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ABSTRACT: Changes in land use/land cover (LULC) are a substantial environmental subject with considerable
consequences for human well-being, climate, and ecosystems. Innovative investigations for predicting LULC changes
are essential for ešective land management and sustainabledevelopment. �is study used Landsat images and
supplementary spatial factors to evaluate spatiotemporalLULC changes in Erbil Province, Kurdistan Region-Iraq.
It predicts future changes in òý¥ý using four climates scenario-based Shared Socioeconomic Pathways (SSPs). �e
Random Forest (RF) model was used to classify and forecast LULC changes, which are crucial for ešective land
management and sustainable development. �e RF model was assessed using performance metrics, such as the overall
accuracy, FÔ-score, and kappa coe›cient. �e simulated LULC outcomes demonstrated the e›ciency of the selected
model, achieving an overall accuracy of À¥.ç¥%, a perfect agreement in the kappa statistic of ý.Àò, and a high
FÔ-score between ý.ÞÔ and ý.Àç. �e study revealed that agricultural land declines under SSPÔòâ but increases under
other scenarios, with SSP —  showing the highest gain (� òýÀ.À— sq. km, òç.çò%). Barren land increased across all
scenarios, whereas built-up areas consistently increased. Forest gains in SSPÔòâ but declined in all other scenarios, with
the most signi•cant loss in SSP —  (� ÔýÔ.òý sq. km,�  .çÔ%). �e riparian zone gains in SSPÔòâ but declines in all the
other scenarios. Snow remained stable, but minor losses were observed in SSPò¥ , SSPçÞý, and SSP — . Water showed
a slight increase in SSPÔòâ but declined in all other scenarios. SSPÔòâ showed minor changes, whereas SSP scenarios
çÞý and  —  show severe land transformations, forest loss, rangeland degradation, and urban expansion, indicating
increased deforestation and degradation. �is study highlights the importance of integrating a scenario-based RF model
with hyperparameter tuning in remote sensing applications toimprove LULC dynamics predictions, bene•ting land-use
planning, environmental management, and rational decision-making.
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Ô Introduction

Land use/land cover (LULC) change is critical to global environmental change and profoundly inžu-
ences ecological processes, climate dynamics, and socioeconomic systems [Ô]. Studying and predicting
future LULC changes have gained prominence in recent decades because of their signi•cant implications
for biodiversity conservation, resource management, and sustainable development [ò]. As human activities
continue to reshape the Earth's surface, predicting LULC changeis essential for informed policy-making

Copyright ‘ òýò  �e Authors. Published by Tech Science Press.
�is work is licensed under a Creative Commons Attribution ¥.ýInternational License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/RIG
https://www.techscience.com/
http://dx.doi.org/10.32604/RIG.2025.065870
https://www.techscience.com/doi/10.32604/RIG.2025.065870
mailto:abdulqadeer.ahmed@soran.edu.iq


ç—ò Revue Internationale de G”omatique. òýò ;ç¥

and ešective land management strategies. By anticipating future scenarios, stakeholders can mitigate adverse
impacts, adapt to environmental changes, and promote sustainable development goals [ç,¥].

One of the primary motivations for predicting LULC change is its role in addressing global and local
environmental challenges, such as deforestation, urbanization, and agricultural expansion. For instance,
deforestation driven by agrarian demands leads to soil erosion, landslides, and biodiversity loss, thereby
impacting natural landforms [  ,â]. Likewise, rapid urbanization modi•es landforms through construction,
roadways, and interference with natural drainage patterns, signi•cantly ašecting hydrology, air quality, and
ecosystem services [Þ].

However, LULC change prediction is intrinsically complicated. �is involves various interacting drivers,
including natural and socioeconomic factors [—]. It is di›cult to make forecasts because these factors change
over dišerent temporal and spatial scales. Predictions arealready complicated, and feedback interactions
between climatic systems and changes in land cover further exacerbate this situation [À]. �e dynamic nature
of LULC change necessitates the integration of advanced methodologies and tools, such as remote sensing
(RS), geographic information systems (GIS), and spatial modeling, to identify patterns and forecast future
changes [Ôý].

Over the past two decades, many regions of the world have experienced an increased intensity and
frequency of extreme climate events. �ese extreme events have been attributed to climate change [ÔÔ,Ôò].
�e ešects of climate change on the world's natural landscapesare far-reaching and among the most critical
environmental problems we face today. Changes in precipitation patterns, melting glaciers, increasing sea
levels, and more intense weather events are all consequences ofglobal warming and substantially impact
the surrounding world [Ôç]. Moreover, alterations in precipitation patterns can result in droughts or žoods,
which may modify the river žow dynamics and recon•gure river valleys. Extreme weather events with
heightened frequency and severity, including hurricanes, storms, and wild•res, may harm natural landforms
and ecosystems [Ô¥,Ô ].

In this manner, advanced modeling tools have been established to predict LULC changes, including
statistical models, machine learning (ML) approaches, and process-based simulations [Ôâ]. Statistical models,
such as logistic regression and cellular automata, utilize prior information to discern trends and forecast
future alterations [ÔÞ,Ô—]. ML methods, such as Random Forest (RF) and Arti•cial Neural Network (ANN),
have become prominent because of their capacity to manage intricate, non-linear interactions among
variables [ÔÀ,òý]. Land Change Modeler (LCM) and Conversion of Land Use and itsEšects (CLUE) are
two process-based models that use biophysical and socioeconomicvariables to simulate changes in land
use [òÔ,òò]. �ese models are frequently combined with spatial data from the RS and GIS to enhance their
precision and relevance.

LULC change predictions commonly employ scenario-based approaches to explore the potential
outcomes of dišerent policy and management strategies. �esescenarios are typically constructed based
on assumptions regarding future climate, socioeconomic, and environmental trends [òç±ò ]. For example,
the shared socioeconomic pathways (SSPs) framework has been utilized to connect LULC change forecasts
with global climate scenarios, allowing researchers to evaluate the interaction between land use and climate
change [òâ]. A new scenario framework with SSPs has been created by climate change researchers to assist
with a full analysis of future climate ešects, vulnerabilities, adaptation and mitigation [òÞ,ò—]. Scenario-based
modeling ošers critical insights into the consequences of competing land uses and helps identify pathways
for sustainable development.

With the escalation of future climate data, the dynamics of future LULC are changing andvice
versa[òÀ]. Recent studies have investigated the impact of climate-based scenarios on future land cover and
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environmental development. Verniest et al. [çý] highlighted the increasing pressure on biodiversity from
human activities, including habitat destruction and climate change in the Mediterranean area, which is
a biodiversity hotspot especially susceptible to these issues. A scenario analysis study by Li and Xu [çÔ]
examined the combined impact of climate change and land-use modi•cations on ecosystem services (ES) in
the Qiangui Karst mountainous region in southwest China. M'Barek et al. [çò] inspected the shared ešects
of climate and land-use changes on water resources in a semi-arid region in Morocco.

�e motivation to proactively address the future and enhance present decision-making is essential
for sustainable development and climate change mitigation. However, examining the spatial patterns of
LULC under climate change conditions is crucial to achieving sustainable development objectives [¥]. �e
signi•cance of this study is that it is considered the •rst ešortto incorporate climate-based scenarios for
the future prediction of LULC changes using the ML approach in the Soran area in the northeastern part of
Erbil province, Kurdistan region of Iraq. However, a few previous studies have been performed in the region
using dišerent tools in the •eld of LULC change predictions.For instance, Khwarahm et al. [çç] utilized the
CA±Markov model and geospatial methods to quantify past, current, and predict future changes in LULC
in Erbil, Iraq.

�e soran region exhibits a unique set of physical and socioeconomiccharacteristics that distinguish
it from the predominantly žat or arid regions commonly studied inLULC change research [ç¥±çâ].
Geographically, Soran is part of the Zagros mountain range and is characterized by complex topography,
including steep slopes, deep valleys, and signi•cant elevation variation. �is rugged terrain creates diverse
microclimatic conditions and ecological zones, ranging from semi-arid lowlands to temperate highland
forests. Such heterogeneity presents both challenges and opportunities for land use, inžuencing settlement
patterns, agricultural practices, and resource distribution.

In recent years, Soran has undergone rapid socioeconomic development, which has been marked by
urban expansion, infrastructure construction, and increased agricultural activity. However, this development
has occurred largely in the absence of formal land use planning,resulting in unregulated land transformation
and environmental degradation. �is area, which is faced with apost-conžict governance structure and
limited historical land use data, presents a novel and challenging setting for predictive modeling.

Previous research on land use and land cover (LULC) dynamics haspredominantly focused on lowland
areas, with limited attention to mountainous and geopolitically sensitive regions such as Soran. �is study
addresses this gap by highlighting the need for machine learning approaches tailored to complex terrains,
where conventional LULC modeling techniques oŸen underperform due to spatial heterogeneity and
data limitations.

Over the past three decades, there has been considerable change in LULC due to population growth and
economic development. For instance, ÔÔ.çç% of rangelands havedeclined and are used for agricultural land
and urban expansion [çÞ]. By identifying and predicting LULC changes, this study evaluates the ešectiveness
of ML approaches and proposes future changes for better land management. �us, the key objectives of this
study are: (Ô) To assess spatiotemporal LULC changes in the northeast of Erbil Province, Kurdistan Region-
Iraq, using Landsat imagery and supplementary spatial factors. (ò) To forecast future LULC transformations
under dišerent climate scenario-based SSPs for òý¥ý. (ç) To investigate how dišerent SSP scenarios inžuence
the changes in each LULC category.
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ò Data and Methods

ò.Ô Study Area

�e study area encompasses the districts of Soran, Choman, and Rwanduz, located in the northeastern
part of the Kurdistan region-Iraq, with a total area of ç ¥Þ. km2. �is area serves as a commercial and
tourist hub strategically located near the borders of Iran and Turkey and is a key point for cross-border
trade. Fig. Ôillustrates several spatial and color composite Landsat OLI image (òýòÔ) within the study
area. �is region features a rugged mountainous terrain, profoundvalleys, and picturesque landscapes.
Geologically, it consists of a highly folded zone and is an integral component of the Zagros mountain range,
which dominates topography [ç—]. �e mountains in these districts are among the highest in Iraq, oŸen
exceeding çýýý m above sea level. �e area also includes discreteforests, rangelands, and fast-žowing rivers
such as the Great Zab River, which plays a vital role in the hydrology of the region.

Figure Ô:�e geographical location of the study area, Landsat OLI image(òýòÔ) with color composite
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�e climate is predominantly continental, with cold, snowy winters and hot, dry summers. High-
altitude areas, especially in Choman and parts of Soran, receive signi•cant snowfall, contributing to the
region's water resources. �e area is ecologically signi•cant owing to its biodiversity and water resources.
Forests and rangelands host several kinds of wildlife, someof which are prevalent in the Zagros range.
Riparian trees, agriculture, and drinking water are vital sources of rivers and streams in these mountains.

