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Abstract

Arid hydrocarbon landscapes are challenging to assess because surface temperatures, sparse vegetation, and
exposed soils may reflect natural dryland conditions and local surface modification. This study applied a
reproducible, sensitivity-tested Landsat-based framework to characterize surface environmental conditions
within and around the Shurtan gas field, Uzbekistan, during 2014-2025. Annual June—September composites
were generated from 484 Landsat 8 and Landsat 9 Collection 2 Level-2 scenes in Google Earth Engine (GEE).
Land-surface temperature (LST), the Modified Soil Adjusted Vegetation Index (MSAVI), and the Bare Soil Index
(BSI) were normalized and integrated into the Surface Environmental Condition Index (SECI), a relative
composite in which higher values indicate warmer surfaces, lower soil-adjusted vegetation signal, and stronger
bare-surface expression. Indicator weights were derived using the CRiteria Importance Through Intercriteria
Correlation (CRITIC) method. Patterns were evaluated through zonal statistics, land-cover stratification, high-
SECI frequency and persistence, the Mann—Kendall trend test, Sen slope estimation, and sensitivity analyses
of normalization, spatial extent, and indicator selection. CRITIC assigned weights of 0.428 to LST, 0.324 to
inverse MSAVI, and 0.248 to BSI. Mean SECI was higher in the analytical field core (0.863) than outside the
field core within the 10-km analysis extent (0.698). Persistent high-SECI conditions occupied 19.8% of the field
core, compared with 10.2% outside it. High SECI values occurred mainly in dryland natural vegetation and
bare or sparse surfaces, underscoring land-cover context. Significant increasing SECI trends (p < 0.05)
covered 51.8% of the field core and 44.0% of the 10-km analysis extent, whereas significant decreasing trends
occupied only a limited area. Sensitivity tests showed stability across alternative normalization schemes and
spatial extents, while LST was the most influential component. The framework provides a spatially explicit
baseline for monitoring changing surface environmental conditions in arid gas-field landscapes and for
directing future studies that integrate operational, climatic, and field observations.

Keywords: Bare Soil Index, CRITIC Method, Land-Surface Temperature,
Modified Soil Adjusted Vegetation Index, Surface Environmental Condition Index

1. Introduction temperatures, which are also the same satellite-

1.1 Background and Motivation

Drylands cover about 41% of the global land surface
and are characterized by soil-moisture limitation
caused by low precipitation and high evaporative
demand [1]. These conditions produce naturally
sparse vegetation, extensive exposed mineral
surfaces, and high summer land-surface
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observed properties often used to indicate land
degradation or surface disturbance [2] and [3].
Previous studies of dryland degradation assessment
have shown that vegetation-index patterns and trends
are strongly affected by rainfall variability, land use,
grazing, and other background environmental
controls, making it difficult to infer degradation or
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human impact from a single spectral or thermal
indicator alone [4] and [5]. Therefore, a defensible
satellite-based assessment in arid regions should first
establish the observable surface condition, its spatial
distribution, temporal persistence, and trend behavior
before assigning causal explanations to the mapped
patterns.

Oil and gas fields in arid and semi-arid
landscapes represent a specific case of dryland
surface monitoring, where natural aridity may
coincide with infrastructure-related land-cover
modification. Previous studies in comparable regions
have reported vegetation-production losses [6],
shrubland and grassland reduction associated with
production intensity [7], replacement and
fragmentation of native vegetation by well pads and
roads [8], increased potential for dust emission from
disturbed surfaces [9], and vegetation and habitat
impact near gas infrastructure in semi-arid
Uzbekistan [10]. These findings indicate that
vegetation condition, exposed soil, and land-surface
temperature are relevant variables for satellite-based
screening of surface conditions around hydrocarbon
infrastructure, while causal interpretation requires
additional explanatory data on infrastructure,
production, land use, and local environmental
factors. Remote sensing has also been applied to
environmental impact assessment in other extractive
landscapes, including the monitoring of mining-
related  surface  changes and  associated
environmental conditions [11].

