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To improve streamflow predictions, researchers have implemented updating procedures that correct predictions
from a simulation model using machine learning methods, in which simulated streamflow and meteorological
data are used as predictors. Few studies however have included an extensive set of meteorological and hydro
logical state variables simulated by the simulation model. We developed and evaluated a Random Forests (RF)based approach to correct predictions from a global hydrological model PCR-GLOBWB. From PCR-GLOBWB,
meteorological input as well as its simulated hydrological state variables were used as predictors in the RF to
estimate errors of PCR-GLOBWB streamflow predictions, which were then applied to correct simulated hydro
graph. The RF was trained and applied separately at three streamflow gauging stations in the Rhine basin with
different physiographic characteristics. Daily streamflow simulations from an uncalibrated PCR-GLOBWB run
were improved by applying the RF-based error-correction model (KGE improved from 0.37 to 0.62 to 0.76–0.89,
NSE from 0.19 to 0.39 to 0.64–0.80). A similar improvement was found in the simulations from a calibrated PCRGLOBWB run (KGE 0.72–0.87 and NSE 0.60–0.78). The PCR-GLOBWB state variables that are informative to the
improvement differed between catchments. Variables related to groundwater are informative in catchments
dominated by the sedimentary basins characterizing large aquifers, while snow cover and surface water state
variables are informative in a nival regime with large lakes. Here we quantified the improvement from
combining a process-based and machine learning approach.

1. Introduction
Efficient water resource management and flood mitigation require
accurate streamflow hindcasting and forecasting. With the increasing
computational power and available data, simulation models have
become more sophisticated in how they represent mechanisms in the
modelled system. However, even after using advanced optimization or
model calibration techniques, model output errors can still be consid
erable and inevitable due to uncertainty in the model structure, inputs,
and parameters (Liu and Gupta, 2007). To reduce these errors, one of the
techniques is a model-output updating approach, also known as
error-updating approach (Shamseldin and O’Connor, 2001).
This error updating approach involves a simulation model followed
by an updating model to correct the errors of the simulation output
(predictions). The simulation model is usually a physically-based model,

and the updating model consists of one or multiple machine learning
methods (Abrahart et al., 2012; Bogner et al., 2016; Humphrey et al.,
2016; Papacharalampous et al., 2019; Tyralis et al., 2019a). With the
updating procedure, we can improve the predictions by combining both
the process knowledge in the physically-based model and the empirical
knowledge in the updating model. This updating approach has been
widely applied in real-time flood forecasting for operational purposes to
improve model accuracy at larger lead times (Humphrey et al., 2016;
Kurian et al., 2020; Young et al., 2017). In this paper, we refer to this
model-output updating approach as the “error-correction” model.
Errors of streamflow predictions are in general temporally auto
correlated (Evin et al., 2014; Sorooshian and Dracup, 1980; Toth et al.,
1999). Including autoregressive (AR) structures in the error correction
can be valuable for forecasting applications. One application is to use AR
models to correct prediction errors from physically-based models (Evin
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et al., 2014; Li et al., 2016; Toth et al., 1999). Although the AR models
perform well in correcting errors, the AR models rely heavily on
observed streamflow from the previous time steps and thus only provide
accurate estimates for forecasting with relatively short lead times up to a
few hours or days. For error correction over longer lead times (weeks-
years), or for error correction of historical simulations over time spans
that lack observed streamflow data, these methods cannot be used. In
these cases to improve prediction accuracy, we can use non-linear
methods that explain the nonlinear interaction between the covariates
(inputs or state variables of the model) and the response (streamflow
error) (Mosavi et al., 2018).
Therefore, to improve prediction accuracy for long lead times, we
used a machine learning model, random forest (RF) (Breiman, 2001), as
the updating model to capture potential nonlinear relationships, and we
also present an AR structure by using historical daily meteorological
values (inputs of the model) as the input to the error-correction model.
After the streamflow observations from a catchment were used to train
the error-correction model, no observations were needed for that
catchment in time spans for which no observations is available. To
achieve this goal, the RF model also included an extensive set of simu
lated state variables, which had not been done before (Humphrey et al.,
2016; Noori and Kalin, 2016).
For the simulation model, we used a global process-based model:
PCR-GLOBWB model. It considers not only natural processes but also
human water use (Sutanudjaja et al., 2018; van Beek et al., 2011; van
Beek and Bierkens, 2008). The PCR-GLOBWB is capable of providing
satisfactory streamflow predictions across the globe (Sutanudjaja et al.,
2018). But, in some cases, the PCR-GLOBWB model fails to reproduce
streamflow observations due to errors in model structure, drivers, and
parameters.
We built a model framework that improved PCR-GLOBWB daily
streamflow predictions using RF as an error-correction model. In this
model, errors in PCR-GLOBWB daily streamflow predictions were esti
mated by meteorological drivers and state variables of PCR-GLOBWB.
Then, errors estimated by RF were used to correct streamflow pre
dictions. We quantified the improvement of streamflow predictions from
the PCR-GLOBWB using our error-correction model framework using
Random Forests (RF). We also assessed how different catchments would
have different variables contributing most to error correction.
We implemented six model configurations with two settings in PCRGLOBWB calibration and three combinations of different predictors used
in the RF, including a benchmark model that only considers the memory
effects of the catchments using historical meteorological variables.

