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Abstract. This study investigates Land Use Land Cover (LULC) dynamics in
ecologically sensitive Akole tehsil of Ahmednagar district over the past two dec-
ades (2001-2021) and predicts future scenarios for 2031 and 2041. Multi-tem-
poral Landsat imagery (Landsat-5 and Landsat-8) acquired in February was clas-
sified using Maximum Likelihood Classifier (MLC) into five major classes: Wa-
ter body, Built-up area, Vegetation, Agriculture, and Barren land. Change detec-
tion analysis revealed a substantial expansion of Agricultural land and Built-up
area, accompanied by a decline in Barren land, with fluctuating Vegetation and
Water body extents. Transition probabilities were quantified using an Artificial
Neural Network—Multilayer Perceptron (ANN-MLPNN), while Cellular Autom-
ata (CA) modeling was employed for spatial prediction of future LULC. The sim-
ulation results indicate continued Agricultural expansion (468.53 km? in 2021 to
604.17 km? in 2041) and Vegetation growth (160.53 km? in 2021 to 283.46 km?
in 2041), whereas Barren land and Water bodies are projected to shrink signifi-
cantly. These findings reveal significant anthropogenic dominance over land
cover alterations, where Agricultural expansion and Vegetation fluctuations are
projected to drive future LULC changes, potentially threatening the biological
richness of the Kalsubai—Harishchandragad Wildlife Sanctuary.

Keywords: Land Use Land Cover (LULC), Landsat, Artificial Neural Network
(ANN), Cellular Automata (CA)

Introduction
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Land use and land cover (LULC) are frequently considered as same terminologies, how-
ever they differ conceptually. Land cover linked to the physical entities of the Earth’s
surface, such as forests, water and topographical structures, whereas land use refers to
the human induced utilization of these physical features [1]. Accurate mapping and
monitoring of LULC dynamics are crucial for long term infrastructure planning and
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climate change adaptation to address growing population and urbanization [2,3]. Rapid
anthropogenic development along with climate change impacts have already altered
~40% of land cover at global scale [4,5,6]. Numerous studies have identified LULC
transformation as a critical driver of ecological change, influencing natural habitats at
local, regional, and global scales [4,7]. In India, rapid and unplanned LULC changes,
influenced by population growth and infrastructure expansion creates serious environ-
mental challenges [8]. Akole tehsil, located in the ecologically sensitive Western Ghats
nurtures the Kalsubai Harishchandragad Wildlife Sanctuary (KHWS), which supports
several threatened and endangered floral and faunal species. However, natural vegeta-
tion is increasingly being converted to agricultural land under the combined influence
of migration and population pressure, leading to landscape degradation [9].

Remote Sensing (RS) data acquired by satellites play a crucial role in near real-time,
cost-effective, continuous, and reliable mapping and monitoring of natural resources as
well as anthropogenic activities [10,5]. RS has also been widely adopted for detecting,
mapping, and simulating LULC transformations [1]. The Landsat satellite constella-
tion, with nearly five decades of illuminations, provides a valuable long-term archive
that supports assessments of historic to present LULC changes at national to regional
scales [11]. In comparison, the Moderate Resolution Imaging Spectroradiometer
(MODIS) dataset facilitates large-scale, daily observations [12]. Sentinel-2A and Sen-
tinel-2B launched by European Space Agency in 2015 and 2017 are preferable choice
for high resolution (10 m) LULC analysis however they lack historical archives [13,14].
Therefore, Landsat constellations often ger preference for long term spatio temporal
LULC explorations [4,6,15].

