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ABSTRACT 
Reliable prediction of groundwater level is essential for aquifer monitoring, seasonal water-resource planning, and 
early identification of hydrological stress. Groundwater response is nonlinear, spatially heterogeneous, and temporally 
delayed because observed levels are shaped by rainfall variability, well characteristics, physiographic position, and 
previous aquifer states. This study develops a leakage-aware feature-extraction and model-selection framework for 
monthly groundwater-level prediction in Belagavi and Khanapur taluks, Karnataka, India, using integrated well-water-
level and rainfall observations from 2015 to 2024. The workflow combines official groundwater records with rain-
gauge observations through spatial nearest-neighbor matching, followed by preprocessing, exploratory statistical 
analysis, feature extraction, model benchmarking, and generalization-gap evaluation. Feature extraction includes 
cyclic month encoding, water-level and rainfall lag features at 1, 2, 3, 4, 6, and 12 months, and dimensionality-
reduction components derived from PCA, SVD, and ICA. The current target water level is explicitly excluded during 
feature generation, and scaling is fitted only on training data to reduce leakage risk. Classical regression, tree-based 
models, boosting algorithms, SARIMAX, autoencoder-based regressors, CNN, GRU, LSTM, and BiLSTM are 
evaluated under a common train-test protocol and time-series cross-validation. Results show that spatial variables, 
well depth, altitude, and lagged groundwater information are more informative than rainfall alone. Among the 
evaluated sequence-learning models, LSTM provides the most favorable accuracy-generalization balance, with 
substantially lower average generalization gaps than GRU and many boosting baselines. The proposed framework 
contributes a reproducible pathway for robust groundwater prediction where model selection is guided not only by 
test accuracy but also by stability between cross-validation and independent testing. 
Keywords: Groundwater level prediction, LSTM, feature extraction, time-series cross-validation, generalization 
gap, rainfall, Belagavi, Khanapur, leakage-aware machine learning, PCA, SVD, ICA. 
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1. Introduction 
1.1 Background and motivation 
Groundwater is a strategic water resource for drinking-
water supply, irrigation, drought buffering, and rural 
livelihood security[1]. In semi-arid and monsoon-
influenced regions, groundwater-level dynamics are 
controlled by interacting processes: recharge from 

seasonal rainfall, delayed subsurface response, spatial 
heterogeneity of aquifer material, terrain controls, well 
construction, and anthropogenic abstraction[2]. 
Because the water table does not respond 
instantaneously to rainfall, prediction models must 
represent both current hydro-climatic conditions and 
the memory carried by previous groundwater states[3]. 
Groundwater-level prediction is therefore a spatio-
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temporal learning problem rather than a simple 
regression exercise[4]. 
The growing availability of monitoring data has 
encouraged the use of machine-learning and deep-
learning models for groundwater-level forecasting[4], 
[5]. Ridge regression, decision trees, gradient 
boosting, convolutional neural networks, gated 
recurrent units, and long short-term memory networks 
have all been used to learn nonlinear patterns from 
hydro-meteorological data[6], [7]. Despite this 
progress, accuracy alone is insufficient for operational 
groundwater management. A model may perform well 
during cross-validation yet degrade on an independent 
test set, particularly when feature sets are large, 
seasonality is strong, or target leakage occurs during 
feature construction. Robust groundwater prediction 
therefore requires high test accuracy and reliable 
generalization to unseen observations[8], [9]. 
This study addresses this need through a leakage-
aware feature-extraction and generalization-gap 
evaluation framework. The framework is 
demonstrated for monthly groundwater-level 
prediction in Belagavi and Khanapur taluks using an 
integrated dataset of well-water-level records, rainfall 
observations, rain-gauge locations, terrain attributes, 
and well characteristics[10]. The central hypothesis is 
that engineered spatio-temporal features, particularly 
lagged groundwater and rainfall variables, improve 
model efficiency and reduce the difference between 
cross-validation and independent test performance. 
The study further evaluates whether LSTM, because 
of its gated temporal memory, provides a more stable 
prediction structure than static machine-learning 
models and alternative deep-learning 
architectures[11], [12]. 
1.2 Research gap 
Existing groundwater-prediction studies have 
demonstrated the potential of machine learning and 
recurrent neural networks[6]. However, several 
methodological gaps remain important for high-
quality hydrological modeling. First, many studies 
focus on final accuracy without clearly separating the 
effects of feature extraction, cross-validation 
performance, and independent test performance. 
Second, rainfall is often included as an explanatory 
variable without explicit spatial assignment from rain 
gauges to observation wells. Third, construction of lag 
features can introduce data leakage when the current 
target variable is inadvertently included among 
predictors. Fourth, feature sets with different numbers 
of predictors are sometimes compared using ordinary 
R2 alone, although adjusted R2 and error-based 
metrics provide a fairer assessment under changing 
model complexity. Finally, practical model selection 

