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ABSTRACT

Large-scale open-pit mining is a major driver of land-cover transformation in arid and semi-arid environments,
yet few studies integrate spatial driver analysis with long-term predictive modeling in such landscapes. This study
examines spatiotemporal land use/land cover (LULC) change at the Muruntau gold mine, Uzbekistan the world’s
largest open-pit gold mine operation using Landsat imagery from 1992, 2000, 2008, 2016, and 2024. LULC maps
were classified with a Support Vector Machine classifier (overall accuracy 91.42%, Kappa = 0.884) across six
classes: mine area, sparse vegetation, exposed rock, water, barren land, and built-up area. Five spatial drivers
(distance to the open-pit mine, roads, and water bodies, plus elevation and slope) characterized the anthropogenic
and topographic controls on LULC transitions and were integrated into a CA-Markov framework to simulate a
business-as-usual scenario for 2032. Barren land declined by 20.0% between 1992 and 2024, accompanied by
expansion of mine area (+35.5%), exposed rock (+42.0%), water bodies (+62.0%), and built-up area (+147.4%).
Transition matrix analysis showed decreasing land-cover stability with decreasing barren-land persistence (0.94,
1992-2016; 0.88, 2016-2024) and increasing conversion to exposed rock. Spectral indices (SAVI, NSMI, NDTI,
MBI, BSI) pointed out the southeastern sector as the main hotspot of surface disturbance. Barren land area is ex-
pected to decrease further to ~21,500 ha by 2032, while mine and exposed-rock areas continue to expand. These
results offer a spatially explicit basis for land reclamation planning and environmental management in large-scale
arid mining landscapes.

Keywords: Muruntau mine; LULC; remote sensing; CA-Markov model; environmental dynamics.

INTRODUCTION semi-arid zones. The utilization of natural re-
sources, though indispensable for economic

One of the most important human-induced  development, often leads to drastic changes in
agents of change of the land surface is large- the pattern of landscape and environmental sys-
scale mining operations, especially in arid and  tems. Mining at Muruntau started in 1967 by
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the state-owned enterprise Navoi Mining and
Metallurgical Combinat (NMMC, also known
as NGMK in Russian), and the mining opera-
tion is the world’s largest open-pit gold mine
(Kempe et al., 2016). Research focus has been
gradually shifting from large scale at territory
or regional scale to environmentally fragile ar-
eas like wetland (Badamfirooz & Mousazadeh,
2019; Malik & Rai, 2019) river basin (Deng et
al., 2015; Kabite et al., 2020) and other min-
ing areas (Basommi et al., 2016; Kamga et al.,
2020). Large-scale open-pit mining areas, es-
pecially those in arid and semi-arid regions,
are particularly vulnerable because intensive
mining activities may lead to dramatic chang-
es in land cover patterns, vegetation condi-
tions, soil surfaces, and hydrological processes,
while the low natural resilience of these eco-
systems may limit environmental recovery.
The mining area landscape is characterized by
mining and other human production activities.
The large-scale development of mining areas
can therefore result in substantial environmental
changes, including land degradation, alteration
of surface characteristics, disturbance of water
resources, and increased ecosystem fragility.
The land rehabilitation and reclamation of post-
mining land subsidence have complicated ef-
fects on the structure, composition and function
of ecosystem in mining area directly or indirect-
ly. Analysis of driving forces can reveal the law
of evolution and driving mechanism of regional
LULC change (Bai et al., 2013; Kabite et al.,
2020). Thus, understanding not only the mag-
nitude and spatial pattern of LULC change but
also the relative influence of its driving factors is
important for the development of effective land
reclamation strategies and sustainable land use
management in long-term mining landscapes.
Geographic information systems (GIS) and
remote sensing (RS) techniques provide use-
ful methods to understand, analyze and moni-
tor LULC over time in landscapes (Armin et
al., 2020; Kotaridis & Lazaridou, 2018). These
techniques have been widely applied to moni-
tor and assess spatial and temporal changes in
LULC (Hua, 2017; Mannan et al., 2019). In ad-
dition, Landsat periodic imagery data for a given
area is a reliable data source that can be used
for the estimation of LULC trends in the area.
GIS and RS techniques can represent the spatial
modeling methods (Nouri et al., 2014). Model-
ing, simulation and prediction of LULC changes

