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ABSTRACT

Flood routing is vital in helping to reduce the impact of floods on people and communities by allowing timely and appropriate responses. In
this study, the empirical mode decomposition (EMD) signal decomposition technique is combined with cascade forward backpropagation
neural network (CFBNN) and feed-forward backpropagation neural network (FFBNN) machine learning (ML) techniques to model 2014
floods in Ankara, Mera River. The data are split in order to avoid the underfitting and overfitting problems of the algorithm. While establishing
the algorithm, 70% of the data were divided into training, 15% testing and 15% validation. Graphical indicators and statistical parameters were
used for the analysis of model performance. As a result, the EMD signal decomposition technique has been found to improve the perform-
ance of ML models. In addition, the EMD-FFBNN hybrid model showed the most accurate estimation results in the flood routing calculation.
The study’s outputs can assist in designing flood control structures such as levees and dams to help reduce flood risk.

Key words: Ankara, cascade forward backpropagation, empirical mode decomposition, feed-forward backpropagation, flood routing,
machine learning

HIGHLIGHTS

® |t has been proven that machine learning techniques can be used effectively in flood routing forecasting.
® |t can assist in flood management strategies and mitigation in risky areas with flood routing forecasts.

® Signal separation techniques have been shown to increase the success of flood translation estimation.
® The EMD-FFBNN hybrid model showed the most accurate results in flood routing calculation.

