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Abstract
Scintillometers are able to measure area-averaged sensible and latent heat fluxes
with a horizontal scale of several kilometers. Within the area of the scintillometer’s
footprint, often fields of different land-use types are present. Disaggregation of
scintillometer fluxes to field-scale will be valuable for monitoring purposes, such as
in agricultural areas. In this research, the scintillometer fluxes disaggregation model
(ScinDi) was developed and its application is demonstrated for experimental data of
LITFASS-2003 (Lindenberg Inhomogeneous Terrain Fluxes between Atmosphere and
Surface: a long term Study). The output of ScinDi was evaluated in comparison to
standard eddy-covariance measurements.
ScinDi includes submodels for the sensible heat flux and the latent heat flux, and
an optimisation submodel. The sensible heat flux submodel is based on similarity
theory, connecting the temperature at the surface of each land-use type with temperature at blending height. Subsequently, the energy balance approach is used for the
latent heat flux submodel, where the evapotranspiration is defined as the residual of
available energy. Finally, the most essential part of ScinDi, which is the optimisation
submodel, tunes the roughness parameters of heat for each land-use such that the
aggregated field-scale fluxes match with the scintillometer.
Without optimisation, the similarity theory and energy balance submodels generate the field-scale sensible heat flux with an RMSD of 54.4 Wm-2 and latent heat flux
with an RMSD of 82.0 Wm-2 . By adjusting the parameterisation of the roughness
length of heat, the optimisation routine minimises the RMSD to 33.9 Wm-2 and 64.3
Wm-2 for the sensible and the latent heat flux respectively. The main issue of ScinDi
is the uncertainty in the energy balance closure, which contributes to relatively low
correlation of the latent heat flux (RPearson =0.68). Although the resulting field-scale
latent heat flux needs improvement, ScinDi was able to produce promising field-scale
sensible heat fluxes.
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Introduction

Agriculture is the largest consumer of fresh water in the world, with roughly 70% withdrawals globally, and over 90% in the least-developed countries (World Water Assessment
Programme (United Nations) and UN-Water, 2014). Still, especially in less-developed
countries, the management of water in agricultural areas is lacking. One of the reasons
is inadequate information about the state of water availability and needs. Water loss
monitoring in agriculture is needed to maintain the water resource by enabling efficient
irrigation, which, in turn, also improves agricultural productivity.
One important contributor to water loss in agricultural areas is evapotranspiration,
one of the most important components of the water balance (Cammalleri et al., 2013).
Evapotranspiration can be used to identify crop stress and drought impacts to analyse
productivity and project yields (Cammalleri et al., 2013; Norman et al., 2003). An
accurate measure of evapotranspiration will help increasing crop irrigation efficiency
(Cammalleri et al., 2013). One way to determine the evapotranspiration is by using the
surface energy balance approach, measuring the exchanges between the surface and the
atmosphere through energy fluxes.
In current practice, measurements of the energy fluxes rely most on the eddycovariance (EC) method. EC method provides sensible and latent heat flux at local
(field) scale. However, the footprint of the EC system covers only a small area and is
highly dependent on the wind. To cover a large area, multiple EC systems need to be
installed. Moreover, an EC system needs to be installed directly above the fields, which is
not convenient for agricultural practices. Therefore, an EC system may not be the best
method for practical use.
Scintillometer provides an alternative to the standard EC measurement in monitoring
surface fluxes. A scintillometer is an instrument which measures energy fluxes from the
fluctuations of the refractive index of air. Large aperture optical scintillometer (LAS),
coupled with microwave scintillometer (MWS) form optical-microwave scintillometer
(OMS), which can be used over moderately heterogeneous areas to provide acceptable
sensible and latent heat flux at a scale of several kilometres (Meijninger et al., 2006). The
scintillometer has more advantages than EC system, mainly due to its ability to measure
broader and relatively constant footprint area despite the changes in meteorological
conditions (Yee et al., 2015; Beyrich et al., 2002). Besides, a scintillometer system is
installed outside the fields. Scintillometer is also more affordable and easier to maintain,
and therefore, more attractive for operational use (Hoedjes et al., 2007; Meijninger et al.,
2006; Chehbouni et al., 1999).
A scintillometer provides measurements of area-averaged fluxes of several kilometers.
However, water management applications often need information at the field scale, which
is in the horizontal scale of tens to hundreds of meters. A scintillometer, which is installed
within large spatial coverage with a heterogeneous surface, provides no local information.
Therefore, a disaggregation model is needed to get the fluxes at the field scale.
This research was a first attempt in developing a scintillometer-flux disaggregation
model (ScinDi) to get field-scale fluxes. ScinDi is inspired by DisALEXI (Disaggregated
Atmospheric-Land Exchange Inverse; Norman et al. 2003; Anderson et al. 2011), a
model to combine low- and high-spatial resolution remote sensing measurements, to
estimate evapotranspiration at field scale with no local observations (Norman et al., 2003;
3

Anderson et al., 2004, 2011). DisALEXI is used together with ALEXI (Atmospheric-Land
Exchange Inverse; Anderson et al. 1997), which estimates large-scale energy fluxes from
satellite measurements. DisALEXI combines ALEXI air temperature estimates, which
have low-spatial resolution, with high-spatial resolution thermal imagery and vegetation
cover data. In short, the temperature, wind speed, and downwelling radiation are kept
constant within a so-called blending height (approximately 50 metres above ground
level) and an energy balance model is applied for each smaller domain.
Using scintillometer area-averaged fluxes, land-use map, remote-sensing measurements, and some estimated parameters, ScinDi calculates fluxes at field-scale. In this
study as an initiation, ScinDi does not use a complete Penman-Monteith equation (Allen
and of the United Nations, 1998) because it will need more parameterisation, for e.g.
stomatal resistance which is hard to measure. Instead, ScinDi applies similarity theory
and an energy balance approach in estimating the sensible and the latent heat flux. Moreover, an optimisation routine that tunes the field-scale fluxes by tweaking some empirical
parameters is applied. The output field-scale fluxes of ScinDi were then compared to
the standard EC measurements and evaluated for development potential. The research
questions which are addressed in this study are:
1. to what extent does ScinDi succeed in estimating field-scale sensible and latent
heat flux?
2. which empirical parameters can be optimised in ScinDi to produce better field-scale
fluxes?

