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Abstract

Urbanization is a major driver of land-use change and ecological shifts, especially in semi-
arid regions with high environmental sensitivity. This study examined urban land growth
and its ecological impacts in Astana, Kazakhstan, from 2000 to 2020 and forecasted trends
for 2030. Landsat imagery was classified using a Support Vector Machine (SVM) approach,
and ecological conditions were assessed through spectral indices, including Normalized
Difference Vegetation Index (NDVI), land surface temperature (LST), a Tasseled Cap Wet-
ness index (Wet), and a Normalized Difference Bare-Soil and Built-up Index (NDBSI). The
Future Land Use Simulation (CA–Markov) model simulated land use under Business-
as-Usual (BAU) and Ecological Priority (EP) scenarios. The results showed a significant
increase in built-up land, mainly at the expense of cropland and grassland, with increased
landscape fragmentation and rising LST, indicating intensifying urban heat. Ecological
indices showed spatially varied responses, with localized greening in protected areas and
overall environmental pressure in expanding zones. Scenario simulations suggest that
policy interventions under the EP scenario can mitigate cropland loss, limit fragmentation,
and enhance ecological connectivity compared with BAU. Overall, the findings show that
integrating remote sensing, machine learning, and scenario modeling offers an effective
framework for assessing urban–ecological dynamics and supports evidence-based planning
for sustainable urban development in semi-arid cities.

Keywords: urban land expansion; land use/land cover (LULC); remote sensing; Support
Vector Machine (SVM); CA–Markov model; scenario simulation; ecological indices; urban
heat island; landscape fragmentation; semi-arid cities

1. Introduction
Urbanization has emerged as a dominant driver of land use and ecological change

worldwide, with particularly pronounced consequences in semi-arid regions, where cli-
matic stress and limited water resources amplify the environmental costs of land conversion.
In such settings, the expansion of built-up land affects not only land cover composition
but also surface temperature, soil moisture, vegetation conditions, and the spatial con-
nectivity of ecological patches [1]. Although there is increasing international interest in
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sustainable urban transitions, there is still a paucity of quantitative evidence from Cen-
tral Asian capitals, which are characterized by rapid development and fragile continental
environments [2,3].

Astana, the capital of Kazakhstan, is a paradigmatic example. Since its designation
as the capital in 1997, the city has experienced rapid economic and demographic growth
driven by national development strategies, infrastructure investments, and symbolic flag-
ship projects. The city’s population grew from approximately 281,000 in 1999 to over
1,136,000 by 2020, a nearly fourfold increase within two decades, positioning Astana among
the fastest-growing capitals globally and making it a compelling case for studying rapid
urbanization in a semi-arid continental setting [4,5]. This growth has transformed the
landscape from a compact urban core surrounded by croplands and grasslands into a
more extensive metropolitan area with complex patterns of residential, commercial, and
infrastructural expansion in the city. National policy documents, including the State Urban
Development Policy and Concept for Transition to a Green Economy, emphasize the need to
balance urban growth with ecological security and greenbelt protection; however, detailed
spatial analyses to inform such policies are scarce [6].

Urban land expansion is a global phenomenon driven by demographic growth, eco-
nomic development, and spatial planning. Seto et al.’s meta-analysis highlighted that
rapidly urbanizing regions, especially in developing economies, convert agricultural and
natural land into built-up areas, often causing ecological degradation. Mahtta et al. showed
that urban expansion is influenced by the interaction between population growth and
economic development, which varies across cities. Astana’s rapid expansion is a result
of economic investment, infrastructure development, and policy-driven growth and not
just demographic shifts. Situating Astana within this global framework allows for a com-
prehensive understanding of its urbanization and links local patterns to global urban
transformation processes [7,8].

In addition to socioeconomic factors, urban expansion is heavily influenced by spatial
constraints and uncertainties in land assessment methodologies. Wang et al. emphasized
that natural landscape features such as rivers and fragmented terrain influence urban
density and growth patterns by restricting expansion and impacting transport efficiency.
This is especially relevant for Astana, where the Ishim River and planned greenbelt zones
guide spatial development. Additionally, recent studies by Chakraborty et al. revealed that
urban land estimates can vary significantly across different datasets and spatial scales, high-
lighting the importance of clearly defining the analytical extents and classification schemes.
Therefore, urban growth assessments must explicitly account for scale dependency and
uncertainty to ensure comparability and methodological transparency. By integrating these
perspectives, a more robust framework was established for interpreting urban expansion
patterns in Astana, situating the study within contemporary discussions on spatial het-
erogeneity and data-driven uncertainty in urban land analysis [9,10]. Furthermore, the
challenge of defining consistent urban boundaries and resolving mixed pixels at the urban
fringe has been documented across multiple global and regional studies, reinforcing the
need for explicit spatial scale specification and transparent classification protocols in urban
remote sensing research.

Remote sensing is an indispensable tool for monitoring long-term land use/land cover
(LULC) dynamics and their ecological impacts. The Landsat series, with its multidecadal
temporal coverage and moderate spatial resolution, has proven particularly valuable for
tracking urban expansion, vegetation dynamics, and surface temperature across diverse
environments worldwide.

Simultaneously, advances in machine learning classification, such as Support Vector
Machine (SVM), have improved the accuracy of LULC mapping in spectrally complex
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urban landscapes. In parallel, spatially explicit simulation models, including Cellular
Automata (CA)-based frameworks and their extensions, allow researchers to explore
how alternative planning and policy scenarios may influence future land-use config-
urations. The Future Land Use Simulation (CA–Markov) model, which integrates an
Artificial Neural Network (ANN)-derived suitability surface with adaptive CA alloca-
tion, is particularly suited for capturing clustered and policy-constrained urban growth.
Recent applications of the CA-Markov model span diverse geographic and climatic
contexts [11]. Applied CA-Markov to simulate urban growth in Pokhara, Nepal, demon-
strating the model’s capacity to replicate compact, corridor-driven expansion patterns
deployed CA-Markov in a semi-arid South Asian city, reporting Figure of Merit values of
8–14% and highlighting the importance of ecological constraint layers in EP scenario
design. Validated CA-Markov predictions against observed transitions using Cohen’s
Kappa and Figure of Merit metrics, establishing benchmarks for model performance
in data-sparse contexts. The present study differs from these precedents in three key
respects: (1) it operates in a Central Asian semi-arid capital where state-led greenbelt
policy and rapid investment jointly drive spatial patterns; (2) it integrates SVM and
Random Forest classifiers with explicit accuracy assessment across three time periods;
and (3) it couples land-use simulation with ecological spectral indices (NDVI, LST, Wet,
and NDBSI) to quantify scenario-dependent ecological trade-offs [12,13].

However, for Kazakhstan and Central Asia, few studies have combined high-accuracy
remote sensing classification with scenario-based land-use simulation to assess urban
expansion and ecological impacts in a single integrated framework. Existing research has
often focused either on classification and descriptive change analysis or on modeling future
land use using coarse or globally derived datasets, without simultaneously accounting for
local ecological indicators or fine-scale urban patterns. This gap is particularly significant
in Astana, where semi-arid climatic conditions, extensive greenbelt initiatives, and rapid
peri-urban development interact in complex ways.

This study aimed to address this gap by integrating multi-temporal Landsat imagery,
SVM-based land use/land cover (LULC) classification, ecological spectral indices, and
the CA–Markov simulation framework to analyze past and future land use dynamics
in Astana. Specifically, the objectives are as follows: (1) to map and quantify LULC
changes between 2000, 2010, and 2020 using an SVM classifier; (2) to evaluate how ur-
ban expansion has altered ecological conditions in terms of surface moisture, greenness,
and land surface temperature using normalized indices; (3) to calibrate and validate the
Markov model for Astana and simulate 2030 land-use patterns under a business-as-usual
(BAU) scenario and an Ecological Priority (EP) scenario; and (4) to compare the spatial
outcomes of these scenarios in terms of urban expansion, landscape fragmentation, and
ecological implications.

By focusing on a Central Asian capital with semi-arid conditions, this study con-
tributes to the broader debate on how cities can reconcile growth with environmental
resilience. The findings support evidence-based urban planning in Astana and offer a
transferable methodological template for other fast-growing cities with similar climatic and
policy contexts.

2. Materials and Methods
2.1. Study Area

Astana is located in the northern part of Kazakhstan, within the Kazakh Steppe,
and is characterized by a sharply continental semi-arid climate. Winters are long and
cold, with temperatures frequently dropping to −30 ◦C, whereas summers are short
and relatively warm. The mean annual precipitation is approximately 400 mm, most of
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which occurs in late spring and summer. The city lies on relatively flat terrain with low
relief, is intersected by the Ishim River, and is surrounded by extensive grasslands and
agricultural land.