1. INTRODUCTION

Natural disasters have threatened humanity for thousands of years and negatively affect life. Flood is one of the most destruc-
tive and dangerous disasters which can be effective in large areas. It causes many material and moral damages, such as
flooding of houses in the regions where people live, damage to transportation systems, erosion of soils and damage to
crops (Bagatur & Onen 2018; Fotovatikhah ef al. 2018; Node Farahani ef al. 2018; Akbari et al. 2020). For this reason, it
is vital to minimize the damage caused by flooding and take preventive measures, especially flood forecasting and flood
control (Yuan et al. 2020; Pal ef al. 2022). The flood routing method acquires the downstream flood data and is considered
an important method in analyzing nonstructural and structural flood control (Asiaban ef al. 2015; Barati ef al. 2018; Norouzi
& Bazargan 2020). Flood routing techniques are divided into hydrological and hydraulic methods in most cases. While the
momentum and equations continuity is used for the solution of hydraulic methods, these equations are solved by numerical
methods because they are challenging to solve. The solution of hydrological methods is based solely on the principles of con-
servation of mass and is simpler than hydraulic methods. However, although many parameters are needed for the solution of
each model, obtaining the data is costly and the analysis takes a long time (Chow ef al. 1988).
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Because of the disadvantages of statistical and physical methods, machine learning (ML) algorithms are becoming increas-
ingly common. Their use in many engineering fields is increasing thanks to minimum output and input data, the faster and
lower computational cost for prediction models created with ML algorithms (Wu et al. 2009; Yaseen et al. 2015; Tayfur 2017;
Adarsh et al. 2018; Mosavi et al. 2018; Dazzi et al. 2021). ML models are also increasingly used in hydrology due to minimum
output and input data, faster speed and lower computational cost. Empirical mode decomposition (EMD) and artificial neural
network (ANN) models have widespread and wide usage areas. Razavi & Karamouz (2007) used recurrent neural network
(RNN), Time delayed recurrent neural network (TDRNN), multilayer perceptron network (MLP) and time delayed neural
network (TDNN) algorithms to apply the flood routing method to river systems. In conclusion, they found that TDNN
and TDRNN algorithms gave better prediction results than other models. Ghalkhani et al. (2013) used adaptive neuro-
fuzzy inference system (ANFIS) and ANN models to forecast the flood routing analysis and found that the flood routing simu-
lation obtained from ANN and ANFIS can be easily used in flood prediction and warning systems. Huang et al. (2014)
researched support vector machine (SVM), ANN and EMD-SVM models to forecast the monthly streamflow and found
that the EMD-SVM algorithm has the best statistics among all the models. Paul & Das (2014) investigated back propagation
(BP) and multi linear perceptron (MLP)-based feed-forward (FF) algorithm to forecast the flood water level in a river and
determined that the established algorithm successfully predicted the level of flood water in the advance. Elsafi (2014) used
the ANN model to forecast the flood level along the River Nile and found that this established model is a reliable tool for
detecting flood levels in the River Nile. Latt (2015) applied the feed-forward multilayer detector (FMLP) algorithm for the
Muskingum flood routing method for real flood cases and found that the FMLP model performances gave very satisfactory
results for all indices. Nikoo et al. (2016) researched a social-based feed-forward (FF-SBA) model to solve the flood routing
problem. They determined that the results of these models showed greater flexibility and accuracy. Zhao et al. (2017)
researched the hybrid algorithm EMD-based chaotic least squares support vector machine (EMD-CLSSVM) and CLSSVM
to predict the annual streamflow and determined that the hybrid algorithm reduces error results and gives better results
than the CLSSVM algorithm. Hassanvand ef al. (2018) used ANFIS and ANN models for flood routing prediction. ANN
model was optimized using imperialist competitive algorithm (ICA) and bat algorithm and the ANFIS model was performed
by combining with particle swarm optimization (PSO) and genetic algorithm. As a result of the process, they determined that
the ANN-ICA algorithm gave good results compared to other algorithms. Pashazadeh & Javan (2020) researched gene
expression programming (GEP) and ANN models to forecast the downstream hydrograph and found that the GEP algorithm
gave better results than the other algorithms. Jamei ef al. (2022) investigated a novel hybrid framework coupling time-varying
filter-based EMD (TVF-EMD), long short-term memory (LSTM), classification and regression trees (CART) gradient boosting
decision tree (GBDT), cascaded forward neural network (CFBNN) and multivariate adaptive regression spline (MARS) algor-
ithms to predict the long-term multi-step ahead of daily flood water level. At the end of the research, they determined that
CART-TVE-EMD-CFBNN algorithm gave the best results for 1- and 7-day horizons among the other models. Tawfik
(2023) estimated the maximum flow, upstream and downstream hydrograph values using the ANN algorithm and found
that the flood routing values along the river can be easily, quickly and accurately performed using the ANN algorithm.
Katipoglu & Sarigol (2023a) compared the performance of the K-Nearest Neighbor (KNN) algorithm with tree-based,
kernel-based algorithms for flood routing prediction in Central Anatolia. As a result of the analyses, KNN has produced suc-
cessful outputs for flood forecasting. Katipoglu & Sarigol (2023b) integrated various artificial intelligence approaches, signal
processing techniques and PSO for flood modeling in the Eastern Black Sea Basin in Ordu, Turkey. As a result of the analysis,
PSO least squares-SVM technique was the best algorithm. Katipoglu & Sarigol (2023c) investigated the boosted tree (BT)
algorithm with EMD, robust EMD (REMD), complete ensemble empirical mode decomposition with adaptive noise (CEEM-
DAN), empirical wavelet transforms (EWT) and variational mode decomposition (VMD) to forecast the daily average
streamflow. As a result of the study, they found that the VMD-based BT hybrid algorithm gave the most successful results.
Chen et al. (2023) used a new algorithm that performs ensemble empirical mode decomposition (EEMD) and stepwise
regression to predict the water level of a tidal river and found that the proposed algorithm is simple and highly reliably accu-
rate. Zhou & Kang (2023) researched the support vector regression (SVR), random forest regression (RFR), Gaussian process
regression (GPR), multilayer perceptron (MLP), LSTM and gated recurrent unit (GRU) algorithms to predict the flood hydro-
graph and determined that GRU algorithm gave the most accurate results. Moreover, several studies have been produced on
the modeling and environmental impacts of floods and droughts (Faye 2022; Nama et al. 2022; Sutopo et al. 2022).