164

using temporal—spatial data are therefore essen-
tial to improve LULC planning and management.
However, forecasting future LULC dynamics in
mining areas is difficult, as land-cover transi-
tions are affected by multiple interacting envi-
ronmental and anthropogenic factors, and can
be highly heterogeneous across spatial scales.
The analysis of driving factors of LULC change
in environmentally fragile areas such as reservoir
area (Guan et al., 2019; Jing’an et al., 2018) is of-
ten based on the logistic regression model moun-
tainous area (Zhai et al., 2018), etc . And it is also
mostly used for analysis of driving factors of ur-
ban land use change (Jiang et al., 2015; Mei et
al., 2018). Using Conversion of Land Use and its
Effects at Small regional extent (Markov) model
we can take into account many kinds of factors,
preset multiple scenarios and visualize spatial
patterns of LULC under different scenarios (Sun
et al., 2016; Waiyasusri et al., 2016).

The future trend of LULC (change) is scenar-
io simulation based on prediction (Jing’an et al.,
2018; Zhu et al., 2010). Thus, the scenario simu-
lation is gradually evolving from a single model
to multiple integrated models (Cheng et al., 2019;
Zhou et al., 2020). Previous studies have shown
that support vector machines (SVM) model has
more ability to reveal the main driving forces and
interaction mechanisms of LULC change (Petro-
poulos et al., 2013; Vlachogianni et al., 2025).

However, there are several methodological
gaps in the assessment of mining landscapes, not-
withstanding the increasing application of LULC
simulation models. First, the spatial resolution
for the driving-factor analysis is generally cho-
sen based on data availability or subjective judg-
ment rather than objectively evaluated. Second,
the relationships between LULC transitions and
their driving factors are usually analyzed inde-
pendently from subsequent spatial simulation,
which limits the integration of driving-force anal-
ysis with future scenario prediction. Third, few
studies have systematically combined objective
spatial-scale determination, machine-learning-
based driving-factor analysis, and scenario-based
Markov simulation for long-term land-use plan-
ning in large-scale arid areas (Alikhanov et al.,
2024; Selmy et al., 2023). Addressing these gaps
is particularly critical for the Muruntau mining
region where decades of intensive gold mining
have produced substantial and persistent land-
scape transformation.
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This research is focus on the Muruntau min-
ing area, a large-scale open-pit gold mining land-
scape in the arid region of Uzbekistan. First, the
multi-temporal 30-m LULC data derived from
Landsat were used to determine a suitable spa-
tial resolution for driving-factor based analysis.
Then, an SVM based approach was used to char-
acterize the relationships between LULC changes
and their potential driving factors at the selected
spatial resolution. The results showed that the
selected driving factors were very powerful in
explaining the LULC changes. The information
obtained was then integrated in a Markov-based
modeling framework to simulate future LULC
patterns. The modeling framework was calibrated
against the observed 2024 LULC map and used
to simulate future 2032 LULC patterns under dif-
ferent development scenarios. The results gave
a scientific basis for land-reclamation planning,
sustainable land-use management, and the opti-
mum allocation and protection of land resources
in the Muruntau mining area.

MATERIALS AND METHODS

Study area

The Muruntau mine contains gold deposit,
which is located at 41°29" N latitude and 64°34' E
longitude within the Kyzylkum desert in central-
western Uzbekistan and the largest gold resource
in Eurasia (Drew et al., 1996). As shown in (Fig.
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1) it is some more than 400 km to the west of
the capital, Tashkent, and is served by the adja-
cent town of Zarafshan. The natural vegetation
of around the study area is sparse and dominated
by drought and salt-tolerant shrubs, grasses and
herbaceous species. Navoi‘s northern part is oc-
cupied by a vast desert. The desert is home to
xerophytic and halophytic flora, while the vegeta-
tion around the Kyzlkum desert is sparse (Fig. 3).
A precise methodological framework is em-
ployed to analyze satellite imagery spanning
multiple temporal periods. Key considerations
encompassed the selection of cloud-free imag-
es, the assurance of high spatial resolution, and
the maintenance of consistent acquisition dates.
Subsequently, the images are projected using
the Universal Transverse Mercator projection
(UTM). Their geographic location is accurately
determined using the World Geodetic System
1984 (WGS84) and the ellipsoid (Okiemute et
al., 2018). Landsat 5 TM and Landsat 8 OLI sat-
ellite imagery were acquired for the years 1992,
2000, 2008, 2016, and 2024 from the USGS Earth
Explorer (http://earthexplorer.usgs.gov/). Images
with less than 10% cloud cover were selected to
ensure data quality. All images were projected to
UTM Zone 41N (WGS84) to ensure spatial con-
sistency across scenes. A 30 m spatial resolution
was adopted, consistent with the native resolution
of the Landsat sensors used and with prior min-
ing-LULC studies employing similar imagery.
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Figure 1. Maps showing mining in the research area. Maps were generated using ArcGIS 10.8 for desktop
(http://www.esri.com/software/arcgis/arcgis-for-desktop)
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Figure 2. Diagram of the methodological process

