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Abstract: Machine learning (ML) models have been shown to be valuable tools employed for stream-
flow prediction, reporting considerable accuracy and demonstrating their potential to be part of
early warning systems to mitigate flood impacts. However, one of the main drawbacks of these
models is the low precision of high streamflow values and extrapolation, which are precisely the
ones related to floods. Moreover, the great majority of these models are evaluated considering all the
data to be equally relevant, regardless of the imbalanced nature of the streamflow records, where
the proportion of high values is small but the most important. Consequently, this study tackles
these issues by adding synthetic data to the observed training set of a regression-enhanced random
forest model to increase the number of high streamflow values and introduce extrapolated cases.
The synthetic data are generated with the physically based model Iber for synthetic precipitations of
different return periods. To contrast the results, this model is compared to a model only fed with
observed data. The performance evaluation is primarily focused on high streamflow values using
scalar errors, graphically based errors and errors by event, taking into account precision, over- and
underestimation, and cost-sensitivity analysis. The results show a considerable improvement in the
performance of the model trained with the combination of observed and synthetic data with respect
to the observed-data model regarding high streamflow values, where the root mean squared error
and percentage bias decrease by 23.1% and 38.7%, respectively, for streamflow values larger than
three years of return period. The utility of the model increases by 10.5%. The results suggest that the
addition of synthetic precipitation events to existing records might lead to further improvements in
the models.

Keywords: machine learning; physically based; Iber; streamflow; high values; synthetic; floods;
regression-enhanced random forest

1. Introduction

Floods are natural hazards that have the highest impact on the population world-
wide [1–3]. Among these, flash floods have the potential to be extremely costly in terms of
material damage and fatalities [4]. They usually occur suddenly as a product of intense
rainfall in a small catchment with considerable slopes [5,6]. The frequency of flash floods
has increased in recent years as a result of more common high-intensity rainfall and larger
urban areas [7,8]. One of the main tools to prevent and mitigate material and human
losses caused by floods is the early warning system (EWS) [9], which is capable of issuing
an alert in case hazardous streamflow is expected. One of the key components of the
EWS is a streamflow prediction model. In that regard, two main approaches have been
the employment of physically based models [10,11] and machine learning (ML) models,
which in recent decades have become popular among hydrologists [12]. Both models have
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advantages and drawbacks. Physically based models are based on both semi-empirical
and physical equations (e.g., Shallow Water Equations) that attempt to describe the rainfall-
runoff process [13]. Therefore, they are useful tools to gain insight into the phenomenon
even for possible future scenarios, although the modeler needs considerable experience
because of the challenging task of calibrating the required parameters [12,14]. In addition,
these models are computationally costly [15], which makes their use difficult in short-term
streamflow prediction. On the other hand, ML models have shown remarkable potential
with acceptable accuracy [16–18]. Kratzert et al. [19] applied a long short-term memory
(LSTM) model to be employed in several catchments. This model reached higher accuracy
than the conceptual Sacramento Soil Moisture Accounting Model (SAC-SMA) calibrated for
specific catchments. Kim et al. [20] found that the ML models could exceed the accuracy of
conceptual and physically based models considering high flows. Gauch et al. [21] showed
that a gradient-boosted regression tree (GBRT) model could outperform the physically
based model VIC-GRU (Variable Infiltration Capacity based on Group Response Units).
However, ML models do not rely on physical knowledge, but only on data; thus, it is diffi-
cult to obtain further details of the system from these models [22]. Moreover, extrapolation
scenarios are generally an issue for ML algorithms [23,24].

Jehanzaib et al. [17] suggested that both physically based and ML models may be
used together to strengthen the existing advantages of both methods. In this sense, several
approaches have been developed [25]. One possibility is to compute intermediate variables
using physical principles and add them to the ML model [26]. Bhasme et al. [22] built an
ML streamflow prediction model fed with the outputs of a physically informed model that
estimated the evapotranspiration in a previous step. A similar approach was followed by
Khandelwal et al. [27], where the intermediate variables computed were the soil water and
snowpack. However, for flash flood purposes, these variables would represent a very small
quantity. In a different approach, a physically based model is used to constrain the results
of the ML model. Hoedt et al. [28] developed a constraint based on mass conservation
added to the ML model to compute the fluxes of the system. Xie et al. [29] incorporated a
physical constraint in the loss function of an LSTM model to approximate reality and also
implemented synthetic rainfall data to capture periods of heavy rainfall as well as rainless
situations. Nevertheless, introducing a constraint in the loss function is a challenging
task, taking into account the possible increase of streamflow values under global warming
conditions [30].

ML models have also been used to correct the results of physically based models. This
method is based on first obtaining the results of a physically based model, then computing
the residual with the observations and creating an ML model for the residuals with the
same input variables used in the physically based model and finally, adding both the
physically based and the ML model to obtain the final result [31–33]. One of the most
popular approaches is to employ the results of the physically based model as inputs for
the ML model [34,35]. Young et al. [36] used HEC-HMS outputs as inputs for an ML
hourly model, which resulted in an improvement in the performance of the ML model. Liu
et al. [37] incorporated weather forecasts and the result of a distributed hydrological model
into the inputs to improve an LSTM streamflow model. On a monthly scale, Mohammadi
et al. [38] used the outputs of two physical models to enhance ML models. Nonetheless,
having to execute a physically based model as a requirement to run an ML model might
demand a considerable time and not be suitable for short-term streamflow prediction.
Therefore, incorporating a combination of observed and synthetic data from a model
physically based in the training stage of the ML model to enlarge the available data has
been another approach [39].

Traditionally, streamflow prediction models have been evaluated considering all the
data to be equally relevant [34,40,41]. However, taking into account the analysis of high
streamflow for EWS, not every target has the same importance [42]. In other words, the
baseflow has no relevance, but it represents the majority of the available data, while the
minority of the values (high streamflow) is the most relevant for the analysis. Therefore,
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the domain of the data is imbalanced and the model must be evaluated on the capabilities
of accurately capturing the relevant values [43].