LULC dynamics can be quantified using either Supervised or Unsupervised classi-
fication techniques [16,17]. Unsupervised approaches (K-Means) are more automated,
time efficient, and remain independent from training but subjected to manual LULC
labelling [18]. Supervised classification algorithms such as Maximum Likelihood Clas-
sification (MLC), Random Forest (RF), and Support Vector Machine (SVM) need man-
ual training, hyperparameter optimization but typically provides higher accuracy [19].
Comprehensive illustrations of these Supervised and Unsupervised algorithms includ-
ing their technical advancements and limitations have been studied by [20,21,5]. Po-
tential future LULC scenarios could be produced by leveraging probabilistic models
driven by past LULC patterns and integrating several geo physical variables [5,7]. Sev-
eral Simulation models including Evolutionary, SLEUTH, Cellular Automata (CA),
Markov Chain Models (MCM), and Artificial Neural Network—Multilayer Perceptron
Neural Networks (ANN/MLPNN) have been applied for LULC predictions at various
scale [5,22]. These MCM calculates transition probabilities to project the likelihood of
future LULC scenarios [23,24]. Meanwhile, CA based simulations are widely incorpo-
rated and preferred for future LULC prediction through the MOLUSCE plugin in
QGIS. MOLUSCE supports multiple methods, including Weights of Evidence (WoE),
Logistic Regression (LR), ANN, and Multi-Criteria Evaluation (MCE), offering re-
searchers flexibility in scenario-based modelling [8,25,26].

Recently, researchers utilized RS datasets to analyse the population, LULC, and land
hazard suitability dynamics of Akole. [27] analyzed the spatio temporal distribution of
tribal populations, noting their concentration in forested and hilly regions. LULC
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changes have been extensively mapped using RS and GIS. [9] demonstrated agricul-
tural expansion into barren land using LISS III and Landsat 8 data, whereas [28] applied
hybrid classification and NDVI to show degradation from urbanization and migration.
[29] used AHP for land suitability analysis, finding only 5% land highly suitable for
plantations. Similarly, [30] identified landslide susceptible villages in the Kalsubai re-
gion, linking hazards to rainfall and steep slopes. However, most studies emphasize
present conditions, with limited focus on long term LULC prediction. The present study
addresses this gap by analyzing Landsat based LULC patterns (2001-2021) and pro-
jecting future changes using Cellular Automata (CA) for 2031 and 2041, offering in-
sights into sustainable land management.

2 Study Area

Akole is situated in the western hilly region (Sahyadri) of Ahmednagar district [27].
Geographically, it spans between 19°13' N to 19°45’ N latitudes and 73°35" E to 74°15’
E longitudes (Fig. 1). The elevation ranges between 362 m and 1514 m MSL, with the
highest peak of the Western Ghats, Kalsubai (1646 m), located within the area [29].
The region witnesses an average temperature of ~ 29°C and annual rainfall of ~ 543.5
mm throughout year [28]. This dynamic geo-physical setting and climatic regime sus-
tain abundant forest cover in the area and serve as the origin of several rivers, including
the Pravara, Mula, and Aadhala, (Fig. 1) ultimately contribute sustaining the floral and
faunal diversity of KHWS. However, recent population growth, migration towards ur-
ban centers, and construction of new dams for agricultural water supply have signifi-
cantly transformed the LULC pattern of Akole.
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Fig. 1. Geographical location of Akole tehsil in Ahmednagar district, showing the SRTM DEM

based elevation insights overlaid with major rivers, their flow directions, and key dams.

3 Methodology

This study examines LULC dynamics in Akole tehsil using Landsat-5 (2001, 2011) and
Landsat-8 (2021) imagery acquired in February. LULC maps were generated through
MLC and analyzed for changes over two decades. Transition probabilities were esti-
mated using an ANN-MLPNN, while future LULC trends were simulated through CA.
The adopted workflow for mapping, monitoring, and prediction is outlined in Fig. 2

and detailed in the following subsections.
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Fig. 2. Workflow adopted for LULC mapping, change analysis, and prediction in Akole tehsil,
including Landsat data pre-processing, MLC based classification, ANN-MLPNN transition prob-
ability estimation, and CA-based future simulation.

3.1 Dataset:

Landsat 5, launched in March 1984, operated for nearly 29 years and earned a Guinness
World Record as the longest-serving Earth observation satellite before its decommis-
sioning in 2013. In this study, Landsat 5 Thematic Mapper (TM) images for 2001 and
2011 and Landsat-8 image for 2021 years were acquired from the USGS. Landsat-5
provides 30 m data with 16 days revisit cycle illuminates earth surface in 7 various
spectral bands [32]. Landsat 8, launched in 2013 by USGS, NASA equipped with Op-
erational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) provide optical and
thermal infrared imagery with 11 spectral bands [31]. A Landsat 8 OLI/TIRS image
acquired on 03 February 2021, with the same spatial and temporal resolution, was used
in this study. The details of the images utilized for the analysis are summarized in Table
1.
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Table 1. Details of Landsat satellite images (2001-2021) used for LULC mapping in Akole
tehsil.