Image processing

Preprocessing was performed using ArcGIS
Desktop 10.8 (Nath et al., 2022). The workflow as
shown in (Figure 2) included radiometric and geo-
metric correction, cloud and shadow masking mo-
saicking, and clipping to the study area boundary.
To maintain spectral consistency across sensors,
Bands 2-5 (TM) and Bands 4-7 (OLI) were used.

Ground control points (GCPs) were identified
using high-resolution imagery available in Google
Earth Pro to support accurate geometric registra-
tion and spatial alignment of the 30 m Landsat
datasets. For each study year, representative and
homogeneous training polygons were manually
delineated for each predefined LULC class. Train-
ing areas were selected to minimize mixed pixels
and to capture the within-class spectral variability
of the respective land-cover categories. Random
sampling was subsequently applied to the training
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polygons, resulting in 181-533 training samples
per year across the study periods.

The Landsat images were classified using a
Support Vector Machine (SVM) classifier. SVM
was selected because of its ability to effectively
distinguish spectrally complex and nonlinearly
separable land-cover classes, while maintain-
ing good classification performance with rela-
tively limited and heterogeneous training data.
The classifier was trained using representative
samples from each LULC class, and the result-
ing classification maps were visually inspected
against high-resolution Google Earth Pro im-
agery to verify the spatial plausibility and con-
sistency of the mapped land-cover patterns. Im-
portantly, the visual comparison was used as an
additional quality-control procedure, whereas
quantitative accuracy assessment was conducted
using independent validation samples that were
not involved in model training.
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Following classification, the LULC maps
were subjected to accuracy assessment using in-
dependent reference samples. The validated raster
datasets were subsequently converted to ASCII
format using the Raster to ASCII tool in ArcGIS
Desktop 10.8 to meet the input requirements of
the subsequent spatial modeling procedures. The
resulting LULC datasets were used to quantify
historical land-cover transitions and to construct
the transition probability matrices required for
the CA-Markov model. The validated historical
LULC maps were then used as inputs to simulate
future spatial patterns of LULC under the speci-
fied development scenario.

Assessment of the accuracy

Evaluating the accuracy and reliability of im-
age classification techniques is a crucial step in
the research process (Lu & Lu, 2023). The stud-
ies have focused on the validation of the model
and accuracy of making a reliable LULC survey
(Ruuska et al., 2018). In this study Kappa statis-
tics and total accuracy were used to evaluate the
performance of classification maps. The land use
map, land cover classification and ground refer-
ence data were used to calculate an error matrix.
Some of the metrics identified are product accu-
racy, user accuracy, overall accuracy and Kappa
coefficient (Foody, 2020). The overall accuracy
was computed as the percentage of pixels that
were correctly classified in the confusion matrix
as Eq. (1). The Kappa index indicated the degree

of agreement between the classified map and
the reference data used (Twele et al., 2016). The
two measures are calculated using the following
equations:

Overall accuracy = % * 100% (1)

where: D is the total number of correct calls
summed along the major diagonal and T
is the total number of correct calls in the
error matrix.

The Kappa index is calculated as follows:

{r}(Y{n+}Y{+n})

@ = frac{< T Z -
{n=1}

O (Ynsrv,,,)
2 {+n}
{T ~ L=y

where: T is the total number of cells in the er-
ror matrix, » is the number of rows in the
matrix, Y is the total number of correct
cells in a class (i.e., value in row n and
columnn), Y _is the total forrow n, Y, is
the total for column #.