Considering the exposed approaches and the usual evaluation metrics of the models,
few works in the recent literature have used both physically based and ML models together,
especially aimed at enhancing the accuracy of high streamflow predictions [26,29] and only
a minor part of the studies has considered the imbalanced domain of the streamflow records
(from the flood analysis perspective) and different ranges to evaluate the predictions of
the models [39,44,45]. To tackle this gap, this study proposes a methodology to combine
physically based and ML models that is fully focused on improving the performance for
streamflow prediction on high values. In order to reach that goal, the aim of the present
work is to combine measured and synthetic data generated by a physically based model to
enhance the capabilities of an ML model on the prediction of high discharge. Furthermore,
the ML model produced with the combination of data is contrasted with an ML model
purely trained with observed data where precision, under- or overestimation, and utility
are evaluated on the most relevant values. In this sense, the imbalanced domain of the data
is also taken into account. The Regression-Enhanced Random Forest (RERF) algorithm [24]
was used in this study, an algorithm focused on improving the extrapolation capacity of
the Random Forest (RF) model. This approach may help deliver more accurate information
about risk cases to emergency services, which is crucial in EWS [9].

2. Materials and Methods
2.1. Methodology

This study is focused on short-term streamflow prediction (three hours ahead) with a
primary interest in high discharges related to floods. Given the scarcity of high discharge
values and considering that streamflow records compose an imbalanced domain, this study
proposes to enrich the training data of the ML model by adding synthetic data that reach
higher streamflow values than the measured ones. The synthetic data are based on the
results of the physically based model Iber. The general methodology is summarized in
Figure 1 and follows these steps:
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Figure 1. Methodology scheme. The Regression-Enhanced Random Forest (RERF) model is used
to build both models, only with observed data (RERF1) and with the combination of observed and
synthetic data (RERF2).
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1. Rainfall and discharge data were collected from the meteorological and streamflow
stations, respectively, to set every input and output of the models. This data set
was further divided chronologically: 75% for training and 25% for testing (the most
recent data).

2. The numerical model based on Iber was calibrated, taking into account high events of
the training set.

3. Synthetic hyetographs with different periods of return were built using the Alternating
Block Method (ABM) and intensity-duration-frequency (IDF) equations. They are
employed in the calibrated Iber model to obtain synthetic hydrographs with higher
streamflow values than those registered in the measured training set.

4. Two RERF models were built using only the training data from the stations (RERF1)
and a combination of the training set and the synthetic cases (RERF2).

5. The testing set was evaluated considering both models, taking into account gen-
eral errors and metrics focused on the most important values in the context of an
imbalanced domain.

2.2. Study Area

The study area is the upper Fluvià river catchment, with the outlet point in Olot. The
catchment is located in the autonomous community of Catalonia, Spain (Figure 2). It has an
area of 133.68 km2, the mainstream length is approximately 22.60 km, the elevation ranging
from 1547 to 397 masl, and the mean slope of the catchment is 34%. The concentration
time computed by Témez [46] method is 3.9 h. The annual mean precipitation is 910 mm
and the temperature varies from almost 40 ◦C in summer to −8 ◦C in winter. Within the
catchment, there is only one meteorological station called la Vall d’en Bas operated by
the Meteorological Service of Catalonia (Meteocat) and the streamflow gauge is located
in the small town of Olot, in the outlet of the catchment, operated by the Catalan Water
Agency (ACA).
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According to the CORINE service [48], the catchment mainly comprises broad-leaved
forest and arable lands with urban areas at the bottom. Based on information from the Car-
tographic and Geological Institute of Catalonia (ICGC) [47], udorthent lithic and hapludoll
lithic are the principal soil formations in the region. Consequently, in the first layer, the
presence of coarse and medium sand is predominant.

One of the main risks of the region is flash floods [49], which are the product of
heavy rainfall in a short period of time. These rainfalls are mostly related to low-pressure
nuclei reaching the Mediterranean after passing through Catalonia, advection processes
from the east, and orographic influence [50]. According to Llasat [51], 82% of floods in
Catalonia between 1982 and 2007 were flash floods, and the number of flood events has
been increasing over recent years. In addition, the Olot municipality is cataloged as a
high flood-risk area [52] by the Catalan administration. The last time that the river Fluvià
overflowed on Olot city was in 2020 during the “Gloria” storm, where the total precipitation
registered at la Vall d’en Bas station in four days reached 281.8 mm, representing roughly
30% of the total annual precipitation.

2.3. Data

Hourly rainfall from la Vall d’en Bas station and a 12-year discharge series from the
Olot streamflow gauge, from 2010 to 2021, are used to set the inputs and outputs of the ML
models. First, the time of prediction is selected based on the case of a possible application
of an early warning system (EWS) for our model. Therefore, we took into consideration an
acceptable time to warn the local population of a possible flood. In that sense, Rogers and
Sorensen [53] and Aboelata et al. [54] mentioned that given an emergency, almost the entire
population affected could be warned in approximately three hours. Hofflinger et al. [55]
showed that for their flood event, around 80% of the people may be warned after 100 min.
Consequently, three hours ahead was chosen as the prediction horizon.

Second, the input variables for the ML model are set based on the research done about
the topic [41,56–59]. Hence, we considered past hourly precipitation (Pt−h; h ∈ [3, 7]), past
accumulated precipitation of T hours (AccuTt−k; k ∈ [3, 4]; T ∈ {3, 6, 24, 48}), and past
discharge in the streamflow gauge (Qt−h; h ∈ [3, 7]). In all these variables, t represents the
time of prediction, h and k refers to a time value in hours (e.g., Qt−3 means the discharge
three hours before the time of prediction). Additionally, we also incorporated a discharge
gradient between the discharges closest to the target ( Gradient = (Q t−3 −Qt−4

)
/1(h)),

as an attempt to represent future trends for the streamflow. In summary, our ML models
follow Equation (1) to compute streamflow at time t:

Qt = f (Pt−7, Pt−6, Pt−5, Pt−4, Pt−3, Accu48t−4, Accu24t−4, Accu6t−4, Accu3t−4,
Accu48t−3, Accu24t−3, Accu6t−3, Accu3t−3, Qt−7, Qt−6, Qt−5, Qt−4, Qt−3, Gradient)

(1)

A wide group of variables with different lag times was selected based on the possibility
of the RERF algorithm to give more importance to some variables and constrain others
internally. The RERF is an algorithm comprises two stages. In the first, the least absolute
shrinkage and selection operator (Lasso) can reduce the influence of some variables and
prioritize others in the regression [60]. In the second, the Random Forest (RF) algorithm pre-
dicts the residuals of Lasso and is based on decision tree structures where the corresponding
partitions are created according to the variable that produces the most homogenous re-
sults [61]. Both stages contribute to selecting the variables with a higher influence on the
model. A detailed explanation of the RERF algorithm is given in Section 2.6.