Data Periods Spatial Temporal  Path and Bands
Resolution  Resolution Raw
Landsat 5[TM] 12-02-2001
ng 012011 Band: 1-5
-01- 147-46
30 m 16 days 147-47
Landsat 8 [OLI  03-02-2021 Band: 2-6

and TIRS]

3.2  Maximum Likelihood Classification (MLC)

In the present study, the MLC technique was accessed through ERDAS Imagine soft-
ware to produce LULC maps of Akole for 2001, 2011 and 2021 year. Study area was
classified into five major LULC classes including Water body, Built up, Natural Veg-
etation, Agriculture, and Barren land. MLC is one of the most widely used Supervised
classification algorithms, designed on probabilistic measurements to assign classes to
pixels for LULC mapping and monitoring. This probability is calculated by leveraging
statistical measures including the mean and covariance of the class pixel values as a
normal distribution in the multispectral feature space [19]. The method considers that
the distribution of pixel values within each class follows a multivariate Gaussian distri-
bution [33]. A detailed illustration of MLC’s mathematical foundation and implemen-
tation is studied by [17].

33 Cellular Automata Model

The CA simulation method was utilised in this study to model future LULC scenario
of Akole using the MOLUSCE plugin in QGIS 3.4. MOLUSCE is dedicated plugin
introduced to simulate LULC transitions and future prediction driven by historical
LULC changes and incorporating spatial variables linked to these dynamics [5]. In this
study, the February 2001 and 2011 LULC maps of Akole assigned as an initial and final
time maps to understand the historic LULC shift, with DEM serving as an additional
spatial variable. During the Transition Potential Modelling phase, the ANN-MLPNN
method was implemented with the following parameters optimization. Neighborhood
1 px, Learning Rate 0.10, Maximum Iterations 300 and Hidden Layers 5 were assigned.
Careful selection of these parameters is essential to achieve accurate results. However,
the optimal settings of these parameters may vary depending on the study area and the
spatial variables considered [7,8,24]
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4 Results and Discussion

In the present study, LULC maps prepared using the MLC for two decades were ana-
lyzed to provide socio-economic insights of Akole. The analysis highlights significant
LULC transitions between 2001 and 2011, as shown in Fig. 3 (I and IT) and summarized
in Table 2. The most notable increase was observed in Agricultural land, which ex-
panded by 136.8 sq. km (from 230.53 to 367.33 sq. km), reflecting a strong shift toward
cultivation. Barren land, though still dominant, showed a sharp decline of 229.6 sq. km
(from 1095.64 to 866.07 sq. km) indicating large scale conversion into anthropogenic
activities.

Table 2. Actual (2001-2021) and predicted (2021-2041) LULC class areas (in Sq. KM) for
Akole tehsil derived from Landsat imagery and CA—ANN simulations.

Data Actual (Sq. KM) Predicted (Sq. KM)
Class 2001 2011 2021 2021 2031 2041
Water 14.29 34.39 38.6 31.0 26.9 23.8
Body 2 9
Built-up 1.51 8.97 19.2 4.84 2.89 1.81
Area 8
Vegeta- 142.2 207.4 160. 232. 258.7 283.
tion 7 8 53 8 1 46
Agricul- 230.5 367.3 468. 468. 545.0 604.
ture 3 3 53 54 2 17
Barren 1095. 866.0 797. 747. 650.7 570.
Land 64 7 3 02 2 92

Natural Vegetation also increased substantially by 65.21 sq. km, possibly due to refor-
estation, conservation measures and precipitation increase. Water bodies expanded by
20.1 sq. km, due to the construction of Nilwande dam for agriculture water supply.
Although relatively small in extent, the Built-up area grew markedly from 1.51 to 8.97
sq. km, highlighting a clear trend of urban expansion. The class-wise LULC change is
illustrated in Fig. 4 (I: 2001-2011 transition, II: 2011-2021 transition)



154 V. Dhaigude et al.

FPI0L FIRI0L L FI0L TPITOL HEEL

M%_ 2011 Land Usc & Land Cover '

2001 Land Use & Land Cover
1 R

195410

1840

[ERTES
L8N

100N

[ERITON

1300
RN

Legend
I i Arc

Legend

I B Arcs
B reutnuze Arza
B Waler Loy
e Land

Vewellion

1Y)

JURTEN

5 akr By
. Gaesn Lan

Vepetation

18
1

AL L TR T UL

Fig. 3. Supervised LULC classification maps of Akole tehsil for the years 2001-2011 prepared
using MLC.