should consider whether the model generalizes 
reliably beyond the samples used for tuning[13], [14]. 
This study responds to these gaps by combining spatial 
rainfall-well integration, leakage-aware feature 
extraction, time-series cross-validation, independent 
testing, and generalization-gap analysis. The resulting 
evaluation framework distinguishes models that 
merely fit well from models that remain reliable when 
applied to unseen groundwater observations. 
1.3 Objectives and novelty 
The objective of this study is to evaluate whether 
spatio-temporal feature extraction improves 
groundwater-level prediction and to identify the 
model-feature combination that generalizes most 
reliably on unseen monthly observations. The novelty 
of the work lies in four connected contributions: (i) 
integration of official groundwater-level and rainfall 
datasets for Belagavi and Khanapur taluks; (ii) 
leakage-aware generation of cyclic, lagged, and 
dimensionality-reduction features; (iii) fair 
benchmarking of statistical, classical machine-
learning, boosting, autoencoder, convolutional, and 
recurrent models under a common data split; and (iv) 
model selection based on both independent test 
accuracy and generalization gap. 
The paper is organized as follows. Section 2 describes 
the study area and data sources. Section 3 explains 
preprocessing and exploratory analysis. Section 4 
presents the modeling methodology, feature-set 
design, model architectures, validation protocol, and 
evaluation metrics. Section 5 reports the spatial, 
statistical, feature-extraction, and model-
generalization results. Section 6 discusses 
hydrological meaning, model behavior, practical 
implications, and limitations. Section 7 concludes the 
study and identifies future research directions. 
2. Study Area and Data Sources 
2.1 Study area and monitoring network 
The case study is located in Belagavi and Khanapur 
taluks of Karnataka, India. The region is suitable for 
evaluating groundwater-level prediction because it 
exhibits spatial variability in elevation, rainfall 
distribution, well characteristics, and seasonal 
groundwater response. The monitoring network 
includes well locations and rain-gauge stations 
distributed across the two taluks. The combined spatial 
layout is important because monthly well-water-level 
observations must be interpreted relative to nearby 
rainfall inputs rather than by taluk-level rainfall 
averages alone. 
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Figure 1. Study-area monitoring network showing 
observation wells and rain-gauge stations in Belagavi 
and Khanapur taluks. 
2.2 Groundwater-level data 
The groundwater-level archive covers monthly 
observations from 2015 to 2024. The original annual 
records contain multiple sheets and include wells from 
the broader district archive. For the present analysis, 
records were filtered to Belagavi and Khanapur taluks 
and structured into a machine-learning-ready format. 
Each groundwater observation is associated with year, 
month, taluk, well code, village, well type, well depth, 
latitude, longitude, altitude, and measured water level. 
2.3 Rainfall data and rain-gauge coordinates 
Rainfall records for Belagavi and Khanapur were 
consolidated into a monthly station-level rainfall table. 
Station names were standardized, years and months 
were extracted from source files, and rain-gauge 
coordinates were converted into decimal degrees for 
spatial analysis. The rainfall dataset was then prepared 
for joining with the groundwater-well dataset using 
station location and monthly temporal indexing. 
2.4 Spatial integration of rainfall and groundwater 
observations 
Rainfall was spatially linked to observation wells 
using nearest-neighbor assignment. The Haversine 
formula was used to estimate spherical distance 
between well coordinates and rain-gauge coordinates, 
while nearest-neighbor search identified the closest 
gauge for each well. Rainfall values were merged only 
when the nearest rain-gauge station was within a 30 
km influence radius. This threshold reduces the risk of 
assigning rainfall observations from stations that are 

spatially distant from the monitored well. The final 
merged table includes groundwater attributes, rainfall 
totals, nearest station coordinates, and station-well 
distance. 
Table 1. Data sources and acquisition details. 

Data 
compo
nent 

Institut
ional 
source 

Tempo
ral 
covera
ge 

Spatial 
covera
ge 

Primar
y 
variabl
es 

Ground
water 
level 

Office 
of the 
Senior 
Geologi
st, 
District 
Ground
water 
Office, 
Ground
water 
Directo
rate, 
Belaga
vi; 
Karnata
ka 
Ground
water 
Authori
ty, 
Govern
ment of 
Karnata
ka 

Monthl
y 
observa
tions, 
2015-
2024 

Belaga
vi and 
Khanap
ur taluk 
wells 

Water 
level, 
well 
depth, 
well 
type, 
coordin
ates, 
altitude
, village 
and 
taluk 
identifi
ers 

Rainfall No. 3 
Irrigati
on 
Investig
ation 
Sub 
Divisio
n, 
Belaga
vi, 
Water 
Resour
ces 
Depart
ment, 
Govern
ment of 
Karnata
ka 

Monthl
y 
station 
rainfall, 
2015-
2024 

Rain-
gauge 
stations 
in and 
around 
Belaga
vi and 
Khanap
ur 

Total 
monthl
y 
rainfall 
and 
station 
coordin
ates 
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Admini
strative 
and 
map 
layers 

DataMe
et 
commu
nity 
maps, 
GADM 
adminis
trative 
bounda
ries, 
OpenSt
reetMa
p and 
CART
O 
basema
p 
services 

Static 
spatial 
context 

District 
and 
taluk 
bounda
ries 

Taluk 
bounda
ries, 
base 
map, 
monitor
ing-
networ
k 
visualiz
ation 

 
Table 2. Dataset summary after spatial and 
temporal integration. 

