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Abstract: Floods are among the major natural disasters that cause loss of life and economic damage
worldwide. Floods damage homes, crops, roads, and basic infrastructure, forcing people to migrate
from high flood-risk areas. However, due to a lack of information about the effective variables
in forecasting, the development of an accurate flood forecasting system remains difficult. The
flooding process is quite complex as it has a nonlinear relationship with various meteorological and
topographic parameters. Therefore, there is always a need to develop regional models that could be
used effectively for water resource management in a particular locality. This study aims to establish
and evaluate various data-driven flood forecasting models in the Jhelum River, Punjab, Pakistan. The
performance of Local Linear Regression (LLR), Dynamic Local Linear Regression (DLLR), Two Layer
Back Propagation (TLBP), Conjugate Gradient (CG), and Broyden-Fletcher-Goldfarb—Shanno (BFGS)-
based ANN models were evaluated using R?, variance, bias, RMSE and MSE. The R?, bias, and RMSE
values of the best-performing LLR model were 0.908, 0.009205, and 1.018017 for training and 0.831,
—0.05344, and 0.919695 for testing. Overall, the LLR model performed best for both the training and
validation periods and can be used for the prediction of floods in the Jhelum River. Moreover, the
model provides a baseline to develop an early warning system for floods in the study area.

Keywords: ANN; flood forecasting; flood modeling; Jhelum River

1. Introduction

As a non-primary measure, flood forecasting (such as discharge, water level, and flow
volume) is a pivotal part of stream regulation and water resource management; hence, it is
one of the most significant concerns in the field of natural hazards [1]. Around the world,
flood disasters represent about 33 percent of all catastrophic events in terms of number and
monetary deprivation [2]. Various research studies have uncovered the omnipresent events
of floods and their vast destruction to humans and socioeconomic development [3]. In
1931, a flood event in China caused the death of around four million people, hence, it was
one of the deadliest floods ever recorded [4]. In 2011, the floods that transpired in Thailand
were liable for 800 deaths and more than 45.5 billion dollars in financial damage which
destroyed 2 million homes and affected millions of people [5,6]. In 2013, Uttarakhand state
in Northern India was flooded, causing the death of 5748 people and affecting around
300,000 worshippers [7]. Furthermore, Pakistan has seen almost 19 severe flood events
affecting an area of 594,700 km? with an impact on 166,075 towns and a financial loss of
30 billion dollars over the last 60 years [8]. The recorded damage of the 2010 flood event
includes the loss of roughly 1985 people [9].
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Pakistan is among the top 10 nations experiencing frequent climate changes that
initiate floods, tornados, high temperatures, dry seasons, heavy rains, etc. This prompts
harsh floods in the major rivers and their streams. In addition, due to environmental
deterioration, i.e., deforestation, Pakistan has experienced extreme disasters in recent
years, i.e., the back-to-back floods that hit Pakistan in the years 1992, 2010 and 2011. It
was anticipated that such hazards would routinely happen later on. Moreover, landslide
structures can create temporary dams that, upon breaking down, produce extraordinarily
high flows in the major rivers that result in flood generation [10].

The Kashmir Valley is one of the most flood-prone regions in the world, located in
the Greater Himalayas [11,12]. In the Kashmir Valley, the river Jhelum is the main river
originating from the northwest portion of the Pir Panjal Mountain range. The Jhelum
River enters Pakistan (Azad Kashmir) at Chakothi and flows through a narrow ravine
toward the Mangla reservoir. In the past, the Jhelum River has had enormous flooding
periodically, and among all the flood events, the flood in 1992 was the deadliest. The
flood discharge measured downstream of the Rasul barrage was 952,170 cusecs, while
the discharge carrying capacity of the Rasul barrage is approximately 850,000 cusecs. The
flood caused the deaths of over 2000 people, including damage to various roads, bridges
and infrastructure. Numerous agricultural lands and crops were also affected. Currently,
Pakistan is facing severe flooding, but the Jhelum River is less inundated as compared to the
Indus River. However, the Jhelum River is more prone to severe floods as it has previously
had many severe flood events, including floods in 1992, 2010 and 2014. Figure 1 shows the
flood-affected areas of Pakistan in 2014, including severe floods in the Jhelum River.
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Figure 1. Pakistan map showing severe flooding, including flooding in Jhelum River (Source:
National Disaster Management Authority of Pakistan).