�e population comprises a mix of urban and rural communities engaged in agriculture, animal
husbandry, and small-scale commerce. �e economy of the studied region predominantly depends on
agriculture, tourism, and commerce. In addition, the study area hasexceptionally high potential and
appropriateness for ecotourism [çÀ]. �e districts have witnessed infrastructural development in recent
years, particularly in Soran, which has undergone rapid urbanexpansion over the past two decades owing
to its economic and social appeal [¥ý]. However, this development is accompanied by environmentalchal-
lenges, such as deforestation and climate change, which threaten natural ecosystems. Moreover, unrestricted
deforestation has led to reductions in both the extent and quality of forests. Land changes that were not
sustainable were causing soil erosion and habitat degradation and lowering the amount of carbon that could
be stored above-and-below ground [¥Ô].

ò.ò Datasets and Preparations

To accurately capture LULC dynamics over a two-decade period, a minimum of three temporal datasets
is recommended, which representing a baseline, an intermediate period, and the most recent state; to ensure
robust trend analysis and model training. Accordingly, the years òýýÔ, òýÔý, and òýòÔ were selected, following
standard practices in LULC change studies [¥ò,¥ç]. �is study employed Landsat satellite images obtained
from the USGS Earth Explorer (https://earthexplorer.usgs.gov/, accessed on ý  May òýòò) as primary data
to examine historical and contemporary LULC trends for òýýÔ, òýÔý, and òýòÔ. �e SRTM çý m DEM was
employed to derive the elevation and slope, while vector data were applied to ascertain proximity to roads
and streams. �e roads and streams data were obtained from theMinistry of Planning, Kurdistan Regional
Government (KRG), Iraq. �e datasets represent the infrastructure status as of the year òýòÔ, aligning with
the reference year for LULC classi•cation.

In addition to the climatic parameters (maximum and minimum temperatures and precipitation), raster
data were obtained from the WorldClim ò.Ô dataset [¥¥]. WorldClim is a dependable repository that provides
historical and predicted long-term average data with a resolution of Ô km for temperature, precipitation,
and many bioclimatic variables from ÔÀÞý to òÔýý [ÔÔ]. �e spatial resolution of supplemental datasets and
satellite images was meticulously selected and uni•ed to çý mfor relevant mapping and forecasting of future
scenarios. �e selected climatic variables such as temperature(maximum and minimum) and precipitation
are widely recognized in the literature [¥ ±¥Þ] as key drivers of vegetation dynamics and LULC changes,
particularly in mountainous and semi-arid ecosystems similar tothe Soran region. �eir strong inžuence on
land surface processes makes them essential inputs for reliable LULC modeling.

Data preprocessing was performed using ENVI  .ç soŸware to guarantee quality and consistency among
the datasets. Radiometric calibration was initially performed to convert digital numbers (DN) in the raw
image into physical units, such as radiance or režectance [¥—]. AŸer that, image surface režectance values
were derived using atmospheric correction methods, such as `�e Fast Line-of-sight Atmospheric Analysis
of Spectral Hypercubes' (FLAASH), which is designed to correct for atmospheric ešects such as scattering
and absorption by gases and aerosols to retrieve surface režectance values [¥À]. Specifying the parameters on
the Mid-Latitude atmospheric, a tropospheric aerosol model,and appropriate water-based retrieval content.
Geometric correction and adjusted pixel resizing were then applied using ArcMap Ôý.—.ò version and R
programming language V¥.Ô.ç. All datasets, including Landsat images and geospatial and climate data, were

https://earthexplorer.usgs.gov/
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projected to the same coordinate reference system WGS—¥ UTM ç—Nand resampled to a uniform spatial
resolution. Finally, image sub-setting was conducted to clipand focus the analysis on the area of interest
using a study area bounding shape•le. It typically refers to theprocess of extracting a speci•c area of interest
(AOI) from a larger image or dataset using extract by mask tool.

ò.ç Research Methodology

�e methodological framework presented inFig. òintegrates the spatial, climatic, and temporal data
to project future LULC changes. �is framework uses historicalLULC maps (òýýÔ, òýÔý, òýòÔ), along with
ancillary data (elevation, slope, and proximity to streams and roads), as well as climate data (temperature
and precipitation) as inputs. Change detection analysis identi•es past LULC transitions, which, along with
spatial and climatic variables, serve as inputs for the RF model used for LULC prediction. �e trained RF
model underwent an initial validation by comparing its outputs with the òýòÔ LULC classi•ed map. If the
model's performance is considered reasonable, it proceeds to the next step; otherwise, adjustments and
enhancements are made, and the model is reassessed aŸer optimizations have been implemented in the
model hyperparameters. A single RF model was trained using historical LULC and climate data. Future
climate projections under dišerent SSPs were subsequently input into this model to generate separate LULC
predictions for each scenario. Once the model is veri•ed, it generates LULC projections for òý¥ý under the
SSP scenarios, ošering valuable insight for planning and environmental management.

Figure ò: Methodological žowchart (Source: *[çÞ], **WorldClim (https://www.worldclim.org/data/index.html,
accessed on Ô  October òýò¥))

https://www.worldclim.org/data/index.html
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ò.ç.Ô LULC Image Classi•cation and Future Change Detection

Mapping of the LULC of the study area was performed on the data interpreted from both RS images
and •eld observations. Multispectral Landsat images from dišerent sensors (TM and OLI) were utilized
for supervised classi•cation using the RF model (Table Ô). LULC was divided into eight classes: agricultural
land, barren land, built-up area, forest, rangeland, riparian zone, snow, and water bodies, which are adapted
from Anderson [ ý ] classi•cation scheme with local background adjustments. �ese classes were selected
to align with regional land management policies and to capturekey ecological characteristics relevant to the
Soran region. From these data, Þý% of the samples were allocated for training, while the remaining çý% were
reserved for validation. �e samples were randomly chosen toascertain accuracy across all LULC classes.
�e LULC classi•cation maps for òýýÔ, òýÔý, and òýòÔ were derived from [çÞ], and the obtained accuracy
exceeded ÀÞ%. Post-classi•cation change detection was performed using the open-source soŸware QGIS to
quantify LULC transitions across dišerent periods. Additionally, transition matrices were created to illustrate
conversions among classes.

Table Ô:Satellite images used in this study for LULC maps

Satellite sensor No. of images (scenes) Date of acquisition Bands Path/rows

Landsat   TM ò July, òýýÔ Ô, ò, ç, ¥,  , Þ ÔâÀ/ç¥, ç 
Landsat   TM ò July, òýÔý Ô, ò, ç, ¥,  , Þ ÔâÀ/ç¥, ç 
Landsat — OLI ò July, òýòÔ Ô, ò, ç, ¥,  , â, Þ ÔâÀ/ç¥, ç 

ò.ç.ò Random Forest (RF) Model for LULC Prediction

Predicting LULC changes is a valuable tool for using enhancedclimatic data in applications such as
the estimation of LULC shiŸs, ecosystem management, climate change mitigation, policy decisions, and
achieving sustainable goals [ò]. �e complex interaction of natural and human-induced elements,such as
climate change, urbanization, and agricultural methods, inžuences LULC changes. Traditional methods for
predicting LULC oŸen rely on the opinions of experts and simple statistical models that might not fully
capture the complex ways that driving factors and LULC dynamics interact with each other. �erefore,
researchers have developed several classi•cation techniques to map LULC patterns and dynamics from
remotely sensed imagery. In recent years, the application ofML algorithms has become one of the most
popular approaches [ Ô]. ML algorithms, such as RF, provide a data-driven methodologythat uses extensive
datasets to enhance predictive accuracy [ ò].

�e RF is an ensemble learning method that constructs multiple decision trees and aggregates their
predictions. RF is a commonly used ML algorithm developed by Breiman [ ç ] that combines the output of
multiple decision trees to obtain a single result. RF modelingis recognized as one of the most accurate algo-
rithms for preventing over•tting, representing the intricacies of input variables, handling high-dimensional
data, ešectively addressing noise, and providing feature importance measures [ ¥ ,   ]. Moreover, based on
the RF algorithm, it outperformed other classi•ers, as shown in earlier studies [çâ,çÞ, â ]. Furthermore, this
algorithm •rst describes a collection of predictors for a forest, where each tree's prediction is based on the
values of a random vector sampled from an identical distribution [ ç ].

�e aforementioned advantages of the RF model have the potential for engagement in the current study
for the LULC simulation process and future predictions. Hence,geospatial, topographic, and climatic factors
were employed to simulate òýòÔ LULC data based on historicalconditions from the òýýÔ and òýÔý LULC
maps. �e simulation of the òýòÔ LULC image was executed usingthe Python-based RF model. With its
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extensive libraries and community support, Python ošers a versatile platform for implementing RF models
in this domain [ Þ].

�ereaŸer, òýÔý and òýòÔ LULC maps with the used factors were designated for the òý¥ý future pre-
diction of the chosen study area under four combined climate scenarios and SSPs: SSPÔòâ, SSPò¥ , SSPçÞý,
and SSP — . For this purpose, the most recent `WorldClim' climate dataset was downloaded and examined
along with spatial factors using the RF model to forecast future LULC changes under climatic scenarios.
Open-source Python libraries (Numpy, Rasterio, and Scikit-learn) were utilized for LULC simulations and
predictions using the RF model.

�is classi•er was trained using the training dataset and taking advantage of the Python script by
using c̀lass_weight_dict' in `RandomForestClassi•er', the number of decision trees (ntree�  ýý), and other
hyperparameters (maximum depth, minimum samples per split, minimum samples leaf, and maximum
features) were optimized through grid search and cross-validation. Speci•cally, a  -fold cross-validation
approach was employed for model validation. �e hyperparameter grid search explored the following ranges:
`mtry' values of ò, ¥, and â; `ntree' values of Ôýý, çýý, and  ýý; and `nodesize' values of Ô,  , and Ôý. It is worth
noticing that a compelling run of the model requires computers with high speci•cations. All processing was
conducted on an Intel Xeon Platinum ò.Àý GHz ¥—-core (two processors) server equipped with ò â GB of
RAM and operating on Windows Ôý Pro â¥-bit.