Finally, our models were trained using 75% (15 July 2010–8 August 2019) of the entire
data, while 25% (8 August 2019–31 December 2021) were left for testing. The “Gloria” storm
in 2020 was deliberately left in the testing set to evaluate the performance of the model on
high streamflow values or even extrapolating, considering that this event generates the
highest discharge in the data set. The missing values in our data set represent roughly 3%
of the data; they being such small quantity, a filling process was not executed.
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Figure 3a depicts the time series of both hourly precipitation and discharge. The
highest values reach nearly 40 (mm) and 131 (m3/s) (Gloria storm), respectively. Very
few discharge values are larger than 100 (m3/s), and, as said, the highest value was left
in the testing set. Both streamflow and precipitation belong to an imbalance data set,
with the highest values (the most relevant) being the great minority. For example, 1.2%
of the streamflow data are larger or equal to 5.5 (m3/s), which represents the streamflow
with one year of period of return and the median reaches 0.24 (m3/s), but the maximum
is 131.36 (m3/s). This scenario is portrayed in Figure 3b,c through the density plots for
precipitation and streamflow, respectively. Boxplots were built using the Medcouple
function for skewed distributions [43].
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2.4. Iber Model

This work employs the hydrological processes module of Iber (version 3.1) [62,63],
a coupled hydrological-hydraulic distributed model that solves the rainfall-runoff pro-
cess using the two-dimensional Shallow Water Equations based on the finite volume
method [64,65]. Iber was developed in collaboration between the Mathematical Engi-
neering Group (Universidade de Santiago de Compostela), the Water and Environmental
Engineering Group (Universidade da Coruña), the Flumen Institute (Universitat Politècnica
de Catalunya, and the International Centre for Numerical Methods in Engineering), and the
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Spanish National Public Works Research Centre (CEDEX), Spain [64]. The model employs
a mesh (structured or unstructured) in two dimensions to discretize the catchment. This
module takes into account precipitation (P) and losses (f ) as new components of the mass
conservation Equation (2) [62]:

δh
δt

+
δqx

δx
+

δqy

δy
= P− f (2)

where h is the water depth, qx and qy are the components of the unit discharge in x and y
directions, respectively. To estimate the losses, several infiltration methods are included in
the module. In this study, the SCS (Soil conservation Service) method was applied [66].

Consequently, the parameter considered in the calibration process was the curve
number (CN). CN was computed as a weighted value regarding a simplified land use
map based on CORINE data [48] and six land uses were adopted (Figure 4). The soil
group selected was B, according to what was explained in Section 2.2. Considering this
configuration, CN varies from 39 to 78 for dry to wet conditions, respectively. In the
calibration process, CN = 45 was selected. Manning’s numbers for the different land use
were left as default values given by the Iber model, which are taken from [67]. The wet-dry
limit was set in 0.0001 (m) and the numerical scheme used was the decoupled hydrological
discretization (DHD) [63].
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2.5. Synthetic Cases

Synthetic hyetographs were built using the Alternating Block Method (ABM), which
is a widely known method for designing precipitation hyetographs [66]. It consists of
obtaining the intensities based on the IDF equation for different durations (d) 1d, 2d, 3d, . . .
considering the total duration D = n·d, being n the number of time steps. Once the intensities
(i) have been computed, the precipitation depth (P) is determined by P = i·d. The
difference between two consecutive precipitations corresponds to the precipitation depth
of that time interval or block. The final synthetic hyetograph is obtained by ordering the
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blocks where the highest precipitation is located in the middle of the hyetograph and
descending one block to the right and another to the left alternatively.

The IDF equation used for the ABM method was that of the la Vall d’en Bas station,
determined following the methodology exposed in Aparicio Mijares [68] using 12 years of
information. The equation is given by (3):

i =
268.92T0.3040

d0.6053 (3)

where i is the intensity (mm/h), T is the return period (years), and d is the duration (min);
34 h for the total duration of the rainfall was adopted based on the duration of the highest
event of the training set (Q = 121 (m3/s)), considering the number of hours of registered
precipitation (P > 0.1 (mm)) in the day of that event and the day before [69]. As period of
return, 15, 20 and 25 years were selected for the IDF equation to obtain higher discharges
than the ones in the training set.

2.6. Regression-Enhanced Random Forest (RERF)

Random Forest (RF) proposed by Breiman [70] is a widely used ML algorithm that
has been applied in several streamflow prediction models [57,71]. However, one of the
main limitations of this algorithm is its lack of suitable predictions when the outputs are
beyond the values used in the training set [72]. To overcome this limitation, Zhang et al. [24]
proposed RERF, which combines Lasso regression with RF.

The least absolute shrinkage and selection operator (Lasso) technique proposed by Tib-
shirani [60] is a parametric regression that minimizes the expression given by (4) applying
a penalization function `1, which is equal to the absolute value of the coefficients β j:

argminβ

 n

∑
i=1

(
yi −

p

∑
j=1

β jxij

)2

+ λ
p

∑
j=1

∣∣β j
∣∣ (4)

where xij are the inputs of the regression, yi are the outputs, p is the number of features, and
λ is a penalization parameter that must be tuned according to a cross-validation procedure.
This method tends to shrink or reduce the coefficients (β j) to 0 even some of the coefficients
may be 0. Therefore, it is also used in variable selection procedures because it discards
some of the variables that do not add information to the model.