Previously, different studies have been conducted in the Jhelum River catchment in
order to predict floods, streamflow and other hydrological parameters. Ref. [13] developed a
model to predict precipitation and temperature in the Jhelum River catchment and utilized
Artificial Neural Networks (ANN) and Multiple Linear Regression (MLR) techniques,
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although their model had less accuracy, i.e., for precipitation, the range of the coefficient
of determination (R?) was 0.57-0.77. Ref. [14] developed a 2D rainfall-runoff model to
simulate floods in the Jhelum River, however it had inadequate model accuracy, especially
for the Rasul barrage, as the values of the coefficient of determination (R?) for peak flood
and post-flood were 0.78 and 0.86, respectively. Similarly, ref. [15] conducted a study
and developed a MIKE 11-NAM model for flood prediction in the Jhelum River basin at
different stations. The model had limited accuracy, as depicted by performance indicators,
including the coefficient of determination (R?). The values of R? were in the range of
0.71-0.78 for calibration (2001-2008) and validation (2009-2014).

The flooding process is fundamentally complicated, questionable and erratic because
of its nonlinear reliance on meteorological and topographical boundaries [16]. While
distributed hydrological modeling involves multidisciplinary and complex issues, simple,
robust and sustainable approaches in flood forecasting systems are needed. Different
methodologies have been proposed for flood forecasting and can be partitioned into
physically-based and data-driven techniques. Physically-based models are information
based and expect to reproduce or mimic the entire hydrological processes to make forecasts.
These models are complicated and require numerous boundaries connected with the
basin area of interest and hence require expert opinion and impart limitations on the
predictability and practicability of flood forecasting. Apart from these, data-driven models
use mathematical and statistical equations in order to obtain realistic results. These sets of
equations are applied to long time series data to predict different parameters such as dam
inflow [17], water demand [18], streamflow [19], flood frequency [20], floods [5,6,21,22],
dam failure [23] etc. Historical data plays a key role in data-driven models, which helps in
providing flood extents such as runoff volume and flood depth.

The precise prediction of streamflow or flooding is an intricate task because of the
nonlinear relationship between rainfall and runoff, both in spatial and temporal terms [24].
As mentioned above, the streamflow depends on different meteorological variables, which
differ from time to time [25]. Different approaches for modeling have been employed;
among them, physical modeling and data-driven modeling are more common [26]. The
data-driven modeling, especially ANN and regression models, has created a revolution
in the prediction of hydrometeorological parameters [25]. The application of artificial
intelligence, specifically ANN, has gained popularity among stockholders as an accurate
and efficient estimation tool for a variety of hydraulic, hydrologic and environmental
details [27,28]. The main advantages of this acute approach over conventional modeling
techniques are the ability to model the nonlinearity of hydrological variables and the
ability to deal with a lot of information [29]. Examples of hydrologic parameter estimation
using ANN includes streamflow [30]; reservoir levels [31,32]; sediment load in irrigation
canal [33]; groundwater level prediction [34,35], rainfall-runoff modeling [36] and water
quality prediction [37,38]. Studies have also reported that the ANN model performs well
in tropical and sub-tropical climates [39]. Different ANN models have been utilized to
predict the compression coefficient of soil [40]. Various researchers have successfully and
effectively applied artificial neural networks (ANNSs) for determining floods at various lead
times [41-44]. There are a lot of studies related to flood forecasting using deep learning
models such as Convolutional Neural Networks (CNN) and Recurrent Neural Networks
(RNN) [45,46].

The ANN models show an expanded precision in flood anticipation regardless of
the nonlinearity of the input information [47]. Additionally, flood anticipating precision
is expanded because of higher lead times. One of the most important factors is that the
accuracies of the forecasts do not rely upon the size of the river basin or the locale concerned,
but rather, the patterns in the past data fed into the models [48]. Therefore, the greater
performance of ANN models recommends that their use is preferred over conventional
mathematical models. However, ref. [49] reported that ANN models might suffer due to
the presence of nonlinearity in hydrological data, as the quality of data has a direct impact
on the quality of learning maps in an ANN. Therefore, the quality of input data should
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be checked before using it as the input for data-driven models, specifically in ANN-based
hydrological models. The checking of input data prior to data-driven modeling involves
data preprocessing. Data preprocessing may include a process of input screening, which
provides a set of inputs with less noise for our desired output.

