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Abstract: Accurate rainfall-runoff modeling is crucial for water resource management. However, the
available models require more field-measured data to produce accurate results, which has been a
long-term issue in hydrological modeling. Machine learning (ML) models have shown superiority in
the hydrological field over statistical models. The primary aim of the present study was to advance a
new coupled model combining model-driven models and ML models for accurate rainfall-runoff
simulation in the Voshmgir basin in northern Iran. Rainfall-runoff data from 2002 to 2007 were
collected from the tropical rainfall measuring mission (TRMM) satellite and the Iran water resources
management company. The findings revealed that the model-driven model could not fully describe
river runoff patterns during the investigated time period. The extreme learning machine and support
vector regression models showed similar performances for 1-day-ahead rainfall–runoff forecasting,
while the long short-term memory (LSTM) model outperformed these two models. Our results
demonstrated that the coupled physically based model and LSTM model outperformed other models,
particularly for 1-day-ahead forecasting. The present methodology could be potentially applied in
the same hydrological properties catchment.

Keywords: streamflow prediction; data-driven; hybrid modeling; LSTM model

1. Introduction

The simulation of rainfall-runoff is a crucial task for flood control and water manage-
ment, particularly for continuous flood forecasting [1]. Several studies have conducted
daily discharge simulations using model-driven and data-driven models [2]. Model-driven
methods usually include conceptual and physically-based models, which are also known as
process-driven models [3]. Model-driven methods are rather complicated because they are
based on formulas and several physical parameters [4]. In comparison, data-driven models
use non-linear relations of meteorological and discharge data, which means that these
models do not have sufficient knowledge about the behavior of physical parameters [5].

Model-driven models are usually knowledge-based; thus, they give significant in-
sights into hydrological approaches. These models are divided into two types: (1) models
that simulate discharge directly, such as the hydrologic modeling system (HEC-HMS)
model, and (2) models that have river runoff as one of the outputs, such as the soil and
water assessment tool (SWAT). The HEC-HMS model is widely used for rainfall-runoff
simulation, and several studies have shown that its accuracy is acceptable for river runoff
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simulations [6–9]. The HEC-HMS model is applicable for simulating both event-based
and continuous-based river runoff through different methods, such as the soil conserva-
tion service-curve number (SCS-CN) and deficit and constant-Snyder hydrographs for
event-based and continuous-based runoff, respectively. Therefore, simulating river runoff
using the HEC-HMS model depends on several input parameters. Data-driven models
have conceptual differences in the modeling process [10]. The essence of data-driven
models is that they use historical meteorological data to simulate and/or predict river
runoff patterns. This aspect makes data-driven models more practical than model-driven
models in terms of complexity because they do not require knowledge of hydrological
processes. Simulating the river runoff pattern from historical hydrological time series, such
as temperature and precipitation, is possible using machine learning (ML) models, viz., the
artificial neural network-back propagation (ANN-BP), extreme learning machine (ELM),
and support vector regression (SVR) models [11]. Kim and Kim [12] compared the SWAT
and long short-term memory (LSTM) models for simulating river runoff, and found that the
LSTM model outperformed the SWAT model. Several studies have compared ML models
with the HEC-HMS model during typhoon events and have confirmed the superiority of
ML models over the HEC-HMS model [13–15].

