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ABSTRACT 
Future Land Use/Land Cover (LULC) prediction is essential for sustainable urban planning, 
environmental management, and climate resilience. This review aims to systematically 
examine global methodological shifts, model performance, software ecosystems, and 
publication trends in future LULC prediction research from 2015 to 2025. Specifically, it 
seeks to identify the methodologies used for LULC modeling, evaluate their strengths and 
weaknesses, determine the predominantly used classifiers, assess available software and 
data portals, and analyze the temporal, geographic, and publisher-wise distribution of 
related studies. 
The review synthesizes traditional approaches such as Cellular Automata–Markov (CA–
MC), Logistic Regression, and Agent-Based Models alongside machine learning techniques 
including Random Forest (RF), Support Vector Machines (SVM), and Artificial Neural 
Networks (ANN), as well as deep learning architectures such as CNN and LSTM. A 
comparative assessment highlights trade-offs in accuracy, interpretability, computational 
demand, and spatial–temporal modeling capability. Bibliometric analysis indicates a rapid 
increase in publications after 2020, reflecting the growing integration of hybrid and data-
driven frameworks supported by cloud-based geospatial platforms and open satellite 
datasets. 
The study provides consolidated understandings into evolving research directions and 
supports informed model selection for future LULC change prediction. 

 

Keywords: LULC Change prediction, Maximum Likelihood Classification, Markov Chain, 
Urbanization, Global Trends. 
 

1. INTRODUCTION  

Urbanization is reshaping the world, more 
than 80% of people now live in urban 
areas, with Asia leading the rise of 
megacities (FP News Desk, 2025). As of 
2025, the world’s population is about 8.2 
billion, and 81% live in urban areas. This is 
a dramatic increase from just 20% in 1950 
(Department of Economic and Social 
Affairs, 2025). Global land-use/cover 
change modeling has not advanced as 
rapidly in recent years. 
 

1.1 SOCIOECONOMIC DRIVERS OF 
LULC CHANGE 

Land use and land cover (LULC) 
transformations are fundamentally shaped 
by demographic and economic forces. 
Under conditions of increasing population 
density, there are significant changes in 
land-use patterns, as evidenced by a large 
number of studies on landscape dynamics 
(Sintayehu et al., 2017). Socioeconomic 
development processes, including 
population increase, GDP growth, and 
rural-urban migration, are the main driving 
forces behind these changes, with 
urbanization being a major catalyst for the 
migration of populations to district capitals 

Commented [JI1]: Indicate the result 



 

 

in search of better educational, job, and 
business opportunities (Abbas et al., 2021; 
Singh et al., 2015). The development of 
tourism activities, employment 
diversification, and irrigated agriculture 
have increased household incomes and 
encouraged more sedentary behavior, 
thus contributing to changes in land 
systems (Halmy et al., 2015). 

Urban expansion often continues even 
when population growth rates slow down, 
indicating that economic transformation 
and infrastructure development are 
becoming more important than 
demographic factors in land transformation 
(Singh et al., 2015). 

1.2 URBAN EXPANSION AND 
AGRICULTURAL TRANSFORMATION 

Urbanization occurs primarily at the 
expense of agricultural and desert lands 
(Somvanshi et al., 2020); (Abdelkarim, 
2025). The loss of agricultural land is 
increasingly driven by the expansion of 
infrastructure, industrial development, and 
real estate (Somvanshi et al., 2020), as 
rapid urbanization continues to reshape 
long-established land use patterns (Uddin 
et al., 2023). At the same time, efforts to 
meet growing food demands have led to 
the expansion of cropland into deserts and 
forests, often supported by the 
development of irrigation systems 
((Abdelkarim, 2025); Gupta et al., 2020; 
(W. Wang et al., 2016). While the 
cultivation of high-value commercial crops 
such as oil palm has brought economic 
benefits, it has also contributed to 
deforestation and heightened ecological 
vulnerability (Mahamud et al., 2019). 
Likewise, the growth of shrimp farming has 
offered new livelihood opportunities, yet it 
has also resulted in saltwater intrusion, 
land degradation, and the displacement of 
local communities (Rahman et al., 2017). 