Streamflow modeling plays an important role in water resource engineering and
management as a flood early warning system. Numerous advanced models have been
developed, but for a varying range of climatic regions; hence, a model suitable for local
climatic conditions is needed. The hydrodynamic models have the ability to simulate a
large range of flow conditions, but they need accurate river geometric data, which is not
available for all locations. Therefore, this study provides a baseline to develop ANN- and
regression-based models to estimate accurate discharges and streamflow in order to create
an early flood warning system by alerting the areas downstream that are vulnerable to
high water levels in the river. Hence, an early and timely evacuation of people along with
minimum damage to infrastructure can be possible. Moreover, following the approach in
this study, accurate streamflow predictions can be made in other flood-prone rivers.

2. Materials and Methods
2.1. Study Area and Dataset

The Jhelum River, which is approximately 725 km long, originates from Jammu and
Kashmir, through the Kashmir Valley, and flows into Pakistani Punjab. Geographically
it lies in western Punjab, which is one of the tributaries of the Chenab River. There are a
few dams and barrages constructed over the Jhelum River, including the Rasul barrage.
The Barrage is located 72 km downstream of Mangla Dam and has a discharge capacity
of approximately 24,070 cubic meters per second (approximately 850,000 cusecs). Four
gauging stations were selected, including Railway Bridge, Rasul Barrage, Kohan River at
Rohtas and Victoria Bridge. The first three stations were used as input, while the last station
(Victoria Bridge) was used as the output. An advanced algorithm was used along with
the ANN in order to train the model for the selected river by considering the antecedent
condition of discharge. The study area along with location of different gauge stations is
shown in Figure 2.

2.2. Datasets

Weekly observed data was collected from the Punjab Irrigation department for four
stations. The datasets included the antecedent data condition of discharge of the gauging
stations. For the model development, discharge at the following stations was taken as
input: Railway Bridge, Rasul Barrage and Kohan River at Rohtas, while discharge at the
Victoria Bridge was taken as output. Table 1 shows a detailed description of the datasets.
The training and testing period was determined by the hit-and-trial method. From the data
of 1256 vectors, 70% (885) vectors were considered for training, and the remaining 30%
were considered for testing. The selection of the length of vectors was based on previous
studies, ref. [50] considered 80% of the total data for training and 20% for testing.

Table 1. Description of the Datasets.

Stations Parameters Inputs Outputs  Data Length Location
Jhelum at Railway Bridge Qin ) 32°55'-73°44/
Kohan River at Rohtas Qin - 32°51'-73°39’
Rasul Barrage Discharge (Q) Qin : 19912017 32°40'-73°31’
Jhelum at Victoria Bridge - 32°34'-73°9
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Figure 2. Jhelum River Pakistan and locations of gauging stations.

2.3. Data Normalization
For Normalization, the data was first converted to a unitless quantity and then uni-
formly distributed through logarithmic transformation. Normalization was done as per
Equation (1).
: Pi — Prin
(Normalized) P; =

Priax — Pmin

)

where:
P;, Pyin, Pmax are the ith value of P, minimum value of P, and maximum value of P,
respectively.

2.4. Input Combination Selection Using Gamma Test and Advanced Model Identification Technigues

Feature selection assists with understanding the data, improving the performance
in prediction, and reducing the requirement of computation [51]. The Gamma test is an
advanced tool that has been utilized for estimation in various areas, including the selection
of features [52], communications [53], control theory [54], sediment transport [33], along
with hydrological modeling [55-58].

By capturing the intricate relationships among different outputs and inputs, the
Gamma test estimates the mean square error (MSE). A specific output (y) is the function of
the specific input (x) as defined by the algorithm in the Gamma test.

The function is divided into two separate parts, known as the smooth part and the
function carrying the noise in the data. Considering f is the function containing the smooth
part, while r is the part of an output that cannot be reflected in the development of a smooth
model, then the relationship between y and x can be described by Equation (2) [59]. The
average value of v is presumed to be zero by allocating a constant error to the function
(f), which is not known. Although f is not known, the Gamma test allows us to predict
the r value in some circumstances. With an increase in the number of observations, the
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Gamma value equals a value that is asymptotic and represents the variance of noise in the
output [59].