J )

Kappa indices are important tool to assess
the accuracy of maps since they give informa-
tion about how close the results are. Kappa val-
ues of 75% or above indicate high consistency
between the maps, kappa values between 50%

Figure 3. Muruntau mine area, showing: (a) mine area, (b) sparse vegetation, and (c) barren land
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and 75% indicate an average degree of agree-
ment, and kappa values below or equal to 50%
indicate poor agreement (El Baroudy, 2016;
Rendana et al., 2015). Wang & Zheng (2023)
simulated the land use and land cover in 2024
using the classified images from 1992 and 2024
to examine the ability of the CA-Markov model
to predict the future land use and land cover
states and validated the CA-Markov model.
The validation module is used to compare the
simulated area and real area of each land use
and land cover class. The Kappa index is a
suitable indicator; therefore, land use and land
cover can be predicted for 2032.

Land use and land cover change detection

Analyzing these changes (LULCC) is es-
sential to identify the particular changes in dif-
ferent land use categories (Spruce et al., 2020).
The land cover change detection map is used to
assess and examine the temporal changes in land
use and land cover within the defined area. The
equation Eq. (3) mentioned below is applied to
estimate the size of the changes that occurred in
each category:

Ci = Ri - Bi (3)

where: Ci represents the change in extent for the
class i, Bi denotes the base image, and Ri
is the most recent image.

The percentage change for each LULC class
is calculated using the following equation Eq. (4):

_ R — B

5 )

where: Pi denotes the percentage shift for the
class i, and Bi denotes the base image,
and R, is the most recent image.

The classified LULC maps for 1992, 2000,
2008, 2016, 2024, and the projected 2032 scenar-
io are presented in (Fig. 4), illustrating the spa-
tial redistribution of land-cover classes across the
study period. The corresponding areal extent and
classification accuracy for each class and year are
summarized in Table 1.

Spatial driver analysis to mining

The accuracy prediction of the CA-Markov
model is highly dependent on the selection of
appropriate spatial driving factors representing
the dominant processes of LULC change. For the
Muruntau mining area, five spatial drivers were
selected: Euclidean distance to the open-pit mine,
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Figure 4. The LULC types maps of 1992, 2000, 2008 and 2016, 2024 and 2032. Maps were generated using
ArcGIS 10.8 for desktop (http://www.esri.com/software/arcgis/arcgis-for-desktop)
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Table 1. LULC classification for 1992, 2000, 2008, and 2016, 2024 and 2032

vear | Mineares | it | Voo | et | o | “aea | scomonts| KePPR
1992 | 247266 | 404.91 2166.30 267.39 32468.40 568.53 92.27 0.9023
2000 | 3071.34 | 42885 2140.56 251.55 31941.72 514.17 88.70 0.8460
2008 | 365526 | 392.67 2436.12 640.26 30685.41 538.47 89.43 0.8551
2016 | 4074.66 | 279.18 3740.31 435.51 20175.84 | 642.69 93.25 0.9082
2024 | 5279.04 | 214.65 4490.91 813.33 | 26848.35 701.91 93.48 0.9084
2032 | 715446 | 27576 6378.75 1317.6 | 2148543 | 1736.19 92.27 0.9023

Euclidean distance to roads, Euclidean distance
to water bodies, elevation and slope. These var-
iables are the main anthropogenic, accessibility,
topographic and environmental controls of LULC
transitions in arid mining landscape. Each varia-
ble was used as conditioning factor to assess the
appropriateness of locations for transition be-
tween LULC classes based on the principle that
the effect of anthropogenic features generally de-
creased with increasing distance.
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Euclidean distance to the open-pit mine is
a proxy of mining-related disturbance intensity
and is expected to influence the expansion of dis-
turbed land and waste-dumping areas. Euclidean
Distance to roads is an indicator of accessibility
and transportation networks that facilitate mining
activities and built-up expansion. Topographic
constraints include elevation and slope, which af-
fect land-use suitability, construction feasibility,
drainage, and erosion. In the water-limited Kyzyl
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Figure 5. Spatial datasets used for the 30 m resolution GIS-based analysis prepared in ArcGIS: (a) digital
elevation model (DEM), (b) Euclidean distance from water bodies (EWM), (c¢) Euclidean distance from roads
(ERM), (d) Euclidean distance from mining pits (EPM), (e) slope, (f) soil adjusted vegetation index (SAVI), (g)
normalized soil moisture index (NSMI), (h) normalized difference tillage index (NDTI), (i) modified bare soil
index (MBI), and (j) bare soil index (BSI). All layers were generated at a spatial resolution of 30 m using ArcGIS
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Kum Desert, the distribution of vegetation, de-
velopment of settlements and mining activities
are dependent on water availability, and therefore
distance to water bodies is a significant environ-
mental factor. The combined effect of these five
driving factors provides a spatial explicit rep-
resentation of the major physical and anthropo-
genic controls on LULC transitions and allows
for realistic simulation of future landscape pat-
terns in the Muruntau mining area.

