were negligible in the simulations and
not available from the observations. In the naturalized and baseline operation scenarios,
the water balance components on the left-hand side of Equation (5.1) were extracted
from the wflow_sbm simulations. Then, AS was calculated as the residual of the water
balance. For the water balance based on observations, we calculated AS with observed
Q@ and made use of MSWEP V2 P, and I and AET data from the simulations because the
observed data were not available.

5.2.4 Analyses of reservoir effects on the daily flow regime

To understand effects of reservoir operation on the daily flow regime, we focus on the
Sirikit reservoir and analyzed three streamflow signatures: the Flow-Duration Curve
(FDC), Base Flow Index (BFI) and Flashiness Index (FI). The signatures were compared
among the naturalized scenario, baseline operation scenario and observations. Consid-
ering the missing data in the observed streamflow record, we quantified the signatures
for each year available and for the long periods of 1989-1997 and 2003-2013.

Flow-Duration Curve

The daily flow regime can be summarized in the comprehensive form of the FDC, which
is the empirical cumulative frequency of daily streamflow as a function of the percentage
of time that the streamflow is exceeded. The slope of the FDC represents the streamflow
variability, including both high and low flows. A steeper slope refers to a higher flow
variability. To quantify reservoir effects on the daily FDC, we calculated and compared
the slopes of the FDCs, median flows (Qs,), high flows and low flows among the simu-
lations and observations. We defined high flows as the flows that are exceeded 10% of
the time (Q0), and low flows as being exceeded 90% of the time (Qgo). As generally,
the FDC between the 33" and 66 flow percentiles is nearly linear on a semi-log scale
(Sawicz et al., 2011), the FDC slope (Sloperpc) is defined as
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111(@33) - 1H(Q66)

(0.66 —0.33) ' (5.2)

Slopeppc =

where (33 and Qg are the daily streamflow values at the 33" and 66™ percentile.

Base Flow Index

Baseflow is part of streamflow that comes from persistent, delayed sources and is thus
highly correlated to the water storage in a catchment (Hisdal et al., 2004). In natu-
ral catchments, baseflow mainly comes from groundwater, whereas in catchments with
highly regulated dammed reservoirs, baseflow mainly comes from reservoir water. In
this study, we separated baseflow from the daily streamflow time series using the sep-
aration procedure of Gustard et al. (1992). We calculated the minima of 5-day non-
overlapping consecutive periods and identified turning points of the minima sequence.
A minimum became a turning point if 0.9 times its value was less than or equal to the
neighboring minimum. Connecting the turning points formed the baseflow separation
line in the hydrograph. Daily baseflow values were then assigned with linear interpola-
tion between the turning points. The baseflow was set equal to the total streamflow on
any day that the estimated baseflow exceeded the total streamflow.

The Base Flow Index, BFI [-], is the ratio of baseflow to total flow in a given period,

2771 Qbase
BFI = &=L ¢base (5.3)
Zizl Qtotal

where Qs refers to the daily baseflow, Q.. refers to the daily streamflow, i is the
given time step (day) and n is the number of days in the given period. BFI values range
between 0 and 1. A higher index value means a higher contribution of baseflow to total
streamflow. To quantify reservoir effects on the daily baseflow, we calculated and com-
pared the BFI values among the simulated and observed streamflow time series.

Flashiness Index

While the Sloperpc indicates the overall variability of daily streamflow regardless of
the chronological order, flashiness reflects the absolute day-to-day fluctuations in the
streamflow magnitude. Flashy streams have rapid rates of daily change, while stable
streams have slow rates of daily change (Poff et al., 1997). We used the Richards-Baker
Flashiness Index (FI [-]; Baker et al., 2004), which is quantified by the ratio of daily
streamflow fluctuations relative to the total streamflow in a given period,

S Q= @l

FI = n
Zi:1 Qz

5.4
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where ( is daily streamflow, : is the given time step (day) and n is the number of days
in the given period. FI values range between 0 and 2, of which zero represents an abso-
lutely constant flow; higher index values mean larger fluctuations of daily streamflow.
Streamflow time series with a steep Sloperpc tend to give a high FI value. However,
streamflow time series with similar Sloperpc values can result in very different FI values
because FI excludes the seasonal and inter-annual variability within the given period.
Therefore, to quantify reservoir effects on the daily flashiness, we calculated and com-
pared the FI values among the simulated and observed streamflow time series.

5.2.5 Analyses of reservoir effects and extreme weather effects on extreme
flows

To understand effects of reservoir operation on extreme flows, we focus on the Sirikit
reservoir and assessed the frequency and recurrence of extreme flows in relation to
magnitude and timing among the simulations and observations. In this study, extreme
flows refer to annual maximum daily flows (AMAX) and annual minimum daily flows
(AMIN). For the upper GCPR basin, very high flows in the dry season are usually em-
ployed for irrigation and do not cause flooding. Likewise, very low flows in the rainy
season are meant to prevent downstream inundation and do not lead to drought. There-
fore, we computed AMAX in the period of May—-October (rainy season) and AMIN in the
rest of the year. Although Durrans (1988) suggested that total probability methods are
suitable for estimating flood frequency in regulated catchments, the capability of the
Gumbel extreme value distribution to represent flood frequency in reservoir-dominated
catchments has been demonstrated (e.g., Batalla et al., 2004; Lee et al., 2017). In addi-
tion, the Gumbel distribution was suggested as one of the best-fit functions to analyze
yearly low flows (Matalas, 1963; Langat et al., 2019). Hence, it was selected for the
frequency analysis of AMAX and AMIN based on the 25-year period of daily streamflow
data.

To distinguish effects of extreme weather on daily extreme flows, we assessed the rela-
tionship between the AMAX or AMIN and the associated weather. We used the sum of
precipitation and upstream inflow minus actual evapotranspiration (P+ - AET), here
called effective inflow, on the day that the AMAX or AMIN occurred and over the 30
days preceding the extreme flow event to represent the weather condition.

5.3 Results

5.3.1 Naturalized flow

The visual comparison of the simulated daily streamflow in the naturalized scenario
(sim_nat), Qgm_nat, for the Sirikit and Bhumibol catchments to the daily streamflow ob-
servations (obs), Q.ps, for the upstream natural catchments implies satisfactory results
produced by the wflow_sbm model. The daily hydrographs of Qg n.: for both regulated
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Figure 5.2: Simulated and observed daily streamflows for the Nan_natural (A), Yom_natural
(B), Sirikit (C) and Bhumibol (D) catchments in the wet year (2006). The streamflow in
the naturalized scenario (sim_nat) is shown in red lines, the baseline operation scenario
(sim_base) in orange lines and the observations (obs) in black lines. Since the hydrographs in
the dry year (2013) show similar flow patterns, they are not included here.

catchments, shown as red lines in Figures 5.2(C) and (D), present trends comparable
to the hydrographs for the upstream natural catchments in Figures 5.2(A) and (B). The
strong seasonal variation, with very low flows in the dry season as well as steep rising
limbs and high flood peaks in the rainy season, suggests that the model can recon-
struct the naturalized flows regardless of the uncertainty in the naturalized land cover
setting.

5.3.2 Effects of reservoir operation on the water balance

The simulated water balances of the Nan_natural and Yom_natural catchments are simi-
lar to each other in terms of water budget distribution based on the yearly average data
(Table 5.1). Note that these natural catchments are located at the headwaters, and thus
do not have upstream inflows (see their locations in Figure 2.2). The annual AET/PET
ratios for the two catchments ranged between 0.68 and 0.70. Approximately two-thirds
of the annual P evaporated and one-third flowed downstream. The annual Qg yat
tends to underestimate the annual @, especially for the Nan_natural catchment. Con-
sequently, the disparity between the simulated and observed storage changes (A Sgy nat
and AS,,) is also considerable. However, it should be noted that the AS,,, values were
calculated using the MSWEP V2 P data and the simulated AET data from the natural-
ized scenario since the observed AET data are not available. These data sources could
also be a source of bias, affecting the simulated storage.
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Figure 5.3: Cumulative daily water balance components for the Sirikit catchment in the natu-
ralized and baseline operation scenarios. The components comprise daily precipitation (Peym;
panel (A)), inflow (I.um; panel (B)), actual evapotranspiration (AETuy; panel (C) and (D)),
streamflow (Qcum; panel (E) and (F)) and storage with respect to the start of the year (S;
panel (G) and (H)). Yearly data from 1989 to 2013 are shown in grey lines. The long-term
averages of Py, and Iy, remain the same between the naturalized and baseline operation
scenarios and are shown in blue lines. The long-term average values of the other three com-
ponents are shown in red lines for the naturalized scenario (sim_nat; left panels) and orange
lines for the baseline operation scenario (sim_base; right panels). The dotted black lines rep-
resent the selected wet year (2006), while the dashed black lines represent the selected dry
(2013) year.
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The simulated water balance in the baseline operation scenario (sim_base) of the Sirikit
catchment is different from its naturalized scenario (Table 5.1). Note that the Sirikit
catchment is located midstream, and thus receives inflows from upstream (see its loca-
tion in Figure 2.2). The annual AET/PET ratio increased from 0.63 in the naturalized
scenario to 0.68 in the baseline operation scenario, with an 8% increase in evapora-
tion loss. Concurrently, the annual streamflow from the baseline operation scenario
(Qsim.pase) increased with respect to the annual Qg ., leading to a greater ASg, pase
than ASgm_nat- Table 5.1 (the last two rows) also shows the water balance components
in the baseline operation scenario at the reservoir scale compared to the measurements
of reservoir outflow and storage change. For the Sirikit reservoir, the annual Qg pase
tends to be smaller than the annual (). The difference between the ASg,, pase and
ASeps is also large since they were both computed by closing the water balance.

The simulated water balance in the baseline operation scenario of the Bhumibol catch-
ment, on the other hand, is similar to its water balance in the naturalized scenario (Ta-
ble 5.1). This catchment is also located midstream and receives inflows from upstream
(see its location in Figure 2.2). Due to the prompt surcharge releases by the ROM, the
Qsim base Dehaved like the Qg 1o in Very wet periods, as also evident in Figure 5.2(D).
As a result, AET/PET ratios in the naturalized scenario (0.60) and baseline operation
scenario (0.61) were almost the same, with only a 2% increase in evaporation loss by
reservoir operation. The annual Qg pase for the Bhumibol reservoir was much higher
than its annual Q,s, leading to the large gap between the A S, base aNd ASops.

Focusing on the Sirikit catchment, the dissimilarity in magnitude and timing of its cu-
mulative () time series between the naturalized and baseline operation scenarios further
clarifies the reservoir effects on the catchment water balance (Figure 5.3). In the nat-
uralized scenario, the long-term mean cumulative Qg ot (red line in Figure 5.3(E))
increased dramatically from July to October, consistently with the long-term mean cu-
mulative P and I (blue lines in Figure 5.3(A) and (B)). The cumulative Qg 1t Was
significantly higher in the wet year (2006; dotted line) than in the dry year (2013;
dashed line). On the contrary, the long-term mean cumulative Qg pase (Orange line in
Figure 5.3(F)) increased more gradually over the period of one year. Exceptions are
found for 2006 and other wet years, when the cumulative Qg pase Surged in the rainy
season due to the ROM surcharge releases, as also evident in Figure 5.2(C). Notably, the
cumulative Qg pase in 2013 is comparable to the long-term average, despite the lower
Pand .

Figure 5.3 also illustrates the different patterns of the Sirikit catchment storage in the
naturalized and baseline operation scenarios, here called Sg, nay @and Sgi pase (because
the cumulative value of the catchment storage changes is a catchment storage with
respect to the initial condition). The long-term mean S, ..: (red line in Figure 5.3(G))
increased during the first half of the year, peaking in mid-September (330 mm) before
dropping to around zero by the end of the year. In 2006, the Sy, ¢ rose strikingly
since the beginning of the rainy season in response to stormwater. In 2013, on the other
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hand, it remained small until July as monsoons arrived later than usual. In contrast,
the long-term mean Sy, pase (Orange line in Figure 5.3(H)) slightly decreased from the
start of the year and remained negative until August. After that, it rose to a peak in
mid-October (1,285 mm). In the latter half of the year, the S, pase Volume steadily
declined. A smaller negative S, ase Value was found at the end of 2013 compared to
at the end of 2006.

5.3.3 Effects of reservoir operation on the daily flow regime

The daily Qgmnat time series of the Sirikit catchment deviated significantly from the
Qsimpase and Qs time series, as visible in Figure 5.2(C). The Qg .t time series pre-
sented a strong seasonal variation, with very low flows in the dry season and steep rising
limbs and high peak flows in the rainy season. Meanwhile, the Qg pase and Qqps time
series were smoother, with higher flows in the dry season and diminished peak flows
in the rainy season. The Qg hase time series, however, had a short period with high
peak flows from the reservoir surcharge releases by the ROM. The poor fits between
the Qgimnat and Qo for the Sirikit catchment reflect the effect of reservoir operation on
daily streamflow. In addition, the difference between the Qi pase and Qo indicates the
effect of real-time operation with decision-making on top of the generalized operating
rules.

The daily FDCs and flow signatures of the Sirikit catchment are different among the
naturalized scenario (FDCgjmp nat), baseline operation scenario (FDCgy pase) and obser-
vations (FDCg,ps), as demonstrated in Figure 5.4 and Table 5.2. Overall, the FDCgy, na
is steeper than the FDCgjy, pase and FDCqps, as indicated by the greater Sloperpc values.
The flattening of the FDCgjyy pase and FDCps is the result of increasing mean flow and low
flow, and reducing high flow. The FDCg;y pase Shows less variability, with lower Sloperpc,
compared to the FDC,s due to lower high flows and higher low flows. In addition, the
FDCgim.pase differed more from the FDC,ps in the dry year (2013) than in the wet year
(2006) as the Qi pase maintained low flows at a higher level. Notably, the Qg 1oy and
Qsimbase Were perennial throughout the study period, whereas the Q. ceased for 4%
of the time during the years 1989-1997. The flow signatures also differ between the
years 1989-1997 and the years 2003-2013, with increased median, high and low flows
in the latter period in all scenarios.

In accordance with the steep slope of the FDCgy, pnac, the Qgim nat for the Sirikit catchment
received only a small contribution from baseflow (low BFI) and was very flashy (high
FI), as illustrated in Table 5.2 and Figure 5.5. The BFIgy e = 0.62 and Flgy noe =
0.22 in the years 1989-1997 express that the Qg . had a baseflow contribution of
62% and an average day-to-day fluctuation of 22%. Similar index values are found
for the years 2003-2013. The Qg base, ON the contrary, presented significantly higher
BFI and lower FI values, in line with the flatter FDC curves in both the 1989-1997
and 2003-2013 periods. Note that in the baseline operation scenario and observations,
the BFI is no longer representing slowly emptying aquifers but emptying the reservoirs.



Table 5.2: Signatures of daily streamflow from the simulations and observations for the Sirikit catchment. High flows are defined as the
flows that are exceeded 10% of the time, and low flows as being exceeded 90% of the time.

5. Hydrological effects of reservoir operation

. Years 1989-1997 Years 2003-2013 Year 2006 (wet) Year 2013 (dry)

Signature . . . . . . . .

sim_nat sim_base obs sim_nat sim_base obs sim_nat sim_base obs sim_nat sim_base obs
Median flow [mm mm%wﬁ 1.17 5.82 5.86 1.68 7.44 8.82 2.00 7.65 8.23 0.94 7.5 5.00
High flow [mm mm%\J 18.46 11.20 13.38 29.88 11.74 15.40 29.97 13.29 15.43 17.73 10.82 9.91
Low flow [mm &m%lﬁ 0.35 1.81 0.89 0.40 4.27 2.98 0.43 5.59 2.51 0.35 5.15 1.51
Sloperpc [-] 5.22 1.46 2.43 5.46 1.18 2.02 5.64 1.30 3.17 5.64 1.09 1.73
BFI [-] 0.62 0.95 0.40 0.64 0.95 0.81 0.73 0.87 0.73 0.68 0.98 0.89
FI [-] 0.22 0.02 0.28 0.18 0.02 0.08 0.20 0.04 0.10 0.18 0.01 0.04

92
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Figure 5.4: Simulated and observed daily flow-duration curves of the Sirikit catchment dur-
ing 1989-1997 (A), 2003-2013 (B), the wet year 2006 (C) and the dry year 2013 (D). The
streamflows are shown on a logarithmic scale. The streamflow in the naturalized scenario
(sim_nat) is shown in red lines, the baseline operation scenario (sim_base) in orange lines and
observations (obs) in black lines.

Although the FDCyjy, pase and FDC,ps show relatively similar shapes (Figure 5.4), the Qs
was more flashy and had a lower baseflow contribution than the Qg 1ase (Figure 5.5).
Especially in the years 1989-1997, the Qs was even more flashy, with a lower baseflow
contribution than the Qg . (Table 5.2). The BFly, increased and the Fl,,s reduced
in the years 2003-2013. All scenarios indicate that the streamflow was slightly more
flashy in the wet years than in the dry years.

5.3.4 Effects of reservoir operation on extreme flows

The annual maximum daily flows (AMAX) for the Sirikit catchment were significantly
higher in the naturalized scenario (AMAXgy, ,.:) than in the baseline operation sce-
nario (AMAXi vase) and observations (AMAX,s), as illustrated in Figure 5.6(A). The
AMAX;, nat Showed notable inter-annual variability, whereas the AMAX;, pase and
AMAX,;,, were more stable throughout the 25-year period. The long-term mean of AMAX
decreased from the naturalized scenario (92 mm day~!) by 84% to the baseline oper-
ation scenario and the observations (15 mm day~!). The highest AMAX volume in the
naturalized scenario (292 mm day~! in 1989) was significantly greater than in the base-
line operation scenario (49 mm day~! in 2011) and the observations (35 mm day~! in
2011). The differences in AMAX among the two simulation scenarios and the observa-
tions were larger in the wet years than in the dry years.

The annual daily minimum flows (AMIN) for the Sirikit catchment were significantly
lower in the naturalized scenario (AMINg, n.;) than in the baseline operation sce-
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Figure 5.5: Yearly Base Flow Index (A) and Flashiness Index (B) of the simulated and ob-
served daily streamflows for the Sirikit catchment. The index values in the naturalized sce-
nario (sim-nat) are shown in red triangles, the baseline operation scenario (sim_base) in or-
ange circles and the observations (obs) in black squares. The filled symbols represent the
index values in the wet year (2006) and dry year (2013).

nario (AMINgy, pase), as demonstrated in Figure 5.6(B). The long-term mean of AMIN
increased from the naturalized scenario (0.3 mm day~!) by 1,567% to the baseline
operation scenario (5 mm day~') and by 507% to the observations (2 mm day~!).
The AMINgy, 1oy Temained less than 1 mm day~!, but the river was not ephemeral. The
AMINgi,,, 105 remained lower than 7 mm day~!. Interestingly, the observations (AMIN )
showed more variability, with an evident increasing trend from the years 1989-1997
(less than 1 mm day~!) to the years 2003-2013 (1-5 mm day~!), in line with the BFI
in Figure 5.5(A). Note that the AMIN,,,; reached zero six times during the 1989-1997
period.

The return periods of AMAX for the Sirikit catchment indicate that annual flood peaks
occurred most frequently and with the highest magnitudes in the naturalized scenario
(Figure 5.7(A)). The 5-year-return-period flood was significantly reduced from the nat-
uralized scenario (135 mm day~!) by approximately 84% to the baseline operation
scenario (22 mm day~!) and observations (20 mm day~'). The AMAX, ... with the
up-to-5-year return periods tend to take place in August and September (Figure 5.7(B)).
On the other hand, the AMAX;,, pase and AMAX,,,; with the up-to-5-year return periods
tend to take place in May, which is the transition period from the dry season to the
rainy season, and thus may not cause as severe flooding as those occurred in August—
October.

The return periods of AMIN for the Sirikit catchment indicate that annual mini-
mum flows occurred most frequently and severely in the naturalized scenario (Figure
5.7(C)). The 5-year-return-period minimum flow increased from the naturalized sce-
nario (0.3 mm day—') by 1,233% to the baseline operation scenario (4 mm day—!) and
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Figure 5.6: Annual maximum daily flows (A) and annual minimum daily flows (B) from the
simulations and observations for the Sirikit catchment. The values in the naturalized scenario
(sim_nat) are shown in red triangles, the baseline operation scenario (sim_base) in orange
circles and the observations (obs) in black squares. The filled symbols represent the values
in the wet year (2006) and dry year (2013). Note that the annual maximum flows were
computed in the rainy season, while the annual minimum flows were computed in the dry
season to exclude the flows that did not cause flood or drought issues.

by 100% to the observations (0.6 mm day~!). Figure 5.7(D) shows that the AMIN,, nat
with the up-to-5-year return periods tend to occur at the end of the dry season (March—
April). The AMIN;, pase and AMIN,,;,, with the up-to-5-year return periods, on the other
hand, tend to occur at the beginning of the dry season (November).

5.3.5 Effects of extreme weather on extreme flows

Figure 5.8 illustrates the relationship between extreme flows, including AMAX and
AMIN, and cumulative amounts of effective inflow (P+I- AET) in one day and 30
days prior to the extreme flow incidents. The cumulative effective inflows had an influ-
ence on the AMAX, especially in the naturalized scenario (Figure 5.8(A) and (C)). The
AMAX i nat has the highest correlation to the one-day effective inflow (R? = 0.92), the
AMAX i, base to the 30-day effective inflow (R? = 0.45), and the AMAX,,,; to the 30-day
effective inflow (R? = 0.21). On the other hand, there is no clear relation between
AMIN and effective inflow in any scenario (Figure 5.8(B) and (D)).

