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Abstract— Constant monitor and precise groundwater storage transform predictions aids
in supporting better advancement and better management of groundwater resources.
Currently, remote sensing schemes were developed for evaluating storage changes in
groundwater. Even though these schemes were comparatively computed reliably and simply
over vast areas, they were not appropriate to forecast storage changes in groundwater due to
lower resolution issues. This work makes an algorithmic evaluation on the introduced
groundwater forecast model, where, “statistical features and vegetation index (VI) features”
are derived. Furthermore, hydro index (HI) is modeled by merging the statistical function
with VI. Further, HI features are given to the proposed ensemble classifier. Finally, analysis
is done to prove the efficiency of adopted model by changing the layer wise changes in the
model and analysis on features.

Keywords—Groundwater; Vegetation index; Hydro Index; DBN classifier; SVM Model.

Nomenclature

Abbreviation Description

ANN Artificial Neural Network

Al Artificial Intelligence

ANFIS Adaptive Neuro-Fuzzy Inference System
CNN Convolutional Neural Network

DT Decision Tree

DE Deep Ensemble
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INTRODUCTION

DBN Deep Belief Network

GP Genetic Programming

GWL Ground Water Level

GSA Gravitational Search Algorithm

GMDH Group Method Of Data Handling

GWT Ground Water Table

GVI Green Vegetation Index

HI Hydro Index

LSTM Long Short Term Memory

LR Learning Rate

MLP-WA Multilayer Perception

ML Machine Learning

MSE Mean-Square-Error

NIR Normalized Infrared/Red Ratio

NN Neural Network

NB Naive Bayes

NF Neuro-Fuzzy

NDVI Normalized Difference Vegetation Index

NSI Nonsuch Index

PSO Particle Swarm Optimization

RBF-NN Radial Basis Function Neural Network

RNN Recurrent Neural Network

RMS Root Mean Square

RF Random Forest

WA-SAELM | Wavelet-Self-Adaptive Extreme Learning
Machine

SVM Support Vector Machine

SBI Soil Brightness Index

VI Vegetation Index

YVI Yellow Vegetation Index

WA Whale Algorithm

Climatic variant circumstances on water utilization and need of optimal managing of
accessible resources end in a rising water calamity. Groundwater is amongst the primary
water supply resource [6] [7]. However, it is declining due to over exploitation and
inappropriate extraction, which increases water deficiency both in future and present.
Recently, analysts have deployed diverse arithmetical schemes for predicting GWL [8] [9].
These schemes were build for matching the intricacies of forecasting GWLs due to the
diversity of structural and input constraints, long-term performance, and a variety of
calibrations [10] [1].

Modern analysis in the previous year exploited soft computing schemes to predict ground
water, like ANFIS and ANN [11] [12]. Other improved or statistical models depending upon
optimization schemes like SVM include higher abilities to predict GWLs. The aforesaid
models were very much deployed in varied studies, handling with the forecast of hydrological
and hydraulic variables owing to features like requirement of available input data, ease of
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computation process, flexibility to hydrological and hydraulic limit of the crisis, higher
precision, and quick performance period [13] [14] [15] [1].

Certain studies have used Al for predicting GWLs. Conventionally, the results of
combined ANN wavelet decreased the comparative error than that of ANN [16] [17]. Even
though a lot of conventional schemes deployed ANN to predict GWL, it is essential to build
up an ANN model, which could prevail over the standard ANN scheme. Moreover, it is
established that the significant constraints of ANN influences the effectiveness of the model
[18] [19] [20]. As a result, optimization schemes could be deployed for optimizing the
significant constraints [1].

The contribution is listed below:

e Determines an algorithmic evaluation on the proposed underground water
prediction with respect to layer variation and feature evaluation.

In this paper, Section Il reviews the adopted work. Section Il proposes prediction of
underground water. Section IV elucidates extraction of HI features. Section V delineates the
ensemble technique. The results and conclusion are in Section VI and VII.

Il. LITERATURE REVIEW

A. Related works

In 2020, Banadkooki et al. [1] attempted to forecast GWL attained from temperature data
and precipitation depending upon a variety of chronological delays. The RBF-NN and WA
model, the MLP—WA model, and GP were deployed for predicting GWL. The intention was:
(1) to arrange robust fused ANN schemes; (2) to learn the amalgamation of ANN schemes
and optimizations; and (3) to learn ambiguity associated to the input constraints, in which, 3
scenarios with diverse inputs were measured.