This geographical setting creates a landscape that supports a diverse range of flora
and fauna adapted to steppe environments. The region experiences significant temperature
fluctuations between seasons, with harsh winters and warm summers, which strongly
influence the local vegetation patterns and agricultural practices. The Ishim River provides
a crucial water source, sustaining both urban populations and the surrounding ecosystems
by replenishing the groundwater and supporting biodiversity. Due to the semi-arid climate,
characterized by limited and seasonal precipitation, effective water management and
sustainable land-use strategies are essential to maintain the environmental balance of the
area and ensure long-term agricultural productivity [14].

Following its selection as the national capital, Astana has undergone unprecedented
construction of administrative, residential, and commercial districts, transportation infras-
tructure, and other supporting facilities. These interventions have expanded the built-up
footprint and reshaped the land-use patterns in metropolitan areas. Since being named the
national capital in December 1997, Astana has experienced a significant transformation
in terms of demographics, economy, and spatial development, a change that stands out
even among rapidly urbanizing economies. At the time of its designation, when it was still
called Akmola, the city had a population of about 280,000 people, its urban area spanned
approximately 170 km2, and its regional economy was mainly focused on administrative,
light-industrial, and agricultural services, contributing to less than 3% of Kazakhstan’s
national output [15]. This designation was part of a strategic state initiative aimed at
shifting the political center northward, encouraging development in the sparsely popu-
lated steppe interior, and establishing a modern capital that would reflect Kazakhstan’s
post-independence aspirations on the global stage.

Over the next 25 years, the extent of change was remarkable. By 2024, Astana’s
population had surged to about 1.36 million people—nearly five times its previous
size—establishing it as one of the world’s fastest-growing capitals during this timeframe.
The city’s administrative area expanded to roughly 810 km2, facilitated by successive
boundary extensions and the development of entirely new urban districts, including the no-
table left-bank administrative quarter. Simultaneously, Astana’s GRP increased to around
12 trillion KZT (approximately USD 26 billion at 2022 exchange rates), accounting for
about 15% of Kazakhstan’s national GDP and making the city the country’s second-largest
economic hub after Almaty [16]. Kazakhstan’s broader economic growth—with national
GDP rising from about USD 22 billion in 1997 to over USD 220 billion in 2022—was both
fueled and bolstered by this concentrated urban investment. Infrastructure development
in Astana alone consumed a significant portion of national public spending during this
period, including a new international airport, an expanded motorway network, the EXPO
2017 venue, and numerous flagship public buildings [17].

The data demonstrate that Astana’s urban development is not merely a result of natural
economic progression but rather a strategically planned process that exerts significant
pressure on peri-urban land resources due to its rapid and intense nature. The spatial
growth rate, which expanded from about 170 km2 of developed land in 1997 to over
670 km2 by 2020, as detailed in this study, directly illustrates this trend. Recognizing the
ecological implications and future spatial patterns of this expansion is crucial for Kazakh
planners and holds broader scientific interest as a notably clear example of state-driven
urban transformation in a semi-arid setting [18]. The geographical and administrative
structures underpinning this rapid transformation are shown in Figure 1.
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Figure 1. Location and administrative boundaries of Astana.

Simultaneously, both national and local planning strategies have established a green-
belt encircling the city and prioritized the creation of parks and ecological corridors along
the river and in areas on the city’s outskirts. This focus on both growth and environmental
conservation positions Astana as a key example for assessing the balance and interaction
between urban development and environmental quality [19].

The spatial extent considered in this study encompasses the built-up area of Astana and
its immediate hinterland, capturing both the urban core and the surrounding agricultural
and grassland zones. Within this broader metropolitan framework, a core modeling extent
was delineated for the CA–Markov simulations, focusing on areas experiencing the most
active land use change and subjected to urban development pressure [20].

2.2. Data Sources

The primary data source for LULC mapping was Landsat imagery acquired for three
reference years: 2000, 2010, and 2020, using Landsat 7 ETM+ (2000 and 2010) and Landsat
8 OLI (2020) sensors. These images provided 30 m spatial resolution multispectral data
suitable for urban and peri-urban land cover discrimination. Google Earth Engine (GEE)
Collection 2 Level-2 Surface Reflectance products were used, with standard preprocessing
steps including radiometric calibration, atmospheric correction, mosaicking, and clipping
to the study area applied to ensure temporal comparability [21]. The characteristics of the
remote sensing datasets and associated auxiliary data used in this study are presented
in Table 1.

Ancillary geospatial datasets were assembled to support both the classification and
simulation. These include a Digital Elevation Model (DEM) at 30 m resolution, from which
slope and aspect were derived, vector layers of major roads, rivers, and administrative
boundaries, and climatic information on mean annual temperature and precipitation
compiled from meteorological records and existing literature. The details of the Landsat
imagery used for classification are provided in Table 2.
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Table 1. Remote sensing datasets and auxiliary data used in this study.

Data Type Source Resolution (m) Scale

Land Use/Land Cover Data Landsat 7 ETM+/Landsat 8 OLI (2000, 2010, 2020) 30 –
Transportation Network OpenStreetMap (OSM) – –

Administrative Boundaries Kazakhstan National Mapping Dataset – 1:50,000
River Network Kazakhstan National Mapping Dataset – 1:50,000

DEM SRTM (NASA/USGS) 30 1:50,000
Slope Derived from SRTM DEM 30 1:50,000

Aspect Derived from SRTM DEM 30 1:50,000
Mean Annual Precipitation WorldClim v2/ERA5 ~1000 –
Mean Annual Temperature WorldClim v2/ERA5 ~1000 –

Note: The spatial datasets used in this study include Land Use/Land Cover derived from Landsat images
(USGS, 2020), digital elevation data from SRTM [22], and climatic variables extracted from WorldClim v2 [23] and
ERA5 [24].

Table 2. Landsat Imagery Used for Classification (2000–2020).

Year Sensor Cloud Cover (%) Acquisition Date

2000 Landsat 7 ETM+ 17.85 Summer 2000
2000 Landsat 7 ETM+ 7.80 Summer 2000
2010 Landsat 5 TM 0.05 Summer 2010
2020 Landsat 8 OLI 0.19 Summer 2020
2020 Landsat 8 OLI 17.27 Summer 2020

Note: To ensure phenological consistency, satellite image composites for the years 2000, 2010, and 2020 were
generated from Landsat 5, 7, and 8 sensors [25,26]. The cloud-free image processing and median compositing
were performed using the cloud-computing capabilities of Google Earth Engine [27].

The combined use of Landsat 5 TM (2000), Landsat 7 ETM+ (2010) and Landsat
8 OLI (2020) introduces inter-sensor spectral differences arising from distinct spectral
response functions, radiometric resolutions, and band center wavelengths. To ensure
the temporal comparability of reflectance-derived indices—namely the Wetness index
(Wet), Normalized Difference Bare-Soil and Built-up Index (NDBSI), and Normalized
Difference Vegetation Index (NDVI)—across all three dates, cross-sensor normalization was
applied following the empirical transformation approach of who developed per-band linear
regression coefficients between contemporaneous Landsat 5 TM and Landsat 8 OLI surface
reflectance products. These coefficients were applied on a per-band basis prior to spectral
index computation, reducing systematic inter-sensor biases between Landsat 5 TM and
Landsat 8 OLI surface reflectance prior to spectral index computation. For the Wet index,
sensor-specific transformation coefficients were applied in accordance with the original
derivations: Crist (1985) coefficients were used for Landsat 5 TM, and Baig et al. (2014)
coefficients were used for Landsat 8 OLI (Table 3) [28,29]. This sensor-specific handling
ensured that the Wet values reported for 2000, 2010, and 2020 reflected genuine land surface
moisture dynamics rather than inter-sensor artifacts. For LST retrieval, sensor-specific
calibration constants (K1 and K2) were applied separately for each Landsat platform, as
described in Section 2.3.4, ensuring radiometrically consistent thermal comparisons across
the study period.

For years, with multiple available Landsat scenes (2000 and 2020; see Table 2), image
compositing was performed using a pixel-quality-based mosaicking approach. Cloud and
cloud-shadow pixels were masked using the Landsat Collection 2 QA_PIXEL band, and
per-pixel compositing selected the observation with the lowest cloud contamination within
a +/− 15-day acquisition window centered on the target date. All scenes were acquired
during July-August to ensure consistency with peak vegetation phenology. The resulting
mosaics were clipped to the study area boundary before further preprocessing.
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Table 3. Spectral ecological indices employed in this study. Band assignments are provided separately
for Landsat 5 TM (2000 and 2010) and Landsat 8 OLI/TIRS (2020).