Fig. 1. Digital elevation map from SRTM 90m digital elevation database
(http://srtm.csi.cgiar.org/) of the Rhine basin with streamflow gauging stations
indicated by red dots with country names: NLD (the Netherlands), BEL
(Belgium), FRA (France), DEU (Germany). (For interpretation of the references
to colour in this figure legend, the reader is referred to the Web version of
this article.)
Table 1
Information on gauging stations.

2. Methods
2.1. Study area

Station

Catchment area
(km2)

Station altitude (m a.
s.l.)

Dominating flow
regime

Basel
Cochem
Lobith

35 897
27 088
160 800

293.9
77.0
8.5

Nival
Pluvial
Pluvial

2.2. Model framework

To investigate how catchment characteristics influence the error
correction, the Rhine basin was chosen as the study area. Three gauging
stations with different upstream hydrological characteristics were
selected, which are Basel and Lobith along the Rhine River and Cochem
along a Rhine River’s tributary – the Mosselle River (Fig. 1, Table 1).
The streamflow regime at Basel, located in the Alpine region of the
upper Rhine, is dominated by snow and glacier melt in spring and
summer, whereas streamflow at Cochem is characterized by rainfall,
reaching its maximum in winter and its minimum in late summer
(August and September). The flow regime at Lobith, located in the lower
Rhine, not only is mainly influenced by rainfall events but also reflects
various processes in upstream areas. The streamflow reaches its
maximum in late winter and minimum in late summer. The major land
use types of the Basel’s and Lobith’s watersheds are farmland and forest,
but the land cover of Basel has more grassland, surface water and gla
ciers (Schick et al., 2018).

A model framework was developed that modified the streamflow
predictions from the PCR-GLOBWB model by correcting prediction er
rors using the random forests (RF) model. The following section de
scribes the model structure of the two models (2.2.1 & 2.2.2), the model
configurations tested for our model framework, and how the model
performance was evaluated (2.2.3).
2.2.1. PCR-GLOBWB
PCR-GLOBWB is a grid-based global hydrological model, which
considers natural hydrological processes as well as anthropogenic in
fluences such as human water use and reservoir operation (Sutanudjaja
et al., 2017). For this study, the model was run with a daily time step and
with a spatial resolution of 30 arcmin (~50 km at the equator). For
details regarding the model structure of PCR-GLOBWB, readers are
referred to Sutanudjaja et al. (2018), van Beek et al. (2011), and van
Beek and Bierkens (2008). In Supplementary Materials, Section 1, we
2
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briefly describe the meteorological forcing input variables and the
simulated hydrological variables that are mainly used as the predictors
for the RF model (see also Fig. 2 & Table 2).
To evaluate the effect of PCR-GLOBWB parameterization on the
performance of the error-correction model, two parameterizations were
used in PCR-GLOBWB, one with default parameter values and the other
using the calibrated parameters found by a brute force method (Beven,
2012). This calibration approach was implemented for five parameters
(minimum soil depth fraction, saturated hydraulic conductivity,
groundwater recession coefficient, degree day factor, and Manning’s n)
with a search function to maximize the Kling-Gupta efficiency (KGE)
value (Ruijsch et al., 2021). The model with default parameter values is
referred to as PCRun, and the one calibrated by the brute force approach
is called PCRcalibr. Each gauging location was calibrated separately.
Detailed information about the calibration setting and the sensitivity
analysis of the parameters can be found in the Supplementary Materials,
Section 2.