ò.ç.ç �e SSP Future Scenarios

Shared Socioeconomic Pathways (SSPs) outline potential future trajectories for humanity, speci•cally
when it comes to using fossil fuels and the socioeconomic factors that ašect this consumption. �ese routes
examine various technical, socioeconomic, and policy scenarios while addressing di›culties in mitigation
and adaptation [òÞ]. �e SSPs used in this study represent a range of potential futures, with SSPÔòâ depicting
an environmentally sustainable trajectory, SSPò¥  režecting moderate pathways, and SSPçÞý and SSP — 
highlighting the consequences of weak environmental governance and high resource demand [òâ]. �ese
scenarios are vital for guiding policymakers, researchers, and stakeholders in craŸing strategies to mitigate
the adverse ešects on LULC. Additionally, the results of this study can assist authorities in proactive
preservation planning.

SSPs provide a wide range of futures driven by dišerent assumptions about population, economic
growth, consumption and production patterns, and technology development [ —]. In the lead-up to the
ªIntergovernmental Panel on Climate Change-Sixth Assessment Reportº (IPCC ARâ), a new set of emissions
scenarios was developed based on dišerent socioeconomic assumptions. Several SSP scenarios have been
selected to drive climate models for the âth ªCoupled Model Inter-comparison Projectsº CMIPâ [òÞ].

�is study simulated future LULC scenarios using the RF model in conjunction with driving factors such
as elevation, slope, road proximity, stream proximity, and climatic data. �e climatic variables incorporated
from the CMIPâ Global Climate Model (GCM) include mean maximum temperature, mean minimum
temperature, and total annual precipitation. �ese variableswere selected due to their signi•cant inžuence
on vegetation dynamics and land use suitability, particularlyin mountainous ecosystems like the Soran
region. For the òý¥ý scenario, only climatic variables were projected to change based on the GCM outputs,
whereas topographic and infrastructure-related variables (elevation, slope, distance to roads and streams)
were assumed to remain static due to a lack of reliable future projections for these features. Moreover,
the SSP scenarios used in this study are based on four narrativesdescribing alternative socioeconomic
developments, including ªsustainable development, middle-of-the-road development, regional rivalry, and
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fossil-fueled developmentº. For this purpose, ACCESS-CMò (Australian Community Climate and Earth
System Simulator) GCM was used to project the climate under fourSSPs (Ôòâ, ò¥ , çÞý, and  — ).

�ese four global SSPs, originally provided at a coarse resolution of Ô km from WorldClim climate data,
were downloaded and spatially downscaled to çý m. Raster resampling was performed using the `resample
()' function in R. �e `resample ()' function in the raster package employs bilinear interpolation by default
unless speci•ed otherwise. �e obtained raster was clipped to •t the selected study area using R package [ À].
In line with the methodologies outlined by O'Neill et al. [òâ], Riahi et al. [òÞ], and the sixth assessment
report [Ôç], a brief description of each SSP scenario is provided below.

SSPÔòâ

�is scenario visualizes a world that makes considerable progress toward sustainable development, with
few challenges to mitigation and adaptation. It highlights inclusive development, reduced inequalities, and a
shiŸ toward sustainable consumption and production patterns.Moreover, the implications of LULC include
strong environmental policies that lead to reduced deforestation rates, increased ašorestation, and managed
urban expansion with minimal encroachment into natural habitats. Sustainable agricultural intensi•cation
minimizes cropland expansion into natural ecosystems and preserves biodiversity. In addition, well-planned
urban development limits urban sprawl, protecting surrounding natural landscapes.

SSPÔòâ is a climatic scenario that signi•es the future in whichthe globe adheres to a sustainable growth
trajectory while attaining substantial greenhouse gas (GHG) reduction. �is scenario is in line with the lower
range of expected emissions and is related to maintaining global warming below òXC (Fig. ç) by the end of
the òÔst century.

Figure ç: A representation of the trend of the changes in global surface temperature under the four SSP-based scenarios
adopted from (https://climatedata.ca/resource/understanding-shared-socio-economic-pathways-ssps/, accessed on òç
January òýò )

SSPò¥ 

�is trajectory signi•es an extension of existing tendencies,accompanied by modest challenges in miti-
gation and adaptation. It encompasses gradual development and a combination of technological innovations
and environmental regulations. �e consequences of LULC dynamics manifest at modest rates, with certain
regions undergoing deforestation owing to agricultural growth, whereas others engage in conservation
initiatives. Urban areas increase modestly, exhibiting diverse levels of planning and ešects on adjacent land
covers. Ongoing stress on ecosystems is less intense than in high-impact scenarios. �e ešectiveness of
governance and institutions is moderate, leading to delays inclimate policy implementation. Global warming

https://climatedata.ca/resource/understanding-shared-socio-economic-pathways-ssps/
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projections under this pathway are approximately ò.ÞXC±ç.ýXC warming by òÔýý (Fig. ç) compared to pre-
industrial levels. Moderate but insu›cient climate policies lead to a higher risk of extreme weather events.
�is pathway režects a world where climate action is reserved but not at the scale or urgency needed to
prevent signi•cant climate change impacts.

SSPçÞý

�is scenario represents a disconnected world facing signi•cantissues in terms of mitigation and
adaptation. It is characterized by regional conžicts, inadequate global cooperation, and slow economic
development. Inferences for LULC change due to limited environmental regulations and regional resource
competition result in high deforestation rates. Elevated agricultural and resource extraction demand and
low agrarian productivity have led to habitat loss. From the perspective of urbanization, uncontrolled urban
expansion exacerbates land degradation and intrusion into natural areas. GHG emissions continue to rise
throughout the òÔst century, peaking late. �is increase has been driven by agriculture, LULC changes, and
dependence on fossil fuels. Under this pathway, global warmingprojections are approximately ç. XC±¥.ýXC
warming by òÔýý (Fig. ç) compared to pre-industrial levels.

�is upsurge substantially increases extreme weather events, including droughts, heatwaves, hurricanes,
and žoods. Additionally, the consequences of this scenario include a weak global response to climate-related
disasters and worsening humanitarian crises. Fossil fuels remain dominant, with limited investment in
renewables. �is pathway greatly exceeds the safe climate limits, making it one of the most dangerous climate
futures regarding environmental, economic, and social impacts.

SSP — 

�is trajectory anticipates swiŸ economic expansion propelled by fossil fuels, accompanied by signi•-
cant di›culties in mitigation and adaptation. It underscores energy-intensive lifestyles, few environmental
considerations, and elevated demand for land and resources, which results in substantial forest loss and the
deterioration of natural ecosystems. Intensive agricultural growth occurs to satisfy global food and bioenergy
requirements, frequently at the cost of forests and grasslands. Accelerated and extensive urban development
has led to substantial LULC alterations, including the depletion of cultivable land and natural ecosystems.

Moreover, SSP —  represents rapid technological progressand globalization but relies heavily on fossil
fuels, the continued growth of heavy industries, and transportation, resulting in extremely high GHG
emissions and severe climate impacts. Average warming will rise close to ¥.¥XC by òÔýý (Fig. ç), and the
likely range of ç.çXC± .ÞXC will cause extreme heatwaves, prolonged droughts, severe storms, žooding, and
displacement to become widespread.

ò.ç.¥ Model Performance Metrics for LULC Prediction

�is study evaluated the accuracy of simulated and predicted LULCmaps by calculating the confusion
matrix to extract the user accuracy (precision), producer accuracy(recall), FÔ-score, overall accuracy (OA),
and kappa coe›cient (Kc) for each LULC estimation. �ese validation parameters were derived using the
òýòÔ reference maps, both simulated and classi•ed, and all metrics were generated by comparing the maps
to measure the performance of the model. �e confusion matrix provides a detailed comparison between
the known reference data and predicted classi•cation results. It analyzes their connection as a matrix class
by class, consequently facilitating a comprehensive understanding of the model's performance [âý]. �e
equations for these metrics are given inEqs. (Ô)±( ) .

User AccuracŷUA• � xi i ~xi � (Ô)
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Producer AccuracŷPA• � xi i ~x� i (ò)

FÔ Score� ò� ˆ UA � PA~UA � PA• (ç)

Overal l Accurac ŷOA• �
r

Q
i � Ô

xi i ~N (¥)

KappaˆKc• � ŒN
r

Q
i � Ô

xi i � Q
r
i � Ô̂ xi � � x� i ••~ˆ Nò � Q

r
i � Ô̂ xi � � x� i •‘ ( )

whereN is the total number of observations included in the error matrix, r is the number of rows,xii is the
number of observations in a row `i' and column ì', xi � is the total of observations in a row `i', x� i is a total of
observations in column `i'.

�e user's accuracy (precision) represents the proportion of actual positive predictions among all
positive forecasts. �e producer's accuracy (recall) measures the number of accurately forecasted actual
positives. �e FÔ-score is a performance indicator for assessing ML models, integrating precision and recall
into a single metric. It ranges from ý to Ô, with higher values indicating higher accuracy [âÔ]. �e overall
accuracy (Eq. (¥)) quanti•es the accuracy of the model for correctly classifyingeach pixel. �e Kc ªkappaº
statistic quanti•es the variation between observed and expected agreement between reference data and an
automated classi•er [âò]. �e average Kc value from the study was used to select the best outcomes for
the RF model. Models with a K average below ý.âý showed weak levels, while those over ý.âý showed fair
agreement. Ranges of ý.—ý±ý.—À indicated strong agreement, while values beyond ý.Àý represented nearly
perfect levels [âç].

ç Results and Discussion

ç.Ô LULC Simulation and Model Accuracy

In this study,Table òpresents the accuracy of various LULC maps for the classi•ed and simulated
òýòÔ years and predicted maps under various SSP projections for òý¥ý. �e primary evaluation metric
was OA, which assesses the percentage of accurately classi•ed pixels in the LULC map concerning ground
truth/reference data. Kc serves as a statistical metric thatassesses classi•cation accuracy by comparing
observed and expected accuracy. A Kc value of Ô signi•es a perfect agreement between the classi•ed map
and reference data.

Table ò: Accuracy assessment of classi•ed and predicted maps

LULC map year Overall accuracy (OA) % Kappa coe›cient (Kc)

òýòÔ Àâ.âÞ ý.Àâ
òýòÔ simulated À¥.ç¥ ý.Àò

òý¥ý SSP Ôòâ predicted Àò.À¥ ý.—À
òý¥ý SSP ò¥  predicted Àò.Þ— ý.—À
òý¥ý SSP çÞý predicted Àò.—¥ ý.—À
òý¥ý SSP  —  predicted Àç.Ôç ý.Àý
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�e òýòÔ LULC historical map recorded the highest OA and Kc value, indicating excellent and
exceptionally reliable classi•cation quality. �e high accuracy of LULC classi•cation can be attributed to the
integration of high-quality input data, advanced processingtechniques, and the use of robust classi•cation
methods [â¥]. �e OA and Kc values of simulated òýòÔ were À¥.ç¥% and ý.Àò, respectively. Although the OA
and Kc of the simulated òýòÔ are less than those of the classi•ed òýòÔ, they still demonstrate high accuracy
and are deemed acceptable, as conferred by [âç].