In 2021, Mallikarjuna et al. [2] have gathered the current datasets of longitude of GWL
and predicted and analyzed the datasets of “Chittoor (Andhra Pradesh, India) and Greater
Noida (Gautham Budh Nagar, Uttar Pradesh in India) regions”. The deployed ML scheme, by
exploiting the SVM oriented binary forecast, offered effectual outputs. This scheme was
deployed in North Indian area and South Indian area.

In 2019, Jahanara et al. [3] aimed to offer an amalgamation of a NF system and GMDH
for forecasting the GWT. The NF-GMDH network was enhanced using PSO and GSA
approaches. For enhancing, datasets associated with time sequence of GWT was clustered to
3 sections: validation, testing, and training phases.

In 2019, Malekzadeh et al. [4] modelled GWL of Kabodarahang region with 2 new
schemes that included WA-SAELM and SAELM. by means of the stepwise assortment as
diverse lags together with diverse input amalgamation, 10 diverse WA-SAELM and SAELM
schemes were introduced. Initially, the finest activation function was elected for arithmetical
models. Subsequently, GWL was standardized for equalizing the values and accuracy and
speed were enhanced of modelling. After that, an optimal mother wavelet was elected for
simulating GWLs.
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In 2018, Adel et al. [5] deployed varied datasets with ANFIS and PSO for developing the
forecaster models. Input parameters for constructing model like “perimeter holes powder
factor, tunnel section area; specific drilling and spacing to burden ratio of contour holes”
were considered. RMS values and determination coefficient was attained better using
developed model.

I11. PROPOSED PREDICTION OF UNDERGROUND WATER

This work endures an algorithmic evaluation on the proposed ground water prediction
model, where, statistical features like median, mean, kurtosis, and skewness are derived along
with vegetation index including “simple ratio, NDVI, Kauth-Thomas Tasseled cap, and
Infrared index transformation”. The combined vegetation index and statistical features are
termed as HI. The HI features are given to NN, RF and SVM. The results are then subjected
to DBN to get the ultimate prediction outputs. Fig. 1 shows the picture of adopted model.

Ensemble classification
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IV. EXTRACTION OF HYDRO INDEX FEATURES

A. Statistical features

Initially, the statistical features like Median [22], Variance [23], Skewness [24], and
Kurtosis [24] are derived.

B. VI features

VI includes “simple ratio, NDVI, Kauth-Thomas Tasseled cap, and Infrared index
transformation”.

Simple ratio: “It is defined as the ratio between the reflectance recorded in NIR and red
bands”, as shown in Eq. (5), wherein, R signifies red bands.
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NDVI [25]: It is defined as “a graphical indicator used to analyze the measurements of
remote sensing in a space platform that examines whether the target is observed or not”. The
NDVI (Vv1,) is computed as in Eq. (6).

_(NIR-R)
27 (NIR+R)

(6)

In Eq. (6), NIRand R implies spectral reflectance attained in visible (red) and near-infrared
areas. In addition, this “spectral reflectance’s is the ratios of the reflected over the radiation
incoming in every spectral band individually”. Thus, it lies among 0.0 and 1.0. The NDVI
lies amongst value of -1.0 and +1.0.

Kauth-Thomas-Tasseled cap: These features are denoted by Vi3 and it is attained from
the data of related 6 TM band.

> “Band 1(brightness, X measures)
> Band 2(vegetation, greenness measures)
> Band 3(wetness, and interrelationship of canopy moisture and soil measures)”

The Tassel Cap [26] transforms the real data to convert it to 4D space. In addition, these
transforms have SBI, GVI degree, YVI degree as shown in Eq. (7) - (9). For reducing noise,
it involves NSI.

GVI =-0.290MSS, —0.562MSS5 + 0.600MSSg 0

+0.491MSS;

YVI =—0.829MSS, —0.522MSS +0.039MSS @®)
+0.149MSS;

SBI = +0.433MSS,, —0.632MSS +0.586MSS; )

+0.264MSS,,

Infrared index transform: It is defined as “the ratio combination of NIR and short wave
infrared bands SWIR” as defined in Eq. (10).