In contrast to Lasso, RF is a nonparametric method based on an ensemble of decision
trees. The method starts with an allocation function that combines a random selection of the
inputs and a technique called bagging, which creates different data sets based on bootstrap
sampling [73]. This technique repeats some examples and takes out others (out-of-bag
data). Decision trees are applied to the different data sets and in the case of regression
models, the prediction is made by the average of the predictions of the trees in the model.
RF is a robust method that tends to avoid overfitting [74]. The required steps to develop an
RERF method are:

1. The k-fold cross-validation method with 10-folds is applied using Lasso regression
and the training set following Equation (1) to obtain a suitable penalization parameter
(λ). After that, the Lasso model is trained considering the determined λ and the entire
training set to establish the coefficients of Equation (5):

Y = X·βλ (5)

where Y is the set of outputs (observed streamflow at time t), X is the set of inputs, and
βλ are the Lasso coefficients. This study uses the R package glmnet (version 4.1-7) [75]
to train the Lasso model.
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2. An RF model is built using the same inputs given in (1) and the error from the Lasso
regression (ελ) as the output according to (6):

ελ = Y− X·βλ = Tntree,mtry(X) (6)

The RF model uses the default parameters for the number of trees (ntree) and the
number of features (mtry) from the randomForest package of R language [76] and it is
denoted by Tntree,mtry (X).

3. Finally, the RERF model is given by the sum of the Lasso and the RF model (7). In this
sense, according to Zhang et al. [24], it is possible to find linear relations between the
inputs and the output, making an approximated extrapolation possible.

Y = X·βλ + Tntree,mtry(X) (7)

2.7. General and Focused Errors

Regression models are usually evaluated employing general metrics such as mean
absolute error (MAE), root mean squared error (RMSE), mean absolute percentage error
(MAPE) and coefficient of determination (R2), among others [39,77,78]. These metrics
consider the whole data set to be equally relevant when they are applied to the whole
dataset. This is not our case, as the most valuable predictions correspond to high streamflow
values related to flood events. However, the overwhelming majority of our data set is
composed of low or base streamflow. Therefore, this study proposes the use of error metrics
focused on estimating the performance of the model under imbalance domain conditions.
The ultimate goal is to have a suitable measure of prediction capabilities regarding the
most relevant values in practice. To compare the general (applied to the whole data set)
and focused errors, both are computed. The general errors considered in this study are
MAE, RMSE, MAPE and R2, they are given by:

MAE =
1
n

n

∑
i=1

∣∣yi − ŷi
∣∣ (8)

RMSE =

√√√√√ n
∑

i=1
(yi − ŷi)

2

n
(9)

MAPE =
100
n

n

∑
i=1

∣∣yi − ŷi
∣∣

yi
(10)

R2 =


n
∑

i=1

(
yi −

−
y
)(

ŷi −
−
ŷ
)

√[
n
∑

i=1

(
yi −

−
y
)2][ n

∑
i=1

(
ŷi −

−
ŷ
)

2
]


2

(11)

where n is the total number of data, ŷi and yi are the predicted and observed streamflow,
respectively,

−
ŷ and

−
y are the mean values of predicted and observed streamflow, respec-

tively. MAE, RMSE and MAPE are precision metrics of the model and they vary from 0
to ∞, where values close to 0 indicate high precision of the predictions. R2 is a dispersion
measurement, which varies from 0 to 1, indicating the lowest and the highest correlation
between observed and predicted values, respectively [79]. The focused errors of this study
are divided into scalar, graphical-based errors [80] and errors by event. In Figure 5, a
summary of these and their structure is shown, while the different errors are described in
subsequent sections.



Water 2023, 15, 2020 10 of 25Water 2023, 15, x FOR PEER REVIEW  10  of  25 
 

 

 

Figure 5. Structure of the focused errors used in this study. 

As mentioned in Section 2.3, a small proportion of the data are high streamflow val-

ues, but they are the most relevant for our purposes considering that these models are 

intended to be used on EWS. In that sense, this study evaluates the performance of the 

model focused on this group of data to obtain a more accurate picture of the model capa-

bilities under these conditions and to avoid the influence of the great quantity of small 

streamflow values in the error metrics. To define the relevant groups, the bankfull flow is 

adopted. This value has been related to streamflow with return period from one to two 

years [81,82]. Therefore, in this study, 𝑄 , 𝑄 . , and 𝑄   are employed to establish 

the relevant groups (𝑄 𝑄 ), the last one with a special approach to the highest stream-

flow values. 

In order to find the streamflow values for a certain return period, we took into con-

sideration 24 yearly maximum streamflow values that were at our disposal (from 1996 to 

2008 and from 2011 to 2021). Years with most of the data complete were considered. These 

data were adjusted to a generalized extreme value distribution type I (GEV I) (Figure 6), 

which has been widely employed for frequency analysis in the field of hydrology [66,83]. 

However, to test whether the distribution generates an acceptable adjustment, the Kolmo-

gorov-Smirnov test was applied. It resulted in an acceptable adjustment for a 0.05 signifi-

cance  level (𝐷 0.118, 𝑑 . , 0.266, 𝐷  𝑑 . , ). Based on the theoretical dis-

tribution, 𝑄 5.5 m /s , 𝑄 . 41.5 m /s , and 𝑄 75 m /s . 

 

Figure 6. GEV I distribution of peak streamflow. 

2.7.1. Scalar Errors 

The first purpose of performance  evaluation  is  to measure precision.  In our  case, 

𝑅𝑀𝑆𝐸  is used for the different relevant groups  𝑅𝑀𝑆𝐸 . Another aspect that must be 

Figure 5. Structure of the focused errors used in this study.

As mentioned in Section 2.3, a small proportion of the data are high streamflow values,
but they are the most relevant for our purposes considering that these models are intended
to be used on EWS. In that sense, this study evaluates the performance of the model focused
on this group of data to obtain a more accurate picture of the model capabilities under
these conditions and to avoid the influence of the great quantity of small streamflow values
in the error metrics. To define the relevant groups, the bankfull flow is adopted. This
value has been related to streamflow with return period from one to two years [81,82].
Therefore, in this study, QT=1, QT=1.5, and QT=3 are employed to establish the relevant
groups (Q ≥ QT), the last one with a special approach to the highest streamflow values.