5.4 Discussion

5.4.1 Effects of reservoir operation on the water balance

The water balance of the Sirikit and Bhumibol catchments changed significantly from
the naturalized scenario to the baseline operation scenario in terms of magnitude and
timing. The higher annual AET in the baseline operation scenario resulted from the
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Figure 5.7: Return periods of the simulated and observed extreme flows, including the annual
maximum daily flows (AMAX; panels A,B) and annual minimum daily flows (AMIN; panels
C,D) for the Sirikit catchment based on the Gumbel distribution. Figures A and C show the
relation between the magnitude and frequency of the extreme flows. The symbols represent
actual values of extreme flows, solid lines represent the probability distribution and dashed
lines represent the 95% confidence interval. The values in the naturalized scenario (sim_nat)
are shown in red color, the baseline operation scenario (sim_base) in orange and the obser-
vations (obs) in black. Figures B and D show the relation between the frequency and timing
of the extreme flows. The filled symbols represent the values in the wet year (2006) and dry
year (2013). Note that the annual maximum flows were computed from the rainy season,
while the annual minimum flows were computed from the dry season in order to exclude the
flows that did not cause flood or drought issues.
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Figure 5.8: Relationship between cumulative effective inflows and daily extreme flows, in-
cluding annual maximum daily flows (left panels) and annual minimum daily flows (right
panels) from the simulations and observations for the Sirikit catchment. The values in the
naturalized scenario (sim_nat) are shown in red triangles, the baseline operation scenario
(sim_base) in orange circles and the observations (obs) in black squares. The effective inflows
(x-axis) is the sum of precipitation (P) and inflow (/) minus the actual evapotranspiration
(AET) on the day that an extreme flow occurred (first row) and the cumulative amount 30

days prior to the extreme flow date (second row).
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direct evaporation from the reservoir water surface and streamflow (Table 5.1). The
corresponding trends between P and I, and the rapid Qg .t (Visible as a sharp increase
of its cumulative) indicate the natural rainfall-runoff process with a quick catchment
response (Figure 5.3). On the other hand, the steady Qg pase (Visible as a gradual
increase of its cumulative) and the large annual A Sy, .5 Values imply that the reservoir
operation markedly altered the natural rainfall-runoff process with a longer residence
time of water. The effects of the reservoir operation on the water balance were apparent
in dry years as the reservoirs tried to fulfill the target downstream water demand with
stored water from the previous rainy season, although this led to very low reservoir
storage at the end of the year.

It should be kept in mind that the aforementioned effects refer to the baseline reser-
voir operation with the generalized operating rules (by the ROM), which are different
from the real-time reservoir operation (observations). Since only the observed reser-
voir storage and outflow are available, we could not thoroughly analyze the effects of
the real-time operation on the water balance. However, it is obvious that the real-time
operation is unique and much more flexible for each reservoir due to the circumstance-
specific judgments by reservoir operators, affecting the water balance to another extent.
This was reflected in the higher annual streamflow for the Sirikit catchment but lower
annual streamflow for the Bhumibol catchment compared to their naturalized flows
(Table 5.1).

5.4.2 Effects of reservoir operation on the daily flow regime

Major alterations by the reservoir operation were the flatter FDC and more smooth flow
regime due to increasing daily median flows (Qs,) and daily low flows (Qqg0), and de-
creasing daily high flows (()1¢) compared to the naturalized flow (Figure 5.4 and Table
5.2). The reservoir operation completely inverted the seasonality of the naturalized flow
regime, with significantly higher daily streamflow in the dry season and lower daily
streamflow in the rainy season (Figures 5.2(C) and (D)). Hanasaki et al. (2006) and
Yassin et al. (2019) also reported similar results for the Sirikit and Bhumibol reservoirs.
The high reservoir outflows in the dry season were mainly to compensate for environ-
mental flows, including downstream irrigation supply and hydropower generation. At
the same time, the draw-down of reservoir storage provided space to restore water in
the next rainy season. Meanwhile, the low reservoir outflows in the rainy season were
to prevent overflows in the downstream floodplains. Changes in the daily flow regime
were more complicated with the real-time operation than with the baseline operation.
A good example is when the real-time operation slowly released the surcharge water or
paused the daily release to prevent or moderate flooding downstream (Figures 5.2(C)
and (D)).

Since water in the upper GCPR basin comes from seasonal precipitation, the natural-
ized flow was very variable (low BFI and high FI; Figures 5.5), causing the basin to
be at risk of both flash floods and intensive dry periods. On the other hand, the regu-
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lated flow with the baseline operation had a high and stable baseflow contribution from
the reservoir storage (high BFI and low FI). This indicates that the daily streamflow
was not flashy and was enabled to sustain the minimum water demands in the period
of low or absent precipitation. The real-time operation, however, failed to overcome
these problems during 1989-1997, but significantly improved with more daily base-
flow contribution and less daily flashiness in 2003-2013. More experiences of reservoir
operators gained over time may have been relevant for this improvement.

5.4.3 Effects of reservoir operation on extreme flows

Both baseline and real-time reservoir operations substantially reduced the magnitude
and frequency of the annual flood peaks (annual maximum daily flows), although the
extent of the effects varied between years. Most of the naturalized flood peaks in the
rainy season were absorbed by the reservoirs, as visible in Figures 5.2(C) and 2(D). The
magnitudes of annual flood peaks (Figure 5.6(A)) and the 5-year-return-period flood
(Figure 5.7(A)) were significantly diminished by both baseline and real-time operations,
especially in wet years. This included the 2011 catastrophic flooding that affected the
entire GCPR basin. Interestingly, the timing of the annual flood peak incidents shifted
and became more variable with the real-time operation (Figure 5.7(B)). It should be
noted that the annual flood peaks that occurred in May are unlikely to cause flooding
as it is the beginning of the rainy season after a prolonged dry period. The natural-
ized annual flood peaks and the annual flood peaks with the baseline operation usually
occurred in August and September. Meanwhile, the real-time operation disrupted this
pattern, causing the annual flood peaks to take place from June to October. For this rea-
son, the real-time operation alleviated many historical flood incidents, but at the same
time, their variable timing can pose a challenge in reservoir system modelling.

The severity and frequency of the annual minimum flows also markedly declined with
the baseline operation (Figures 5.6(B) and 5.7(C)). However, the real-time operation
worsened the annual minimum flows in the years 1989-1997. During this period, the
observed annual minimum flows were lower than those in the naturalized scenario and
even ceased in some dry seasons, indicating that the real-time operation might trigger
some drought events. These drastic minimum flows were eliminated in the years 2003-
2013, correspondingly to the BFI improvement. The timing of the annual minimum
flows also shifted (Figure 5.7(D)). Note that the annual minimum flows occurring in
November—December usually do not lead to water shortage as the extensive monsoon
period just passed. The naturalized annual minimum flows occurred in March and April,
which is the driest period of the year, thus putting the basin at risk of droughts. The real-
time operation apparently solved this issue better than the baseline operation, with only
three years of the annual minimum flows occurring in the drought-risk period.
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5.4.4 Effects of extreme weather on extreme flows

The reservoir operation was the main cause of the inconsistency in the relationship be-
tween the effective inflows (P+I- AET) and annual flood peaks in the baseline and
real-time operation scenarios (Figure 5.8). Therefore, based on our results, it is likely
that the reservoir operation played a more important role than extreme weather in mit-
igating or magnifying the extreme flow events in the upper GCPR basin. However, the
slightly positive correlation between the effective inflows and annual flood peaks in-
dicates that extreme precipitation events magnified historical flood incidents to some
extent, although they were not as severe as those in the naturalized scenario. Similar
results were reported by Komori et al. (2012) and Sayama et al. (2015). Unfortunately,
it is difficult to completely separate the roles of extreme weather and reservoir opera-
tion.

This study did not explicitly account for the effects of climate variability on extreme
flows and the Gumbel extreme value analyses (Figure 5.7) assumed that there was
no trend in annual precipitation. However, we acknowledge the probable changes in
monsoon patterns in terms of magnitudes, timing and direction over the past decades
in SEA and Thailand (e.g., Singhrattna et al., 2005; Loo et al., 2015). The shift in
monsoon direction, for example, can result in a smaller amount of reservoir inflows, and
concurrently more direct floodwater in the downstream region. These climate factors
influence extreme weather events and real-time reservoir operation, which will affect
extreme flows.

5.4.5 Effects of real-time control on extreme flows

According to our findings, we deduce that the generalized operating rules (as repre-
sented by the baseline operation scenario) alone could not effectively manage the reser-
voir water resources throughout a year and that decision-making and real-time control
(as represented by the observations) are necessary for preventing and mitigating ex-
treme flow incidents. There was apparently a change in the real-time operation from
the 1989-1997 period to the 2003-2013 period, resulting in notable improvements in
the streamflow signatures (Table 5.2 and Figure 5.5). It highlights the importance of
experience in the decision-making of reservoir operators gained over time. As a result,
we acknowledge that the Gumbel extreme value analyses of the observations should be
interpreted with care. With real-time control, the reservoir could, for instance, release
more water in drier years and close the spillway for a while in wetter years to pre-
vent overtopping the downstream floodwater during storm events. For some events in
the past, however, the real-time operation was problematic, such as when the reservoir
stored too much stormwater and had to release surcharge water to prevent dam fail-
ures, thus intensifying downstream inundations (Komori et al., 2012). This underlines
the need for more effective real-time forecasting and decision-supporting tools in order
to provide more sustainable reservoir operation in the future.
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5.5 Conclusion and outlook

The upper GCPR basin has been highly regulated by multipurpose reservoirs for over
half a century. While the reservoirs support agriculture and hydropower generation,
their regulations have modified the natural flows, posing a challenge to water resources
management. This chapter explored the quantitative effects of the major reservoirs,
Sirikit and Bhumibol, on the water balance, daily flow regime and extreme flows during
the 1989-2013 period. We used the wflow_sbm model with global spatial data and pa-
rameterization to simulate streamflows in the naturalized scenario (without reservoir)
and the baseline operation scenario (with generalized operating rules) as thoroughly
described in Chapter 4. We analyzed key hydrological signatures in both scenarios and
compared these to the observational data, which represent the real-time operation. The
main findings are as follows:

1. The reservoir operation disrupted the natural water balance and rainfall-runoff
processes in terms of both magnitude and timing, especially with higher evapora-
tion loss.

2. The reservoir operation inverted the natural seasonality of the daily flow regime,
with higher flows in the dry season and lower flows in the rainy season. In the
long-term, the daily median flows (Q5,) and low flows ((Qqo) markedly increased,
while daily high flows (Qo) markedly reduced. The daily baseflow contribu-
tion was greater, indicating that streamflow came mostly from the delayed source
(reservoirs), and thus that the daily flows became less flashy and more constant
throughout a year.

3. The reservoir operation prevented or mitigated many extreme flow incidents in the
past. It reduced the magnitude of annual flood peaks and increased the annual
minimum flows. Most of the annual minimum flows were also maintained above
the naturalized environmental flows, except in some dry seasons during the 1990s.
Both annual flood peaks and minimum flows occurred less frequently, but their
timing became more variable, and thus difficult to predict.

4. Annual flood peaks and minimum flows were more influenced by the real-time
reservoir operation than by extreme weather. However, extreme weather does
tend to amplify the severity of flooding.

5. The difference between reservoir outflows from the baseline operation (simula-
tion) and from the real-time operation (observations) highlights the importance
of decision-making and real-time control to optimize reservoir outflows on the
daily basis.

The findings on the effects of reservoir operation in the upper GCPR basin can benefit
Thailand in the light of sustainable reservoir management under the recent National
Water Resource Management Master Plan for the 2018-2037 period. At a larger scale,
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the insights into the reservoir effects from this basin can be of assistance to reservoir
operators and water managers for both existing and planned reservoirs in SEA and other
tropical regions. In the future, the river basins in Thailand and SEA will probably be
more intensively regulated by more reservoirs. Such management needs to be carefully
planned in all aspects of hydrology, ecology and economic development to optimize
water resources and prevent hydrological hazards. More studies on the effects of other
reservoirs, considering their different purposes, sizes and locations are encouraged. The
future challenge lies in predicting and optimizing real-time operation for more effective
and sustainable operational and strategic water management, especially for floods and
droughts under changing climate and rapid economic development.



“It’s easy to lie with statistics,
but it’s hard to tell the truth without them.”
—Charles Wheelan, Naked Statistics: Stripping the Dread from the Data, (2012)
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Abstract

Real-time reservoir operations are highly dependent on decisions made by reservoir
operators, which are difficult to simulate accurately with process-based models. Data-
driven models, particularly those based on machine learning (ML), have been shown to
be able to overcome the limitations of process-based models. Despite a large number of
ML studies in reservoir operation modelling, little is known about the roles of reservoir-
related input data on ML model performance. This chapter aims to investigate the char-
acteristics and relationships of the available reservoir-related data as the inputs of ML
models for simulating real-time reservoir operation and outflow. The Sirikit reservoir in
the Greater Chao Phraya River basin in Thailand was used as the case study. With time
series decomposition and correlation analyses, we considered the Sirikit reservoir stor-
age (), the Sirikit reservoir inflow (I), the Bhumibol reservoir outflow (Qp; another
important reservoir in the basin), the downstream river discharge (Qp), the month of
the year (M) and the day of the week (D). ML models with 17 scenarios of input
combinations were run and compared. We chose the ML algorithms that have been
widely used in reservoir operation modelling, including Multiple Linear Regression, K-
Nearest Neighbor, Support Vector Machine, Classification and Regression Tree, Random
Forest, Multi-Layer Perceptron and Recurrent Neural Network. We took S;_1, I;_o to I; o
and M as input variables for the Sirikit reservoir. Ultimately, we acknowledge that the
most suitable input variables vary per ML algorithm, reservoir and study area, and thus
should be considered individually.
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6.1 Introduction

Reservoirs and dams are key infrastructures for water resource utilization and manage-
ment in major river basins around the globe. They have an essential role in flood and
drought control, agricultural irrigation, hydropower generation and water supply. Real-
time reservoir operation is required to efficiently achieve these different purposes and
to minimize adverse effects on downstream floods, droughts, environmental flow and
river ecosystems (Zhang et al., 2018a). Real-time reservoir operation is usually unique
for each reservoir, depending on their purpose, location, climatology, and judgments
and experience of reservoir operators. Consequently, controlled reservoir outflows are
significantly different from natural upstream inflows (as demonstrated in Chapter 5).
Hence, real-time reservoir operation is undoubtedly an important component in hy-
drological models for accurate streamflow simulations. Hydrological modelling with
reservoir operation, however, has been a long-standing challenge, especially for large
multi-purpose reservoirs.

Reservoir operation modelling with process-based models has been widely used to simu-
late controlled reservoir outflows and storage. In the late 1970s, a process-based model
of multi-purpose reservoir operation was developed based on a priority ranking concept
(Sigvaldson, 1976). Since then, process-based reservoir operation models have been
continuously proposed and improved, in parallel with the increasing development in
computer technology and data availability. The examples of favored models are CalSim
(Draper et al., 2004), WEAP21 (Yates et al., 2005) and HEC-ResSim (Klipsch & Evans,
2006). They provide transparent representations and interpretable calculations of reser-
voir operation in modelling systems, which allowed them to be understood, trusted and
applied by reservoir operators and water managers (Lund & Guzman, 1999; Yang et al.,
2016).

Despite their benefits in model transparency and interpretation, process-based models
are only effective and accurate if the predefined reservoir operating rules and policies
(so-called reservoir operating rule curves) represented in the models realistically reflect
the actual real-time reservoir operation and outflow (Johnson et al., 1991; Yang et al.,
2016). However, it has been commonly acknowledged that reservoir operating rule
curves are generally used as long-term guidance. The actual operation processes, on
the other hand, are highly dependent on real-time decisions made by reservoir opera-
tors to optimize the outflows to specific conditions and purposes, and thus often deviate
from the rules (Oliveira & Loucks, 1997). Converting these real-time decisions and
deviations into explicit processes or numerical inputs is beyond the limited complexity
and mathematical description of process-based models (Chang & Chang, 2001; Draper
et al., 2004; Wannasin et al., 2021b). Therefore, it remains difficult to accurately sim-
ulate real-time reservoir operation and controlled outflow with process-based models,
especially for extreme outflows.

In the past two decades, data-driven models, particularly machine learning (ML) mod-
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els, have gained increasing attention in reservoir operation modelling. This is because
of their potentially higher accuracy in simulating real-time reservoir operation and out-
flow compared to process-based models. ML algorithms establish data-driven rules
that relate input data (e.g., reservoir storage) and output data (i.e., reservoir outflow),
while minimizing the need for explicit mathematical representation and information on
real-time decision-making by reservoir operators (Yassin et al., 2019). Similar to the
calibration-validation procedure of process-based models, ML models require training
and testing for each reservoir to implicitly deduce the actual reservoir operation and
compute the actual outflow. Due to their black-box nature, ML models may not be suit-
able for understanding the operation processes. However, their ability to fit complex,
non-linear, high-dimensional relationships between input and output data can highly
benefit the need for accurate reservoir outflow simulations.

Several studies have shown the good performance of ML models in simulating real-
time reservoir outflows. Some studies have proposed and compared the performance
amongst different ML algorithms (e.g., Hsu et al., 2015; Zhang et al., 2018a; Yang
et al., 2019; Guo et al., 2021). Other studies have further explored and maximized the
applications of well-known ML algorithms in reservoir studies (e.g., Chaves & Chang,
2008; Yang et al., 2016; Liu et al., 2019b; Zheng et al., 2022; He et al., 2022). Yet
other studies have investigated model training, tuning and parameterization to optimize
model performance in a detailed manner (e.g., Zhang et al., 2018a, 2019; Ouyang et al.,
2021). However, only a few studies have focused on influences of input data selection
and pre-processing on ML model performance (e.g., Chen et al., 2018). Instead, most
studies have assumed that ML models required the same input data as process-based
models.

While a large number of ML applications have focused on algorithms, their training
and parameterization to improve the model accuracy and efficiency, the equally fun-
damental problem of selecting and pre-processing input data deserves to receive more
attention. This is because input data are the core of data-driven models, and thus un-
suitable choices of input variables can significantly affect model speed and predictive
ability (Breck et al., 2019; Jain et al., 2020). Therefore, the right input data must be
fed to an ML algorithm to achieve the right target output. Apart from the input data
selection, pre-processing, especially input data scaling, can also determine the model
accuracy (Ahsan et al., 2021). Hence, to improve real-time simulations of reservoir op-
eration and outflow, input data and their influence on ML model performance should
be carefully taken into account.

The purpose of this chapter is to gain insight into the influence of input data on the
performance of different ML algorithms in order to improve the accuracy of real-time
reservoir operation and outflow simulations. The step-wise approach to achieve this
goal consists of (i) reservoir data analysis, (ii) input data selection and pre-processing
and (iii) performance comparison of different ML algorithms with the selected input
dataset. Eventually, we aim for simulating reservoir outflow on a daily timescale.
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Figure 6.1: Study framework, including reservoir data analysis (left), input data selection
and pre-processing (middle), and algorithm performance comparison with the selected input
data (right).

6.2 Methodology

According to the study aim and aforementioned step-wise approach, the study frame-
work is illustrated in Figure 6.1. First, we analyzed the characteristics and relationships
of readily available reservoir-related time series data to identify potential input variables
of ML models. Next, we used different combinations of potential input data to train the
ML models and evaluated and compared their performance. The impact of input data
scaling was also assessed. We then carefully selected the most suitable input datasets.
Seven ML algorithms with the selected input datasets were run and the accuracy of their
simulated reservoir outflows was evaluated. We focused on the Sirikit reservoir.

6.2.1 Reservoir data analysis
Available data based on reservoir operation and reservoir water balance

Real-time reservoir operation is a complex task, which entails determining reservoir
outflow and maintaining reservoir storage to satisfy different purposes under continu-
ously changing circumstances. In theory, the outflow determination is mostly based on
the reservoir water balance, reservoir storage zoning and reservoir operating rule curves
(see Chapter 1; Section 1.2.1). In practice, however, real-time decision-making by reser-
voir operators also plays an important role (see Chapter 1; Section 1.2.2). Therefore,
the real-time reservoir operation function (Equation (1.2)) consists of several compo-
nents, including the reservoir water balance, reservoir operating rule curves commonly
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used as a guideline, total downstream water demand (which includes requirements of
irrigation, hydropower generation, flood and drought control, water supply and envi-
ronmental flow), and operators’ judgments and decisions (which are based on their
expert knowledge and historical experience).

The reservoir water balance (Equation (1.1)) contains the reservoir outflow, reservoir
inflow from surface water and groundwater, reservoir storage, precipitation and evap-
oration over the reservoir surface, and storage loss (e.g., from groundwater seepage
and dam leakage). According to Kumar & Reddy (2007) and Yang et al. (2019), the
simplified relationship amongst the reservoir outflow, inflow and storage at the daily
timescale is indicated as

Ai(li + Lim1)  Ai(Qi + Qia)

Si: i— s
Si—1 + 5 5 ;

(6.1)

where S is the reservoir storage [m?], @ is the reservoir outflow [m? s~!], I is the
reservoir inflow [m® s~!] and A is the given time interval, assuming precipitation over
the reservoir, evaporation from the reservoir and storage loss to be negligible. Note that
S pertains to the end of each time step, whereas @ and I pertain to the entire time step
(i.e., they are averages over that time step).

Focusing on the Sirikit reservoir, the daily aggregated values of historical reservoir out-
flow and storage time series data are available from observations. Generalized informa-
tion on the downstream water demand and the operating rule curves can be acquired
as the long-term monthly reference values (as previously demonstrated in Figure 3.4).
Since these reference values are subject to adjustments (e.g., they are set differently for
predicted wet and dry years), using these values directly as inputs of ML models may
lead to insufficient simulation accuracy in some years. However, the values of both the
downstream water demand and operating rule curves can be defined as functions of the
month of the year (seasonality). Tebakari et al. (2012) indicated that the Sirikit reser-
voir outflow had a seven-day periodicity (weekly cycle) for irrigation purposes, which
contributes to a large part of the water demand. Another hint to the water demand
may be obtained through the downstream river discharge at Nakhon Sawan (location
shown in Figure 2.2). It is impossible to derive the operators’ judgments and decisions
numerically, but they are to some extent reflected in the historical reservoir outflow
and storage time series data. In addition, since the Sirikit reservoir is simultaneously
operated with the Bhumibol reservoir, of which outflow also markedly contributes to
the downstream discharge (see Figure 2.2), the Bhumibol reservoir outflow may also
be considered.