Central Asia is predominantly arid or semi-arid
and is characterized by strong spatial contrasts
between deserts, rangelands, irrigated land,
settlements, and industrial surfaces. Regional
analysis of Normalized Difference Vegetation Index
(NDVI) dynamics for 2001-2020 reported a low
mean vegetation signal and substantial geographic
heterogeneity, with vegetation changes related to
both climatic and human factors [12]. This makes a
single vegetation threshold unsuitable for comparing
different surface types across Central Asian drylands.
The Shurtan gas field belongs to the southeastern
Bukhara—Khiva region of the Amu Darya petroleum
basin [13]. Intensive deep drilling and geophysical
surveys have been conducted in the region since the
1950s [14]. The field includes gas and gas-
condensate accumulations, and approximately 200
boreholes have been reported in this area; recent
production-related  observations indicate that
operational activity is concentrated mainly in the
central and eastern to southeastern parts of the field
[14]. However, to the best of our knowledge, no
previous study has provided a Landsat time-series
assessment specifically for the Shurtan gas field that
jointly examines land-surface temperature, soil-
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adjusted vegetation signal, and bare-surface
expression. Such an assessment is needed because
land-monitoring ~ guidance = emphasizes  the
interpretation of land-cover and productivity-related
evidence against a baseline and within land-cover
context [15], which is particularly important in
heterogeneous arid industrial landscapes.

1.2 Review of Related Approaches

Several alternative approaches could be used for
land-condition assessment, but their suitability
depends on the research objective and available data.
Principal Component Analysis (PCA)-based Remote
Sensing Ecological Index (RSEI) models reduce
subjective weighting by combining greenness,
wetness, dryness, and heat into a principal
ecological-quality component [16] and [17].
However, conventional RSEI may suffer from
temporal comparability problems because PCA
loadings and component signs can vary between
image dates; this limitation has motivated the
development of time-series RSEI modifications
specifically designed to improve stability through
time [18] and [19]. Geographic Information System-
based Multi-Criteria Decision Analysis (GIS-
MCDA), including Weighted Linear Combination
(WLC), AHP, and fuzzy-AHP approaches, is widely
used to integrate heterogeneous environmental
indicators and generate spatially explicit composite
assessments [20] [21] and [22]. However, AHP and
fuzzy-AHP approaches rely on expert pairwise
comparisons and consistency assessment [23] and
therefore require a defensible expert-weighting
framework and locally validated auxiliary data for
environmental applications [21] and [22].
Information-entropy principles provide a theoretical
basis for entropy-based weighting [24], while data-
driven weighting approaches have been considered
within multiple-criteria decision-making
frameworks [25]. The CRITIC (CRiteria Importance
Through Intercriteria Correlation) method derives
objective weights from indicator contrast and inter-
indicator correlation, thereby reducing dependence
on expert judgment [26]. Machine-learning methods
such as Random Forest (RF) and Extreme Gradient
Boosting (XGBoost) can classify desertification or
degradation patterns from multiple spectral indices,
but they require reliable training and validation
samples [27]. Regression and fixed-effects panel
models are more suitable for causal attribution
because they incorporate explanatory variables such
as wells, production volume, infrastructure, land
cover, and climate, as demonstrated for the Permian
Basin [7]. Small Baseline Subset Interferometric
Synthetic Aperture Radar (SBAS-InSAR) and multi-
temporal InSAR are effective for mapping
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hydrocarbon-related ground deformation, but they
measure displacement rather than optical-thermal
surface conditions [28] and [29].

1.3 Research Gap, Study Rationale, and Objectives

For the Shurtan gas-field area, the available data
situation differs from the requirements of causal,
expert-driven,  supervised  classification, or
deformation-only approaches. Spatially explicit time
series of infrastructure expansion, production
intensity, field-validated degradation classes, soil
properties, and surface-moisture observations are not
available at a resolution and temporal coverage
comparable to Landsat. At the same time, Landsat
provides a consistent multi-year record of land-
surface temperature, vegetation response, and bare-
surface expression, which are widely used as
observable indicators in dryland and oil/gas
landscape monitoring [2] [7] and [10]. A suitable
method for this study must therefore be reproducible,
based on consistently available satellite indicators,
avoid subjective expert weights, account for
correlation among indicators, and allow explicit
sensitivity testing. Among objective weighting
methods, CRITIC is appropriate for this purpose
because it accounts for both indicator contrast and
inter-indicator  correlation, thereby  reducing
redundancy among statistically related indicators
[26]. Therefore, this study uses the long Landsat
record and an objectively weighted composite-index
framework to characterize the spatial distribution,
temporal persistence, trends, and methodological
robustness of observable surface environmental
conditions within and around the Shurtan gas field.
The resulting SECI is defined as a relative composite
descriptor derived from land-surface temperature,
inverse soil-adjusted vegetation signal, and bare-
surface expression. Higher SECI values indicate a
combination of relatively warmer, less vegetated,
and more exposed surfaces within the selected
analysis domain and period. SECI is not interpreted
as a direct measure of environmental degradation,
ecological stress, or gas-production impact. The
scientific contribution of this study lies in applying a
reproducible and sensitivity-tested Landsat-based
assessment framework to an arid gas-field landscape
with limited auxiliary data. The framework further
evaluates the persistence, trend behavior, and
methodological sensitivity of the mapped surface-
condition patterns.