In order to find the streamflow values for a certain return period, we took into consid-
eration 24 yearly maximum streamflow values that were at our disposal (from 1996 to 2008
and from 2011 to 2021). Years with most of the data complete were considered. These data
were adjusted to a generalized extreme value distribution type I (GEV I) (Figure 6), which
has been widely employed for frequency analysis in the field of hydrology [66,83]. How-
ever, to test whether the distribution generates an acceptable adjustment, the Kolmogorov-
Smirnov test was applied. It resulted in an acceptable adjustment for a 0.05 significance
level (Dmax = 0.118, d0.05,24 = 0.266, Dmax < d0.05,24). Based on the theoretical distribution,
QT=1 = 5.5

(
m3/s

)
, QT=1.5 = 41.5

(
m3/s

)
, and QT=3 = 75

(
m3/s

)
.
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2.7.1. Scalar Errors

The first purpose of performance evaluation is to measure precision. In our case,
RMSE is used for the different relevant groups RMSEQ≥QT . Another aspect that must
be taken into account is overestimation and underestimation. In the context of flooding
prediction, overestimation can lead to a false alarm, which is related to some costs, such as
the interruption of highways and streets or several activities in the involved area. However,
underestimation may lead to great material and human losses that, in the last case, are
unmeasurable moneywise [82]. Consequently, a model with less underestimation is more
suitable for our purposes. To estimate that, the percentage bias corresponding to the
relevant groups (PBIASQ≥QT ), Equation (12) was employed:

PBIASQ≥QT =

∑n
i=1

(
ŷi,Q≥QT

− yi,Q≥QT

)
∑n

i=1 yi,Q≥QT

× 100 (12)

where yi,Q≥QT and ŷi,Q≥QT
are the observed and predicted streamflow inside relevant

groups, respectively. If PBIAS is larger than 0, the model overestimates, while smaller
values denote underestimation [84].

If an inaccurate prediction is made, but this prediction leads to the right action (e.g.,
issue an alarm), it has a value, i.e., a benefit. On the other hand, if the prediction leads to the
wrong action (false alarm or missing alarm), the prediction is costly. Based on this idea, the
utility of a prediction can be estimated. Our analysis is based on the work of Ribeiro [85] to
evaluate the benefits, costs and, ultimately, the utility. In Equation (13), we must consider
that the costs are always negative, according to the aforementioned work:

U = B + C (13)

where U is the utility, B are the benefits, and C are the costs. In order to define the utility of a
prediction, a relevant function is established to identify the importance of every prediction.
Consequently, in Figure 7, this function is defined taking into account as control points the
streamflow values for T = 1 and T = 1.5 (5.5

(
m3/s

)
and 41.5

(
m3/s

)
, respectively).
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The relevance function (φ(y)) [0, 1] was built using the Piecewise Cubic Hermite
Interpolating Polynomials function (pchip), as it was suggested by Ribeiro [85], using the
library pracma of R programming language [86]. The subgroups (also called bumps) B0 and
B1 represent two different actions, not to issue an alarm and issue it, respectively. Values
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below 5.5 (m3/s) (B0) do not have relevance because they are so small that there is no need
to issue an alarm by flooding. From 5.5 (m3/s) onwards (B1), the relevance starts to grow
until it reaches the maximum value at 41.5 (m3/s), and from there, the relevance is the
highest for every value. If the observed and predicted values do not have relevance, there
is no utility.

The predicted value must fulfill two conditions to carry some benefit: (1) it must allow
us to take the right action (if the prediction corresponds to another bump, there is no benefit
because it leads to the wrong action), and (2) it must have an acceptable precision. The
benefit of the prediction (Bφ(ŷ,y)) is given by (14):

Bφ(ŷ,y) = φ(y)(1− ΓB(ŷ, y)) (14)

The maximum possible benefit (MPB) corresponds to the relevance value of the
observed streamflow, φ(y). Hence, if the observed value is smaller than 5.5 (m3/s), there
is no benefit. ΓB(ŷ, y) ∈ [0, 1] is a function that computes the fraction of MPB that can
be obtained as a result of the prediction. In Appendix A, the equations leading to the
computation of ΓB(ŷ, y) are developed in detail according to Ribeiro [85].

Analogously, the cost of a predicted value (Cp
φ(ŷ, y)) depends on (1) whether it leads

to the wrong action and (2) the inaccuracy of the prediction. Contrary to the benefits, where
only the relevance of the observed value is considered, in this case, the relevance of the
predicted value is also taken into account because taking the wrong action comes with a
cost (although it does not involve a benefit). Therefore, a joint relevance function (φp(ŷ, y))
that weights both observed and predicted relevance is adopted (15). The relevance function
of the predicted values (φ(ŷ )) is also described as in Figure 7. Finally, Cp

φ(ŷ, y) is described
by (16):

φp(ŷ, y) = (1− p)φ(ŷ) + pφ(y) (15)

Cp
φ(ŷ, y) = −φp(ŷ, y)ΓC(ŷ, y) (16)

where p is parameter [0, 1], which weights the relevance of the observed and predicted
values. We adopted p = 0.6, which gives higher importance to the observed relevance value.
ΓC(ŷ, y) ∈ [0, 1] plays the same role as ΓB(ŷ, y), being the fraction of the joint relevance
function taken as a cost. The calculation of ΓC(ŷ, y) is explained in Appendix B. Once the
benefit and cost of every prediction have been computed, Equation (13) is applied to obtain
the utility. The total utility (TU) for the model is given by Equation (17):

TU =
n

∑
i=1

ui(ŷi, yi) (17)

where ui(ŷi, yi) is the utility as a result of the prediction of individual predictions [−1, 1].
If either the predicted (ŷ) or the observed value (y) belong to B1, there is a utility different
than 0 related to these values.