Index Full Name Formula and Band Assignment Sensor Value Range Ecological Significance

NDVI
Normalized
Difference

Vegetation Index
NDVI = NIR−Red

NIR+Red
L7 ETM+/L5
TM/L8 OLI −1 to +1

Vegetation greenness and
vigor; higher values

indicate denser
canopy cover

LST
Land Surface
Temperature

Step 1: Lλ = ML × Qcal + AL

Step 2: TB = K2

ln
( K1

Lλ
+1

)
Step 3: ε = 0.004 × Pv + 0.986

Step 4: LST = TB

1+
(
λ × TB

ρ

)
×lnε

L5 TM Band
6/L8 TIRS

Band 10

◦C (normalized
0–1)

Thermal environment;
urban heat island

detection;
higher = warmer surface

Wet Tasseled Cap
Wetness Index

Landsat 5 TM:
Wet = 0.0315B1 + 0.2021B2 + 0.3102B3 +

0.1594B4 − 0.6806B5 − 0.6109B7
Landsat 8 OLI:

Wet = 0.1511B2 + 0.1973B3 + 0.3283B4 +
0.3407B5 − 0.7117B6 − 0.4559B7

L5 TM/L8 OLI
No fixed range

(normalized
0–1)

Surface and soil moisture;
higher values indicate

wetter conditions

NDBSI
Normalized
Difference

Bare-Soil and
Built-up Index

NDBSI = IBI+SI
2

SI = (SWIR+Red)−(NIR+Blue)
(SWIR+Red)+(NIR+Blue)

IBI =
2 × SWIR

SWIR + NIR −( NIR
NIR + Red +

Green
Green + SWIR )

2 × SWIR
SWIR + NIR +( NIR

NIR + Red +
Green

Green + SWIR )

L7 ETM+/L5
TM/L8 OLI −1 to +1

Surface dryness and
imperviousness;

higher = more built-up or
barren surface

Note: All four spectral indices (NDVI, LST, Wet, and NDBSI) were normalized to a common [0, 1] range
using the following Min-Max normalization equation: Xnorm = X−Xmin

Xmax−Xmin
, where Xmin and Xmax represent the

minimum and maximum pixel values obtained within the study area for each specific image date. Abbreviations:
L5 TM = Landsat 5 Thematic Mapper; L8 OLI/TIRS = Landsat 8 Operational Land Imager/Thermal Infrared
Sensor; Bn = band number n; ML and AL = radiance multiplicative and additive rescaling factors from the MTL
metadata; K1 and K2 = sensor-specific thermal calibration constants; Pv = fractional vegetation cover; ε = land
surface emissivity; ρ = h×c

σ = 1.438 × 10−2 m · K (thermal constants group) [30].

Spectral indices were derived from Landsat bands to characterize ecological conditions
and support the development of CA-Markov suitability models. The NDVI was used to
represent vegetation greenness, Wet captured surface moisture content, a normalized
difference bare or built-up index served as a proxy for dryness and imperviousness, and
land surface temperature (LST) was estimated using thermal bands and established retrieval
algorithms. These indices were further normalized to the [0, 1] range to facilitate the
comparisons across time and between the indices [31].

2.3. Methods
2.3.1. Overall Workflow

The methodological framework integrates four main components: multi-temporal
LULC classification using SVM, change detection and landscape metrics, ecological in-
dex analysis, and CA-Markov-based scenario simulations. The overall workflow of these
processes is shown in Figure 2. First, Landsat images from 2000, 2010, and 2020 were
preprocessed and classified into six LULC categories: built-up land, cropland, grassland,
forest, water bodies, and barren land. Second, post-classification comparisons were per-
formed to quantify the transitions between classes and derive a land-use transition matrix
for 2010–2020 within the core modeling extent. Third, ecological indices (wetness, NDVI,
LST, and a dryness indicator) were computed and analyzed to characterize environmental
responses to land-use change. Finally, the CA-Markov model was calibrated using observed
transitions between 2000 and 2010, validated against the 2020 map, and used to project
land-use patterns to 2030 under BAU and EP scenarios.

Scenario simulations under the BAU scenario assume the continuation of current
trends without significant policy changes, whereas the EP scenario incorporates stricter
land-use regulations aimed at conserving natural habitats. The spatial patterns projected
by the CA-Markov model highlighted potential urban expansion and cropland reduction
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under BAU, in contrast to increased forest and grassland areas under EP. These projections
provide a basis for assessing future landscape dynamics and informing sustainable land
management strategies [32].

Figure 2. Overall methodological workflow for classification and CA-Markov-based simulation.

This integrated workflow allows us to link past land-use changes and ecolog-
ical dynamics with plausible future trajectories, offering a comprehensive view of
urban–ecological interactions in Astana.

Scenario-based modeling is an essential tool for understanding and guiding urban
land-use changes along various developmental paths. Thapa and Murayama demonstrated
that different policy scenarios can lead to significantly varied spatial outcomes, particularly
in terms of ecological preservation and urban form. Similarly, Rimal et al. showed that
CA–Markov-based modeling frameworks effectively capture the dynamics of urban ex-
pansion, often revealing the systematic conversion of agricultural land into built-up areas
under continuous growth pressure. Building on this methodological approach, Taşlialan
et al. highlighted the importance of integrating GIS with multicriteria decision-making
methods, such as the Analytic Hierarchy Process (AHP), to support land suitability as-
sessments and planning decisions. In the context of this study, such approaches could
further strengthen the robustness of the CA-Markov model by incorporating structured
decision frameworks to define ecological priority zones. Thus, combining scenario-based
simulations with multicriteria spatial evaluations provides a more comprehensive and
policy-relevant framework for analyzing future urban development in Astana [11,33,34].

2.3.2. LULC Classification with SVM

SVM was adopted as the primary classifier owing to its strong performance in high-
dimensional feature spaces and robustness to limited but well-designed training samples,
which is critical in semi-arid urban environments with mixed spectral signatures [35].
Training samples for each LULC class were collected through the visual interpretation of
high-resolution Google Earth imagery and stratified by land cover type to ensure adequate
representation. The classifier was trained using a radial basis function (RBF) kernel to
address the nonlinear separability of the classes. SVM hyperparameters were optimized
through a five-fold cross-validation grid search over C in {0.1,1,10,100,1000} and gamma in
{0.0001,0.001,0.01,0.1,1}. The optimal combination C = 100 and gamma = 0.01 was selected
based on mean cross-validation accuracy. Training samples were collected through stratified
visual interpretation of high-resolution Google Earth imagery, yielding 1260 training pixels
across six LULC categories (minimum 30 polygons per class). An independent validation
set of 3067 pixels was reserved for accuracy assessment.

For each Landsat image, spectral bands and relevant spectral indices (e.g., NDVI, an
index for built-up land, and the water index) were stacked into a feature space. The SVM
classifier was trained using a radial basis function kernel, which is well-suited for capturing
nonlinear decision boundaries between classes [36]. The SVM decision function seeks a

https://doi.org/10.3390/su18136746

https://doi.org/10.3390/su18136746


Sustainability 2026, 18, 6746 9 of 29

hyperplane that maximizes the margin between the support vectors of different classes,
ensuring good generalization:

f (x) = wTx + b (1)

where x is the input feature vector, w is the weight vector, and b is the bias term. The
support vectors lie on the hyperplanes wTx + b= ±1, and the optimal hyperplane satisfying
wTx + b =0 separates the classes with a maximum margin.

Independent validation samples were generated using a stratified random sampling
strategy to ensure that each LULC class had sufficient reference points derived from high-
resolution imagery and ancillary data. Confusion matrices were constructed for each
reference year, and standard accuracy metrics, including Overall Accuracy (OA) and Kappa
coefficient, were computed following established practices.

2.3.3. Change Detection and Landscape Metrics

Post-classification comparison enabled a detailed quantification of land use and
land cover (LULC) changes over the decade from 2010 to 2020 within the core modeling
extent. By constructing a transition matrix for this period, we captured the dynamics
of spatial transformations between different LULC classes. The diagonal elements of
the matrix represent areas where land cover remained stable, whereas the off-diagonal
elements highlight specific transitions, such as the conversion of cropland or barren land
into built areas. This approach provides a comprehensive view of landscape change
by explicitly showing the magnitude of change and the directionality of land cover
conversions [37].

The transition matrix for 2010–2020 revealed that built-up land expanded from
147.50 km2 to 192.20 km2, indicating a net increase largely driven by encroachment into
previously agricultural and barren land. This pattern reflects ongoing urbanization and
development pressures within the study area, contributing to the reduction in natural and
semi-natural land cover types. Such detailed change detection is critical for understanding
the spatial patterns of land transformation, which can inform land management strategies,
urban planning, and environmental conservation efforts by identifying hotspots of change
and specific land cover types most affected by development.