The aim of this study is to assess the spatial and
temporal variability of surface environmental
conditions within and around the Shurtan gas field
using Landsat-derived indicators and an objective
composite-index framework. The specific objectives
are: (i) to construct annual warm-season Landsat
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composites for 2014-2025; (ii) to derive surface-
temperature, vegetation, and bare-soil indicators
suitable for arid environments; (iii) to integrate these
indicators into the Surface Environmental Condition
Index (SECI) using objective weighting; (iv) to
compare SECI patterns between the analytical field
core and its surrounding area; and (v) to evaluate
hotspot  persistence, trend significance, and
sensitivity to normalization, indicator selection, and
analysis extent.

2. Methodology

2.1 Study Area

The study area is centered on the Shurtan gas field in
southern Uzbekistan, within the southeastern
Bukhara—Khiva region of the Amudarya Basin
(Figure 1). The Shurtan field is located within the
Beshkent depression of the southeastern Amu Darya
Basin. Regional petroleum-system studies identify
Upper Jurassic carbonate successions as important
hydrocarbon-bearing units within the basin [30].
Lower Cretaceous siliciclastic reservoirs and
associated stratigraphic traps have also been
documented in the broader Kopeh Dagh—Amu Darya
Basin [31]. This geological setting is described only
as regional background information. Geological
units were not included in the SECI workflow
because the index was designed to characterize
observable surface environmental conditions derived
directly from multi-year Landsat indicators, namely
land-surface temperature, soil-adjusted vegetation
response, and bare-surface expression. In addition,
generalized surface geological classes are static over
the 2014-2025 observation period and may not
adequately represent subsurface reservoir structure,
production intensity, or local surface disturbance.
Therefore, geology was not used as an index
component, weighting criterion, or classification
variable.

The area is characterized by an arid lowland
environment, sparse vegetation, high summer
temperatures, exposed surfaces, irrigated and non-
irrigated land-cover mosaics, and locally developed
settlement and infrastructure corridors. These
background conditions are important because low
vegetation cover, high bare-surface expression, and
elevated land-surface temperature may occur
naturally in drylands and should not be interpreted
individually as evidence of local disturbance.

For this reason, the spatial framework was
designed to compare the field-centered surface
pattern with the surrounding arid context rather than
to infer causality from the field boundary alone. The
Shurtan field has been investigated and developed
over several decades; previous geodetic work reports
long-term drilling and geophysical exploration,
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approximately 200 boreholes, and operational
activity concentrated mainly in the central and
eastern parts of the study area [14]. These data
provide useful regional and operational context, but
they were not used to construct the SECI, define the
analytical boundary, or assign index weights.

The study design distinguishes between a core
field area (FIELD) and a broader region of interest
(ROY) in order to analyze both field-centered surface
conditions and the surrounding environmental
background (Figure 1). In the analysis, the field area
is represented by an analytical rectangular field core
bounded by 65.80°-66.20°E and 38.40°-38.60°N.
This polygon is used only as a reproducible
analytical unit for zonal comparison and should not
be interpreted as an official license, administrative,
or production boundary. The main ROI was
generated as an exact 10-km rectangular buffer
around the analytical field core. This distance was
used as a pragmatic baseline analysis extent, not as
an assumed impact radius or production boundary.
Comparable kilometre-scale analysis buffers have
been used in remote-sensing studies of mining and
energy-infrastructure landscapes [32] and [33]. The
10-km ROI was used for SECI normalization,
mapping, and zonal statistics. To test sensitivity to
spatial extent, additional ROI buffers of 5, 15, 20,
and 25 km were used; these alternative extents were
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not treated as separate study zones and are not shown
in Figure 1.