Coupled models are manipulated models that use the output of model-driven models
as the input of ML models to boost the ML predictor set [16]. Anctil and Tape [17] presented
a 1-day-ahead river runoff forecasting neuro-wavelet hybrid system at two sites. Other
researchers have taken inspiration from their study and recently conducted studies using
similar approaches. For example, Kumanlioglu and Fistikoglu [18] used daily rainfall
and mean temperature data to simulate daily runoff with the génie rural à 4 paramètres
journalier (GR4J) model and integrated a coupled model by using the calculated time series
as the input of the ANN model to the basin in western Turkey. Their results revealed
that the coupled model performed better than the GR4J and single ANN models. Farfán,
et al. [19] applied a coupled model comprising two model-driven models, the rural genius
model and the water evaluation and planning model (GR2M and WEAP), and an ANN
model to simulate flow using meteorological data as input variables. They showed that
the coupled model could compute better time series than single models. Isik, et al. [20]
applied an ANN model combined with a soil conservation service (SCS) curve number
(CN) to investigate the effects of land use and/or land cover on daily runoff. Their model
produces highly accurate estimations. Kurian, et al. [21] suggested a coupled model that
combines the HEC-HMS model with the ANN model. They forecasted a fifteen-minutes
event and continuous runoff simulation, and the results indicated that the coupled model
outperformed the single model. In addition, some studies have shown the importance of
selecting input data for data-driven models based on methods such as the Boruta algorithm
and/or cross-correlation analyses and support vector machine recursive feature elimination
(SVM-RFE). They found that the selected variables could improve the results of the data-
driven models [11,22].

To the best of our knowledge, several researchers have prioritized combining model-
driven models and data-driven models. However, few of them applied combined model-
driven models with ELM, SVR, and particularly LSTM for forecasting daily river runoff
to present the best ML model. In the present study, our objectives were (i) to compare the
potential of ML models with a hydrological model for simulating river runoff on a daily
scale, (ii) to investigate the accuracy of the results if tropical rainfall measuring mission
(TRMM) satellite data are applied in ungagged regions, and (iii) to predict 1-day-ahead
river runoff with data-driven models and combine data-driven models with a hydrological
model. The assumption of this study was that TRMM provides reliable satellite data for
use in ungauged areas. Therefore, daily TRMM satellite data were used as inputs for the
models instead of gauge precipitation data. Daily data were used because most of the
studies were conducted for events and used hourly data. To the best of our knowledge,
the proposed model, which is a combination of the LSTM model and HEC-HMS model
and uses the SVM-RFE method to select input data, is a new model for simulating and
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predicting daily river runoff in the Voshmgir basin. Figure 1 shows the Voshmgir basin,
which is located in the north of Iran.
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2. Materials and Methods
2.1. Study Area and Data Description

The Voshmgir basin is located between 54◦40′ and 56◦00′ E longitude and 36◦50′ and
37◦50′ N latitude in the east-south of the Caspian Sea. It has an area of 5748 km2, an
elevation ranging from 2 to 2865 m, and an average slope of 2.2%. The basin is one of the
main sources of irrigation water that is supplied to 25,000 hectares of farmland in Golestan
province, Iran. The basin has a semi-arid climate, and the main river profile with a length
of approximately 59 km is steep, which exposes it to soil erosion and flooding. Precipitation
in this basin shows extreme nonstationary changes [23]. The annual mean precipitation is
540 mm, and 60% of the total precipitation occurs from January to June. The annual mean
temperature is approximately 18 ◦C [24,25]. Five rainfall stations and one runoff gauging
station at the outlet of the basin were considered in this study. The location, elevation,
rainfall, and runoff at the gauging stations are shown in Figure 1. The daily measured river
runoff data ranged from 0 to 310 m3/s. Daily measured mean temperature data and daily
tropical rainfall measuring mission satellite (TRMM_3B42_daily_v7) precipitation data were
collected from 2002 to 2007 from the Iran water resources management company (IWRMC)
and the GES-DISC interactive online visualization and infrastructure (GIOVANNI) websites
(https://giovanni.gsfc.nasa.gov/, accessed on 31 December 2019), respectively (Figure 2).