Dataset descriptor Value used in the 
study 

Study period 2015-2024 
Taluks Belagavi and Khanapur 
Merged monthly 
groundwater-rainfall 
records 

1,961 records in the 
final merged CSV file 

Analysis-ready 
observations used for 
descriptive feature 
statistics 

1,566 observations after 
preparation of the 
modeling and analytics 
dataset 

Unique wells in the 
merged taluk-specific 
modeling file 

19 

Unique villages in the 
merged taluk-specific 
modeling file 

19 

Nearest rainfall stations 
represented in the 
merged file 

13 

Nearest-station distance 
range 

0.010 to 23.667 km 

Mean nearest-station 
distance 

3.595 km 

Table 3. Variables and modeling roles. 
Variable Role in 

modeling 
Unit or scale 

Year Temporal 
index and 
long-term 
trend proxy 

Calendar year 

Month Seasonality 
indicator and 

1-12 

cyclic feature 
source 

Latitude and 
longitude 

Spatial identity 
and location-
dependent 
hydrogeologic
al variation 

Decimal 
degrees 

Altitude Terrain-related 
explanatory 
variable 

Meters above 
mean sea level 

Well depth Well-structure 
and aquifer-
access variable 

Meters 

Water level Prediction 
target and 
source of 
lagged 
groundwater-
memory 
features 

Recorded 
water-level 
scale 

Total rainfall Monthly 
hydrometeorol
ogical input 

Millimeters 

Nearest 
rainfall 
coordinates 

Spatial 
metadata for 
assigned rain-
gauge station 

Decimal 
degrees 

Station 
distance 

Distance 
between 
monitoring 
well and 
assigned rain 
gauge 

Kilometers 

3. Data Preprocessing and Exploratory Analysis 
3.1 Groundwater-data preprocessing 
Groundwater records were harmonized across annual 
sheets and converted into a normalized monthly 
format. Non-numeric field descriptions were resolved 
before modeling. Records marked as dry were 
represented using maximum well depth, reflecting the 
practical condition that water level was below the 
observable depth of the well. Textual entries such as 
not available, box filled with mud, and lock jammed 
were treated as missing observations and replaced 
using monthly averages where possible. Rows without 
usable numerical information were removed. This 
preprocessing created a consistent monthly time-series 
structure suitable for downstream feature extraction 
and model comparison. 
3.2 Rainfall-data preprocessing 
Rainfall preprocessing transformed multiple station 
files into a consolidated monthly rainfall dataset. The 
process included extraction of year and month 
information, standardization of station names, 
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correction of inconsistent month labels, conversion of 
station coordinates from degree-minute-second 
notation into decimal degrees, and chronological 
sorting by year, month, and station. This step ensured 
that rainfall totals could be reliably aligned with 
groundwater observations by month and assigned 
spatially to the nearest gauge. 
3.3 Spatial and distributional patterns 
The spatial visualizations show that both groundwater 
level and rainfall vary across the two taluks. The mean 
water-level heatmap highlights localized zones of 
deeper or higher recorded levels, while the rainfall 
heatmap indicates that rainfall intensity is not spatially 
uniform. Such heterogeneity supports the inclusion of 
location, altitude, well depth, rainfall, and distance-to-
station information in the prediction framework. 

 
Figure 2. Spatial heatmap of mean groundwater level 
across observation-well locations. 

 
Figure 3. Spatial heatmap of mean rainfall associated 
with rain-gauge stations and assigned well locations. 
Table 4. Descriptive statistics of numerical 
variables used in the analysis-ready dataset. 

Fe
atu
re 

Mea
n 

Med
ian 

Std. 
dev. 

Vari
ance 

Ske
wne
ss 

Kur
tosis 

Ye
ar 

2018
.504 

2019 2.31
6 

5.36
2 

0.01
3 

-
1.20
2 

Mo
nth 

6.42
5 

6 3.45
3 

11.9
24 

0.02
5 

-
1.21
7 

We
ll 
De
pth 

36.5
85 

30 25.8
46 

668.
004 

0.65
5 

-
0.55
9 

Lat
itu
de 

15.7
00 

15.7
42 

0.17
9 

0.03
2 

-
0.32
4 

-
1.36
9 

Lo
ngi
tud
e 

74.5
63 

74.5
59 

0.07
1 

0.00
5 

0.38
2 

-
0.16
9 

Alt
itu
de 

704.
582 

719 50.6
40 

2564
.371 

-
0.76
7 

-
0.39
2 

Wa
ter 

8.10
3 

6.70
0 

6.06
4 

36.7
73 

0.92
4 

0.30
5 
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Le
vel 
Tot
al 
Rai
nfa
ll 

125.
513 

51.2
00 

199.
770 

3990
8.21
5 

3.19
2 

14.1
13 

Ne
are
st 
Rai
nfa
ll 
Lat
itu
de 

15.7
12 

15.7
75 

0.18
4 

0.03
4 

-
0.40
5 

-
1.38
3 

Ne
are
st 
Rai
nfa
ll 
Lo
ngi
tud
e 

74.5
77 

74.5
27 

0.07
6 

0.00
6 

0.21
5 

-
1.37
1 

Sta
tio
n 
Dis
tan
ce 
in 
km 

3.28
4 

2.71
5 

2.86
0 

8.18
2 

1.15
6 

2.82
7 

3.4 Correlation and information-theoretic feature 
relevance 
Pearson correlation and information-theoretic 
measures were used to examine the relationship 
between candidate predictors and water level before 
model training. The correlation analysis indicates that 
well depth has the strongest positive linear association 
with water level, followed by longitude and nearest 
rainfall longitude. Month, altitude, latitude, and 
rainfall show negative direct correlations with water 
level, but these correlations should not be interpreted 
as causal effects because groundwater response can be 
delayed, nonlinear, and spatially mediated. 