In addition to these five spatial drivers and five
spectral indices (SAVI, NSMI, NDTI, MBI and
BSI) were computed to characterize vegetation, soil
moisture, and surface disturbance; these indices
were used for descriptive interpretation of degrada-
tion patterns in result section and were not included
as inputs to the CA-Markov transition model.

Soil-adjusted vegetation index (SAVI): Veg-
etation greenness is one of the most important
channels of measuring the health of an ecosys-
tem, especially in drylands where the vegeta-
tion cover is thin and vulnerable to interference.
Soil-Adjusted Vegetation Index (SAVI) was cho-
sen over NDVI because it removes the problem of
soil brightness under low vegetation cover which
is also a common occurrence in the Kyzylkum
Desert. SAVI is formulated as Eq. (5):

(NIR — Red)

SAVI =
(NIR + Red + L)

a+1L O

where: (L = 0.5) is the soil adjustment factor.
Larger SAVI values signify the denser
and healthier vegetation, indicating lower
environmental stress (Huete, 1988).

Normalized soil moisture index (NSMI): is a
spectral index used to characterize variations in
soil moisture from satellite reflectance. (Haubrock
et al., 2008) proposed NSMI based on the differ-
ence between reflectances at two wavelengths as
shown in Eq. (6):

Ri— R;
NSMI = R+ R (6)
where: Rj is the reflectance at the higher wave-
length and Ri is the reflectance at the
lower wavelength. For Landsat appli-
cations, a commonly used SWIR for-
mulation is NSMI=(SWIR1-SWIR2)/
(SWIR1+SWIR2).
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Normalized difference tillage index (NDTI):
is used to characterize crop residue and tillage
conditions because SWIR reflectance is sensitive
to dry plant residues and soil characteristics. The
index is calculated as Eq. (7):

_ SWIR1 — SWIR2
" SWIR1 + SWIR2 7

NDTI

For Landsat, this corresponds approximately
to reflectances near 1650 nm and 2215 nm. The
index is attributed to (van Deventer et al., 1997),
and was subsequently used extensively for till-
age/residue mapping.

Modified bare soil index (MBI): was devel-
oped by (Nguyen et al., 2021) to enhance the de-
tection of bare-soil surfaces and distinguish them
from vegetation and built-up areas. It incorporates
SWIR1, SWIR2 and NIR reflectance as in Eq. (8):

(SWIR, — SWIR, — NIR)

MBI =
(SWIR, + SWIR, + NIR + 05) )

Bare soil index (BSI): The direct effect of
land degradation is soil exposure, especially in
the regions where mining causes deforestation
and compaction. Bare Soil Index (BSI) is a spec-
tral contrast method used to improve the spec-
tral difference between mineral surfaces, which
is a product of visible and shortwave infrared as
shown in Eq. (9):

_ (Red + SWIR) — (NIR + Blue)

BSI =
(Red + SWIR) + (NIR + Blue) ©)

Large values of BSI signify a lot of bare
ground, disturbed ground, or manmade surfaces
that are the indicators of environmental degrada-
tion in arid areas (Metternicht & Zinck, 2003).

LULC change prediction using Cellular
Automata Markov model

The cellular automata-Markov (CA-Markov)
model is a methodology that combines cellular au-
tomata and Markov chains. This approach aims to
predict future trends and characteristics of LULC
change. The model of cellular automata considers
the uncertainty associated with various factors,
including the model components’ relationships,
the model design, and the quality of the data
used as input (Palmate et al., 2022). On the other
hand, the CA-Markov approach concentrates on
the local interactions of cells, considering their
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behavior in space and time. This method benefits
from suitable computational capabilities for dy-
namic simulation and visualization.