As aresult of the literature review, it was determined that SVM and ANN models were mainly used in research (Ghalkhani
et al. 2013; Huang et al. 2014; Paul & Das 2014). However, artificial intelligence models are generally used in studies such as
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flood prediction (level, peak flow, risk, flood management, flood mapping) and research on flood routing prediction models is
less numerous and limited to certain algorithms (Yang ef al. 2019; Munawar et al. 2021; Sarigol & Katipoglu 2023). It is
thought that the use of signal separation methods in the study will contribute significantly to the literature and contribute
to those working in this field. Thus, it investigated how flood routing predictions yielded results by applying signal decompo-
sition techniques to neural networks. On the other hand, flood routing studies with hybrid algorithms have increased
considerably in recent years, but it has been observed that they are limited to certain hybrid algorithms (Nikoo et al.
2016; Zhao et al. 2017; Hassanvand ef al. 2018). Consequently, it was first researched how flood routing forecasts give results
by combining FFBNN and CFBNN algorithms with EMD signal decomposition techniques in the literature.

The most important contribution of this research to the literature is that it shows how signal decomposition techniques
combined with neural network algorithms give results in flood routing prediction. In addition, it is to determine the esti-
mation result performances of the models obtained due to the hybridization of FFBNN and CFBNN algorithms with the
EMD algorithm. Thus, it is thought that the downstream hydrograph of a future flood can be predicted by entering only
the input parameter to the model established without the need for more parameters. It is estimated that the most important
gain of the study will be minimizing the loss of life and property as a result of warning the regions where the flood may reach
by applying hybrid algorithm models established with signal separation techniques to different regions. Additionally, making
the flood analysis processes fast will be very important to save time.

2. MATERIAL AND METHOD
2.1. Study data and area

Discharge observation stations (DOS) are located on the Mera River in Sakarya Basin, and these DOS are shown in Figure 1.
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Figure 1 | Location of D12A242 and D12A126 DOS (Sarigol & Yesilyurt 2022).
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Ugurlu (D12A242) is at DOS 32:40:54 East, 40:21:02 North coordinates and 1,015 m altitude, Pazar Yol Ayirimi
(D12A126) DOS at an altitude of 965 m and at 32:42:02 East, 40:20:02 North coordinates were used in Ankara. The
flood dated 05 May 2014 that occurred in Mera Stream was modeled with the EMD technique combined with FFBNN
and CFBNN ML techniques. The input hourly flood values were used as D12A142 station upstream data, and the output
hourly flood values were used as D12A126 station downstream data were used. The downstream and upstream flood hydro-
graphs were modeled with the EMD technique, which combined with FFBNN and CFBNN ML techniques. Then it was
passed through training and testing stages, and graphical indicators and statistical parameters were used for the analysis
of model performance

This research shows input and output DOS data in Table 1. In Figure 2, the hydrographs are plotted.

2.2. ML models

Flood routing prediction algorithms modeled using FFBNN, CFBNN, EMD-FFBNN and EMD-CFBNN algorithms were
investigated. While establishing the model, 70% of the data were divided into training, 15% testing and 15% validation.

2.2.1. Artificial neural network

This algorithm is a processor made up of neurons and has the ability to learn and store information throughout the training
process. Because it can overcome nonlinear problems, it has wide application in many areas of hydrology, including hydro-
graph estimation in flood routing. The three-layer network in Figure 3 shows the general structure of the ANN in flood
hydrograph forecasting problems. Here, after the input data (x;) is entered into input layer neurons, it is multiplied by the
connection weights (v;;) and transmitted to the neurons in the hidden layer. Next, each neuron collects all weighted infor-
mation (xv;) and sends it to output (z;) through an activation function. The output information from each inner layer
neuron is then multiplied by the corresponding link weight (z;). Finally, all the resulting signal (z;z;;) is transmitted to
the output neuron, which passes an activation function to generate the network output (y;) (Tayfur et al. 2018).

