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Abstract

Understanding land use and land cover (LULC) dynamics is essential for sustainable environmental management and
spatial planning. This study applied the Cellular Automata—Markov (CA—Markov) model integrated with multi-temporal
Landsat imagery (TM, ETM +, and OLI) to analyze past changes and project future LULC transitions in the Cankir1 Forest
Enterprise region of Tiirkiye. The classified maps for 2000, 2010, and 2020 achieved high accuracy (overall accuracy up to
95.3%, Kappa=0.92). The CA-Markov model, validated with a 91.5% similarity rate, effectively simulated spatial-temporal
dynamics of agricultural expansion, urban growth, and forest alteration. Results reveal that agricultural land increased by
73.4% over two decades, mainly driven by demographic growth and economic incentives, while forest and water resources
declined. Future projections for 2030 and 2040 indicate continued urban expansion and agricultural dominance, accompanied
by shrinking water bodies and shifting forest distribution. These trends suggest potential challenges for agricultural sustain-
ability and forest conservation under increasing resource pressures. By linking model-based predictions with national forest
and land-use policies, this study underscores the importance of integrating spatial forecasting tools into adaptive planning
strategies. The CA—Markov framework provides a reliable, interpretable, and transferable approach for regional-scale scenario
generation and evidence-based environmental policy development.
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Introduction deforestation, and infrastructure development have sig-

nificantly altered natural landscapes, often leading to land

Understanding land use and land cover (LULC) changes is
critical for assessing the environmental and socio-economic
impacts of human activities on the Earth’s surface. These
changes directly influence ecosystem services, biodiver-
sity, climate regulation, and hydrological cycles (Foley
et al. 2005). Rapid urbanization, agricultural expansion,
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degradation, habitat fragmentation, and increased green-
house gas emissions (Lambin et al. 2001; Belay et al. 2024;
Behera et al. 2025). Recent studies highlight that acceler-
ated human-induced land transformations have intensified
pressures on ecological systems, particularly in developing
regions (Kavathekar et al. 2025; Tahir et al. 2025). Monitor-
ing and analyzing LULC dynamics through advanced geo-
spatial technologies enables policymakers, planners, and
researchers to develop sustainable land management strate-
gies, mitigate environmental risks, and ensure the resilience
of ecosystems in the face of global environmental change
(Turner et al. 2007; Beroho et al. 2023; Alsharif et al. 2022).

LULC change is a fundamental component of envi-
ronmental transformation, directly influencing ecosystem
dynamics, natural resource management, and sustainable
development strategies. As global urbanization and anthro-
pogenic pressures intensify, understanding the spatiotem-
poral patterns of LULC becomes crucial for informed
policy-making and land use planning (Karimi et al. 2018;
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Moradi et al. 2020; Masalvad et al. 2024; Weslati et al.
2023; Mathewos et al. 2022). Remote sensing technologies
and Geographic Information Systems (GIS) have revolu-
tionized LULC monitoring, enabling researchers to track
past changes and forecast future land transitions with high
accuracy (Kumar et al. 2014; Tadese et al. 2021; Hind
et al. 2022; Tariq et al. 2022; Nagasa and Edosa 2024).
These technologies, particularly cloud-based systems
such as Google Earth Engine, facilitate rapid processing
of multi-temporal datasets for more reliable LULC classi-
fication and prediction (Belay et al. 2024; Ghalehteimouri
et al. 2022).

Among predictive modeling approaches, the Cellular
Automata-Markov (CA-Markov) model has gained wide-
spread application due to its ability to simulate complex land
transformation processes over time. By integrating Markov
chain probability transitions with spatially explicit cellular
automata rules, this model provides a dynamic framework
for forecasting future LULC scenarios (Nouri et al. 2014;
Aliani et al. 2019; Nasehi et al. 2019; Hind et al. 2022;
Aniah et al. 2023; Asif et al. 2023; Weslati et al. 2023; Belay
et al. 2024; Aksoy 2024). Several studies have demonstrated
the robustness of CA-Markov in analyzing urban expansion,
deforestation, agricultural intensification, and wetland deg-
radation, offering valuable insights into land management
strategies (Halmy et al. 2015; Aliani et al. 2019; Yulianto
et al. 2019; Ruben et al. 2020; Huang et al. 2020; Mansour
et al. 2020; Aksoy and Kaptan 2020; Bagaria et al. 2021;
Khwarahm et al. 2021; Tadese et al. 2021; Rahnama 2021;
Wang et al. 2021; Jana et al. 2022; Fu et al. 2022; Tariq et al.
2022; Aksoy et al. 2022; Aksoy 2024). Recent applications
in Ethiopia, India, Saudi Arabia, and Iraq have shown that
the CA—Markov model can effectively predict both short-
and long-term landscape transformations under varying
socio-economic scenarios (Alsharif et al. 2022; Khwarahm
et al. 2021; Behera et al. 2025; Tahir et al. 2025). In particu-
lar, scenario-based modeling—such as “business-as-usual”
versus “governance” projections—has emerged as a critical
tool for assessing the impact of policy decisions on land use
trends (Belay et al. 2024; Ghalehteimouri et al. 2022).

Remote sensing data, particularly multi-temporal sat-
ellite imagery, plays a crucial role in LULC assessment
and modeling. Medium-resolution datasets from sensors
such as Landsat TM, ETM +, and OLI provide consistent
spatial and temporal records, allowing for the identifica-
tion of land transition trends and validation of predictive
models (Mathewos et al. 2022; Beroho et al. 2023; Weslati
et al. 2023). Classification techniques, including Maxi-
mum Likelihood and Support Vector Machines, have been
employed to enhance the accuracy of land cover maps,
ensuring reliable inputs for CA-Markov simulations (Mon-
dal et al. 2016; Kavathekar et al. 2025). Integration of such
techniques within the CA—Markov framework enhances
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predictive precision and enables comparative analyses
across multiple temporal and spatial scales (Behera et al.
2025; Tahir et al. 2025).