2

Methodology

In this section, the ScinDi method is described. After that, the strategy of this research
and the data description are presented. At the end of this section, the steps in preparing
the data before being used in ScinDi are described.

2.1

ScinDi description

The scintillometer-flux disaggregation model (ScinDi) combines similarity theory,
surface energy balance approach, and tile aggregation to get field-scale fluxes. ScinDi
assumes that the variability of the fluxes is mainly due to the difference of surface
cover characteristics. Similar to DisALEXI, ScinDi uses the concept of blending height
(Figure 1a), which is the height where the conditions can be considered uniform at a
horizontal scale of 5 km (Anderson et al., 2004; Mason P. J., 2006; Wieringa, 1986).
With the use of this concept, ScinDi uses one measurement of air temperature and wind
speed at or above the blending height in calculating the field-scale fluxes. Also, ScinDi
assumes homogeneous incoming radiation within the domain.
ScinDi consists of three submodels: a sensible heat flux submodel and a latent heat
flux submodel at the field-scale, and an optimisation submodel at the domain-scale
(Figure 1b). Three types of parameters are treated in ScinDi (Figure 1):
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1. Measured domain- and field-scale parameters. At the domain scale, these parameters include incoming longwave (Lin ) and shortwave (Sin ) radiation, blending
height temperature (θh ), wind speed (Uh ), and area-averaged sensible (< H >) and
latent (< Lv E >) heat flux. At the field-scale, the measured parameter is surface
temperature (θs ) which can be substituted by outgoing longwave radiation (Lout ).
2. Empirical parameters at the field-scale, which include displacement height (d ),
roughness length of momentum (z 0m ), and albedo (α ). Some other empirical
constants are also included and described in Sections 2.1.2 to 2.1.5.
3. Solved parameters at the field-scale, which are the soil (G ), sensible (H ), and latent
(Lv E ) heat flux as well as roughness length of heat (z 0h ).
The treatment of these parameters are described in more detail in the following sections.
2.1.1

Input of domain-scale parameters

In the first part of ScinDi, the domain-scale parameters are assigned (Figure 1a).
The domain itself is defined as the area for which the input fluxes are valid, which is
the footprint in case of scintillometer measurement. The domain-scale parameters can
also be referred as area-averaged parameters. The domain-scale parameters include
meteorological conditions (surface pressure, wind speed (Uh ), air temperature (θh ), and
humidity), the area-averaged sensible (< H >) and latent (< Lv E >) heat fluxes, and
incoming longwave (Lin ) and shortwave (Sin ) radiation (Figure 1a). The assigned wind
speed, air temperature, and humidity are measured above the blending height. Based on
Wieringa (1986), we assume that the measurements at 60 meters have sufficient height.
Additionally, a land-use map is included to calculate fractional coverage of land-use
types which is the fraction of occurrence of each land-use type within the domain. The
footprint of the scintillometer is determined using the Kormann and Meixner (2001)
footprint model. Extra measurements of wind direction are included as an input for the
footprint model.
2.1.2

Input of field-scale parameters

The second part of ScinDi includes the input of field-scale parameters (Figure 1a).
The field-scale parameters represent each of the land-use types in the domain. These
parameters are the surface temperature, roughness parameters, albedo (α ), and fraction
of soil heat flux. Surface temperature can be substituted by outgoing longwave radiation
(Lout ) and an estimate of surface emissivity. The roughness parameters include the
displacement height (d ) and the roughness length of momentum (z 0m ). Additionally, since
the energy balance does not always close, a fraction of non-closure terms is introduced.
The non-closure terms can explain processes such as advection, which prevent the energy
balance from closing. These field-scale parameters can be estimated as empirical values
or, especially for largely variable parameters like surface temperature, can be measured
by remote-sensing.
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(a)

(b)
Figure 1: (a) The three submodels of ScinDi with the main calculations involving different types of
parameters indicated with colours. At the field scale, the sensible heat flux (H ) submodel uses similarity
theory as the core of the calculation while the latent heat flux (Lv E ) submodel applies the energy balance
concept. At the domain scale, the optimisation submodel uses the tile aggregation method in tuning the
field-scale fluxes to match with the measured area-averaged fluxes. (b) Schematic of ScinDi showing
patches with different surface characteristics (grey patches) and different flux partitioning (arrows). Above
the blending height (dotted line) the fluxes are blended and measured as area-averaged fluxes. Parameters
in green are measured, blue are the empirical parameters, and red are solved in ScinDi. The parameters
are described in more detail in Sections 2.1.1 to 2.1.5.
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2.1.3

Sensible heat flux submodel

The first calculation in ScinDi is the submodel of the field-scale sensible heat flux
(Figure 1b). This submodel applies the similarity theory of observations at a certain
level in the air and the surface. The blending height becomes the upper level in the air,
while the level of the surface is not as straightforward. There are two “surface levels”
defined: the level where the wind speed profile becomes zero (roughness length of
momentum) and the level where the temperature profile reaches the measured surface
temperature (roughness length of heat). The roughness length of momentum can be
considered constant for each land-use type and is usually defined as a function of canopy
height. In this research, the roughness length of momentum is already estimated in the
measurement campaign. The roughness length of heat is more complex and remains a
struggle to parameterise satisfactorily (e.g. Zheng et al., 2013; Paul et al., 2014; Li et al.,
2017). In this research, the roughness length of heat parameterisation is adapted from
Zilitinkevich (1995) as
z 0h = z 0mexp(−0.1Re 0.5 )
[m], (1)
where z 0h is the roughness length of heat and z 0m is the roughness length of momentum
[m]. Re is the roughness Reynolds number defined as

Re = z 0m

U∗
ν

[-],

(2)

where U∗ is the friction velocity [ms-1 ] and ν is the viscosity of the air [m2 s-1 ]. Equation (1)
and (2) are used for all land-use types except forest, for which the roughness length of
heat is defined as
[m]. (3)
z 0h = 0.1z 0m
The sensible heat flux is then calculated iteratively from this set of equations:

ln( zz0hh )

κ(θh − θs )
− Ψh ( zLh ) + Ψh ( zL0h )

ln( zz0mm )

κUh
− Ψm ( zLm ) + Ψm ( z0Lm )

θ∗ =
U∗ =

[K],

(4)

[m s−1 ],

(5)