2.2.2. Feed-forward backpropagation neural network

This algorithm consists of output, hidden and input layers and the backpropagation learning method is applied to learn the
networks. For the training of the network, calculations are made from the input layer to the output layer and the error values
are transmitted to the previous layers. This model usually has a linear neuron output layer and one or more hidden sigmoid
neuron layers. Nonlinear multiple neuron layers learn nonlinear and linear relationships between the output and input

Table 1 | Topographic and hydrographic information of the stations used in the study

Province/District name Station number Station code Station name Basin name River name Station elevation (m) Area (kmz)
Ankara/Kizilcahamam 1 D12A242 Ugurlu Sakarya Mera 1015 120.9
2 D12A126 Pazar Yol Ayirnm1  Sakarya Mera 965 197.2
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Figure 2 | Hourly flood hydrograph of D12A242 and D12A126 DOS for 2014.
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Figure 3 | The schematic structure of the ANN algorithm.

vectors of the network. The linear output layer uses a sigmoid transfer function for values between 0 and 1, allowing it to
generate values outside the —1 to +1 (Goyal & Goyal 2011).

2.2.3. Cascade forward backpropagation neural network

This algorithm is similar to FFBNN, but there is a weight link to each layer after the input and to the next layers. This structure
includes connections from layer 1 to layer 2, layer 2 to layer 3 and layer 1 to layer 3 for a three-layer network. These connec-
tions can increase the speed at which the network learns to associate. Logarithmic sigmoid transfer function, pure linear
threshold function and tangent sigmoid transfer function are applied to reach the optimized state (Chayjan 2010).

2.3. Empirical mode decomposition

This algorithm is a model for nonlinear and nonstationary time series analysis. This model decomposes the original signal
into different oscillating time scale components: the IMF (intrinsic mode function). It extracts the IMF components from
the original signal without the need for any predetermined basis functions for the EMD algorithm. The order of operations
for the x(t) (t=1, 2, ..., n) time series of the EMD algorithm is explained below in items;

(1) All local minimums and maximums of the x(f) time series are defined.

(2) Three curve interpolation operators are used to construct the lower envelopes ejo(f) and the upper envelopes e, (f) of the
time series.

(3) The average value of the lower and upper envelopes (71(¢) = [eyp(t) + €iow (£)]/2) is calculated.

(4) d(t) =x(t) — m(t) value between the mean value m(¢t) and the time series x(f) is calculated.

(5) d(t) difference value is checked.

(6) Steps (1)-(5) are repeated until (t) = x(t) — d(t) is a monotonic function or until the excessive number is less than or equal to 1.

Finally, time series x(f) can be represented as the sum of the IMFs c;(f) and r(¢);
X=y ci(t)+r(®) @
i—1

In Equation (1), ¢;(t) is the ith IMF and r(f) represents the components of decomposed residual (Zhang ef al. 2018).

2.4. Performance measurement

In this research, statistical analyses were made to determine the accuracy of the ML algorithms. Thus, correlation coefficient
(R) performance measures are used. R values close to 1 indicate good forecasting performance. The performance indicator
formulas were calculated as follows:

y (Qoi - Qom)(Qpi - me)
R=—pms @

\/il (Qoi - Qom)2 é (Qpi - me)2
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where 7 is the number of prediction and observation values, Q,; is the observed value, Qy; is the predicted value, Qy,, is the
average of observed value, Q,,, is the average of the predicted value (Asuero et al. 2006; Basakin et al. 2021).