1.3 SPATIAL DETERMINANTS OF 
URBAN AND FOREST CHANGE 

Urban expansion tends to follow natural 
and built corridors, spreading along rivers, 
major roads, and railway lines (Han et al., 
2015); (Kumar et al., 2016). The physical 
landscape plays a key role in shaping this 
growth—flat, low-lying areas are generally 
easier and more cost-effective to develop 
(Muhammad et al., 2022), while steeper 
slopes tend to discourage construction. 
However, once lowland areas become 
saturated, development may begin to push 
into mountainous zones, raising concerns 
about ecological vulnerability (Han et al., 
2015). In many regions, urban growth has 
become a major driver of forest loss, 
particularly in areas bordering agricultural 
land or existing settlements, with 
deforestation most pronounced in 
accessible low-elevation zones (W. Wang 
et al., 2016). 

In northeastern India, for instance, forest 
degradation is linked to a combination of 
factors: encroachment, shifting (jhum) 
cultivation (Anand & Oinam, 2020), 
bamboo extraction, illegal logging, mining, 
and the spread of agriculture (REDDY et 
al., 2017). 

These pressures are intensified by the 
needs of local communities and the growth 
of human settlements (Osman Maysoon A. 
A. AND Abdel-Rahman, 2023). The 
expansion of oil palm plantations has also 
contributed significantly to forest clearance 
in some areas (Mahamud et al., 2019). 
More broadly, the long-term health and 
extent of forests are being shaped by the 
intertwined forces of economic 
development and rising global 
temperatures (Zhang et al., 2023). 

1.4 ENVIRONMENTAL AND 
ECOLOGICAL CONSEQUENCES 

The environmental consequences of these 
transformations are far-reaching. 
Deforestation often triggers a cascade of 
environmental consequences, including 
soil degradation, increased landslide risk, 
and biodiversity loss (Jalayer et al., 2022). 
Forests play a critical role in stabilizing 
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slopes, whereas the loss of grasslands can 
heighten susceptibility to landslides (Shu 
et al., 2019). As natural habitats continue 
to shrink, human–wildlife conflicts become 
more frequent, placing additional pressure 
on already vulnerable species (Gupta & 
Sharma, 2020); (Halmy et al., 2015). 
Hydrological systems are also increasingly 
strained—water bodies are diminishing 
due to siltation and encroachment (Mishra 
et al., 2018), while coastal areas face 
cropland loss from saline flooding and 
water quality degradation from 
aquaculture, contributing to growing water 
scarcity and more frequent urban flooding 
((Rahman et al., 2017); (S. W. Wang et al., 
2021). 

1.5 URBAN CLIMATE EFFECTS AND 
FUTURE RISKS 

Urbanization further alters local climate 
systems. The built-up areas also function 
as heat reservoirs, increasing the land 
surface temperature and increasing the 
Urban Heat Island (UHI) effect (Ahmad et 
al., 2025). The increase in land surface 
temperature is directly related to land use 
and land cover (LULC) change and is 
related to groundwater depletion and the 
density of built-up areas, suggesting 
cumulative effects on thermal and 
hydrological systems. The continued 
expansion of impervious surfaces is also 
expected to worsen UHI strength, water 
scarcity, and greenhouse gas emissions 
(J. Wang & Maduako, 2018). Future 
projections also indicate increased risks. 
Climate change can cause more focused 
precipitation events, flash floods, and soil 
erosion (Vijayaraghavalu et al., 2025). In 
some areas, post-seismic reconstruction 
has also encouraged urban expansion 
towards geological fracture zones, thus 

furthering vulnerability to hazards (Nath et 
al., 2020). The increase in the area 
covered by sandy regions and river 
channels may also indicate ongoing river 
migration processes (Kumar et al., 2016). 
In view of these cumulative factors, 
immediate remedial actions are necessary 
in land and water resource management to 
maintain ecological harmony (Leta et al., 
2021). In addition, rainwater harvesting 
and wetland restoration are increasingly 
necessary to address water scarcity (Tahir 
et al., 2025). 