2.2. Methodology
2.2.1. Physics-Informed Data-Driven Models

Three ML models and three coupled models including the ELM, SVR, LSTM, HEC-
HMS-ELM, HEC-HMS-SVR, and HEC-HMS-LSTM models were used to investigate the
ability of ML and coupled methods to simulate and forecast river runoff, respectively.
Huang [26] suggested that the ELM technique is more efficient than an ANN model. He
found that the ELM technique has some advantages owing to its internal capabilities.
There was no requirement for weight adjustment through a feasible generalization ability
or a high learning speed. Various studies have revealed that the ELM is superior to an
ANN [10,27,28]. Şahin, et al. [29] found that the ELM model performed 26 times better
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than the ANN model during the prediction of solar radiation in Turkey. Similarly, Deo and
Şahin [30] applied ELM and ANN models to generate a monthly efficient drought index,
and found that the prediction accuracy of the ELM model was significantly higher than that
of the ANN model. In agreement with previous studies, Yaseen, et al. [31] found that the
ELM’s prediction ability was superior to that of an ANN during streamflow forecasting.
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The ELM model is generally an extended version of a single-hidden layer feed-forward
neural network (SLFN) [32]. The structure of the model is the same as that of the standard
ANN model with three layers: a single input layer, a hidden layer, and an output layer.
The hidden biases and weights are chosen randomly by the Moore–Penrose generalized
inverse of the hidden output matrix method instead of the fine-tuning method applied in
the ANN. Because of this modification, the ELM model is capable of progressing faster than
the ANN model while maintaining a sufficient generalization ability. More information
on this model can be found in Huang, et al. [33]. In the current study, the ELM model was
constructed through Python software using the “HP-ELM” package [34].

The support vector regression (SVR) model is an ML model used for classification and
regression [35]. It uses structural risk reduction (SRR) rather than empirical risk reduction
through self-learning models such as ANNs, as mentioned by Lin, et al. [36]. SVRs,
which are data-driven, have recently emerged as an alternative to ANNs for hydrological
studies [37]. Vapnik [38] introduced the use of SVR models from support vector machines
(SVMs), which are used to solve classification problems. The SVR model has a unique
architecture whose main parameters include a kernel, a hyperplane, and boundary lines.
The kernel function is the key to determining the right hyperplane, which is used as a
baseline to calculate the data distribution trend. SVRs have two boundary lines used to
bind the positive and negative distributions. The abovementioned optimal structure and
working frameworks lead to greater efficiency by avoiding overfitting. Such characteristics
make SVR a popular data-driven model in the rainfall-runoff modeling field [39].

The SVR method reduces the empirical risk of reaching an adequate generalization
performance by reducing the generalization error instead of the training error [40]. As
mentioned earlier, the SVR model maps data into a higher-dimensional feature space to
perform efficient predictions. Kernel functions are essentially tunable hyperparameters
for optimal outputs. Several kernels, such as polynomial, linear, sigmoid, and radial basis
functions (RBF) have been applied in various studies. However, the RBF was found to be
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the best among them for predicting nonlinear hydrological problems [41]. In addition, the
RBF kernel outperformed the other kernels in the rainfall-runoff simulation [42]. Decreasing
the calculation time with improved generalization capacity is a significant benefit of the
RBF kernel [43]. Therefore, the RBF kernel was used in this study.

The long short-term memory (LSTM) model is an advanced technological neural
network that has been selected as an effective model for time-series simulation and/or
prediction [44]. LSTM is a type of recurrent neural network (RNN) that addresses the draw-
backs of the RNN vanishing gradient by adding additional interactions [45]. The LSTM
model has been applied in various areas, including rainfall-runoff simulation, handwriting
identification, speed identification, and road traffic forecasting, because of its nonlinear
predictive capability, faster convergence, efficient learning trends, and ability to capture the
long-term correlation of the sequential series [46].

The LSTM model comprises a forget gate, an input gate, an output gate, and a cell state,
as shown in Figure 3. In general, LSTM utilizes the previous state information to perform
further operations. The forget gate determines the value that should be maintained or
discarded. Values from the previous hidden state (ht-1) and current input (xt) move through
the activation function and are computed from 0 to 1. If the computed value is close to
zero, the gate forgets it, and if the value is close to 1, the gate retains it. An input gate is
used to modify the state of the cell. First, we used a sigmoid function to combine the prior
concealed state and the current input. The phrase “long-term memory” is frequently used
to refer to the cell state. A forget gate was used to modify the cell state, whereas an input
modulation gate was used to regulate the cell state. Finally, the output gate determines the
next hidden state. The hidden state includes the values of previous inputs and is also used
for prediction. The hidden state was represented by the output. The new cell state, as well
as the new hidden state, is then transferred to the next time step in the process [47].
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2.2.2. Hydrological Modeling