DIl _ (NIR-SWIR)

(NIR+SWIR) (10)

C. Novel HI features

It is the amalgamation of VI with statistical features. Accordingly, Harmonic Mean is
computed from every “statistical features (G;) and Weighted Quasi Arithmetic Mean (G,)

is computed from VI. Thus, the new hydro index is shown in Eq. (11), wherein, w,and w, =
weight of harmonic mean and VI, w; is computed as in Eq. (14). The triangular function is

described with valuel, lower and upper limitsa and b .

HI =W,G; +W,G, (11)
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G- 5 (12)

(14)

V. ENSEMBLE TECHNIQUE FOR UNDERGROUND WATER PREDICTION

The HI values are then classified via RF, NN, SVM and the received output is then
classified via DBN for predicting the GWL.

A. SVM

SVM performs simpler nonlinear regression and deals with classification issues [27]. We
should be concerned on double issues of Lagrange work, which reduce the quadratic
programming issues in SVM scheme.

J
1 .

—.E nXq.Xn. 15
> Yd-7n-Ad hK(Zd1Zh)—>mX'”,( )

D 74:Xa =0,0<y<Crd=1,3
d=1
In Eq. (15), y4 —> dual variable, z; ->data presented throughout training, Y4=>+1 or -
land «{zy,z,) = kernel functions. Further, J ->count of data accessible throughout training
dataset, and Cr -> regularization constraint. The SVM outcome is implied asCCy,.

B. RF

RF [28] scheme deployed the collection of DT. The RF includes definite primary
constraints like: “the most extreme profundity of the tree, the parting basis, the quantity of
trees in the forest, and the quantity of attributes to consider while searching for the best split
as well”. The Gini degradation is exploited as parting technique, and it is shown in Eq. (16),
where, U(0,,) = subset of element oy, class in tree nodeT .

Ginir =1—iu2(oh) (16)
h=1

Furthermore, the splitting principle for binary classification is specified in Eq. (17).
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GiniP™ = A/ Giniry + 2/, Ginir, > min  (17)

In Eq. (17), A -> object count at present node, A & A,—> object count at nodes to both
descendant nodes of binary tree T,and T,. The RF outcome is implied as CCxg .

C. NN

The input to NN is the derived features HI as symbolized in Eq. (18), where, m —>total
feature count [29].

HI ={HIy,Hi,,.....Hl,} (18)
The NN framework includes output, hidden and input layers. The hidden layer output a(f)
is shown in Eq. (19), wherein, f and e - neurons in hidden layer and input layer,bf

—>activation function, w{ ﬁ > bias weight with ™ hidden neuron, §; —>input neuron count,

and w{ ﬁ%welght amongst e™ input neuron to f™ hidden neuron. Here, %, = network output

modelled as in Eqg. (20), wherein, 6> output neurons, NH-> hidden neuron count

~th fth

wf) >output bias weight of " output layer, w{ ))9 weight amid f" hidden layers to y"

output layer. The error (Er*) should be lower as in Eq. (21), sp —>output neuron count,
xg and xy = predicted and actual output.

<©-u] o S g
SRR R B

Er' = arg m|n ) Z|x | (21)

(x)

{ f )) Wi wis) w

The NN outcome is implied asCCyy . Then, the outcomes of RF, SVM and NN are
summed as in Eq. (22).

CC= CCNN + CCSVM + CCRF (22)

D. DBN
The DBN [30] is used here distinguish the existence of underground water using CC.

DBN deploys CD learning model that is described as follows.

Step 1: The training sample Trainis selected.
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Step 2: The hidden neuron’s probability b,y is computed by comparing the product of

M weight matrix and visible vector vis as byq =a(vis.§) as in Eq. (34), wherein, o = activation
function.

blhid,, —1]vis)= a(CV " Zvisusu,vj (34)
u

Step 3: The hidden states hid from hidden unit up,;; probabilities are analysed.

Step 4: Compute vis exterior product of vectors andbythat is computed as +ve
gradient g™ =vis. b, .