Land-cover information was included to
characterize the surface context of the study area and
to support interpretation of the Landsat-derived
indicators. ESA WorldCover 2021 was used because
it provides a global land-cover product at 10 m
spatial resolution based on Sentinel-1 and Sentinel-2
data and includes 11 land-cover classes [34]. For this
study, the original WorldCover classes were
regrouped into broader categories for cartographic
interpretation: natural vegetation, cropland, built-up
areas, bare or sparse surfaces, water/wetland, and
other classes. As shown in Figure 1, the analytical
field core and surrounding ROI include a
heterogeneous land-cover mosaic, with extensive
open or sparsely covered surfaces, cropland areas,
built-up patches and infrastructure corridors, and
limited water or wetland features. This land-cover
context was used for interpretation, masking of
water/wetland pixels where necessary, and stratified
descriptive statistics. It was not included as a
weighted SECI component because SECI was
constructed exclusively from Landsat-derived
indicators: land-surface temperature, soil-adjusted
vegetation response, and bare-surface expression.
Geological setting was described only as regional
background information and was not used as an input
layer in the SECI workflow.
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Figure 1: Location and spatial framework of the Shurtan study area, Uzbekistan
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Figure 2: Schematic workflow of SECI construction and analysis

2.2 Landsat Data Processing and SECI Construction
The methodological workflow is summarized in
Figure 2. The analysis used Landsat 8 and Landsat 9
Collection 2 Level-2 surface reflectance and surface
temperature  products for 2014-2025, ESA
WorldCover 2021 land-cover data, and vector layers
representing the analytical field core, ROI, roads,
rivers, and settlement locations. Landsat Collection 2
Level-2 products provide atmospherically corrected
surface reflectance and surface temperature products
[35]. ESA WorldCover 2021 was used only to
characterize land-cover context, support
water/wetland masking, and provide stratified
descriptive statistics; it was not included as a
weighted SECI component. All satellite raster
processing was performed in the GEE cloud
environment using JavaScript in the Code Editor
[36], while final cartographic layouts were prepared
in ArcGIS.

After seasonal and spatial filtering, 484 Landsat
scenes were retained for the 2014-2025 JJAS
analysis, including 360 Landsat 8 scenes and 124
Landsat 9 scenes. Annual scene availability ranged
from 28 to 62 scenes per year: 28—32 scenes per year
during 2014-2021, when only Landsat 8 was
available in the dataset, and 60—62 scenes per year
during 2022-2025 after the inclusion of Landsat 9.

The monthly distribution was balanced, with 120
scenes in June, 120 in July, 124 in August, and 120
in September. Scene-level cloud cover was generally
low for most images, with a mean of 4.85% and a
median of 0.13%, although the maximum scene-level
cloud cover reached 72.37%. Cloudy, shadowed,
cirrus-affected, saturated, and high-aerosol pixels
were removed during pixel-level preprocessing. The
study area was covered by four WRS-2 footprints:
path/row 155/33, 155/34, 156/33, and 156/34.
Annual warm-season composites were generated
for June—September (JJAS) to ensure interannual
comparability under a consistent warm- and dry-
season observation window. This warm-season
design does not characterize spring or cool-season
vegetation dynamics; therefore, the resulting SECI
patterns and trends are specific to JJAS conditions
and should not be generalized to the full annual cycle.
Clouds, cloud shadows, cirrus, snow, fill pixels,
radiometrically saturated observations, and high-
aerosol  observations were masked using
QA PIXEL, QA RADSAT, and SR QA AERO
SOL according to the Landsat Collection 2 Level-2
quality-assurance definitions [35]. Although high-
aerosol observations were removed, residual aerosol
effects may remain in dusty arid conditions and
should be considered when interpreting individual
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annual composites. For each year, LST, MSAVI, and
BSI were composited using the pixel-wise median of
all valid JJAS observations. Pixels with fewer than
three valid observations in a given year were masked,
and pixels with valid annual values in fewer than 10
years during 20142025 were excluded from multi-
year mean and trend analyses. Surface reflectance
and temperature bands were scaled using the official
USGS Collection 2 scale factors and offsets [35] and
[37].