�e last four rows of Table òindicate future predictions for òý¥ý under the SSP scenarios, which
are the climate and socioeconomic development scenarios used inthe LULC modeling. �e accuracy for
all òý¥ý SSP predictions ranged between Àò.Þ—% and Àç.Ôç%, slightly lower than the simulated òýòÔ map,
which suggests increasing LULC complexity and potential classi•cation challenges in future scenarios. �e
close range of prediction accuracies for òý¥ý (Àò.Þ—% and Àç.Ôç%) may indicate a limited sensitivity of
the model to variations among the input scenarios. However, it can also režect the model's robustness
and stability in maintaining high performance across dišering climatic projections. �e classi•cation
models exhibit continuously high accuracy, rendering LULC predictions dependable. �e small reduction in
accuracy may result from heightened terrain complexity and di›culties in RS categorization. Mountainous
terrains oŸen contribute to reduced classi•cation accuracy due toshadow ešects and elevation-induced
spectral variation [â  ]. �e òý¥ý SSP forecasts exhibit comparable accuracy levels, indicating that LULC
alterations across various scenarios do not signi•cantly ašect classi•cation quality. �ese •ndings suggest
the reliability of the RF model in forecasting LULC and underscore potential LULC dynamics across various
socioeconomic scenarios [ââ±â—].

�e essence of the Python-based RF model is to predict future conditions based on the current state or
historical data, as well as the probability of state transitions. We forecast òý¥ý LULC con•gurations based
on the speci•ed scenarios, providing insights into the socioeconomic and environmental consequences.
Other researchers have applied this model in various areas on dišerent platforms for LULC classi•cation and
achieved high-accuracy assessment [ ò,âÞ,âÀ,Þý]. �ese studies provide predictions for future land cover
scenarios utilizing Landsat data and ancillary information,aiding sustainable resource management and
urban planning.

Our study adheres to the recommendation of Prestele et al. [ÞÔ] of employing ML models to enhance
LULC forecasts based on climatic and socioeconomic data. �erefore, this study used the RF model and
selected topographic and geographical variables liable for LULC changes: elevation, slope gradient, Euclidean
stream proximity, and Euclidean road proximity. Additionally, climate variables such as maximum and
minimum temperatures and precipitation were utilized based on prior studies [ò ,Þý,Þò]. As shown inFig. ¥,
relevant variables were used to create the factor maps. Geometry correction and downscaling processes were
conducted, including image dimension and raster cell size, at çým resolution for all spatial variables.

�is study predicted a simulated map of òýòÔ using a Python-basedRF model aŸer involving the
topographic and environmental factors and LULC images of òýýÔ and òýÔý as the initial and •nal maps,
respectively.Fig.   depicts maps of both the classi•ed LULC òýòÔ and simulated LULC òýòÔ. �e LULC
categories include agricultural land (yellow), barren land (brown), built-up area (red), forest (green),
rangeland (pink), riparian zone (light green), snow (lightblue), and water bodies (blue). �e •gure presents a
comparative analysis of the LULC classi•cation and simulation for the year òýòÔ. �e leŸ panel (a) represents
the classi•ed LULC derived from actual land cover data, whereas the panel (b) displays the simulated LULC
generated using predictive modeling techniques.
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Figure ¥: Spatial distribution of various topographic and environmental parameters over the study area. Panels
represent the following datasets: (a) elevation values (m), (b) slope in degrees, (c) stream proximity (m), (d) ROAD
proximity (m), (e) maximum temperature (XC), (f ) minimum temperature (XC), and (g) precipitation (mm)

Figure  : Assessment of LULC maps for òýòÔ. (a) LULC classi•ed map based on actual data for òýòÔ. (b) LULC
simulated map for òýòÔ
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Moreover, the two maps exhibited a visible similarity in the geographical distribution of the various land
cover categories. Nonetheless, several dišerences exist between the categorized and simulated outcomes, as
shown inTable ç. �e classi•ed LULC map displays a slightly more varied land cover distribution. However,
the simulated map presented a more generalized pattern, which is a common trait of predictive models used
for forecasting LULC changes [Þò]. �e simulation model ešectively captured the urban expansion patterns,
agricultural land, and rangeland in the two maps. However, itslightly underrepresented the barren land and
forest coverage compared to the classi•ed map. �e portrayal of riparian zones showed variability, with the
simulated map tending to predict a more fragmented distribution.

Table ç: Area of LULC classi•cation and changes from òýýÔ to òýòÔ, including classi•ed (C) and simulated (S) òýòÔ
data, with model accuracy metrics

LULC
classes

òýýÔ* òýÔý òýòÔ
classi•ed

(C)

òýòÔ
simu-
lated
(S)

Change
òýòÔC-
òýòÔS

Change
% òýòÔC-

òýòÔS

FÔ-
Score

Model
accuracy

Agricultural
land

—Ôç.À¥  çÔ. â âÔÞ.òý â ¥.Ô¥ çâ.À¥ Ô.ý¥ ý.—Þ Overall
acc

uracy
(OA) �
À¥.ç¥%

Barren
land

Þçý.Ô¥ —çÀ.âÀ  çÞ.Àâ  âý.À¥ òò.À— ý.â  ý.Àý

Built-up ç¥.—Þ ¥Ô.À¥  ý. ò Þò.Ôâ òÔ.â¥ ý.âÔ ý.—Ô
Forest ¥¥Þ.ÀÀ ò¥ç.ò— ò—À.¥— çâ¥. Ô Þ .ýç ò.Ôò ý.—¥

Rangeland Ô¥ç .â— Ô—ýâ.Þò ÔÀâÞ.ÀÀ ÔÞÀý.Ôò� ÔÞÞ.—Þ �  .ýò ý.Àç Kappa�
ý.Àò

Riparian
zone

¥ .—À ¥ò. ¥  Þ.ç— ÀÔ.¥â ç¥.ý— ý.Àâ ý.Þ 

Snow Ôý.Þò â.¥Ô  .Ô— À.ç  ¥.ÔÞ ý.ÔÔ ý.ÞÔ
Water ò—.òÀ ç .çÞ òÔ.—ý ¥.—ç� Ôâ.ÀÞ � ý.¥Þ ý.Þ—

�ese discrepancies may stem from the constraints of the model, which may not comprehensively
encompass all variations in a heterogeneous study area. �e observed misclassi•cations, including the
overestimation of forest cover and underestimation of water bodies, can be attributed to several factors
such as model complexity, cloud cover interference, input data quality, and spatial resolution limitations.
Complex class boundaries, residual cloud contamination, and inconsistencies in input datasets may lead to
inaccuracies in class discrimination. Additionally, the spatial resolution used can cause generalization errors,
making it challenging to accurately delineate small or fragmented land cover types, thereby contributing to
misclassi•cation [Þç,Þ¥].

A proportional analysis of the historical and simulated LULCchanges over time, speci•cally focusing
on the years òýýÔ, òýÔý, and òýòÔ, is quanti•ed inTable ç. It provides classi•ed and simulated LULC areas
for òýòÔ, along with the change in area between the classi•ed(C) and simulated (S) data, percentage change,
FÔ-score, and model accuracy for each class.
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As recorded in Table ç, agricultural land declined substantially from —Ôç.À¥ km2 in òýýÔ to
 çÔ. â km2 in òýÔý but experienced a modest increase to âÔÞ.òý km2 by òýòÔ. �e simulated model
overestimates agricultural land at â ¥.Ô¥ km2, exceeding the observed value by çâ.À¥ km2 (Ô.ý¥% change).
Barren land reached its highest extent in òýÔý (—çÀ.âÀ km2) before decreasing to  çÞ.Àâ km2 in òýòÔ. �e
model slightly overestimates this category at  âý.À¥ km2, with a òò.À— km2 discrepancy (ý.â % dišerence).
Built-up areas have steadily expanded from ç¥.—Þ km2 in òýýÔ to  ý. ò km2 in òýòÔ. However, the model
predicts a larger extent of Þò.Ôâ km2, overestimating by òÔ.â¥ km2 (ý.âÔ% change). Forest area declined sharply
from ¥¥Þ.ÀÀ km2 in òýýÔ to ò¥ç.ò— km2 in òýÔý, followed by partial recovery to ò—À.¥— km2 in òýòÔ. �e model
overestimated forest area at çâ¥. Ô km2, with a dišerence of Þ .ýç km2 (ò.Ôò% change).

�e extent of rangeland has consistently increased from Ô¥ç .â— km2 in òýýÔ to ÔÀâÞ.ÀÀ km2 in òýòÔ.
However, the simulation underestimates this value, projecting ÔÞÀý.Ôò km2, with a shortfall of ÔÞÞ.—Þ km2

(± .ýò% change). �e riparian zone has experienced a slight expansion, reaching  Þ.ç— km2 in òýòÔ, while
the simulation signi•cantly overestimates it at ÀÔ.¥â km2, exceeding the actual value by ç¥.ý— km2 dišerence
(ý.Àâ% change). Snow cover has declined from Ôý.Þò km2 in òýýÔ to  .Ô— km2 in òýòÔ, yet the simulation
overestimated it at À.ç  km2, with a discrepancy of ¥.ÔÞ km2 (ý.ÔÔ% change). Similarly, water areas have shrunk
from ò—.òÀ km2 in òýýÔ to òÔ.—ý km2 in òýòÔ, but the simulation drastically underestimates thiscategory,
predicting only ¥.—ç km2, with a considerable shortfall of� Ôâ.ÀÞ km2 (� ý.¥Þ% change).

�e highest FÔ-score value was observed for rangeland (ý.Àç), while the lower FÔ-score values were
recorded for riparian zones (ý.Þ ) and snow (ý.ÞÔ). �is is likely due to the complexity and dynamic nature
of these categories. �e model's OA was reported to be À¥.ç¥%, with a Kc of ý.Àò, indicating a high level
of agreement between the classi•ed and simulated LULC data.�ese •ndings underscore the possibility of
enhancing simulation approaches, including integrating higher spatial resolution data and re•ning transition
probabilities to increase forecast accuracy [Þ ].

ç.ò Model's Variable Importance

RF are ensemble learning methods that aggregate multiple decision trees to enhance predictive accuracy
and reduce over•tting [ ç ]. A signi•cant advantage of RF models is their ability to evaluate variable
importance, which quanti•es the contribution of each feature to the model's predictive performance. Two
widely used measures are the Gini impurity-based importance andpermutation importance. Higher values
in both measures indicate that a variable substantially inžuences the LULC classi•cation [Þâ].