By taking into account the roles and availability of the reservoir-related data based on
the reservoir operation and the reservoir water balance, we decided to take into ac-
count the following variables: the Sirikit reservoir outflow (), the Sirikit reservoir
storage (S), the Sirikit reservoir inflow (7), the Bhumibol reservoir outflow (Qp) and



6.2 Methodology 111

the downstream river discharge (Qp). Timing information, including the month of the
year (M) and the day of the week (D), was also investigated. () was taken as the target
output variable of the ML models, while the others were considered as potential input
variables. The historical time series data of Q, S, Qg and Qp were obtained from obser-
vations (see Chapter 3; Section 3.1.3). The I data were derived from the hydrological
simulation using the wflow_sbm model (as elaborated in Chapter 4). The observed data
were available continuously for a period of 10 years from 2004 to 2013.

To specify the importance and usefulness of the potential reservoir-related data as inputs
of the considered ML models for ) simulations, we analyzed their daily time series, fo-
cusing on their characteristics and changes with time. The time series analyses included
univariate analysis (single time series) and bivariate analysis (two time series). We used
the univariate analysis to investigate the characteristics and time dependencies in the
variables, while the bivariate analysis was used to assess the relationships and effects of
the potential input variables on the target output, Q.

Reservoir data characteristics

To investigate the characteristics of the daily time series of @, S, I, Qg and Qp, we fo-
cused on the long-term trend and periodicity, including the weekly and monthly cycles.
This is because trend and periodicity are valuable signatures for data-driven models. To
do so, the daily time series were decomposed. Time series decomposition is the process
of deconstructing a time series into three components: trend (the long-term progression
with a persistent increasing or decreasing direction in the data), cycle/seasonality (the
periodic behaviors captured over a fixed and known period) and residual (the random
or noise of the time series after the other components have been removed).

Considering the prior knowledge of the timing dependence of the data, including the
annual cycle and the weekly cycle, we decomposed the time series accordingly. Firstly,
we decomposed the original time series, concerning the annual cycle. After that, we
decomposed the residual component of the original time series, concerning the weekly
cycle. By using the residual component, from which the trend and seasonal cycle were
already removed, we can better extract the remaining weekly cycle, which is often less
prominent. The time series were decomposed using the Classical Seasonal Decomposi-
tion by Moving Averages function (Kendall, 1946), which is available in R. Apart from
the time series decomposition, we also used the non-parametric Mann-Kendall trend
test (Hamed & Rao, 1998) to statistically identify any existing long-term trends in the
time series data. If the test indicates a p-value lower than a significance level (here
defined as 5%), there is significant evidence that a trend is present in the data.

Reservoir data relationships

We investigated relationships of the @, S, I, Qp and Qp time series using both uni-
variate and multivariate analyses. For the univariate analysis, the simple correlation
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function, also called auto-correlation, was applied. The auto-correlation considers rela-
tionships among successive terms of a single time series based on the hypothesis that
one series at the given time step may be systematically correlated with its own lagged
values (Jenkins, 1968; Angelini, 1997). The auto-correlation coefficients (ACs) range
between —1 and 1. Plotting ACs against the time lag gives the auto-correlation function
(ACF), also known as the correlogram. Lag O has an AC of 1, and other lags with high
AC values suggest a strong linear dependence or memory and, if any, periodicity within
the data. Therefore, the ACF gives useful information about memory effects, i.e., the
duration of the influence of the variable.

Spectral analysis also allows an understanding of periodicity, especially components that
may not be clearly invisible in the ACF. The spectral density function (SDF) is the Fourier
transform of the ACF, which can be either obtained in a non-parametric way (using the
Fast Fourier Transform) or in a parametric way (using an Auto-Regressive Moving Av-
erage model). Detailed explanations can be found in Jenkins (1968) and Shumway
& Stoffer (2000). The SDF describes the time series in terms of frequencies with the
squared correlation between the series and the sine/cosine waves, also known as the
periodogram. It shows the decomposition of the total variance of a time series over its
frequency components, allowing the identification of dominant periodicities. Although
the ACF and SDF are two sides of the same coin, we also included SDF for clear visu-
alization of periodicity, especially when the residual component of the time series was
decomposed again.

Just as ACF measures the extent of a lagged relationship within a time series, cross-
correlation, the bivariate analysis, indicates the degree of the lagged relationship be-
tween two time series (Box et al., 2015; Manga, 1999). One series at the given time step
may be correlated with another series at a certain time lag. Plotting cross-correlation
coefficients (CCs) versus the time lag gives the cross-correlation function (CCF), the
so-called cross-correlogram. The lag with the highest positive or negative CC value rep-
resents the best linear correspondence between the two series, giving the duration by
which one series leads or trails the other or the response time it takes an effect to prop-
agate from one variable to the other. Nonetheless, it should be noted that correlation is
not causality.

6.2.2 Input data selection and pre-processing

After reservoir data analysis revealed the potential of the reservoir-related variables as
input variables of the considered ML models, we assessed impacts of different input
data combinations and data scaling on ML model performance.

Different input data combinations

To simulate () with the ML models, the potential input variables can be categorized into
the Sirikit reservoir variables (S and I), the timing variables (M and D) and the other
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related variables (Qp and Qp). With these variables, we created 17 scenarios of input
data combinations for the considered ML models, taking also into account the data
availability in the real world of the reservoir operation, as shown in Table 6.1.

Data scaling

The potential input variables have different units and ranges of values (e.g., S ranges
from 3.14 to 9.5 million m?3, while I ranges from 12 to 4136 m? s™!), referring to
different scales and distributions in the time series data. Therefore, we investigated if
scaling the input data could improve model performance. Two common data scaling
techniques for ML models are standardization and normalization. Standardization is a
re-scaling to make the mean of the data equal to 0 with a standard deviation of 1, and
thus it is most suitable for data with a Gaussian marginal distribution. Normalization is
a re-scaling of data to fit the range of 0 and 1. It requires the minimum and maximum
values of the data. Since most times series data in this study are not normally distributed
(see Figure B.1 in Appendix B), we selected normalization as the scaling method. A
value is normalized as follows:

X - Xmin

Xnorm =
)
Xmax - Xmin

(6.2)

where X,,,,, is the normalized value of X, X,,;, is the minimum value of the time series
and X,,., is the maximum value. The [ time series was also logarithmically transformed
to make the distribution less skewed before being normalized. The other input variables
were not transformed as their distributions are not strongly skewed.

6.2.3 Algorithm performance evaluation and comparison

With the 17 input dataset scenarios, we evaluated and compared the @) simulation re-
sults of seven ML models. The chosen models are Multiple Linear Regression (MLR), K-
Nearest Neighbor (KNN), Support Vector Machine (SVM), Classification and Regression
Tree (CART), Random Forest (RF), Multi-Layer Perceptron (MLP) and Recurrent Neural
Network (RNN). Details of the algorithms are described in Chapter 3; Section 3.4. For a
fair comparison, we ensured that all ML models were implemented in the same manner.
To do so, we built the ML models based on their simplest structures within the open-
source machine learning frameworks in python (see more detail in Chapter 3; Section
3.4.6). For the MLR, KNN, SVM, CART and RF models, hyper-parameters were set at
their default values. For the MLP and RNN models, the models were simplified with
one input layer, one processing layer of 64 neurons and one output layer. MLP and RNN
were trained with 50 iterations, using the initial learning rate of 0.001 and the Adaptive
Moment Estimation (ADAM) as the optimizer. It should be noted that this study did not
focus on obtaining the best model performance with their parameterization.



Table 6.1: Scenarios of input variable combinations for machine learning models to simulate the Sirikit reservoir outflow Q. The inputs
consist of the Sirikit reservoir storage (S), the Sirikit reservoir inflow (I), the timing data and the other related data. The timing data
include the month of the year (M) and day of the week (D). The other related data include the Bhumibol reservoir outflow (Qp) and the
downstream discharge (Qp). ¢ is the current model time step.
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Scenarios Reservoir stor- Reservoir inflow data Timing data Other data Investigation
age data
Baseline Si_1 I
1 Si2, St—1 Iy S
2 Si1 Iy o, It I
3 Si—2, St—1 Ii o, I S&I
4 Si—1 I3, Lo, I I (past)
5 Si1 Tpg, It3, I, I I (past)
6 Si1 I, I3, It o, It 1, I T (past & present)
7 Si—1 Iy, I3, Lo, It 1, Iy, It I (past, present & future)
8 Si1 Liay Ii—s, Ly—2, Ly, Iy, g1, Tigo I (past, present & future)
9 Si—1 I3, Lo, i1, Ity Iijq, Tiqo I (past, present & future)
10 Se—1 Lo, It1, Iy, Iiyq, g I (past, present & future)
11 m»\H Nw\wn NA\H“ N? N»+Hv N»+m M .H,:H:UW
12 Si—1 Lo, Iy, Iy, Iypq, Iigo D Timing
13 .Ww\w Lo, Iy, I, NIVT Nivw M, D ..:EHDW
14 Si—1 Iy o, Iy 1, Iy, Iy, Iiqo M QB,t-1 Other factor
15 Si—1 I o, Iy 1, Iy, Iyi1, Iiqo M Qpi-1 Other factor
16 Si_1 Lo, Ii 4, Iy, NI‘HV NTTN M kalf @UHIH Other factor
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We trained and tested all ML models on the same dataset, using 80% of the data for
training (the years 2004-2011) and 20% for testing (the years 2012-2013). We used
the Mean Square Error (MSE) as the error estimation function during the training and
testing, and used the Root Mean Square Error (RMSE) and the Kling Gupta efficiency
(KGE; Gupta et al., 2009) to evaluate and compare the models’ performance. More de-
tails on the MSE, RMSE and KGE criteria are provided in Chapter 3; Section 3.5.1.

6.3 Results

6.3.1 Reservoir data characteristics

The decomposed time series of the daily reservoir-related data consist of the Sirikit
reservoir outflow (Q; Figure 6.2), Sirikit reservoir storage (S; Figure 6.3), Sirikit reser-
voir inflow (I; Figure 6.4), Bhumibol reservoir outflow (Qp; Figure B.2 in Appendix B)
and downstream discharge () p; Figure B.3 in Appendix B). Overall, the decomposition
reveals trends and periodicity, with the most distinct patterns being the annual cycle
(month of the year) and weekly cycle (day of the week).

Annual cycle

The seasonal components of () (Figure 6.2(B and E)) and ()p (Figure B.2(B and E))
show similar behavior. The outflow of both Sirikit and Bhumibol reservoirs increases
from October to February when releasing water is more important than storing it. At
the end of the wet season, excess water (surcharge and flood control storage previously
shown in Figure 3.4) is released to prevent too full reservoir storage. In the dry season,
the stored water is released to support irrigation and drought control. The outflow
decreases from February to October when storing water becomes more important. Less
stored water is available in the late dry season. The reservoir is in the refilling state
(conservation storage shown in Figure 3.4) from the early wet season. Also, excess
water is held back for downstream flood control until the late wet season.

The seasonal component of S (Figure 6.3(B and E)) varies oppositely to @) and @p.
The storage increases from June to November, as most rainwater and inflow are stored
in the wet season. It then decreases during the entire dry season as water is contin-
uously released to meet the requirements for irrigation and other downstream water
demand.

In contrast to the human-induced seasonality of @), Q5 and S due to the reservoir oper-
ation, the seasonality component of I (Figure 6.4(B and E)) follows a natural pattern.
The inflow increases from May (the start of the wet season) to its peak in August or
September, before decreasing during the rest of the year. The seasonal component of
Q@p (Figure B.3(B and E)) reveals the same pattern as I, but with a delayed peak in
October, implying a more natural characteristic, despite being influenced by the two
mMajor reservoirs.
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Figure 6.2: Decomposition of the observed daily Sirikit reservoir outflow (Q) data. The
original time series (A) is decomposed into the seasonal (B), trend (C) and residual (D) com-
ponents. Panel (E) shows the distribution of the daily ) per month.
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Long-term trend

According to the Mann-Kendall trend test, a significant long-term trend at the 5% sig-
nificance level over the 10-year period of 2004-2013 was found for @ (Figure 6.2(C)),
S (Figure 6.3(C)) and @p (Figure B.3(C), of which p-value << 0.01. This may indicate
the effect of adjusted reservoir operation policies during the study period. There is,
however, an exception for I (Figure 6.4(C); p-value = 0.43) and Qp (Figure B.2(C);
p-value = 0.21), in which no significant long-term trend was found. It should be noted
that there was an apparent change in the signatures of () between the 1989-1997 and
the 2003-2013 period, as the reservoir operating rules were officially adjusted (as pre-
viously demonstrated in Table 5.2 and Figure 5.5). The trend component of S tends
to increase for one year and then decrease for another year. This fluctuating pattern
was interrupted in 2011 when S was supposed to decrease, but instead kept increasing
according to the enormous amount of /. The trend component of / (which shows no
significant trend) contains humps that reflect the wet and dry years in the basin. It is
acknowledged that with different time windows and other trend-extracting methods,
more or different trends may appear.

Weekly cycle

The residuals of the @ and S time series (Figures 6.2(D) and 6.3(D)) were decomposed
again, focusing on the weekly cycle. The weekly cycle of the residual of ) shows a
prominent amplitude (Figure 6.5(C)). When looking carefully at the spectral density
function (SDF; Figure 6.5(1)) there are spikes at the frequency of 0.14 and 0.29, which
correspond to a periodic cycle of 1/0.14 7 days and 1/0.29 = 3.5 days, consistent with
the decomposed weekly cycle. The 3.5-day cycle can be an artifact of the processing.
This is in accordance with the finding of Tebakari et al. (2012) that ¢ had a seven-
day periodicity due to the irrigation requirement. The weekly cycle of the residual also
reveals that () starts at a smaller amount on Monday and gradually increases to the
peak on Thursday, before decreasing during the rest of the week (Figure 6.5(C)).

The weekly cycle of S is not as distinct as the weekly cycle of @), as shown in Figure
6.5(D and J). The SDF result (Figure 6.5(J)) displays several frequency peaks in the
spectrum, with periods of 1/0.004 ~ 250 days, 1/0.06 = 17 days, 1/0.15 = 7 days, and
1/0.32 ~ 3 days. This can be because S does not solely depend on reservoir operation,
but also on I.

6.3.2 Reservoir data relationship

Auto-correlation

The auto-correlation functions (ACFs) of the daily ), S and I time series are presented
in Figure 6.6, while the ACFs of Q3 and Qp can be found in Figure B.4 in Appendix B.
The ACFs were analyzed for (i) the original time series, (ii) the residual of the first time
series decomposition (Residual;; representing the data without the long-term trend and
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Figure 6.5: Decomposition of the Sirikit reservoir outflow (Q) and storage (S), focusing on
the weekly cycle. The initial time series (panels A and B) are the residuals of the decomposed
original time series (shown in Figures 6.2(D) and 6.3(D)). The weekly component (panels C
and D) is a zoom-in into a two-month period so that the periodicity is visible. The residual
component (panels G and H) are the residuals of the residual time series after further exclud-
ing the weekly cycle. The spectral density function (SDF; panels I and J) shows the periodicity
estimated with both non-parametric and parametric methods. Note that the y-axis of the SDF
is presented on a logarithmic scale.



6.3 Results

121

ACF of 0

ACF of §

ACF of 1

0.8

04

Original time series

Without trend and yearly cycle

Without weekly cycle

(A)

(B)

©),

o 2 ® 2 ®

© ©

[=} o

IS S
________________________ s s

R e

(=}

|
0 100 200 300 0 100 200 300 0 5 10 15 20 25 30

0 100

200
Lag [Day]

300

0 100 200
Lag [Day]

300

0

5

10 15 20 25 30
Lag [Day]

Figure 6.6: Auto-correlation function (ACF) of the daily Sirikit reservoir outflow (Q), storage
(S) and inflow (I) data. The left panels show the ACFs of the original time series. The middle
panels show the ACFs of the 1°° residual time series (as shown in Figures 6.2(D), 6.3(D) and
6.4(D)), representing the data without the long-term trend and annual cycle. The right panels
show the ACFs of the 2"d residual time series (as shown in Figure 6.5(G and H)), representing
the data without the long-term trend, annual cycle and weekly cycle. Dashed black lines
indicate where the correlation is significant to the 95% level.
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annual cycle) and (iii) the residual of the second decomposition (Residual,; represent-
ing the data without the long-term trend, annual cycle and weekly cycle). Interpreting
the ACFs of time series with strong (yearly and weekly) cycles can be difficult. How-
ever, interpreting the ACFs of the residuals can reveal interesting information about the
dynamics of the system.

The ACFs of the original time series (left panels in Figures 6.6 and B.4) show slow
decays, implying that the variables gradually change and have long-term influences on
the hydrological and operation systems. The decreasing correlation of () reached the
decorrelation threshold (1/e ~ 0.37) after 51 lag days, S after 85 lag days, I after 39
lag days, Qg after 64 lag days (not shown) and Qp after 106 lag days (not shown).
The shorter decorrelation times of I reflect the natural seasonality, while the longer
decorrelation times of the other regulated variables also reflect the long-term memory
effects of the reservoir operation. In other words, the seasonal inflow was stored and
released gradually over many months.

The ACFs of the Residual; time series (middle panels in Figures 6.6 and B.4) show
considerably faster decays to reach the decorrelation threshold compared to the original
time series; at 31 days for @), 55 days for S, 7 days for I, 24 days for Q5 and 29 days for
Q@p- This implies the extent of the annual cycle’s influence on the reservoir operation
and the hydrological system. Although it is invisible in the figures, @ and Qp also
contain a seven-day periodicity, aligning with the SDF result in Figure 6.5(I).

The ACFs of the Residual, time series (right panels in Figures 6.6 and B.4) show a
very rapid decay, reaching the decorrelation threshold only after 1-2 days. I has no
correlation left after around 3 months, while the other variables keep showing small
oscillations with local positive correlations as the time lag increases.

Cross-correlation

Similar to the ACFs, the CCFs were also analyzed for (i) the original time series, (ii)
Residual; and (iii) Residual,. The CCFs of the original time series (left panels in Figure
6.7 and Figure B.5 in Appendix B) show that S and [ lead @ with a lag time of 83
days (~3 months) and 158 days (~5 months), respectively. Hence, one could expect
the highest ) 3 months after the highest S and 5 months after the highest /. This is in
accordance with the seasonal cycles of the variables, where the highest [ was found in
September, the highest S in October—November, and the highest () in January-February
(see Figures 6.2(E), 6.3(E) and 6.4(E)). @ and Qg are highly correlated at lag zero,
indicating that both reservoirs are operated simultaneously in real-time.

The CCFs of the Residual; time series (middle panels in Figures 6.7 and B.5) show
a similar correlation pattern, but with faster response times. The high Residual; of
@ could be expected 35 days (~1 month) after the high Residual; of S and 54 days
(~2 months) after the high Residual, of I. The Residual, of @ and @ are still highly
correlated at lag zero. The Residual, of Qp positively correlates with @, with a lead
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Figure 6.7: Cross-correlation function (CCF) between the daily Sirikit reservoir outflow (Q)
and storage (S) (top panels), and between the outflow and inflow () (bottom panels). The
left panels show the CCFs of the original time series. The middle panels show the CCFs of
the 1% residual time series. The right panels show the CCFs of the 2" residual time series.
Dashed black lines indicate where the correlation is significant to the 95% level.

time of 22 days, partly reflecting the travel time of @) to the downstream region.

The CCFs of the Residual, time series (right panels in Figures 6.7 and B.5) show short
response times. The high Residual, of () tends to occur 2 days after the high Residual,
of S and 1 day before the low Residual, of S. On the other hand, the high Residual,
of ) was likely to occur 4 days after the low Residual, of I and 2 days before the high
Residual, of 7. The high Residual, of Q5 took place 1 day before the high Residual, of
Q. The Residual, of (Q was also high on the day that the Residual, of Qp was low and 4
days before the high Residual, of Qp.

6.3.3 Selection of input data

Influence of different data combinations

The characteristics and relationships of the daily reservoir-related time series (S, I, Qg
and Qp) and timing information (M and D) show their importance, correlation and
potentials as the input variables of the ML models. According to the CCFs (Figures 6.7
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and B.5), we deduced that, in order to simulate () at the current day (¢), the most
important values of S are at days t — 2, ¢ — 1, ¢ and ¢ + 1, while the most important
values of I are from days ¢t —4 to t+2, considering high positive or negative correlations,
particularly of the Residual, time series. In reality, past data are usually available from
observations and simulations. Current and future data, however, must be carefully
considered. In principle, future I data can be derived from hydrological forecasts. On
the other hand, future S data are not commonly available, as they depend on the other
components in the reservoir water balance (See Equation (6.1)). Therefore, only the
past S data at ¢ — 2, t — 1 were considered in the input scenarios. For Qp and @ p, the
past data at ¢t — 1 were included.