In this study, the CA-Markov model was
implemented in custom Python 3 workflow in
Google Colab (NumPy, SciPy, rasterio, scikit-
learn). Transition suitability (transition-potential)
maps for each LULC class were derived from a
per-class binary Random Forest classifier (300
trees), trained to distinguish pixels that transi-
tioned into the target class from those that did not,
using driver variables evaluated at the beginning
of each transition period. The per-class transition
potentials were then combined with a 3x3 neigh-
borhood contiguity term ( = 0.35) and a persis-
tence term, and allocated under a demand-driven
scheme in which the Markov chain defines the
target pixel count (demand) per class at t+1 and
a greedy attractiveness ranking fills that demand
until exhausted.

RESULTS AND DISCUSSION

The Figure 5 presents a comprehensive multi-
panel visualization of ten spatial datasets, gener-
ated at a 30-meter resolution in ArcGIS, to char-
acterize the topographic, proximity, and spectral
properties of the study area. The first row displays
physical and distance-based variables: the digital
elevation model (a) reveals an elevation gradi-
ent ranging from 0.24 to 0.69 km, while the Eu-
clidean distance maps delineate the spatial influ-
ence of water bodies (b, up to 12.37 km), road
networks (c, up to 4.79 km, clearly outlining the
infrastructure), and mining pits (d, up to 0.28 km,

highlighting concentrated extraction zones in
the southeast). The slope map (e) indicates ter-
rain steepness up to 38.72 degrees. The subse-
quent rows display derived spectral indices: the
soil adjusted vegetation index (f) and normalized
soil moisture index (g) map vegetation cover and
soil moisture (ranging up to 0.84), respectively,
with the latter identifying distinct high-moisture
zones. Finally, the normalized difference tillage
index (h), modified bare soil index (i), and bare
soil index (j) effectively isolate surface distur-
bances, with the bare soil indices clearly demar-
cating areas of exposed earth (shown in brown
and red hotspots) that spatially correspond to the
identified mining areas. Each map is oriented
with a north arrow and includes a 20 km scale bar
for spatial reference.

Figure 6 illustrates the temporal evolution of
the LULC classes between 1992 and 2024, to-
gether with the projected (2032) scenario. Barren
land remained the dominant class throughout the
study period but exhibited a continuous decline,
decreasing from approximately 32,500 ha in 1992
to about 26,800 ha in 2024, and is projected to
contract further to roughly 21,500 ha by 2032. In
contrast, mine area more than doubled over the ob-
servation period, expanding from about 2,400 ha
in 1992 to nearly 5,200 ha in 2024, and is expected
to reach approximately 7,200 ha by 2032. Exposed
rock followed a similar upward trajectory, increas-
ing from around 2,100 ha to about 4,500 ha during
1992-2024 and projecting to roughly 6,300 ha in
2032. Water bodies and built-up area showed mod-
est but steady gains, whereas sparse vegetation, a
minor component throughout (< 500 ha), declined
slightly over time. The persistence of these trends
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Il Mine Area [ Sparse Vegetation [ Exposed Rock HE Water
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Figure 6. Temporal changes in land use/land cover (LULC) classes in the study area for 1992-2024, with the
projected scenario for 2032
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Figure 8. The change in area of LULC for the years 1992 to 2024 and 2032 is the predicted area by using the
CA-Markov projection

in the 2032 projection indicates a progressive in-
tensification of mining-related land disturbance.
The Figure 7 indicates that the analysis has
shown a significant anthropogenic alteration of
the landscape, mainly due to the large reduc-
tion in barren land (-5,363 ha; -20.0%), which
has been extensively replaced by other land
cover types. The biggest proportional increase
was seen in urban areas (+1,034 ha, 147.4%),
representing high rates of urban growth and in-
frastructure development. In parallel, large in-
creases in both the size of the mines (+1,875 ha;
+35.5%) and exposed rock (+1,888 ha; +42.0%)
were found, reflecting high-intensity extractive
operations and related surface disturbance. In
addition, water bodies increased significantly by
62.0% (+504 ha) which may be due to hydro-
logical changes caused by mining or water-filled
excavations. All these changes together indicate
an area in a state of fast change, caused by urban
development and by mining, and with important
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consequences for land degradation and environ-
mental management.