H = −ρcpU∗θ ∗

[W m−2 ],

(6)

cp ρθhU∗3
κдH

[m],

(7)

L=−

where θ ∗ is the frictional potential temperature, θh is the air potential temperature [K], θs
is the surface temperature [K], zh is the height at which the θh is measured [m], and L is
the Monin-Obukhov length. Uh is the wind speed [ms-1 ], zm is the height at which the Uh
is measured [m], ρ is the density of air [kgm-3 ], cp is the specific heat of air [Jkg-1 K-1 ], H
is the sensible heat flux, κ is the von Karman constant (0.4), and д is the gravity of earth
(9.81 ms-2 ). The Ψ [-] is the stability function, which in this research is a combination of
Duynkerke (1999) stability function for stable conditions and Businger et al. (1971) for
unstable conditions.
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2.1.4

Latent heat flux submodel

After the field-scale sensible heat flux is determined, the latent heat flux (Lv E ) is
calculated as the residual in the energy balance:

Lv E = Rn − G − H − NCT

[W m−2 ],

(8)

where G is the soil heat flux, NCT is the non-closure terms, and Rn is the net radiation
defined as
Rn ≡ Sin (1 − α) + Lin − Lout
[W m−2 ], (9)
where Sin is the incoming shortwave radiation [Wm-2 ], α is the albedo [-], Lin is the
incoming longwave radiation [Wm-2 ], and Lout is the outgoing longwave radiation [Wm-2 ].
The soil heat flux and the non-closure terms are defined as a fraction ( fG and f NCT ) of
net radiation:
G = fG Rn
[W m−2 ] (10)
and

2.1.5

NCT = f NCT Rn

[W m−2 ].

(11)

Optimisation submodel

The last and the most essential part of ScinDi runs on domain-scale. The optimisation
submodel aims to address the uncertainty in some parameterisations inside sensible and
latent heat fluxes submodels. This submodel includes an optimisation routine which
adjusts some of the empirical constants inside sensible and latent heat fluxes submodels
so that the reaggregated field-scale fluxes are equal to the measured area-averaged
fluxes (Figure 1a). The field-scale fluxes are reaggregated using the tile method (see e.g.
Claussen, 1991), which is defined as:

< H >=

N
Õ

fi Hi

[W m−2 ]

(12)

fi Lv Ei

[W m−2 ],

(13)

i=1

and

< Lv E >=

N
Õ
i=1

where < H > and < Lv E > are the area-averaged fluxes, N is the total number of
land-use types in the domain, and fi is the fractional coverage of land-use type i with
Hi and Lv Ei being the sensible heat flux and latent heat flux of each land-use type. We
assume that the same land-use type anywhere within the domain has same fluxes, based
on a study by Beyrich et al. (2006).
The optimisation uses multidimensional bound constrained nonlinear minimisation
algorithm (D’Errico, 2005). The optimisation searches for optimum values of chosen
empirical constants within determined bounds by minimising the summed differences
between the left and the right side of Equation (12) and (13) for each time step. An
intermediate study was done to determine the bounds for each land-use class (See
Appendix B).
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In this research, three optimisation schemes were tested (Table 1). The first is a
simple optimisation using multipliers (ai and bi ) on the field-scale sensible and latent
heat fluxes:
Hi0 = ai Hi
[W m−2 ], (14)
[W m−2 ],

Lv Ei0 = bi Lv Ei

(15)

where Hi0 and Lv Ei0 are the optimised field-scale fluxes. The second optimisation is more
physical based by changing the constants (ci and di ) in the parameterisation of the
roughness length of heat for the sensible heat flux submodel

z 0h,i = z 0m,i exp(ci Rei0.5 + di )

[m]

(16)

and using multiplier (ei ) to the non-closure terms for the latent heat flux submodel
[W m−2 ].

NCTi0 = ei NCTi

(17)

The optimised field-scale sensible and latent heat flux are changed accordingly. Finally,
the third optimisation uses Equation (16) for the sensible heat flux submodel and does
not optimise anything in the latent heat flux submodel. In the third optimisation, the
field-scale latent heat flux is defined as the residual of the energy balance after the
sensible heat flux has been optimised.
Table 1: Optimisation schemes tested in this research. The constants in magenta are optimised to satisfy
Equation (12) and (13).

Optimisation
Optimisation 1

Equation(s)

Hi0 = ai Hi
Lv Ei0 = bi Lv Ei

Optimisation 2

z 0h,i = z 0m,i exp(ci Rei0.5 + di )
NCTi0 = ei NCTi

Optimisation 3

2.2

z 0h,i = z 0m,i exp(ci Rei0.5 + di )

Research strategy

This research was divided into development stage and application stage (Figure 2).
The development stage aimed to test ScinDi step by step so that the errors could be
detected and minimised. At this stage, we constructed the area-averaged fluxes from
field-scale fluxes measured with eddy-covariance (EC) system. This allows us to do the
disaggregation and check against the EC flux. At the application stage, the model was
tested to demonstrate use of ScinDi for real scintillometer measurements combined with
remotely-sensed surface temperature.
9

Figure 2: The research strategy indicating development ((a) synthetic domain phase and (b) synthetic
scintillometer footprint phase) and (c) application stages of ScinDi. The green, yellow, and beige patches
inside a square illustrate a flux map of an area with three land-use types.

At the development stage, fluxes data from standard eddy-covariance (EC) measurements was used as the primary input. Firstly, the EC-measured fluxes of different
land-use types were aggregated into the domain area to get the value of area-averaged
fluxes using tile aggregation (Figure 2a, top-middle; see Equation (12) and (13)). These
aggregated fluxes are referred as synthetic domain fluxes since they are not actually
measured as the area-averaged fluxes of the domain (Figure 2a, middle).
The synthetic domain fluxes were disaggregated back to each land-use using ScinDi
(Figure 2a, bottom). Since the input area-averaged fluxes were generated from the
EC-measured fluxes at each land-use type, the field-scale fluxes from ScinDi could be
compared directly to EC. At synthetic domain phase, the three optimisations were tested
to find the optimum scheme (Table 1).
At the second phase of the development stage, a so-called virtual scintillometer was
defined. The footprint of the virtual scintillometer was generated using Kormann-Meixner
footprint model (Kormann and Meixner, 2001) with the input fluxes being the synthetic
domain fluxes, together with the measured meteorological conditions (Figure 2b, middle).
The positions of the virtual scintillometer transmitter and receiver and also the effective
height was set according to the real scintillometer set up (Figure 3b). Subsequently,
the synthetic footprint fluxes were disaggregated to field scale using ScinDi with the
optimisation scheme chosen at the synthetic domain phase (Figure 2b, bottom).
Lastly, the application stage represented the practical use of the model. Scintillometermeasured fluxes were used as the area-averaged fluxes input of this stage (Figure 2c).
Additionally, to be more detached to the field-scale measurements, the surface temperature data was obtained from a remote-sensing observation. ScinDi with the optimum
optimisation was ran to get the field-scale fluxes.
10