With 17 combination scenarios of the input data (see Table 6.1), performances of the
seven ML models (MLR, KNN, SVM, CART, RF, MLP and RNN) during the testing pe-
riod (years 2012-2013) are illustrated in Figure 6.8(A). The performance results in the
training period are supplied in Figure B.6(A) in Appendix B. The baseline scenario con-
tains S;_; and I;_; as the inputs. We found that adding the past Sirikit storage (S;_s;
scenarios 1 and 3) in the inputs did not improve the performance of most models, ex-
cept for the MLR and CART models. Likewise, although adding the past, current and
future inflow (¢ — 4 to t + 2; scenarios 2-10) slightly improved the model performance,
their effects were not remarkable. There was no clear indication whether past, current,
or future inflow data play more a important role in the model performance. Therefore,
we decided to use S;_; and I;_,—I; 5, which allowed for accounting past, current and fu-
ture data, but not too computationally intensive for the models. Based on this selection,
we further explored the effects of timing information (M and D; scenarios 11-13). The
results show that D slightly reduced the model performance, while M improved the
model performance (scenario 11). With the further addition of Qg5 (scenario 14),
the performance of many models, except for MLP and RNN, was significantly enhanced.
In contrast, including Q) p,—; (scenario 15) did not benefit the models and even deteri-
orated the performance of some models (KNN, SVM and CART). The models with both
Qp—1 and Qp,—1 (scenario 16), therefore, did not perform differently.

Influence of data scaling

Overall, running the ML models with the scaled (normalized) input data increased the
resulting accuracy, as can be seen in Figure 6.8(B). Compared to their performance with
the raw inputs in Figure 6.8(A), the MLR and KNN model results improved the most in
the scenarios that focus on S and I data (scenarios 0-10). Meanwhile, the MLP and
RNN model results improved the most in the scenarios that include timing information
and other data (M, D, Qp and @ p; scenarios 11-16), of which RNN improved the most
in scenario 11. The SVM, CART and RF models did not show as much improvement
as other models. The most distinct improvements were found in scenarios 15 and 16
(where () p was included) for the KNN and SVM models. The difference in the RMSE re-
sults after the data scaling during the training period is supplied in Figure B.6(B).
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Figure 6.8: Performance of the seven ML models on the Sirikit reservoir outflow simulations
for the 17 input combination scenarios during the testing period (years 2012-2013), using
RMSE as the criterion. Panel (A) shows the RMSE of the model simulations with the raw input
data, while Panel (B) shows the difference in RMSE between the model simulations with the
raw input data and with the normalized input data, reflecting the effect of input data scaling
on the model performance. The ML models consist of Multiple Linear Regression (MLR), K-
Nearest Neighbor (KNN), Support Vector Machine (SVM), Classification and Regression Tree
(CART), Random Forest (RF), Feed-Forward Neural Network/Multi-Layer Perceptron (MLP)
and Recurrent Neural Network (RNN). Differences between the input combination scenarios
are explained in Table 6.1. In Panel (A), a lower RMSE value presented in a lighter color
indicates a better model performance. In Panel (B), a higher difference presented in a darker
color indicates an improvement in the model performance with the scaled input data. Lighter
to white color indicates that the model performance did not improve or even decrease. The
models’ performance in the training period is provided in Figures B.6 in Appendix B.
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6.3.4 Performance comparison of different algorithms

Based on the analysis results of the input data scenarios and data scaling, we selected
the two best-performing input datasets: scenario 11 (S;_y, I;_5 to I; ., and M) and sce-
nario 16 (Si_1, ;2 to I;1s, Qpi—1, @ps—1, M and D). The simulated ) by the seven
ML models in these two scenarios during the testing period (years 2012-2013) are dis-
played in Figure 6.9. As can be seen, the KGE values are higher in scenario 16 for most
models, except for the RNN model, which shows no improvement. Interestingly, the
MLR and RNN models had the best performance in scenario 11, while MLR also out-
performed other models in scenario 16. The performance comparison for the training
period is supplied in Figure B.7 in Appendix B.

6.4 Discussion

6.4.1 Available data to reflect real-time reservoir operation

In this study, the potential input variables of the ML models for simulating the Sirikit
reservoir outflow (Q)) were selected based on their availability, considering also multi-
purpose reservoirs worldwide in general. The variables consist of the Sirikit reservoir
storage (), the Sirikit reservoir inflow (I), the Bhumibol reservoir outflow (Qp), the
downstream river discharge ()p) and the timing information, including month of the
year (M) and day of the week (D). While these variables allow for a specific investi-
gation of the Sirikit reservoir, they are also general enough to provide a basis for ML
modelling of other reservoirs in the same basin, neighboring basins, and possibly other
basins with similar purposes and the same climatological setting.

The aforementioned variables can represent most components in the simplified reservoir
water balance (Equation (6.1)). However, it should be noted that the reservoir water
balance in reality is more complex due to the contribution of precipitation and evapo-
ration over the reservoir surface (as previously indicated in Chapter 1; Equation (1.1)).
Some previous studies found that the meteorological variables played a more important
role in ML model performance than timing information (e.g., Zhang et al., 2019; He
et al., 2021). Other studies stated that meteorological variables had an insignificant
influence on ML model performance, as they were already captured by the timing infor-
mation, and thus could be neglected (e.g., Yang et al., 2016). These conflicting findings
point to differences in the characteristics and relationship of the reservoir-related data,
reflecting different reservoir operations. In this study, we deduced that timing infor-
mation influences ML model performance more than meteorological variables as the
Sirikit reservoir operation is more conditional on water demands than seasonal rainfall.
In practice, the reservoir water balance also includes groundwater inflow from aquifers
to the reservoir and infiltration losses from the reservoir (Fowe et al., 2015). These data
are not commonly considered as input variables in ML modelling since they are usually
not available. However, they may play an important role in the water budget.
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Figure 6.9: Simulated daily outflows of the Sirikit reservoir by the seven ML models com-
pared to the observations in the testing period (years 2012-2013). The ML models consist
of Multiple Linear Regression (MLR), K-Nearest Neighbor (KNN), Support Vector Machine
(SVM), Classification and Regression Tree (CART), Random Forest (RF), Feed-Forward Neural
Network/Multi-Layer Perceptron (MLP) and Recurrent Neural Network (RNN). The simula-
tion results of two selected and scaled input scenarios are compared: scenario 11 (in solid red
color) and scenario 16 (in dashed orange color), which are the best input datasets. The details
of each scenario can be found in Table 6.1. The KGE values are also indicated for scenarios 11
and 16, respectively.
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Although the aforementioned variables can represent the important components in the
reservoir water balance, they cannot fully represent the real-time reservoir operation
function (Equation (1.2)). This is due to the lack of detailed data and information
required for capturing factors that influence real-time decision-making by reservoir op-
erators. Some additional data, such as hydroelectricity generation (e.g., Zhang et al.,
2019) and water allocation policies, can be obtained for specific reservoirs and have
proved to notably increase ML model performance (e.g., Yang et al., 2016; Zhang et al.,
2019). Unfortunately, these important data are generally difficult to record and provide
in detail for most reservoirs without authority support or collaboration.

6.4.2 Importance of input data selection

With the insight into the characteristics and relationships of the potential input variables
obtained in this study, we concluded that the recent past and future values of the S and
I data were closely correlated with the current value of the ) data, after eliminating
the long-term trend, annual cycle and weekly cycle in their time series (Figure 6.7).
This correlation reflects the short-term memory effect of real-time decision-making by
the reservoir operators. However, including the S and I data at different time lags and
lead times in the inputs did not significantly improve the performance of the ML models
(Figure 6.8(A)). Similarly, while the @) data contained an obvious seasonal cycle (Fig-
ure 6.2) and weekly cycle (Figure 6.5), only the M information notably increased the
resulting accuracy of the ML models. The same circumstance applied to the Q5 and Qp
data; although both variables showed the short-term memory effect on @ (Figure B.5),
@ p positively contributed to the ML model performance, while Qp even deteriorated
the performance of some ML models (Figure 6.8(A)). This can be because the shifted
S and I data, the D information and the p data added more complexities and noise
than linearity into the ML models.

Despite insignificant or negative effects of some potential input variables, we found
that including all data as inputs in scenario 16 (S;,_1, I;_2 to I112, Qpi—1, @p—1, M and
D) provided the best performance in most ML models, considering the RMSE (Figure
6.8(A)) and KGE (Figure 6.9) criteria. However, we cannot conclude that this input
dataset is the best choice for the Sirikit reservoir simulation with the ML models. Since
the input dataset contains variables with trivial roles (e.g., D) and redundancy (e.g.,
@B,-1), they can increase the complexity of the ML model unnecessarily, cause model
over-fitting and require more computational demand. In addition, although @z had
an important role in the ML model performance, this variable should be considered
carefully as the input. ) presented a strong linear correlation with @, in terms of both
values and variations, since both reservoirs are operated simultaneously (Figure B.5).
Therefore, adding the past () g value as the model input is similar to mimicking the past
@ value. It is also noteworthy that the input dataset in scenario 16 seems reasonable
for ML model simulations of historical @), but it can be unrealistic and requires more
modelling effort if one wants to apply the ML models for real-time () prediction. This
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is because the past, current and future data of I, Q5 and Qp would not be readily
available, and thus would require real-time predictions as well. The future and real-time
I data can be commonly predicted with a process-based model using meteorological
forecast data, in a similar way to the historical / data simulated by the wflow_sbm
model in this study. Predicting the Q and @p data, on the other hand, is burdensome
and risks adding more uncertainty (resulting from forcing and model uncertainty) in
the input dataset.

After careful consideration, we suggest that scenario 11 (S;_1, I;_» to I;,» and M) repre-
sents the most suitable input dataset for the ML models to simulate the Sirikit reservoir
operation and its @, considering all aspects, including data importance, data availabil-
ity, ML model performance and computational demand. The ) simulation results with
this input dataset were satisfactory for all ML models and were not remarkably differ-
ent from the simulation results with the input dataset in scenario 16, especially for the
MLP and RNN models (Figure 6.9). With this input dataset, we can capture four out
of five components in the real-time reservoir operation function (Equation (1.2)). The
four components include the storage, inflow, downstream water demand and operating
rule curves. By using the timing information (M) to indirectly refer to the downstream
water demand and the operating rule curves, we can avoid unnecessary complexities
in the input data. The remaining component is the reservoir operators’ judgments and
decisions in real-time.

To account for the real-time judgments and decisions of the operators, one may make
use of the previous () values as the input to simulate the current () value. This addi-
tion has been proven very successful to achieve excellent accuracy of reservoir outflow
simulations in several ML model studies (Chen et al., 2018; Zhang et al., 2018a, 2019;
He et al., 2021; Hong et al., 2021). This is due to the increasing linear relationship
between the inputs and output. However, we state here that using the previous @) data
as the input is only logical and useful for ML model application in practice when the
@ input data are obtained from prediction instead of from historical observations. A
realistic example is to use an ML model to predict ) in real-time and feed the predicted
@ result back into the model as an input for the next @) calculation. This presumption
is further explored in Chapter 7.

We acknowledge that there are available statistical approaches to assist the input vari-
able selection in ML modelling. A well-known approach is the Recursive Feature Elimi-
nation (RFE; Chen & Jeong, 2007). Some ML algorithms, such as MLR, CART and RF,
also provide optional functions to quantify and compare the importance of potential
input variables during their modelling process. However, these approaches are suitable
for classification ML models or univariate ML models. To our knowledge, there is so
far no exclusive input variable selection approach for regression ML models with mul-
tivariate input time series. Nevertheless, for comparison, we applied the RFE and the
built-in approaches of the MLR, CART and RF models to assess the potential input data
variables in this study. The results support our findings of the data characteristics and
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relationships using traditional statistics, like time series decomposition, ACF, CCF and
SDF. Moreover, the most suitable input variables can be subjective to different ML al-
gorithms, meaning that one input dataset can give high accuracy for some ML models,
but not for others (Figure 6.8(A)). Therefore, the statistical methods used in this study
are advised, since they can also provide more insight into the data.

6.4.3 Importance of data scaling

Many ML algorithms are sensitive to data scales and distributions during their training.
For example, MLR uses a weighted sum of the inputs, KNN uses distance measures that
are calculated based on the input scales and RNN initializes the input weights to small
random values during the training process. Therefore, many ML algorithms can achieve
better performance if the input data have a consistent scale and distribution, which is
consistent with the findings of this study (Figure 6.8(B)).

An important concern when scaling the input data for ML models is data leakage. It
occurs when an ML model is already aware of some unknown or future data in the
training process, causing model over-fitting with an overly optimistic training result
but poor testing or validating results. To prevent data leakage, we first normalized the
training dataset (years 2004-2011) and used the statistical values (minimum and max-
imum) to normalize the testing dataset (years 2012-2013). We strongly recommend
this approach in order to obtain the realistic performance of the ML models.

It is also important to note that the training period in this study represents a compre-
hensive variation of the Sirikit reservoir operation, including the normal flow condition,
flood events and drought events, while the testing period covers a relatively typical flow
period. This may cause model over-fitting to a certain extent. The reason is that if the
training dataset does not include the range of future extreme events, the scaling fac-
tors (minimum and maximum in this case) in the training period cannot provide proper
scaling of the extreme values in the testing dataset, resulting in lower accuracy of the
ML model result. For example, if the 2011 historical flood year would be included in
the testing period instead of the training period, the model performance could be sig-
nificantly reduced. This circumstance is likely to happen when applying the ML models
to predict the reservoir outflow in practice. Therefore, we suggest evaluating the model
performance, including the data selection and scaling, in different periods. This is fur-
ther investigated with the model cross-validation in Chapter 7.

6.4.4 Importance of algorithm selection

Although this study did not focus on obtaining the best ML algorithms for simulating
the Sirikit reservoir outflow, it reveals an interesting finding that is worth clarifying. The
model performance comparison (Figure 6.9) shows that simple algorithms, like MLR,
outperformed more complex algorithms. This can be explained in two ways. Firstly,
the testing period does not include extreme events. In the training period of scenario
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11 (Figure B.7), the KGE value of the MLR model (0.52) was significantly smaller than
the KGE values of KNN (0.90) and RF (0.95), and was similar to MLP (0.54) and RNN
(0.52). This implies that if the testing period contains more extreme reservoir outflow
values to be simulated, the performance of MLR is likely to decrease, while the other
models, particularly KNN, CART and RF, can retain the same performance (although the
CART model seems to be over-fitted with a KGE of 1). Secondly, the ML models in this
study were set up based on their basic structures and parameterization for fair compar-
ison purposes (as explained in Section 6.2.3). While the MLR model already performed
at its best due to its explicit linearity, the other ML models can still be improved through
a more complex structure and proper hyper-parameterization. For example, the CART
and RF models can identify the number of estimators in their training process. This is
especially the case for the MLP and RNN models, which in this study were simplified
with only one hidden layer of 64 neurons. Also, the models were trained with only 50
iterations. No recurrent input memory was applied in the RNN, despite being a benefi-
cial function. This indicates that these ML models can still perform better, although this
was not in the scope of this study.

6.5 Conclusion and outlook

The study provides insight into the characteristics and relationships of the available
reservoir-related data and their values as the inputs of machine learning (ML) models
for simulating real-time operation and outflow of the Sirikit reservoir in Thailand. The
potential input variables consist of the Sirikit reservoir storage (S), the Sirikit reservoir
inflow (I), the Bhumibol reservoir outflow (Qp), the downstream river discharge (Qp)
and the timing information, including month of the year (M) and day of the week
(D). The chosen ML algorithms consist of the Multiple Linear Regression (MLR), K-
Nearest Neighbor (KNN), Support Vector Machine (SVM), Classification and Regression
Tree (CART), Random Forest (RF), Multi-Layer Perceptron (MLP) and Recurrent Neural
Network (RNN). The major findings are as follows:

1. The recent past and future values of the potential input data, especially S and I,
were closely correlated with the current value of the () data, after eliminating the
long-term trend, annual cycle and weekly cycle in their time series, reflecting the
short-term memory effect of real-time decision-making by the reservoir operators.
However, including the input data at different time lags and lead times in the
inputs did not always significantly improve the model performance. One reason
for that may be that the data may add more complexities and noise than linearity
to the ML models.

2. Although including all potential data (S;—1, lt—2 to Iiyo, @pi—1, @pi—1, M and
D) as the inputs provided the best performance in most ML models, it may not
represent the most suitable dataset in practice, considering the trivial roles and re-
dundancy of some variables. Instead, the input dataset with fewer variables (S;_1,
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I;_5 to I; .5 and M) was suggested, considering data importance, data availability,
ML model performance and computational demand.

3. Many ML algorithms can achieve a better performance if the input data have a
consistent scale and distribution. Therefore, data should be carefully scaled during
the model training process.

4. Ultimately, the most suitable input variables depend on the choice of ML algo-
rithms and are unique for each reservoir and study area, and thus should be con-
sidered individually.

This chapter reveals the potential of ML applications with available input data on real-
time reservoir operation modelling in practice. Based on these findings, we applied
advanced ML models and evaluated their performance on multi-day reforecasting of
real-time operation and outflow with real-time inflow reforecasting for the Sirikit reser-
voir, as demonstrated in Chapter 7.



“Often people think of developments in computation as arising when we make our
computers more blazingly fast, so they can compute more stuff, bigger data.

It’s actually just as important to prune away big parts of the data that aren’t relevant
to the problem at hand! The fastest computation is the one you don’t do.”
—Jordan Ellenberg, Shape: The Hidden Geometry of Information, Biology, Strategy,
Democracy, and Everything Else, (2021)
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Reforecasting real-time reservoir
operation and outflow
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Abstract

Machine learning (ML) models have become increasingly popular in reservoir operation
modelling as they can overcome the limitations typically encountered in process-based
models. This chapter aims to investigate the capabilities of the Recurrent Neural Net-
work (RNN), Long Short-Term Memory (LSTM) and Gated Recurring Unit (GRU) in
simulating and reforecasting real-time (daily) reservoir operation and outflow, consid-
ering uncertainties in input data, training-testing periods and different algorithms. The
Sirikit reservoir in Thailand was used as the case study. The main inputs for the ML op-
eration models included the daily reservoir outflow, inflow, storage and the month of the
year. We applied the distributed wflow_sbm model for inflow simulation (using MSWEP
precipitation data) and inflow reforecasting (using ECMWF precipitation data). Daily
reservoir storage was obtained from observations and real-time recalculation based on
the reservoir water balance. The ML models were trained and tested with 10-fold cross-
validation. Results show that RNN, LSTM and GRU can reconstruct real-time reservoir
operation and provide accurate outflow when training data cover both regular and ex-
treme conditions. For multi-day reforecasting, the model performances are appropriate
for the current day up to 2-day lead times for low outflows and up to 6-7 days for
high outflows. GRU is potentially the most accurate, robust and convenient model to be
used in practice. We conclude that with some further improvements, the ML models can
be effective and applicable tools to support decision-making for real-time operational
water management.
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7.1 Introduction

Real-time reservoir operation modelling, which is essential for the efficient planning
and management of water resources, is a long-standing challenge in hydrological mod-
elling. Streamflows in river basins that are highly regulated by dammed reservoirs
are dependent on real-time reservoir operation, which alter the natural flow regimes
both in timing and magnitude (Li et al., 2017; Wannasin et al., 2021a). Therefore, to
adequately simulate and forecast streamflows in such river basins, real-time reservoir
outflows must be computed accurately first, especially during extreme flow periods. To
accurately compute real-time reservoir outflows, a model must comprehensively capture
the actual operation processes, which require real-time reservoir-related data and infor-
mation. The most difficult real-time information to be obtained and taken into account
in the models concerns the rapidly changing judgments and decisions made by reservoir
operators to continuously optimize the outflows under changing circumstances (Oliveira
& Loucks, 1997). Since these real-time decisions are based on experiential knowledge
and rarely recorded, they do not have a straightforward pattern and cannot be easily
and explicitly converted into numerical inputs, especially for multi-purpose reservoirs
(Draper et al., 2004; Wannasin et al., 2021b). Nonetheless, to enhance the effective-
ness and applicability of reservoir operation modelling for water resources planning and
management, it is crucial to develop models that comprise this important information to
represent and reproduce the actual reservoir operation and outflow in real-time.

An effective and applicable reservoir operation model should be able to compute real-
time operation and outflow by using typically available reservoir-related data (e.g.,
storage and inflow), while also incorporating the operators’ decisions and operating
rules without the requirement of a large amount of data and high computational de-
mand. To date, there are two approaches for this ambitious attempt: (i) improving
physical model representations and (ii) improving statistical model relations. The for-
mer concerns the improvement of physically-based and mathematical representation,
parameterization and integration of the reservoir operation processes in traditionally
process-based hydrological models (Yassin et al., 2019). This approach hypothesizes
that a higher model realism will increase the model’s ability to compute real-time reser-
voir operation and outflow. Improving statistical model relations, on the other hand,
concerns directly building statistical relationships between real-time outflows (output)
and other reservoir-related data (inputs) by using data-driven models (Solomatine &
Ostfeld, 2008). This approach is based on the idea that higher model accuracy can be
achieved without explicitly diving into the underlying physical processes and mathe-
matical description of real-time reservoir operation. While the need to understand and
reconstruct the real-time reservoir operation processes for long-term and sustainable
model applications necessitates the former approach, limitations in the model complex-
ity and data availability make it less practical (Zhao et al., 2016b; Yassin et al., 2019).
The latter approach, on the other hand, has shown greater potential in computing real-
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time reservoir operation and outflow, despite the same data limitation (Tanty et al.,
2015; Coerver et al., 2018).

Although the black-box nature of most data-driven models does not encourage the un-
derstanding of the reservoir operation processes or improvement of model realism, its
superior capability to fit complex and high-dimensional relationships between input
and output data can satisfy the need for higher model accuracy. Therefore, data-driven
models, particularly machine learning (ML) models, have been increasingly explored
in simulations and forecasts of real-time reservoir operation and outflow, especially for
urgent flood and drought controls. An overview of ML model classes and algorithms
that have been widely applied in reservoir operation modelling is provided in Chapter
3; Section 3.4. In particular, the Recurrent Neural Network (RNN), Long short-term
memory (LSTM) and Gated Recurring Unit (GRU) have gained popularity amongst all
ML algorithms. Their main advantage is their ability to use prior information in the
sequence to produce the current output in a feedback loop, which allows them to deal
with complex and non-linear time series more effectively. As a result, RNN, LSTM and
GRU have shown superior and promising performance in real-time reservoir operation
modelling (e.g., Zhang et al., 2019; Apaydin et al., 2020; Guo et al., 2021).

