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Gamma Test-based MLP based ANN Model for Groundwater Fluctuation
Forecasting in Kanpur District, Uttar Pradesh
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ABSTRACT

This study seeks to determine the accuracy of the groundwater level fluctuations
forecasted at the Kanpur district of India using artificial neural networks (ANNSs). An
overview of how gamma tests can be useful together to decrease the huge amount of work
involved in the process of trial-and-error in nonlinear modeling method is presented in
this study. The results indicated that performance of multilayer perceptron (MLP) based
neural network (M-16, architecture 4-18-1) is satisfactory in the groundwater level
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fluctuations forecasting. The performance assessment shows that the MLP model
performs significantly better. In future studies, it might be useful to apply these

approaches as alaborious approach for ensuring that the appropriate results are obtained

very quickly even though they are time-consuming.
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INTRODUCTION

The greatest significant feature in the management of water
resources is a good attitude and a vision of what may happen
in the future from a point of view of future events that will
affect the natural resources (Vishwakarma et al. 2022). As an
important basis for planning and designing the activities and
activities of different sectors, such as domestic, industrial, and
agricultural, an understanding of the status of water resources
in a region is paramount. This is particularly true in arid and
semiarid regions, where groundwater is scarce and essential.
Since hydrologic parameters such as groundwater level are
stochastic in nature, it is possible to predict the future status of
this parameter by using statistical analysis and mathematical
models, forexample (Saroughi et al. 2023; Mirzania et al. 2023).

Due to an increase in withdrawal rates than recharge rates in
recent years, many of the state’s groundwater basins have
experienced long-term overdraft. There are several negative
effects of long-term overdraft, including the need to pump
water from deeper wells which results in higher energy costs
for pumping water, land subsidence, a reduction in river flow,
as well as decreased water quality (Sahu et al. 2020).
Consequently, decision makers are required to have access to
accurate, reliable, and timely predictions of groundwater
levelsin order to make effective decisions.

The groundwater resources are mostly dependant on a wide
variety of factors and have complex fluctuations, therefore itis
necessary to present a mathematical method to decompose
the complexity of the groundwater resources and their
variations (Shukla et al. 2021; Vishwakarma et al. 2023). Hydro-
climatological variables forecasting can be carried out by use
of several robust tools, among which artificial neural
networks (ANNSs) is among the most common. Several

methods of intelligence knowledge have been applied to the
forecasting of groundwater levels, including neural networks
and machine learning (Coulibaly ef al. 2001; Nayak et al. 2006;
Ch and Mathur 2012; Singh et al. 2016; Choubin and Malekian
2017; Solgi et al. 2021).

In contrast, in the previous studies, there was less emphasis
placed on determining the optimal input variables for
nonlinear models (such as ANNs) in the context of
groundwater modeling. Rashidi et al. (2016) have suggested
that the determination of optimal parameters is an important
part of nonlinear modeling. Using gamma test, they selected
the best input to simulate the suspended sediment from a
wide variety of inputs. Additionally, Jajarmizadeh et al. (2015)
applied the gamma test to identify what input variables are
most appropriate for support vector machines (SVM) in order
to predict the flow of water in a semiarid basin in Iran based on
input variables.

A conventional approach to estimating groundwater depths,
runoff or soil moisture is to use mechanistic, multi-scale and
multi-physics simulation models, such as Hydrus,
MODFLOW, PARFLOW, SWAT, HydroGeoSphere, and
TOUGH, that are based on mechanistic multi-scale, multi-
physics simulation models (Steefel et al., 2015; Langevin et al.,
2017). Using partial differential equations, these models
represent physical processes such as mass, momentum, and
energy transfer. They also require extensive characterizations
of hydro stratigraphic properties, precise boundary
conditions, such as recharge sources, climate change, and
changes in water use, in addition to extensive characterization
of hydro stratigraphic properties (Sahoo et al., 2017). The
information of such parameters is often not available a priori,
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and in order to determine some parameters, one has to solve
an inverse problem (Arora et al., 2011), which itself requires
running simulation models repeatedly until the values have
been determined. This results in a substantial increase in
computational costs (Aroraetal., 2012).