 
 
The present review is conducted to answer 
the following research questions: 

1. What methodologies have 
researchers used to model LULC 
and predict LULC changes? 

2. What are the strength and 
weakness of various LULC 
models? 

3. Which model/ classifier is 
predominantly used in LULC 
Classification and LULC change 
prediction? 

4. What software packages and data 

portals are available for 

performing LULC modeling and 

analysis? 

5. How did research on future LULC 

change prediction using different 

approaches evolved over time 

(2015–2025)? 

6. How are LULC change prediction 

studies geographically distributed 

across regions? 

7. How is LULC change prediction 

research distributed across major 

publishers?

2. METHODOLOGY  

For this review, explorations were 
conducted across a group of scholarly 
repositories frequently used in scientific 
investigation. Databases such as Google 
Scholar, Scopus, Web of Science and 
IEEE Xplore were utilized to perform the 

search. The following keywords: "future 
LULC change OR LULC change 
prediction" along with advanced phrase 
searching keywords: “Traditional OR 
Hybrid OR Integrated OR Machine OR 
Deep OR learning” were used to identify a 
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set of related research work. The search 
was conducted for the publications dating 
from year 2015 to 2025 and a total of 838 
studies were identified. After removing 
duplicate entries, unrelated work was 
screened out by reviewing titles and 
abstracts. Final screening is done by 
reviewing full text articles against pre-

defined inclusion criteria. Lastly, 50 studies 
were identified that fulfilled every criteria 
were selected and kept for the further data 
analysis. 
Figure 1 illustrates the workflow adopted 
by researchers in Satellite Image 
Classification for change detection and 
future LULC change prediction. 

 
 

 
Fig. 1.  General workflow in Satellite Image Classification for Change detection & 

future LULC prediction. 
 

3. RESULTS & DISCUSSION 

The choice of a Land Use/Land Cover 
(LULC) model is primarily determined by 
the precise objectives of the study, as no 
single model is capable of satisfying all 
possible requirements. In practice, model 
selection is also influenced by factors such 
as data availability, the underlying 
modeling framework, and the temporal or 
spatial scale at which the analysis is 
conducted (Gaur & Singh, 2023). 

Table 1 shows the usage popularity of 
various classifiers used in the LULC 
change classification from 2015-2025.  

A significant portion, nearly half of the 
studies, continue to rely on traditional 
techniques, with supervised and 
unsupervised methods—particularly 

Maximum Likelihood Classification—
remaining prevalent. In contrast, 
approximately one-quarter of the studies 
have adopted machine learning–based 
classifiers, notably Random Forest (RF) 
and Support Vector Machine (SVM). 
Among these, RF is frequently favoured for 
initial classification tasks due to its 
robustness to noise and its effectiveness in 
handling high-dimensional datasets 
(Niroomand & Pahlavani, 2024). This 
growing adoption of machine learning 
reflects a broader disciplinary shift toward 
flexible, data-driven approaches that often 
achieve higher accuracy than conventional 
methods. 

This trend toward methodological 
innovation is further evidenced by the 
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emergence of hybrid strategies, employed 
in nearly 10% of the studies. These 
approaches, which might combine 
algorithms like Decision Forest with image 
segmentation, are designed to leverage 
the strengths of multiple classifiers and 
enhance overall reliability (Jalayer et al., 
2022). Alongside these advanced 
techniques, around 14% of the studies 
employed alternative methods, including 
index-based approaches such as NDVI, 
visual or manual interpretation, and the 
use of pre-existing LULC datasets. 