Spatial configuration and fragmentation were characterized using landscape met-
rics calculated at the class level. Particular attention was paid to patch density, which
measures the number of patches of a given class per unit area and captures the degree
of fragmentation [38]. The patch density index for built-up land increased from 0.75 to
0.95 between 2000 and 2020. All landscape metrics were computed at the class level using
FRAGSTATS v4.2, applied to the full study extent (approximately 804.01 km2) at a cell size
of 30 m with a minimum patch area threshold of 0.36 ha (four pixels) [39]. Patch Density
(PD) is expressed as patches per 100 ha. The Contagion Index (CONTAG) and Aggregation
Index (AI) range from 0 to 100%, with higher values indicating greater connectivity and ag-
gregation indicating a trend towards more fragmented and dispersed urban development.
In contrast, the patch density of grassland and cropland decreased, suggesting an increase
in the aggregation of the remaining semi-natural and agricultural patches.

2.3.4. Ecological Indices

Four ecological indices were employed to evaluate environmental responses to
land use and land cover (LULC) changes: a moisture index (Wet), greenness (NDVI),
LST, and a dryness index that captures bare or impervious surfaces (D). All indices
were normalized to a range of [0, 1] to facilitate cross-index comparisons and mitigate
the influence of extreme values and differing units [40]. The spectral formulas, sensor-
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specific band assignments, value ranges, and ecological interpretations of the four indices
are summarized in Table 3.

It is important to note that the min-max normalization was applied independently
for each image date. Consequently, the normalized index values for 2000, 2010, and 2020
are relative to each image’s own value range and do not constitute fully comparable
absolute measurements across years. Changes in mean normalized LST, Wet, NDVI,
and NDBSI reflect relative spatial changes within each year’s distribution rather than
absolute differences in physical magnitude. This is particularly important for LST: a higher
normalized value indicates relative thermal elevation within that year’s range. Absolute
LST values in degrees Celsius are reported in Table 3.

These indices collectively represent a four-dimensional characterization of the eco-
logical state of the land surface: greenness (NDVI), thermal load (LST), soil and surface
moisture (Wet), and degree of imperviousness/aridity (NDBSI). The integration of these
factors into a single analytical framework enables the detection of spatially and temporally
differentiated ecological responses to urban expansion.

These indices provide a comprehensive overview of environmental conditions by
capturing the key aspects of moisture availability, vegetation health, thermal characteristics,
and surface dryness. The moisture index (Wet) reflects soil and atmospheric moisture
levels, whereas NDVI quantifies vegetation greenness and vigor. LST indicates land surface
temperature variations, which can influence ecological processes, and the dryness index
highlights areas dominated by bare soil or impervious surfaces, often linked to urbanization
or degradation [41].

The moisture index Wet was computed from the reflectance in the shortwave infrared
and near-infrared bands, with higher values indicating higher surface moisture [42]. Sta-
tistical summaries for the central urban area show that the mean Wet value was 0.18 in
2000 and increased to 0.32 in 2010, before declining to 0.24 in 2020, suggesting an initial
improvement in moisture conditions, likely related to urban landscaping and establishment
of irrigated green spaces, followed by partial surface drying associated with intensified
impervious cover in recent years.

The LST was retrieved from Landsat thermal infrared bands using the single-channel
retrieval method [33]. In the first step, the digital number (DN) values of the thermal band
were converted to at-sensor spectral radiance (Lλ) using rescaling coefficients ML (gain)
and AL (offset) extracted from the MTL metadata file:

Lλ = ML × Qcal + AL (2)

where Qcal is the quantized calibrated pixel value (in DN). The at-sensor brightness temper-
ature TB (in Kelvin) was then derived using the pre-launch thermal calibration constants
K1 and K2 provided in the product metadata as follows [43]:

TB = K2/ln(K1/Lλ + 1) (3)

For Landsat 5 TM (band 6: 10.4–12.5 µm):
K1 = 607.76 W·m−2·sr−1·µm−1 and
K2 = 1260.56 K
For Landsat 7 ETM+ (Band 6: 10.31–12.36 µm):
K1 = 666.09 W·m−2·sr−1·µm−1

K2 = 1282.71 K
For Landsat 8 TIRS (Band 10; 10.60–11.19 µm):
K1 = 774.89 W· m−2·sr−1·µm−1 and
K2 = 1321.08 K
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The land surface emissivity (ε) was estimated from the NDVI-based fractional vegeta-
tion cover following [44]:

ε = 0.004 × Pv + 0.986 (4)

Pv = [(NDVI − NDVImin)/(NDVImax − NDVImin)]2 (5)

where Pv is the fractional vegetation cover, and NDVImin and NDVImax are set to 0.2 and
0.5, respectively, following the established practice for semi-arid environments [45]. LST
was then computed as follows:

LST = TB/[1 + (λ × TB/ρ) × lnε] (6)

where λ is the effective wavelength of the thermal emission band (λ = 10.9 µm for Landsat
8 TIRS Band 10; λ = 11.45 µm for Landsat 5 TM Band 6 and Landsat 7 ETM+ Band 6), and

ρ = h·c/k_B = 1.438 × 10−2 m·K (7)

(h is Planck’s constant, c is the speed of light, and k_B is the Boltzmann constant).
LST values in Kelvin were converted to degrees Celsius and subsequently normalized

to [0, 1] to enable temporal comparisons across 2000, 2010, and 2020.
The mean normalized LST increased steadily from 0.66 in 2000 to 0.68 in 2010 and

0.73 in 2020, reflecting progressive urban heat intensification associated with built-up ex-
pansion. The spatial distribution of LST revealed consistently higher temperatures in dense
built-up cores and industrial zones, with relatively lower temperatures along the Ishim
River and in vegetated parks and greenbelt regions. NDVI patterns indicate that while some
segments of the city have experienced greening, particularly along planned green corridors,
peripheral expansion and infill have reduced vegetation cover in certain sectors [46].

2.3.5. CA-Markov Model Configuration

The CA-Markov model integrates two complementary frameworks: a Markov
chain that quantifies the temporal probability of land-use class transitions, and a
cellular automata (CA) that governs their spatial allocation based on neighborhood
interactions and suitability constraints. This hybrid approach has been widely ap-
plied to simulate LULC dynamics in rapidly urbanizing regions owing to its capacity
to capture both the stochastic nature of land-use change and the spatial contiguity
of transitions [47–49].

Transition probability matrices were derived independently from two consecutive
LULC periods: 2000–2010 and 2010–2020, using the SVM-classified maps described in
Section 2.3.4. Each element Pij in the matrix represents the conditional probability that a
pixel of class i will transition to class j within the given time interval:

Pij=
Nij

ΣjNij
(8)

where Nij denotes the number of pixels that transitioned from class i to class j during
the observation period. The 2010–2020 matrix was subsequently used as the primary
driver for the 2030 projection under both scenarios, reflecting the most recent observed
urbanization dynamics.

The Celluar automata CA component allocates transitions spatially by evaluating
the influence of neighboring land-use states within a 5 × 5 Moore contiguity window.
The neighborhood interaction function Ω(x, c, t) for a cell x and target class c at time t is
defined as:
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Ω(x, c, t) =
∑k con

(
xk

t= c
)

5 × 5 − 1
(9)

where con(xt
k = c) equals 1 if the k-th neighboring cell belongs to class c at time t, and

0 otherwise. This function captures spatial inertia: urban cells surrounded by existing built-
up land are assigned higher transition potential, consistent with the contiguous expansion
pattern characteristic of Astana’s growth [50].

To incorporate spatial heterogeneity into the allocation process, conditional prob-
ability suitability maps were constructed for each LULC class using a multi-criteria
evaluation (MCE) approach. The driving factors included: distance to major roads,
distance to the city center, distance to rivers, elevation (SRTM 30 m), slope, and NDVI
derived from the 2020 Landsat composite. Each factor was standardized to a con-
tinuous scale [0, 255] and combined through a weighted linear combination, with
weights assigned based on pairwise comparison following the analytical hierarchy
process (AHP). Water bodies and rivers were assigned zero suitability for conversion
to built-up land in all scenarios.To compute the final spatial distribution, the combined
allocation probability (Pcombined(x, c)) for each cell was calculated using the following
integrated formula:

Pcombined(x, c) = Pij × Ω(x, c, t)× Suitability(x, c)× {1 − constraint(x)} (10)

where Pij is the transition probability, Ω(x, c, t) is the neighborhood feedback, Suitability(x, c)
represents the multi-criteria evaluation score, and constraint(x) denotes the spatial restric-
tion zones.

The model was calibrated using the 2000–2010 transition matrix and validated by
comparing the simulated 2020 LULC map against the SVM-classified 2020 reference
map. Accuracy was assessed using three complementary metrics: the overall Kappa
coefficient (κ), the figure of merit (FoM), and quantity and allocation disagreement
components [51]:

FoM =
|Hits|

|Misses|+ |False Alarms|+ |Hits| (11)

where Hits represent pixels where change was both observed and correctly predicted, Misses
represent observed change predicted as persistence, and False Alarms represent predicted
change that was not observed. A FoM > 0.10 is considered acceptable in LULC simulation
literature [52], and a κ > 0.75 indicates strong agreement [53].