Three Landsat-derived indicators were selected:
land-surface temperature (LST), Modified Soil
Adjusted Vegetation Index (MSAVI), and Bare Soil
Index (BSI). LST represents thermal surface
response and is widely used in remote-sensing
ecological assessments, including RSEl-type
approaches [16] and [17]. Landsat-based studies
have also demonstrated the importance of
interpreting LST together with land-cover and
vegetation patterns when assessing environmental
dynamics [38]. MSAVI was used instead of NDVI
because sparse vegetation and strong soil-
background influence are characteristic of the study
area, and MSAVI was specifically designed to
reduce soil effects on the vegetation signal [39].
SAVI and MSAVI primarily characterize vegetation
response rather than bare-surface expression. BSI
was therefore retained as a complementary indicator
of exposed or bare surfaces because it can be
calculated consistently from Landsat reflectance data
[40]. NDBI was not selected because it is primarily
intended to enhance built-up surfaces and may not
clearly distinguish infrastructure from naturally
exposed soil in an arid landscape, whereas spectral
mixture analysis would require robust endmember
definition and validation across years. Accordingly,
BSI is used here as a reproducible descriptor of
exposed-surface expression rather than as a
universally optimal or direct measure of soil
degradation; it may also vary with natural substrate,
surface moisture, and land-cover conditions. These
indicators were treated as complementary descriptors
of observable surface conditions, not as individual
evidence of degradation or gas-field impact.

Before calculating spectral indices, Landsat
surface reflectance bands were scaled according to
the Collection 2 Level-2 specifications. Equation 1
was used to convert the original digital numbers into
scaled surface reflectance values:

P;=0.0000275DN; — 0.2
Equation 1
Where:
p. = scaled surface reflectance for spectral band 4
DN, = original digital number of the corresponding
Landsat Level-2 surface reflectance band.
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LST (°C) was derived from the Landsat Collection 2
Level-2 surface temperature band (ST B10) using
the official scale factor and offset provided in the
Landsat 8-9 Collection 2 Level-2 Science Product
Guide [35]. Equation 2 was used for LST calculation:

LST = (0.00341802xST _B10)+149 —273.15

Equation 2
Where:
LST = Land-surface temperature (°C)
ST B10 = Digital number of the Landsat thermal
surface temperature band

MSAVI was calculated to represent vegetation signal
while reducing the influence of bright soil
background. Equation 3 was used to calculate
MSAVI:

1
MSAVI = E(pN,R +1+\/(2pMR +1) =8( Py — Preo ))

Equation 3
Where:
pnir = surface reflectance in the near-infrared band
prea = surface reflectance in the red band

Higher MSAVI values indicate a stronger vegetation
signal, whereas lower values indicate sparse or
absent vegetation cover. BSI was calculated to
characterize the relative expression of exposed or
bare surfaces. Equation 4 was used to calculate BSI:

BSI = (Pswirs + Prep )~ (Pyir + PiLue)

(pSWIRl + PreD ) + (PNIR + PpLUE )
Equation 4

Where:

pswiri, prep, PNIR, and pBlue = surface reflectance
values in the shortwave infrared 1, red, near-infrared,
and blue bands, respectively.

For visual interpretation, the mean LST, MSAVI,
and BSI component maps were displayed in ArcGIS
using a Percent Clip stretch with 2% clipping at both
lower and upper tails. This procedure affects only
cartographic visualization and does not modify the
raster values used in statistical analysis or SECI
calculation. Quantitative analyses were performed
using the original raster values.

Since the three indicators have different physical
units and value ranges, they were normalized to a
common 0-1 scale before integration. A multi-year
reference image was first generated as the pixel-wise
median of the annual LST, MSAVI, and BSI
composites for 2014-2025, retaining only pixels with
valid annual values in at least 10 years. To reduce the
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influence of extreme values, robust percentile-based
min—-max normalization was applied using the 2nd
and 98th percentiles calculated from the reference
image within the main 10-km ROI at a 120-m
statistics scale. The 120-m scale was used only for
regional statistical calculations as a pragmatic
compromise between preserving the broad spatial
patterns represented by the original 30-m Landsat
products and reducing computational load and spatial
oversampling across the large study area. All final
raster products were generated and exported at 30-m
spatial resolution. The use of the 120-m statistical
scale does not imply removal of spatial
autocorrelation or statistical independence among
neighbouring observations. Values below P2 and
above P98 were clipped to 0 and 1, respectively. The
P2-P98 range was used as the baseline normalization
scheme and was evaluated against P1-P99 and P5—
P95 alternatives in the sensitivity analysis. The
resulting normalization bounds were then applied
unchanged to all annual indicator images. Equation 5
was used for percentile-based normalization:

X-P2
Xnnrm = -
P98, — P2,

Equation 5
Where:
Xoorm = normalized value of indicator X
X = original indicator value
P2y = 2" percentile of indicator X
P98y = 98th percentile of indicator X

Values below P2x were set to 0, and values above
P98xwere set to 1. Therefore, SECI values should be
interpreted as relative surface environmental
conditions within the selected analysis domain and
period.