Fig. â illustrates the variable importance results. InFig. âa, variables are ranked according to their
Gini index values, with precipitation emerging as the most inžuential predictor, followed by maximum
temperature and elevation. �ese variables notably reduce impurity during the decision-making process,
underscoring their critical role in the model's performance.

In Fig. âb, permutation importance identi•es elevation as the leadingpredictor, contributing the highest
percentage to model accuracy, followed closely by precipitation. Maximum temperature also demonstrates
considerable importance, though slightly lower than the aforementioned variables. Overall, these results
highlight that precipitation, elevation, and temperature are the key drivers inžuencing LULC transitions,
reinforcing the substantial role of climatic and topographic factors in shaping future LULC dynamics in the
Soran region.
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Figure â: Variable importance (a) Gini impurity (b) permutation importance

ç.ç LULC Future Predictions and Change Analysis

ç.ç.Ô LULC Future Predictions

Fig. Þdepicts the LULC projections for òý¥ý under four SSPs: SSPÔòâ, SSPò¥ , SSPçÞý, and SSP — .
�ese SSPs represent alternative futures based on socioeconomicdevelopment and climate change mitigation
ešorts, with SSPÔòâ being the most sustainable and SSP —  representing the most fossil fuel-dependent, high-
emission scenario. �e spatial distribution of dišerent land cover classes, such as agricultural land, built-up
areas, forests, rangelands, barren land, riparian zones, water bodies, and snow cover, illustrates possible
changes driven by climate policies and socioeconomic trends [ÞÞ].

Across all four scenarios, agricultural land predominated the landscape, highlighting its continued
signi•cance in the region's economy. However, there are discrepancies in their growth and intensity. In
SSPÔòâ, the agricultural footprint remains stable, aligningwith its sustainability-oriented policies that
prioritize climate adaptation and food security initiatives [òÞ]. In contrast, SSPçÞý and SSP —  experienced
substantial agricultural growth driven by rapid populationgrowth, rising food demand, and deforestation in
the study area. Urbanization is particularly evident in SSPçÞý and SSP — , režecting the rapid expansion of
built-up areas due to weak environmental policies and high dependency on fossil fuels [Þ]. Urban expansion
challenges environmental stability, biodiversity, and water supply.

Forests were better preserved under SSPÔòâ and SSPò¥  due to sustainable land management strategies
practiced that help curb excessive deforestation. In contrast,SSPçÞý and SSP —  show signi•cate forest
degradation driven mainly by agricultural expansion, urbanization, and climate-induced alterations in
land cover. Studies suggest that high-emission scenarios accelerate deforestation and habitat loss, leading
to greater carbon emissions and biodiversity decline [Þ—]. �e reduction in forest cover under these
scenarios aligns with global deforestation hotspots, whereeconomic growth frequently takes precedence
over conservation initiatives. Rangelands are widespread across all scenarios but experience varying degrees
of deterioration.

In SSPÔòâ and SSPò¥ , rangelands remain more stable, likelydue to improved land management
practices and controlled grazing practices. In contrast, SSPçÞý and SSP —  show greater degradation,
deserti•cation, and soil erosion, all exacerbated by climate change [ò]. Riparian zones and water bodies
exhibit minimal alteration across all scenarios, though SSP — suggests increased water stress due to climatic
variability. High-emission pathways oŸen reduce water availability, increase evapotranspiration, and alter
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precipitation patterns, disrupting hydrological cycles. �is highlights the signi•cance of integrated water
resource management in alleviating future water scarcity amid harsh climatic circum-stances [ÞÀ].

Figure Þ: LULC projections for òý¥ý under dišerent SSPs. �e maps illustrate the spatial distribution of various LULC
classes for (a) SSPÔòâ, (b) SSPò¥ , (c) SSPçÞý, and (d) SSP —  scenarios

�e implications of LULC forecasts underscore the essential signi•cance of LULC policies, climate
initiatives, and sustainable development in inžuencing future landscapes. SSPÔòâ emphasizes the advantages
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of sustainable land management, whereas SSPçÞý and SSP —  demonstrate the hazards linked to defor-
estation, urban sprawl, and land degradation. �ese results align with global assessments, indicating that
balancing growth with conservation is crucial for ensuring long-term environmental sustainability [Ôç].
Additionally, the maps show variations in LULC distribution across various scenarios, režecting the impact
of diverse socioeconomic and ecological factors on LULC alterations. Armed conžict and political conžict
have profoundly impacted this region over the last four decades, adversely ašecting the social welfare of the
population and hindering agricultural development [—ý].

Notably, the predicted maps illustrate a new wave of suburbandevelopment near the area in the western
part of the study during the following decades. Moreover, positive forest extent was observed distinctly
evident in the northern, southern, and central regions of theprojected maps in SSPÔòâ speci•cally. By òý¥ý,
the distribution of various LULC types within the study region, in comparison to the baseline year òýòÔ,
demonstrates that under the SSPÔòâ scenario, forested areas expand while agricultural land declines. �is
trend aligns with the •ndings of Wu et al. [—Ô]. A more detailed representation of these projected changes
is provided inTable ¥, which outlines future LULC transitions under four SSP scenarios for the period
òýòÔ±òý¥ý.

Table ¥:Projected LULC changes from òýòÔ to òý¥ý under dišerent SSPs, including model accuracy metrics

LULC classes òýòÔ
classi•ed*

òý¥ý
predicted
SSPÔòâ

òý¥ý
predicted
SSPò¥ 

òý¥ý
predicted
SSPçÞý

òý¥ý
predicted
SSP — 

Agricultural
land

âÔÞ.òý âýç.ý— Þçò.ýÞ ÞÞÀ.—À —òÞ.Ô—

Barren land  çÞ.Àâ âÔÞ.ò¥ â Þ.ò¥ â—Ô.—Þ ÞÔâ.—ç
Built-up  ý. ò ÞÔ.ÀÞ ÞÀ.ÀÞ —ç.Þç —¥.ÔÞ
Forest ò—À.¥— ç¥â.ýò òÞâ.ýò òò¥.çç Ô——.ò—

Rangeland ÔÀâÞ.ÀÀ ÔÞÀâ.Àò ÔÞòâ.Þ¥ ÔÞÔ¥.Þ  ÔâÞ—.çâ
Riparian zone  Þ.ç— —¥.ò   ¥.ò  ¥ .Ô— ç—.òý

Snow  .Ô—  .—¥  .ý¥Ô ¥.ýò ¥.ýÔ
Water òÔ.—ý òò.Ô  Ôâ.Ô  Ôç.Þò Ôý.¥ 

Total area ç ¥Þ.  ç ¥Þ.  ç ¥Þ.  ç ¥Þ.  ç ¥Þ. 
Overall accuracy % Àò.À¥ Àò.Þ— Àò.—¥ Àç.Ôç

Kappa ý.—À ý.—À ý.—À ý.Àý

Note: *Area in in square kilometers.

Table ¥presents a comparative analysis of observed LULC data from òýòÔ and projected alterations in
òý¥ý under four SSPs (SSPÔòâ, SSPò¥ , SSPçÞý, and SSP — ). �eseSSP scenarios encapsulate a range of
possible climate and socioeconomic trajectories, spanning from a sustainable-oriented future (SSPÔòâ) to a
scenario characterized by fossil-fuel-dependent economic expansion (SSP — ). �e table provides insights
into the implications of these scenarios on dišerent LULC categories, highlighting potential shiŸs in land
cover distribution.

In òýòÔ, agricultural land covered âÔÞ.òý km2. Projections for òý¥ý indicate an overall increase across
all SSP scenarios, with the most substantial expansion under SSP —  (—òÞ.Ô— km2, a çç.À% increase). In
contrast, SSPÔòâ projects a slight decrease to âýç.ý— km2, režecting a focus on environmental conservation.
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�ese •ndings suggest that higher economic growth pathways (SSP ò¥ , SSP çÞý, SSP  — ) drive agricultural
expansion, potentially leading to the conversion of natural landscapes such as forests and rangelands [—ò].
�is trend is consistent with Zabel et al. [—ç], who found that the high-emission scenarios intensify
agricultural growth due to increased food demand, land conversion, and deforestation.

Similarly, the barren land category is anticipated to increasefrom  çÞ.Àâ km2 in òýòÔ to a maximum of
ÞÔâ.—ç km2 under SSP — . �is increase proposes worsening land degradation and deserti•cation risks under
high-emission scenarios. Even in SSPÔòâ (âÔÞ.ò¥ km2), barren land still increases, though slower, highlighting
ongoing land degradation concerns. A study by Lal [—¥] con•rms that the growth of barren land is frequently
associated with unsustainable land management practices, excessive grazing, and deserti•cation driven by
climate change.

Urban or built-up areas are expected to increase across all scenarios, from  ý. ò km2 in òýòÔ to a
maximum of —¥.ÔÞ km2 under SSP — . �e lowest urban expansion is under SSPÔòâ (ÞÔ.ÀÞ km2), režecting
slower urbanization due to sustainable development priorities. �is advocates that urban expansion might
contribute to land conversion from agriculture or rangelands under high-growth scenarios. �is expansion
is consistent with projections by [Þ], who estimated that urban land cover will persist in its global growth,
resulting in habitat fragmentation, heightened carbon emissions, and land-use disputes.

A signi•cant trend is the consistent decline in forested areas across all SSPs, with the most severe
reduction occurring under SSP —  (Ô——.ò— km2), followed by SSPçÞý (òò¥.çç km2). In contrast, SSPÔòâ
shows the smallest decline (ç¥â.ýò km2), indicating climate-friendly policies could help preserveforests.
�is decline aligns with global deforestation trends driven by agricultural expansion, urbanization, and land
degradation [Ôç,Þ—].

Rangelands, the largest land cover category in òýòÔ (ÔÀâÞ.ÀÀ km2), are projected to shrink under all
scenarios. �e most signi•cant reduction occurs under SSP —  (ÔâÞ—.çâ km2, a loss of ò—À.âç km2 or Ô¥.Þ%).
Even in SSP Ôòâ, rangelands decline to ÔÞÀâ.Àò km2, implying pressure from competing land uses. �is
proposes intensi•ed land conversion for agriculture and urbanexpansion under high-emission pathways.
�e degradation of rangelands aligns with research by Lal [—¥], who highlighted that rangeland ecosystems
are especially susceptible to deserti•cation, overgrazing,and climatic žuctuations.

Riparian zones also exhibit declines across all SSPs, with SSP —  showing the most severe reduction
(ç—.ò km2). �is decline is attributed to land encroachment, deforestation, and changes in hydrological
regimes due to climate change [ÞÀ]. �e depletion of riparian zones is alarming, as these ecosystems are vital
for biodiversity and water management [— ].