The complete CA-Markov simulation workflow, encompassing transition proba-
bility derivation, suitability surface generation, CA spatial allocation, validation, and
2030 scenario outputs, is illustrated in Figure 3.

Two scenarios were projected to 2030 from the 2020 baseline:
BAU Scenario. The transition probability matrix derived from the 2010–2020 period

was applied without modification, with land demand quantities extrapolated from the
mean annual rates of change observed between 2000 and 2020. This scenario assumes
no additional policy intervention and represents a continuation of current development
trajectories, including unconstrained urban expansion into surrounding agricultural and
grassland areas.

EP Scenario. Transition probabilities for conversion to built-up land were reduced to
zero within ecologically sensitive zones: riparian buffers of 500 m from major river channels,
existing forest and shrubland patches, and designated greenbelt areas. These constraint
layers were applied as hard barriers in the CA allocation, irrespective of proximity to
existing urban land or road infrastructure. Under this scenario, urban growth demand
is redistributed toward densification of the existing urban footprint and expansion into
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low-sensitivity zones, reflecting potential land conservation policy directives aligned with
Astana’s long-term spatial planning frameworks.

Figure 3. Six-stage CA-Markov simulation workflow for LULC projection to 2030 under BAU and EP
scenarios, Astana (2000–2030). Note: Pij represents the land-use transition probability from class i to
class j; Nij is the number of pixels transitioning between classes; Ω(x, c, t) denotes the neighborhood
interaction function determined by the 5 × 5 Moore contiguity filter; and Pcombined(x,c) signifies the
final total allocation probability integrating transition potentials, neighborhood feedback, suitability
scores, and spatial constraints [49–51].

2.3.6. Spatial Driving-Factor Analysis Using GeoDetector

The relative contributions of biophysical and infrastructural factors to the spatial
distribution of urban expansion were quantified using the GeoDetector method [54,55].
The GeoDetector is a non-parametric statistical framework designed to detect spatially
stratified heterogeneity. In this study, the response variable Y was defined as built-up land
presence (Y = 1) or absence (Y = 0), quantifying spatial co-variation between each driving
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factor and the observed urban footprint. Note that GeoDetector here explains the spatial
structure of urban land distribution, not ecological indices directly. The explanatory power
is expressed as the q-statistic.

q = 1 − (1/nσ2) × Σi (niσi
2) (12)

where n is the total number of spatial units (pixels), σ2 is the global variance of the response
variable Y (built-up land presence/absence), and i = 1, 2, . . ., L indexes the spatial strata
of driving factor X, with ni and σi

2 denoting the number of units and the within-stratum
variance, respectively. The q-statistic ranges from 0 (no explanatory power) to 1 (perfect
spatial stratification). Statistical significance was evaluated using a non-parametric F-test
against the null hypothesis of spatial independence (p < 0.05).

Continuous driving factors (elevation, slope, distance to rivers, distance to roads,
distance to railways, mean annual precipitation, and mean annual temperature) were
discretized into five spatially contiguous strata using the natural breaks (Jenks) classification
method, to assess sensitivity to class breaks, the analysis was additionally performed with
three-class and seven-class Jenks discretization. The rank ordering of driving factors was
stable across all schemes (Spearman’s rho > 0.86), confirming the robustness of the five-class
results. Minor q-value differences (mean +/− SD: 0.0134 +/− 0.0133) which minimizes
within-stratum variance for geomorphic and climatological variables. The resulting q-
statistics and significance levels are reported in Table 4.

Table 4. GeoDetector q-statistics for the driving factors of urban expansion across three periods.

Driving Factor q-Statistic
Pre-2000 q-Statistic 2000–2010 q-Statistic 2010–2020 Ecological/Physical Rationale

Elevation 0.285 *** 0.216 *** 0.203 ***
Flat lowland preferred for construction;

Ishim River
valley constraint

Slope 0.192 ** 0.117 ** 0.087 * Declining importance as urban core
shifted to pre-graded sites

Distance to
Rivers 0.158 *** 0.083 ** 0.046 *

Proximity to Ishim River historically
high-amenity; diminishes as inner

zones saturate

Distance to
Roads 0.059 * 0.125 *** 0.306 ***

Increasing dominance as arterial road
network expanded southward

and westward

Distance to
Railways 0.047 * 0.208 *** 0.198 *** Rail-driven industrial development

prominent in 2000–2020 period

Aspect 0.076 * 0.062 * 0.049 n.s. Moderate effect; south-facing slopes
slightly preferred in steppe microclimate

Mean Annual
Precip. 0.043 n.s. 0.051 * 0.032 n.s. Low overall; constrained spatial

variability within study area

Mean Annual
Temp. 0.038 n.s. 0.049 * 0.015 n.s. Minimal role; urban heat island masks

regional temperature gradients

Note: Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05, n.s. = not significant. The q-statistics are derived from
GeoDetector factor analysis. The values represent the proportion of spatial variance in urban land distribution
explained by each driving factor within each time period. Higher q-values indicate a stronger explanatory power.
Continuous variables were discretized into five strata using the Jenks natural-breaks method prior to the analysis.

2.4. Accuracy Assessment and Model Validation

For LULC classification, the accuracy was quantified using a suite of standard metrics
derived from confusion matrices constructed using independent validation samples. The
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Overall Accuracy (OA) measures the proportion of correctly classified pixels across all
classes and is defined as

OA =
∑k

i=1 xii

N
(13)

where xii is the diagonal element of the confusion matrix for class i (number of correctly
classified pixels), and N is the total number of validation samples. The Producer’s accuracy
(PAi) and user’s accuracy (UAi) for each class i are as follows:

PAi =
xii
x+i

(14)

UAi =
xii
xi+

(15)

where x+i is the column sum (total reference pixels for class i), and xi+ is the row sum (total
classified pixels for class i). The omission error (OEi = 1 − PAi) quantifies the proportion
of reference pixels of class i incorrectly assigned to other classes, whereas the commission
error (CEi = 1 − UAi) reflects the proportion of pixels mapped as class i that belong to other
classes. The Kappa coefficient (κ), which accounts for the probability of chance agreement,
was computed as follows:

κ =
N∑k

i=1 xii − ∑k
i=1(xi+ · x+i)

N2 − ∑k
i=1(xi+ · x+i)

(16)

The κ values were interpreted following: κ > 0.81 indicates almost perfect agreement,
0.61–0.80 indicates substantial agreement, and 0.41–0.60 indicates moderate agreement.
However, consistent with critiques by, who show that Kappa conflates quantity and alloca-
tion disagreement and is sensitive to class prevalence, Kappa values are reported here for
contextual reference only. Primary accuracy conclusions are drawn from Overall Accuracy
and class-level Producer’s and User’s accuracy. For CA–Markov model validation, the Fig-
ure of Merit (FoM) was adopted to quantify the spatial accuracy of the simulated land-use
change allocation [56]:

FoM =
|B|

|A|+ |B|+ |C|+ |D| (17)

where A = area of the observed change that the model simulated as persistent (missed
change); B = area of the observed change correctly simulated as change to the correct
class; C = area of observed persistence that the model simulated as change (false alarm);
and D = area of observed change that the model simulated as change to the wrong class.
The FoM ranges from 0 to 1, with higher values indicating better spatial agreement be-
tween the simulated and observed transitions. A widely adopted minimum threshold is
FoM ≥ 0.10 [57]. The detailed confusion matrices in terms of pixel counts and percentage
distributions are presented in Table 5.

The Overall Accuracy for 2000, 2010, and 2020 was 65.1%, 62.7%, and 67.4%, respec-
tively, with corresponding Kappa (κ) coefficients of 0.575, 0.542, and 0.605, indicating
moderate agreement between the classified maps and reference data consistent with the
complexity of spectrally mixed semi-arid landscapes. Misclassifications occurred mainly be-
tween croplands and grasslands, reflecting spectral similarity during certain phenological
stages, and, to a lesser extent, between bare land and sparsely built-up areas.

Further evaluation of the classification performance, including omission and commis-
sion errors and class-specific accuracy metrics, is summarized in Tables 6 and 7, respectively.
The user accuracy metrics underscore the robustness of the classification approach while
identifying areas for potential improvements. To improve classification precision, the
integration of additional temporal datasets or the application of advanced machine learn-
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ing algorithms, such as random forests and convolutional neural networks, should be
considered. Moreover, incorporating ancillary data, such as topography or soil informa-
tion, may assist in distinguishing spectrally similar classes, thereby reducing confusion
between croplands and grasslands. The continuous refinement of training sample selection
and validation strategies will further contribute to the generation of more reliable LULC
maps, which are essential for informed land management and policymaking. For the
confusion matrices (Tables 3–7), the class labels correspond to the six-class LULC scheme
as follows: “vegetation” encompasses the combined grassland and forest class; “arable
land” corresponds to cropland; “bare land-1” denotes sparsely vegetated barren land;
and “bare land-2” represents transitional or mixed built-up/bare surfaces, including re-
cently cleared and low-density peri-urban areas. This subdivision of the bare land class
in the confusion matrices reflects the spectral subgroups identified during classifier train-
ing and is consolidated into the “barren land” category in the LULC area statistics and
simulation inputs.