Despite the extensive applications of RNN, LSTM and GRU in real-time reservoir opera-
tion modelling, previous studies have primarily focused on historical reservoir outflow
simulations. Some studies have implemented the aforementioned algorithms to simu-
late real-time outflows for small or single-purpose reservoirs (e.g., Zhang et al., 2019;
He et al., 2021; Hong et al., 2021; Yang et al., 2021; Gangrade et al., 2022). Some other
studies have investigated the algorithms’ performance in simulating real-time outflows
for large or multi-purpose reservoirs (e.g., Chen et al., 2018; Zhang et al., 2018a; Zheng
et al., 2022). However, very few studies have been conducted on multi-day reforecast-
ing of real-time reservoir outflows. Here, reforecasting refers to forecasting of historical
outflows using archived forecast input data. The study of Yang et al. (2019) used LSTM
to reforecast daily reservoir outflows, using observed daily storage and reforecast daily
inflow obtained from a distributed hydrological model as inputs. Assuming that the role
of forecast meteorological data was negligible, they used the historical meteorological
data to reforecast the inflow. For that reason, the influence of meteorological forecasts
on the algorithm’s performance and the forecast skill in practice could not be addressed.
The study of Liu et al. (2022) utilized ensemble forecasts of meteorological data in an
LSTM application to reforecast streamflows in a cascade reservoir system. However,
they did not use LSTM to directly reforecast the streamflows, but to further correct the
reforecast results computed by a distributed hydrological model. Thus far, no study has
applied either RNN, LSTM or GRU with reforecast input data for real-time operation
and outflow modelling of large and multi-purpose reservoirs, as far as we know. There-
fore, the effectiveness and applicability of these ML algorithms to reforecast reservoir
operation and outflow remain unclear.

This chapter strives to assess the effectiveness and applicability of three well-known ML
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Figure 7.1: Modelling framework of the study, including employed data, model setups and
model outputs. P and PET represent precipitation and potential evapotranspiration. ¢ refers
to the modelling time step [day]. The dotted arrows refer to inputs, while the solid arrows
refer to outputs.

algorithms, RNN, LSTM and GRU, in real-time reservoir operation modelling. This in-
cludes both simulating and multi-day reforecasting reservoir operation and outflow at
the daily timescale. We focus on a large-scale, multi-purpose reservoir, of which real-
time operation is difficult to compute by process-based models. With the process-based
wflow_sbm model, we obtained historical and reforecast data of the reservoir inflow,
which was one of the inputs for the ML models. This chapter provides a comprehen-
sive investigation, considering uncertainties in the inflow input data, training-testing
periods and different ML algorithms. The viability and convenience of the ML model
applications in practice were also taken into account.

7.2 Methodology

This chapter contains three step-wise sections: (i) input data selection, (ii) daily reser-
voir inflow modelling using a process-based model and (iii) daily reservoir operation
and outflow modelling using three data-driven (ML) models with the modelled inflow
as one of the inputs. Accordingly, the modelling framework is illustrated in Figure 7.1.
The Sirikit reservoir in the Greater Chao Phraya River basin in Thailand was used as a
case study, with the location shown in Figure 2.2.
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7.2.1 Selecting reservoir-related input data for data-driven models

Real-time reservoir operation is a complex function of several variables, including the
reservoir outflow, inflow, storage, downstream water demand, operating rules and op-
erators’ decisions, established within the reservoir water balance function (Lund & Guz-
man, 1999; Yang et al., 2019). The real-time reservoir operation function is presented
in Equation (1.2). Since real-time operation is unique for each reservoir, it is advised
to individually consider input variables for ML models, taking into account also the
modelling purposes, algorithms, data importance, data availability and computational
demand. In this study, we carefully selected available data of the Sirikit reservoir for
the ML models based on statistical analyses, including time series decomposition and
correlation, as elaborated in Chapter 6.

The daily Sirikit reservoir outflow (Q) was the target output variable of the ML models.
The selected input variables were the daily reservoir storage (S), the daily reservoir
inflow (/) and the timing information in terms of month of the year (/). The @, S and
I variables represent the reservoir water balance components (Equation (6.1)), while
the M variable reflects the seasonal downstream water demand and operating rules in
the real-time reservoir operation function (referred to as D and R in Equation (1.2)).
The daily S and ) data were obtained from in-situ observations (see Chapter 3; Section
3.1.3), while the daily I data were computed by the wflow_sbm model (Section 7.2.2).
To simulate the Sirikit outflow at the current day (Q;), the input dataset consisted of the
outflow from the previous day (Q;_1), the storage from the previous day (S;_;) and the
inflows between the time lags and lead times of two days (/;_», I;_1, I;, I;+1 and I;,5).
This is coherent with previous findings that short-term forecasts are usually utilized in
real-time reservoir operation (Nayak et al., 2018).

7.2.2 Simulating and reforecasting daily reservoir inflows with a process-based
model

To simulate and reforecast the daily / data of the Sirikit reservoir, we used the dis-
tributed wflow_sbm model with seamless distributed parameter maps and global data.
Full detail on the model setup and evaluation is provided in Chapter 4. The required
meteorological input data for wflow_sbm, including precipitation (P) and potential
evapotranspiration (PET), were obtained from global databases (see Chapter 3; Sec-
tion 3.1.2). The MSWERP historical P data were used in the [ simulation. The ECMWF
forecast P data, which contain the deterministic (control) forecast and an ensemble of
10 probabilistic forecasts, were used in the I reforecasts. The forecasts are available
on a daily basis at high spatial (~3 km) and temporal (6-hourly) resolutions. How-
ever, downloading the forecast data at such high resolutions is a very time-consuming
task. Therefore, we attained the ECMWF forecast data that were updated twice a week
(every three and four days). For example, if the first forecast would be on January
4th 2004, the next forecasts would be on January 7", 2004 (three days apart) and
January 11, 2004 (four days apart). Each forecast contains forecasting values for 11
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days, including the current day and the next 10 days. For example, the forecast on
January 4*®, 2004 would contain the forecasting values of January 4"~142 2004. The
eartH20bserve historical PET data were used in both the I simulation and reforecasts.
We acknowledge that the forecast PET data should be considered when applying the
model in practice (Van Osnabrugge et al., 2019), but their influence on the modelled 7
results was assumed to be negligible in this study.

Since reliable in-situ I data of the Sirikit reservoir were not available, we validated the
simulated I result by visually comparing the resemblance of its daily hydrograph to
those of the upstream catchments, which are not affected by the dam. The reforecast I
results were then compared with the simulated I result. We applied the mean absolute
error (MAE) to evaluate the control I reforecast and the continuous ranked probability
score (CRPS) to evaluate the ensemble I reforecasts. Details on the forecast skill criteria
are provided in Chapter 3; Section 3.5.2. The simulated and reforecast I results for the
years 2004-2013 were then used as one of the inputs for the ML models.

7.2.3 Simulating and reforecasting daily reservoir operation and outflows with
data-driven models

To investigate the effectiveness and applicability of ML models for computing the daily
Sirikit reservoir operation and @, three popular neural network algorithms, RNN, LSTM
and GRU, were applied and their performance was evaluated and compared. The mod-
elling contained two phases, simulation and reforecasting. In the simulation phase, we
used the three algorithms to learn and reconstruct the real-time operation and repro-
duce the historical daily @) time series of the Sirikit reservoir, using the in-situ ) and S
data, the simulated I data, and M as inputs. The derived simulation models are called
operation models. In the reforecasting phase, we then applied the reforecast I data to
run the operation models to reforecast the daily ) in real-time.

For a fair comparison, we set up the RNN, LSTM and GRU algorithms with their sim-
plest structures and parameterization. With the attempt to build operation models that
are viable and convenient in real-time applications, model construction and parame-
terization were simplified. Despite model simplification, some hyper-parameters of the
algorithms needed to be determined. In this study, we built the operation models us-
ing algorithms with three layers, including an input layer, a hidden (processing) layer
and an output layer. The Backpropagation Through Time algorithm (Werbos, 1990)
was used to train the models, and the Adaptive Moment Estimation (ADAM) algorithm
(Kingma & Ba, 2014) was used as the learning algorithm. We chose the Mean Square
Error (MSE) as the loss function, and the tanh and sigmoid functions as the activation
functions. For each computing time step, previous inputs and outputs of the past seven
days were fed back into the models to provide the recurrent information, according to
the weekly cycle of the irrigation supply and hydropower generation (as previously indi-
cated in Figure 6.5). Details on the hyper-parameters and functions of the RNN, LSTM
and GRU models are shown in Table 7.1. The ML models were built and run within
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Figure 7.2: Ten training-testing scenarios for cross-validation of the RNN, LSTM and GRU
simulation models. The training periods are indicated in pink and the testing periods are
indicated in red.

the open-source machine learning frameworks in python (see more detail in Chapter 3;
Section 3.4.6).

Simulations with 10-fold cross-validation

In general, an ML model requires training and testing. An ML model is built and trained
on known data (training dataset) and tested against unknown data (testing dataset).
In the simulation phase, we conducted cross-validation for each algorithm with 10 sce-
narios of different training and testing periods (see Figure 7.2). The purpose of cross-
validation is to assess the robustness of the operation models to predict () from new
data in practice. With the available input data for the 10-year period of 2004-2013, we
trained and tested the ML models with 80% (8 years) and 20% (2 years) of the input
data, respectively. Apart from the different training-testing scenarios, we also trained
and tested the ML models for two input conditions: with and without using the Q;_;
variable, in order to investigate its role in the model performance. Therefore, the out-
come of the simulation phase was the 10 derived operation models for each algorithm
and each input condition. The model performance was evaluated and compared using
the Kling Gupta efficiency (Gupta et al., 2009), root mean square error (RMSE) and
percent bias (PBIAS). More details on the simulation performance criteria are described
in Chapter 3; Section 3.5.1.

Multi-day reforecasting

In the reforecasting phase, we selected the best operation model out of the 10 derived
models from cross-validation for each ML algorithm. The selected operation models
were then tested with the reforecast I data as inputs. In correspondence with the sim-
ulations, the past seven days were required for reforecasting the ) value at any given
time step. In reality, these past data are available from observations (Q;_; and S;_;)
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Table 7.2: Input data of the RNN, LSTM and GRU models in the real-time reforecasting
scenario. They consist of reservoir outflow from the previous day (Q;—1), reservoir storage
from the previous day (S;_1) and reservoir inflows between the time lags and lead times of two
days (I;—2, It—1, It, I;+1 and I;15). O refers to observed data, S to simulated data, C to real-
time calculated data and F to real-time reforecast data. Note that in the baseline reforecasting
scenario, the Q;—; and S;_; data for all time steps were obtained from observations. Recurrent
inputs refer to previous inputs that are fed back to the network for output calculation. In this
case, inputs of the previous seven days are taken into account to calculate the current output.

. . Inputs
Input time step  Reforecast lead time 0 S5 I Lo L Lo T
-7 Recurrent input (6] (6] S S S S S
—6 Recurrent input (0] (0] S S S S S
-5 Recurrent input (6] (6] S S S S S
—4 Recurrent input (6] (6] S S S S S
-3 Recurrent input O O S S S S S
-2 Recurrent input (6] (6] S S S S F
-1 Recurrent input (6] (6] S S S F F
0 0 (0] (0] S S F F F
1 1 F C S F F F F
2 2 F C F F F F F
3 3 F C F F F F F
4 4 F C F F F F F
5 5 F C F F F F F
6 6 F C F F F F F
7 7 F C F F F F F
8 8 F C F F F F F
9 Future I input F C F F F F F
10 Future I input F C F F F F F

and simulations (/;_», I;_; and I;) for the Q reforecast of the current day. Therefore, the
observed and simulated input data of the past seven days were used at the start of each
reforecast. In addition, input data of the next two days were also used as the future
inputs (/;,; and I;,,). As a result, with each reforecast I input of 11 days (the current
day and the next 10 days), each ML model resulted in a 9-day () reforecast (the current
day and the 8-day lead times).

Two types of () reforecasts were obtained based on the reforecast I inputs: the deter-
ministic (control) reforecast and the ensemble of 10 probabilistic reforecasts. Moreover,
the () reforecasts were conducted in two scenarios: baseline and real-time. In the base-
line reforecasting, the operation models were run with the reforecast I data and the
observed S and () data. In the real-time reforecasting, the models were run with the
reforecast I data, but instead of using the observed S and @) data, their real-time refore-
cast values were updated and used at each computing time step. This updating process
was carried out in two steps. First, the reforecast () value at the previous time step
was fed back into the input dataset, replacing the observed () value. Then, the S value
was calculated based on the reservoir water balance (Equation (6.1)), replacing the
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Figure 7.3: Simulated daily inflow (I) of the Sirikit reservoir by the wflow_sbm model com-
pared to observed daily streamflow from a catchment upstream of the reservoir for the entire
study period of 2004-2013. Note that reliable observed inflow data were not available for
validation. For clear visualization and interpretation of both low flow and high flow simu-
lations, the inflow result is presented on a logarithmic scale and is separated into the years
2004-2008 (Panel (A)) and 2009-2013 (panel (B)).

observed S value. These real-time S and @) updates allowed distinguishing the roles of
reforecast and observed input data, and assessing the actual capability of the ML models
in practice. The use of input data in the real-time reforecasting scenario is clarified in
Table 7.2. Consistently with the evaluation of the reforecast I data, two criteria were
applied to assess the forecast skill of the ML models: MAE for the control reforecasts
and CRPS for the ensemble reforecasts.

7.3 Results

7.3.1 Simulated and reforecast daily Sirikit reservoir inflows by the wflow_sbm
model

Simulated reservoir inflow

The simulated daily inflow (Ig,,) of the Sirikit reservoir by the wflow_sbm model could
not be thoroughly evaluated due to the lack of reliable in-situ observations. However,
visual comparison of I, to the observed daily streamflow of the catchment upstream
of the Sirikit reservoir for the entire study period of 2004-2013 suggests a satisfactory
result produced by the wflow_sbm model (Figure 7.3). The daily /g, hydrograph (solid
red line) presents the seasonal and multi-annual variability in terms of both magnitude
and timing, corresponding to the hydrograph for the upstream catchment (dashed black
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Figure 7.4: Reforecast daily inflow (/) of the Sirikit reservoir by the wflow_sbm model com-
pared to the simulation. The reforecasts were conducted every three and four days, of which
the starting days are indicated by colored points. The reforecasts include the control refore-
cast (solid colored lines) and the range of ensemble reforecasts (colored bands) compared to
the simulated I data (dashed black line). Panel (A) shows the high flow reforecasts during
the wet season, while panel (B) shows the low flow reforecasts during the dry season. Panel
(C) indicates the forecast errors for the current day up to the 10-day lead times, including the
mean absolute error (MAE) of the control I reforecast and the continuous ranked probability
score (CRPS) of the ensemble I reforecasts. The errors were computed over the entire study
period of 2004-2013.

line). The I, hydrograph shows better correspondence to the upstream hydrograph,
with more accurate recession time in normal years (e.g., 2004) than in wet years (e.g.,
2006 and 2011) and dry years (e.g., 2009, 2010 and 2013). The wflow_sbm model
simulates low flows well in normal years, but under- or overestimates them in dry years.
The model estimates peak flows during August-October well, but high flows at the
start of the wet season (May—July) are not captured or are somewhat underestimated.
The I, values slightly lag the observations. Nonetheless, the result suggests that the
wflow_sbm model can reconstruct the daily Sirikit reservoir inflow to some extent.
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Reforecast reservoir inflows

Figure 7.4 illustrates the reforecast daily inflows of the Sirikit reservoir by the
wflow_sbm model. The results include the deterministic (control) reforecast (Leontrol)
and the ensemble reforecasts (Ioysemple) With 10-day lead times in comparison to the
Iy, data. Overall, the reforecast errors per lead time (Figure 7.4(C)) indicate that both
Leontrol and Topeemple Values agree well with the I,;,, value for the current day and the
next day. The forecast skill gradually deteriorates from a lead time of 1 day (MAE =
13 m3 s~! and CRPS = 7 m? s7!) to a lead time of 10 days (MAE = 127 m® s~! and
CRPS = 72 m®s™1).

Hydrograph examples of the inflow reforecasts during the wet season (Figure 7.4(A))
and during the dry season (Figure 7.4(B)) demonstrate the difference in forecast skill
between high and low flow conditions. In the wet season (May-October), the inflow
is continuously high and fluctuating due to the monsoon storms. Consequently, both
Teontrol @nd Topsemple Show relatively large errors with broad uncertainty ranges and sim-
ulated flows tend to be overestimated after a lead time of 2 days. In the dry season
(November-April), on the other hand, the inflow remains low and steady, resulting in
small errors and uncertainties in /.opor aNd Tepsemple throughout the 10-day lead times
although simulated flows tend to be underestimated.

7.3.2 Simulated and reforecast daily Sirikit reservoir outflows by the machine
learning models

Simulated reservoir outflows

Hydrograph examples of simulated daily outflow (Q,) of the Sirikit reservoir by the
RNN, LSTM and GRU operation models for the testing periods are displayed in Figure
7.5, including the results in the different training-testing scenarios and different input
conditions (with and without the ),_; variable). Distributions and uncertainties of the
simulation performance for each model in the cross-validation are indicated with the
KGE, RMSE and PBIAS values in Figure 7.6. Overall, Figure 7.5 shows that the daily
Qsim time series produced by RNN, LSTM and GRU are good. Figure 7.6 further reveals
that the simulation accuracy of the three models is higher in the training periods (plain
boxes) than in the testing periods (striped boxes). The performances of the three models
are similar for the same scenario and vary amongst the different scenarios. However,
GRU tends to have the smallest error in model performance in both training and testing
and across the cross-validation scenarios (see also Table C.1-C.3 in Appendix C).

The effect of different training-testing periods on the simulation performance of the
RNN, LSTM and GRU models is evident from Figure 7.5. The testing period of scenario
3 (years 2004-2005; left panel) includes normal and dry years, while the testing period
of scenario 10 (years 2011-2012; middle panel) includes exceptionally wet years, and
the testing period of scenario 1 (years 2012-2013; right panel) includes wet and normal
years. In scenario 3, the Qy,, result is satisfactory for all three models (highest KGE =
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Figure 7.5: Simulated daily outflow (Q) for the testing periods of the Sirikit reservoir by RNN (first row), LSTM (middle row) and GRU
(last row) compared to observations. The @) simulations are compared between three scenarios with different outflow conditions: scenario
3 (left panel) in the years 2004-2005, which are normal and dry years; scenario 10 (middle panel) in the years 2011-2012, which are
extremely wet years and scenario 1 (right panel) in the years 2012-2013, which are wet and normal years. The @ simulations with the
Q-1 input (solid dark-colored line) are compared to the ) simulations without the @Q;_; input (solid light-colored line) and observations

(dashed black lines).
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Figure 7.6: Performance of RNN, LSTM and GRU with regards to simulating the Sirikit reser-
voir outflow in the cross-validation. The criteria include KGE (panel (A)), RMSE (panel (B))
and PBIAS (panel (C)). Each box presents the performance distribution over the 10 training
or testing periods (thus 10 criteria values). The performance during the training periods is
indicated in plain boxes and during the testing periods in striped boxes. For each model, the
performance of the simulations without @;_; as input is shown in light color, while the perfor-
mance of the simulations with Q;_; is shown in dark color. The actual KGE, RMSE and PBIAS
values are provided in Table C.1-C.3 in Appendix C.
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0.94 for GRU with @;_; input), with some overestimation (highest PBIAS = 16 for
RNN without @;_; input). Meanwhile, in scenario 10, the unusual @, peaks in both
2011 and 2012 are notably underestimated (highest PBIAS = —34 for RNN and LSTM
without @), ; input). This is because such high outflow events were not present in the
training data of scenario 10, and thus the models could not learn and reproduce the
emergency operations that occurred in the testing period. In scenario 1, the Qg,, peaks
in 2012 show significant improvement compared to those in scenario 10. This is due
to the presence of the extreme year 2011 in the training data, leading to the models’
ability to recognize and compute similar emergency operations during the year 2012 in
the testing period. Consequently, the model results in scenario 1 (highest KGE = 0.96
for GRU with @;_; input) are more accurate than in scenario 10 (highest KGE = 0.58
for GRU with @, _; input).

The effect of the ();_; variable as one of the inputs on the simulation performance of the
RNN, LSTM and GRU models is also clearly visible in Figure 7.5. Without the Q;_; input,
Qsim (solid light-colored lines) shows both inferior overestimations in normal and dry
years (e.g. in October 2004 in scenario 3; left panel) and underestimation in wet years
(e.g. in October 2011 in scenario 10; middle panel). The addition of @), ; improves the
accuracy of Qg (solid dark-colored lines). This is especially the case for normal and
dry years (e.g., scenario 3). The unusual peak releases in wet years are better captured,
but still not accurate (e.g., scenario 10). With both the proper training data (covering
all outflow conditions) and the Q;_; input, the Qg results are remarkably improved
(e.g., solid dark colored lines in scenario 1; right panel).

Figure 7.6 demonstrates that adding (), ; benefits the simulations in both training and
testing periods, in all 10 training-testing scenarios and for all three models. During the
testing periods, the KGE values for @, with Q;_; as an input improve with 0.13 to
0.75, RMSE with 32 to 133 m? s~! and PBIAS with 0.4 to 23%. RNN shows the largest
improvement, followed by GRU and LSTM. The model performance tends to improve
more in the scenarios where very wet years (i.e., 2006 or 2011) are present in the testing
periods (i.e., scenarios 5, 9 and 10). The simulation results suggest that the RNN, LSTM
and GRU operation models with the (),_; input in scenario 1 provide the most accurate
results and the most robust performance for both regular and extreme outflows, and
thus they were further applied in the reforecasting phase. The suitability of using the
Q¢ input in the model application in practice is discussed in Section 7.4.2.