Guzman et al. (2017) applied a dynamic form of a Recurrent
Neural Network (RNN) model to forecast groundwater levels
in the Mississippi River, US. A daily historical input time
series, including precipitation levels, groundwater levels, and
the timing of rainfall, were collected for a period of eight years
to forecast groundwater levels up to three months in the
future. According to their findings, models created with lags
of 100 days provided the most precise forecast of groundwater
levels in judgement with models generated. Sarangi and
Bhattacharya (2005) studied and compare ANN models for
sediment loss forecast with a MLR model in order to
determine the effectiveness of ANN models in Banha
watershed in India. Based on the hydrographs and the siltload
data of 1995-1998, two ANN models were developed, one
geomorphology-based and the other non-geomorphology-
based, to predict sediment yield, and their reliability was
tested using the hydrographs and siltload data.

Hence, the purposes of this study are (1) identify the best
input combination for multilayer perceptron (MLP) based
artificial neural networks (ANN) modeling approach; (2)
selecting the best four input combination in the multilayer
perceptron (MLP) based artificial neural networks (ANN)
models; and (3) comparing the performance of MLP based
ANN models in groundwater level fluctuation forecasting at
Kanpur District.

MATERIALS AND METHODS

Study area

The Kanpur district lies between 25°55” and 27° North latitude
and 79°30" and 80°35" East longitudes in Survey of India
Toposheet No. 54N and 63B. Fig. 1 illustrates the location of
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Fig. 1: Location map of the Kanpur District.

the study area. The total geographical area of the district is
3155 km®. The long-term average annual precipitation of
Kanpur districtis 821.9 mm.

Data Acquisition

Meteorological and hydro geological data of last 18 year for
the duration 1998-2016 were collected from the metrological
station of Kanpur District. This includes rainfall, effective
rainfall, average temperature, relative humidity, solar
radiation, wind speed, evaporation and evapotranspiration.
Ground water Level data for the above period from 50 wells of
different blocks (Kakwan, Bilhaur, Ghatampur, Shivrajpur,
Chaubeypur, Kalyanpur, Vidhnu, Sarsaul, Bhitargaon and
Patara) of Kanpur district were obtained from Divisional
office of CGWB- Kanpur Nagar, Ministry of Water Resources,
RD & GR, Govt. of India.

Analysis of data

Eighteen years data collected for the analysis was divided into
two phases, first phase is training (70%) data and second is
testing (30%) data. The training was done using the fifteen
years data from January 1, 1998 to December 31, 2013, whereas
the testing was done using the three years data from January 1,
2014 to December 31, 2016 for validation of developed models.
The statistical parameters of ground water level fluctuation
dataareshownin Table 1.

Table1: Statistical parameter of ground water level
fluctuation data set for training and testing at
Kanpur Nagar

Ground water level fluctuation

Statistical parameters . Testing
Training data set data set

Mean 0.6047 0.8219
Standard Error 0.0536 0.0850
Median 0.4000 0.5500
Mode 0.2500 0.2500
Standard Deviation 1.0029 1.0408
Sample Variance 1.0059 1.0833
Kurtosis 7.6566 3.7127
Skewness 1.7395 0.1603
Range 9.0700 8.5100
Minimum -2.8500 -3.8200
Maximum 6.2200 4.6900
Count 350 150
Confidence level (95.0%) 0.1054 0.1679