The transition matrices (Fig. 9) show the dy-
namics through time and stability of land cover
classes over three different periods. The six land
cover classes have different persistence and con-
version probability. Barren land (0.94) and mine
area (0.79) and exposed rock (0.65) were the less
changeable land cover classes during the cali-
bration period (1992-2016). But the transition
patterns over the last five years (2016-2024) are
different. The persistence of the mine area in-
creased (0.86), and the stability of the barren
land decreased slightly (0.88), indicating the in-
creased rate of landscape changes. Water bodies
were particularly volatile, moving substantially
to exposed rock (0.47 in calibration; 0.16 in re-
cent). Built-up areas had low persistence across
all periods (0.41, 0.13 and 0.45 respectively),
reflecting high rates of conversion to other land
cover types, particularly exposed rock (0.45 in



Ecological Engineering & Environmental Technology 2026, 27(12), 163-176

Calibration (1992-2016 avg)
[for validation, raw]

Recent (2016-+2024)
[raw]

Production [recent]
[amplified x 2.5]

Figure 9. The transition matrices over LULC for three distinct period

recent). The production matrix with increased
transition probabilities (x2.5) projects greater
land cover dynamics with lower values of di-
agonal persistence (0.45-0.71) and higher off-
diagonal transition probabilities, especially from
barren land to exposed rock (0.29) and from wa-
ter to exposed rock (0.34), together indicating a
faster pathway of land degradation and surface
modification in the following period. The over-
all classification accuracy was 91.42% and Kap-
pa coefficient was 0.884 indicating substantial
agreement between the classified and reference
data set. Given this low classification reliability
for the Built-up Area class, trends reported for
this class (Fig. 6-8) should be interpreted with
caution and are discussed as indicative rather
than precise quantitative estimates.

Our predicted LULC changes are in line
with the previous applications of the CA-Mar-
kov model in mining areas. CA-Markov has
been found useful in predicting mining related
land use/land cover (LULC) changes (Chang
et al., 2021; Bensouda et al., 2026; Indawati et
al., 2026). Similarly, studies in coal- and gold-
mining regions have predicted future loss of
vegetation, and expansion of disturbed land and
environmental degradation with continued min-
ing activities. The bare soil and low vegetation
areas in the Huainan mining area are expected
to increase in the future (Zhang et al., 2023).
The results support the applicability of the CA-
Markov for prediction of future LULC dynam-
ics in mining-affected landscapes. However, the
predictions are plausible scenarios under the
influence of the intensity of mining, reclama-
tion, policy, socioeconomic development, and
climate variability.

Notably, the transition probabilities observed
for 20162024 differ markedly from those of the

1992-2016 calibration period (Fig. 9), indicating
that LULC transitions in this landscape are non-
stationary. As the CA-Markov projection assumes
stationary transition probabilities beyond the cali-
bration period, the 2032 projection should be in-
terpreted as one plausible trajectory rather than a
precise forecast.

CONCLUSIONS

This study presents an integrated, spatially
explicit assessment of LULC dynamics at the
Muruntau mine for over three decades, inte-
grating multi-temporal Landsat classification,
driver-based spatial analysis, and CA-Markov
simulation. The results showed significant an-
thropogenic change where barren land decreased
by 20.0% from 1992 to 2024 and the mine area,
exposed rock, water bodies, and built-up area in-
creased with a proportional increase of 147.4%
for built-up area. The Landsat imagery spectral
indices (SAVI, NSMI, NDTI, MBI, BSI) consis-
tently showed the southeast part of the study area
to be the main surface disturbance area associated
with active extraction and related infrastructure.

Transition-matrix analysis indicates that land-
scape stability has declined over time: barren land
and mine area, the most persistent classes dur-
ing the 1992-2016 calibration period, showed
increased conversion rates in 2016-2024, while
water bodies and built-up areas remained com-
paratively volatile throughout. Business-as-usual
projections to 2032 suggest this trajectory will
continue, with further contraction of barren land
and expansion of mine area and exposed rock.

The results highlight the scale and speed of
landscape change driven by mining in the Ky-
zyl Kum Desert, and indicate a definite need for
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targeted land-reclamation planning, environmen-
tal monitoring and phased environmental restora-
tion in the identified hotspot of degradation. Giv-
en the observed shift in transition probabilities
between the calibration and recent periods, future
work should treat Markov-based projections as
one plausible trajectory rather than a fixed fore-
cast, and should incorporate periodic recalibration
as new imagery becomes available. The approach
demonstrated here linking classified LULC data,
spatial driver layers, and CA-Markov simulation
offers a transferable framework for monitoring
and planning in other large-scale arid mining
landscapes facing similar pressures.
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