The maximum utility is achieved when there are no costs (Cp
φ(ŷ, y) = 0) and the

maximum benefit has been obtained. In this situation, the maximum benefit is given by
the value of the relevance function for the observed value (φ(y)). Hence, to estimate the
fraction of the maximum utility that the model has reached, the relative utility (RU) is also
added to the analysis and is given by (18):

RU =
∑n

i=1 ui(ŷi, yi)

∑n
i=1 φ(yi)

(18)

To evaluate if the model reaches the maximum possible utility for a given observa-
tion and prediction, Branco [80] developed an adaptation of recall (19) and precision (20)
for regression models as a function of utility. Therefore, from this analysis, recall is the
proportion of the maximum utility achieved due to positive observations. Precision refers
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to the fraction of utility achieved due to positive predictions. To label observations and
predictions as positive (belonging to a class or interval), Branco [80] uses a threshold of
the relevance function, tR (e.g., φ(y) > tR or φ(ŷ) > tR). In our analysis, the maximum
relevance (tR = 1) was adopted; this value corresponds to Q > 41.5

(
m3/s

)
. Consequently,

recall and precision are given by:

recall =
∑yi>41.5(1 + ui(ŷi, yi))

∑yi>41.5(1 + φ(yi))
(19)

precision =
∑ŷi>41.5(1 + ui(ŷi, yi))

∑ŷi>41.5(1 + φ(ŷi))
(20)

2.7.2. Graphical-Based Errors

Graphical-based errors (GBE) are designed to give a meticulous image of certain
aspects of the model performance. This study employs the utility surface for regression
models [85], which is based on the interpolation of the individual utility values of every
prediction. The inverse distance weighted (IDW) method is applied for utility interpolation.
The IDW power of four was adopted to stress the influence of the nearest point [87] and to
make the different utility values more distinguishable. The coordinates of the surface are
the observed and predicted values. The GBE makes it simple to identify where the utility
reaches the highest values or the cost generates negative values highlighting the model
performance regarding the relevant data.

2.7.3. Errors by Event

In the context of an imbalanced domain, it is possible that several inaccurate pre-
dictions in relevant groups come from a single event. Therefore, in order to assess this
situation and the model performance under time variation, the evaluation by event has
been incorporated. One of the most widely used performance measures for hydrological
models is Nash-Sutcliffe Efficiency (NSE) [88] given by (21), although some authors have
discussed its suitability because it is overinfluenced by high values due to the squared
terms [79]. To avoid this misjudgement, volume efficiency (VE) [89] was added to the
analysis and it is given by (22):

NSE = 1− ∑n
i=1 (ŷi − yi)

2

∑n
i=1 (ӯ− yi)

2 (21)

VE = 1− ∑n
i=1
∣∣ŷi − yi

∣∣
∑n

i=1 yi
(22)

This metric measures the proportion of the observed volume of water that is delivered
as a result of the prediction in a specific timeframe, varying from 1 for maximum similarity
to 0 for a poor model.

3. Results and Discussion
3.1. Synthetic Cases

Three events of the training set were used to calibrate the Iber model for the catchment
(Figure 8). They were selected because they are among the highest events in the training set.
Figure 8a shows the highest events in the training set and the Iber model results. The peak
discharge is 121 (m3/s) and the timeframe considered was from 14 March 2011 to 16 March
2011. Figure 8b,c shows two of the highest events of the training set with peak discharges
of 74.3 and 67.7 (m3/s), respectively. The timeframes considered for these events are from
4 March 2013 to 7 March 2013 and from 27 November 2014 to 2 December 2014, respectively.
NSE reached was either good or satisfactory according to the bibliography [90,91], with
values of 0.64 (Figure 8a), 0.67, and 0.37 (Figure 8b,c) for the three events, respectively.
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Once the model was calibrated, synthetic hydrographs were generated employing the
synthetic hyetographs obtained with the ABM method (Section 2.5). Figure 9 depicts the
synthetic hyetographs and the respective hydrographs as a result of their application to the
calibrated Iber model. The hydrographs reached 141.19, 190.33, and 233.29 (m3/s). All of
them are higher than the maximum streamflow registered in the training set (121 (m3/s))
whereby they are aimed at improving the prediction performance over high discharge
values of the ML model. The synthetic data generated in this way are added to the training
set according to the respective inputs for the model.
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3.2. General Errors

The model built with only observed data from the stations is called RERF1, and the
model trained with the combination of observed and synthetic data is called RERF2. The
following results are a consequence of the application of these models to the testing set.
As previously mentioned, the Gloria storm in 2020 represents the highest event registered
in the data set and it has been left as part of the testing set to evaluate the ML model
capabilities in the most relevant data.
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Figure 10 shows the scatter plot of both models, with an ideal tendency in blue. The
highlighted points belong to the Gloria storm. All values higher than 60 (m3/s) belong to
this storm. There are simple identified differences between the two plots, showing how
several points are closer to the ideal line for RERF2, especially on high values. Apparently,
this model has better performance. Nonetheless, this is not clearly depicted in the general
error metrics (Table 1).
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Table 1. General errors of the testing set for RERF1 and RERF2 models.

MAE (m3/s) RMSE (m3/s) MAPE (%) R2

RERF1 0.14 1.17 11.10 0.94
RERF2 0.13 1.01 11.05 0.94

The predictions of both models acceptably capture the dispersion of the observations,
which are depicted in R2 values close to 1, although this metric does not reflect the apparent
improvement of RERF2 concerning high values. The differences between models regarding
MAE and MAPE are minimal, while RMSE is 14% lower for RERF2. This shows that the
greatest differences are obtained for higher flows (RMSE penalizes large errors more than
MAE). However, these values do not give an accurate indication of the performance of the
model under high streamflow. The overwhelming majority of the data correspond to low
values and, therefore, is not relevant in the context of this work.

3.3. Focused Errors

When we evaluate the models focusing on relevant ranges ( QQ≥QT=1 , QQ≥QT=1.5 and
QQ≥QT=3

)
, the difference in performance between models becomes apparent. The scalar

errors are depicted in Table 2, where RERF2 model outperformed the RERF1 model in every
metric. The precision measured by RMSE has increased, reaching the highest improvement
at Q ≥ QT=3, where the most relevant streamflow values are located. Both models tend to
underestimate high values. However, such a tendency is considerably reduced in RERF2,
representing an improvement of up to 38.71%.
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Table 2. Scalar errors for the testing set.