3. RESULTS AND DISCUSSION

This study combines the EMD signal decomposition technique with FFBNN and CFBNN ML algorithms to model the 2014
floods in Ankara, Mera River. In order to mitigate the issues of underfitting and overfitting, the data are divided. During the
establishment of the algorithm, the data were partitioned into three subsets; 70% for training, 15% for testing and 15% for
validation. The model’s performance was analyzed using graphical indicators and statistical parameters. In Figures 4 and
5, the structure of the CFBNN and FFBNN algorithms and the statistical model results of the program are drawn as graphics.
The following parameters were used in the setup of the CFBNN and FFBNN models: Training function: Trainlm, Adaption
learning function: Learngdm, number of layers: 2, number of neurons: 10, Transfer function: Tansig.

Training: R=0.99656 Validation: R=0.99833
Neural Network ’E g T § 8
= Fit o e} =4
OutputLayer % 6 yT . ;‘; &
Es Es
&4 040 B4
3 95
! 1
52 52
2 2
E E
7 2 4 6 8
Algorithms Target Target
Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainim) Test: R=0.99442 All: R=0.99484
Peformance: Mean Squared Error (mse) @ 9 o : 5 8 e
Calculations:  MEX B Fi St Fi o0 |
:. 7 LA =7 yut O o
[} B
Progress g! 6 ga o
Epoch: ol 29 iterations 1000 g 5 Es
Time: ? 4 3 i
I
Performance: LS it g
Gradient: 2z 32
- o 8§
Validation Checks: 0 [ 6 ] 6 8
5 Best Validation Performance is 0.016591 at epoch 23 Gradient = 0.0067955, at epoch 29
10 T T T T
Train =
Validation §10°
—Test E
o
© Best
@
E
Mu =0.0001, at h29
E 10° s o .
w
;-]
P
©
3
T
w
c
o - Validation Checks = 6, at epoch 29
= 6 - - -
* ¢
= 4 L ] L
p= * ¢
=z + ¢
A " R . ¢ ¢ *
0 5 10 15 20 25 5 20 25
29 Epochs 29Epochs

Figure 4 | Structure and result graphs of the CFBNN algorithm.
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The structure and training parameters of model, regression plots, model performance graphs and error propagation graphs
of the established CFBNN model are shown in Figure 4. According to the structure and training parameters of model, the
Levenberg-Marquardt algorithm was used in the training of flood data, the data were randomly divided, and the model train-
ing was completed by reaching the lowest error values in the 23rd iteration. The scatter diagrams of the model are evaluated,
and the scattering of the estimated and real values around the 1:1 line in the training, testing, validation and overall model
stages shows that the model’s accuracy is high. When the change graph of model errors is examined, it is seen that the validity
error increases after the 23rd iteration. In this case, training was stopped and model outputs were produced. Additionally, mu
and gradient coefficients and current error changes up to 29th iterations are presented visually.

Figure 5 expresses the structure, training parameters of model, regression plots, model performance graphs and error propa-
gation graphs of the established FFBNN model. Accordingly, the training was terminated when the lowest error values were
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Figure 5 | Structure and result graphs of the FFBNN algorithm.
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reached in the 62nd iteration. In addition, when the scatter diagrams of the model are examined, the scattering of all graphs
around the estimated and actual values 1:1 line shows that the estimation of the model is close to reality. Examining the
change graph of the model errors reveals that the validity error rises after the second iteration. In this instance, training
was halted, and model outputs were generated. The current error changes up to the eighth iteration as well as the mu and
gradient coefficients are also visually displayed.

In the establishment of the hybrid algorithms, the input variables were separated into three IMF and residual by decompo-
sition approaches and applied to the CFBNN and FFBNN models. For example, in Figure 6, the input variable Q(f), which is
decomposed into various sub-series with the EMD technique, is shown. The resulting estimation outputs are collected by
modeling the sub-signals separately. As a result, hybrid models were obtained. The results of the model were contrasted
with different statistical metrics in order to assess the effectiveness of the EMD model for ML. The EMD data parsing pro-
cedure offers distinct modeling opportunities that remove data noise. This enables a more thorough association of
fundamental information by allowing you to concentrate on particular patterns and variations within the data. These capa-
bilities enable EMD to improve the predictive capability of ML.