Class wise LULC transitions across two decades illustrated in Fig. 4 where Section (I)
illustrates changes between 2001 and 2011, while section (II) highlights the transitions
during 2011 to 2021. During the first decade, the most prominent transitions involved
conversion of 170 sq. km of Barren land into Agricultural land, 85 sq. km of Barren
land into Vegetation, and 17 sq. km of Barren land into Water bodies, the latter largely
influenced by dam construction.
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Fig. 4. Class-wise LULC transitions in Akole tehsil across two decades: (I) transitions between
2001-2011 and (II) transitions between 2011-2021.

These conversions emphasize the large-scale reduction of Barren land and its transfor-
mation into cultivated land. In the subsequent decade (2011-2021), similar trends con-
tinued, though with some additional dynamics. About 143 sq. km of Barren land tran-
sitioned into Agriculture, 14 sq. km into Vegetation, and 6.6 sq. km into Water bodies.
Notably, new conversion pathways emerged, including 38 sq. km of Vegetation turning
into Agriculture indicate intensified agricultural practices. Across both decades, the
dominant trajectory remained the conversion of Barren land into Agricultural land, un-
derscoring the strong pressure for cultivation and expansion of farmland. However, the
second decade also reflects a more complex pattern, with bidirectional shifts involving
Vegetation, suggesting both land degradation and agricultural encroachment.
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Comparison between the actual and predicted LULC classification for 2021 illustrated
in Fig. 5, where section (I) shows the actual LULC and section (II) displays the pre-
dicted LULC map. The class wise area statistics are provided in Table 2, allowing a
detailed assessment of prediction performance. The accuracy assessment indicates an
overall correctness of 75.6%, with a Kappa index of 0.92 confirming a strong agreement
between the classified and predicted data. Furthermore, the correlation analysis be-
tween the predicted and actual class areas yielded a high correlation coefficient of
0.989, suggesting excellent consistency between observed and modeled results. Nota-
bly, the highest difference between the two maps was observed in the Vegetation class,
with an actual area of 160.53 km? compared to a predicted area of 232.8 km>
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Predicted LULC scenarios for 2031 (I) and 2041 (IT) demonstrated in Fig. 6, while the
corresponding class-wise area statistics are presented in Table 2. The results indicate
notable shifts in LULC over the two decades. The Built-up area is projected to decrease
slightly from 26.9 km? in 2031 to 23.89 km? in 2041, while Water bodies are also ex-
pected to shrink from 2.89 km? to 1.81 km?. In contrast, Vegetation cover shows a
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significant increase, expanding from 258.71 km? in 2031 to 283.46 km? in 2041. Simi-
larly, Agricultural land is projected to rise from 545.02 km? to 604.17 km?, reflecting a
strong upward trend. However, the Barren land category demonstrates a decline, reduc-
ing from 650.72 km? in 2031 to 570.92 km? in 2041.

5 Conclusion

The Spatio-temporal analysis of Akole tehsil highlights significant LULC transitions
over the past two decades, with agriculture emerging as the dominant land use class.
Future simulations indicate sustained agricultural expansion and vegetation recovery,
alongside a considerable decline in barren land and water resources. The integration of
MLC with ANN—-CA modelling proved highly effective in capturing both temporal dy-
namics and spatial patterns of land system transformations. Validation against the 2021
LULC map demonstrated strong predictive accuracy, underscoring the robustness of
the modelling framework. Overall, the study advances methodological applications of
ANN-CA in regional LULC prediction and provides a scientifically grounded decision-
support framework for sustainable land management, agricultural intensification, and
water resource conservation in semi-arid landscapes such as Ahmednagar district.
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