2.3

Data description

In this section, the data sources and pre-processing of this research are described. In
addition, the approach in the estimation of ScinDi empirical constants is also presented.
2.3.1

LITFASS experiment

The primary data source of this research was a measurement campaign in East Germany called LITFASS (Lindenberg Inhomogeneous Terrain Fluxes between Atmosphere
and Surface: a long-term Study). LITFASS is a project in developing a strategy to determine and parameterise heat, momentum, and water vapour fluxes over heterogeneous
landscape to be able to represent an area about the same size as NWP model grid cell
(Beyrich et al., 2002). Measurement networks have been set up to investigate the exchange between surface and the atmosphere, with some more specialised experiments
done during the project.
LITFASS-2003 as part of the Evaporation at Grid/Pixel Scale (EVA_GRIPS) project
was organised to focus on the aggregation of evaporation to a domain with a typical
grid size of NWP model or satellite image pixel (Beyrich and Mengelkamp, 2006). The
experiment included comprehensive EC flux measurements and documented land-use
map (Figure 3a). There were thirteen sites installed to represent the dominant land-use.
Those sites were A1 Triticale, A2 Coleseed, A3 Barley, A4 Maize, A5 Rye, A6 Maize,
A7 Coleseed, A8 Triticale, A9 Coleseed, FS Water, SS Water, GM Grass, and HV Forest.
Micrometeorological data from those sites were used as the reference for results validation
and also to construct the synthetic area-averaged fluxes. Besides, an optical-microwave
scintillometer system was also installed to measure the area-averaged sensible and latent
heat fluxes. Besides, to get the domain-scale parameters (temperature, wind speed and
direction, and humidity at 60 meters height and incoming radiation), data from GM
Falkenberg main tower measuring the atmospheric boundary layer profile was used. To
mimic the heterogeneity level of the scintillometer measurement, a subset of the original
LITFASS domain was used in this research (Figure 3b) with fractional coverage of each
land-use shown in Figure 3c.
LITFASS-2003 collected data between 19 May and 17 June 2003. However, Beyrich
et al. (2006) found that there was a significant difference of Bowen ratio between
different parts of the domain after rainfall event on the 5th of June 2003. This difference
disappeared after the 8th of June 2003. Therefore, in the development stage, only days
between 8 and 17 June 2003 were used.
2.3.2

Data pre-processing

In this subsection some of the treatments made to the dataset before the analysis are
described. The preparation of the data consisted of correction of soil heat flux values,
synthetic data of agriculture and urban type, and the gap-filling of the field-specific fluxes
and formation of area-averaged fluxes.
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(a)

(b)

(c)

Figure 3: (a) Land-use map of LITFASS-2003 campaign with circles indicating micrometeorological
measurement sites. The red square indicates a subset used as the domain in this thesis (b). The red line in
(b) represents scintillometer path with T and R being the transmitter and the receiver. There are eight
land-use classes represented by different colours. The cereals class includes triticale and barley fields
while the agriculture class includes all types of crops other than cereals, coleseed, and maize with a small
contribution to the domain. (c) The fractional coverage of each land-use class in (b).
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Correction of soil heat flux
The soil heat flux was measured at all of the micrometeorological sites. However, the
soil heat flux at some of the sites had not been corrected with heat storage. Therefore,
these soil heat flux values were significantly lower and temporally shifted compared to
the other sites that were corrected for heat storage.
The heat storage correction of soil heat flux was done to A3 Barley and A7 Coleseed sites using their soil temperature, volumetric water content, and prescribed soil
composition and properties. The corrected soil heat flux was defined by

Gcorrected = G +

dT
Cv z
dt

[W m−2 ],

(18)

where Gcorrected is the corrected soil heat flux, G is the original soil heat flux [Wm-2 ], T
is the soil temperature [K], t is the time interval [s], Cv is the volumetric heat capacity
[Jm-3 K-1 ], and z is the depth of the soil heat flux plate [m]. The volumetric heat capacity
was calculated by

Cv =

M
Õ

a j ρ j cp,j

[J m−3 K−1 ],

(19)

j=1

where a is the percentage of material [-], ρ is the density [kgm-3 ], cp is the specific heat
[Jkg-1 K-1 ], and j is the material component of the soil with M the number of material
types. In this research, we assume that the soil was uniform within the domain and
consisted of 41% quartz, 4% clay and 5% organic and with changing soil water content
(around 30%), resulting in Cv around 2.34 106 Jm-3 K-1 .
Agriculture and urban synthetic data
The LITFASS land-use map includes agriculture (other crops) and urban classes which
had no flux measurements. Consequently, synthetic data had to be made for these two
land-use types. Due to a minimal information about the other crops of agriculture class,
the fluxes and surface properties of agriculture were defined by averaging the triticale,
coleseed, barley, maize, and grass values with equal weights.
On the other hand, constructing the urban synthetic fluxes was more complex. An
energy balance model for urban land-use (Hartogensis, personal communication) was
used to calculate fluxes and surface temperature. This model uses domain representative
meteorological condition and incoming radiation together with prescribed displacement
height, albedo, emissivity, Bowen ratio, soil heat flux fraction, and estimated roughness
length as input. Soil, sensible, and latent heat flux as well as surface temperature was
solved iteratively using the A5 Rye site in the initialisation. The A5 Rye site was used
because it has the driest condition, and therefore closest to urban condition. Starting
with an initialisation of sensible heat flux and surface temperature, the model calculates
the net radiation and then soil heat flux using a fraction. The sensible and the latent
heat flux are solved using a prescribed Bowen ratio (Bo = 2 in this research) and then
the surface temperature is recalculated.
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Gap-filling of field-specific fluxes and formation of synthetic domain fluxes
Triticale, coleseed, maize, and water classes had more than one micrometerological
measurement site which represented them. For these land-use types, composites were
made by averaging the available sites of same classes (Figure 4). For time steps at which
not all of the sites of the same land-use type had values, a gap-filling technique based
on flux ratio (Beyrich et al., 2006) was used. The flux ratio is defined by calculating
the ratio of the average of a site flux to the average of the composite when all sites had
available data. The resulting composite flux was then the available site flux divided by
the flux ratio. Such treatment was done to prevent unrealistic jump of flux values in the
composite. The example of flux ratio calculation is the following:
1
3