Table 2
Predictor variables used in RF. Meteorological variables include p, t, and et.
Other variables besides d and meteorological variables are simulated state
variables from PCR-GLOBWB. Detailed information of the predictors is available
in Section 1 of Supplementary Materials.
Code of variable

Unit

Brief explanation of variable

p

m/
day
◦
C
m/
day
–
m/
day
m/
day
m/
day
m/
day
m/
day
m/
day
m/
day
m/
day
m/
day

precipitation

t
et
d
baseflow
directRunoff
domesticWaterWithdrawal
gwRecharge
industryWaterWithdrawal

2.2.2. Random forests (RF)
RF (Breiman, 2001) is an ensemble tree-based algorithm that sam
ples predictor variables in each split node of an independent tree and
aggregates all the trees for prediction. Each regression tree is developed
by a subset of observations and variables by minimizing a loss function,
in our study, mean squared errors (MSE). RF has been applied in the
geoscience field, ranging from hydrological prediction (Mosavi and

interflowTotal
irrigationWaterWithdrawal
livestockWaterWithdrawal
nonIrrWaterConsumption

snowCoverSWE

m

snowFreeWater

m

storGroundwater
storUppTotal
storLowTotal
surfaceWaterStorage

m
m
m
m

totLandSurfaceActuaET

m/
day
m/
day

totalEvaporation

temperature
reference potential evapotranspiration
Julian days (1–365 or 1–366)
baseflow, groundwater discharge
surface runoff
domestic water withdrawal
groundwater recharge, fluxes from the lower
soil layer to groundwater stores
industrial water withdrawal
interflow, shallow sub-surface flow
water withdrawal allocated for irrigation
purposes
water withdrawal allocated for livestock
demand
non-irrigation sectoral (domestic, industry
and livestock) water consumption, i.e. nonirrigation sectoral withdrawal minus return
flow
snow cover/storage in water equivalent
thickness (excluding liquid part)
liquid water/meltwater storage in the
snowpack
groundwater storage (renewable part)
S1 actual upper soil water storage
S2 actual lower soil water storage
surface water storage (lakes, reservoirs, rivers,
and inundated water)
total evaporation and transpiration from land
part
total evaporation and transpiration from land
and water body parts

Ozturk, 2018; Tyralis et al., 2019b), lithology classification (Bressan
et al., 2020), landslide susceptibility (Goetz et al., 2015), and remote
sensing downscaling (Ebrahimy and Azadbakht, 2019).
The ensemble algorithm in the RF can deal with the high correlations
occurring between the predictors by randomly selecting a subset of
candidate variables for each split. This bootstrapping technique avoids
highly influential variables dominating all trees. The RF also samples
data with replacement for training each tree. Therefore, not all training
data is used in every tree built. The unused data can be then used to
estimate the error. The data is often referred to as out-of-bag (OOB)
observations. Each observation has an OOB prediction, and we can
obtain an overall OOB root-mean-squared error (RMSE) of the n obser
vations, instead of using cross-validation, which requires large compu
tation efforts when the number of predictors is large.
This overall OOB RMSE was used for hyperparameter tuning in the
RF. The major influential hyperparameter in the RF is the number of
candidate predictors considered at each split. The number of trees does
not greatly influence the model performance in terms of OOB RMSE
once it exceeds a certain threshold value. The hyperparameters were
optimized using a grid searching process with the number of trees
ranging from 100 to 900 with an increment of 200 and the number of
candidate predictors from 3 to the total number of predictors with an
increment of 2. In total there were 95 combinations of hyperparameters
for tuning. The hyperparameter values that led to the smallest OOB
RMSE were used in the RF.
The RF was used to estimate streamflow prediction errors of PCR-

Fig. 2. Schematic illustration of PCR-GLOBWB describing interactions, states,
and fluxes within and between components (Sutanudjaja et al., 2017b): Precip
(precipitation), Evap (evapotranspiration), S1, S2 (soil moisture storage in the
upper and lower soil layer), S3 (groundwater storage), Qdr (direct surface
runoff, generated by snowmelt and rainfall), Qsf (interflow or stormflow), Qbf
(baseflow), Inf (infiltration from riverbed to groundwater), Qchannel (channel
flow). Thin blue solid arrow lines indicate groundwater abstraction and thin red
solid arrow lines surface water withdrawal, blue dashed arrow lines return
flows from groundwater use, red dashed arrow lines return flow from surface
water usage. (For interpretation of the references to colour in this figure legend,
the reader is referred to the Web version of this article.)
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GLOBWB. These errors were related to variables used in PCR-GLOBWB,
which were the meteorological driving variables (xd) and key simulated
state variables (xs). The response variable (dependent variable) in the RF
was the model error, calculated as:
)
(
et = qto − qtm = f xdt , xst for each t
(1)