Reforecast reservoir outflows

To test and evaluate the RNN, LSTM and GRU models in the reforecasting phase, the
derived operation models (with the @), ; input in scenario 1) were run with the refore-
cast input data for the test period of 2012-2013. The reforecast daily outflow results
include the control forecast (Qcontro1) and the ensemble forecasts (Qensemble) €Very three
and four days (according to the reforecast I input data). Figure 7.7 presents the ensem-
ble reforecast skills of the RNN, LSTM and GRU models, indicated by the CRPS values,
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Figure 7.7: Overall performance of RNN, LSTM and GRU with respect to reforecasting the
Sirikit reservoir outflow with lead time. The forecast skill is indicated with the continuous
ranked probability score (CRPS) of the ensemble reforecasts from the current day to the next
8 days. The results from the baseline reforecasting scenario (dashed lines) and the real-time
reforecasting scenario (solid lines) are compared. The mean absolute error (MAE) values of
the control reforecast are almost identical to the CRPS values, and thus they are not shown.

with respect to the 8-day lead times. Since the MAE values of the control reforecasts are
almost identical to the CRPS values, they are not presented here. The model results are
compared between the baseline reforecasting scenario, which uses the @), ; and S,
input data obtained from observations, and the real-time reforecasting scenario, which
comprises real-time calculation and updating of the Q;_; and S;_; input data for each
time step of the @, reforecast (see Section 7.2.3). Although the baseline scenario is con-
sidered to be unrealistic in practice (because the observed input data are not available
for multi-day forecasting), it can be used to identify the effect of the I.onir01 aNd Tensemble
input data on the Qcontrol aNd Qepsemble TESUILS.

Overall, RNN, LSTM and GRU deliver similar Qcpsemble results at each lead time. The
differences between the model results occur mainly during extreme outflow periods
(see also hydrographs of the years 2012-2013 per lead time in Figures C.1 and C.2
in Appendix C). Figure 7.7 indicates that the CRPS values of the three models in the
baseline scenario (dashed lines) remain within a small range (22-31 m? s~!) over the
8-day lead times. The CRPS values are higher in the real-time scenarios (solid lines)
as the real-time calculation and updating of the @; ; and S, ; introduce error and
uncertainty in the input data, and thus in the Qcpsemple results. In this scenario, the
three models show a comparable increasing trend in errors with lead time. The models
deliver the best performance on the current day and the next day, and their forecast
skills gradually decrease with longer lead times. The errors gradually increase from
the 2-day lead time (~35 m? s™!) to the 8-day lead time (~60 m? s~!). Note that for
the reforecasts on the current day and the 1-day lead time, the Q;_; and S;_, values are
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Figure 7.8: Performance of GRU with respect to reforecasting the Sirikit reservoir outflow
with lead time as a function of the month of the year. The average values per month of the
continuous ranked probability score (CRPS) of the ensemble reforecasts are shown in differ-
ent colors for each lead time. The results are compared between the baseline reforecasting
scenario (panel (A)) and the real-time reforecasting scenario (panel (B)). The CRPS values of
RNN and LSTM are similar to the CRPS values of GRU, and thus they are excluded.

available from observations and were used as inputs, and thus the CRPS values on these
two days are identical between the real-time and baseline scenarios. In both scenarios,
GRU (indicated in blue triangles) tends to have the smallest errors, while LSTM (orange
squares) shows the largest errors for all lead times. Although GRU is outperformed by
RNN (red circles) from lead times of 7 days, the results indicate that GRU is likely the
most accurate and robust reforecasting model, especially in the real-time scenario.

Figure 7.8 shows the variation in the Qeusemple reforecast skill of GRU as a function of
the month of the year. As can be seen, the pattern of the performance variation is more
apparent in the real-time scenario (panel (B)) than in the baseline scenario (panel (C)).
This indicates the clear role of the real-time @, and S;_; input updates on the Qcpsemble
results. Overall, the reforecast errors at all lead times tend to be larger in the dry season
(November—April) than in the wet season (May-October). The decrease in forecast skill
between lead times is also more rapid in the dry season, especially for February and
March in the real-time scenario. The most accurate Qensemple reforecasts are likely to be
in October, while the least accurate tend to take place in March.

To take a closer look at the Qcontrol aNd Qepsemple TesUlts produced by the RNN, LSTM and
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Figure 7.9: Reforecast daily outflow (Q) of the Sirikit reservoir by RNN (first row), LSTM
(middle row) and GRU (last row) during the wet season. The reforecasts were conducted
every three and four days, of which the starting days are indicated by colored points. The
reforecasts include the control reforecast (solid colored lines) and the range of ensemble re-
forecasts (colored bands) in comparison to the observations (dashed black line). The left
panels show the results in the baseline reforecasting scenario, while the right panels show the
results in the real-time reforecasting scenario.

GRU models, the daily hydrographs are shown with examples for the wet season (Figure
7.9), the dry season (Figure 7.10) and the flood period (Figure 7.11). In principle,
the magnitude of the reservoir outflow is opposite to the inflow. In the wet season,
the outflow generally remains low to store rain and flood water. Figure 7.9 shows
that the performance of the three models with respect to reforecasting the low outflow
during the wet season is relatively poor, consistent with Figure 7.8. Both the Qcu:01 and
Qensemble from all models show a delay of 2-3 days in the baseline scenario compared
to the observations. The model performance significantly deteriorates in the real-time
scenario, with increasing uncertainty from lead times of 3 to 4 days. While RNN and
LSTM tend to overestimate Qcontrol aNd Qepsemble fOr longer lead times, GRU tends to
underestimate them and produces a few unrealistic negative values for longer lead times
(Figure 7.9(F)).
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Figure 7.10: Reforecast daily outflow (Q) of the Sirikit reservoir by RNN (first row), LSTM
(middle row) and GRU (last row) during the dry season. The figure set-up is the same as
explained in Figure 7.9. Since the 10 probabilistic () reforecasts are almost identical, the
ensemble reforecast bands are not visible.

Figure 7.10 confirms that the three models perform better in the dry season when the
reservoir outflow is typically high due to the high demands for irrigation supply and
downstream consumption. Since the 10 probabilistic forecast values are almost identi-
cal during high outflow periods, the ranges of Qcpsembie are not visible in the figure. The
model performance for the baseline and real-time scenarios is comparable, implying the
small role of real-time calculation and updating of the (), _; and S;_; input data on the
reforecasting result during high outflow periods (as also evident in Figure 7.8). The
performance of the RNN, LSTM and GRU models remains stable until lead times of 6 to
7 days.

While Figure 7.10 indicates that the reservoir outflow in the dry season is generally high
and stable, exceptions were found in some years. An example is January and February
2012, which was the end of the historical 2011 flood event. During that period, the
Sirikit reservoir had to release the excess water that was over-stored during the recent
floods, resulting in an uncommonly high outflow (see also Figures C.1 and C.2). Figure
7.11 shows the performance of the three models in reforecasting such an unusual oper-
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Figure 7.11: Reforecast daily outflow (Q) of the Sirikit reservoir by RNN (first row), LSTM
(middle row) and GRU (last row) during the flood period. The figure set-up is the same as
explained in Figure 7.9. Since the 10 probabilistic () reforecasts are almost identical, the
ensemble reforecast bands are not visible.

ation and outflow in January 2012. It is clear that the models underestimate the Q.outrol
at all lead times in both the baseline and the real-time scenario. Similar to the refore-
cast results of the high outflow in the dry season (Figure 7.10), the Qcysemble Values are
almost identical. In the real-time scenario, the errors notably increase from a lead time
of 2 days. GRU provides the best performance, followed by LSTM and RNN.

7.4 Discussion

7.4.1 Daily reservoir inflow modelling with the wflow_sbm model
Reservoir inflow simulation

Overall, the wflow_sbm model can reconstruct the historical inflow of the Sirikit reser-
voir at the daily timescale. Absences of some peak flows at the start of the wet seasons in
the simulated inflow (Figure 7.3) can be caused by the use of global historical (MSWEP)
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precipitation data, which neglect some local storm events (as previously discussed in
Chapter 4, Section 4.4.1). The too fast or too slow falling limbs of hydrographs in
some extreme years can be due to the model setup using global parameterization in-
stead of calibration (Section 4.2.1). We acknowledge that using in-situ meteorological
observations and calibrating model parameters may improve the simulated inflow accu-
racy, although this is not guaranteed. Previous studies of Jamrussri & Toda (2017) and
Yang et al. (2019) showed that the Sirikit inflow simulations with calibrated SWAT and
GBHM models forced with in-situ observed meteorological data could not capture the
early-season peak flows either.

Reservoir inflow reforecasts

The wflow_sbm model with the global forecast (ECMWF) precipitation data can also
provide daily inflow reforecasts of the Sirikit reservoir, despite the tendency to overes-
timate high flows in the wet season and underestimate low flows in the dry season as
compared to the simulation result (Figure 7.4). Both the deterministic (control) refore-
cast and ensemble reforecasts correspond to simulated inflows more in the dry season
than in the wet season. In the dry season, the inflow reforecasts correspond to simu-
lated inflows well at all 10-day lead times (Figure 7.4(B)). In the wet season, the error
of the inflow reforecasts noticeably increases with lead time (Figure 7.4(A). Consider-
ing the purpose of using inflow data as input of the ML models, we conclude that inflow
forecasts are most accurate on the current day and the next day (with overall CRPS
values lower than 7 m® s~!) and are acceptable until a lead time of 5 days (with CRPS
lower than 50 m® s~!; Figure 7.4(C)).

Although the capability of the wflow_sbm model for real-time reservoir inflow refore-
casting in this study is limited by global data and parameterization, we suggest that the
reservoir inflow reforecasts can still be improved in the future with (i) precipitation cor-
rection and (ii) inflow correction. The study of Nanda et al. (2019) suggested that the
ECMWF precipitation forecasts are associated with some biases, and thus their errors
should be systematically updated when used in any hydrological model for real-time
operation and forecasting. Moreover, errors in the tropics may be significant since pro-
cesses like convection are parameterized and not resolved (Jung et al., 2010). There-
fore, correcting the precipitation ensembles before using them to run the wflow_sbm
model can reduce the model forcing biases and thus their propagation to the streamflow
ensembles. Precipitation biases that are unconditional in nature can be easily corrected,
while resolving conditional biases is more challenging and varies with forecast lead
time, data amount, and temporal and spatial scales (Verkade et al., 2013; Schauwecker
et al., 2021). Since precipitation correction is inherently intensive and difficult, it is
advised to consider streamflow correction instead (Verkade et al., 2013). In principle,
the reservoir inflow ensembles can be corrected or better fit with several methods, such
as bias correction (Hashino et al., 2007), multi-model combination (Chen et al., 2015)
and data assimilation (Liu et al., 2012). However, additional measurements would be
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required, which were not available in this study.

7.4.2 Daily reservoir operation and outflow modelling with the machine learning
models

Effects of selected input variables on model performance

This study reveals the effects of certain input variables, including reservoir outflow
at the previous time step ((Q);_1), storage at the previous time step (S;_;), and inflow
between the time lags and lead times of two days (I;_2)—/(;+2)), for the ML models to
estimate the Sirikit reservoir outflow, especially for the multi-day reforecasts. Overall,
the results indicate that (i) including @), ; can effectively improve model performance,
(ii) the @;_; and S;_, inputs have a stronger effect on the model performance for the
low outflow estimation in the wet season than the I inputs and (iii) the Q;_; and S;_;
inputs have a weaker effect for the high outflow estimation in the dry season and during
flood events.

Including @, ; as input of ML models to compute the outflow at the current time step
(Qy) significantly increases the resulting accuracy (Figures 7.5 and 7.6), but it can be
controversial. On the one hand, it can be claimed that the actual ability of the ML
models cannot be clearly specified when using the @;_; as an input, since the input and
output values of the models are highly correlated. On the other hand, it can be argued
that the addition of ), ; can essentially account for the operators’ decisions on a daily
basis, which have been the main issue in real-time reservoir operation modelling for a
long time. Several studies have applied the @;_; input and achieved excellent ML model
performance (e.g., Chen et al., 2018; Zhang et al., 2018a, 2019; He et al., 2021; Hong
et al., 2021). In reality, however, using the ), ; input is only logical and useful when
the (), data are obtained from prediction instead of observations, considering that the
observed (Q;_; data are not available in the case of multi-day outflow forecasting. A real-
istic application was conducted in this study. In the real-time reforecasting scenario, we
fed the reforecast Q;_; value back into the input dataset and calculated the S, ; value
(based on the reservoir water balance) at each computing step to update the inputs in
real-time and reforecast the (), value. Based on this finding, we suggest to implement
the real-time calculation and updating of the @); _; and S, ; input data to maximize the
applicability of the ML models for real-time and multi-day outflow reforecasting.

Together, the @, and S, ; inputs significantly affect the model performance for low
outflow estimation in the wet season (May—October). This is deduced from the signif-
icant difference in the outflow results (Figures 7.9) and reforecast skills (Figures 7.8)
between the baseline and real-time reforecasting scenarios. The decreasing model per-
formance when the Q;_; and S;_; input data are calculated and updated in real-time
instead of being taken from observations suggests that larger errors in the @,_; and S;_4
values lead to larger errors and higher uncertainty in the outflow reforecasts, especially
at longer lead times. This indicates that, while the outflow in the wet season tends to
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remain low, real-time reservoir operation is strongly influenced by the amount of wa-
ter stored in the reservoir. This is because the reservoir operators must continuously
and carefully consider the reservoir water level throughout the wet season in order to
ensure that the outflow does not cause or magnify downstream flooding, while the stor-
age capacity is not exceeded by rainwater. In contrast, the ),_; and S, ; inputs have
less influence on the high outflow estimation in the dry season (November—April) and
during flood events, as inferred by the small difference in the outflow results (Figures
7.10 and 7.11) and reforecast skills (Figures 7.8) between the baseline and real-time
reforecasting scenarios. This indicates that the high outflow operation is more subject
to the reservoir operating rules than to the abrupt real-time decisions.

Machine learning model setup

For a fair comparison and the viability and convenience of the ML model applications
in practice, the RNN, LSTM and GRU operation models were built with their simplest
structures and parameterization. This means the models contained three layers (an
input layer, a processing layer and an output layer) with 64 neurons and their hyper-
parameters were set at default (Table 7.1). The models were trained with 100 training
iterations. Although increasing the number of processing layers increases the depth,
and thus the complexity, of the models, this does not necessarily improve model perfor-
mance. Therefore, one processing layer is the most common choice (Park & Sandberg,
1991). In streamflow modelling particularly, Zhang et al. (2019) found that the number
of iterations has more effect than the number of neurons. Hence, for model applications
in reality, we recommend training models with more iterations. However, one should
carefully take into account the computational time, which in turn may reduce model
viability and convenience, especially the real-time and continuous application.

Duaily reservoir outflow reforecasts with different models

Although the exact operation mechanism that was learned by RNN, LSTM and GRU
remains unknown due to their black-box nature, the three models can reconstruct the
real-time operation of the Sirikit reservoir with the selected input data. As a result,
the simulated outflow is highly accurate (Figures 7.5 and Figures 7.7). Despite similar
performances amongst the three models, we conclude that GRU provides the best oper-
ation model in this study. GRU is not only the most accurate model, but also the most
effective model in practice. This is due to its structure, which is less complex than RNN
and LSTM and comes with fewer parameters. Hence, it is less at risk of overparameter-
ization and more robust to new data, while requiring less modelling time. The result of
this study is consistent with the study of Guo et al. (2021), which also proposed GRU
over LSTM for reservoir inflow reforecasting. However, GRU has the drawback of pro-
ducing unrealistic negative values at times (Figures 7.8). This issue is expected to be
resolved with more training data, as indicated by the study of Zhang et al. (2019).
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Daily reservoir outflow reforecasts with different lead times

Based on the findings of this study (Figures 7.7-7.11), we conclude that RNN, LSTM
and GRU are capable of multi-day reforecasting the daily outflow of the Sirikit reservoir.
The delay in the reforecast results increases with lead time, which is mainly caused by
(i) the 1-2 day delayed reservoir inflow and (ii) errors introduced by the real-time
calculation and updating of the Q);_; and S;_; inputs, which also occurred in the study
of Yang et al. (2019). The forecast skill is subject to seasonality, given the most useful
reforecast on the current day up to 2-day lead times for low flows (wet season) and up
to 6-7 days for high lows (dry season and flood periods).

Opportunities for model improvement

There are opportunities to improve the operation models apart from a more complex
model setup (as previously explained). The improvement can be done via input data,
model training and model post-processing.

1. In reality, real-time operation, especially for multi-purpose reservoirs, may not
only depend on historical data, experience and short-term forecast data, but also
longer-term forecasts, such as seasonal and multi-annual inflow forecasts. In many
cases, reservoir operators use these long-term forecast data to plan and manage
the outflow, considering the water availability predicted for the coming season, the
next year or the longer term (Long et al., 2019; Kompor et al., 2020). Therefore,
to further improve the performance of the operation models, future studies may
assess the use of such long-term data as additional inputs for the models.

2. The cross-validation addresses the model sensitivity to the input dataset (Figures
7.5 and Figures 7.7). It highlights the importance of the inclusion and frequency
of the data in both regular and extreme conditions during model training as they
significantly affect the accuracy and robustness of the models. Therefore, to apply
the operation models in practice, we strongly suggest to re-train the models with
the addition of recent data annually.

3. Applying operation models with an ensemble modelling approach, which takes
into account several trained ML models and weighs the output, can provide a more
practical, robust and reliable model (e.g., Khalaf et al., 2020; Zuo et al., 2020; Li
et al., 2021). However, this approach is considered state-of-the-art in hydrological
modelling, and its advantages and disadvantages in real-time reservoir operation
modelling should still be further explored.

4. Data assimilation is highly recommended for the application of reservoir operation
models in real-time. It is expected to improve the forecast skill in terms of both
magnitude and timing, especially the reforecast delay, which currently increases
with lead time.
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7.5 Conclusion and outlook

Reservoirs are essential infrastructures for water resources management; yet modelling
real-time reservoir operation and outflow remains a challenge due to real-time deci-
sions made by the reservoir operators. This chapter reveals that data-driven models
can overcome the limitations typically encountered in process-based models to some
extent. Machine learning models in particular can provide accurate simulation and re-
forecasts of real-time (daily) reservoir operation and outflow. The main findings are as
follows:

1. Daily inflow modelling of the Sirikit reservoir with the process-based wflow_sbm
model with global data and parameterization is found to be satisfactory for both
simulation (with MSWEP precipitation data) and reforecasting (with ECMWF pre-
cipitation data), despite flaws in some peak flows and falling limbs of hydrographs.

2. RNN, LSTM and GRU can reconstruct the real-time operation and outflow of the
Sirikit reservoir with the selected input data, including reservoir outflow from the
previous day, reservoir storage from the previous day and inflows between the
time lags and lead times of two days.

3. The performance of RNN, LSTM and GRU for multi-day outflow reforecasts is
higher with smaller uncertainty in the dry season (high flows) and flood periods
than in the wet season (low flows).

4. The performance of the three models is acceptable on the current day up to 2-day
lead times for low flows and up to 6-7 days for high flows.

5. GRU is the most accurate, robust and convenient model in practice, considering its
structure with fewer parameters and less computational time compared to LSTM
and RNN.

With the effective and applicable real-time operation models, this study offers an al-
ternative to real-time reservoir modelling, especially for areas with data scarcity often
encountered in Southeast Asia. Further improvements via input data, model training
and model post-processing, particularly with data assimilation, are expected to enhance
model accuracy and robustness for real-time application in practice.



“So the problem is not the algorithms, or the big datasets.
The problem is a lack of scrutiny, transparency, and debate.”
—Tim Harford, The Data Detective: Ten Easy Rules to Make Sense of Statistics, (2020)
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This final chapter synthesizes the research outcomes of this thesis in their scientific and
practical contexts. It contains main findings in light of research objectives and questions
(Section 8.1), implications on continuing challenges and opportunities in reservoir op-
eration modelling (Section 8.2), discussions on reservoir abundance as a contributor
and a threat to the world’s development (Section 8.3) and recommendations for both
future research and operational water resources management (Section 8.4).

8.1 Main findings

8.1.1 To gain insight into the physical representation and parameterization of
hydrological processes with reservoir operation in a process-based model
(research objective 1).

The wflow_sbm model can adequately represent the main hydrological processes in the
upper region of the Greater Chao Phraya River (GCPR) basin with minimized calibra-
tion and maximum utilization of globally available data (Chapter 4). The represented
processes cover (i) the precipitation routine (using global precipitation and potential
evapotranspiration datasets); (ii) the rainfall interception routine (using land cover-
related parameter maps obtained from global databases and literature review); (iii)
the soil water routine (using soil-related parameter maps based on pedotransfer func-
tions; PTFs) and (iv) the flow generation routine (using river networks and Manning’s
roughness coefficients obtained from global databases and literature review). As a re-
sult, the model sufficiently simulates daily streamflows for natural catchments (i.e.,
without reservoirs) in terms of magnitude, timing and duration. However, it fails to
simulate daily streamflows for reservoir-dominated catchments since the target storage-
and-release-based reservoir operation module (ROM) structure with the currently avail-
able data is not detailed enough to capture the actual operation mechanisms with the
operators’ decisions. The soil-related parameters with different PTFs lead to similar
streamflow results. Likewise, the effect of different values of the only calibrated param-
eter on the simulated streamflow is not very large. These small resulting uncertainties
suggest that running the model with prior estimated parameters is possible, facilitating
its application in data-scarce and ungauged basins. However, other sources of model
uncertainty (e.g., global meteorological data) can affect the model performance and
should be further examined.