RMSEQ≥QT=1 RMSEQ≥QT=1.5 RMSEQ≥QT=3 PBIASQ≥QT=1 PBIASQ≥QT=1.5 PBIASQ≥QT=3
Total

Utility
Relative
Utility Recall Precision

(m3/s) (m3/s) (m3/s) (%) (%) (%)

RERF1 9.22 21.19 25.97 −15.2 −25.9 −24.8 105.25 0.53 0.69 0.73
RERF2 7.86 16.60 19.96 −11.8 −16.7 −15.2 116.37 0.58 0.77 0.80

Percentage
Change −14.78% −21.63% −23.15% −22.37% −35.52% −38.71% 10.56% 10.56% 11.39% 10.09%

RERF2 also shows better performance considering the combination of the right action
prediction and precision. This is portrayed in the difference in TU between the models,
with an increase of 10.56% for RERF2. Both models reach more than half of the maximum
possible utility, represented in relative utility terms (0.53 and 0.58, respectively). The total
utility obtained from the predictions and observations higher than QT=1.5 also increased
for RERF2 by more than 10%, as reflected in precision and recall metrics. In other words,
RERF2 obtains a mean of 0.80 of the maximum utility for prediction over QT=1.5 and 0.77
for observations with the same criterion.

Utility increases in the high ranges when we compare RERF1 and RERF2 under the
utility surface analysis (Figures 11 and 12), even reaching peaks of utility close to 1 in
RERF2 for values over 70 (m3/s). This is not the case for RERF1, where the maximum
utility is close to 0.7 for these ranges. For values over 100 (m3/s), the improvement is less
accentuated. Nonetheless, it exists and is reflected in the presence of negative utility in
RERF1 (cost higher than benefits) for the prediction of the highest observed streamflow,
which does not happen in RERF2.
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To evaluate the performance of the models under specific events, three storms were
selected. They produced the highest streamflow in the testing set and composed the
majority of points inside the relevant groups. The first of these events corresponds to the
Gloria storm and is depicted in Figure 13.
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RERF1 and RERF2 show acceptable performance for the Gloria storm, as can also be
verified in Table 3, showing NSE and VE coefficients higher than 0.75 for both models.
Nonetheless, there is an improvement of more than 6% in both metrics of RERF2 with
respect to RERF1. This improvement takes place in the peaks of the hydrograph of the
Gloria storm and its falling limbs (Figure 13), which is specially appreciated close to 22
January 2020 12:00, where the residuals of RERF2 with respect to the observed values are
considerably smaller than the ones produced for RERF1. After that, there is a period where
RERF1 and RERF2 overlap each other (around 23 January 2020 0:00) to finally reach the
last peak of the storm (close to 23 January 2020 12:00), where there is also a considerable
difference between models again. The Iber model results were added to Figure 13 because
they reach higher values than the ML models in the periods where RERF2 obtains more
accurate results than RERF1. This suggests that RERF2 was able to improve its performance
in high ranges due to the synthetic Iber cases (higher than the observed) added to the
training set.

Table 3. NSE and VE by event for RERF1 and RERF2.

NSE VE

Gloria Storm 2nd Event 3rd Event Gloria Storm 2nd Event 3rd Event

RERF1 0.86 0.77 0.85 0.77 0.81 0.82
RERF2 0.91 0.81 0.84 0.82 0.83 0.81

Percentage
Change 6.13% 5.84% −1.18% 6.44% 1.95% −1.06%

The hydrographs of RERF1 and RERF2 for the Gloria storm present a brief period
of noise at the highest discharges of the event (Figure 13). They match the precipitation
variation in the hyetograph (short periods of time where the precipitation increases and
decreases, generating small peaks). In the highest ranges, the ML models were not able
to fully capture the tendency of the observed hydrograph. This situation might be due
to the lack of data at these ranges and to the different shapes of the synthetic hyetograph
and the real ones (we used a smooth distribution of the precipitation), from where RERF2
could gain information. It must also be taken into account that in the synthetic models,
the precipitation is assumed to be homogeneous over the entire catchment area. This is an
approximation of reality and may introduce a relevant error in some cases. In particular,
the irregular evolution of hourly precipitation in the early hours of 22 January 2020 may
not represent the actual average value for the area. Additional precipitation information in
other places of the catchment might improve the model, avoiding this kind of tendency
disruption. Nonetheless, it should be mentioned that the Iber model is not affected by this
issue (streamflow results are smoother). In the second and third events selected from the
testing set (Figure 14a,b), the models also exhibit suitable performance. Although there are
small differences between metrics, the models perform almost equally. Synthetic data do
not have a considerable impact on small events (<60 (m3/s)).

3.4. Overall Discussion

The proposed methodology is based on the notion of relevant values and the imbal-
anced domain of streamflow records. Therefore, the addition of synthetic information is
made in the most relevant group (high values for EWS applications). In this sense, the
combination of synthetic and observed data to train an RERF model is able to enhance the
prediction accuracy of high streamflow values with respect to an RERF model solely trained
with observed data. Considerable improvements can be appreciated, especially in stream-
flow values larger than three years of return period. However, the results indicate that the
methodology might be further improved with the addition of synthetic hyetographs with
a time distribution similar to the observed ones. This might help improve the predicted
shape of the hydrographs.
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Similar results of evaluation metrics have been shown in the related literature regard-
ing general errors. Cho and Kim [31] achieved correlation coefficients (R) of 0.98 and NSE
of 0.95 for their daily model, which combined a physically based and an LSTM model.
Konapala et al. [32] also showed NSE values larger than 0.75 for a considerable number
of catchments in their study, where the models that combine physically based and ML
models achieved more accurate results than model purely physically based models. Xie
et al. [29] depicted mean NSE values of 0.61 for a large group of catchments and physically
constrained ML models. Snieder et al. [44] defined values higher than the 80th percentile as
high flow. The maximum NSE for the group with high values in this study is 0.72. An NSE
value of 0.94 was obtained by Lin et al. [41] for values higher than 400 (m3/s) (the highest
discharges in their study) with a prediction model one hour ahead. These results presented
in the literature are consistent with the R2 of the whole data set and the NSE values for
Gloria Storm and the other events of the testing set developed in the present study.