Multilayer Feed forward Neural Networks

The multilayer feedforward neural network is a system that
consists of an interconnection of perceptron cells in which
communications and computations move from the input to
the output of the neural network in a single direction. There
are a number of layers in a neural network that correspond to
the layer of perceptrons that make up the neural network. One
of the simplest neural networks is one based on a single input
layer and a single output layer consisting of perceptrons each.
The network depicted in Fig. 2 is an example of this type of
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network. The output layer of the network is the only layer with
the functionality of activation calculations, which is why the
network is technically referred to as a one-layer feedforward
network with two outputs. There are no connections between
neurons in the same layer, and there is no feedback between
layers as well. In each layer, the inputs from the neurons are
applied as the outputs from the neurons in the next layer, and
so on. As a result of this network, the following equation can
be used to determine the final output:

Y=/ [Z, WigFa(Wiexi + bi) + b M

Where, xis an input vector, W j i is the connection weight from
the i neuron in the input layer to the j neuron in the hidden
layer;j is the threshold value or bias of j hidden neuron; Wk j
is the connection weight from the j neuron in the hidden layer
to the k neuron in the output layer; k is bias of k" output
neuron f hand f o are the activation function for hidden and
outputlayer.
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Fig. 2: Single layer and multilayer feed forward networks.

Gamma Test (GT)

The mechanism of evapotranspiration is part of hydrological
processes that are typically non- linear, complex, and
dynamic. Due to the trial-and-error procedure, looking for the
best input combination is a challenging task the optimal for
hydrological modelling (Gholami ef al. 2021; Bajirao et al.
2021). This procedure needs calibration and testing to
establish the best model based on input combinations. The
Gamma test (GT) minimizes the workload needed for model
creation by considering all input combinations of input
parameters, guiding selecting input parameters for creating a
reliable, smooth model (Singh et al. 2019, 2022; Kumar et al.
2022). GT is anon-parametric test and non-linearity analyzing
tool that examines the nonlinear relationship between input
and output variables (Malik et al. 2018; Singh et al. 2018). A
major advantage of this tool is its speed in massive data sets
because GT takes a few moments to run. The GT algorithm
uses a set of Minput/output variables as:

i@, e e X (), 31} = i yi}[1 S 1 < M] 2)

For which “M” is the total number of data, “X” is the input
matrix and “Y” is the corresponding output variable, for
which a hypothesis for a possible link between X and Y is the
available. The gamma coefficient (') is calculated value using
simple linear regression between X and Y which is given
below:

v =f(% e X)) +T (3)

Where f is a smooth function and I' is a random variable
representing noise. This study selected the best input
combination based on the minimum V-ratio and gamma (T)
value for predicting ground water fluctuation. WinGamma"™
software was utilized to apply the gamma test.

Development of MLP based ANN model

Several factors affect the boost of groundwater recharge,
including infiltration capacity, rainfall characteristics, and
climatic factors, which may distress the recharge of
groundwater (Sen, 2015). A hydraulic system is essentially
dynamic in nature with an inherent memory, which means
that the output of a system (watershed) on any given day will
be affected not only by the inputs and outputs of the current
day, but also by the inputs and outputs of the day before (Chua
and Wong, 2011). Ground water level produced by rainfall,
constantly has a time lag as associated to real ground water
level. In this case, time series have to be useful for correctly
modelling of ground water level. The following equation
shows relationships of rainfall (RF), effective rainfall (ERF),
average temperature (T), relative humidity (RH), solar
radiation (SR), wind speed (WS), evaporation (EV) and
evapotranspiration (ET) and ground water level (GW):

GWF = f(RF, ERF, T, RH, SR, WS, EV, ET, GW,, GW,_,, GWi_z, GWiozy o) W) (4)

Where, GWF = Ground Water Fluctuation, GWt = Ground
water level in current season, GWt-1 = Ground water level one
season lag, GWt-2=Ground water level two season lag, GWt-3
= Ground water level three season lag, GWt-n =Ground water
level in n season lag. Various combinations of input
combination with five lag days of ground water level (GWL)
data sets were used in the present study to develop a model.
Model Evaluation criteria

In the present study, the accuracy and efficiency criteria that
have been used are the distinct criteria. The MLP performance
was evaluated by assessing the values of statistical and
hydrological indices such as Nash Sutcliffe model Efficiency
(NSE), Willmott Index of agreement (d), mean absolute error
(MAE), mean bias error (MBE), root mean square error
(RMSE), correlation coefficient (PCC), and R-squared
correlation (R*). In addition, line diagram, scatter plot and
Taylor diagram were used to visually analyze the diagnostic
data.
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Table 2: Choice of Input variable based on Gamma Test (GT) and Standard Errors.