The hydrological model (HEC-HMS) has been extensively used to simulate rainfall-
runoff processes [48]. In this model, adequate precipitation in a basin is defined by the
characteristics of previously connected surfaces. The flow from the surface and channels
consists of a form of direct runoff in the stream. The deficit and constant loss method based
on the Snyder unit hydrograph as a transfer method suggests better estimations of the
combination of soil moisture accounting (SMA) and deficit and constant based on the Clark
and Snyder unit hydrograph (UH) [49]. Figure 4 shows the steps involved in this study.
The streamflow hydrograph (Q) is derived by the interaction of the precipitation gradually
increasing (P) with the unit hydrograph required (U) as follows:

Qn =
n≤M

∑
m=1

PmUn−m+1 (1)

where m varies between 1 and n.
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The transformation of additional precipitation into direct runoff can be obtained using
the Snyder unit hydrograph method. For the standard case, the Snyder formula for the
peak flow can be expressed as follows:

QP =
2.75 · CP · A

Tr ∗ 5.5
, (2)

where Tr ∗ 5.5 is basin lag, QP is the unit hydrograph peak flow of the standard UH
corresponding to 1 cm of effective rainfall (m3 · s−1), A is the catchment area (km2), and CP
is the empirical coefficient relating the triangular time base to lag.
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The catchment lag (hour) can be calculated as follows:

Tp = CCt(LLc)
0.3 (3)

where C is a conversion constant 0.75 (ISI), Ct is a coefficient derived from gauged water-
sheds, L is the length of the stream from the outlet to the upstream divide, and Lc is the
length along the mainstream from the outlet to the point nearest to the watershed centroid.

The HEC-HMS model can generate a simulation for forecasting river runoff from
historical precipitation data, which can be obtained from different methods, including
field measurements, numerical weather predictions, and satellite images. To achieve a
reasonable prediction performance, the parameters in (1), (2), and (3) need to be tuned
accurately according to the watershed characteristics and the input data in the calibration
phase. In this study, the standard lag and the peaking coefficient ranged from 2.98 to 23.66
and 0.5 to 0.75, respectively.

2.3. Model Development and Input

This study investigated the simulation and forecasting of river runoff at a daily scale
in a selected basin. To simulate the runoff, a hydrological model and three ML models were
applied. The input data for the hydrological model were the TRMM precipitation data. The
parameters for the HEC-HMS model were selected by trial and error in the calibration phase
for the deficit and constant loss methods based on the Snyder unit hydrograph as a transfer
method. Table 1 lists the parameter values for the best evaluation indices. Three ML models,
the ELM, SVR, and LSTM models, were used to simulate the streamflow at daily scales in
the selected basin. To achieve higher accuracy in the ML model simulation, the antecedent
values of TRMM and Tmean were used as input variables. Therefore, in addition to the
input variables, a 1-day lag to a 20-day lag was applied for all input variables. The best
combination of variables was chosen using the SVM-RFE approach. From Equation (4),
nineteen variables were selected for the input structure in the Voshmgir basin.

Qt= f


Tmean, TRMMt−1, TRMMt−3, TRMMt−5,

TRMMt−11, TRMMt−12, TRMMt−18, TRMMt−20,
Tmeant−1, Tmeant−2, Tmeant−3, Tmeant−4,
Tmeant−5, Tmeant−6 Tmeant−7, Tmeant−8,

Tmeant−11, Tmeant−12, Tmeant−15

 (4)

Table 1. Selected parameters of the HEC-HMS model.

Snyder Hydrograph Deficit and Constant
Standard Lag

(h)
Peaking

Coefficient
Constant Rate

(mm/h) *
Maximum

Storage (mm)
Initial Loss

(mm)

5.94 0.48 0 25 20
* mm: millimeter, h: hour.