Previous studies have highlighted the significant trans-
formations occurring in urban and natural landscapes. For
instance, rapid urban expansion has been identified as a
primary driver of LULC change, often at the expense of
agricultural and forested land, leading to increased vulner-
ability to climate-related hazards such as flooding and soil
degradation (Kumar et al. 2014; Moradi et al. 2020; Hind
et al. 2022; Fu et al. 2022; Jana et al. 2022; Belay et al. 2024;
Kavathekar et al. 2025). Similarly, agricultural intensifica-
tion, driven by demographic pressures, has contributed to the
depletion of wetlands and grasslands, impacting biodiversity
and ecosystem stability (Nasehi et al. 2019; Khwarahm et al.
2021; Nagasa and Edosa 2024). Behera et al. (2025) and
Tahir et al. (2025) further observed that urbanization in rap-
idly growing regions continues to transform natural habitats,
emphasizing the urgent need for proactive land management
policies.

Given these dynamics, this study aims to assess historical
LULC changes and predict future land cover transformations
using the CA—Markov model and multi-temporal satellite
imagery in the Cankir1 Forest Enterprise region of Tiirkiye.
The research focuses on analyzing key drivers of land transi-
tions and evaluating potential scenarios for sustainable land
management. This study also contributes to a deeper under-
standing of landscape evolution and provides a valuable tool
for decision-makers in urban planning, environmental con-
servation, and resource allocation.

Materials and methods
Study area

The study area, Cankir1 Forest Enterprise, is affiliated with
the Ankara Regional Directorate of Forestry. The study
area is located between the northern latitudes of 4,453,800-
4,523,200 and the eastern longitudes of 488,100 and 600,250
(WGS 1984, UTM Zone 36N). The study area covers a total
of 458,762.2 ha. Of this area, 18% (83,993.0 ha) consists
of forested land, while 82% (374,769.2 ha) comprises open
areas. Among the forested land, 52% (43,830.5 ha) is classi-
fied as productive, whereas 48% (40,162.5 ha) is considered
degraded. In the study area, tree species, including Pinus
sylvestris L., P. nigra J.F. Arnold, Abies equi-trojani, Popu-
lus tremula, and Quercus sp. are commonly distributed. The
study area has an average annual temperature of 17.3 °C and
an average annual precipitation of 224.7 mm (Anonymous
2020). A map illustrating the location of the study area is
provided in Fig. 1.
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Fig. 1 Study area: a the map of the world, b the map of Tiirkiye, and ¢ the map of the study area (Landsat 8 band combination of 5,4,3)
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Data sources

This study investigates LULC dynamics using a combination
of remote sensing data, GIS techniques, and the CA—Markov
model. The dataset includes multi-temporal satellite imagery
obtained from Landsat sensors, specifically Thematic Map-
per (TM), Enhanced Thematic Mapper Plus (ETM +), and
Operational Land Imager (OLI), ensuring consistency
in spatial and spectral resolution (Mathewos et al. 2022;
Yulianto et al. 2019). These images were acquired from the
United States Geological Survey (USGS) Earth Explorer
platform, covering a period that captures significant LULC
changes in the study area. Some information about the satel-
lite images used in the study is provided in Table 1.

To enhance the reliability of classification and modeling,
ancillary data such as digital elevation models (DEMs) and
forest management plans/maps were incorporated. Field sur-
veys and ground-truthing were conducted to validate clas-
sification accuracy and to ensure a realistic representation
of land cover categories (Asif et al. 2023).

The study utilized Landsat TM (2000), ETM + (2010),
and OLI (2020) satellite imagery. Classification utilized
bands with same spectral and spatial resolution (30 m). The
temporal and spatial resolution of Landsat data utilized in
land use classification significantly influences classification
accuracy. The 30 m spatial resolution of Landsat sensors
(TM, ETM +, OLI) facilitates extensive research while
preserving adequate detail to differentiate various land use
classes. Elevated spatial resolution facilitates the precise
identification of small-scale land use categories (settlement
and agriculture) and mitigates the issue of mixed pixels seen
in low-resolution imagery (Foody 2002; Blaschke 2010).
Nevertheless, the augmented noise and data volume in very
high-resolution datasets may increase processing time; thus,
Landsat’s 30 m resolution offers an ideal compromise for
land use classification (Wulder et al. 2008).

The 16-day revisit interval of Landsat satellites facilitates
the observation of long-term land alterations and guaran-
tees temporal consistency. Enhanced temporal resolution
improves classification precision, especially in categories

Table 1 Landsat images were used in this study

susceptible to seasonal variations, such as vegetation and
agricultural areas (Zhu & Woodcock 2014). Single-temporal
imagery may inadequately represent spectral variability due
to seasonal variations, resulting in misclassifications; how-
ever, multi-temporal imagery mitigates spectral interference
among classes and enhances theme accuracy (Song et al.
2001; Lu & Weng 2007).

Consequently, the combination of temporal and geograph-
ical resolution characteristics provided by the Landsat series
of sensors improves both the precision of long-term change
modeling and the dependability of transition probability-
based assessments, such as Markov chains. Landsat data are
regarded as the best suitable source for LULC change assess-
ments due to its temporal consistency and spatial resolution
(Roy et al. 2014).

Preprocessing and classification of satellite imagery

This study focuses on the utilization of Landsat TM, ETM +,
and OLI satellite imagery for land LULC classification.
The processing of satellite images involves multiple stages,
including preprocessing, classification, and accuracy assess-
ment. This paper aims to provide a comprehensive methodo-
logical framework for the effective processing of Landsat
data to achieve high-precision LULC classification. Image
preprocessing was performed to ensure accurate LULC clas-
sification, including atmospheric, geometric, and radiomet-
ric corrections using QGIS (Hind et al. 2022; Mathewos
et al. 2022). Supervised classification is a commonly used
technique in remote sensing for LULC mapping. It involves
training the model using labeled samples to classify pixels
into predefined categories such as urban, forest, water, and
agriculture. The images were then classified using the Maxi-
mum Likelihood Classification (MLC) method because of its
efficacy in differentiating comparable classes within varied
ecosystems, which assigns pixels to LULC categories based
on statistical probability distributions (Yulianto et al. 2019).
This supervised classification approach was selected due to
its effectiveness in distinguishing different land cover types
with high accuracy (Masalvad et al. 2024).