In Figures 7 and 8, the structure of the CFBNN and FFBNN algorithms after using signal decomposition techniques and the
statistical model results, and program outputs are drawn as graphics. The structure, training parameters, model performance
graphs, regression plots and error propagation graphs of the EMD-CFBNN model established are presented in Figure 7.
Accordingly, the Levenberg-Marquardt algorithm was used in the training of the flood data, the data were randomly divided
and the model training was stopped when the lowest error values were obtained in the sixth iteration. According to scatter
diagrams of the model, the distribution of the estimated and real values around the 1:1 line in the training, testing, validation
and overall model stages shows that the estimation of the model is at a satisfactory level. Validation error increases after the
sixth iteration, as can be seen when the change graph of model errors is looked at. This time, the training process was halted,
and model outputs were generated.

The structure, training parameters, model performance graphs, regression plots and error propagation graphs of the estab-
lished EMD-FFBNN model are shown in Figure 8. Accordingly, the Levenberg-Marquardt algorithm was used in the flood
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Figure 6 | Subcomponents of the 2014 flood data separated by EMD technique.
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Figure 7 | Structure and result graphs of the EMD-CFBNN algorithm.

data training. The data were randomly divided and the training was completed when the lowest error values were reached in
the third iteration. In addition, when the scatter diagrams of the model are examined, the distribution of all graphics around
the estimated and actual values 1:1 line shows that the estimation of the model is at a satisfactory level. Examining the change
graph of the model errors reveals that the validation error increases after the sixth iteration. In this instance, training was
halted, and model outputs were generated.

Table 2 shows the statistical performance criteria of ML algorithms applied for flood routing prediction without applying
the signal decomposition technique. R statistical training, testing and validation data parameters were used to determine the
most successful ML algorithm. According to these parameters, both algorithms show very high prediction success. According
to the test and verification results, it is seen that the FFBNN algorithm is slightly superior to the CFBNN algorithm. Moreover,
according to these parameters, it is seen that both hybrid algorithms give higher accuracy than the previous nonhybrid algor-
ithms and both test and training results have very high prediction success. According to the test and training results, it was
determined that the FFBNN algorithm was slightly superior to the CFBNN algorithm.
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Figure 8 | Structure and result graphs of the EMD-FFBNN algorithm.
Table 2 | ML algorithms used in flood routing
Model No Model type Train R Test R Validation R
1 CFBNN 0.996 0.994 0.998
2 FFBNN 0.993 0.995 0.999
3 EMD-CFBNN 0.998 0.997 0.996
4 EMD-FFBNN 0.999 0.999 0.999