Table 5. Confusion matrix of LULC classification using ground-truth samples.

Ground Truth (Pixels/Precent)

Class Built-Up Land Water Vegetation Arable Land Bare Land-1 Bare Land-2 Total

Unclassified 0/0.48 3/2.71 7/3.03 8/0.21 3/0.00 5/1.64 26/0.85
Built-up land 0/95.08 599/0.00 0/0.00 0/0.49 7/0.00 33/10.82 639/20.83

Water 0/0.00 0/97.29 251/0.00 0/0.00 0/0.00 0/0.00 251/8.18
Vegetation 0/0.00 0/0.00 0/93.56 247/2.37 34/0.00 0/0.00 281/9.16

Arable land 0/0.16 1/0.00 0/3.41 9/96.17 1380/1.71 0/0.00 1393/45.42
Bare land-1 3/0.16 1/0.00 0/0.00 0/0.77 11/98.29 0/0.00 184/6.00
Bare land-2 172/4.13 26/0.00 0/0.00 0/0.00 0/0.00 267/87.54 293/9.55

Total 175/100.00 630/100.00 258/100.00 264/100.00 1435/100.00 305/100.00 3067/100.00

Table 6. Omission and commission errors of the LULC classes (percentage and pixel counts).

Class Omission Error (%) Commission Error (%) Omission Error (Pixels) Commission Error (Pixels)

Built-up land 6.26 4.92 40/639 31/630
Water 0.00 2.71 0/251 7/258

Vegetation 12.10 6.44 34/281 17/264
Arable land 0.93 3.83 13/1393 55/1435
Bare land-1 6.52 1.71 12/184 3/175
Bare land-2 8.87 12.46 26/293 38/305

Table 7. Producer’s accuracy and user’s accuracy of LULC classes (percent and pixel counts).

Class Producer’s Accuracy (%) User’s Accuracy (%) Producer’s Accuracy (Pixels) User’s Accuracy (Pixels)

Built-up land 95.08 93.74 599/630 599/639
Water 97.29 100.00 251/258 251/251

Vegetation 93.56 87.90 247/264 247/281
Arable land 96.17 99.07 1380/1435 1380/1393
Bare land-1 98.29 93.48 172/175 172/184
Bare land-2 87.54 91.13 267/305 267/293

For the CA-Markov simulations, the model skill was assessed by comparing the simu-
lated 2020 map, generated from 2000–2010 transitions, with the observed 2020 classification.
Agreement was evaluated using the Figure of Merit (FoM) and kappa-type statistics, which
characterize the correctness of change allocation and location. The validation results indicated
a good level of agreement, with most discrepancies concentrated along transitional fringes,
where mixed land use and recent construction complicated the classification. The CA-Markov
model calibration (2000–2010) yielded a Figure of Merit (FoM) of 0.29, and the independent
validation (2010–2020) yielded FoM = 0.12, both exceeding the minimum threshold of 0.10 [58].
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Residual discrepancies were concentrated along transitional peri-urban fringes rather than
distributed uniformly, reflecting the inherent challenge of simulating land-use change at 30 m
resolution without parcel-level planning data. These results provide sufficient confidence for
2030 projections, with the understanding that expansion boundaries at the urban fringe carry
greater spatial uncertainty than patterns in the urban core.

3. Results
3.1. Classification Accuracy and LULC Patterns

The SVM classification produced clear and spatially coherent LULC maps for 2000,
2010, and 2020, with distinct delineations of built-up areas, croplands, grasslands, forests,
water bodies, and barren land. The spatial distributions of the LULC classes for these
years are illustrated in Figures 3–5. Visual inspection confirmed that major urban districts,
industrial zones, agricultural fields, and natural features, such as river corridors and forest
patches, were appropriately represented. The accuracy statistics, with OA values between
62.7% and 67.4% and Kappa coefficients between 0.542 and 0.605, support the reliability of
these maps as baselines for change detection and simulation.

Figure 4. Land use and land cover classification of Astana; (a) 2000; (b) 2010; (c) 2020.

At the metropolitan scale, the results indicate that the built-up area in Astana increased
from approximately 450 km2 in 2000 to approximately 670 km2 in 2020, whereas the
proportion of built-up land in the broader landscape increased from 24.6% to 33.1%. Over
the same period, agricultural land decreased by approximately 12.4%, and the share of
grassland declined from 45.3% to 39.8%, with much of the loss attributable to urban
development. These shifts reflect a marked reconfiguration of the urban–rural interface and
increased competition between built-up expansion and traditional land use. The evolution
of the landscape structure, particularly in terms of fragmentation, is further reflected in the
patch density index shown in Figure 6.

Within the more tightly defined core modeling extent, the 2010–2020 transition matrix
derived from the classified maps showed that built-up land increased from 259.24 km2 in
2010 to 270.47 km2 in 2020. Conversions from vegetation and bare land to built-up land
are prominent, with 11.64 km2 of vegetation and 9.86 km2 of bare land transitioning into
built-up land, whereas some built-up pixels reverted to vegetation or bare land, indicating
local infilling, redevelopment, or classification uncertainty.
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Figure 5. Astana land-use patch density index (2000–2020).

Figure 6. Spatial expansion of built-up areas; (a) 2000; (b) 2010; (c) 2020.

3.2. Spatial Patterns of Urban Expansion

Urban growth in Astana has not been uniform. The spatial expansions of built-
up areas in 2000, 2010, and 2020 are illustrated in Figures 7–9. Between 2000 and
2020, newly developed built-up land was concentrated in the southern, western, and
southeastern sectors of the city, where major infrastructure corridors and large-scale
housing developments were implemented. Expansion has followed transport axes,
with new residential and commercial districts emerging along arterial roads and near
new bridges over the Ishim River. In the west and south, peri-urban croplands and
grasslands have been progressively absorbed into an expanding urban fabric, generating
a patchwork of built-up and non-built-up areas.

The evolution of the landscape metrics underscores this trend. The patch density of
built-up land increased from 0.75 to 0.95 between 2000 and 2020, reflecting the increased
fragmentation and proliferation of discrete urban patches. In contrast, grassland and
cropland patch densities declined modestly, suggesting that although the total area of these
classes decreased, the remaining patches became more aggregated, often confined to larger,
contiguous tracts beyond the immediate urban periphery.
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(a) (b) 

Figure 7. (a) Distribution of NDVI and (b) land surface temperature (LST) in Astana (2000–2020).

 

(a) (b) 

Figure 8. (a) Normalized Difference Built-up and Soil Index (NDBSI) and (b) Wetness Index.
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Figure 9. CA-Markov simulation for 2030 under the baseline scenarios.

3.3. Ecological Responses: Moisture, Greenness and Heat

Ecological indices reveal a nuanced picture of the environmental changes accompany-
ing urban expansion. The interpretation of these index trends acknowledges that observed
inter-annual variation partly reflects differences in acquisition date, inter-annual precip-
itation variability, residual inter-sensor effects, and per-date min-max normalization, in
addition to land-use-driven environmental change. The spatial distributions of NDVI, land
surface temperature (LST), NDBSI, and the Wetness Index are presented in Figures 7 and 8.
For the central urban area, the moisture index (Wet) exhibited an increasing trend from 2000
to 2010, with mean values increasing from 0.18 to 0.32, followed by a decline to 0.24 in 2020.
This trajectory suggests that the early phases of urban development, including landscaping
and the establishment of irrigated green spaces, may have contributed to improved surface
moisture, whereas subsequent densification and infill reduced moisture levels in some
zones, particularly where vegetation was replaced by impervious surfaces.

Greenness patterns, represented by the NDVI, showed spatially heterogeneous trends.
High NDVI values were consistently observed along the Ishim River corridor and within
parks and protected greenbelt segments, where the vegetation cover remained strong.
Simultaneously, outward expansion and industrial development have reduced NDVI in
certain peripheral areas, as grassland and cropland are converted to built-up lands. The
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overall trend is localized greening in planned ecological corridors, coupled with net losses
of vegetated land at expansion fronts.