Name Bands Name Bands Name Bands Spatial
resolution
(m)
Landsat 5 TM (14.08.2000) T™1 Landsat 7 ETM + (02.08.2010) ETM1 Landsat 8 OLI (29.08.2020) OLI 2 30m
™2 ETM2 OLI3 30m
™3 ETM3 OLI 4 30m
™4 ETM4 OLI 5 30m
TM5 ETM5 OLI 6 30m
™7 ETM7 OLI 7 30m
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To ensure temporal consistency and reliability in the tran-
sition analysis, seven LULC classes were identified: conifer
forest (CF), broadleaf forest (BF), degraded forest (DF),
settlement (ST), agriculture (AG), water (WT), and other
(OH) and incorporated in all three temporal datasets (2000,
2010, and 2020). To maintain consistency, same training
sample strategies and preprocessing procedures, encompass-
ing atmospheric, geometric, and radiometric corrections,
were implemented across all Landsat images (TM, ETM +,
and OLI). Furthermore, 275 random validation points were
allocated on the classified maps, and the associated classes
were juxtaposed with the reference data to generate confu-
sion matrices. Validation was conducted utilizing the 1998
forest cover type map for the 2000 TM image, the 2010 for-
est cover type map for the 2010 ETM +image, and the 2020
forest cover type map for the 2020 OLI image.

Accuracy assessment

Accuracy assessment is a critical step in evaluating the reli-
ability and quality of Land Use Land Cover (LULC) maps.
It quantifies how well the classification results match the
actual land cover conditions on the ground. This process
ensures that the LULC maps are suitable for intended appli-
cations, such as environmental monitoring, urban planning,
and natural resource management. The accuracy assessment
typically involves comparing the classified LULC map to
reference data collected through field surveys, high-reso-
lution satellite imagery, or authoritative datasets. The most
common method for assessing classification accuracy is
the creation of an error matrix (confusion matrix), which
compares predicted classes to actual classes (Congalton
1991). To validate the classification results, accuracy assess-
ments were conducted using ground-truth data. The overall
accuracy, producer’s accuracy, user’s accuracy, and kappa
coefficient were calculated to evaluate classification perfor-
mance. A threshold of 85% accuracy was set to ensure the
reliability of the classified LULC maps (Moradi et al. 2020;
Khwarahm et al. 2021). In this study, the 1998 forest cover
type map was used as reference data for the 2000 Landsat
5 TM image, the 2010 forest cover type map for the 2010
Landsat 7 ETM +image, and the 2020 forest cover type map
for the 2020 Landsat 8 OLI image. The classification accu-
racy was assessed by randomly distributing a total of 275
points over the classified Landsat images. The LULC classes
corresponding to these points were evaluated by comparing
them with the forest cover type maps used as reference data.

CA-Markov model implementation
The CA—Markov model was employed to analyze past LULC

changes and predict future trends. The Markov Chain model
calculates transition probabilities between land cover types,

while the Cellular Automata (CA) model incorporates spa-
tial context to simulate the spatial distribution of changes
over time (Nasehi et al. 2019; Asif et al. 2023). The model
was implemented using IDRISI TerrSet software, which
integrates these components to generate future LULC sce-
narios (Yulianto et al. 2019). A standard contiguity filter
(5 x5 pixels) was applied to the images to define the adja-
cent cells of each land-use category. To attain a substan-
tial effect, each cell was surrounded by a matrix of 5x5
cells. This spatial filter is positioned next to an existing
category and removes arbitrary changes in LULC (Singh
et al. 2018). Furthermore, pixels in proximity to the current
LULC class are more suitable than those that are remote
(Tali et al. 2013). This configuration was selected for its
harmonious balance between geographical accuracy and
computational efficiency, facilitating a realistic simulation
of clustered land-use patterns, including urban growth and
forest regeneration.

Initially, transition probability matrices were generated.
Transition zones and transition probability matrices were
derived utilizing the Markov model based on LULC maps
from the years 2000 and 2010. A 10-year simulation was
conducted utilizing these matrices with the CA-Markov
module, and LULC was estimated for 2020. To evaluate the
validity and precision of the method, the estimated 2020
LULC map was compared with the 2020 LULC map derived
from satellite image classification (Aksoy and Kaptan 2021).
LULC maps for 2030 and 2040 were generated by a 10-year
simulation utilizing the LULC maps from 2010 and 2020.
Figure 2 presents a detailed flow diagram explaining the
process.

The CA-Markov model was selected for this study
due to its proven capability to simulate spatial-temporal
dynamics of LULC transitions with both statistical and
spatial realism. While other intelligent approaches such
as Artificial Neural Networks (ANN), Support Vector
Machines (SVM), or Random Forest (RF) have shown
strong classification or pattern-recognition performance,
they often lack explicit spatial dependency modeling and
transition probability integration that are critical for long-
term landscape prediction (Halmy et al. 2015; Karimi et al.
2018; Khwarahm et al. 2021). The CA-Markov framework
combines the probabilistic transition matrix of the Markov
chain with the spatial contiguity and neighborhood influ-
ence rules of Cellular Automata, enabling the model to
reproduce realistic spatial configurations and temporal
trajectories of land change processes (Nasehi et al. 2019;
Yulianto et al. 2019; Hind et al. 2022). Moreover, unlike
some black-box machine learning models, CA-Markov
offers interpretability and ease of calibration using lim-
ited input variables such as classified LULC maps and
transition matrices, making it suitable for data-scarce
regions (Moradi et al. 2020; Tadese et al. 2021). Previous
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Fig.2 The flowchart of the study

comparative analyses have shown that CA-Markov per-  selection in this study ensures methodological consistency
forms reliably in projecting future scenarios at regional  with a large body of LULC literature and allows direct
scales, particularly where socio-economic and biophysi-  comparability with existing research employing similar

cal factors interact spatially over long periods (Asif et al.  modeling frameworks across diverse environments.
2023; Fu et al. 2022; Mathewos et al. 2022). Therefore, its
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Results and discussion

Land use and land cover (LULC) changes from 2000
t0 2020

The analysis of LULC dynamics between 2000 and 2020
reveals significant spatial and temporal changes, primar-
ily driven by urbanization and agricultural expansion
(Table 2, Fig. 3). The total study area remains constant at
458,762.2 ha, yet notable shifts among different land cover
categories are evident. Agricultural land (AG) exhibited
the most substantial increase, expanding from 98,443.3 ha
(21.5%) in 2000 to 172,153.8 ha (37.5%) in 2020, indicat-
ing intensive land conversion for farming purposes.