Hence, the Gamma test enables us to predict the part of the output variance that the
smooth data model is unable to calculate. Moreover, it has been shown, based on experi-
ments, that the results predicted by the Gamma test are more accurate than other methods,
such as the Mutual Information (MI) method [60]. The model identification techniques
enable us to develop the input combinations efficiently by utilizing advanced algorithms.
Different model identification techniques have been used previously, including Genetic
Algorithm (GA) by [49,61] for the forecasting of streamflow. Similarly, [33] employed
GA, Hill Climbing (HC), Full Embedding (FE), Increasing Embedding (IE) and Sequential
Embedding (SE) for sediment load prediction in an irrigation canal.

The Gamma test calculates the MSE value for each set of input combinations. Whichever
combination provides the least value is selected as the best combination for desirable out-
puts that are smooth and noise free.

P=F(@)+R @)

where:

P is a function of g, F is the smooth model and R is noise. Taking the R component as 0
from Equation (2) a constant bias associated with our function F.

Total 2" ! combinations are possible in the Gamma test, which creates a tedious task
where unwanted input combinations will be formed. To overcome this problem, the win
Gamma environment was used in order to identify the best possible combinations that will
lead to reliable and realistic results.

2.5. Model Development
2.5.1. Local Linear Regression (LLR)
Local Linear Regression is widely used for forecasting due to its accuracy and high

degree of precision. In this method, the nearest neighbors have to be selected, which is
necessarily required for matrix calculation.

X11 X12 X13 S X1d my LA

X21 X22 X23 e X2d my Y2

X31 x32 X33 o X3d mg|l =| Y3 3)
Xxpmaxl Xxpmax2 Xxpmax3 -+ Xxpmaxdl L[4 Ymax

where:

X is the d matrix with the input points Py, in the d dimension, which indicates
nearest neighbor points, y indicates the column vector with a length equal to P4y, and m is
a column vector of the parameters that are the outputs of the matrix calculations.

2.5.2. Dynamic Local Linear Regression (DLLR)

Dynamic Local Linear Regression (DLLR) is a modeling approach that is identical
to LLR and has surplus features in a way that when data is incorporated, new data is
observed in the model. When new data is incorporated into the model (after attempting
the prediction stage), the DLLR model performs and predicts better [62]. The effect can
be seen if the model is started with a small training dataset and a large testing dataset. It
is recommended to start the DLLR model with a training dataset of reasonable size, as
the initial kd-tree will be better balanced, and there will be a reduction in query times.
The DLLR is simply an LLR model with dynamic updates and is good for use in time
series prediction.
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2.5.3. Artificial Neural Networks (ANNSs)

The concept of ANN is very similar to our neuron system. As neurons are connected
with each other by nodes, similarly ANN is also a collective group of nodes. The function of
ANN is very similar to how our neurons work, the output from one node is input for another
node. As connected nodes receive the signal, they are multiplied with corresponding
weights, and finally, these signals are added for a particular junction. Supervised and
unsupervised are two learning methodologies; among these two, supervised learning is
widely used. In supervised learning, input and output need to be added into the network
in order to change the weights with the objective of minimizing error in the final output
product. ANN has an input layer and an output layer, where the input layer can have more
than one layer; therefore, the layers between the first and last layer (output layer) are called
intermediate layers [63].