The spatial structure of LST reveals a clear pattern of thermal differentiation across
land cover classes, as illustrated in Figure 7. Built-up areas and industrial zones consistently
exhibited the highest surface temperatures across all three study periods, with absolute
mean values of 24.2 ◦C (2000), 23.8 ◦C (2010), and 29.0 ◦C (2020). Within the urban footprint,
the hottest pixels were concentrated in densely built-up districts, industrial complexes,
and major transportation corridors, while cooler patches were associated with riverine
corridors, reservoirs, and vegetated areas, confirming the cooling effect of water bodies
and urban greenery. Comparing urban and peri-urban zones, the mean LST in the core
urban area exceeded that in the expanding peri-urban fringe by approximately 2–4 ◦C
in each period, reflecting the intensification of the urban heat island as built-up density
increased. The spatial contraction of cool zones between 2010 and 2020 corresponds closely
to the conversion of cropland and grassland documented in Section 3.1, highlighting the
ecological cost of peripheral urban expansion. Cooler spots were aligned with rivers,
reservoirs, and vegetated areas, highlighting the cooling role of water bodies and urban
greenery. The combination of higher LST and reduced moisture in intensively urbanized
sectors indicates the development of urban heat island effects and potentially increased
thermal stress for residents, particularly during the summer.

3.4. Driving Factors of Urban Expansion

The analysis of driving factors using GeoDetector-type approaches revealed that
Astana’s urban expansion was primarily shaped by topography, hydrology, and accessibility.
The relative contributions of these driving factors are presented in Table 8. Until 2000,
elevation exhibited the highest explanatory power for built-up expansion, followed by
slope and distance to rivers. These findings reflect the city’s preference for relatively flat,
low-lying terrain near the river, which is easier to develop and has a higher amenity value.
In contrast, the distance to major roads, distance to railways, and climatic conditions, such
as precipitation and temperature, had lower but still non-negligible explanatory power,
indicating that infrastructure and climate interact with physical and policy constraints in
shaping urban growth.

Table 8. Driving factors and contribution intensity.

Period Elevation Slope Aspect Mean Annual
Temperature

Mean Annual
Precipitation

Distance
to Rivers

Distance
to Roads

Distance to
Railways

Pre-2000 28.5% 19.2% 7.6% 3.8% 4.3% 15.8% 5.9% 4.7%
2000–2010 21.6% 11.7% 6.2% 4.9% 5.1% 8.3% 12.5% 20.8%
2010–2020 20.3% 8.7% 4.9% 1.5% 3.2% 4.6% 30.6% 19.8%

Recently, the importance of accessibility factors has increased as new road networks
and bridges have opened peripheral areas for development. Proximity to existing built-up
land also acts as a strong local driver, reinforcing path-dependent expansion patterns, in
which new urbanization tends to occur adjacent to the existing urban fabric, rather than in
isolated locations.

3.5. CA–Markov Simulation of 2030 Land Use: BAU and EP Scenarios

CA–Markov simulations extend the analysis from observed changes to plausible
future land-use trajectories. It is important to clarify the nature of the two scenarios: the
BAU scenario is a trend-extrapolation projection, whereas the EP scenario is a normative
policy scenario representing a hypothetical land-use outcome under full enforcement of
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ecological constraints. The EP scenario is not a statistical forecast; its realization depends
on planning capacity, legal enforcement, and governance context. After calibrating the
2000–2010 transitions and validating against the 2020 map, the model was used to simulate
land use in 2030 under two contrasting scenarios. The simulated land-use pattern under
the baseline (BAU) scenario is illustrated in Figure 9.

Under the Business-as-Usual scenario, the projected land-use patterns show continued
outward expansion of built-up land, particularly along the southern and southeastern
corridors and in the western peri-urban zone. Within the core modeling extent, the built-up
area increased from 192.20 km2 in 2020 to 231.40 km2 by 2030. Much of this additional urban
land is derived from cropland and barren land, with relatively limited encroachment into
forests and water bodies. The spatial pattern of expansion remains somewhat fragmented,
with new patches emerging along major roads, around existing satellite districts, and near
infrastructure nodes.

The Ecological Priority scenario restricts development in ecologically sensitive
zones, including riparian buffers along the Ishim River, forested patches, and des-
ignated components of the greenbelt. These constraints reduce the expansion of
built-up land relative to the BAU trajectory, concentrating growth within the ex-
isting urban footprint. In this scenario, the demand for additional urban land
is met through densification and infill within the existing urban footprint rather
than outward expansion into high-value croplands and grasslands. Consequently,
losses of cropland and grassland were reduced by more than 40% compared with
the BAU scenario, and forest cover showed a modest increase owing to afforesta-
tion and strict protection. A quantitative comparison of the LULC class areas and
landscape metrics under the 2020 observed baseline, 2030 BAU projection, and
2030 EP projection are presented in Table 9 to facilitate direct scenario evaluation.

Table 9. Quantitative comparison of LULC areas (km2) and landscape metrics for the 2020 baseline,
2030 BAU and EP scenarios.

LULC Class 2020
Observed (km2) BAU 2030 (km2) EP 2030 (km2) Change:

BAU vs. 2020
Change:

EP vs. BAU

Built-up land 192.20 231.40 213.08 +39.20 (+20.4%) −18.32 (−7.9%)

Cropland 146.63 42.55 53.73 −104.08 (−71.0%) +11.18 (+26.3%)

Grassland 212.98 466.82 441.90 +253.84 (+119.2%) −24.92 (−5.3%)

Forest 144.69 3.83 7.14 −140.86 (−97.4%) +3.31 (+86.4%)

Water bodies 47.36 52.94 55.39 +5.58 (+11.8%) +2.45 (+4.6%)

Barren land 60.12 6.43 32.75 −53.69 (−89.3%) +26.32 (+409.3%)

Landscape Metrics 2020 BAU 2030 EP 2030 Interpretation

Patch Density (PD) 0.95 1.08 0.98 BAU increases fragmentation;
EP maintains near-2020 level

Contagion (CONTAG) 61.4 57.9 62.1 EP preserves landscape
connectivity; BAU reduces it

Aggregation Index (AI) 84.2 82.7 85.1
EP achieves higher patch

aggregation due to
densification policy

Abbreviations: PD = Patch Density (patches/100 ha); CONTAG = Contagion Index (%); AI = Aggregation Index
(%). Landscape metrics were computed using FRAGSTATS v4.2 at the class level for the built-up land class, as
follows [39]. Among EP constraints, riparian buffer zones were the most spatially binding, preventing conversion
of approximately 429.31 km2 that would otherwise transition to built-up under BAU. Forest patch protection
accounted for 7.14 km2, and greenbelt restrictions prevented 485.83 km2.

Landscape metrics comparing the two scenarios indicated that the EP scenario yielded
higher patch cohesion and lower fragmentation indices for the vegetated classes, reflect-
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ing more continuous ecological networks and fewer isolated patches compared with the
BAU scenario.

4. Discussion
The combined classification, ecological index, and simulation results provide a co-

herent picture of how Astana’s urban expansion has reshaped land use and ecological
conditions and how future development pathways might differ under alternative policy
regimes. Three key themes emerged from this analysis: the nature of urban expansion,
ecological consequences of land-use change, and the potential for policy-driven scenarios
to modulate these dynamics.

The patterns of urban expansion observed in Astana align with broader findings
regarding the interconnectedness of urbanization, land transformation, and environmental
change. Wei and Ye argued that urban expansion should be viewed as part of a coupled
socio-environmental system, where land-use change, economic development, and ecolog-
ical processes evolve simultaneously. In Astana, the increase in built-up land has been
directly linked to reductions in cropland and grassland, as well as rising land surface
temperatures and declining moisture conditions in recent years. These patterns indicate
that urban growth is not merely a spatial transformation but a process that reshapes a city’s
environmental regime. Viewed through this integrated lens, Astana’s urbanization thus
links spatial transformation, ecological stress, and urban heat island dynamics within a
single analytical framework [21,59].

First, Astana’s urban growth has been rapid and increasingly fragmented in recent
years. The expansion of built-up land from approximately 450 km2 to 670 km2 at the
metropolitan scale between 2000 and 2020 underscores the magnitude of urbanization
driven by national development objectives and associated investments. Within the core
modeling extent, the 2010–2020 transition matrix revealed the continued conversion of
cropland and bare land to built-up uses, even as some vegetated patches emerged through
landscaping and urban greening initiatives.

The increase in built-up patch density and the spatial dispersion of new developments
point to a trend away from strictly compact growth towards a more polycentric and peri-
urban development pattern. This trajectory is not unique to Astana; similar patterns have
been documented in rapidly growing cities in other emerging economies. However, in
semi-arid environments, such fragmentation may carry heightened ecological costs by
breaking up already limited vegetated and moist patches [60].

Second, ecological indicators demonstrate that the impacts of urbanization extend
beyond land cover composition to micro-climatic and moisture regimes. The rise in the
mean normalized LST and the decline in wet values in the later period indicate that densifi-
cation and proliferation of impervious surfaces are intensifying local thermal conditions
and altering hydrological balances.