Hcoleseed,complete = (HA2 + HA7 + HA9 )

r H ,A2 =

T
1Õ

T

t=1

HA2,t
Hcoleseed,t

1 HA2
HA7
+
)
2 r H ,A2 r H,A7

Hcoleseed,incomplete = (

[W m−2 ],

(20)

[-],

(21)

[W m−2 ],

(22)

where Hcoleseed,complete is the coleseed average sensible heat flux when all the coleseed
sites are available, while HA2 , HA7 , and HA9 are the sensible heat flux of A2, A7, and
A9 coleseed sites [Wm-2 ]. r H ,A2 is the sensible heat flux ratio of site A2 to the average
coleseed and t represents the time step with T being the number of time steps in the
data. Hcoleseed,incomplete in (22) is an example for when the A9 site is not available.
Additionally, an intermediate composite was made to merge the cereal types: triticale
and barley. The cereals composite was made since there was no outgoing radiation
measurement at the barley site. The cereals covering the domain was 90% triticale, and
therefore triticale was assumed to represent the outgoing radiation of the cereals. The
cereals composite was calculated using the flux ratio and the relative fractional coverage
of both types.
Lastly, the synthetic domain flux representing the area-averaged flux was the composite of all the land-use classes weighted by their fractional coverage to the domain. The
steps in forming the composites were applied to the soil, sensible, and latent heat flux,
as well as the radiation components.
2.3.3

Estimation of ScinDi empirical constants

ScinDi requires some empirical constants to be assigned as its input (e.g. Equation 1,
9, 10, 11). These empirical constants include soil heat flux fraction, non-closure terms
fraction, albedo, displacement height, and roughness length of momentum which need
to be determined for each land-use type. In this research, these empirical constants were
estimated from the micrometeorological measurements at the sites.
The soil heat flux and non-closure terms fraction of each land-use type (i ) were
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Figure 4: The overview of the field-scale and area-averaged fluxes formation. Dotted lines represent
composites made using flux ratio averaging, while the continuous thin lines represent direct assigning.
Thick lines represent composites made using the fractional coverage weighted average. Dotted-and-dashed
line surrounding urban classes box indicates synthetic data.

estimated by

fG,i =
and

f NCT ,i =

T
1 Õ Gi,t

T

t=1

Rn,i,t

T
1 Õ Rn,i,t − Hi,t − Lv Ei,t − Gi,t

T

Rn,i,t

t=1

[-]

(23)

[-].

(24)

These fractions were distinguished to daytime (Sin ≥ 20W m −2 ) and nighttime (Sin <
20W m −2 ) values. Similarly, the albedo of each land-use type was estimated by

α=

T
1 Õ Sout,i,t

T

t=1

Sin,i,t

[-].

(25)

The roughness length of momentum was documented in the LITFASS-2003 dataset.
In this research, the average value of z 0m was used for each land-use type. Finally, the
displacement height was calculated as 5.42z 0h [m] following Allen et al. (1998).
2.3.4

Satellite data

Another data source used in this research, especially in the application stage was
outgoing longwave radiation from NOAA polar-orbiting satellite AVHRR. The raw satellite
image has regular grids which have own longwave radiation value. We simplified by
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assuming that the same land-use type within the domain has similiar surface temperature.
The gridded data of longwave radiation was processed into one surface temperature
value for each land-use type for each time step. To do so, we determined the fractional
coverage of each land-use type inside each satellite image pixel based on the land-use
map. The longwave radiation of each pixel is the average of each land-use weighted by
the fractional coverage. Solving the system of equations of all pixels therefore resulted in
values of longwave radiation per land-use.
The satellite only retrieves data twice a day, and in this research, only one data for
each day was used (around 12.00 local time). Moreover, the data was filtered from cloud
obscurity.

3

Results

In this section, the results of ScinDi compared to reference eddy-covariance (EC) flux
measurements are presented. This section is divided into the results of the development
stage followed by those of the application stage.

3.1

Development stage

In the development stage, we evaluate ScinDi with the EC area-averaged fluxes
as the input and compare it against field-scale EC measured fluxes. In this way, we
avoid the comparison being affected by the difference in fluxes measurement technique
between scintillometer and EC as the reference. In this stage, the area-averaged fluxes
were generated from EC measurements to synthetic domain and synthetic scintillometer
fluxes.
3.1.1