In this study, we considered three Artificial Neural Network-based methods, namely
Two Layer Back Propagation (TLBP), Broyden—Fletcher—-Goldfarb—Shanno (BFGS) and
Conjugate Gradient Neural Network (CGNN) [64]. The structure of ANN models was
optimized by changing the number of nodes in hidden layers of a multi-layer neuron
network. However, the number of hidden layers was fixed as two (02) due to their capability
of capturing the complex and nonlinear behavior of streams. Previously, the two hidden
layers have been successfully used by [49] to train ANN-based streamflow estimation
models [33] for sediment load estimation models, and for the estimation of reservoir
levels [32]. Although there are some rules of thumb for the selection of number of nodes in
hidden layers, ref. [65] reported that the best practice to optimize the number of nodes in
hidden layers is to “try” and “evaluate” them on the basis of model performance. The same
approach has been adopted in this case, by trying and evaluating the number of nodes in
each hidden layer on the basis of the MSE (Gamma Value) achieved. The three best trails
to optimize the ANN architecture of each ANN technique (TLBP, BFGS and CGNN) are
shown in Table 2. A comparison was made between the efficiency of the ANN-based model,
Local Linear Regression (LLR) and Dynamic Local Linear Regression (DLLR) models. The
most efficient model was identified by statistical performance evaluation matrices namely
root mean square error (RMSE), variance, bias, coefficient of determination (Rz) and mean
squared error (MSE).

Table 2. DLLR, TLBP, CGNN and BFGS model development.

LLR DLLR TLBP
Test No Mask Nearest Nearest Nodes Nodes Tareet MSE Achieved
Neighbors (NN)  Neighbors (NN)  (Layer 1) (Layer 2) 8 MSE
1 001 10 10 5 5 0.000025 53 x 107>
2 111 10 10 6 6 0.00024 0.00011
3 111 10 10 10 10 0.00037 0.00022
BFGS
Test N k i
est e Mas Nodes (Layer 1) Nodes (Layer 2) Target MSE AC;‘;;Eed
1 001 8 8 0.0008 0.00015
2 111 6 6 0.0007 0.00088
3 111 5 5 0.0002 0.0002
CGNN
Test N k i
estNo Mas Nodes (Layer 1) Nodes (Layer 2) Target MSE Acil/{l;;ed
1 001 5 5 0.004 0.00039
2 111 7 7 0.002 0.00019
3 111 9 9 0.01 0.00024
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3. Results
3.1. Gamma Test Results

Figure 3 shows the graph between the variation in Gamma values for different combi-
nations/masks determined through multiple feature selection techniques. The figure shows
that almost all the feature selection methods showed low Gamma values for similar mask
inputs, which are 001 and 111. The “0” shows that the input is excluded, whereas the “1”
depicts the inclusion of a particular input. The best mask based on the minimum Gamma
value for each technique with gradient, standard error and V ratios is listed in Table 3. For
model development, the input combinations with minimum Gamma values were selected.
This Gamma value was used as a targeted MSE to train the ANN and Regression models
by using the respective set of input combinations. It can be seen that among all modeling
techniques, the Genetic Algorithm (GA) and Hill Climbing (HC) techniques had minimum
Gamma values, while Full Embedding (FE) had the maximum. It is also clear that along
with low Gamma values, the gradient and V ratio are also less for GA and HC.

—o— FULL EMBEDING GENETIC ALOGRITHM
HILL CLIMBING SEQUENTIAL EMBEDING
0.00025
0.0002
g
 0.00015
>
[1+]
€ 0.0001
©
)
0.00005 ==
0
0 1 2 3 4 5 6 7 8
Number of Observations

Figure 3. Gamma values for different model identification techniques.

Table 3. Combination masks with Gamma values and other characteristics.

Trial No.  Modeling Technique Mask Gamma Value Gradient  V Ratio
1 Full Embedding 001 0.00021 0.01 1.01
2 Genetic Algorithm 001 3.8 x 107° 0.14 0.18
3 Hill Climbing 111 35x107° 0.01 0.17
4 Sequential Embedding 111 2.6 x 107° 0.01 0.13
5 Increasing Embedding 111 2.6 x107° 0.01 0.13