 
Figure 4. Pearson correlation coefficients between 
numerical predictors and groundwater level. 
Table 5. Target-correlation summary for 
groundwater level. 

Feature Pearson 
correlation with 
water level 

Interpretati
on 

Well Depth 0.562 Strongest 
positive 
linear 
association 
among 
available 
predictors 

Longitude 0.406 Positive 
spatial 
association 

Nearest 
Rainfall 
Longitude 

0.391 Positive 
association 
linked to 
rain-gauge 
spatial 
position 

Station 
Distance in 
km 

0.124 Weak 
positive 
association 

Year -0.123 Weak 
decreasing 
trend across 
the study 
period 

Nearest 
Rainfall 
Latitude 

-0.126 Weak 
negative 
spatial 
association 

Total 
Rainfall 

-0.163 Weak direct 
negative 
association, 
suggesting 
delayed or 
nonlinear 
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rainfall 
response 

Latitude -0.181 Weak to 
moderate 
negative 
spatial 
association 

Altitude -0.196 Weak to 
moderate 
negative 
terrain 
association 

Month -0.196 Seasonality-
related 
negative 
association 

Information-theoretic measures provide a 
complementary view because they can capture non-
linear dependence after discretization. Altitude, 
latitude, longitude, and well depth have higher mutual 
information with water level than rainfall alone. This 
pattern indicates that spatial and structural attributes 
are central to explaining groundwater-level variability, 
while rainfall contributes through delayed and 
interacting effects rather than through a strong 
instantaneous linear relationship.  

Figure 5. Mutual information and symmetric 
uncertainty between predictors and groundwater level 
after discretization. 
Table 6. Information-theoretic feature relevance 
with groundwater level. 

Fea
ture 

Entro
py 
H(X) 

Mutu
al 
infor
matio
n 
MI(X
;Y) 

Condi
tional 
entro
py 
H(Y|
X) 

Condi
tional 
entro
py 
H(X|
Y) 

Sym
metri
c 
uncer
tainty 

Altit
ude 

3.104
642 

0.544
566 

2.421
141 

2.560
076 

0.179
418 

Lati
tude 

3.106
709 

0.481
561 

2.484
145 

2.625
148 

0.158
606 

Lon
gitu
de 

2.891
340 

0.423
485 

2.542
222 

2.467
856 

0.144
607 

Wel
l 
Dep
th 

2.864
212 

0.422
183 

2.543
524 

2.442
030 

0.144
833 

Nea
rest 
Rai
nfall 

2.822
136 

0.371
633 

2.594
073 

2.450
503 

0.128
419 
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Lati
tude 
Nea
rest 
Rai
nfall 
Lon
gitu
de 

2.487
674 

0.341
735 

2.623
972 

2.145
939 

0.125
329 

Stati
on 
Dist
ance 
in 
km 

2.079
884 

0.332
873 

2.632
834 

1.747
011 

0.131
946 

Yea
r 

3.050
104 

0.067
116 

2.898
590 

2.982
988 

0.022
313 

Mo
nth 

3.584
592 

0.055
921 

2.909
785 

3.528
671 

0.017
074 

Tota
l 
Rai
nfall 

1.375
403 

0.038
566 

2.927
141 

1.336
837 

0.017
768 

4. Methodology 
4.1 Overall modeling workflow 
The full workflow consists of eight stages: data 
acquisition, preprocessing and normalization, spatial 
integration, exploratory analytics and visualization, 
feature engineering, training setup, model 
benchmarking, and result evaluation. The workflow is 
designed to maintain separation between training and 
testing operations, reduce leakage during feature 
generation, and evaluate models through both 
performance metrics and generalization stability. 

 
Figure 6. Overall workflow for leakage-aware feature 
extraction, model benchmarking, and generalization-
gap evaluation. 
4.2 Leakage-aware feature extraction 
Feature extraction was organized around hydrological 
interpretability and leakage prevention. Month was 
transformed into cyclic sine and cosine variables to 
represent annual seasonality. Lagged features were 
generated for water level and rainfall at 1, 2, 3, 4, 6, 
and 12 months, allowing models to learn short-term, 
seasonal, and annual memory effects. For missing lag 
values, a hierarchical imputation strategy was applied 
using village-month averages, village averages, and 
then global averages. PCA, SVD, and ICA 
components were generated from numerical predictor 
variables to examine whether dimensionality-
reduction features improved predictive stability. 
During feature extraction, the current water-level 
target was excluded from the predictor matrix. This 
step is essential because including the current target, 
even indirectly, would inflate model performance and 
reduce the credibility of validation results. 
 