includes both concurrent and historical meteorological variables from
the previous 10 days. The state variables are described in Table 2.
In the PCR-GLOBWB configurations, the PCRcalibr was calibrated by
the brute force method, and the PCRun used the default parameteriza
tion in the PCR-GLOBWB. More information about the two calibration
settings is given in Section 2.2.1 and Section 2 of Supplementary Ma
terials. The process of implementing the error-correction model frame
work is illustrated in Fig. 3. Results with error correction were compared
with PCR-GLOBWB simulations without error-correction models,
expressed as PCRun and PCRcalibr. The RF models served as postprocessing models for the PCR-GLOBWB. Therefore, in total by
combining the two PCR-GLOBWB calibration settings and three RF
predictor settings, we built six model configurations.
Additionally, we compared our model framework with a Generalized
Least Square (GLS) model. The GLS models are linear regression models
fitted by generalized least square, which is a generalized form of ordi
nary least square (OLS) and minimizes distances relative to the covari
ance of residuals (squared Mahalanobis distance) (Taboga, 2017)
instead of minimizing linear distances of residuals like OLS. This
generalized method transforms the residuals so that the error variances
are uncorrelated. In the GLS, the autoregressive moving average (ARMA
(p, q)) model should be specified to correct the temporal dependency in
the residuals. We specified the errors as a third order autoregressive
model (AR(3), which can be written as ARMA(3, 0)). The AR(3) model
was used because the ACF showed a gradual decreasing trend (q = 0)
and the PACF dropped sharply after three lags (p = 3) (Supplementary
Fig. 10). The independent variables in the GLS models were the mete
orological variables, the same as the ones used in the RF (Table 2). We
used the gls function in the nlme package version 3.1–152 in R to
implement GLS (Pinheiro et al., 2021). The conventional autoregressive
model was not used, because it is not suitable for estimating streamflow
without observations available at a large lead time, which was 10 years
in this study. Therefore, we used the GLS model to include the auto
correlated structure of the prediction residuals as a linear form.
We also quantified the uncertainty in the corrected streamflow pre
dictions using the Quantile Regression Forests (QRF) (Meinshausen,
2006) in our model framework. The QRF has been implemented for a
similar purpose in previous post-processing hydrological studies
(Bogner et al., 2016; Papacharalampous et al., 2019; Tyralis et al.,
2019a). The QRF predicts conditional quantiles of the response variable,
which is the PCR-GLOBWB prediction errors in this study. Then, the QRF
conditional quantiles were added to the PCR-GLOBWB predictions to
obtain the quantiles of the corrected streamflow predictions. Negative
quantiles of the corrected streamflow predictions were replaced with
zeros The QRF used the same optimal hyperparameters as in the RF
described in the manuscript (Section 2.2.2). The quantile regression was
implemented using the ranger package version 0.12.1 (Marvin N. Wright
and Ziegler, 2017) in R. We only implemented QRF using current
meteorological and state variables as predictors described in Table 2.
For the evaluation of model performance, the Nash-Sutcliffe effi
ciency (NSE) and the Kling-Gupta efficiency (KGE) were calculated. The
NSE represents the relative performance of a model compared to a naïve
model that uses the observed average as prediction, and its value is
dominated by errors in extreme (low/high) streamflow. However, using
observed average as an evaluation baseline fails to capture the true
model performance when streamflow shows great seasonality, and this
problem was overcome by the KGE. The KGE can cover a wide range of
hydrological characteristics when evaluating the predictions (Gupta
et al., 2009), including correlation, bias, and variability between
observed and predicted streamflow.
Equations (2) and (3) show how the coefficients are computed,
where q represents streamflow with a unit of m/day in daily time step t,
T is the total number of days, σ is the standard deviation and μ is the
average with subscript o representing observations and subscript m
representing predictions made by the model configuration used
(Table 3):