3.2. LLR and DLLR Results

The Local Linear Regression (LLR) models were developed for a different set of input
combinations, which were determined through multiple feature selection techniques. For
the training of LLR models, 10 nearest neighbors were considered to classify the given
data points. [66] conducted a study and found that selection of 10 to 20 nearest neighbors
was best suitable for a small length of data as for the data of larger length, the number
of nearest neighbors should be augmented for a precise solution. The results in the form
of performance indicators (Table 4) showed that LLR and DLLR performed well with
reasonably high values of R? = (Train, Test) 0.91, 0.83 and 0.91 and 0.83, and low values
of Bias = (Train, Test) 0.009, —0.053 and —0.01 and —0.017, respectively. The same models
showed very low values of RMSE for LLR and DLLR in both the training and testing
phases. Both the LLR and DLLR models performed well for the input combination (001)
determined through GA, despite the fact that it has relatively large values of Gamma as
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compared to the other feature selection techniques. The reason LLR and DLLR performed
well with this combination is that it considered only one input which is the discharge of
the Jhelum River located just upstream of the desired point/station, where the estimation
models were developed. The simple and linear nature of regression models exhibited
better predictive power with a smaller number of inputs as compared to the ANN-based
estimation models. Such models are often called parsimonious models because they have
the capacity of performing well with their simple nature and great predictive power [67].
The scatter plots showing both the training and testing data for the best LLR and DLLR
models are presented in Figures 4 and 5.
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Figure 4. Best LLR-based models (training and testing).

3.3. ANN Results

The ANN-based streamflow estimation models were trained via TLBP, CGNN and
BFGS algorithms using Gamma value as a targeted MSE for different input masks, deter-
mined through GA, HC, FE, Sequential Embedding (SE) and Increasing Embedding (IE).
Table 4 shows the values of performance indicators, including RZ, RMSE and bias for all
types of ANN models developed for the masks determined through GA, HC, SE and IE
because the models developed for these combinations performed better as compared to
the models developed for masks through GA and FE. It is clear from that table that ANN
models showed reasonably high values of RZ; for TLBP = 0.80, 0.73; CGNN = 0.81, 0.74;
and BFGS = 0.88, 0.78; in both training and testing phases. Similarly, the values of bias and
RMSE are also less for these models showing their capacity to perform well with reasonable
accuracy. Although, the ANN models have lower performance than regression models
based on the performance indicators. However, among the ANN models, the performance
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of the BFGS model was best as compared to other ANN models with maximum R? values
(0.8828 and 0.7774) and minimum RMSE values (1.149249 and 1.052597); whereas TLBP
had minimum R? values (0.8031 and 0.7305) and maximum RMSE values (1.493783 and
1.238525) in both training and testing phases, respectively. The BFGS model outperformed
other ANN models because it is a quasi-Newton-based approach and employment of a

method of iteration that is relatively effective for the solution of nonlinear problems.
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Figure 5. Best DLLR-based models (training and testing).

Table 4. Comparison of selected input combinations (training and testing).

680

Training
1

Mode Mask R sq. Bias RMSE
LLR model 001 0.908 0.009205 1.018017
DLLR model 001 0.908 —0.01095 1.008635
TLBP-based ANN model 111 0.8031 —0.09179 1.493783
CG-based ANN model 111 0.8094 0.401287 1.520267
BFGS-based ANN model 111 0.8828 0.012462 1.149249

Testing
Model -

Mask R sq. Bias RMSE
LLR model 001 0.831 —0.05344 0.919695
DLLR model 001 0.831 —0.16991 1.766721
TLBP-based ANN model 111 0.7305 —0.4131 1.238525
CG-based ANN model 111 0.7409 0.036029 1.251868
BFGS-based ANN model 111 0.7774 —0.03043 1.052597
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4. Comparison and Discussion

Scatter plots of the training and testing of LLR and DLLR models are shown in
Figures 4 and 5 whereas for ANN models they are shown in the Figures 6-8. For comparing
different models” various performance evaluation matrices, such as mean square error
(MSE), model efficiency (R?) and root mean square (RMSE) were utilized. The LLR and
DLLR outperformed other models with high values of R?, 0.908 in training and 0.831
in testing, respectively. Moreover, the regression models performed well as compared
to other models with a minimum RMSE in the case of LLR for training = 1.018017 and
testing = 0.919695, respectively, while in the case of DLLR, it came out to be 1.008635 for
training and 1.766721 for testing, respectively. The reason behind the better performance of
the regression-based models as compared to the ANN models is due to their parsimonious
behavior for the mask of inputs (001), which has the least number of input(s). For this mask
(FE), the targeted MSE value is high (0.00021) as compared to the Gamma values for other
masks of inputs (HC, SE and IE), which contain more inputs (111). Therefore, regression-
based linear models, including LLR and DLLR, performed well for this combination of
inputs by easily achieving the targeted MSE with only one input for the mask (001). On
the other hand, the ANN-based models targeted the combination/mask (111) with the
least Gamma values, but a greater number of inputs. Thus, remained unable to perform
as well as the regression-based models due to the greater complexity involved. Similarly,
the gradient-based ANN algorithms, including BFGS and CGNN, are quite fast, but they
are often stuck at local minima and sometimes failed to achieve optimum results [68].
However, the models developed using both ANN and regression could be used for the
streamflow estimation in the region with reasonable accuracy. In the present case, the use
of the Gamma test was found to be more advantageous for regression-based streamflow
estimation models as compared to the ANN-based flow estimation models.