 
Table 7. Feature-set definitions used for model 
benchmarking. 
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Feature set Descripti
on 

Hydrological or 
modeling 
rationale 

SpcTm Year, 
month, 
latitude, 
longitude 

Baseline space-
time identity 

SpcTmAlt SpcTm 
plus 
altitude 

Adds terrain-
related variability 

SpcTmWDpth SpcTm 
plus well 
depth 

Adds well-
structure and 
aquifer-access 
information 

SpcTmRn SpcTm 
plus total 
rainfall 

Adds monthly 
hydrometeorologi
cal forcing 

SpcTmRn_Mnt
Ses 

SpcTmRn 
plus 
Month_sin 
and 
Month_co
s 

Represents cyclic 
seasonality 

SpcTmRn_WlL
ag 

SpcTmRn 
plus 1, 2, 
3, 4, 6, and 
12 month 
water-
level lags 

Represents 
groundwater 
memory and 
delayed aquifer 
response 

SpcTmRn_RfLa
g 

SpcTmRn 
plus 1, 2, 
3, 4, 6, and 
12 month 
rainfall 
lags 

Represents 
delayed rainfall-
recharge effects 

SpcTmRn_PCA SpcTmRn 
plus three 
PCA 
componen
ts 

Reduces 
correlated 
predictor structure 

SpcTmRn_SVD SpcTmRn 
plus three 
SVD 
componen
ts 

Captures 
dominant low-
rank predictor 
directions 

SpcTmRn_ICA SpcTmRn 
plus three 
ICA 
componen
ts 

Extracts 
statistically 
independent 
components 

4.3 Model families and hyperparameters 
A broad model set was selected to compare 
interpretable baselines, nonlinear machine-learning 
models, boosting methods, statistical time-series 

modeling, and deep-learning architectures. This 
design makes it possible to determine whether 
recurrent neural networks provide real gains over 
simpler alternatives. Model training used a consistent 
feature-set naming convention, where each model was 
trained and evaluated under each candidate feature set. 
Table 8. Model architectures and hyperparameter 
design. 

Model 
family 

Model Core 
configura
tion 

Overfittin
g control 

Linear 
baseline 

Ridge 
regression 

L2-
regularize
d linear 
regression
; alpha 
values 
0.01, 0.1, 
1.0, 10.0, 
100.0 

L2 penalty 

Statistical 
time series 

SARIMA
X 

Order 
(1,0,0), 
seasonal 
order 
(1,0,0,12), 
fitted for 
unique 
locations 

Seasonal 
specificati
on and 
location-
wise 
modeling 

Tree 
model 

Decision 
tree 
regressor 

max_dept
h, 
min_samp
les_leaf, 
min_samp
les_split, 
ccp_alpha 
considere
d 

Pruning 
and split 
constraint
s 

Gradient 
boosting 

XGBoost learning 
rate 0.03, 
subsample 
0.7, 
reg_alpha 
0.1 and 
reg_lambd
a 1.0 

Early 
stopping 
and L1/L2 
regularizat
ion 

Gradient 
boosting 

LightGB
M 

subsample 
0.8, 
colsample
_bytree 
0.8, 
reg_alpha 
0.1, 
reg_lambd
a 0.1 

Early 
stopping 
and 
row/colu
mn 
bagging 
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Gradient 
boosting 

CatBoost iterations 
1000, 
learning_r
ate 0.05, 
depth 6, 
l2_leaf_re
g 3.0 

L2 leaf 
regularizat
ion 

Dense 
neural 
network 

ANN Dense 
layers 
with 39, 
24, and 12 
units; 
ReLU 
activation
s; Adam 
optimizer, 
learning 
rate 0.001 

Batch 
normalizat
ion, 
dropout 
0.2, L2 
regularizat
ion, early 
stopping 

Represent
ation 
learning 

Autoenco
der and 
stacked 
autoencod
er 

Symmetri
c encoder-
decoder 
and 
stacked 
dense 
architectur
e with 39, 
24, and 12 
unit layers 

Dropout, 
L2 
regularizat
ion, batch 
normalizat
ion, early 
stopping 

Convoluti
onal 
model 

1D CNN Conv1D 
with 64 
filters, 
kernel size 
3; flatten 
layer; 
dense 
layers 39, 
24, 12 

Dropout, 
L2 
regularizat
ion, early 
stopping 

Recurrent 
model 

GRU Three 
GRU 
layers 
with 39, 
24, and 12 
units; 
ReLU 
activation
s; Adam 
optimizer 

Dropout 
0.2, L2 
regularizat
ion, early 
stopping 

Recurrent 
model 

LSTM Three 
LSTM 
layers 
with 39, 
24, and 12 
units; 
ReLU 

Dropout 
0.2, L2 
kernel 
regularizat
ion, early 
stopping 

activation
s; linear 
output; 
Adam 
optimizer 

Bidirectio
nal 
recurrent 
model 

BiLSTM Bidirectio
nal LSTM 
layer with 
39 units 
followed 
by dense 
layers 
with 24 
and 12 
units 