Notably, research has shown that NDVI-
based classification can achieve accuracy 
levels comparable to more complex 
models like KNN, SVM, and RF (Akbar et 
al., 2019). This finding underscores that 
while the field is advancing toward 
sophisticated machine learning 
applications, simpler, well-established 
techniques remain highly effective and 
contextually valuable (Akbar et al., 2019). 

 

Table 1: Usage Statistics for LULC classification models (2015-2025) 

Model 
(Example) 

Percentage 
(approx.) 

Findings 
and Observations 

Traditional Classifiers 
(Supervised, Unsupervised, MLC, MDC etc.) 

49% 
MLC is the predominant 
method. 

Machine Learning Classifiers 
(RF, SVM, etc.) 

24% 
RF and SVM are the 
major ML classifiers. 

Hybrid Classifiers 
(Combinations like RF + DTC, SVM + MLE, 

Segmentation-based, etc.) 
10% 

Hybrid classification is 
emerging. 

Others 
(LULC ready datasets , NDVI/index-based, 

Visual/manual) 
14% 

Use of ready-made LULC 
datasets. 

Table 2 shows the usage popularity of 
different models used in the future LULC 
change prediction from 2015-2025. 

Prediction accuracy tends to improve when 
the time interval between input datasets is 
shorter, as this allows models to capture 
changes more precisely (Lu et al., 2019). A 
majority of the studies—about 64%—relied 
on statistical approaches, particularly 
Markov Chain (MC) models, which form 
the backbone of many LULC prediction 
frameworks. 

Cellular Automata (CA) and their variants 
were the second most widely used 
methods, largely due to their strength in 
simulating spatial patterns and 
neighborhood interactions. Artificial Neural 
Networks (ANN) and Multi-Layer 
Perceptron (MLP) models were applied in 
nearly half of the studies, reflecting their 
growing importance in capturing complex, 
nonlinear relationships. In particular, ANN 

has shown strong performance in 
forecasting short-term urban expansion 
(Somvanshi et al., 2020). 
 
Around 16% of the studies employed 
hybrid models that combine multiple 
techniques, such as CA–MC, MLP–MC, 
and CA–ANN. These integrated 
approaches aim to leverage the 
complementary strengths of different 
methods—balancing the temporal 
prediction capability of MC, the spatial 
realism of CA, and the adaptive learning 
capacity of ANN/MLP—to produce more 
reliable and robust LULC forecasts. 

CA–Markov model is found well suited for 
urban landscapes with mixed classes 
(Mondal et al., 2016) but it performed 
poorly for waste land & water bodies in 
long-term simulation (Singh et al., 2015). 
Its limitation is that it does not incorporate 
socioeconomic or policy drivers (Lu et al., 
2019). The MLP–MC hybrid model is found 



 

 

reliable for modeling complex urban 
systems (J. Wang & Maduako, 2018). The 
MLP–MC model proved highly effective 
(Gupta & Sharma, 2020) and achieved 
extremely high accuracy with metrics such 
as Kno, Klocation, & Kstandard (W. Wang 
et al., 2016). The MLP–Markov model 
performed best with outstanding AUC 

(Gaur et al., 2020) and outperformed other 
models (Mishra et al., 2018). Ensemble 
Deep learning (CNN+DNN) outperformed 
traditional ML methods (Habeeb & 
Mustafa, 2025). Deep learning models 
(used in 4% of studies) such as CNNs, 
DNNs, and TCNs are still rare but 
expected to grow swiftly. 

Table 2. Usage Statistics of LULC Prediction models (2015-2025) 

Model 
(Example) 

Percentage 
(%) 

Findings 
and Observations 

Statistical Models 
(Markov Chains (MC), Logistic regression 

(LR), etc.) 
64% 

MC is the backbone of 
LULC prediction. 

Cellular Models 
(Cellular-Automata (CA), PLUS, CLUE-S, 

SLEUTH, etc.) 
56% 

CA is the second most 
dominant approach. 
Strong in spatial modeling. 

Neural Networks 
( ANN, MLP NN) 

46% 
ANN/ MLP NN are used in 
Nearly half of all studies. 
Show a major rise. 