676

674 R? = 0.8031
672

670
668
666
664
662
660
658 °
656

PREDICTED GUAGE VALUE (m®/s)

655 660 665 670 675 680
MEASURED GUAGE VALUE (m?s)

[=2]
\‘
N

=)
X
o

R2=0.7305 o®

D D DD D
D D DD D
N B~ OO

PREDICTED GUAGE VALUE (m?/s)

[e2}
[e2}
o

»
[3)]
o

658 660 662 664 666 668 670 672
MEASURED GUAGE VALUE (m?s)

Figure 6. Best TLBP-based models (training and testing).



Water 2022, 14, 3533

12 of 16

680

D
]
()]

670

665

PREDICTED GUAGE VALUE (m®/s)

(2]
(2]
o

R?=0.8094

655
655

662

660

665 670 675
MEASURED GUAGE VALUE (m?*/s)

680

660
658
656
654
652
650
648
646

PREDICTED GUAGE VALUE (m®/s)

R?=0.7409

646

650 652 654 656 658 660
MEASURED GUAGE VALUE (m®/s)

Figure 7. Best CGNN-based models (training and testing).

662

680

(o]
]
[S)]

670

665

PREDICTED GUAGE VALUE (m®/s)

(o]
(o]
o

655

R?=0.8828

655

Figure 8. Cont.

660

665 670 675
MEASURED GUAGE VALUE (m?/s)

680



Water 2022, 14, 3533

13 of 16

672

670 @
R2=(.7774 og ®

668
666
664

662 ,

PREDICTED GUAGE VALUE (m?®/s)

660

658 660 662 664 666 668 670 672
MEASURED GUAGE VALUE (m?¥/s)

Figure 8. Best BEGS-based models (training and testing).

Previously, the upper Indus Basin (UIB) has been the key area of climate and hydro-
logical studies, as many researchers have performed hydrological and climate modeling
on the upper part of the Indus basin [49,69,70]. However, the Jhelum catchment was ne-
glected despite its previous history of flooding and the need for water management in the
region. Only a few studies have been carried out so far, e.g., [15,71]. These studies have
low-performance indicators for streamflow estimation in the region [13-15] as compared
to the present study. Therefore, the current model can provide a quick, flexible and time-
saving approach for flood forecasting in the Jhelum River. The study can provide a baseline
for the development of an early flood warning system for the used river sections of the
Jhelum River. For the flood disaster of 1992, 2010 and 2014 in Jhelum River Pakistan, the
predicted readings of the current model should be compared with the actual readings in
order to better evaluate the model performance. Furthermore, future studies should focus
on the real-time application of the model, as the current study is limited only to time series
hydrological modeling.

5. Summary & Conclusions

This study compares different Al techniques to predict floods in the Jhelum River of
the region of Punjab (Pakistan). First, the best input combination was decided for modeling,
where the regression models had the mask (001), and the ANN models had the mask (111).
The LLR and ANN models were then developed, trained, and tested. The performances
of these models were mainly analyzed by R?, bias, and RMSE. The final selection of the
model was based on the overall performance of the model.

The observations concluded that the LLR model performed best among all. It can
be concluded that the LLR model can be used for the prediction of flood in the selected
study area, however it is not necessarily valid for other regions due to geological and
climatological variations. The study revealed that for flood prediction, regression models
can be utilized with a high degree of precision at the current location of study in the Jhelum
River. It was also found that the Gamma test could be employed to decide the best input
combination in order to develop smooth ANN and regression models.

It is recommended that further studies should be carried out as the incorporation of
more temporally finer resolution data leads to more reliable results. Moreover, this study
can be extended by incorporating other AI models that may provide more suitable outputs.
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