Dropout, 
recurrent 
dropout, 
L2 
regularizat
ion, early 
stopping 

4.4 Training, validation, and testing protocol 
All models were evaluated using common training and 
testing files to ensure fair comparison. The data were 
split using an 80:20 train-test structure with village 
representation preserved across the split. Within 
training, 10-fold time-series cross-validation was used 
so that validation subsets respect temporal order. 
Training-only scaling was used: scalers were fitted on 
training data and then applied to test data. This 
prevents information from the test distribution from 
entering model training. A fixed random seed of 42 
was used where applicable. Negative model 
predictions were clipped to 0.0 because negative 
groundwater levels are physically invalid in the 
modeled target representation. 
The independent test set was used only after model 
training and cross-validation. This separation is 
necessary because cross-validation performance 
describes internal stability, whereas test performance 
describes expected behavior on unseen records. The 
difference between these two quantities is therefore 
treated as a model reliability indicator. 
4.5 Performance metrics and generalization gap 
The evaluation uses multiple complementary metrics: 
explained variance, maximum error, mean squared 
error, root mean squared error, mean absolute error, 
normalized mean squared error, symmetric mean 
absolute percentage error, R2, and adjusted R2. 
Because candidate feature sets contain different 
numbers of predictors, adjusted R2 is emphasized over 
ordinary R2 when comparing feature sets. Error 
metrics such as RMSE and MAE remain essential 
because they preserve the magnitude of prediction 
error in the water-level scale. 
The generalization gap is defined as the difference 
between cross-validation performance and 
independent test-set performance. For error metrics, 
smaller absolute differences indicate more stable 
generalization. For adjusted R2, smaller differences 
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likewise indicate that the explanatory capacity 
observed during validation is not lost on unseen data. 
The final model-selection logic prioritizes models that 
combine low test error, high adjusted R2, low 
SMAPE, and small generalization gaps. 
Table 9. Principal evaluation metrics and 
interpretation. 

Metric Formula or 
definition 

Interpretatio
n 

RMSE sqrt(mean((y - 
y_hat)^2)) 

Penalizes large 
prediction 
errors; lower is 
better 

MAE mean(abs(y - 
y_hat)) 

Average 
absolute error; 
lower is better 

SMAPE mean(2 abs(y - 
y_hat) / (abs(y) 
+ abs(y_hat))) 

Scale-aware 
symmetric 
percentage 
error; lower is 
better 

Adjusted R2 1 - (1 - R2)(n - 
1)/(n - p - 1) 

Goodness of fit 
penalized by 
number of 
predictors; 
higher is better 

Generalization 
gap 

CV metric - 
test metric 

Difference 
between 
validation and 
independent 
test behavior; 
smaller 
magnitude 
indicates 
stronger 
reliability 

5. Results 
5.1 Descriptive and spatial results 
The descriptive statistics indicate strong variability in 
both groundwater level and rainfall. Water level has a 
mean of 8.103 and median of 6.700, with a standard 
deviation of 6.064, indicating substantial variation 
across months and locations. Rainfall is highly 
skewed, with a mean of 125.513, median of 51.200, 
and standard deviation of 199.770. The rainfall 
skewness and kurtosis confirm that rainfall inputs 
contain extreme seasonal events rather than a uniform 
monthly distribution. This distributional pattern 
supports the use of nonlinear models and lag features, 
because groundwater response to extreme rainfall is 
unlikely to be instantaneous or linear. 
Spatially, the water-level and rainfall heatmaps show 
local clusters instead of uniform taluk-wide behavior. 
Therefore, location and station-distance information 

are not merely descriptive metadata; they are 
necessary components of the predictive design. The 
exploratory analysis also explains why rainfall alone 
is insufficient. Direct rainfall-water-level correlation 
is weak, while spatial and well-structural variables 
show stronger relationships with the target. 
5.2 Effect of feature extraction on generalization 
Feature extraction changed model behavior 
substantially. The comparison of feature-set 
generalization gaps shows that lagged water-level 
features provide the most stable engineered 
representation among the evaluated feature sets. The 
SpcTmRn_WlLag feature set has the lowest average 
RMSE gap among the engineered feature sets and also 
maintains a low SMAPE gap. This result is 
hydrologically plausible because previous 
groundwater levels summarize antecedent recharge, 
aquifer storage, delayed drainage, and local pumping 
effects better than rainfall alone. Dimensionality-
reduction features, especially PCA, also reduce gaps 
compared with several raw or expanded feature sets, 
indicating that compact feature representations can 
reduce instability. 

 
Figure 7. Average RMSE, MAE, and adjusted R2 
performance trends by feature set with uncertainty 
bands. 
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Figure 8. Average generalization gaps across 
performance indicators by feature set. 
Table 10. Average generalization gaps by feature 
set across major performance indicators. 