where e indicates prediction error (m/day), q is streamflow (m/day)
normalized to the catchment area of the gauging station with subscript
m representing PCR-GLOBWB predictions and subscript o representing
observations. Superscript t represents the time index with a time step of
1 day. The streamflow observations were obtained from the Global
Runoff Data Center (GRDC, http://www.bafg.de/GRDC). In this paper,
we used ‘residuals’ and ‘errors’ interchangeably to describe the differ
ence between model predictions and measurements. The prediction er
rors estimated by the RF were then added to the PCR-GLOBWB
predictions to obtain final corrected streamflow predictions.
In the training period, the response variable thus included the ‘ob
servations,’ with the amount equal to the number of timesteps. The
predictors used in the RF included the meteorological variables as well
as state variables simulated by PCR-GLOBWB, averaged over the
watershed of the gauging station, at each time step t (Table 2). We used
driving forces and states at time t (predictors) to predict error in
discharge at time t (response variable). Historical driving forces at
previous time steps (e.g., at t-1, t-2, …) were also included as predictor
variables to investigate the memory effects from the meteorological
factors and to implicitly deal with AR structures in our RF models. We
also included Julian days as a predictor to represent the seasonality of
the errors besides the potential evapotranspiration and temperature. We
created an RF model separately for each gauging station and for the
calibrated PCR-GLOBWB streamflow (PCRcalibr) and the uncalibrated
streamflow (PCRun). In the RF, the importance of each predictor was
measured by averaging its total decrease in the remaining MSE left after
the predictor was used as node splits. This so-called variable importance
indicates the contribution of a variable to reducing the MSE and tells us
in our study how informative a variable is for error-correction of the
hydrograph. The variable importance was calculated from the ranger
function by setting variable importance mode as “impurity” in the ranger
package version 0.12.1 (Marvin N. Wright and Ziegler, 2017) in R,
which gives us the average of total decrease in MSE described above.
2.2.3. Model configurations and model performance evaluation
To investigate how and to what extent the RF can improve stream
flow predictions by estimating the prediction errors, we tested six
unique combinations of model configurations, including three combi
nations of predictors used in the RF (Table 3) and two configurations for
PCR-GLOBWB calibration. One RF was built by using only meteorolog
ical driving variables from the current and previous 10 timesteps as
predictors, called RFd-lagged. This serves as a baseline model that
considers memory effects only. The other two RF configurations used
both meteorological variables and simulated concurrent state variables
as predictors, referred to as RFd_s and RFd-lagged_s. The RFd_s includes
only concurrent meteorological variables, whereas the RFd-lagged_s
Table 3
Overview of three RF model configurations. Meteorological and state variables
are explained in Table 2.
Predictors in RF
Abbreviations for
model
configurations

Concurrent
meteorological
driving variables

Previous 10-day
meteorological
driving variables

RFd-lagged
RFd_s
RFd-lagged_s

V
V
V

V
V

Concurrent
state
variables
V
V

Note: ‘V’ denotes parameterization used in PCR-GLOBWB and predictor vari
ables used in RF models.
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Fig. 3. Workflow of implementing model framework. In PCR-GLOBWB model and RF model, config 1 and config 2 represent the model configurations of PCRGLOBWB and RF model. Description of meteorological and hydrological state variables are shown in Table 2.

Fig. 4. Model performance at different locations for the validation period (1991–2000) for different model configurations (Table 3). Black-outlined boxes indicate
performance of PCR-GLOBWB model without RF-correction post-processing.
5
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∑T (
NSE = 1 − ∑t=1
T (
t=1

)2
1∑T ( t
q − qto
MSE =
n t=1 m
)2
1∑T ( t
q − qo
 σo 2 =
n t=1 o
KGE =

with catchments. The result of the GLS and QRF can be found in Sup
plementary Fig. 11 and Supplementary Fig. 12.
The model performance for the validation period is shown in Fig. 4.
The uncalibrated PCR-GLOBWB run combined with the error-correction
model gave considerable improvement regarding KGE values at all lo
cations. Including meteorological and state variables (RFd_s) resulted in
slightly better performance compared to using only lagged meteoro
logical variables (RFd-lagged). The addition of state variables as pre
dictors (RFd-lagged_s) contributed to an improvement of simulations
compared to the scenario relying only on the concurrent and lagged
meteorological variables (RFd-lagged). However, this was not the case
for Basel.
The performance of error-corrected calibrated and uncalibrated runs
was equally good. This is somewhat surprising, as the performance of
the uncalibrated PCR-GLOBWB is considerably worse than the cali
brated model (Fig. 4). The RF turns out to be capable of correcting the
streamflow even when errors of the simulations are considerable.
For the calibrated PCR-GLOBWB run, the GLS error-correction model
gave the improvement less than the RF using lagged meteorological
variables, where GLS improved KGE from 0.68 to 0.72 for Basel, from
0.57 to 0.59 for Cochem, from 0.71 to 0.72 for Lobith during the vali
dation period (Supplementary Fig. 11) while the RF improved KGE to
0.75 for Basel, 0.83 for Cochem, 0.85 for Lobith (Fig. 4). For the un
calibrated PCR-GLOBWB run, we also observed the superior prediction