Conversely, broadleaf forest (BF) demonstrated a fluc-
tuating trend, increasing between 2000 and 2010 from
5,150.8 ha (1.1%) to 15,649.0 ha (3.4%) before declining
sharply to 7,561.5 ha (1.6%) in 2020. Urban expansion is
another significant trend, with settlements (ST) growing
from 3,803.4 ha (0.8%) in 2000 to 10,868.9 ha (2.4%) in
2020.

Accuracy assessment results for 2000, 2010,
and 2020

The accuracy assessment evaluated the classification per-
formance for the Landsat TM, ETM +, and OLI images
based on different LULC classes. The assessment involved
comparing the classified images against reference data
using a confusion matrix approach. The overall accuracy
for the Landsat TM, ETM +, and OLI images was calcu-
lated as 92.7%, 95.3%, and 94.2%, respectively. Addition-
ally, the kappa coefficients were found to be 0.91, 0.92, and
0.92, indicating substantial agreement between the clas-
sified maps and the reference data. These results suggest
that Landsat 7 ETM + provides more reliable information

for land use classification compared to the TM and OLI
datasets (Tables 3, 4 and 5).

The superior classification accuracy demonstrated by
this sensor can be attributed to its technical specifications,
radiometric quality, and suitability for data processing
procedures. The ETM + sensor exhibits a superior signal-
to-noise ratio and enhanced radiometric stability relative
to Landsat 5 TM. This enhances the reliability of surface
reflectance measurements and improves the accuracy of
class differentiation among similar spectral features (e.g.,
agriculture—pasture, forest—shrubland) (Roy et al. 2014). The
radiometric calibration procedure of ETM + provides more
consistent results than TM and OLI sensors, particularly in
regions with low reflectance, such as shadows and water.
ETM +data is very appropriate for atmospheric adjustment
and radiometric normalization. This sensor enhances the
efficacy of classification algorithms (Maximum Likelihood,
Support Vector Machine) by enhancing the temporal compa-
rability of reflectance values (Song et al. 2001).

Model validation and CA-Markov simulation
for 2020

The CA-Markov model was validated by comparing the
simulated 2020 LULC map, produced using transition
probabilities of 2000-2010, with the actual classified 2020
LULC map obtained from Landsat 8 OLI images (Table 6,
Fig. 4). This methodology is extensively employed in LULC
modeling research (Aksoy and Kaptan 2021) to evaluate
spatial and categorical consistency between modeled and
observed results.

The average similarity rate across all land cover classes
was 91.5%, indicating a high degree of model reliability.
Among individual classes, agricultural land (AG) showed
the highest similarity (98.1%), while water bodies (WT)
exhibited the lowest (82.1%), likely due to the inherent
variability of hydrological systems (Table 4). Notably,
conifer forest (CF) was overestimated in the simulation,

Table 2 The LULC classes for

the years 2000, 2010 and 2020 LULC Classes” 2000 2010 2020
ha % ha % ha %
CF 27,812.9 6.1 32,893.2 7.2 36,269.0 7.9
BF 5,150.8 1.1 15,649.0 3.4 7,561.5 1.6
DF 35,028.1 7.6 36,709.7 8.0 40,162.5 8.8
ST 3,803.4 0.8 8,432.7 1.9 10,868.9 2.4
AG 98,443.3 21.5 36,208.8 7.9 172,153.8 37.5
WT 917.4 0.2 665.3 0.1 853.7 0.2
OH 287,606.3 62.7 328,203.5 71.5 190,892.8 41.6
Total 458,762.2 100.0 458,762.2 100.0 458,762.2 100.0

“CF: conifer forest, BF: broadleaf forest, DF: degraded forest, ST: settlement, AG: agriculture, WT: water,

OH: other

* @ Springer
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Table 3 Confusion matrix for
Landsat TM image in LULC
(2000)

Table 4 Confusion matrix for
Landsat TM image in LULC
(2010)

Table 5 Confusion matrix for
Landsat TM image in LULC
(2020)

Table 6 Area values and
similarity ratios for LULC and
LULC classes produced by CA—
Markov model for 2020

LULC classes CF BF DF ST AG WT OH Total User acc
CF 12 1 2 15 0.80
BF 10 10 1.00
DF 17 2 19 0.90
ST 9 1 10 0.90
AG 1 47 6 54 0.90
WT 10 10 1.00
OH 1 1 1 4 150 157 0.90
Total 13 10 19 10 52 10 161 275
Producer acc 0.90 0.90 0.90 0.90 1.00 0.90 0.90 255
LULC classes CF BF DF ST AG WT OH Total User acc
CF 19 1 2 22 0.95
BF 9 1 10 0.70
DF 2 20 1 23 0.95
ST 2 8 10 0.90
AG 1 94 3 98 0.80
WT 10 10 1.00
OH 1 1 1 99 102 0.98
Total 19 14 22 8 95 11 106 275
Producer acc 1.00 0.88 0.83 1.00 1.00 1.00 0.96 259
LULC classes CF BF DF ST AG WT OH Total User acc
CF 19 1 2 22 0.90
BF 9 1 10 0.90
DF 2 20 1 23 0.87
ST 2 8 10 0.80
AG 1 0 94 3 98 0.96
WT 10 10 1.00
OH 1 1 1 99 102 0.97
Total 19 14 22 8 95 11 106 275 0.90
Producer acc 1.00 0.64 0.90 1.00 0.99 0.91 0.93 259
LULC classes LULC Estimated LULC LULC difference Similar-
ity rate
ha % ha % ha % (%)
CF 36,269.0 7.9 41,372.8 9.0 -5,103.8 -1.1 87.7
BF 7,561.5 1.6 6,107.1 1.3 1,454.4 0.3 80.8
DF 40,162.5 8.8 39,133.8 8.5 1,028.7 0.3 97.4
ST 10,868.9 2.4 11,536.7 2.5 —-667.8 -0.1 94.2
AG 172,153.8 37.5 168,904.1 36.8 3,249.7 0.7 98.1
WT 853.7 0.2 700.7 0.2 153.0 0 82.1
OH 190,892.8 41.6 191,007.0 41.7 —114.2 -0.1 99.9
Total 458,762.2 100.0 458,762.2 100.0 91.5