Model Input variable Gamma SE

M-1 RF, ERF, T, RH, SR, WS, EV, ET, GWt1, GWt2, GW .3, GWe4, GWts 0.6020 0.0615
M-2 RF, ERF, T, RH, WS, EV, ET, GWt1, GWi2, GW 3, GWis, GWt5 0.6062 0.0608
M-3 RF, ERE, RH, WS, EV, ET, GWt1, GWi2, GW 3, GWi4, GWt5 0.6490 0.0586
M-4 RF, ERE, RH, EV, ET, GWe1, GWt2, GW 3, GWe4, GWes 0.6022 0.0598
M-5 RF, ERF, EV, ET, GWt1, GWe2, GW 3, GWe4, GWes 0.6392 0.0561
M-6 RF, ERF, ET, GWe1, GWe2, GW 3, GWe4, GWes 0.5704 0.0615
M-7 RF, ET, GWt1, GWi2, GW 3, GWt4, GWt5 0.5052 0.0601
M-8 RF, GWe1, GWi2, GW 3, GWt4, GWis 0.6005 0.0604
M-9 GWt-1, GWt-2, GW t-3, GWt-4, GWt-5 0.6204 0.0595
M-10 GWt-1, GWt2, GW t-3, GWt-4 0.5034 0.0595
M-11 GWt-1, GWt-2, GW t-3 0.4179 0.0501
M-12 GWt-1, GWt-2 0.6065 0.0598
M-13 GWt-1 0.5859 0.0584
M-14 RF, GWu 0.5994 0.0595
M-15 RE, GWt1, GWe2 0.4164 0.0508
M-16 RE, ERE, GWt1, GWt2 0.4088 0.0497
M-17 RE, ERF, GWi1, GWe2, GW 3 0.3975 0.0483
M-18 RF, ERF, ET, GWe1, GWe2, GW 3 0.5383 0.0610
M-19 RF, ERF, ET, GWe1, GWe2, GW 3 0.5916 0.0591
M-20 RF, ERF, ET, GWe1, GWe2, GW 3, GWea 0.5916 0.0596
M-21 RF, ERF, RH, SR, WS, EV, ET 0.5894 0.0589
M-22 RF, ERF, SR, WS, EV, ET 0.5828 0.0614
M-23 RF, ERF, WS, EV, ET 0.6116 0.0570
M-24 RE, ERF, EV, ET 0.6075 0.0597
M-25 RF, ERF, ET 0.6166 0.0619
M-26 RF, ERF 0.5991 0.0583

Where GWF, and GWF," are the observed and models GWF
data GWF, and GWE" are the mean value of the observed
and models GWF data.

RESULTS AND DISCUSSION

Selecting Best Input Variable Using Gamma Test

Choosing the optimal set of input parameters for predicting
GW fluctuation and the GWL trend is very challenging which
was also used to remove the redundant input constraints that
have little or no impact on the forecast. In order to avoid
complexity, the most relevant inputs are selected based on
their influence on the results. Following that, the results are
easy to understand and to analyze since the models have been
developed with only the most relevant inputs. Table 2
illustrate the GT results for several input variables and the
corresponding GWF data test architecture and the results of
running the multilayer perceptron (MLP) based ANNs model
after they have been developed.

The best four input-output combinations were selected
based on Gamma test. In this study, M-11, M-15, M16 and

M-17 models were found as the best input- output
combination based on minimum value of gamma and
standard error (SE).