Synthetic domain

Synthetic domain fluxes were created by aggregating the field-scale EC fluxes to a
rectangular area within the research domain. The fractional coverage of the land-use
types are constant through time (Figure 3c). In this phase, the three optimisation routines
(see Section 2.1.5) were evaluated to be used in the synthetic scintillometer footprint
phase and the application stage.
Firstly, ScinDi was run without optimisation to see how the sensible and latent heat
flux submodels perform by themselves. ScinDi without optimisation produced poor
results, both for the sensible and the latent heat flux (Figure 5). The field-scale sensible
heat flux of cereals, coleseed, forest, and agriculture agreed poorer when compared to
the reference (R Pearson = 0.75, 0.72, 0.69, and 0.88 respectively). Meanwhile, there was
overestimation of the field-scale sensible heat flux of maize, water, and grass (MBE =
90.5, 44.4, and 116.3 respectively). The only acceptable field-scale sensible heat flux
was that of urban class (R Pearson =0.96 and MBE =-9.8), which is logical as its reference
flux was calculated using the same model. Pretty good agreement can be seen in the
area-averaged sensible heat flux (R Pearson =0.68). However, an RMSD of 72.9 indicates
that the area-averaged sensible heat flux could be improved.
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On the other hand, the latent heat flux was worse than the sensible heat flux (Figure 5b
and 5d). Both the field-scale and the area-averaged latent heat flux from ScinDi were
more scattered relative to EC. This poor result was due to the uncertainty in the energy
balance closure (Appendix A). The field-scale latent heat flux of maize, water, and grass
were underestimated, which follows from the overestimation of the sensible heat flux.
Optimisation 1 included adjusting the field-scale sensible and latent heat flux with
a multiplier for each of them so that the area-averaged fluxes become equal with the
reference (see Table 1).
After optimisation 1, the domain-scale sensible heat flux had a very good agreement
with the reference (Figure 6a; R Pearson =0.73 and MBE =21.73). However, almost no
improvement can be seen in the field-scale sensible heat flux (Figure 6c). Nevertheless, the field-scale sensible heat flux was worse after optimisation 1 for urban class
(R Pearson =0.74). Optimisation 1 failed to adjust the flux according to different surface
characteristic of each land-use type.
The latent heat flux shows more change than the sensible heat flux compared to
pre-optimisation (Figure 6d). The latent heat flux was more altered because the preoptimised area-averaged latent heat flux has greater disagreement than the sensible heat
flux.
The second optimisation included changing the constants in the roughness length of
heat parameterisation and a multiplier for the non-closure terms (see Table 1).
Figure 7a shows that the area-averaged sensible heat flux had good agreement with
the reference (R Pearson =0.83 and MBE =8.0). The field-scale sensible heat flux was
improved and no apparent under- or overestimation can be seen (Figure 7c), except over
forest. The fluxes over water was the hardest to model.
The domain-scale latent heat flux also had good agreement with the reference after
optimisation 2 (Figure 7b). An improvement can be seen at the field-scale latent heat
flux as well (Figure 7d). Forest has underestimated latent heat flux, in line with the
overestimation of the sensible heat flux. The scatter from one-to-one relationship is still
apparent especially over water.
The third optimisation was similar to the second optimisation. The constants in the
parameterisation of the roughness length of heat were adjusted in this optimisation, but
no adjustment was done to the area-averaged latent heat flux (see Table 1). Instead, the
field-scale latent heat flux was calculated lastly as the residual in the energy balance
after the sensible heat flux was optimised.
The sensible heat flux after optimisation 3 performed slightly better than optimisation
2 (Figure 8a and 8c), especially for maize and agriculture. Both the domain- and fieldscale sensible heat flux were less scattered from the one-to-one relationship. More precise
sensible heat flux was because the uncertainty in the latent heat flux did not affect the
optimisation.
On the other hand, the area-averaged latent heat flux is more scattered than optimisation 2 (Figure 8b). However, the difference in the field-scale latent heat flux with
optimisation 2 is not really apparent (Figure 8d).
The statistical summary of the results before optimisation, and after optimisation 1,
2, and 3 shows that the latent heat flux was more uncertain and had worse performance
17

(a)

(b)

(c)

(d)
Figure 5: The area-averaged (a,b) and the field-scale (c,d) sensible (a,c) and latent (b,d) heat flux of
synthetic domain scenario before optimisation. Grey lines indicate one-to-one relationship with ScinDi
outputs being the model and the pre-processed EC measurements being the reference.
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(a)

(b)

(c)

(d)
Figure 6: Same as Figure 5 but after optimisation 1. Points with sensible heat flux less than 5 Wm-2 are
not optimised and not shown.
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(a)

(b)

(c)

(d)
Figure 7: Same as Figure 6 but after optimisation 2.
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(a)

(b)

(c)

(d)
Figure 8: Same as Figure 6 but after optimisation 3.
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(a)

(b)

Figure 9: Standardised Taylor diagram showing the performance of ScinDi before optimisation and after
optimisation 1, 2, and 3 on the sensible (a) and latent (b) heat flux of each land-use classes. Each value
is standardised to the standard deviation of the reference of each class. The correlation (R P ear son ) is
represented by the azimuthal angle, while the standard deviation (σ ) of the is represented by the radial
distance. Grey semicircles centered at the reference point represents RMSD .

than the sensible heat flux (Figure 9). For the sensible heat flux, optimisation 3 shows
the best performance for most of the land-use classes, shown by the highest correlation
and the lowest root mean square difference (RMSD). The fluxes over water were the
least successful to model. In most case, using optimisation scheme produced better result
than without optimisation. We can see that the sensible heat flux of urban class was best
calculated using no optimisation because it was produced using the same model from
the start. For the latent heat flux, some land-use types such as cereals and maize were
better represented using optimisation 2. However, most other land-use types were better
calculated using optimisation 3 following the success in calculating the sensible heat
flux. Because of giving the best overall result of the field-scale fluxes and having simpler
calculation than optimisation 2, optimisation 3 was chosen for the following analyses.
3.1.2

Synthetic scintillometer footprint

After the successful disaggregation based on synthetic domain area-averaged fluxes,
ScinDi was evaluated for a synthetic case that mimicks scintillometer measurements.
In this phase, the area-averaged fluxes to be disaggregated were representative for a
synthetic scintillometer footprint. Because the footprint of a scintillometer measurement
depends on meteorological conditions, wind, and the fluxes, the fractional coverage
changed with time (Figure 10). Cereals still contributed to the largest patch ( fcereals ≈
0.6), which is larger than in synthetic domain phase ( fcereals ≈ 0.4). Maize, grass, water,
and agriculture had smaller fractional coverage than in synthetic domain phase (decrease
of approximately 60%, 60%, 90%, and 90% relative to the synthetic domain (Figure 3c)
respectively).
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Figure 10: The fractional coverage of 8 land-use classes for synthetic scintillometer scenario. The bars
indicate mean value and the error lines indicate the standard deviation.

Figure 11 shows that the output fluxes were similar with the results of synthetic
domain phase after optimisation 3 (Figure 8). The difference was small and caused by
the difference in the fractional coverage. Especially over agriculture class, where the
fractional coverage was 90% lower in the synthetic scintillometer footprint, the sensible
heat flux was more scattered than in the synthetic domain phase. On the other hand,
cereals which had 50% relatively higher fractional coverage in the synthetic scintillometer
footprint had better sensible heat flux with less underestimation tendency than in the
synthetic domain phase. Since the optimisation was based on the aggregated fluxes using
fractional coverage, it acted like a weight in the optimisation.