This thesis emphasizes the added value of global datasets for process-based models in
(i) circumventing the poor availability of in-situ observations, (ii) preventing overpa-
rameterization and equifinality and (iii) reducing the computation time when simulat-
ing such a large basin at high spatial and temporal resolutions. Meanwhile, this thesis
points out the remaining limitations of process-based models, particularly for modelling
reservoir operation processes and outflow. It is clear that the model performance regard-
ing actual reservoir operation highly depends on reservoir-related data, which are still
insufficiently available. Since these reservoir-related data are required in detail (e.g.,
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water release strategies for irrigation and hydropower generation), they are not avail-
able from global databases and must be obtained from in-situ observations and local
reports. Nevertheless, the ability of process-based models in representing hydrologi-
cal processes and reservoir operation mechanisms in the transparent and interpretable
form of mathematical expressions remains their major strong point. Therefore, they are
still favored for operational applications.

8.1.2 To gain insight into hydrological effects of reservoir operation (research
objective 2).

The Sirikit and Bhumibol reservoir operations affect the water balance, daily stream-
flow regime and extreme flows (Chapter 5). They alter several water balance terms
(i.e., inflow, outflow, evaporation loss and change in storage), regarding both the total
(summed) water for each term and variation over the year. Focusing on the Sirikit reser-
voir operation, it inverts the natural seasonality of the daily streamflow regime, with
higher flows in the dry season (to supply irrigation and downstream water demands)
and lower flows in the rainy season (to fill the reservoir storage and moderate down-
stream floods). It smooths flow variability, with a greater baseflow contribution and
lower flashiness (to persistently support hydropower generation and assist navigation).
It has mitigated many floods and extremely low flows, in particular when the operation
improved over time (indicating that the experience of reservoir operators enhances op-
eration effectiveness). Nonetheless, the magnitude and timing of the real-time-operated
flow are more erratic and difficult to predict compared to the naturalized flow (without
reservoirs) during extreme events. Annual flood peaks and minimum flows are more
influenced by real-time reservoir operation than by extreme weather, although extreme
weather does amplify the events’ severity. However, since it is difficult to completely
separate the roles of extreme weather and reservoir operation, this should be further
investigated. In addition, the hydrological regime of the real-time-operated flow (obser-
vations) is considerably different from the regime of the baseline-operated flow (ROM
simulation), indicating the important role of operators’ decisions. At last, these hy-
drological effects highlight the importance of effective reservoir operation modelling,
including reservoir inflow and outflow forecasting, particularly in real-time. This justi-
fies to the development and application of data-driven models for reservoir operation
modelling in Chapters 6 and 7.

8.1.3 To gain insight into the capability of data-driven models in reconstructing
actual reservoir operation and outflow (research objective 3).

This thesis focused on advanced data-driven models, based on machine learning (ML).
Two aspects of ML modelling for reservoir operation were investigated: input data
and model algorithms (Chapter 6). Reservoir-related data that are typically available
were considered, including the Sirikit outflow, inflow, storage, Bhumibol outflow, down-
stream river discharge, month of the year and day of the week. Most daily time series
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data are available from observations, except for inflow data, which were obtained from
the wflow_sbm simulation. The data analyses included time series decomposition and
correlation to indicate potential input variables. Although more detailed data (e.g., wa-
ter release strategies for irrigation and hydropower generation) have been shown to
increase ML model performance (e.g., Yang et al., 2016; Zhang et al., 2019), they are
not available to the public or researchers for most reservoirs (including for the Sirikit
and Bhumibol reservoirs), and thus were not considered in this thesis. Widely-used ML
algorithms in reservoir modelling were compared, namely Multiple Linear Regression,
Support Vector Machine, K-Nearest Neighbor, Classification and Regression Tree, Ran-
dom Forest, Multi-Layer Perceptron and Recurrent Neural Network. From the 17 input
combination scenarios taken into account, the most suitable input dataset for the con-
sidered ML models consists of (i) observed reservoir storage from the previous day, (ii)
simulated inflow (by wflow_sbm) from two days ago to two days ahead and (iii) month
of the year, in order to simulate the Sirikit reservoir outflow on the current day. Includ-
ing the Bhumibol outflow and downstream river discharge variable as input improves
ML model performance. However, their in-situ data are not readily available in real-time
applications and would need to be modelled, which would lead to more input uncer-
tainty and more computational time. When focusing on real-time outflow simulations,
the Recurrent Neural Network offers a high potential for further improvements.

This thesis underlines several aspects of ML modelling for reservoir operation. First,
input dataset selection and pre-processing are crucial for ML models as the quality
and quantity of data directly affect ML model performance. Since selecting and pre-
processing data is a time-consuming process, they are often neglected with the assump-
tion that ML models need the same input data as process-based models. However, ML
model input data need to be attentively selected and scaled. Data scaling (e.g., by nor-
malization or standardization) largely depends on data characteristics, which should
be thoroughly investigated. Second, input data selection should take into account not
only simulation accuracy, but also data availability and computational time in practice.
Also, suitable input data sets vary per ML algorithm, reservoir and study area, and thus
should be considered individually. Third, each considered ML model has different ben-
efits and drawbacks and is preferred for a different purpose. For instance, classification
and regression trees can indicate the importance index for each input variable while
recurrent neural networks can take into account input sequences. In conclusion, ML
models with carefully chosen and scaled input datasets can sufficiently and robustly
simulate real-time reservoir operation and outflow.

8.1.4 To improve multi-day forecasting of daily reservoir operation and outflow
by combining a process-based model and data-driven models (research ob-
jective 4).

The wflow_sbm model with global datasets (including historical and forecast precipi-
tation data) can provide simulated and reforecast Sirikit reservoir inflow, which is an
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important input variable for the ML models (Chapter 7). The accuracy of deterministic
and ensemble inflow reforecasts is acceptable until a lead time of five days, although
they tend to be overestimated in the wet season and underestimated in the dry sea-
son. With the modelled inflow and other input data (as stated in Section 8.1.3), the
capabilities of three advanced ML models, including Recurrent Neural Networks, Long
Short-Term Memory and Gated Recurring Unit in simulating and forecasting the daily
Sirikit reservoir outflow were assessed. They can capture the real-time operation of the
Sirikit reservoir well and provide accurate daily outflow. The models’ performance is
particularly high when training data cover both regular and extreme conditions. The
inclusion of outflow at the previous time step as input also significantly increases the
resulting accuracy since it can essentially account for the operators’ decisions on a daily
basis. However, this inclusion is only applicable for multi-day forecasting when the
outflow is obtained from calculation instead of from observations. The models can re-
forecast the Sirikit outflow up to two days ahead for low outflows and up to one week
for high outflows, and perform better for high outflows (during the dry season) than
low outflows (during the wet season). Given the current setup of the experiment, Gated
Recurring Unit is a more accurate, robust and convenient model to be used in practice
than the other two models.

8.1.5 General conclusions

The main goal of this PhD thesis was to improve understanding of reservoir opera-
tion, its hydrological effects and its modelling. The core Chapters 4-7 presented the
development, examination and application of a process-based model (fully-distributed
wflow_sbm) and several data-driven models (machine leaning) in the upper GCPR basin
in Thailand, focusing on the Sirikit and Bhumibol reservoirs.

In this thesis, the development of the wflow_sbm model for representing hydrological
processes and simulating daily streamflow fully relies on globally available datasets. The
global soil- and land cover-related parameter maps were initially applied to the Rhine
basin and then were regionalized to the global scale (Imhoff et al., 2020b; Van Verseveld
et al., 2022b). The satisfactory daily streamflow results in natural catchments (i.e.,
without reservoirs) in the upper GCPR basin suggest that inter-basin characteristics
and consistency exist to some extent. However, the global parameterization should be
applied in other basins with different climate, hydrological and geological conditions to
further investigate their transferability and scalability. Ultimately, I advocate that the
wflow_sbm model is worth improving and has the potential to serve as a hydrological
tool for the upper GCPR basin and other data-scarce or ungauged basins in SEA. It
also provides opportunities to study hydrological responses in different aspects, such as
under changes in streamflow under new reservoir construction and/or climate change.
However, in basins where in-situ observations are sufficiently available, in-situ data
should be prioritized in modelling.

Meanwhile, the ROM fully relies on local reservoir-related data in representing ac-
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tual reservoir operation and simulating daily outflow. Its unsatisfactory performance is
linked to limitations in detailed data and model complexity. The ROM can be further im-
proved by adding more operational parameters and complex functions into the storage
and outflow determination process (e.g., release coefficients to account for the inter-
annual release variability; Hanasaki et al., 2006). However, even if reservoir operation
modules become more complex with more data becoming available, in my opinion, they
will not sufficiently represent the actual operation for many major multi-purpose reser-
voirs. This is because capturing operators’ decisions is beyond explicit mathematical
expressions of the ROM (and other process-based operation models). In addition, more
model parameters mean more uncertainty sources and optimization efforts, and thus
added values of new parameters should be carefully assessed (Yassin et al., 2019).

The performance of ML models in simulating and forecasting daily reservoir outflow
relies on both in-situ reservoir-related data and modelled inflow data by the wflow_sbm
model. Therefore, when more data become available, ML. model performance can be
further improved. The considered ML models outperformed the wflow_sbm model with
the ROM in capturing the real-time reservoir operation and simulating the daily Sirikit
reservoir outflow. Altogether, this thesis highlights that the combination of considered
ML models and forecast inflows from the wflow_sbm model can serve as an effective
and applicable forecasting modelling system to support operational water management
in real-time. However, some further improvements are required to maximize model
accuracy and robustness, including (i) the inclusion of seasonal and multi-annual inflow
forecasts as input, (ii) an ensemble ML modelling approach, which weighs the output
from several trained ML models, and (iii) data assimilation.

While this thesis has focused on the upper GCPR basin, the research outcomes and
understanding are applicable from a broader perspective. The basin represents highly
regulated areas in Southeast Asia (SEA) that are experiencing reservoir expansion and
are vulnerable to climate change. Therefore, the unraveled hydrological effects also
apply to major multi-purpose reservoirs located in monsoon-dominated basins. How-
ever, effects for each reservoir are unique to a certain extent, and thus they should
also be quantified individually. Nevertheless, the findings can assist the planning and
management of existing, newly constructed and planned reservoirs. It can be especially
applicable to new reservoirs in the Mekong River basin, which are operated for the same
purposes (hydropower generation and irrigation).

8.2 Reservoir operation modelling: continuing chal-
lenges and opportunities
It is clear from all core chapters in this thesis that hydrological and reservoir opera-

tion modelling requires further development and will remain challenging, especially for
real-time reservoir outflow forecasting. Although modelling is complex, it has only two
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ingredients: data and models. Improving hydrological and reservoir operation mod-
elling, therefore, requires fundamentally improving data and models. With continuing
advancements in data, modelling techniques and computer technology, together with
past and present research that provides promising directions, we are gradually taking
on the modelling challenges. Here, I integrate the main findings of this thesis and other
relevant research outcomes to state where we are now and how we go on.

8.2.1 More reservoir-related data are needed: from global to in-situ

Inadequate data availability has hindered the development of new and rigorous hy-
drological and reservoir operation modelling studies (Lehner et al., 2011)., Although
it will remain an obstacle, especially in real-time modelling, more hydrometeorologi-
cal databases have become available in the past few years. Newly available reservoir-
related data in global public domains are mostly based on remote sensing and global
data analysis techniques. They are available with relatively high spatial and temporal
resolutions. One of the most promising databases is the Global Reservoir and Lakes
Database (GREALD; Birkett et al., 2022), which is the recent upgrade and combination
of several global water body records, including the Global Reservoir and Dam Database
(GRanD; Lehner et al., 2011). GREALD currently includes physical data (e.g., surface
area and location) and water level data of reservoirs with surface areas larger than
10 km?2. The data are also available for the Sirikit and Bhumibol reservoirs (and the
other nine major reservoirs in Thailand). GREALD utilizes historical and current radar
altimeter missions with short-repeat orbits (i.e., the reservoir re-visit time based on a
single overpass). Soon, data in GREALD will be obtained mainly from the Surface-Water
Ocean Topography satellite mission (SWOT; Biancamaria et al., 2016), which is sched-
uled to launch in December 2022. As SWOT will have a one-day repeat orbit, it will
consistently monitor reservoir water levels and areas, and thus provide daily records
of reservoir water storage variability for the first time in history. It will also monitor
other relevant data, such as human water withdrawals. Another potential data source
in GREALD is the SMall Altimetry Satellites for Hydrology (SMASH; Blumstein et al.,
2019) with a 10-day repeat orbit. The combination of GREALD, SWOT, SMASH and
reservoir-related data from other remote sensing data sources is expected to revolution-
ize our knowledge and data on the world’s rivers and surface waters. Their ability to
have archival and near real-time measurements can be useful for improving reservoir
operation models. Therefore, once these databases become available, their competency
should be explored for both process-based and data-driven operation models.

Despite innovations in global databases, the ultimate source of reservoir-related data
will continue to be in-situ observations as they provide direct insights into actual reser-
voir operation processes. Although global databases are becoming more accessible and
wide-ranging, they are currently neither all-inclusive nor detailed enough for real-time
reservoir operation modelling. Several global datasets, meteorological data in particu-
lar, are reanalysis-based, which is a blend of in-situ observations and model estimates,
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and thus still depend on quantity and quality of in-situ data (Trenberth et al., 2008).
Also, some qualitative data (e.g., water allocation policy) need to be gathered from lo-
cal institutions managing water and field measurements. Hence, in-situ observations
remain crucial for reservoir operation modelling, while global data serve as valuable
reinforcements. Unfortunately, the designs of measurement networks are mostly for op-
erational purposes and less ideal for scientific purposes. Streamflow gauges, for exam-
ple, are typically located downstream of reservoirs. It is startling that while modelling
techniques and computer technology become more advanced for the development of
reservoir operation modelling, data concerning reservoirs and their operation are still
not sufficiently available.

As the quantity and quality of in-situ data highly depend on local institutions, initiatives
for systematic data monitoring, updates and quality control are required for both exist-
ing and planned reservoirs. Based on reservoir operation modelling (both process-based
and data-driven) in this thesis, ideal in-situ reservoir-related databases and information
should cover reservoir properties (e.g., water body, dam height and outlet character-
istics), hydrometeorological data (i.e.; reservoir outflow, inflow, storage, precipitation
and evaporation), basic operation policies (i.e., purposes, reservoir zoning and operat-
ing rule curves), basic and minimum water demands (e.g., amounts of water allocated
for irrigation, hydropower generation and environmental flow) and real-time decision-
making (e.g., operation strategy during emergencies, such as for flood and drought
moderation and downstream water quality control). Reservoir properties and hydrom-
eteorological data can be obtained from global databases. Opportunistic sensing of
precipitation using microwave links from cellular communication networks (Overeem
et al., 2021) can also serve as a potential source of hydrometeorological data for real-
time reservoir operation modelling. Data on operation policies, water demands and
real-time decision-making are only available locally for most reservoirs. Subsequently,
active contribution and sharing of in-situ data are required, ideally with federated data
repositories. Recently, the Global Dam Watch (GDW; Mulligan et al., 2021) has been
initiated (www.globaldamwatch.org). It aims to collect, curate and update available
reservoir-related databases from local, regional to global scales to assist reservoir man-
agement and decision-making. In-situ data from a few reservoirs around the world
have been shared in GDW. Nonetheless, achieving GDW’s aim requires a breakthrough
in political and economic relations and cooperation at an international level.

8.2.2 Process-based models: from struggles to opportunities

Previous studies and this thesis have indicated the grand challenge in developing
process-based models to adequately represent actual reservoir operation mechanisms
with operators’ decisions. As described in Chapter 1; Section 1.3.1, a large number
of existing process-based hydrological models and land-surface models contain reser-
voir operation schemes, including the wflow_sbm model used in this thesis. Although
these models generally share similar theoretical concepts of reservoir operation (as ex-
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plained in Section 1.2.1), they are also unique in their internal structures and with
different operational parameters. To effectively improve reservoir operation modelling,
we first need to comprehensively and systematically review existing reservoir operation
schemes and their mathematical descriptions representing operation processes. A few
studies have provided brief overviews of the past development of reservoir operation
models (e.g., Coerver et al., 2018; Yassin et al., 2019; Hughes et al., 2021). However,
there is a lack of a systematic review and categorization of operation schemes, includ-
ing (i) their mathematical descriptions and parameterization and (ii) their strengths
and limitations. Such an overview can provide a much-needed guideline for improving
and tailoring reservoir operation schemes for each reservoir. Therefore, this should be
an urgent research topic in reservoir modelling studies.

Since reservoir operation processes include hydrological, land-surface and water re-
sources management processes, an ideal reservoir operation model should integrate
all of these key interdependent processes (Zhao et al., 2016b). These processes are
typically represented by three related, yet distinct, models: (i) hydrological models,
(i) hydraulic models and (iii) water resources management models (Hughes et al.,
2021). Hydrological models (including the wflow_sbm model in this thesis) represent
the spatial-temporal distribution and fluxes of water within a river basin, including the
generation of surface and subsurface reservoir inflows and outflows. Hydraulic models
represent fluid mechanics of water, including backwaters, flow attenuation and tail wa-
ters at outflow control structures of reservoirs. Water resources management models
represent the water storage, distribution, supply and demand linked by complex net-
works, including reservoir operation policies. Most existing reservoir operation models
are based on hydrological models. These reservoir operation schemes focus on inflows,
storage and outflows, but can not fully integrate other important operational compo-
nents, such as outflow control structures and water supply and demand networks.

A few modelling frameworks offer hydrological-hydraulic-water resource model inte-
gration. A popular integrated modelling system is MIKE, in which users can include
MIKE SHE (for simulating runoff; DHI, 2017¢c), MIKE HYDRO River (for simulating
outflow control structures with user-defined control curves; DHI, 2017b) and MIKE HY-
DRO Basin (for simulating reservoir operation and abstraction; DHI, 2017a). As the
wflow_sbm model is built within a flexible and transparent modelling platform (more
details in Section 3.3.3), it also provides an integration opportunity. Recent studies
have shown the potential of the SOBEK hydraulic model (San et al., 2020) and the
RIBASIM water resources management model (Ahmadzadeh et al., 2022) when cou-
pling with hydrological models for reservoir operation modelling. In addition, Delft3D,
an integrated modelling suite for simulating flows, morphology, waves, water quality
and ecology, can take into account hydrodynamic processes, including sedimentation,
for river and reservoir systems (Mool et al., 2017). wflow_sbm, SOBEK and RIBASIM
are developed by Deltares. Therefore, I suggest that the next step of the model de-
velopment from this thesis is coupling the wflow_sbm model with (i) the SOBEK and
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RIBASIM models and (ii) Delft3D. The integrated wflow_sbm-SOBEK-RIBASIM reservoir
modelling system is expected to improve accuracy in simulating and forecasting daily
reservoir outflow compared to the wflow_sbm model with the ROM alone (in Chapter
4). It would also support reservoir operation studies under climate change, land use
change (e.g., deforestation and urbanization) and different water resources manage-
ment scenarios. The integrated wflow_sbm-Delft3D system would further provide an
opportunity to study reservoir operation from a wider range of views, including opera-
tions concerning sedimentation, water quality and ecology.

8.2.3 Data-driven models: from opportunities to risks behind the hype

Several studies in hydrological and reservoir operation modelling have explored and
proven ML model capability in various perspectives (as also applied and discussed in
Chapters 6 and 7). In the next step of development, it is important to know how to
utilize ML models to their full potential. In a broader sense of hydrological modelling,
Nearing et al. (2021) suggested two innovative and ambitious directions: (i) extracting
hydrological insights from ML models and (ii) injecting hydrological insights into ML
models. The most challenging phase to overcome is figuring out how to access, un-
derstand and translate their complex and multilayered information into mathematical
equations (or other interpretable languages). In a similar way as process-based models
have been perceived with their complexity limits, ML models are generally viewed as
black boxes. However, it has been claimed that it is rather the limit of human ability
to translate ML models than the limit of ML model transparency (Nearing et al., 2021).
With this realization, a few recent studies have focused on this aspect. Kratzert et al.
(2019a,b) conducted pioneering work on extracting encoded features representing how
LSTM transformed observed basin characteristics into a matrix of similarity and diver-
sity of rainfall-runoff relationships. The opposite attempt to add hydrological insights
into ML models (besides typically using numerical and classified data) has not yet been
attempted. One of the empirical studies closest to this idea was a novel family of hy-
drological models named HydroNets, initiated by Moshe et al. (2020), which leverages
river network structure based on ML models and may be seen as the start of ‘distributed
hydrological ML’ models.

To my knowledge, no study has focused on extracting reservoir operation insights from
or injecting reservoir operation into ML models. However, this can be an important
step toward overcoming limitations in both process-based and data-driven reservoir
operation models. If, for instance, we can extract patterns of operators’ decisions, which
can be learned and reconstructed by ML models (see Chapters 6 and 7) in the form of
equations (e.g., by neural network models) or decision diagrams (e.g., by decision tree
models), we can better understand real-time operation mechanisms of each reservoir.
Subsequently, we can improve operation functions in process-based models.

ML models have overwhelmed hydrological research and have offered high hopes for a
long-standing desire in hydrological and reservoir operation modelling: high accuracy
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in real-time. We can use them to our advantage, but should not overlook their gaps
and potential risks. First of all, ML models perform well as long as there are sufficient
training data, but often there is no required reservoir-related data, especially in real-
time modelling. Secondly, ML models are trained with historical data, indicating that
they can effectively predict the ‘future that has already occurred in the past’ (see also
Chapter 7). Therefore, we still need to investigate ML model performance to predict
reservoir operation and outflow under changing operating policies, climate change and
land use change (e.g., deforestation and urbanization). The impacts of such changes
on ML model training and testing, and thus the model robustness, need to be explored.
Thirdly, ML models often, but not consistently, prevail over process-based models, es-
pecially when input data are limited. Hence, further studies still need to verify their
reliability, transferability and scalability (Kim et al., 2021). As we do not understand
ML models thoroughly and do not know how to constructively maximize their capabil-
ity, we have to use them with caution in a similar manner to our use of process-based
models.