Slight changes are observed in snow and water cover. Snow coverremains relatively stable, but SSP — 
shows the most signi•cant reduction in water bodies (Ôý.¥  km2 from òÔ.— km2 in òýòÔ), režecting a growing
risk of water scarcity and possible climate-induced drying of natural ponds and rivers. �is decline correlates
with •ndings by IPCC [Ôç], which indicate that high-emission scenarios (SSPçÞý and SSP — ) will lead to
greater evapotranspiration, declining groundwater levels, and intensi•ed drought conditions.

�e model demonstrates consistently high accuracy across all projections, ranging from Àò.Þ—% to
Àç.Ôç%, indicating strong predictive reliability. �e Kc (ý.—À±ý.Àý) further supports the model's robustness in
capturing LULC transitions. Under SSPÔòâ, the sustainability-focused approach mitigates deforestation and
urban sprawl, contributing to forest and water body conservation. In contrast, higher-emission scenarios
(SSPçÞý and SSP — ) exhibit signi•cant forest loss, barrenland expansion, and water body reduction, raising
concerns about deserti•cation, biodiversity loss, and climate change impacts [Ôç].

�e LULC projections underscore forecasts the necessity of policy interventions to counteract
environmental degradation in high-emission scenarios. SSPÔòâ represents a more sustainable trajectory
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characterized by reduced deforestation, lower land degradation, and improved water resource protection.
�is aligns with the recommendations of van Vuuren et al. [ —], advocating for policies such as reforestation,
sustainable agriculture, and urban planning to mitigate adverse LULC changes.

ç.ç.ò LULC Change Analysis

Table   presents projected LULC changes from òýòÔ to òý¥ý under four varied SSP scenarios. Each
scenario režects varying socioeconomic and climate change inžuences on dišerent land categories. �e
•ndings indicate that agricultural land declines under SSPÔòâbut signi•cantly increases under other
scenarios, with the highest gain observed in SSP —  (� òýÀ.À— sq. km, òç.çò%). Barren land expands across
all scenarios, with SSP —  showing the highest gain (� ÔÞ—.—Þ sq. km, òý.òÔ%).

Table  : Changes of LULC from òýòÔ to òý¥ý under dišerent shared socioeconomic SSPs, showing absolute (sq. km)
and percentage (%) variations for each LULC class

LULC
classes

SSPÔòâ change
òýòÔ±òý¥ý

SSPò¥  change
òýòÔ±òý¥ý

SSPçÞý change
òýòÔ±òý¥ý

SSP —  change
òýòÔ±òý¥ý

sq. km % sq. km % sq. km % sq. km %

Agricultural
land

� Ô¥.Ôò � ÔÞ.ýý ÔÔ¥.—Þ òý.â¥ Ôâò.âÀ òÔ.À— òýÀ.À— òç.çò

Barren
land

ÞÀ.ò— ÔÞ.¥ý ÔÔÀ.ò— Ô—. ç Ô¥ç.ÀÔ ÔÀ.òò ÔÞ—.—Þ òý.òÔ

Built-up òÔ.¥  ò.ýç òÀ.¥  ò.ò  çç.òÔ ò.çâ çç.â  ò.çÞ
Forest  â. ¥ À.Þ  � Ôç.¥â � Þ.Þ— � â .Ô  � â.çò � ÔýÔ.òý �  .çÔ

Rangeland � ÔÞÔ.ýÞ �  ý.â  � ò¥Ô.ò  � ¥—.âÞ � ò ç.ò¥ � ¥—.ç¥ � ò—À.âç � ¥Þ.çÔ
Riparian

zone
òâ.—Þ ò.çÞ � ç.Ôç � Ô. ç � Ôò.ò � Ô.òÞ � ÔÀ.Ô—� Ô.ý—

Snow ý.ââ ý.Ôâ � ý.ÔçÀ � ý.Ô¥ � Ô.Ôâ � ý.ÔÔ � Ô.ÔÞ � ý.ÔÔ
Water ý.ç  ý.âò �  .â  � ý.¥â � —.ý— � ý.çÀ � ÔÔ.ç  � ý.òÀ

Built-up areas exhibit moderate growth (~ò%) in all scenarios,while forest cover increases in SSPÔòâ
but declines in all other scenarios, with the largest loss in SSP —  (� ÔýÔ.òý sq. km,�  .çÔ%). Rangeland
consistently decreases, with the most signi•cant reduction inSSP —  (� ò—À.âç sq. km,� ¥Þ.çÔ%). �e riparian
zone expands under SSPÔòâ but contracts in other scenarios. Snow remains relatively stable but sees minor
losses in SSPò¥ , SSPçÞý, and SSP — . Finally, water had a slight gain in SSPÔòâ but declined in all other
scenarios, with the most signi•cant loss in SSP —  (� ÔÔ.ç  sq. km,� ý.òÀ%).

�e •ndings suggest that under high-emission and rapid socioeconomic growth scenarios (SSPò¥ ,
SSPçÞý, and SSP — ), agricultural and barren land will expand at the expense of forest, rangeland, and water
bodies, indicating intensi•ed land use driven by urbanization and agricultural expansion. Such shiŸs could
have signi•cant environmental implications.

Fig. —demonstrates the projected gains and losses in LULC between òýòÔ and òý¥ý under dišerent SSPs.
Various levels of land alteration can be seen in each SSP scenario, highlighting the inžuence of climatic and
socioeconomic changes on landscape dynamics.
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Figure —:Gains and losses of future scenarios explain projected LULC changes across distinct categories under various
SSPs from òýòÔ to òý¥ý

Starting with agricultural land change, which varies between scenarios, SSPÔòâ exhibited a minor
reduction, while SSPò¥ , SSPçÞý, and SSP —  demonstrated signi•cant increases. �e growth is notably
considerable under SSP — , where agricultural land usage increases signi•cantly due to rising food demand
and augmented land clearing for agriculture. �is •nding corresponds with research demonstrating that
the development of global food production is the primary driver for deforestation and habitat degradation,
especially in high-emission scenarios [—â]. Correspondingly, barren land rises signi•cantly across all scenar-
ios, particularly SSP — , presumably due to land degradation, deserti•cation, and soil erosion intensi•ed by
climate change.

Built-up areas expand in all scenarios but at a slower pace than other LULC categories. �e most
signi•cant urban expansion is in SSP — , where fast urbanization is associated with population increase,
economic development, and industrialization. �ese trends align with projections [ò,—Þ] that global urban
land cover will increase dramatically by òý ý, particularly in developing regions where infrastructure
development accelerates under high-emission scenarios.

Forests face net losses in most scenarios, with SSPÔòâ exhibiting a divergence. �is pattern underscores
the deforestation pressures associated with agricultural development, urban growth, and land degradation.
�e decline in forest cover aligns with the study by Hansen et al.[Þ—], indicating that deforestation contributes
considerably to carbon emissions and biodiversity decline, especially in areas under considerable population
pressure. A notable pattern is the substantial loss of rangelands across all SSPs, with SSPÔòâ demonstrating a
lesser drop and SSP —  režecting the most pronounced reduction. Rangelands are particularly vulnerable to
land conversion, overgrazing, and degradation caused by climate change. �e signi•cant decline in SSPçÞý
and SSP —  indicates increased deserti•cation, soil degradation, and pressures from land-use change.

Riparian zones deteriorate in all scenarios, with SSP —  demonstrating the most signi•cant deteri-
oration. �is may be linked to climate change-induced changes inriver žow, land-use interference, and
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deforestation adjacent to water bodies [ÞÀ]. Ending with the changes in snow and water body alterations
are insigni•cant across all scenarios, indicating that regional hydrological changes may not be as substantial
during this period. Nonetheless, under high-emission scenarios (SSP — ), even minor declines in water
bodies may signify the •rst indicators of prolonged hydrological stress, including diminishing groundwater
levels and increased evaporation from elevated temperatures.

�e projected LULC changes for òý¥ý emphasize the critical importance of climate policy, land man-
agement, and conservation strategies. SSPÔòâ represents a sustainable development pathway with reduced
deforestation, land degradation, and ecosystem loss, while SSP —  indicates substantial environmental
decline due to unregulated land conversion and climatic stress.�ese •ndings highlight the need for
integrated land-use planning, reforestation, sustainable agricultural practices, and urban resilience measures
to mitigate future hazards and improve ecosystem sustainability[Ôç].

ç.¥ Transition Matrix of Scenario-Based LULC Prediction

�is study categorizes future LULC changes into four distinct scenarios based on SSP, providing
insights into the projected LULC dynamics in the Soran area. �emethodological framework includes
SSPÔòâ (sustainability), SSPò¥  (middle-of-the-road), SSPçÞý (regional rivalry), and SSP —  (fossil-fueled
development).Table âpresents the transition matrix, which quanti•es the probabilities of LULC shiŸs
between categories over the period òýòÔ±òý¥ý. Each row represents an initial LULC type, while columns
indicate the likelihood of transition to other categories,with diagonal values režecting stability. �ese
probabilities ošer a detailed assessment of landscape dynamics, identifying both stable land classes and those
undergoing substantial change [â—].

Table â:�e transition matrix of LULC changes under four SSP scenarios from òýòÔ to òý¥ý: a) SSP Ôòâ, b) SSP ò¥ ,
c) SSP çÞý, and d) SSP  — , where (AL±agricultural land, BL±barren land, B±built-up area, F±forest, RL±rangeland,
RZ±riparian zone, S±snow, and W±water)

(a) AL BL B F RL RZ S W (b) AL BL B F RL RZ S W

AL ý. Ô ý.¥â ý.ýò ý.ýý ý.ýý ý.ýÔ ý.ýý ý.ýý AL ý.¥ò ý. ¥ ý.ýç ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý
BL ý.ýò ý.ÀÞ ý.ýý ý.ýý ý.ýý ý.ýý ý.ýÔ ý.ýý BL ý.ýò ý.À—ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý
B ý.ýý ý.òý ý.ÞÀ ý.ýý ý.ýý ý.ýÔ ý.ýý ý.ýÔ B ý.ýÔ ý.òò ý.ÞÞ ý.ýý ý.ýý ý.ýý ý.ýý ý.ýÔ
F ý.ýý ý.Ô—ý.ýý ý.Þ¥ ý.ýÞ ý.ýý ý.ýý ý.ýý F ý.ýý ý.ýÞ ý.ýý ý.ÞÀ ý.ýç ý.ÔÔý.ýý ý.ýý