Hybrid Models 
(CA-MC, ST- MC, MLP-MC, CA-ANN, MLP+ 

CA + MC, etc. ) 
16% 

Clearly emerging and 
increasing trend. 

Deep Learning Models 
(CNN, DNN, TCN) 

4% 
New and expected to grow 
fast. 

Most LULC modeling frameworks overlook 
the fact that explanatory variables can 
change over time. Instead, they typically 
assume these variables remain constant 
during model validation and future 
prediction. This reliance on stationary 
inputs often leads to uncertain or less 
reliable modeling results (Gaur & Singh, 
2023). 
 
(Chisanga et al., 2024) shows how freely 
available tools and datasets can be 
harnessed to deliver essential insights into 
land use and land cover across broad 
regions. Table 3 summarizes different 

modeling software and data portals used in 
recent studies. ArcGIS (ArcMap/Pro), 
ENVI / ENVI Classic, ERDAS Imagine 
were identified as the mainstream GIS & 
remote sensing tools. USGS 
EarthExplorer / GLOVIS, GCAM, RESDC 
(CAS), Global GIS Layers (SEDAC, DIVA-
GIS, GADM, and OSM) and WorldClim 
were common as global & reference data 
portals. Google Earth Engine (GEE) and 
Google Earth / Pro were used in many 
studies as a visualization & validation tool. 
TerrSet / IDRISI, QGIS with MOLUSCE 
Plugin were most common used modeling 
& simulation platforms. 

 
Table 3. Commonly used Modeling Software and Data Portals. 

Software / Portal Observed Usability 

ArcGIS 
( ArcMap / ArcGIS Pro) 

Preprocessing (mosaicking, clipping, projection) 
DEM processing 

Commented [JI8]: wrong citation 

Commented [JI9]: could 



 

 

Euclidean distance 
Supervised classification 
Accuracy assessment 
Spatial analysis 
Cartography 

ENVI / ENVI Classic 

Radiometric calibration 
Atmospheric correction (FLAASH) 
Mosaicking 
Pan-sharpening 
Supervised classification 
Segmentation-based workflows 
Accuracy assessment 

ERDAS Imagine 

Supervised classification (Maximum Likelihood) 
Preprocessing 
Band stacking 
Map preparation 

GCAM 
Global land demand modelling 
SSP–RCP projections 
Downscaling socio-economic drivers 

Global GIS Layers 
(SEDAC, DIVA-GIS, 

GADM, OSM) 

Rivers and Road networks 
Admin boundaries 
Population layers for modelling drivers 

Google Earth / 
Google Earth Pro 

Reference data collection 
Training sample digitization 
Visual interpretation 
Classification validation and Ground-truth 
verification 

Google Earth Engine 
(GEE) 

Retrieval of Landsat & MODIS datasets 
Cloud masking 
Atmospheric/topographic correction 
Mosaicking/Compositing 
Preprocessing 
RF/DT classification 
Multi-temporal LULC mapping 
Accuracy assessment 

PLUS Model 
(LEAS + CARS) 

Patch-based CA simulation; 
Suitability mapping via RF; 
SSP–RCP future scenario modelling 

QGIS + MOLUSCE 
Plugin 

Transition potential modelling (ANN-MLP) 
CA–ANN simulation 
LULC change detection 
Distance rasters 
Correlation and Validation (kappa metrics) 

RESDC (CAS) 
Downloading LULC datasets, Population, GDP, 
hydrology datasets 

TerrSet / IDRISI 

CA–Markov modelling 
LCM transition potential mapping 
MCE; AHP weighting 
Suitability mapping 
Future LULC prediction 
Validation using multiple kappa variants 



 

 

USGS EarthExplorer / 
GLOVIS 

Downloading Landsat (TM, ETM+, OLI, Landsat-9), 
MODIS, and SRTM DEM datasets 

WorldClim (SRTM 
DEM) 

Elevation, slope, aspect generation 
Topographic driver extraction 

 
3.1 TREND ANALYSIS & ASSESSMENT 

Figure 2 shows a strong upward trend in 
studies on LULC change prediction using 
traditional, hybrid and machine learning 
approaches (2015–2025), especially after 
2020. However, a slight decline after 2023 

is also observed. Figure 3 shows a steady 
rise in research on the impact of 
urbanization on LULC changes from 2015 
to 2023, peaking in 2023 and shows 
decline after 2024. 