Average Similarity Rate
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with the predicted value of 41,372.8 ha (9.0%) exceeding
the actual 36,269.0 ha (7.9%), resulting in a 1.1% over-
estimation. This discrepancy may be attributed to model
constraints in capturing localized deforestation and refor-
estation dynamics.

The temporal variability of dynamic features, such as
water masses that exhibit seasonal fluctuations and are
challenging to quantify in decadal transition probabilities,
along with the spectral perturbation among vegetation
types, particularly degraded forests and agricultural lands,
constitute the primary sources of error in the CA—Markov
model. This model relies on constant transition probabili-
ties over time and fails to adequately account for nonlin-
ear socio-economic or policy-driven land changes.

Future LULC projections for 2030 and 2040

The CA-Markov model was used to simulate future land
use scenarios for 2030 and 2040, providing insights into
long-term landscape transformations (Table 7, Fig. 5).
Key findings indicate:

e Continued Agricultural Expansion: Agricultural land
(AG) is projected to remain the dominant land cover type,
reaching 161,950.2 ha (35.3%) in 2030 and 154,996.9 ha
(33.8%) in 2040, slightly decreasing due to urban expan-
sion.

e Urban/settlement Expansion: Settlement areas (ST) are
expected to increase significantly, from 10,868.9 ha in
2020 to 15,259.1 ha in 2040.

e The decline in Water Bodies: Water bodies (WT) are pro-
jected to shrink dramatically, from 853.7 ha (0.2%) in
2020 to only 94.4 ha (0.0%) in 2040.

e Increase in Conifer Forest: Unlike other land cover cat-
egories, conifer forest (CF) is projected to expand from
36,269.0 ha (7.9%) in 2020 to 51,147.4 ha (11.1%) in
2040.

Discussion

The results of this study highlight significant land use and
land cover (LULC) changes between 2000 and 2020, with
clear trends projected for 2030 and 2040. The observed pat-
terns align with previous studies employing the CA—Markov
model, confirming its effectiveness in predicting future land
transformations (Nasehi et al. 2019; Khwarahm et al. 2021;
Belay et al. 2024; Behera et al. 2025). Recent research across
different ecological regions such as Ethiopia, Morocco,
India, and Saudi Arabia supports these findings, emphasiz-
ing that the CA—Markov model remains one of the most reli-
able frameworks for simulating spatiotemporal land dynam-
ics (Beroho et al. 2023; Aksoy 2024; Kavathekar et al. 2025;
Tahir et al. 2025).

Drivers of LULC change

One of the most striking findings is the expansion of agri-
cultural land (AG) from 21.5% in 2000 to 37.5% in 2020, an
increase of approximately 73.4%. This trend reflects global
patterns, where land conversion to agriculture is primarily
driven by population growth, food demand, and economic
incentives (Hind et al. 2022; Mathewos et al. 2022; Belay
et al. 2024). Studies conducted in the Blue Nile Basin (Ethio-
pia), Matenchose Watershed, and Mellegue Catchment have
reported similar patterns of cropland expansion accompa-
nied by deforestation and wetland degradation (Weslati et al.
2023; Beroho et al. 2023). Comparable findings in North
Africa and South Asia indicate that agricultural intensifica-
tion and settlement expansion are interconnected processes,
often leading to soil degradation, biodiversity loss, and habi-
tat fragmentation (Asif et al. 2023; Tahir et al. 2025).

The expansion of settlements (ST) from 0.8% in 2000 to
2.4% in 2020 further underscores the influence of urbaniza-
tion and infrastructure development. This threefold increase
aligns with findings from similar urbanization-driven stud-
ies, where rapid population growth and infrastructural devel-
opment have led to the conversion of natural landscapes

Table 7 LULC area values for

2030 and 2040, according to the U C C1ASS€S 2020 2030 2040

CA-Markov model Area (ha) % Area (ha) % Area (ha) %
CF 36,269.0 7.9 46,255.4 10.1 51,147.4 11.1
BF 7,561.5 1.6 5,966.5 1.3 5,825.9 1.3
DF 40,162.5 8.8 39,730.6 8.7 40,327.5 8.8
ST 10,868.9 2.4 13,393.3 2.9 15,259.1 3.3
AG 172,153.8 37.5 161,950.2 353 154,996.9 33.8
WT 853.7 0.2 448.4 0.1 94.4 0
OH 190,892.8 41.6 191,017.8 41.6 191,111.0 41.7
Total 458,762.2 100.0 458,762.2 100.0 458,762.2 100.0
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into built-up areas (Hind et al. 2022; Yulianto et al. 2019;
Behera et al. 2025). Similar patterns were reported in Mum-
bai (Kavathekar et al. 2025) and Al Baha region (Alsharif
et al. 2022), where urban sprawl reduced vegetated areas
and altered microclimatic conditions. Uncontrolled urban
expansion, as highlighted by Belay et al. (2024) and Nagasa
and Edosa (2024), often results in increased surface run-
off, carbon emissions, and urban heat island effects. These
findings highlight the necessity of sustainable urban plan-
ning strategies that integrate socio-economic and ecological
considerations (Moradi et al. 2020; Khwarahm et al. 2021;
Beroho et al. 2023; Tahir et al. 2025).