To forecast the river runoff, three ML models and their coupled models with the
HEC-HMS model were used. In the current study, TRMM precipitation at days t and t− 1
and observed discharge at t and t− 1 were applied as input variables of the ML models
to calculate the river runoff on day t + 1. Moreover, the simulated runoff values of the
HEC-HMS model from the simulation were used as additional input variables for the three
coupled models: HEC-HMS-ELM, HEC-HMS-SVR, and HEC-HMS-LSTM. Equation (5)
shows the selected input variables for the coupled models.

Qt+1 = f (TRMMt, TRMMt−1, Qt, Qt−1, QHEC−HMSt+1) (5)

The runoff data was the target variable. Data from January 2002 to December 2004 were
applied to calibrate the models, and data from January 2005 to October 2007 were applied
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to test the models. Sola and Sevilla [50] recommended normalization of input data for
the artificial neural network-back propagation (ANN-BP). They found that normalization
of the input data was important to achieve better results and accelerate the calculation.
Therefore, the normalization described by Equation (6) was applied to all input data of the
ML models and coupled models.

normalized x =
x− µ

σ
, (6)

where x is the input variable, µ is the mean variable, and σ is standard deviation.

2.4. Model Parameterization

The current study applied a 10-fold cross validation method with the aim of minimiz-
ing the root mean square error (RMSE) function to set the optimal parameters of the ELM,
SVR, and LSTM models for the training phase. The optimal hyperparameters were used in
river runoff prediction for the validation phase, and Python was used to write the codes.

Huang, Zhu and Siew [32] recommended the ELM model owing to its small training er-
ror and norm of output weights compared with single-hidden-layer feedforward networks
(SLFNs). In the ELM model, the number of neurons in hidden layer was randomly selected
from 2 to 100 to achieve a model with the highest possible accuracy. A three-layer ELM
model with a sigmoid activation function for the hidden layer was established. Optimal
parameters were determined through a 10-fold cross-validation method with the aim of
minimizing the root mean square error (RMSE) function for the training phase.

In the SVR model, the main parameters of the RBF kernel function, including the
structural parameter (γ), penalty coefficient (C), and tolerance threshold (ε-precision),
were optimized. For this purpose, 30 γ values from 0.0001 to 10,000, 30 C values from
0.0001 to 10,000, and 20 ε-precision values from 0.001 to 1 were chosen and evaluated.
Similar to the ELM model, a 10-fold cross-validation approach was applied to find the
optimized parameters.

In the LSTM model, the Keras framework with the TensorFlow back-end was used.
The hyperparameters of the LSTM model include neurons, dropouts, learning rates, epoch
ranges, and batch ranges. Random generation was used to tune the LSTM model. For this
purpose, different neurons (10 values between 10 and 500), dropouts (10 values between
0 and 1), learning rates (10 values between 0.00001 and 0.01), epoch ranges (10 values
between 10 and 1000), and batch ranges (10 values between 10 and 1000) were evaluated.
Similar to the ELM and SVR models, a 10-fold cross-validation approach was applied to
determine the optimized parameters of the LSTM model.

The selected parameters calculated for all three ML models consisting of the ELM, SVR,
and LSTM models were applied to three coupled models: HEC-HMS-ELM, HEC-HMS-SVR,
and HEC-HMS-LSTM. The optimal parameters for each ML model are presented in Table 2.

Table 2. Optimized values of the ML models.

Model Initial Parameters Values

LSTM

neurons 297
dropout 0.053

learning rate 0.007
epochs 671

batch size 199

SVR
tolerance threshold 0.159

structural parameter 0.0001
penalty coefficients 1034.48

ELM
sig-neurons * 25
rbf-neurons * 41

* sig: sigmoid, rbf: radial basis function.
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2.5. Model Evaluation

To evaluate the model prediction accuracy, three statistical measures, including the
root mean square error (RMSE), coefficient of correlation (R), and Nash-Sutcliffe efficiency
(NSE), were used as follows:

RMSE =

√
1
n

n

∑
i=1

(si − oi)
2, (7)

R =

(
1
n

)
∑n

i=1(oi − o)2(si − s)√(
1
n

)
∑n

i=1(oi − o)2 ×
√(

1
n

)
∑n

i=1(si − s)2
, (8)

NSE = 1− ∑n
i=1(si − oi)

2

∑n
i=1(si − o)2 , (9)

where oi and si refer to the respective observed and estimated values, respectively, and o
and s are the averages of the observed and estimated values, respectively.