Fig. 2. Publication Trends in LULC Change Prediction Using Traditional, Hybrid and 
Machine Learning Approaches (2015–2025) 

 

Fig. 3. Publication Trends in Research on the Impact of Urbanization on LULC changes 
(2015–2025) 

 

Figure 4 illustrates that MDPI with 26% 
shares of studies is growing fast due to 
open-access model and rapid review 
cycles. It offers journals with broad 
thematic coverage that attracts 
interdisciplinary submissions. 

Sustainability leads in frequency which 
often hosts LULC and modeling special 
issues. Elsevier & Springer with 22% 
shares each maintain strong reputations 
for rigorous peer review and broad journal 
portfolios. Taylor & Francis with

0

50

100

150

200

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

N
o

. 
o

f 
A

rt
ic

le
s

Year of Publication

Keywords: Traditional OR Hybrid OR Integrated OR Machine OR 
Deep OR learning "future LULC change OR LULC change 

prediction " 

0

50

100

150

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

N
o

. 
o

f 
A

rt
ic

le
s

Year of Publication

Studies Accessing Impact of Urbanization on LULC changes



 

 

Specialized niche in remote sensing, share 
smaller (8%) but holds strong legacy in 
geospatial publishing.    

Fig. 4. Distribution of selected studies on LULC change prediction by 
Publisher 

 

Figure 5 clarifies the geographical 
distribution showing a strong concentration 
of LULC change prediction studies in India 
(20%), followed by China, Ethiopia, and 
Pakistan (10% each), highlighting a 
research focus on rapidly transforming 
developing regions. Most study areas lie in 
Asia and Africa, reflecting higher policy 
urgency around land degradation, food 

security and urban growth in these regions. 
Europe and North America contribute 
minimally, pointing to either mature land-
management systems or less emphasis on 
predictive LULC modeling in those regions. 
Only a small fraction (~2%) of studies 
adopt a global perspective, suggesting that 
cross-regional generalization of models 
remains underexplored.

 
Fig. 5. Distribution of selected studies on LULC change prediction by Study area 
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4. CONCLUSION 

This review systematically examined 
global research on future Land Use/Land 
Cover (LULC) prediction between 2015 
and 2025, focusing on methodological 
evolution, model performance, software 
ecosystems, and publication trends. The 
findings reveal that traditional statistical 
approaches, particularly Markov Chain 
(MC), remain the backbone of LULC 
prediction, while Cellular Automata (CA) 
continues to dominate spatial simulation. 
However, there is a clear methodological 
transition toward machine learning and 
hybrid frameworks, especially CA–MC and 
MLP–MC models, which balance temporal 
transition probability with spatial realism 
and learning capability. Random Forest 
and Support Vector Machines are the most 
frequently adopted machine learning 
classifiers for LULC classification, 
reflecting a shift toward data-driven 
techniques. 
Although deep learning approaches such 
as CNN and DNN are currently limited in 
use, they demonstrate strong potential for 
improved predictive accuracy. The study 
also highlights the widespread use of GIS 

platforms (ArcGIS, ENVI, TerrSet) and 
cloud-based tools such as Google Earth 
Engine for scalable modeling. Publication 
trends show rapid growth after 2020, with 
strong research concentration in 
developing regions such as India, China, 
and parts of Africa. Overall, hybrid and AI-
driven approaches represent the future 
direction of LULC change prediction, 
though challenges related to dynamic 
drivers and uncertainty remain. 
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