Finally, both process-based models and data-driven models have their own merits and
they are worthy of joint development. The future development of hydrological mod-
elling lies in the combination of process-based models and data-driven models to take
advantage of their pros while overcoming their cons.

8.3 Reservoirs: double-edged sword

Chapter 1 introduced the controversy of major reservoirs and their pros and cons shown
in the past. Chapter 5 further unraveled the hydrological effects of major multi-purpose
reservoirs in the upper GCPR basin. As massive reservoir construction continues world-
wide, here I speculate on their future roles both as a contributor and a threat to the
world’s socio-economic development.

8.3.1 Reservoirs as a contributor to the world’s development

The world’s development in terms of both population and economic growth is driven
by three key factors: water, food and energy. The United Nations project that the global
population will increase from around 8 billion in 2022 to 10.4 billion by the end of
the century (Roser & Rods-Guirao, 2013). The rising demand for water, food and en-
ergy generates stress on land and water resources worldwide. Countries with emerging
economies are also countries with expected large population growth, which, from here
onward, are referred to as low and middle-income countries (LMICs). As major multi-
purpose reservoirs can contribute to rapidly increasing water supply, irrigation and hy-
dropower generation, they are considered a solution, particularly in LMICs, including
in SEA.

The increase in global food demand is projected to be sizable, particularly in LMICs
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(Molden, 2007). Part of the additional food will be produced in irrigated areas, which
has been estimated to require at least 11% more water (Bruinsma, 2009). Interest-
ingly, despite increasing irrigated areas, more than half of the food production in LMICs
is still expected to come from rain-fed areas as they have high remaining potential
(Valipour, 2013). Similarly, global energy consumption is projected to increase nearly
linearly in the next decades (Chen et al., 2016). The additional hydropower capacity
in some LMICs, however, is not mainly for domestic use, but for industrial production
and power export (Zarfl et al., 2015). Nonetheless, the dramatic expansion in hy-
dropower reservoirs will not sufficiently compensate for the outpaced increase in global
electricity demand. Even if the entire technically feasible hydropower potential would
be operated (which is five times more than currently used), hydropower would still con-
tribute less than half to the global electricity demand (Zarfl et al., 2015), and thus other
energy sources would still be required. Therefore, although part of the world’s devel-
opment depends on major reservoirs and their partial contribution to water, food and
energy security, the question of whether major reservoirs are an effective, sustainable
and long-term solution remains critical.

8.3.2 Reservoirs as a threat to the world’s development

Apart from the hydrological effects of major reservoirs (with examples of the Bhumibol
and Sirikit reservoirs shown in Chapter 5) and their well-known impacts on the environ-
ment and society, such as changes in ecosystems and sediment budgets (as elaborated
in Section 1.1.3), there are other threats as well. The fact that the world’s major reser-
voirs store a large volume of water inland at once should receive more attention. The
additional water loss from reservoir surfaces through evaporation exceeds industrial
and domestic water consumption combined, raising the question of whether impound-
ing water is an efficient way for water resources management, especially under climate
change (Shiklomanov, 2000). As most new reservoirs will be located in temperate and
tropical regions, more direct evaporation is expected. A large volume of stored water
may also influence the Earth’s gravity field on sub-seasonal to inter-annual timescales
(Wang et al., 2019) and is collectively responsible for a measurable delay in sea-level
rise (Chao et al., 2008). Therefore, under climate change, it is not enough to investigate
hydrological and typical environmental and societal effects of new reservoirs, but these
less direct ramifications must also be seriously taken into account.

Hydropower is often promoted as ‘green’ energy. However, in reality, the world’s ma-
jor reservoirs are responsible for at least 4% of human-induced global warning in the
form of greenhouse-gas emissions, especially in the tropics and particularly in the first
years after construction (Lima et al., 2008; Barros et al., 2011). Therefore, despite be-
ing renewable energy, hydropower is not a climate-neutral electricity source (Wehrli,
2011). The maximum emissions by reservoirs may even exceed the emission avoided
by refraining from fossil fuel usage, although life-cycle emissions of hydropower are 30
times lower than that of coal (Schlomer et al., 2014). This underlines the need of weigh-
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ing the emissions against the damage to water resources and the environment before
constructing a new reservoir in order to contribute to a more sustainable world.

Reservoirs and dams will inevitably deteriorate with time and eventually require decom-
missioning. Aging reservoirs coupled with a growing interest in river restoration have
led to many dam removals. The removal of relatively small dams has started in both
the United States and Europe, with over 1200 dams removed in the US (Bellmore et al.,
2017). Records of dam removal worldwide and their scientific information are difficult
to find, especially for major reservoirs. To be properly prepared for tremendous river
basin reforms, we need to know (i) whether and how to remove dams, (ii) what are
the hydrological, environmental and societal consequences and (iii) how long it would
take for impacted areas to recover. Considering the ongoing reservoir expansion, it is
likely that in the future, several major reservoirs need to be deconstructed simultane-
ously. Since more than 400 million people around the world are living near (closer than
10 km) the rivers downstream of major reservoirs (Richter et al., 2010), there is an
urgent need for long-term, multidisciplinary studies in order to anticipate the unavoid-
able effects of dam removal and inform future decision-making. Comprehensive studies
of reservoirs and impacted areas from before construction, during construction (which
takes an average of 8.6 years per reservoir according to Ansar et al., 2014), during
their lifetime of operation, after decommissioning and during restoration are urgently
needed.

Finally, I assert that when a major reservoir is planned, especially in LMICs that are
vulnerable to both economic change and climate change, disparate views on its lifetime
benefit and negative impacts should be carefully considered. The basic question that
needs to be asked when considering new reservoirs is whether they are needed or not.
Despite the vigorous debate on ‘dam or no dam’, a world without reservoirs and dams
seems unrealistic. Therefore, it is time that we think more systematically about how
to better operate and maintain existing reservoirs and how to better construct new
reservoirs in order to balance their actual advantages and disadvantages.

8.4 Recommendations for the future

The previous sections have discussed expectations and recommendations for reservoir
operation, its effects and its modelling from a general perspective. Recommendations
specifically on how to improve the wflow_sbm model have been provided in Chapter
4 (Sections 4.4.1 and 4.4.2) and for the considered ML models in Chapter 7 (Section
7.4.2). In this section, I discuss expectations and recommendations, for both future
research and operational purposes, with a focus on the upper region of the Greater Chao
Phraya River (GCPR) basin in Thailand, in the light of sustainable reservoir resource
planning and management under the 20-year National Water Resource Management
Master Plan recently launched for the 2018-2037 period. These recommendations are
also applicable at the national level and to neighboring countries in SEA.
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8.4.1 Research

1. Comprehensive studies on the Sirikit and Bhumibol reservoirs and their impacted
areas after decommissioning are needed in order to predict hydrological, environ-
mental and societal impacts, as well as river basin responses and reforms. The
Sirikit and Bhumibol reservoir operations cause significant changes in the water
balance and streamflow regimes (Chapter 5). This implies that when the two ma-
jor reservoirs have to be deconstructed, significant changes are also expected in
reverse, and thus should be thoroughly investigated for effective preparation.

2. Small- and medium-sized reservoirs should receive more attention in reservoir
operation modelling as their cumulative effects may be considerable. There are
seven medium-sized reservoirs (Figure 2.1) and hundreds of small-sized reservoirs
located in the GCPR basin. These reservoirs account for a much smaller part of
the total reservoir storage in the basin compared to the Sirikit and Bhumibol reser-
voirs (see Section 2.3), and thus have been under-emphasized and unexamined.
However, previous research (e.g., Komori et al., 2012) indicated that they play
an important role in flood and drought mitigation, especially for medium-sized
reservoirs. More insight into their contributions at the basin scale will improve
both reservoir operation modelling and management.

3. Studies focusing on the development and application of multi-reservoir system
modelling with multi-objective simulation-optimization approaches and decision-
support tools for optimal water reservoir operation are urgently required. Reser-
voirs in the upper GCPR basin are located in series and parallel (Figure 2.1) and
are operated simultaneously (as demonstrated for the Sirikit and Bhumibol reser-
voirs in Chapter 6). Therefore, in order to model and manage the Sirikit and
Bhumibol reservoirs effectively, they should be considered as one operational sys-
tem. Only a few studies (e.g., Thechamani et al., 2017) have initiated this step in
the basin so far. Later, small- and medium-sized reservoirs should also be included
in the system.

8.4.2 Reservoir operation and water management

1. The recent 2022 floods in the GCPR basin suggest the need for evaluating and up-
dating the current water resources management and reservoir operation system,
regarding both long-term operation policies and emergency strategy (which, sub-
sequently, would encourage more research on multi-reservoir system modelling).

2. New reservoir construction should be carefully considered from past experiences
(including mistakes) with previous reservoirs. If unavoidable, a new reservoir
should first be considered in rivers that are already dammed while free-flowing
rivers should be conserved. This is especially the case for the Kaeng Suea Ten
reservoir (Kirchherr et al., 2018), whose implementation has been uncertain for
36 years on the free-flowing Yom river in the upper GCPR basin.
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3. Two main obstacles to effective water resources management with reservoir op-
eration in Thailand are (i) unclear policies and (ii) lack of coordination between
governmental organizations. This is because Thailand counts 48 water-related
governmental agencies across eight ministries with different proprieties and vi-
sions, of which policies often overlap or conflict. In 2017, the office of National
Water Resources was established as an executive center, responsible for supporting
the nation’s water resources management through cooperation with all other wa-
ter agencies. It is still unclear how this recent establishment has influenced water
resources management with reservoir operation in the upper GCPR basin. They
are encouraged to share more data and information that benefit both research and
operation.

4. There is also an urgent need for constructive collaboration between governmental
agencies and water-related research institutes in Thailand, particularly for data
monitoring (considering data quantity and quality) and data sharing (considering
in-situ field data and model forecasting results). A joint data repository that is
also accessible for research and academic purposes is highly recommended.

Reservoir operation, its effects and its modelling will continue to be challenging re-
search topics in hydrological sciences as well as a challenging task for reservoir opera-
tors and water managers. Researchers will continue to focus on improving understand-
ing and modelling of real-time reservoir operation, while operational sectors focus on
gaining first-hand knowledge and experience. Therefore, we must communicate and
exchange knowledge with each other. This way, we can ensure that research reaches its
ultimate aim, that is, to be useful in practice.
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The appendices represent the supplementary results of the studies in this thesis. Ap-
pendix A, B and C belong to Chapters 4, 6 and 7, respectively.

Appendix A

This appendix represents the additional results of Chapter 4.

Table A.1: KGE and its components indicating wflow_sbm performance in simulating monthly
streamflow for the four study catchments and monthly storage for the two reservoirs in the
upper Greater Chao Phraya River (GCPR) basin. The model was tested with two pedotransfer
parameter sets: Brakensiek (PTF-B) and Cosy (PTF-C), during the water-years 1989-2013.

PTF-B PTF-C
KGE r e Ié] KGE r e Ié]
Nan_natural 0.69 0.95 091 0.71 0.68 0.95 0.86 0.72
Catchment Yom_natural 0.84 0.90 1.12 0.94 0.89 0.90 1.01 0.95

(streamflow)  Sirikit 0.63 0.63 098 095 0.64 0.65 0.96 0.97
Bhumibol -0.22 0.11 1.73 141 -0.16 0.12 1.63 1.42
Reservoir Sirikit 0.81 089 1.06 0.8 0.82 0.88 1.06 0.89

(storage) Bhumibol 0.57 066 1.06 1.26 0.57 0.68 1.01 1.30
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Figure A.1: Simulated and observed monthly mean streamflows in the water-years 1989-
2013 for the Nan_natural (first row), Yom_natural (second row), Sirikit (third row) and Bhu-
mibol (bottom row) catchments. The simulated streamflow with the optimized PTE-B param-
eter set is shown in solid dark blue lines, the simulated streamflow with the optimized PTF-C
parameter set in dash light blue lines and the observations (obs) in solid black lines.



182 Appendices

ol (A) Sirikit
QE o0
(=]
= oA
o
=0
S <
S
2 4

(=]

Z1 (B) Bhumibol
E
S
o
@
g
&

—— PTIF-B --- PTF-C —— obs

April 1989 1991 1993 1995 1997 ~ 1999 2001 2003 2005 2007 2009 2011 2013

Figure A.2: Simulated and observed monthly storages of the Sirikit reservoir (A) and the
Bhumibol reservoir (B) in the water-years 1989-2013. The grey bands represent the ranges
between the monthly target maximum storage (obtained from RID) and the target minimum
storage (fixed as 30% of the reservoir capacity). The simulated storage with the optimized
PTE-B parameter set is shown in solid dark blue lines, the simulated storage with the optimized
PTE-C parameter set in dash light blue lines and the observations (obs) in solid black lines.
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Appendix B

This appendix represents the additional results of Chapter 6.
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Figure B.1: Distribution of the daily Sirikit reservoir outflow (Q), the Sirikit reservoir storage
(9), the Sirikit reservoir inflow (1), the Bhumibol reservoir outflow (()5) and the downstream
discharge (Qp) during the years 2004-2013. Each dataset is distributed in 200 classes.
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Figure B.2: Decomposition of the observed daily Bhumibol reservoir outflow (@) data. The
original time series (A) is decomposed into the seasonal (B), trend (C) and residual (D) com-
ponents. Panel (E) shows the distribution of the daily Q5 per month.
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Figure B.3: Decomposition of the observed daily downstream discharge (Qp) data at Nakhon
Sawan. The original time series (A) is decomposed into the seasonal (B), trend (C) and
residual (D) components. Panel (E) shows the distribution of the daily Qp per month.
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Figure B.4: Auto-correlation function (ACF) of the daily Bhumibol reservoir outflow (Qg)
and the downstream discharge (Qp) data. The left panels show the ACFs of the original
time series. The middle panels show the ACFs of the 1%t residual time series (as shown in
Figures B.2(D) and B.3(D)), representing the data without the long-term trend and annual
cycle. The right panels show the ACFs of the 2"4 residual time series (results not shown here),
representing the data without the long-term trend, annual cycle and weekly cycle. Dashed
black lines indicate where the correlation is significant to the 95% level.
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Figure B.5: Cross-correlation function (CCF) between the daily Sirikit reservoir outflow (Q)
and Bhumibol reservoir outflow (Qg) (Top panels) and downstream discharge (Qp) (bottom
panels). The left panels show the CCFs of the original time series. The middle panels show
the CCFs of the 1% residual time series. The right panels show the CCFs of the 2"¢ residual
time series. Dashed black lines indicate where the correlation is significant to the 95% level.
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Figure B.6: Performance of the seven ML models on the Sirikit reservoir outflow simulations
in the 17 input combination scenarios during the training period (years 2004-2011), using
RMSE as the criterion. Panel (A) shows the RMSE of the model simulations with the raw input
data, while Panel (B) shows the difference in RMSE between the model simulations with the
raw input data and with the normalized input data, reflecting the effect of input data scaling
on the model performance. The ML models consist of Multiple Linear Regression (MLR), K-
Nearest Neighbors (KNN), Support Vector Machine (SVM), Classification and Regression Tree
(CART), Random Forest (RF), Multi-Layer Perceptron (MLP) and Recurrent Neural Network
(RNN). Differences between the input scenarios are explained in Table 6.1. In Panel (A),
a lower RMSE value presented in a lighter color indicates a better model performance. In
Panel (B), a higher difference presented in a darker color indicates an improvement in the
model performance with the scaled input data. Lighter to white color indicates that the model
performance did not improve or even decrease.
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Figure B.7: Simulated daily outflow of the Sirikit reservoir by the seven ML models com-
pared to the observations in the training period (years 2004-2011). The ML models consist
of Multiple Linear Regression (MLR), K-Nearest Neighbors (KNN), Support Vector Machine
(SVM), Classification and Regression Tree (CART), Random Forest (RF), Feed-Forward Neural

Network/Multi-Layer Perceptron (MLP) and Recurrent Neural Network (RNN).
tion results of two selected and scaled input scenarios are compared: scenario 11

The simula-
(in solid red

color) and scenario 16 (in dashed orange color), of which the details of each scenario can be
found in Table 6.1. The KGE values are also indicated for scenarios 11 and 16, respectively.
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Appendix C

This appendix represents the additional results of Chapter 7.
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Table C.1: KGE, RMSE and PBIAS indicating the performance of RNN in simulating daily Sirikit reservoir outflows in two cases: with and
without ;—; as an input. The model was cross-validated with 10 different scenarios of training-testing periods, as indicated in Figure 7.2.

RNN without Q;_; as an input RNN with Q;_; as an input
Scenario RMSE KGE PBIAS RMSE KGE PBIAS
Train Test Train Test Train Test Train Test Train Test Train Test
1 76 94 0.75 0.53 6 -10 26 32 096 0.88 2 -1
2 55 103 0.82 048 -0.3 18 28 32 095 0.94 1 0.1
3 86 119 0.72 041 0.4 16 27 37 094 0.88 2 2
4 78 68 0.70 0.76 -3 8 27 36 0.97 0.95 2 2
5 76 124 0.71 0.42 9 31 33 37 091 0.90 -8 -8
6 87 83 0.68 0.59 -6 -3 28 31 096 0.93 -3 -1
7 86 68 0.68 0.72 -2 -10 28 23  0.96 0.96 1 1
8 79 58 0.77 0.81 5 12 30 22 095 0.94 3 5
9 55 188 0.83 0.02 -1 -18 30 56 0.90 0.77 5 -1
10 46 208 0.86 0.09 -2 -34 24 109 097 0.57 2 -17
Average 72 111 0.75 048 0.7 0.8 28 41  0.95 0.87 6 -2
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Table C.3: KGE, RMSE and PBIAS indicating the performance of GRU in simulating daily Sirikit reservoir outflows in two cases: with and
without ;—; as an input. The model was cross-validated with 10 different scenarios of training-testing periods, as indicated in Figure 7.2.

GRU without ;_; as an input GRU with Q;_; as an input
Scenario RMSE KGE PBIAS RMSE KGE PBIAS
Train Test Train Test Train Test Train Test Train Test Train Test

1 47 94 0.86 0.50 -1 -11 24 32 096 0.96 -2 -3
2 48 89 091 0.60 1 16 22 32 097 0.92 2 3
3 46 97 090 0.64 -1 12 19 37 098 094 -1 -1
4 52 98 0.85 0.65 -5 12 22 37 096 0.93 -4 -4
5 46 115 0.90 0.50 2 22 22 35 097 094 -3 -2
6 57 88 0.84 049 -2 -7 21 30 098 0.94 2 2
7 61 68 0.88 0.70 4 -9 22 24 098 0.95 -1 -3
8 54 57 090 0.84 -1 -04 22 20 099 098 -04 0
9 47 188 0.86 0.06 -5 -21 22 73 098 0.70 -1 -10
10 36 204 091 0.11 3 -33 20 105 0.98 0.58 1 -16

Average 49 110 0.88 0.51 -0.3 -2 22 42 098 0.88 -1 -3




195

b /F\}’\\ by Observed —— RNN  —— LSTM  —— GRU Leadtime=0 (4)

mE 8 Rl \\ f”’,{m ,:,‘"\ - ’ .y

Q « v vr«w/y__ﬂ'ﬁw \"";_\4/‘/\%1‘ S /_//("
(=)

w8k ,/,”F(\L\, ‘ Lead time = 1 (B)
“ ~ '\ -4 =

B - WON MR W = muiiient "\ ) |
Qs ‘ s A D
T, 8 Wy"/'\\, Lead time =2 (C)
"\E H\\«J’v\‘/‘/\v\_\ -Af;\\ ' ,)-—JVA AR in, .
Q % - 4 j:fr/'\/f \—JM;&%\W;’J

v, Lead time =3 (D)

500
>

Q0 m’s™
J—/
;
%-
;/
—
[

- = —WWR"‘M'-—/"J‘

100

- ,/Qé Lead time =4 (E)
I \
m; o M .
= S Ja NS P o o Y
— { T M ., 2
x . RUAL AN \\Y_.p;\\j__/[/l,// \\,;._\.,va:;\‘,m N 7%
A= :ﬂ.\ Lead time =5 (F)
J; AR N ,
k= NN AT L > AR
= S . Lead time =6 (G)
m; kgl M ‘—\\ ” , »
= AR AR P e L W
a4 SVATRAN Y >
o
S
- = P Lead time =7 (H)
) o/ D B
- S Sk . \
E (S., \‘\\\_,\/:’\\"\;\ 1Pl N TN
Q - Wﬁ—:fl (Zad “ﬁﬁv‘x‘w
o
o1, Lead time =8 (I)
L} s AL AR W T
S § &/\/’J\AJA\ i _/,_V ~ \“ﬁWR‘% N ,J./Jé-

2012-05-03 2012-12-31 2013-08-3

Figure C.1: Control reforecasts of the Sirikit reservoir outflow (Q) by RNN (solid red lines),
LSTM (solid orange lines) and GRU (solid blue lines) compared to the observations (dashed
black lines) from the current day to 8-day lead times. The reforecasts were issued every three
and four days. The results are from the baseline reforecasting scenario, in which the previous
reservoir outflow and storage input data were obtained from in-situ observations.
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Figure C.2: Control reforecasts of the Sirikit reservoir outflow (Q) by RNN (solid red lines),
LSTM (solid orange lines) and GRU (solid blue lines) compared to the observations (dashed
black lines) from the current day to 8-day lead times. The reforecasts were issued every three
and four days. The results are from the real-time reforecasting scenario, in which the previous
reservoir outflow and storage input data were calculated and updated in real-time.
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