RL ý.ýâ ý.ýý ý.ýý ý.ýò ý.ÀÔý.ýý ý.ýý ý.ýý RL ý.ý—ý.ýÔ ý.ýý ý.ýÔ ý.Àý ý.ýý ý.ýý ý.ýý
RZ ý.ýÔ ý.ýò ý.ýý ý.çò ý.ý¥ ý.âÔ ý.ýý ý.ýý RZ ý.ýÔ ý.ýý ý.ýÔ ý.ýý ý.ýò ý.À  ý.ýý ý.ýý
S ý.ýý ý.òò ý.ýý ý.ýý ý. Ô ý.ýý ý.òÞ ý.ýý S ý.ýý ý.çâ ý.ýý ý.ýý ý.ç  ý.ýý ý.òÀ ý.ýý
W ý.ýý ý.ý—ý.ýý ý.ýý ý.ýý ý.ýÔ ý.ýý ý.ÀÔ W ý.ý  ý.ýâ ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý ý.——
(c) AL BL B F RL RZ S W (d) AL BL B F RL RZ S W
AL ý.çÀ ý.   ý.ý  ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý AL ý.ç—ý. â ý.ý  ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý
BL ý.ýò ý.À—ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý BL ý.ýò ý.À—ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý
B ý.ýÔ ý.òâ ý.Þò ý.ýý ý.ýý ý.ýý ý.ýý ý.ýÔ B ý.ýÔ ý.òâ ý.Þò ý.ýý ý.ýý ý.ýý ý.ýý ý.ýÔ
F ý.ýÔ ý.ýÀ ý.ýý ý.Þ  ý.ýò ý.Ôç ý.ýý ý.ýý F ý.ýÔ ý.Ôý ý.ýý ý.Þ  ý.ýò ý.Ôç ý.ýý ý.ýý

RL ý.ý—ý.ýÔ ý.ýý ý.ýý ý.Àý ý.ýý ý.ýý ý.ýý RL ý.ý—ý.ýÔ ý.ýý ý.ýý ý.Àý ý.ýý ý.ýý ý.ýý
RZ ý.ýç ý.ý¥ ý.ýÔ ý.ýý ý.ýÔ ý.Àý ý.ýý ý.ýý RZ ý.ýç ý.ý  ý.ýÔ ý.ýý ý.ýÔ ý.Àý ý.ýý ý.ýý
S ý.ýý ý.ò¥ ý.ýý ý.ýý ý.ç—ý.ýý ý.çÀ ý.ýý S ý.ýý ý.ò¥ ý.ýý ý.ýý ý.ç—ý.ýý ý.çÀ ý.ýý
W ý.ýý ý.ýÞ ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý ý.Àç W ý.ýç ý.ýÞ ý.ýý ý.ýý ý.ýý ý.ýý ý.ýý ý.Àý
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Transition probability matrices use colors to indicate the likelihood of a speci•c Land Use and Land
Cover (LULC) category persisting or transitioning over a speci•c timeframe. Red cells indicate elevated
transition probability, diagonal cells indicate the likelihood of a class remaining constant, and deeper red hues
indicate greater stability. Dark red cells indicate that most area in a category is expected to remain unchanged.
Oš-diagonal cells show substantial transitions between multiple LULC classes, suggesting a segment of
land may transition into another. �e intensity of red helps visualize dominant or steady transitions within
each scenario.

ç.¥.Ô SSPÔòâ Scenario

In the •rst scenario (SSPÔòâ), notable LULC changes were observed (Table âa). Agricultural land
remains moderately stabile, with a  Ô% retention rate, though ¥â% transitions to barren land, indicating
degradation or abandonment. Minor shiŸs occur to built-up areas (ò%) and riparian zones (Ô%), possibly
due to urban expansion and proximity to water bodies. Barren land exhibits the highest stability (ÀÞ%), with
minimal conversion to agricultural land (ò%) and snow (Ô%), likely inžuenced by seasonal or climatic factors.
Its negligible conversion into other land classes suggests resilience to transformation.

�e built-up area retains ÞÀ% of its coverage, but òý% converts tobarren land, possibly due to
abandonment or infrastructure decay. A small shiŸ (Ô% each) toriparian zones and water bodies may indicate
encroachment or žooding. Forest cover remains relatively stable (Þ¥%) but shows conversion to barren land
(Ô—%) and rangeland (Þ%). �is is likely due to deforestation or land degradation caused by human activities.
�e loss of forest to barren land signals severe environmental stress. Rangelands exhibit strong persistence
(ÀÔ% retention), with limited conversion to agricultural land(â%) and forest (ò%). �is suggests minor
ašorestation or agricultural expansion. Its overall stability indicates sustainability.

Riparian zones display moderate stability (âÔ% retention), though çò% transition to forests. �is is likely
due to natural succession or conservation ešorts. Minor losses to barren land (ò%) and rangeland (¥%)
suggest some degradation or encroachment. Snow cover is relatively dynamic, with only òÞ% retention. A
sizable portion ( Ô%) transitions to rangeland due to seasonal melting and vegetation growth. Meanwhile,
òò% convert to barren land, potentially režecting glacial retreat or climate-induced snow cover changes.
Water bodies are quite stable, with ÀÔ% retention, though —% transition to barren land, possibly due to
drying up or sediment deposition. A small fraction (Ô%) transitions into riparian zones, suggesting possible
hydrological changes or expansion of wetland vegetation.

ç.¥.ò SSPò¥  Scenario

In the second scenario (SSPò¥ ), signi•cant LULC transitionswere observed (Table âb). Agricultural
land undergoes substantial degradation, with  ¥% convertingto barren land, likely due to soil degradation,
overgrazing, or climate change. A smaller portion (ç%) transitions to built-up areas, režecting urban expan-
sion. However, there is no signi•cant transition of agricultural land into forest, rangeland, riparian zones,
snow, or water bodies, suggesting minimal ecological recovery or reforestation. Barren land remains highly
stable (À—%), with only ò% converting to agricultural land, possibly due to reclamation ešorts. Its minimal
transformation into other classes highlights its persistence and the challenges of restoring productivity.

Built-up areas exhibit strong stability, with a ÞÞ% probability, though òò% transition to barren land,
suggesting urban decline or abandonment. Additionally, a minor fraction (Ô%) transitions to agricultural
land, likely for repurposing, while another Ô% transitions to water bodies, possibly due to infrastructure
changes. Forest cover remains relatively stable (ÞÀ%) but experiences some conversion to barren land (Þ%).
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�is is likely due to deforestation or natural ešects. Small shiŸs to rangeland (ç%) and riparian zones (ÔÔ%)
may indicate land fragmentation or changes in ecological functions.

Rangelands maintain high stability (Àý%) with limited transitions to agricultural land (—%) and forest
(Ô%), indicating potential ašorestation ešorts or natural regeneration. Riparian zones show strong retention
(À %), with minor conversions to agricultural land (Ô%), built-upareas (Ô%), and rangelands (ò%). �ese
slight changes may be due to overtaking, infrastructure development, or hydrological conditions ašecting
these sensitive ecosystems. Snow cover undergoes signi•cant transformation, with çâ% converting to barren
land and ç % to rangeland. �is is likely due to climate-induced melting or shiŸing land use. Only òÀ%
remains unchanged, highlighting the impact of environmental changes on high-altitude regions. Water
bodies show a high degree of stability (——%), though minor losses to agricultural land ( %) and barren land
(â%). �ese alterations may be recognized as the reduction of water bodies resulting from sedimentation,
climate change, or anthropogenic activities.

ç.¥.ç SSPçÞý Scenario

In the third scenario (SSPçÞý), signi•cant LULC transitionswere observed (Table âc). Agricultural
land undergoes extensive degradation, with   % converting tobarren land due to erosion, overgrazing,
or desertion. However, çÀ% remains stable, indicating ongoing agricultural activities, while  % transitions
to built-up areas, režecting urban expansion or infrastructuredevelopment. Barren land exhibits strong
persistence (À—%), with only (ò%) converting to agricultural land, possibly due to land reclamation ešorts.

Built-up areas remain relatively stable (Þò%), though òâ% transition to barren land, suggesting abandon-
ment or structure degradation. Minor shiŸs occur toward agricultural land (Ô%), possibly representing urban
farming or land conversion ešorts. Moreover, Ô% of the built-upareas convert to water bodies, suggesting
changes in hydrological conditions. Forest cover remains relatively stable (Þ %) but experiences notable
losses to barren land (À%), likely due to deforestation and riparian zones (Ôç%), suggesting ašorestation or
natural succession near water bodies. A small fraction (ò%) transitions to rangeland.

Rangeland remains stable mainly (Àý%), with slight conversions to agricultural land (—%) and barren
land (Ô%). �is is likely due to grazing changes or land development practices. Riparian zones also exhibit
high stability (Àý%), with minor transitions to barren land (¥%) and agricultural land (ç%). �is shiŸ may
be linked to human activities such as irrigation, land encroachment, or natural processes like sediment
deposition and erosion.

Snow cover is highly dynamic, with only çÀ% retention. A substantial portion transitions to barren
land (ò¥%), possibly due to melting and climate-induced glacial withdrawal. Meanwhile, ç—% convert to
rangeland, likely due to seasonal variations in vegetation exposure. Water bodies remain highly stable (Àç%),
with a minor transition (Þ%) to barren land. �is reduction in water cover could be attributed to drought,
reduced precipitation, or human activities like water extraction for farming.

ç.¥.¥ SSP —  Scenario

In the worst-case scenario (SSP — ), signi•cant LULC transitions were detected (Table âd). Agricultural
land demonstrates signi•cant instability, with only ç—% retention. �e majority ( â%) convert to barren
land due to soil degradation, deserti•cation, or land abandonment. Meanwhile,  % of the transition to built-
up areas režects urban expansion. Barren land remains largely unchanged (À—%), with minimal conversion
(ò%) to agricultural land, possibly through land reclamation or improved soil management. Its resistance to
transformation highlights the di›culty of restoring productivity.

�e built-up area retains Þò% stability, though òâ% transition to barren land, indicating land degra-
dation or abandonment of built-up areas. Small shiŸs occur toward agricultural land (Ô%) and water
bodies (Ô%), suggesting limited urban-to-agriculture restoration ešorts or waterbody advances. Forest cover
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remains relatively stable (Þ %) but experiences moderate losses to barren land (Ôý%), which could indicate
deforestation due to land clearing or climate-induced degradation. Additionally, Ôç% convert to the riparian
zone, possibly due to hydrological inžuences or ecosystem shiŸs.Minimal transitions to agricultural land
and rangeland occur. Rangeland exhibits strong stability (Àý%), with minor conversions to agricultural land
(—%), likely for crop cultivation or grazing and barren land (Ô%), suggesting localized degradation.