Comparison of MLP based ANNs models M-11, M-15, M-16,
M-17

Various MLP based ANN models developed for the
prediction of ground water fluctuation in various blocks of
Kanpur district were assessed based on the statistical
evaluation criteria. A number of performance indices were
evaluated during the training and testing period for these
selected models, and the results are shown in Table 3. In this
study, M-11, M-15, M-16 and M-17 models were found as the
best combination of input-output based on minimum value of
gamma and standard error (SE) (Table 2). The values of MAE,
MBE, RMSE, d, NSE, PCC and R’ for selected models (M-11,
M- 15, M-16 and M-17) varied from 0.065 to 0.274 m, -0.079 to
0.006 m, 0.011 to 1 m, 0.937 to 0.998, 0.843 to 0.988, 0.985 to 1,
and 0.97 to 1, respectively. The analysis of the selected MLP
based ANN models (i.e., M-11, M-15, M-16, M-17) based on
several statistical indices during the testing period shown in
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the Table shows that performance of M-16 is better than other
models. Among the selected models, M-16 with MAE = 0.090,
MBE =0.000, RMSE =0.016, d =0.995, NSE = 0.988, PCC =1.000
and R* =1.000 respectively during training and MAE = 0.099,

MBE=-0.030, RMSE=0.011, d=0.994, NSE=0.934, PCC=1.000
and R*=1.000 respectively during testing, was found to be the
best model.

Table 3: Comparison of the selected MLR based M-11, M-15, M-16 and M-17 models

Data Model Architecture Statistical parameters

e MAE MBE RMSE d NSE PCC R?

P M-11 3-36-1 0.243 0.005 0.031 0.948 0.947 0.985 0.970
]

§ M-15 3-25-1 0.065 0.006 0.027 0.995 0.961 0.993 0.986
%0 M-16 4-18-1 0.090 0.000 0.016 0.995 0.988 1.000 1.000
E M-17 5-30-1 0.198 0.000 1.000 0.968 0.978 1.000 1.000
w M-11 3-36-1 0.274 -0.079 0.021 0.937 0.874 0.997 0.995
_1§ M-15 3-25-1 0.066 -0.020 0.025 0.998 0.843 1.000 1.000
%’3 M-16 4-18-1 0.099 -0.030 0.011 0.994 0.934 1.000 1.000
E M-17 5-30-1 0.219 -0.067 0.018 0.966 0.905 1.000 1.000

The visual diagrams between observed and forecasted values
of GWF using MLP based ANN models for Kanpur City
during the training and testing period are depicted in Fig. 3. It
is detected from these graphs and scatter plots that the
developed models generally under predict to GWFs. There
areno data point have found big deviation between forecatsed
and observed runoff for M-16 with architecture 4-18-1 model
during training and testing period. It is apparent from these

Line diagram

—— Observed GWF —— M-16 Model

Ground water fluctuations (meter)

Figures that predicted ground water fluctuations using M-16
with architecture 4-18-1 model during training testing period
is quite close to the values of observed GWEF. It is clear that
selected M-16 with architecture 4-18-1 model give satisfactory
results for GWEF. The qualitative assessment of the established
models in forecasting of GWFs has been found suitable for the

Kanpur City.
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Fig.3: Line and scatter diagram between observed GWF and predicted GWF model (M-16, architecture 4-18-1) during training

and testing data sets
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Based on the characteristics of acceptable results ranges for
NSE, d and R’, all model found very good. Based on the input
parameters availability, any one of them model could be select
for ground water fluctuations forecasting. Furthermore,
Taylor diagram confirm that M-16 model was very close to

Taylor Diagram

Normalized Standard Deviation

05 075

Fig.4: Taylor Diagram of M-11, M-15, M-16 and M-17 model.
Note: red dot-dash line shows RMSE value
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