3. Results and Discussion

This section discusses the accuracy of the simulation and forecasting in a conceptual
model (HEC-HMS), three ML models (ELM, SVR, and LSTM), and three coupled models
(HEC-HMS-ELM, HEC-HMS-SVR, and HEC-HMS-LSTM). Data from 2002 to 2007 were
used for the simulation, and data from 2005 to 2007 were applied to the forecasting models.

3.1. Ml Runoff Simulation and HEC-HMS

Figure 5 compares the runoff simulations using the ELM, SVR, LSTM, and HEC_HMS
models. The line graph shows the runoff time series of each model during the calibration
and validation periods (from January 2002 to October 2007). The blue vertical dashed line
divides the time series into calibration and validation periods. Two parallel black dashed
lines, including a blue circle area in the validation period (March 2007), indicate a better
investigation of the model’s performance. Scatter plots show the ability of the models
to simulate river runoff during the validation period (Figure 6). The statistical measures
revealed that the performance of the ML model was better than that of the HEC-HMS
model. In addition, between the ML models, the LSTM model outperformed the SVR and
ELM models (Table 3).

The HEC-HMS results in Figures 5 and 6 show that, although the predicted peak
flow discharge was still acceptable, the model could not fully capture the runoff patterns.
Figure 6 shows that the HEC-HMS model mostly underestimated the river runoff values.
This phenomenon can be clearly seen in the zoomed area of March 2007 in the line graph
(Figure 5). The simulated values from the HEC-HMS were mainly below the observed
values. Table 3 shows the model prediction accuracy during the calibration and validation
stages. The RMSE, R, and NSE were 25.55, 0.82, and 0.62, respectively, in the validation
period. According to the obtained scatter plots, all the applied ML models (ELM, SVR,
and LSTM) were superior to the HEC-HMS model. A correlation coefficient (R) of 0.82
was achieved for the HEC-HMS model in validation while R values of at least 0.9 were
observed for all the ML models.

Based on the results listed in Table 3, the LSTM model outperformed the SVR and ELM
model among the ML models in both the calibration and validation periods. Therefore,
the accuracy ranking was LSTM > SVR > ELM > HEC-HMS for this selected basin on a
daily scale. According to the scatter plots, the simulated values of LSTM when compared
to those of SVR, ELM, and HEC-HMS revealed that this model was able to estimate the
peak values precisely. The findings revealed that the LSTM model had a better gener-
alization performance than the SVR and ELM models. It could be because it can figure
out long-term connections between data series and illustrate a reliable flood prediction
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achievement. Using the structural risk minimization procedure, the SVR model exhibited a
better generalization performance than the ELM model.
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tion and validation periods for ML models. The blue vertical dashed line divides the time series
into calibration and validation periods. A zoom-in of the blue circle area investigates the model’s
performance in March 2007.
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Table 3. Statistical measures of streamflow simulation during the calibration and validation phases
at the daily scale. The bold values represent the best statistics among all the models.

Model
Calibration Validation

RMSE R NSE RMSE R NSE

HEC-HMS 19.78 0.92 0.78 25.55 0.82 0.62
ELM 18.84 0.93 0.79 21.94 0.90 0.72
SVR 18.85 0.94 0.80 19.87 0.91 0.77

LSTM 17.16 0.98 0.96 18.84 0.93 0.79

3.2. One-Day-Ahead ML and HEC-ML

Figure 7 shows the 1-day-ahead forecasts using ELM, SVR, and LSTM models in the
calibration (from January 2005 to December 2006) and validation (from January 2007 to
December 2007) periods, where the predicted runoff discharges are plotted along with
the observed data. Table 4 shows the performance of the 1-day ahead predictions in the
calibration and validation periods among the coupled and data-driven models. The LSTM
model showed the best performance among all applied ML models during the validation
period, where the RMSE, R, and NSE were 35.74, 0.75, and 0.55, respectively. Thus, the
accuracy ranking of the ML model was LSTM > SVR > ELM.