)2
qtm − qto
MSE
)2 = 1 −
σo 2
qto − qo

√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(r − 1)2 + (α − 1)2 + (β − 1)2 ,
r = cov(qm , qo )/(σ m ⋅σo )
α = σm /σ o
β = μm /μo

(2)

(3)

To assess model performance using independent data, we split the
dataset into training and validation by time. The 1981–1990 period was
used for calibrating PCR-GLOBWB and training the error correction
model. The 1991–2000 period was used for validation involving a for
ward simulation of PCR-GLOBWB and applying the trained error
correction model.
3. Results
Here, we describe the model performance of each model configura
tion for the validation period, and how variable importance in RF varies

Fig. 5. Time series of streamflow from 1991 to 1994 at Basel. Black lines are observed discharge depth, blue lines are either predictions or residuals in predictions of
calibrated PCR-GLOBWB model, and red lines are predictions or residuals in corrected predictions from RFd_s model. Plots of cumulative distribution functions of
streamflow for all validation period can be found in Fig. 8. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web
version of this article.)
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improvement provided by RF over the one provided by the GLS.
The time series of discharge and residuals (Fig. 5, Fig. 6 & Fig. 7)
show that the error-correction model was able to reduce the prediction
residuals. The residuals of PCR-GLOBWB streamflow prediction
demonstrated strong temporal variations, especially in Basel having a
nival regime (Fig. 5). The prediction residuals of PCRcalibr at Basel were
large during the melt season, which is around April to August. By error
correction, the prediction errors for Basel were reduced, but it was still
difficult to capture the large errors during the high-discharge period
(Figs. 5 and 8). On the other hand, at Cochem and Lobith, the residuals
of PCRcalibr streamflow predictions were highly associated to the
streamflow observed (Figs. 6 and 7). The error-correction model was
able to reduce prediction errors in particular for the recession part of the
hydrograph, which is dominated by the base flow, for Cochem and
Lobith (Figs. 6 and 7). From the cumulative distribution functions of
streamflow from 1991 to 2000, the CDF from including both concurrent
hydrological variables and meteorological variables fit better with the
CDF from including only lagged meteorological variables for Lobith and
Cochem. For Basel, the lagged scenario fits better during high stream
flow, and the one including concurrent state and meteorological vari
ables led to a better fit during low streamflow period.
The QRF gave the quantiles of the corrected streamflow predictions.
In the QRF using the concurrent meteorological and state variables
(Supplementary Fig. 13), the medians of the corrected streamflow

predictions at all basins were lower than the observations, and the in
tervals of the 5% and 95% quantile of the corrected predictions included
the observations for most period at all basins, except during the extreme
high-flow period when the cumulative density functions of the corrected
predictions were higher than 0.99.
In the random forest model, the most informative variables varied
across stations with different meteorological and hydrological charac
teristics in upstream areas (Fig. 1; Fig. 9). Each RF model configuration
(RFd-lagged, RFd_s, RFd-lagged_s) gave different results of the variable
importance in each catchment. First, in the RFd_s, for Basel in the upper
Rhine region, the surface water storage explained the prediction errors
most (Fig. 9A). The amount of snow cover in water equivalent and upper
soil water storage played the second and third important role. On the
other hand, for Cochem and Lobith, the amount of groundwater
recharge was the major factor (Fig. 9B&C). Surface water storage also
contributed to estimating prediction errors for Lobith. Second, in the
RFd-lagged_s, for all catchments, the top 3 influential variables are the
same as the RFd_s (Supplementary Fig. 9b). Third, in the RFd-lagged for
Basel, the top important variables are the temperature and the precipi
tation 1–4 days prior to the modelling timestep (Supplementary
Figure 9Aa). For Cochem, the top important variables are precipitation
from the prior 2–6 days (Supplementary Figure 9Ba). For Lobith, the top
important variables are precipitation from the prior 4–8 days (Supple
mentary Figure 9Ca).