Note: Bold characters indicate the best model.
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The most crucial aim of this research is to forecast the flood data downstream by artificial intelligence algorithms, which
are EMD signal decomposition techniques combined with FFBNN and CFBNN ML hybrid algorithms. For this reason,
downstream data as output and upstream data as input are entered into the algorithm established. At the end of the research,
it was seen that the model results were used reliably and effectively of flood estimation. Moreover, studies by Katipoglu &
Sarigol (2023c), Chen et al. (2023), Zhao et al. (2017), Nikoo et al. (2016), Hassanvand et al. (2018) and Huang et al.
(2014) are compatible with the presented research. Katipoglu & Sarigél (2023c) combined the BT algorithm with REMD,
CEEMDAN, EMD, EWT and VMD to forecast the daily average streamflow and found that the hybrid VMD-BT algorithm
gave the most successful results. This study overlaps with the use of the signal decomposition technique in Katipoglu & Sar-
1g01 (2023c¢)’s study together with hybrid algorithms in stream flow estimation and obtaining more successful results than
other nonhybrid models. Chen ef al. (2023) used a new algorithm that performs EEMD and stepwise regression to predict
the water level of a tidal river and found that the proposed algorithm is simple and highly reliably accurate. Findings from
the study by Chen et al. (2023) overlap in terms of similar signal decomposition techniques and reliable prediction results.
Zhao et al. (2017) researched the hybrid algorithm EMD-based chaotic least squares support vector machine (EMD-
CLSSVM) and CLSSVM to predict the annual streamflow. They determined that the hybrid algorithm reduces error results
and gives better results than the CLSSVM algorithm. This study coincides with the use of algorithms combined with Zhao
et al. (2017) EMD signal decomposition technique in streamflow forecasting and to obtain more successful results than
other nonhybrid models. Nikoo et al. (2016) researched a social-based feed-forward (FF-SBA) model to solve the flood routing
problem. They determined that the results of these models showed greater flexibility and accuracy. Findings from the study by
Nikoo et al. (2016) overlap in terms of similar hybrid models used and good and reliable prediction results obtained in this
study. Hassanvand ef al. (2018) used ANFIS and ANN models for flood routing prediction. ANN model was optimized using
the ICA and bat algorithm and the ANFIS model was performed by combining with PSO and genetic algorithm. As a result of
the process, they determined that the ANN-ICA algorithm gave good results compared to other algorithms. The study’s find-
ings overlap with Hassanvand ef al.’s (2018) hybrid algorithms in producing more effective outcomes than nonhybrid models
in flood routing prediction. Huang et al. (2014) investigated SVM, ANN and EMD-SVM algorithms to forecast the monthly
streamflow and found that the EMD-SVM algorithm has the best statistics among all the models. The result of the research
coincides with the study of Huang ef al. (2014) in that hybrid models obtained by adding signal separation methods to the
models give the best results.

4. CONCLUSION

This study combined the FFBNN and CFBNN models with the EMD algorithm to forecast a downstream flood event in
Ankara, Mera River and to determine the effect of hybrid models on flood routing calculations. The most important results
obtained from the research are listed below:

* The flood routing prediction results of the models created with FFBNN and CFBNN algorithms are quite high.

* The EMD-FFBNN algorithm was determined as the most successful algorithm in the analysis of flood routing.

* Hybrid algorithms created with signal processing techniques showed higher prediction accuracy than nonhybrid ML
models.

* The EMD signal processing technique allows adaptive processing and revealing of different frequency components by
decomposing flood data into frequency components. Thus, it helped to create a hybrid approach in flood modeling and
model the data in detail.

* It has been revealed that successful flood routing results can be obtained by selecting the streamflow values in the upstream
region as input and the streamflow values in the downstream region as the target in two DOSs located on a separate stream
branch.

* ML techniques can be used as an alternative and powerful tool in the development of flood routing estimation, flood man-
agement strategies and mitigation policies.

The results of this research are significant for hydrologists, various government agencies and civil engineers in terms of vital
measures that can be taken before a flood may occur in a region.

It has been determined that hybridized artificial intelligence techniques give successful results in flood hydrograph predic-
tions in the downstream region. Furthermore, the findings obtained as a result of the study are compatible with previous
studies. It has been concluded that artificial intelligence techniques produce cost-effective and accurate solutions in a
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short time in modeling complex flood motion. In conclusion, it is predicted that the dissemination of artificial intelligence
techniques for developing flood routing estimation algorithms can reduce the loss of life thanks to the measures to be
taken before the floods occur.

The study’s primary limitations are that it only examines the Mera River in Ankara as a case study and that the time series is
only moderately long given the nature of the flood event. Due to the nature of the flood, it is obvious that the hybrid strategy
developed as a result of the study will produce positive outcomes in other geographical areas. Future research should test and
validate the suggested model in various regions and river regimes. This study proved that flood routing with hybrid EMD-
based artificial intelligence techniques had successfully attained a satisfactory level of accuracy.

In future research, flood routing prediction can be combined with gray wolf optimizer, grasshopper optimization algorithm,
moth flame optimizer, ant colony optimization, dragonfly algorithm, cheetah optimizer, whale optimization algorithm and
various ML algorithms.
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