3.2

Application stage

In the application stage, the fluxes measured by the scintillometer along with remotelysensed surface temperature were used as the inputs for ScinDi. After the surface temperature data was filtered from clouds obscurity, 15 data points were available for analysis
in this stage. The footprint of the scintillometer shows larger contribution of cereals
( fcereals ≈ 0.65) and zero contribution of water and agriculture classes (Figure 12) during
those observations.
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(a)

(b)

(c)

(d)
Figure 11: Same as Figure 8 but for synthetic scintillometer footprint scenario.
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Figure 12: Same as Figure 10 but for the scintillometer measurement.

In contrast with the results in the development stage, the ScinDi sensible and latent
heat fluxes show a high disagreement with the reference (Figure 13c). Large overestimation and underestimation of the sensible heat flux can be seen at cereals, coleseed, maize,
urban, and grass classes (MBE of 132.9, 37.4, -21.0, -112.5, and -28.6 respectively). In
addition, the optimisation failed to produce satisfying area-averaged sensible heat flux
(Figure 13a). Due to the bias in the sensible heat flux, the latent heat flux also had poor
performance (Figure 13d).
To analyse the bias in the fluxes, a step back was taken to compare the surface temperature from pre-processed remote-sensing data with the one measured on site (Figure 14).
High disagreement in the surface temperature is connected to the disagreement in the
fluxes. Cereals and water which had overestimation of the surface temperature also
had overestimation in the sensible heat flux. The same pattern can also be seen for the
underestimation of surface temperature of urban class.

Figure 14: Comparison between field- (reference) and satellite-measured surface temperature of each
land-use classes.
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(a)

(b)

(c)

(d)
Figure 13: Same as Figure 8 but for real scintillometer measurement and remotely-sensed Ts .
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Using the field-measured surface temperature improved the result of the scintillometer
fluxes disaggregation. Figure 15 shows that the sensible and the latent heat flux produced
were similar with the outputs of the development stage in sense that no systematic underand overestimation was apparent.

4

Discussion

The scintillometer fluxes disaggregation model (ScinDi) was developed in this study
to estimate field-specific sensible and latent heat flux using area-averaged fluxes as
measured with a scintillometer. ScinDi combines similarity theory, an energy balance
approach, and an optimisation routine in getting the field-scale fluxes with minimum field
measurements. Each of those three elements forms a submodel, which are the sensible
heat flux submodel, the latent heat flux submodel, and the optimisation submodel
respectively.
The outputs of ScinDi were evaluated to field-scale eddy-covariance (EC) measurement. Using pre-processed surface temperature measured by NOAA-AVHRR satellite,
ScinDi failed to get satisfying results. Over- and underestimation of the fluxes were
observed and checked. Considerable disagreement between the pre-processed remotelysensed surface temperature with that which was measured onsite is connected with the
error in the fluxes calculation. The discrepancy in the surface temperature might be
caused by an error in the measurement of the longwave radiation or in the pre-processing
to produce the field-specific surface temperature from gridded satellite data. We assumed
uniform fluxes and surface temperature over the same land-use type within the domain.
However, that is not necessarily true, for example when scattered clouds are present or
there are variations of moisture content in the soil.
When the field-measured surface temperature was used, ScinDi produced promising
fluxes at field-scale. The field-scale latent heat flux estimated by ScinDi had larger error
than the sensible heat flux, which we attribute to the uncertainty in the energy balance
closure. The problem in the energy balance closure can be caused by measurement errors,
averaging, or, the most important in the heterogeneous landscape, exchange processes by
larger eddies (Foken, 2008). In this research, the non-closure terms were represented by
a fraction of the net radiation. The fraction of the non-closure term of each land-use type
was defined from an intermediate study using field-measured micrometeorological data
from the LITFASS-2003 campaign. The non-closure term fraction is a simplification, which
we assume to be more or less constant. Although generally good in closing the energy
balance, the non-closure term fraction is not constant (see Figure 19 in Appendix A).
Besides, the soil heat flux, which was also estimated as a fraction of the net radiation,
was not very accurate (Figure 18 in Appendix A). In this way, the errors in the energy
balance components accumulate in the error of the latent heat flux.
Among the eight land-use classes analysed in this research, water was the hardest to
model. Water, which has high heat capacity, goes through its maximum and minimum
temperature slower compared to land surface every day. Water also has a lower albedo
and lower roughness. Those differences lead to horizontal transport between water and
its surroundings (Venäläinen et al., 1999). The horizontal transport contributes to the
closure problem in the energy balance of water.
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(a)

(b)

(c)

(d)
Figure 15: Same as Figure 13 but using field-measured Ts .
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Another particular land-use class was forest. The height of forest canopy and the
distribution of its vegetation make the measurement of the surface temperature tricky.
The surface temperature (or outgoing longwave radiation) sensor should be placed high
enough that it measures representative observation. Moreover, the high roughness of
forest produces high roughness Reynolds numbers. A high roughness Reynolds number,
when used in the parameterisation of the roughness length of heat, will produce highly
variable sensible heat flux.
The parameterisation of the roughness length of heat affects the estimated sensible
heat flux significantly. Despite its importance, the parameterisation of the roughness
length of heat is weakly established. A number of parameterisations have been conceptualised, but studies have shown that different parameterisations give the best results (Li
et al., 2017; Liu et al., 2007; Yang and Friedl, 2003; Verhoef et al., 1997; Hong et al.,
2012). Those different parameterisations also need different input parameters which
may need extra measurements or empirical constants to be defined. In this research,
we only choose one type of parameterisation considering the field measurements to
need to be minimised. With an accurate estimation of the empirical constants in the
parameterisation using the optimisation routine, satisfying field-scale sensible heat flux
can be yielded.
In ScinDi, the empirical constants in the parameterisation of the roughness length of
heat were adjusted in the optimisation routine. However, the optimisation routine needs
boundaries of minimum and maximum value for the constants being adjusted to produce
a reasonable result. In this research, the boundaries were determined in an intermediate
study using the field measurements of the micrometeorological parameters (Appendix B).
In the application of ScinDi, the luxury of having complete field observations will not
exist. Therefore, further investigation on the use of ScinDi in other areas needs to be
done to see if the chosen optimisation boundaries for each land-use type can be used
generally. This check can also be done for the empirical constants used in ScinDi (e.g.
soil heat flux fraction, albedo).
Another thing to look at is the representativeness of the field-scale fluxes. ScinDi
assumes that the spatial variability of the fluxes is small compared to the variability
caused by the difference in surface cover. It means that field patches with the same type
of vegetation have equal fluxes, even though they are separated some kilometres away.
However, it may not be true if small patches of clouds are present, or the soil characteristics
are different. A small check has been done for the data used in this research using multifactor analysis clustering (Appendix C). The result shows that sites with the same type
of land-use may have different sensible and latent heat flux. Moreover, measurement
sites that are close to each other may have more similar fluxes. In further development
of ScinDi, remote sensing observations can complement scintillometer measurements to
take into account the spatial variability of, for example, surface temperature and albedo.