Fig. 6. Time series of streamflow from 1991 to 1994 at Cochem. Black lines are observed discharge depth, blue lines are either predictions or residuals in predictions
of calibrated PCR-GLOBWB model, and red lines are predictions or residuals in corrected predictions from RFd_s model. Plots of cumulative distribution functions of
streamflow for all validation period can be found in Fig. 8. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web
version of this article.)
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Fig. 7. Time series of streamflow from 1991 to 1994 at Lobith. Black lines are observed discharge depth, blue lines are either predictions or residuals in predictions of
calibrated PCR-GLOBWB model, and red lines are predictions or residuals in corrected predictions from RFd_s model. Plots of cumulative distribution functions of
streamflow for all validation period can be found in Fig. 8. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web
version of this article.)

For all locations, the most important variable was also highly
correlated with prediction errors (Fig. 9). However, a high correlation
between a variable and the prediction errors did not necessarily suggest
the variable was informative on reducing prediction errors, since some
variables correlated with the prediction errors did not contribute to the
error reduction greatly, especially for the PCRun-RFds (Fig. 9B). It
should be noted that some variables with low correlation values showed
a distinct nonlinear relationship with the errors of the PCR-GLBWOB
predictions, as shown in Supplementary Fig. 4, Supplementary Fig. 5,
and Supplementary Fig. 6.
The result of grid searching for tuning RF hyperparameters showed
small variations in OOB RMSE between each combination of hyper
parameters. The OOB RMSE ranged from 156 to 218 for Basel, from 130
to 160 for Cochem, and from 352 to 454 for Lobith in the RFd_s scenario,
in a unit of m3/s. Other scenarios gave similar results.

PCR-GLOBWB were corrected by the RF estimating the prediction errors
using both meteorological and hydrological variables as predictors of
the RF.
We found that in all cases the RF-based error-correction model can
considerably improve the PCR-GLOBWB predictions, in particular when
state variables of the simulation model are included as predictors in the
RF. The model performance of the error-correction model did not
depend on the parameterization in the PCR-GLOBWB model, since the
corrected predictions using the uncalibrated PCR-GLOBWB run were
approximately as accurate as those using the calibrated one. This result
not only indicates the capability of RF in estimating prediction errors but
also suggests that one can obtain considerable improvement in pre
dictions using the error-correction procedure without the cumbersome
work of calibrating the PCR-GLOBWB model. A similar result was found
in a previous study (Noori and Kalin, 2016), which used machine
learning methods to avoid calibrating a hydrological simulation model.
But they only used two simulated hydrological variables, which were
surface runoff and interflow, in the machine learning methods to predict
streamflow instead of prediction errors, and their goal was to apply their
model framework to ungauged locations.
Based on the improvement of streamflow predictions for gauged
catchment, our model framework has potential for estimating stream
flow at ungauged locations by including more catchment-specific vari
ables as predictors in the error-correction models. In this potential

4. Discussion
Previous work has documented the effectiveness of machine learning
methods, serving as model-output updating models, in improving
streamflow predictions from forward simulation models. However,
these studies have not extensively evaluated the use of simulated state
variables to estimate prediction errors. In this study, therefore, we
developed a model framework in which streamflow predictions from
8
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Fig. 8. Cumulative distribution functions of streamflow from 1991 to 2000 at Basel, Cochem and Lobith. Black lines are observed streamflow, blue lines are cali
brated PCR-GLOBWB predictions corrected by RFd-lagged model, and red lines are calibrated PCR-GLOBWB predictions corrected by RFd_s model. (For interpre
tation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

extended application, the RF error-correction model should first be
trained by data from many catchments with various catchment char
acteristics so that the RF model can be generalized to capture various
types of catchment-specific patterns of the prediction errors. Then, this
generalized RF model can be applied to ungauged catchments. Our study
indicates proof of concept for the potential future study topic, and
further research is required to validate how well the generalized RF
error-correction model can estimate streamflow at ungauged location by
including more predictors and data from more catchments.
Additionally, the satisfactory model performances of the errorcorrection model, evaluated by the validation data in a different time
period from the training data, indicate the possibility of reconstructing
missing discharge observations. These potential extended applications
need to include large datasets with an adequate number of catchments to
be generalized and be validated by spatial and temporal hold-out test.
Although the results indicate the strength of RF, we observed that the
RF does not model residuals satisfactorily during high streamflow pe
riods, evidenced by the heteroscedasticity in the corrected predictions.
This could be solved by transforming the values before implementing