Step 5: Eq. (35) examines reformation of vis’ visible states from hid hidden states. It is
necessary to examine hidden states hid’ from vis' restoration.

b{vis, —1/hid )= a[FU +Zvis\,su,\,} (35)
u

Step 6: Compute exterior product vis and hid , via —ve gradientg~ = vis"hid'P
Step 7: Eq. (36) portrays updated weight, where, ¢ - learning rate.
AS =clg* —¢7) (36)
Step 8: Furthermore, the weight update with novel values is specified by Eq. (38).
Sy =ASy .y +Syy (38)
In MLP model, consider (Goéo,Boéoj as training patterns, wherein,1<Co<Ps, CO =

training pattern count, co%and BO® - actual and predicted outputs. The error is
evaluated as in Eq. (39).

eC —GC _BC (39)

Thus, Eq. (39) implies squared error of H pattern following MSE in Eq. (40) and (41),
wherein, P = training pattern count.

1 j—shid A~
SErpean - (eco)
co JIShig Vz_l !
) (40)
Y 2
1 ‘]Shid ~ ~
_ z (GOCO B BOCO)
IShig o=
v=1
1 mean
SEavg = %SECAO (41)
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V1. RESULTS AND DISCUSSIONS

A. Simulation procedure

The deployed model for predicting GWL was done in “MATLAB”. The dataset was
gathered from [21]. The image was characterized to 5 kinds like “critical, over exploited,
safe, saline and semi critical and each category of image was classified based on 7
bandwidths”. The sample images of 5 categories were shown in Fig. 2 to Fig. 6. The
deployed model of adopted technique was proven over SVM, LSTM, CNN, RNN and NB.
Furthermore, the LRs were varied from 50, 60, and 70 and outcomes were achieved for

varied metrics.

Critical-Band1

Critical-Band4

Fig. 2. Sample image for 7 bandwidth of critical type

Over Exploited-Band1

Over Exploited-Band2

Over Exploited-Band3

Over Exploited-Band4

Over Exploited-Band5

Over Exploited-Band6

Over Exploited-Band7

Fig. 3. Sample image for 7 bandwidth of over exploited type
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Safe-Band1

Safe-Band2

Safe-Band3

Safe-Band4

Safe-Bandé

Safe-Band7

Fig. 4. Sample image for 7 bandwidth of safe type

Saline-Band1

Saline-Band2

Saline-Band3

Saline-Band4

Saline-Band5

Saline-Band6

Saline-Band7

Fig. 5. Sample image for 7 bandwidth of saline type
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Semmi Critical-Band1 Semmi Critical-Band2

Semmi Critical-Band3

Semmi Critical-Band4

Semmi Critical-Band5

Semmi Critical-Bandé

Semmi Critical-Band7

Fig. 6. Sample image for 7 bandwidth of semi critical type

B. Performance Analysis

The performance of DE scheme for forecasting the underground water is evaluated over
SVM, LSTM, CNN, RNN and NB regarding a variety of metrics. The adopted DE method
demonstrates better outcome for positive metrics such as precision and specificity over SVM,
LSTM, CNN, RNN and NB models. In addition, the deployed DE model obtains utmost
accurateness at 70" LR in Fig 7(c). In addition, the adopted DE technique holds utmost
precision at 70" LR over SVM, LSTM, CNN, RNN and NB as specified in Fig. 7(d).
Likewise, the sensitivity of DE method as revealed in Fig. 7(a) attains improved values;
nevertheless, the extant models like SVM, LSTM, CNN, RNN and NB encloses lower values
at 70" LR. Likewise, the adopted DE method obtains a high precision of 0.8 over SVM,
LSTM, CNN, RNN and NB at 70" LR in Fig. 7(d). Thereby, the development of DE method
is attained efficiently for forecasting the underground water.

1-

Sensitivity
o
(4]

0
50 60 70

Learning Rate

Il svm [T]cnNN EEEINE
I L sTM I RNN [0 DeepEnsemble

Specificity
o
3]

0

1

50 60 70
Learning Rate

Il svv [OICnNN [N
L sTM I RNN [T DeepEnsemble

(@)

(b)
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Accuracy
o
(4]

50 60 70
Learning Rate
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I sTv I RNN [0 DeepEnsemble

Precision

o
3]

50 60 70
Learning Rate

I sV CNN [N
sV I RNN [0 DeepEnsemble

Fig.