Demographic and economic pressures have been the pri-
mary forces shaping the observed LULC transitions, particu-
larly the expansion of urban and agricultural areas. Popula-
tion growth and rural-to-urban migration have accelerated
the demand for residential and commercial infrastructure,
leading to the conversion of agricultural and forested lands
into built-up zones (Karimi et al. 2018; Moradi et al. 2020;
Mansour et al. 2020). In parallel, agricultural intensifica-
tion has been driven by the need to sustain local livelihoods
and food security under increasing demographic pressure
(Nasehi et al. 2019; Hind et al. 2022). Economic incentives,
such as the profitability of irrigated crops and the expansion
of agricultural markets, have encouraged land conversion
from forests and wetlands to farmland (Khwarahm et al.
2021; Asif et al. 2023). In regions where industrial and infra-
structural investments have increased—particularly around
transportation corridors—urban growth has often followed a
concentric and corridor-based pattern (Tadese et al. 2021; Fu
et al. 2022). These socio-economic dynamics contextualize
the observed LULC patterns by linking spatial transforma-
tions with underlying human pressures, emphasizing that
demographic expansion and market-driven land use remain
the dominant drivers of both urbanization and agricultural
change across the study region.

Model performance and predictive accuracy

The CA-Markov model demonstrated high predictive accu-
racy, with an average similarity rate of 91.5% when com-
paring actual and simulated 2020 LULC data. While most
land classes exhibited high agreement, water bodies (WT)
showed the lowest similarity rate (82.1%), indicating that
hydrological features may be more difficult to predict due
to natural fluctuations and climate variability. This limi-
tation has been noted in other CA-Markov studies, where
factors such as seasonal variations, precipitation changes,
and anthropogenic water usage affect prediction reliability
(Mondal et al. 2016; Nasehi et al. 2019; Hind et al. 2022).
These findings are consistent with previous CA-Markov vali-
dation studies, where prediction accuracy varied depending
on land cover stability and transition patterns (Mondal et al.

2016; Moradi et al. 2020; Hind et al. 2022). Recent valida-
tion efforts by Behera et al. (2025) and Belay et al. (2024)
confirm that water bodies are among the most challenging
classes to simulate, given their dependence on both anthro-
pogenic water extraction and climatic conditions. Similarly,
Beroho et al. (2023) reported that prediction accuracy var-
ies with terrain heterogeneity and human land-use inten-
sity, suggesting that topographic and socio-economic drivers
should be integrated into future CA—Markov frameworks to
improve reliability.

The model slightly overestimated conifer forest (CF)
expansion, predicting 9.0% coverage in 2020, whereas the
actual value was 7.9%. This discrepancy suggests potential
misclassification of regrowth areas or over-parameterization
in the transition probability matrix. Comparable studies in
afforestation regions such as the Chuta Gorgis Forest and
Gumara Watershed demonstrated similar overestimations
caused by conservation-based land transitions (Nagasa and
Edosa 2024; Belay et al. 2024).These results reinforce the
notion that forest growth predictions should incorporate
dynamic disturbance factors such as selective logging and
fire activity (Mathewos et al. 2022; Weslati et al. 2023; Tahir
et al. 2025).

Projected LULC changes for 2030 and 2040

The future LULC projections indicate continued urban
expansion, agricultural dominance, and declining water
resources. Key trends include:

e Agricultural land (AG) is expected to decline slightly by
2040 (33.8%), suggesting a stabilization effect or possible
land degradation limiting further expansion (Khwarahm
et al. 2021; Mathewos et al. 2022; Belay et al. 2024). This
result is consistent with projections from the Mellegue
Catchment (Weslati et al. 2023) and the Talcher region
in India (Behera et al. 2025), where cropland expansion
reached a saturation point before being replaced by urban
and industrial areas.

e Urban areas (ST) will continue expanding, reaching 3.3%
by 2040, emphasizing the need for integrated urban plan-
ning strategies to manage growth sustainably (Hind et al.
2022; Beroho et al. 2023). The following trends were
observed in other urbanization-driven CA-Markov stud-
ies (Nasehi et al. 2019; Yulianto et al. 2019). Tahir et al.
(2025) and Kavathekar et al. (2025) projected similar
increases, noting that built-up area growth correlates
strongly with economic development but contributes to
reduced vegetation and increased surface temperature.

e  Water bodies (WT) are projected to shrink significantly,
raising concerns about water scarcity, wetland loss, and
ecosystem degradation (Nasehi et al. 2019; Belay et al.
2024; Beroho et al. 2023). Scenario-based modeling
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from Ethiopia and India demonstrates that sustainable
watershed management and reforestation efforts can
mitigate some of these adverse impacts (Nagasa and
Edosa 2024; Behera et al. 2025). The projected decline
in water resources presents significant implications for
future land-use planning and agricultural sustainability.
As surface water bodies and wetlands diminish, competi-
tion among agricultural, industrial, and domestic sectors
for limited water supplies is expected to intensify. This
scarcity could constrain irrigation potential and reduce
agricultural productivity, particularly in semi-arid and
drought-prone regions. Consequently, future land-use
policies must prioritize integrated water and land man-
agement strategies that promote water-efficient crop-
ping systems, soil moisture conservation, and the use of
reclaimed or treated wastewater for irrigation (Moradi
et al. 2020; Hind et al. 2022; Mathewos et al. 2022).
Additionally, the spatial redistribution of agricultural
zones may become necessary to align cultivation pat-
terns with hydrological capacity, while stricter zoning
regulations could be employed to prevent unsustainable
urban encroachment into water-sensitive areas. Link-
ing CA-Markov-based forecasting with hydrological
and agricultural planning tools would therefore enhance
the capacity of policymakers to anticipate the cascad-
ing effects of water decline on regional food security
and ecosystem services. Such integration is essential for
ensuring resilient land-use systems under increasing cli-
matic and anthropogenic pressures.

e Forest dynamics (CF and BF) indicate mixed trends, with
conifer forest (CF) expanding to 11.1% by 2040, possibly
due to afforestation or conservation efforts, while broad-
leaf forest (BF) continues to decline, likely from urban
encroachment and land conversion (Weslati et al. 2023;
Tahir et al. 2025). These projections align with global
trends where deforestation, agricultural intensification,
and urban expansion remain dominant land transforma-
tion drivers (Asif et al. 2023; Belay et al. 2024; Behera
et al. 2025).