5

Conclusion

A scintillometer fluxes disaggregation model (ScinDi) has been developed in this
research to calculate field-scale sensible and latent heat flux. A dataset from the LITFASS2003 campaign, containing eddy-covariance, radiation components, boundary layer
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profile, and scintillometer measurements was used in the development and evaluation of
ScinDi. A field-documented land-use map of a subset area (8 x 8 km2 ) of the LITFASS2003 was also included. Eight land-use classes: cereals, coleseed, maize, urban, water,
grass, forest, and agriculture (other types of farmland), became the base of the fieldscale parameters. On each of the class, the field-scale sensible and latent heat flux
were produced as the output of ScinDi. Subsequently, these outputs were evaluated by
comparing with the standard eddy-covariance measurements.
ScinDi has three main submodels, namely sensible and latent heat flux submodels,
and optimisation submodel. In the first submodel, the field-scale sensible heat flux is
calculated using the similarity theory, connecting the air temperature at the blending
height with the surface temperature. The second submodel calculates the field-scale
latent heat flux as the residual in the energy balance. Finally, the last and essential part
of ScinDi uses area-averaged (scintillometer) fluxes in optimising empirical constants of
parameterisations used in the first and second submodels. Input parameters of ScinDi
are the area-averaged fluxes, temperature and wind-speed at the blending height, the
incoming short- and longwave radiation at the larger scale, and the outgoing longwave
radiation (can be substituted with the surface temperature) at the field-scale. Some
empirical estimates at the field scale are also needed for ScinDi, including albedo, the
fraction of soil heat flux, emissivity, the fraction of non-closure terms of the energy
balance, displacement height, and roughness length of momentum.
This research was divided into development and application stage. In the development stage, the area-averaged fluxes were synthetic, created using the eddy-covariance
measurement. The synthetic cases were done to limit the analyses by excluding the
effect of different measurement techniques between scintillometer, and eddy-covariance
as the reference. At the start of this stage, three optimisation schemes were tested.
The first optimisation used simple multipliers to the calculated field-scale sensible and
latent heat flux to adjust the value so that the reaggregated fluxes become equal to the
reference area-averaged fluxes. This optimisation failed since it could not detect the
different characteristic of the different land-use type. The second optimisation adjusted
the empirical constants in the parameterisation of the roughness length of heat, and also
adjusted the fraction of the non-closure terms. With this optimisation, the field-scale
fluxes were improved. However, the large uncertainty in the latent heat flux contributed
to less precise sensible heat flux. In the third optimisation, only the field-scale sensible
heat flux was adjusted using the optimisation of the roughness length of heat, and the
latent heat flux remained as the residual in the energy balance after optimisation. This
optimisation scheme produced the most satisfying result and therefore used in the later
stage of this research.
In the application stage, the real scintillometer measurements were used as the input
area-averaged fluxes. In this stage, the surface temperature data was obtained from
NOAA-AVHRR measurements. The application stage demonstrates the operational use of
ScinDi, which will be detached from local field-scale observations.
The pre-processed remotely-sensed surface temperature was found to disagree with
that of field measurement. Therefore, the resulting ScinDi field-scale fluxes also had
large error compared to the reference. The overestimating (underestimating) of surface
temperature led to overestimated (underestimated) sensible heat flux, and subsequently,
underestimated (overestimated) latent heat flux. When the scintillometer measurements
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were coupled with the field-measured surface temperature, ScinDi produced satisfying
results. This result suggests the importance of accurate surface-temperature observation
and pre-processing algorithm.
Nevertheless, ScinDi has shown potential and should be developed further. A more
considerable improvement should be made on the latent heat flux submodel, especially
in the closure of the energy budget. For the sensible heat flux submodel, a representative
surface temperature observation is essential. Furthermore, ScinDi needs to be evaluated
for another area to make sure that the model is not site specific. Finally, ScinDi will
benefit from remote sensing observations for better representation of spatial variability
and also for more practical use. When ScinDi has been established, water managers will
only need a scintillometer measurement and satellite observation to monitor water loss
at the field scale.
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Appendices
A

The energy balance closure

Figure 16: The estimated (y-axis) and the reference (x-axis) net radiation of each land-use class.

Figure 17: Same as Figure 16 but for the available energy.
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Figure 18: Same as Figure 16 but for the soil heat flux.

Figure 19: Same as Figure 16 but for the non-closure terms.
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B

Finding boundaries of parameterised constants

Figure 20: Regression of ln(z 0h /z 0m ) to Re 0 . 5 to find the constants in the parameterisation of the roughness
length of heat. The colors show the third dimension in the data which is the net radiation [Wm-2 ]. The
regression line (grey, equation besides land-use type name) was determined for data which have net
radiation more than 500 Wm-2 . The boundaries for the parameterisation are defined as a − | 0.3a| : a + | 0.3a|
and b − | 0.3b | : b + | 0.3b | .

C

Spatial variability of the sensible and the latent heat
flux

Figure 21: Hierarchical clustering dendogram of multiple factor analysis on the sensible and latent heat
flux of the measurement sites. The vertical axis shows the distance, the closer the sites (the shorter the
line between them), the more they have similar sensible and latent heat flux. The sites are written as the
following. WATS: SS water, WATF: FS water, COL2: A2 coleseed, TRI1: A1 triticale, BAR3: A3 barley, RYE5:
A5 rye, COL7: A7 coleseed, FOREST: HV forest, MAI4: A4 maize, GRASS: GM grass, MAI6: A6 maize,
COL9: A9 coleseed, TRI8: A8 triticale.
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