�e riparian zone also shows signi•cant stability (Àý%), withminor transitions to barren land ( %)
and agricultural land (ç%). �ese changes may result from human-induced modi•cations, such as land
reclamation or degradation due to reduced water availability.Snow cover exhibits substantial variability, with
only çÀ% of it persisting. Signi•cant portions transition to rangeland (ç—%), likely due to seasonal snowmelt
or climate-induced glacial retreat. Additionally, ò¥% transition into barren land, signifying exposure of
previously snow-covered areas due to warming temperatures. Water is relatively stable (Àý%), though small
losses to agricultural land (ç%) and barren land (Þ%) may resultfrom reductions in water availability, land
reclamation, or sedimentation.

Overall, these transitions highlight agricultural degradation, deforestation, and snow cover decline as
signi•cant landscape changes [Ôç]. �e considerable conversion of forest and agricultural land to barren land
and rangeland indicates severe environmental stress and anthropogenic alterations. While riparian zones
and water bodies exhibit moderate stability, they need meticulous management to avoid additional invasion
or deterioration across the region. A comparative analysis across the scenarios reveals consistent trends,
such as the expansion of built-up areas and the contraction of agricultural land. However, scenario-speci•c
variations are evident in forest and barren land transitions, režecting the dišerential impacts of climatic
projections under each SSP scenario. �ese LULC transitions elucidate landscape alterations throughout
time, emphasizing urban growth, deforestation, soil degradation, and climate-induced transformations [——].

ç.  Trends of Future LULC Changes

Future alterations in LULC are shaped by urbanization, climate change, demographic expansion,
and policy determinations. �e trends can be classi•ed according to primary drivers and their ešects on
sustainability, biodiversity, and resource management [ò]. �ese trends primarily režect urban expansion,
agricultural intensi•cation, forest cover žuctuations, and transformations in aquatic environments [—À].

Fig. Àillustrates LULC changes from òýýÔ to òý¥ý under dišerent SSPscenarios, represented by colored
dashed lines. �ese scenarios range from a sustainability-focused future (SSPÔòâ) to a high-emission, fossil-
fuel-dependent future (SSP — ). �ese projections provide insights into how LULC is expected to evolve
under dišerent climate and socioeconomic conditions.
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Figure À: LULC change trajectories and projections, historical trends (òýÔý±òýòÔ), and SSP scenario projections (òý¥ý)

Agricultural land initially declined (òýýÔ±òýÔý) before increasing through òý¥ý across all SSP scenarios.
�e greatest expansion occurs under SSP —  (—ò—.ò km2), followed by SSPçÞý (Þ—ý km2) and SSPò¥ 
(Þçò.Ô km2), while SSPÔòâ shows the smallest increase (âýç.Ô km2). �is pattern suggests early land abandon-
ment or conversion, potentially due to urbanization or policy changes [Àý]. �is is also followed by recovery
driven by population growth and food demand [ÀÔ].

Barren land peaks around òýÔý before declining sharply and stabilizing. �e most signi•cant increase
is observed under SSP —  (ÞÔÞ km2), while SSPÔòâ shows the lowest recovery (âÔÞ.ò km2). �e decline may
indicate ašorestation ešorts, soil conservation, or increased land productivity [Àò,Àç]. However, its later
stabilization suggests the perseverance of some degraded lands due to climate change and anthropogenic
pressures [Ôç].

Urbanization follows a continuous upward trend, aligning with global urbanization trends driven by
population increase, economic development, and rural-to-urbanmigration [À¥]. �e SSP scenarios project
a sustained rise; the highest growth occurs under SSP —  (—¥.ò km2), while the lowest is observed in SSPÔòâ
(Þò km2), highlighting the need for sustainable urban planning to mitigate land conžicts.

Forest cover declines between òýýÔ and òýÔý, briežy recovers,and then decreases again by òý¥ý.
SSPÔòâ projects a net increase (ç¥â km2), whereas SSP —  shows a signi•cant loss (Ô——.ç km2). �e initial
decline may result from agricultural expansion and urbanization [À ]. �e recovery phase recommends
ašorestation or conservation policies, but the long-term trend indicates deforestation pressures outweighing
restoration ešorts.

Rangeland expanded in òýòÔ before stabilizing and slightlydeclining. �e steepest loss occurs under
SSP —  (ÔâÞ— km2), while SSPÔòâ retains more rangeland (ÔÞÀÞ km2). �e initial growth may stem from
agriculture to grazing land, while the deterioration suggests land degradation, deserti•cation, or conversion
to other uses [Àâ]. Future scenarios indicate a balance between competing land uses.
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Riparian zones remain stable but exhibit a sharp increase around òýòÔ before declining. Under SSPÔòâ,
the area continues to expand (—¥.ò km2), while under SSP — , it declines (ç—.ò km2). �is žuctuation
could be attributed to conservation measures, land-use policies, and climate variability ašecting riverine
ecosystems [ÀÞ]. �e projected decline suggests increasing human impact, including agricultural runoš and
urban encroachment.

Snow cover exhibits a consistent decline, with the sharpest reduction under SSP —  (¥ km2), režecting
climate change ešects. �e trend aligns with global warming-derived hydrological shiŸs, impacting water
availability and biodiversity [Ôç]. Similarly, water decline with SSPÔòâ maintaining a relatively stable area
(òò.Ô km2), while SSP —  experiences signi•cant loss (Ôý.¥ km2). �e short-term increase may be due to
seasonal variations, while the deterioration suggests prolonged droughts, land use alterations, and climate
change impacts on hydrological systems, as discussed in the research by Wang and Liu [À—].

From the perspective of urban expansion and land conžicts, theincrease in built-up areas will likely put
pressure on agricultural lands, forests, and riparian zones,requiring better land management strategies [—Þ].
�ese trends align with global patterns of agricultural expansion and urbanization at the expense of
natural ecosystems [âÀ]. Expanded cultivated land poses sustainability challenges, including soil erosion,
deforestation, and biodiversity loss.

Overall, the most signi•cant LULC expansions occur in agricultural land, barren land, and built-
up areas, while forests, riparian zones, rangelands, snow cover, and water bodies decline. �ese •ndings
align with studies by Belay et al. [ÀÀ] and Badshah et al. [ ò], which highlight urban expansion-driven
reductions in vegetation and forests. In high-emission scenarios (SSPçÞý, SSP — ), unregulated urban
growth, industrialization, and infrastructure expansion exacerbate land-use conžicts, underscoring the
urgent need for sustainable agricultural and conservation strategies [Ôýý].

Socioeconomic and climate policies play a crucial role in shaping LULC changes. Sustainable scenarios
(SSPÔòâ) support the conservation of forest, water, and riparian zones while controlling urban expansion
and deforestation. In contrast, high-emission scenarios (SSPçÞý and SSP — ) result in substantial land
degradation, heightened agricultural and urban growth, and considerable losses in forests, snow, and
water supplies. �ese estimates highlight the essential role of policy actions in inžuencing future land
cover changes.

ç.â Study Limitations

Although SSP scenarios provide a signi•cant framework for long-term LULC forecasts, the SSP scenar-
ios can serve as a valuable foundation for quantifying pathways toward the Sustainable Development Goals.
Nonetheless, prevailing uncertainties, insu›cient regional speci•city, inadequate integration of climatic
feedback, and inžexibility pose considerable limitations [òÞ,ÔýÔ]. Future enhancements should concentrate
on local governance and the improved integration of biophysical elements to improve forecast accuracy.

SSP-based projections rely on broad socioeconomic narratives, introducing signi•cant uncertainty. Var-
ious socioeconomic factors, including population increase, economic development, and government quality,
interact in complicated and unpredictable manners [òâ,Ôýò]. �e inability to consider unexpected legislative
changes, technical advancements, or economic downturns limits their dependability in LULC modeling.

On the other hand, LULC predictions in mountainous areas face limitations due to the complex
terrain and dynamic environmental factors. �e lack of high-resolution spatial and temporal data in remote
mountain regions and limited ground truth data for validation in inaccessible areas ašects model accuracy.

RF is a promising algorithm for predicting LULC change, ošering a data-driven and accurate
approach [Ôýç]. Continued research is needed to address the challenges associated with data availability,
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model interpretability, and uncertainty quanti•cation. By integrating RF with other modeling techniques and
incorporating expert knowledge, we can further improve our ability to predict and manage LULC change.
However, enhancing future forecasts of LULC is essential in developing advanced deep-learning approaches
for improved outcomes and accuracy [ Ô,Ôý¥].

Further research is needed to address uncertainties related todata sources, modeling approaches, and
underlying assumptions that remain unresolved [Ôý ,Ôýâ]. Strengthening these aspects will contribute to
more reliable and re•ned LULC projections.

¥ Conclusions

�is study represents an initial attempt to examine and predict LULC changes using RS and ML
techniques in the Soran area of the Kurdistan Region, Iraq. �e study utilized an integrated RF model
within Python programming to simulate changes in LULC in òýòÔ and forecast the changes from future
prediction scenarios of LULC for òý¥ý, depending on the historical data. �is methodology ošers a
systematic framework for forecasting LULC changes utilizing the RF model. It emphasizes integrating robust
preprocessing, rigorous model training, and validation to ensure reliable predictions. Further, the RF model
ešectively captures LULC spatial and temporal dynamics. �is model can be tailored to dišerent regions and
scales, making it versatile for various applications.

Depending on the results, the model's FÔ-score showed the highest accuracy in rangeland (ý.Àç), with
a lower score in riparian zones (ý.Þ ) and snow (ý.ÞÔ). �e model's overall accuracy (OA) is À¥.ç¥%, with a
kappa of ý.Àò, indicating high agreement between classi•edand simulated òýòÔ LULC data. �e study reveals
that agricultural land declines under SSPÔòâ but increases under other scenarios, with SSP —  showing the
highest gain (òç.çò%). �e built-up area consistently increases,while the forest cover gains in SSPÔòâ but
declines in all other scenarios. Rangeland experiences signi•cant loss with the highest decrease in SSP — 
(� ¥Þ.çÔ%) and riparian zone gains in SSPÔòâ but declines in all other scenarios. Snow remains stable but sees
minor losses.

Furthermore, this study recommends concentrating on future growthbased on the path from sce-
nario SSPÔòâ and achieving sustainable development goals,promoting sustainable land management,
and accelerating the conservation and restoration of natural ecosystems. Future research should focus
on region-speci•c drivers, policy interventions, and adaptation strategies to balance development and
environmental sustainability.

In sum, predicting future LULC change is a vital area of researchwith comprehensive implications
for environmental sustainability, climate change mitigation, and socioeconomic development. By leveraging
advanced modeling techniques, integrating diverse data sources, and adopting scenario-based approaches,
researchers can provide valuable insights into LULC dynamics. �is motivates relevant authorities and
organizations to collaborate and facilitate evidence-based decision-making concerning future environmental
challenges in designated study areas. However, addressing the challenges of uncertainty, data integra-
tion, and ethical considerations remains crucial for advancing the •eld and achieving sustainable land
management outcomes.
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