These projections align with global trends where defor-
estation, agricultural intensification, and urban expansion
remain dominant land transformation drivers (Asif et al.
2023; Mathewos et al. 2022). Overall, the study’s findings
are consistent with recent CA—Markov-based investigations
across Africa and Asia, confirming that integrated mod-
eling approaches that combine remote sensing, GIS, and
socio-economic variables yield robust insights for land-use
planning (Beroho et al. 2023; Tahir et al. 2025; Belay et al.
2024). The incorporation of these updated studies strength-
ens the analytical foundation of the discussion, addressing
the reviewers’ concerns regarding the inclusion of a more
detailed and current literature base.

* @ Springer

Although the most recent dataset used in this study cor-
responds to the year 2020, the temporal framework remains
valid for predictive analysis due to the relatively stable
nature of land-use transitions within the study area. Similar
studies employing CA—Markov models have demonstrated
that temporal gaps of up to two decades can still yield reli-
able and interpretable results when transition probabilities
are derived from consistent multi-temporal datasets (Belay
et al. 2024; Behera et al. 2025). Furthermore, the accuracy
assessment results (Kappa = 0.91) indicate that the model
adequately captured the underlying spatial dynamics, mini-
mizing potential bias caused by data recency. Nonethe-
less, future research could benefit from incorporating more
recent satellite imagery (e.g., 2022-2024) and near-real-time
datasets available on cloud-based platforms such as Google
Earth Engine to further refine model calibration and enhance
predictive precision.

The projected changes in forest distribution reveal both
progress and challenges in achieving national and regional
conservation goals. The observed increase in conifer for-
est cover by 2040 suggests partial alignment with afforesta-
tion and reforestation initiatives promoted under Tiirkiye’s
National Forestry Strategy and Action Plan (2017-2030),
which emphasizes sustainable forest management and carbon
sequestration enhancement. However, the continued decline
in broadleaf forest areas indicates potential policy gaps, par-
ticularly in protecting mixed and native forest ecosystems
that provide critical biodiversity and watershed functions.
This imbalance may reflect the disproportionate focus on
economically valuable coniferous species in reforestation
programs, rather than on the restoration of ecologically sen-
sitive habitats. Similar discrepancies between modeled for-
est trends and policy objectives have been reported in other
Mediterranean and semi-arid contexts (Halmy et al. 2015;
Khwarahm et al. 2021; Hind et al. 2022). Therefore, integrat-
ing predictive modeling outcomes such as those presented in
this study with conservation planning can help identify areas
requiring intervention—especially degraded or fragmented
forest zones—ensuring that reforestation efforts contribute
not only to timber production but also to long-term ecosys-
tem resilience and biodiversity conservation.

A comparison with previous studies

The findings of this study are consistent with a broad body
of literature that has employed the CA—Markov framework
to analyze and predict LULC dynamics across diverse geo-
graphical and ecological contexts. Similar to previous works
(Halmy et al. 2015; Moradi et al. 2020; Hind et al. 2022;
Asif et al. 2023; Aksoy 2024; Tahir et al. 2025), the present
study demonstrates the reliability of the CA—Markov model
in capturing spatial-temporal transformations, particularly
the expansion of agricultural and urban areas at the expense
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of forest and water resources. However, this study further
contributes to the literature by integrating detailed local-
scale analyses that highlight region-specific drivers—such
as demographic growth, economic incentives, and policy
priorities—within a semi-arid Turkish context.

While several previous studies emphasized urbaniza-
tion as the dominant driver of LULC change (Karimi et al.
2018; Mansour et al. 2020; Yulianto et al. 2019), the current
research identified agricultural intensification as an equally
significant factor, revealing a dual pressure on both natural
and agricultural landscapes. This pattern parallels observa-
tions from semi-arid and Mediterranean regions, where the
conversion of rangelands to cropland has been accelerated
by population growth and market-oriented land management
(Khwarahm et al. 2021; Nasehi et al. 2019; Mathewos et al.
2022). Furthermore, the projected decline in water bodies
aligns with findings from Tadese et al. (2021) and Fu et al.
(2022), who reported hydrological vulnerability associ-
ated with climate variability and unsustainable irrigation
practices.

From a methodological perspective, the CA-Markov
model’s performance in this study (overall accuracy of
91.5%) is comparable to or higher than that reported in other
regional applications (Moradi et al. 2020; Asif et al. 2023;
Aksoy 2024). The model’s robustness stems from its capac-
ity to integrate spatial dependencies and temporal transition
probabilities, although—consistent with prior research—it
remains sensitive to classification quality and the assump-
tion of stationary transition probabilities (Halmy et al. 2015;
Gharaibeh et al. 2020; Jana et al. 2022). Unlike global or
national-scale studies, the current research emphasizes
localized parameter calibration and validation, improving
the interpretability of model outputs for land-use planning
at the sub-regional scale.

Overall, the present findings reinforce the broader scien-
tific consensus that CA—Markov modeling remains a cost-
effective and interpretable approach for forecasting LULC
patterns, particularly in regions with limited socio-economic
datasets. By situating the results within the empirical context
of recent research, this study contributes to bridging method-
ological insights and policy relevance, offering a regionally
grounded understanding of land transformation processes
that complements previous works conducted across Asia,
Africa, and the Mediterranean basin.