Fea
ture 
set 

Adjus
ted 
R2 
gap 

MAE 
gap 

NMS
E gap 

RMS
E gap 

SMA
PE 
gap 

Spc
Tm 

0.488 3.840 0.499 2.518 0.160 

Spc
Tm
Alt 

0.834 2.931 0.832 3.992 0.275 

Spc
Tm
Rn 

0.650 2.356 0.650 3.193 0.231 

Spc
Tm
Rn_
ICA 

0.669 2.554 0.665 3.314 0.248 

Spc
Tm
Rn_
Mnt
Ses 

0.811 2.066 0.807 3.913 0.321 

Spc
Tm
Rn_
PC
A 

0.386 1.440 0.387 1.952 0.128 

Spc
Tm
Rn_
RfL
ag 

0.835 4.294 0.836 3.961 0.134 

Spc
Tm
Rn_

0.704 2.548 0.703 3.385 0.240 

SV
D 
Spc
Tm
Rn_
WlL
ag 

0.260 1.085 0.259 1.793 0.080 

Spc
Tm
WD
pth 

0.450 1.716 0.449 2.327 0.155 

5.3 Model-family comparison 
The model-family comparison indicates that 
sequence-learning models are more competitive when 
temporal memory is present in the feature space. 
Among the recurrent and deep-learning models, 
LSTM shows the most favorable average 
generalization behavior, with lower RMSE, MAE, 
NMSE, adjusted R2, and SMAPE gaps than GRU and 
several boosting methods. Decision tree and ridge 
regression exhibit small gaps for some metrics, but 
small gap alone is not sufficient for final selection; a 
model can generalize stably while remaining less 
accurate. The final interpretation therefore considers 
both the accuracy trend and the location of model-
feature combinations in the accuracy-generalization 
trade-off space. 
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Figure 9. Average RMSE, MAE, and adjusted R2 
performance trends by model type with uncertainty 
bands. 

 
Figure 10. Average generalization gaps across 
performance indicators by model type. 
Table 11. Average generalization gaps by model 
type across major performance indicators. 

Mo
del 
type 

Adjus
ted 
R2 
gap 

MAE 
gap 

NMS
E gap 

RMS
E gap 

SMA
PE 
gap 

AE_
Ker
as 

0.095 2.582 0.080 3.277 0.218 

CN
N_
Ker
as 

0.319 1.207 0.323 1.741 0.071 

Cat
Boo
stRe
g 

0.716 2.688 0.713 3.605 0.267 

DT 0.129 0.082 0.128 1.207 0.035 
GR
U_
Ker
as 

0.469 1.863 0.465 2.547 0.159 

LG
BM 

0.687 2.660 0.683 3.422 0.279 

LST
M_
Ker
as 

0.183 0.617 0.183 0.989 0.060 

Line
ar_
Reg
ressi
on_
Rid
ge 

0.145 0.624 0.146 1.593 0.021 

SA
E_K
eras 

0.303 0.897 0.302 1.570 0.062 

XG
Boo
st 

0.651 2.522 0.648 3.356 0.259 

5.4 Accuracy-generalization trade-off and LSTM 
selection 
The accuracy-generalization scatter plot is the central 
model-selection result. The ideal region is 
characterized by low independent test RMSE and low 
RMSE generalization gap. Models outside this region 
are less attractive because they either produce larger 
test error, exhibit a larger difference between 
validation and test behavior, or both. The LSTM-based 
configurations are positioned in a favorable trade-off 
region compared with many competing models, 
supporting the selection of LSTM as the preferred 
architecture for this dataset and validation design. 
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Figure 11. Accuracy-generalization trade-off between 
test RMSE and RMSE generalization gap. 
Table 12. Final model-selection rationale based on 
accuracy, feature extraction, and generalization. 

Selection 
criterion 

Evidence 
from the 
analysis 

Implication 
for final 
model choice 

Temporal 
dependence 

Groundwater 
level contains 
antecedent 
memory and 
delayed 
rainfall 
response, 
represented by 
lagged water-
level and 
rainfall 
features. 

Sequence-
learning 
models are 
appropriate 
candidates. 

Feature-set 
stability 

SpcTmRn_Wl
Lag shows low 
RMSE and 
SMAPE gaps 
among 
engineered 
feature sets. 

Lagged 
groundwater 
memory is a 
critical feature-
extraction 
contribution. 

Model-family 
gap 

LSTM_Keras 
shows RMSE 
gap 0.989 and 
SMAPE gap 
0.060, lower 
than GRU, 
LightGBM, 
XGBoost, 
CatBoost, and 

LSTM offers 
strong 
generalization 
among deep-
learning 
alternatives. 

autoencoder 
baselines. 

Accuracy-
generalization 
balance 

The trade-off 
plot favors low 
test RMSE 
combined with 
low gap rather 
than a single 
metric. 

The final claim 
is based on 
balanced 
reliability, not 
only accuracy. 

Interpretability 
requirement 

Correlation 
and 
information-
theoretic 
analysis 
identify 
physically 
meaningful 
drivers. 

Model results 
are supported 
by exploratory 
hydrological 
evidence. 