Figure 8 compares the 1-day-ahead forecasts using the HEC-HMS-ELM, HEC-HMS-
SVR, and HEC-HMS-LSTM in the coupled models. As shown in Table 4, the statistical
measures for the calibration and validation periods showed that the HEC-HMS-LSTM
performed better than the HEC-HMS-SVR and HEC-HMS-ELM. The values of RMSE,
R, and NSE for the HEC-HMS-LSTM were 23.52, 0.91, and 0.8, respectively. The results
showed that additional inputs from the HEC-HMS predictions effectively reduced the
accumulated errors in the ML models. The maximum improvements during the validation
period are presented in Table 4.
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Figure 7. Comparison of forecasting and observed daily streamflow for one-day prediction during
the calibration and validation periods using ML models. The blue vertical dashed line divides the
time series into calibration and validation periods. A zoom-in of the blue circle area investigates the
model’s performance in March 2007.

According to the data distribution from Figures 7 and 9, coupled models (HEC-HMS-
ELM, HEC-HMS-SVR, and HEC-HMS-LSTM) were superior for predicting 1-day-ahead
runoff discharge than other ML models (ELM, SVR, and LSTM), where the performance
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of coupled models was higher than that of regular ML models during runoff discharge
predictions. The scatter plots in Figure 8 show that all three ML models overestimated the
discharge peak several times. Figure 10 shows that HEC-HMS-ELM underestimated runoff
discharges and HEC-HMS-SVR overestimated runoff discharges, whereas the accuracy of
HEC-HMS-LSTM was more acceptable. This result shows that the HEC-HMS-LSTM model
performed better than the coupled models.

Table 4 clearly shows the improvements in the coupled models. The measure of R was
improved from 18 to 23 percent. The highest improvement was related to the SVR model
(23%), while the lowest improvement was observed for the ELM model (18%). Generally,
all models were improved by the coupled models, but the same pattern was followed by
all models in the calibration and validation periods. Among the coupled models, LSTM
outperformed the SVR and ELM. Therefore, the accuracy ranking was HEC-HMS-LSTM >
HEC-HMS-SVR > HEC-HMS-ELM for the selected basin at the daily scale river runoff.
The results clearly show that using HEC-HMS output as the ML model input can improve
forecasting accuracy.
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Figure 8. The scatter plots of one-day streamflow forecasting in the validation step: (a) LSTM model;
(b) SVR model; (c) ELM model.
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performance in March 2007.



Appl. Sci. 2022, 12, 7464 13 of 16

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 16 
 

Figure 8. The scatter plots of one-day streamflow forecasting in the validation step: (a) LSTM model; 
(b) SVR model; (c) ELM model. 

 
Figure 9. Daily forecast streamflow performance at the lead-time 1 day using coupled models dur-
ing the calibration and validation periods. The blue vertical dashed line divides the time series into 
calibration and validation periods. A zoom-in of the blue circle area investigates the model’s per-
formance in March 2007. 

   
Figure 10. The scatter plots show the correlation between the observed and 1-day-ahead forecasted 
during the validation stage: (a) HEC-HMS-LSTM model; (b) HEC-HMS-SVR model; (c) HEC-HMS-
ELM model. 

Table 4. Statistical measures of one-day streamflow forecasting during the calibration and valida-
tion phases at the daily scale. The bold values represent the best statistics among all the models. 