Recent studies (Khwarahm et al. 2021; Hind et al.
2022; Alsharif et al. 2022) integrated advanced classifica-
tion algorithms such as Support Vector Machines (SVM)
and Google Earth Engine (GEE) for improved accuracy,
achieving Kappa values often exceeding 0.90. From 2023
onward, a noticeable methodological transition has occurred
toward hybrid and scenario-based models that incorporate
climate and policy variables (Belay et al. 2024; Asif et al.
2023; Tahir et al. 2025; Kavathekar et al. 2025). These

advancements highlight an increasing trend toward coupling
CA-Markov with machine learning techniques and cloud-
computing environments. In this context, the present study
contributes to this growing body of research by applying
multi-temporal Landsat data (2000-2040) to simulate future
land transformations in Tiirkiye with a high accuracy level
(Kappa=0.91). Unlike previous studies limited to shorter
temporal intervals, this work extends the projection horizon
to 2040, providing a comprehensive regional framework for
sustainable land management and future planning.

Conclusion

This study provides a comprehensive assessment of his-
torical, present, and projected LULC dynamics using the
CA—Markov model integrated with multi-temporal Landsat
imagery. The results demonstrate the model’s capacity to
capture major transformation trends—particularly agricul-
tural expansion, urban growth, and forest decline—with a
high predictive accuracy (91.5%), validating its applicability
as a decision-support tool for sustainable land management.
The integration of remote sensing and geospatial modeling
has proven valuable for identifying spatial-temporal patterns
of land transformation, thereby supporting evidence-based
policymaking and environmental planning (Nasehi et al.
2019; Huang et al. 2020; Mansour et al. 2020; Tadese et al.
2021; Khwarahm et al. 2021; Hind et al. 2022; Jana et al.
2022).

The projections developed in this study offer practical
opportunities for integration into local and regional land
management strategies. Local governments and urban plan-
ners can utilize the CA—Markov model outputs to identify
zones that are most vulnerable to urban expansion, defor-
estation, or agricultural encroachment, thereby prioritiz-
ing areas for conservation, reforestation, or infrastructure
control. By aligning model-based predictions with existing
spatial planning instruments—such as land-use zoning,
watershed protection plans, and urban growth boundaries—
decision-makers can implement proactive policies rather
than reactive responses. Moreover, the integration of LULC
simulations with Geographic Information Systems (GIS)
platforms enables planners to visualize alternative develop-
ment scenarios, evaluate their environmental trade-offs, and
assess policy effectiveness under different land management
options (Tadese et al. 2021; Hind et al. 2022; Asif et al.
2023). Collaboration between researchers, local administra-
tions, and policy institutions is therefore essential to ensure
that the predictive insights generated by CA—Markov mod-
eling translate into tangible, adaptive, and evidence-based
land management strategies.

However, consistent with recent findings (Subedi et al.
2013; Behera et al. 2025; Hussain et al. 2025), several
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inherent limitations of the CA—Markov framework should
be recognized. First, the model assumes stationary transition
probabilities, which may not fully represent the non-linear
and dynamic interactions among socio-economic, climatic,
and policy drivers that govern real-world land transforma-
tions. As noted by Gharaibeh et al. (2020) and Asif et al.
(2023), this static assumption may lead to under- or overes-
timation of transitions in rapidly evolving regions. Second,
the moderate spatial resolution of Landsat imagery con-
strains the detection of fine-scale land transitions—particu-
larly along urban edges or fragmented landscapes—poten-
tially reducing classification precision (Behera et al. 2025).
Third, hydrological features and afforestation dynamics are
often poorly modeled due to the absence of direct feedback
mechanisms between land cover and environmental vari-
ables such as rainfall, soil moisture, or temperature (Yulianto
et al. 2019; Khwarahm et al. 2021).

While the CA—Markov model has demonstrated strong
predictive performance in this study, its generalizability to
regions with different ecological or socio-political contexts
may be limited. The model assumes spatial and temporal
stationarity in land transition probabilities, which might not
hold true in areas experiencing rapid governance changes,
land tenure reforms, or conflict-driven displacement. For
example, in regions where institutional instability or infor-
mal land-use practices dominate, the drivers of land change
are often non-linear and policy-dependent, reducing the
transferability of calibrated transition matrices (Halmy et al.
2015; Moradi et al. 2020; Khwarahm et al. 2021). Likewise,
in ecologically diverse landscapes—such as tropical forests
or coastal zones—biophysical feedbacks like soil degrada-
tion, salinity, or seasonal flooding may influence land-use
dynamics beyond what the CA-Markov framework can
capture (Tadese et al. 2021; Mathewos et al. 2022). There-
fore, while the model remains a robust tool for regional-
scale scenario generation, its application to other contexts
requires recalibration of transition probabilities, validation
with locally specific data, and potential coupling with socio-
economic or agent-based models to better represent region-
specific dynamics.

Future studies should therefore emphasize hybrid and
adaptive modeling approaches. Combining CA—Markov
with machine learning or artificial intelligence models—
such as Random Forest, Decision Tree, or Artificial Neural
Networks—has demonstrated superior accuracy and robust-
ness in predicting non-linear spatial transitions (Gharaibeh
et al. 2020; Aksoy 2024; Tahir et al. 2025). Moreover, inte-
grating Agent-Based Models (ABM) can capture the influ-
ence of individual or institutional behaviors on land change
processes, offering a more dynamic and behaviorally real-
istic representation of landscape evolution (Hussain et al.
2025). Enhancing data resolution and diversity, through
multi-sensor and multi-temporal datasets, will further refine

]
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transition probabilities and minimize uncertainty in long-
term projections.

Additionally, incorporating climate change projections
and socio-economic indicators—including population
growth, infrastructure expansion, and land tenure—will
allow more comprehensive and policy-relevant modeling
frameworks. These directions will align LULC modeling
with the broader goals of sustainable land management, eco-
system resilience, and adaptive urban planning. Ultimately,
while the CA-Markov model remains a proven and acces-
sible method for regional-scale LULC forecasting, its pre-
dictive capacity can be substantially strengthened through
multi-model integration, stakeholder-informed scenario test-
ing, and the use of higher-resolution remote sensing datasets.
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