6. Discussion 
6.1 Why feature extraction improved groundwater 
prediction 
The results demonstrate that groundwater-level 
prediction benefits from representing hydrological 
memory explicitly. Lagged water-level features 
improve stability because they summarize antecedent 
aquifer storage, recent recharge history, local 
extraction effects, and delayed drainage. Rainfall lag 
features are also hydrologically meaningful, but 
rainfall alone does not fully explain groundwater 
variability because recharge is filtered by soil, 
geology, slope, land cover, vadose-zone storage, and 
pumping. The low direct correlation between rainfall 
and water level is therefore not contradictory; it 
reflects the fact that rainfall influence is delayed, 
spatially mediated, and nonlinear. 
Cyclic month features provide a compact encoding of 
annual seasonality. Unlike integer month values, sine 
and cosine transformations preserve the circular 
relationship between December and January. This is 
important in monsoon-influenced groundwater 
systems where recharge and recession cycles repeat 
annually. PCA, SVD, and ICA components provide 
alternative representations of correlated numerical 
predictors. These components can reduce redundancy 
and improve stability, but they are less directly 
interpretable than lagged physical variables. For 
applied groundwater management, lagged and 
spatially interpretable features therefore remain 
preferable when their performance is comparable to or 
better than abstract components. 
6.2 Why LSTM performed better than alternative 
deep-learning models 
LSTM is designed to retain information over 
sequential inputs through gated memory. This makes 
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it suitable for groundwater-level prediction, where 
current level may depend on previous levels, previous 
rainfall, and seasonally delayed recharge processes. 
Compared with GRU, the LSTM architecture provides 
separate input, forget, and output gates, allowing more 
flexible control over retained and discarded temporal 
information. Compared with CNN, which emphasizes 
local feature extraction, LSTM is more directly 
aligned with sequential dependencies. Compared with 
static boosting models, LSTM can represent temporal 
state transitions more naturally when lagged features 
are included. 
The results should be interpreted in a balanced way. 
LSTM is not universally superior for all groundwater 
systems, all feature sets, or all validation designs. In 
this study, LSTM provides the strongest combined 
accuracy-generalization behavior among deep-
learning alternatives and competing nonlinear 
baselines. The methodological contribution is 
therefore not simply the use of LSTM; rather, it is the 
combination of leakage-aware feature extraction, 
time-series validation, and generalization-gap-based 
model selection that justifies LSTM as the preferred 
architecture for the examined dataset. 
6.3 Hydrological interpretation of feature 
relevance 
Well depth, altitude, latitude, and longitude emerge as 
important variables because they encode aspects of 
aquifer setting, terrain position, and spatial 
heterogeneity. The stronger mutual information of 
altitude and spatial coordinates relative to rainfall 
indicates that groundwater levels are not controlled 
only by month-to-month rainfall totals. Instead, the 
water-level response is conditioned by where the well 
is located and how the well interacts with the aquifer 
system. This interpretation is consistent with the 
spatial heatmaps and with the feature-set results 
showing that location-aware and lag-aware 
representations are more stable than rainfall-only 
expansions. 
6.4 Practical implications 
The proposed framework can support groundwater 
monitoring agencies by providing a reproducible 
method for transforming routine well and rainfall 
records into predictive information. Because the 
framework explicitly evaluates generalization gap, it 
helps avoid adopting models that appear accurate 
during validation but are unreliable on independent 
observations. The method can also help identify which 
features are worth collecting and maintaining. For 
example, well depth, coordinates, altitude, monthly 
rainfall, and historical water-level records all have 
clear predictive roles. In operational settings, such 
models could be used to flag wells likely to experience 

abnormal declines, prioritize monitoring locations, 
and support seasonal groundwater planning. 
6.5 Limitations and future work 
Several limitations should be recognized. First, the 
study is limited to Belagavi and Khanapur taluks, and 
model behavior may differ in aquifers with different 
geology, pumping intensity, and recharge 
mechanisms. Second, rainfall assignment is based on 
the nearest rain gauge within a 30 km threshold; 
although this is spatially defensible, gridded rainfall or 
radar-derived precipitation could further improve 
representation of local rainfall variability. Third, the 
dataset does not explicitly include groundwater 
extraction, irrigation demand, land use, soil type, 
aquifer lithology, canal influence, or groundwater-
management interventions. Fourth, imputation of 
missing water-level observations introduces 
uncertainty, particularly where field conditions such as 
dry wells or inaccessible wells are frequent. Finally, 
LSTM models are less directly interpretable than 
linear or tree-based methods. Future work should add 
permutation importance, SHAP analysis, feature 
ablation, and seasonal error diagnostics for the final 
LSTM model. 
7. Conclusion 
This study developed a leakage-aware feature-
extraction and model-selection framework for 
groundwater-level prediction using monthly rainfall-
well data from Belagavi and Khanapur taluks. The 
analysis integrated groundwater observations, rainfall 
records, well attributes, spatial coordinates, and 
station-distance information into a consistent 
modeling dataset. Exploratory analysis showed that 
groundwater level is more strongly related to spatial 
and well-structural variables than to instantaneous 
rainfall alone, emphasizing the need for spatio-
temporal and lagged feature representations. 
Feature extraction improved the reliability of model 
behavior. In particular, lagged water-level features 
produced the most stable engineered feature set, 
indicating that groundwater memory is central to 
monthly prediction. The comparison across model 
families showed that LSTM provides the most 
favorable accuracy-generalization balance among 
recurrent and deep-learning architectures and 
outperforms several boosting baselines in 
generalization-gap behavior. The main contribution of 
the work is therefore a reproducible framework in 
which model selection is guided by independent test 
performance and generalization gap, not by a single 
accuracy score. 
Future extensions should incorporate pumping data, 
land use, aquifer lithology, soil properties, 
groundwater abstraction records, and gridded climate 
products. Model interpretability should also be 
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strengthened through SHAP, permutation importance, 
and error analysis by season and location. Such 
extensions would further improve the suitability of the 
framework for groundwater planning and decision 
support. 
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