(© (d)
7. Performance of adopted scheme over extant schemes for (a) sensitivity (b) specificity (c) accuracy (d)
precision
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0.4
0.3
& 0.2
0.1
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Fig. 8. Performance of adopted scheme over extant schemes for (a) FDR (b) FNR (c) FPR
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Fig. 9.
erformance of adopted scheme over extant schemes for (a) MCC (b) F1-score (c) NPV

C. Statistical Analysis

Table 1 illustrates the statistical analysis of deployed DE model over conservative
schemes. From Table, the deployed DE technique demonstrates improved outcomes over
conservative schemes for every case. Predominantly, the deployed DE method offers high
accuracy over SVM, LSTM, CNN, RNN and NB. This describes that the performances of
distinguished classifiers are not as good as ensemble one, whereas the DE model make the
prediction more exact and precise. Thus, the betterment of DE model is ensured over other
conventional schemes. Therefore, the development of DE method is obtained for precise
predicting underground water.

TABLE I. STATISTICAL ANALYSIS: CONVENTIONAL VS PROPOSED MODELS

Metrics Std dev | Variance | Mean Best Worst
NB 0.05626 | 0.003165 | 0.81349 | 0.85714 0.75
RNN 0.16057 | 0.025782 | 0.4619 0.6 | 0.28571
CNN 0.09592 | 0.009201 | 0.35952 | 0.42857 0.25
LSTM 0.32282 | 0.10421 | 0.47196 | 0.73333 | 0.11111
SVM 0.08611 | 0.007415 | 0.49048 | 0.57143 0.4
DE scheme | 0.080474 | 0.006476 | 0.89034 | 0.95435 0.8
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D. Analysis on Varied Layers

The analysis on varied layers using adopted DE method for varied metrics is shown in
Table 1. The analysis was done by using sigmoid layer, Tanh layer and softmax layer in

DBN individually.

TABLE Il

PERFORMANCE ANALYSIS ON VARIED LAYERS OF ADOPTED SCHEME

Softmax Tanh Sigmoid

Precision 0.9255 | 0.90027 0.875
F1-Score 0.71429 | 0.71429 | 0.86667
Specificity | 0.97222 | 0.97222 | 0.97222
NPV 0.97222 | 0.97222 | 0.97222
FPR 0.027778 | 0.027778 | 0.027778
Sensitivity 0.75 0.75 | 0.91667
MCC 0.86889 0.7061 | 0.83489
Accuracy | 0.91667 | 0.91667 | 0.91667
FNR 0.25 0.25 | 0.083333
FDR 0.24455 | 0.18748 0.125

E. Analysis on Features

The analysis on adopted DE scheme over adopted DE scheme without hydra index,
adopted DE scheme without VI and adopted DE scheme without statistical features is shown
in Table I1l. From Table Ill, the accuracy of DE is higher over adopted DE scheme without
hydra index, adopted DE scheme without VI and adopted DE scheme without statistical
features. Next to adopted scheme, adopted DE scheme without statistical features has
achieved good outcomes over adopted DE scheme without hydra index and adopted DE

scheme without V1.

VI11.CONCLUSION

TABLE Ill.  FEATURE ANALYSIS ON ADOPTED SCHEME
Without | Without | Without | Proposed
Hydra | vegetation | statistical DE

index index features model
NPV 0.8 0.775 | 0.85227 | 0.97222
F1-Score | 0.31944 0.28571 | 0.38889 | 0.86667
FNR 0.66667 0.60714 0.5 | 0.083333
Precision | 0.70536 0.61323 | 0.78334 0.875
FPR 0.2 0.225 | 0.14773 | 0.027778
Specificity 0.8 0.775 | 0.85227 | 0.97222
FDR 0.13177 0.64059 | 0.61917 0.125
Sensitivity | 0.33333 0.39286 0.5 | 0.91667
Accuracy | 0.66667 0.5 0.75 | 0.91667
MCC 0.50887 0.38342 | 0.80451 | 0.83489

This work developed a groundwater forecast model, where, statistical features and VI
features were derived. Furthermore, HI was modelled by merging the statistical function with
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VI. Further, HI features were given to RF, NN and SVM classifiers, and the attained output
was then forecasted using DBN classifier. Here, the adopted DE technique holds utmost
precision at 70" LR over SVM, LSTM, CNN, RNN and NB. Likewise, the sensitivity of DE
method attained improved values; nevertheless, the extant models like SVM, LSTM, CNN,
RNN and NB enclosed lower values at 70" LR. Likewise, the adopted DE method obtained a
high precision of 0.8 over SVM, LSTM, CNN, RNN and NB at 70" LR. Thus, the efficacy of
DE model was proved over the compared models.
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