Model 
Calibration Validation Improvement in Validation 

RMSE R NSE RMSE R NSE RMSE R NSE 
ELM 13.08 0.92 0.85 41.2 0.71 0.4    

HEC-HMS-ELM 10.29 0.96 0.91 30.5 0.84 0.67 −26% 18% 68% 
SVR 20.56 0.86 0.64 39.2 0.73 0.46    

HEC-HMS-SVR 10.26 0.96 0.91 25.1 0.90 0.77 −36% 23% 67% 
LSTM 13.05 0.92 0.85 35.74 0.75 0.55    

HEC-HMS-LSTM 6.93 0.97 0.96 23.52 0.91 0.8 −34% 21% 46% 

4. Conclusions 
In this current study, the efficiency of ML models (long short-term memory, support 

vector regression, and extreme learning machine) and a coupled model combining 

Figure 10. The scatter plots show the correlation between the observed and 1-day-ahead forecasted
during the validation stage: (a) HEC-HMS-LSTM model; (b) HEC-HMS-SVR model; (c) HEC-HMS-
ELM model.

Table 4. Statistical measures of one-day streamflow forecasting during the calibration and validation
phases at the daily scale. The bold values represent the best statistics among all the models.

Model
Calibration Validation Improvement in Validation

RMSE R NSE RMSE R NSE RMSE R NSE

ELM 13.08 0.92 0.85 41.2 0.71 0.4
HEC-HMS-ELM 10.29 0.96 0.91 30.5 0.84 0.67 −26% 18% 68%

SVR 20.56 0.86 0.64 39.2 0.73 0.46
HEC-HMS-SVR 10.26 0.96 0.91 25.1 0.90 0.77 −36% 23% 67%

LSTM 13.05 0.92 0.85 35.74 0.75 0.55
HEC-HMS-LSTM 6.93 0.97 0.96 23.52 0.91 0.8 −34% 21% 46%

4. Conclusions

In this current study, the efficiency of ML models (long short-term memory, support
vector regression, and extreme learning machine) and a coupled model combining phys-
ically based (HEC-HMS) and ML models were presented to predict the daily runoff in
the Voshmgir basin, Golestan province, north of Iran. TRMM satellite data were used to
simulate and forecast river runoff in the selected basin. For the simulation models, six years
of data were used during the calibration and validation phases. Rainfall–runoff modeling
was applied daily using the HEC-HMS, LSTM, SVR, ELM, HEC-HMS-LSTM, HEC-HMS-
SVR, and HEC-HMS-ELM models. Data from the validated section of the HEC-HMS from
2005 to 2007 were applied to the coupled models. The findings revealed that, based on our
assumption, TRMM satellite data are reliable for use in ungauged basins.

Considering the simulation results, the HEC-HMS model could not fully capture the
runoff patterns during the time series, and mostly underestimated the river runoff values.
All three applied ML models (ELM, SVR, and LSTM) performed better than the HEC-HMS
model. A correlation coefficient (R) of 0.82 was achieved for the HEC-HMS model in
the validation, while R values of at least 0.9 were observed for all the ML models. The
LSTM model outperformed the SVR and ELM models among the ML models in both the
calibration and validation (R = 0.93) periods.

Three ML models were applied to forecast 1-day-ahead rainfall-runoff prediction.
The LSTM model showed the best performance among all applied ML models during the
validation period, where a correlation coefficient (R) of 0.75, 0.73, and 0.71 was achieved
for LSTM, SVR, and ELM, respectively. Overall, all models’ accuracy increased in terms
of using the coupled model. Coupled models (HEC-HMS-ELM, HEC-HMS-SVR, and
HEC-HMS-LSTM) for predicting 1-day-ahead runoff discharge showed better performance
than other ML models (ELM, SVR, and LSTM), where the performance of coupled models
was higher than that of regular ML models during streamflow predictions. The correlation
coefficient (R) of 0.91, 0.9, and 0.84 was achieved during the validation period for HEC-
HMS-LSTM, HEC-HMS-SVR, and HEC-HEC-ELM, respectively.
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The overall results of the current study conclude that ML models perform better than
the HEC-HMS model. The LSTM model outperformed the SVR and ELM models in both
simulation and forecasting. The HEC-HMS-LSTM model was observed to be the most
accurate for forecasting river runoff in the selected basin. The HEC-HMS output model
can be applied to improve the performance of ML models such as the ELM, SVR, and
LSTM models. This methodology can potentially be applied to catchments with similar
hydrological properties around the world.
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