Yang et al. [39] compared ML and physically guided ML models and determined that
the incorporation of physically guided information helped to increase the NSE coefficient
by 23% of the ML model. Furthermore, the underestimation also reduced due to this
combination. This aspect corresponds with the results exposed in the present study, where
the NSE of RERF2 improves for Gloria storm with respect to RERF1 and the PBIAS for the
different ranges (Q ≥ QT=1, Q ≥ QT=1.5 and Q ≥ QT=3) is considerably reduced. Hourly
predictions for typhon events were generated by Young et al. [36], where their combined
model that uses HEC-HMS output as inputs of the ML model reached enhancements larger
than 20% in RMSE compared to purely ML models. This is consistent with the RMSE
improvement of RERF2 with respect to RERF1 for discharges higher than QT=1.5.

Utility analysis does not make a division by range to evaluate the predictions; in-
stead, it separates the whole data set of both predictions and observations according to
a relevance function. In this sense, it is able to suitably identify the benefits and costs of
all the predictions, highlighting the ones with the highest utility for our purposes. Either
numerically or graphically, the utility can express the improvement of a model due to more
accurate predictions of relevant values (high streamflow). To the best of our knowledge, the
utility measurements shown in this study have not been part of other evaluation analyses
of streamflow prediction models using combined physically based and ML models. In that
sense, it was not possible to compare the results of similar studies.
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4. Conclusions

Streamflow prediction models intended to be used in early warning systems for flood-
ing are focused on high discharges. However, the streamflow records are heterogenous,
and high discharges compose a small part of the data, although they are the most relevant.
Therefore, evaluating the performance of streamflow prediction models under general
metrics that take all the data into account is not a suitable approach because, being so scarce
the relevant values, the prediction capabilities of these values are neither identifiable nor
suitably measurable. Error metrics focused on relevant values are a more useful approach.
This study employs observed discharge over a certain period of return ( Q ≥ QT) to define
relevant groups.

The addition of synthetic streamflow data generated by a physical model (Iber) and
synthetic precipitation built with the ABM method to the observed training set contributes
to improving the performance of the ML model over relevant groups (high streamflow
values) compared to the ML model that is only trained with observed data. The peak
discharges of synthetic data are higher than the maximum observed events in the training
and the contribution of this information is reflected in the improvement of the performance
of the ML model on the highest streamflow values.

The precision of the model that combines synthetic and observed data in the training
set (RERF2) with respect to the one that only considers observed data (RERF1) has increased,
with lower RMSE values on relevant groups (especially in RMSEQ≥QT=3) for RERF2 than
for RERF1. The same can be seen on a higher NSE and VE for the largest event of the
testing set (Gloria storm) for RERF2 than for RERF1. RERF2 also shows a reduction in the
underestimation for relevant groups with respect to RERF1 (low PBIASQ≥QT values).

Further analysis was made based on the utility concept, which measures the capability
of the model to predict the right action to take (issue an alarm or not), combined with the
precision of the prediction. This analysis measures whether the prediction carries out a
benefit or a cost and characterizes predictions and observations using a relevance function.
In this sense, it is a more robust analysis than the one given by the metrics mentioned above
because the relevance of both observations and predictions are estimated instead of metrics
that only consider if the observed value belongs to a relevant group. Predictions of the
RERF2 model present higher utility than the ones from RERF1, this is especially achieved
in the highest streamflow values of the testing set and, therefore, the most relevant.

In general terms, the utility from predictions and the possible utility due to observa-
tions greater than QT=1.5 are larger for RERF2 than for RERF1, as portrayed in the increase
of precision and recall, respectively. Therefore, RERF2 is not only more accurate, but also can
predict the right action in a proper way.

The addition of synthetic data has almost no impact on small ranges (lower than QT=3).
Therefore, the accuracy under these ranges has not been compromised by the addition of
synthetic information. The results suggest that the incorporation of synthetic events created
with different hyetographs with similar shapes to the observed ones might contribute to
improving the capture of the shape of the hydrographs in the highest streamflow values.

Streamflow prediction models for EWS may be improved based on this methodology,
where accuracy over high values is crucial. Valuable and reliable information about possible
upcoming hazardous streamflow values might be given to emergency services to take the
respective measures. Future applications that increase the lead time can help increase the
effectiveness of the actions taken by these services.
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Appendix A

Following the methodology depicted by Ribeiro [85], the computation of the bounded
loss function ΓB(ŷ, y) is given by the following steps:

The limits of the bumps are defined, b∗
γ(y) and b−

γ(y). Figure A1 shows where these

limits are located. In our case, b−0 , b∗0 → 0 , b−1 = 5.5, b∗1 = 41.5 and b−2 → ∞ . Depending
on the value of the observed data, y, γ(y) takes values of 0, 1 or 2.
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The benefit threshold (
.

LB) is computed according to (A1), where b∆
γ(y) is the maximum

admissible loss (A2).
..

LB is given by (A3).

.
LB(ŷ, y) = min

{
b∆

γ(y),
..

LB(ŷ, y)
}

(A1)

b∆
γ(y) = 2·min

{∣∣∣b−γ(y) − b*
γ(y)

∣∣∣, ∣∣∣b*
γ(y) − b*

γ(y)+1

∣∣∣} (A2)

..
LB(ŷ, y) =


∣∣∣y− b−

γ(y)

∣∣∣, if ŷ < y∣∣∣y− b−
γ(y)+1

∣∣∣, if ŷ ≥ y
(A3)

If y is located in the B1 bump, b−
γ(y) = b−1 , b−

γ(y)+1 = b−2 , b*
γ(y) = b*

1, and b*
γ(y)+1 = b*

2.
L is the absolute deviation between prediction and observation (A4).

L = |ŷ− y| (A4)
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Finally, the bounded loss function is given by:

ΓB(ŷ, y) =


L(ŷ,y)
.

LB(ŷ,y)
, if L(ŷ, y) <

.
LB(ŷ, y)

1, if L(ŷ, y) ≥
.

LB(ŷ, y)
(A5)

Appendix B

ΓC(ŷ, y) is the bounded loss function used to compute costs. We followed the same
methodology developed in Appendix A to calculate ΓB(ŷ, y), with the following main two
differences given by (A6) and (A7).

.
LC(ŷ, y) = min

{
b∆

γ(y),
..

LC(ŷ, y)
}

(A6)

..
LC(ŷ, y) =


∣∣∣y− b∗

γ(y)−1

∣∣∣, if ŷ < y∣∣∣y− b∗
γ(y)+1

∣∣∣, if ŷ ≥ y
(A7)
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