Although planned green spaces, riverine corridors, and greenbelt segments provide
localized cooling and moisture retention, they are embedded within an increasingly warm
and dry urban matrix that limits their effectiveness. Such conditions may exacerbate
heat-related health risks, increase the energy demand for cooling, and stress urban vegeta-
tion, particularly under projected climate change scenarios. The partial improvement in
moisture and greenness in the earlier phases suggests that well-designed green infrastruc-
ture can moderate these impacts; however, sustained expansion without strong ecological
safeguards risks the erosion of these gains [61,62].

In semi-arid environments, green infrastructure plays a crucial role in maintaining
ecological balance and mitigating climate-related environmental impacts. Makhambe-
tov et al. [63] demonstrated that the uneven distribution of green infrastructure in arid
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urban areas can exacerbate ecological inequality and weaken environmental resilience.
Similarly, Chen et al. [64] emphasized that the effectiveness of green infrastructure depends
not only on its size but also on its spatial arrangement and network connectivity, including
corridors and core ecological patches. In Astana, the Ishim River corridor, greenbelt areas,
and urban parks are vital ecological components that aid in cooling and moisture retention.
However, these elements should not be viewed as isolated land-cover units but as integral
parts of a cohesive ecological network. Strengthening this network through spatial prioriti-
zation and connectivity-based planning would significantly enhance the city’s ecological
resilience and improve the long-term sustainability of urban development.

Third, the CA-Markov simulations illustrate that policy-driven constraints can sub-
stantially alter the spatial patterns and ecological consequences of urban growth, even
over a relatively short time horizon. The BAU scenario continues the recent trends of out-
ward expansion along transport corridors and into peri-urban croplands and grasslands,
reinforcing the fragmented urban form and contributing to further loss of productive land.

In contrast, the EP scenario demonstrated that enforcing riparian setbacks, protecting
forest patches and greenbelt segments, and favoring densification can reduce the conver-
sion of croplands and grasslands, preserve ecological networks, and moderate landscape
fragmentation. Although the difference in the total built-up area between the two scenarios
appears moderate in absolute terms, the spatial configuration of this difference is critical:
EP concentrates growth in areas where ecological impacts are relatively lower, whereas
BAU allows for greater incursion into sensitive zones [65].

Caution is warranted, however, in translating these scenario outcomes directly
into policy guidance. The EP scenario assumes full implementation of planning
constraints—an assumption that may not hold where land markets, institutional capacity,
and enforcement mechanisms are still evolving documented how urban growth boundaries
can be effectively undermined by informal preurban expansion and fragmented munic-
ipal governance [66]. In Astana’s context, strengthening coordination between national
development objectives and municipal ecological frameworks would be a prerequisite for
achieving EP-type outcomes in practice.

These findings carry direct implications for urban planning in Astana and comparable
semi-arid cities. Integrating remote-sensing evidence of land-use and ecological dynamics
into statutory planning documents and zoning regulations is a necessary first step. The
observed and simulated patterns suggest that the strict protection of greenbelts and riparian
buffers is crucial for maintaining ecological connectivity and mitigating the urban heat
island effect. Second, the results support policies that encourage urban densification
and redevelopment within existing built-up areas, as opposed to the unlimited outward
expansion of urban areas. Such policies may include incentives for compact housing,
mixed-use development, and brownfield redevelopment. Third, this study highlights the
importance of aligning transport planning with ecological and land-use objectives, as road
corridors can strongly influence the direction and form of urban expansion.

From a methodological perspective, the integration of SVM classification, ecological in-
dices, and the CA-Markov model demonstrates the potential of combining remote sensing,
machine learning, and dynamic simulation for urban land-change studies in semi-arid en-
vironments. The high classification accuracy confirms the suitability of SVM for separating
spectrally similar classes, such as grassland and cropland, whereas the model’s scenario-
based structure allows for an explicit representation of policy constraints. At the same
time, this study also reveals limitations. The exclusion of detailed socioeconomic variables,
such as parcel-level land prices, investment pipelines, and fine-scale demographic data,
reflects data constraints rather than a theoretical disinterest in these variables. A further
limitation concerns the spatial precision of the 2030 CA–Markov projections. While model
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validation demonstrates acceptable change allocation accuracy (FoM = 0.12), residual errors
are disproportionately concentrated along transitional urban-fringe zones. The 2030 pro-
jections should therefore be interpreted as scenario envelopes characterising the direction,
scale, and broad spatial pattern of likely expansion, rather than as cell-level predictions of
individual land conversions.

A comparison of the development scenarios highlighted the crucial role of spatial
planning in reducing the ecological impacts of urban expansion in the region. Rimal
et al. [67] suggested that under BAU conditions, urban growth often occurs at the expense
of agricultural land, leading to long-term sustainability challenges. Similarly, Thapa and
Murayama [33] demonstrated that scenario-based planning can significantly influence the
spatial distribution of urban growth, particularly by protecting ecologically sensitive and
agriculturally valuable areas. In Astana, the BAU scenario is characterized by continued
outward expansion and landscape fragmentation, whereas the ecological priority scenario
promotes densification and limits encroachment into vital land resources. The primary
difference between these scenarios lies not only in the total extent of urban land but also
in its spatial configuration and the associated ecological costs. This finding underscores
the necessity of integrating ecological constraints into urban planning policies to achieve
balanced and sustainable development.

Finally, it is important to note that uncertainties arise at multiple stages in the work-
flow. Classification errors, particularly between spectrally similar classes, propagate into
the change detection and transition matrices. Although informative, ecological indices are
based on remote-sensing proxies rather than direct measurements of biophysical processes.
The simulation results are contingent on the model structure, parameter selection, and
scenario assumptions. Although validation against observed patterns helps constrain
these uncertainties, future research should explore ensemble modeling approaches, sensi-
tivity analyses, and the integration of complementary data sources to further strengthen
confidence in the findings.

5. Conclusions
This study provides an integrated assessment of past and future urban land use dy-

namics and their ecological implications in Astana, a rapidly growing semi-arid capital in
Central Asia. By combining multi-temporal Landsat imagery, SVM-based LULC classifica-
tion, ecological spectral indices, and CA-Markov based scenario simulations, this study
offers a detailed picture of how urban expansion has unfolded over the last two decades
and how it may evolve by 2030 under alternative policy frameworks.

The main conclusions of this study are as follows: First, Astana underwent substantial
urban expansion between 2000 and 2020, with an increase in built-up land at both the
metropolitan and core area scales. This expansion has been accompanied by significant
losses of cropland and grassland, as urban development has proceeded largely at the
expense of productive agricultural and semi-natural land. Landscape metrics showed that
built-up land has become more fragmented and dispersed, indicating a transition towards
a more polycentric and peri-urban form.

Second, the ecological indices derived from Landsat imagery revealed that urban-
ization has had tangible environmental consequences. Changes in moisture, greenness,
and land surface temperature suggest that while some zones have benefited from green-
ing and moisture improvements, especially in planned ecological corridors, the overall
trend in intensively urbanized areas is towards higher temperatures and, in recent years,
declining moisture. These changes raise concerns regarding urban heat island effects,
thermal comfort, and the resilience of urban ecosystems under continued development and
climate change.
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Third, CA–Markov simulations demonstrate that policy choices can meaningfully
alter the trajectory of land use change over the next decade. Under a business-as-usual
scenario, continued outward expansion further fragments the landscape and intensifies
competition between urban and nonurban land uses. The EP scenario, by enforcing
riparian and greenbelt protections and favoring densification, reduces cropland and grass-
land loss, enhances the spatial cohesion of vegetated patches, and moderates ecological
degradation—even though the total built-up area continues to grow.

Fourth, the methodological framework employed in this study, which combines SVM
classification, ecological indices, and CA-Markov based scenario simulation, proved ef-
fective for capturing both the compositional and configurational dimensions of land-use
change and linking historical dynamics with future possibilities. This approach is trans-
ferable to other semi-arid and continental cities facing similar urbanization pressures
and can be adapted to incorporate additional socioeconomic datasets as they become
available. More broadly, these findings contribute to an emerging body of evidence show-
ing that in post-Soviet capitals undergoing rapid state-led transformation, the spatial
form of urban growth is not simply a product of market forces and demographic pres-
sure but is deeply shaped by top-down investment decisions, symbolic urban projects,
and planning frameworks that may or may not incorporate ecological considerations.
This context-specific insight suggests that sustainable urban transitions in such settings
require not only technical planning instruments—such as scenario modeling—but also
institutional reforms that embed ecological accountability within national and municipal
governance structures.

For urban planners and policymakers in Astana, this study underscores the importance
of proactively integrating ecological considerations into land-use planning. Maintaining
and strengthening the greenbelt, protecting riparian corridors, guiding expansion along
less ecologically sensitive axes, and promoting compact urban forms are key strategies for
reconciling urban growth and environmental sustainability. Future research should refine
the integration of socioeconomic drivers, explore higher-resolution remote sensing data,
and extend simulations under multiple climate and policy scenarios to further support
robust evidence-based planning for Astana’s long-term development.
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