the error-correction process.
In the RF-based error-correction model, the result of variable
importance indicates how much each variable contributes to estimating
prediction errors. In the RFd_s, it was suggested that the surface water
and snow cover at Basel with nival regime were influential in reducing
prediction errors, while the groundwater components at Lobith and
Cochem with pluvial regime played a major role in that. This may
suggest that the potential structural errors existing in PCR-GLOBWB can
be found by using RF. This finding of snow-related variables being
influential at Basel might result from the highly time-varying degree day
factor of the snowmelt module (Ruijsch et al., 2021). The finding of
groundwater-related variables being influential at Cochem and Lobithm
might result from the land use changes, which lead to changes in infil
tration rate and capacity. These systematic changes in the catchment
were not captured well in PCR-GLOBWB, and it could be captured by our
RF-based error-correction model. Moreover, including both meteoro
logical variables from previous 10 days and state variables do not lead to
a different list of influential variables for the three catchments. Thus,
this could indicate that no hydrological process knowledge is left in the
9
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Fig. 9. Barplots of (1) correlation between prediction error (Equation (1)) and predictor variable as well as (2) variable importance using (a) PCRun-RFd_s and (b)
PCRcalibr-RFd_s at three stations: (A) Basel, (B) Cochem and (C) Lobith. Variables are arranged in descending order of importance values. For code explanations refer
to Table 3. How variable importance was derived is explained in section 2.2.2.

meteorological data to explain the prediction errors in the RF. But it
should be noted that the result here does not indicate any causal relation
between prediction errors and state variables and that a more extensive
set of catchments with diverse characteristics should be used, before any
solid conclusion is drawn.
To our knowledge, this is the first study that includes an extensive set
of simulated hydrological variables in an error-correction model to
improve streamflow and to investigate the error structure of predictions
using RF. Compared to the benchmark scenario (RFd-lagged), the
improvement from RFd_s and RFd-lagged_s is similar, but the difference
in the improvement between different scenarios is larger when using
uncalibrated PCR-GLOBWB predictions. This shows that with only his
torical meteorological variables, error-correction RF models can
improve predictions from a simulation model, indicating its potential
ability to specify implicit AR structures by providing historical meteo
rological predictor values.
The GLS model with an AR(3) structure improved streamflow pre
dictions lower than the RF using meteorological variables from histori
cal time-steps. This RF model can improve streamflow predictions by
incorporating temporal auto-correlation by considering the crossautocorrelation between meteorological variables and prediction er
rors. This test further justifies using random forests instead of simple
autoregressive models when the goal is to improve streamflow pre
dictions over a long lead time. But we acknowledge that simple AR
models are more promising for improving streamflow when forecasting
over a short lead time is done.

missing streamflow observations and predicting streamflow at any
location, which will be explored in future study.
Computer code availability
The implementation of the RF was done in R version 4.0.2 (R Core
Team, 2020) using the ranger package version 0.12.1 (Marvin N. Wright
and Ziegler, 2017). The data and source codes used in this study are
available on https://github.com/co822ee/PCR-GLOBWB_error-correc
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Authorship statement
Conception and design of study, research implementation, data
analysis, manuscript writing, manuscript editing. Data acquisition, PCRGLOBWB modelling, manuscript review & editing. Conception and
design of study, manuscript review & editing. PCR-GLOBWB model
development and maintenance, PCR-GLOBWB modelling, manuscript
review & editing. Conception and design of study, manuscript drafting,
manuscript review & editing, supervision.
Declaration of competing interest
The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

5. Conclusions
In this study, daily streamflow predictions from PCR-GLOBWB were
corrected by the RF model using its meteorological forcing input and
simulated hydrological variables. The RF model, serving as an errorcorrection model, improved discharge predictions considerably, and
the improved performances using the uncalibrated PCR-GLOBWB run
were equally good as using the calibrated PCR-GLOBWB simulation. The
RF model framework developed here not only gives a better way to
improve streamflow predictions than calibrating PCR-GLOBWB param
eters, but the results also indicate potential for both reconstructing

Appendix A. Supplementary data
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.cageo.2021.105019.
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