For LST and BSI, higher normalized values indicate
warmer and more exposed surface conditions. For
MSAVI, the direction was inverted so that lower
vegetation signal contributed to higher SECI values.
Equation 6 was used to define the condition-oriented
components:

LSTcond = LSTnorm

BSIcond = BS[norm

MSAVIcona = 1 - MSAVIorm

Equation 6
Where:
LSTcong, BSIcona, and MSAVI..na  are condition-
oriented normalized components used in SECI
construction
LSTworm, BSLiorm, and MSAVI,.m are normalized
values of LST, BSI, and MSAVI, respectively.
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The normalized condition components were
integrated using the CRITIC objective weighting
method [26]. CRITIC assigns higher weights to
indicators with greater contrast and greater
information conflict, while reducing the influence of
redundant, strongly correlated indicators. CRITIC
weights were calculated once from the normalized
and condition-oriented version of the multi-year
reference image. The covariance matrix and inter-
indicator correlations were estimated within the main
10-km ROI at a 120-m statistics scale. The resulting
weights were held fixed and applied to all annual
condition-component images to maintain temporal
comparability. Equation 7 was used to calculate the
information content of each criterion:

C=0,2.(1-r;)
k=1

Equation 7
Where:
C; = CRITIC information content of criterion j
o; = standard deviation of criterion j
rix = correlation coefficient between criteria j and &
m = total number of criteria.

In this study, m=3, corresponding to LSTcond,
MSAVIcong, and BSlcond

The final objective weight of each criterion was
obtained by normalizing its information content.
Equation 8 was used to calculate the CRITIC
weights:

Equation 8
Where:
w; = final weight of criterion j
C; = information content of criterion j

Z;n: , G; = total information content of

all criteria.

The SECI was then calculated as a weighted linear
combination of the three normalized condition
components. Equation 9 was used to calculate SECI:

SECI = WLSTLSTcond + WMSAVI MSA Vlcond + WBSIBSIcond

Equation 9

Where:
SECI = Surface Environmental Condition Index
wirst, Wusavr, and wesy = CRITIC-derived weights

Higher SECI values indicate relatively warmer
surfaces, lower soil-adjusted vegetation signal, and
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stronger bare-surface expression within the selected
analysis domain. SECI is therefore interpreted as a
relative composite descriptor of observable surface
environmental conditions within the selected
analysis domain and period. Identification of the
processes controlling these conditions requires
complementary environmental and operational data.

For cartographic interpretation, mean SECI values
were classified using percentile-based classes rather
than equal intervals. The 20th, 40th, 60th, and 80th
percentiles were used as class thresholds. This
approach was selected because SECI is a relative
index and because equal-interval classes may be
unsuitable for skewed arid-land distributions. The
P20, P40, P60, and P80 class thresholds were derived
from the 2014-2025 mean SECI raster within the
main 10-km ROI. The resulting P80 value was used
as a fixed threshold and applied to each annual SECI
image to identify high-SECI pixels. High-SECI
frequency was calculated as the number of years in
which each pixel exceeded this threshold. Persistent
high-SECI areas were defined as pixels exceeding
the fixed P80 threshold in at least 8 of 12 years, with
valid SECI observations required for all 12 years.
This definition identifies areas where relatively high
SECI conditions recur through time.

Temporal trends in annual JJAS SECI were
assessed using Sen slope [41] and the Mann—Kendall
test [42] and [43]. The magnitude and direction of
monotonic SECI change were estimated using Sen
slope, calculated according to Equation 10:

t; —t,

SECI ; — SECI,
p= median(#j, j>i
Equation 10
Where:
S = Sen slope
SECI; and SECI; = annual SECI values at times

and ¢, respectively

Positive f values indicate increasing SECI through
time, whereas negative values indicate decreasing
SECI.

The Mann—Kendall statistic was used to test the
significance of monotonic trends. Trends were
mapped using p < 0.05 as the primary significance
threshold, while p < 0.01 was additionally used as a
stricter threshold for robustness assessment. Non-
significant pixels were masked or shown separately
in the trend-class maps. Equation 11 was used to
calculate the Mann—Kendall S statistic:
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S = Z:’:ll Zj:HI sgn(SEC[j = SECIi)
Equation 11
Where:
S Mann—Kendall test statistic
n = number of annual SECI observations
sgn(SECIi—SECI;) = sign function

The sign function is defined as follows:
e +1 when SECI—SECI>0,

e 0 when SECI,—SECI=0,
e —1, when SECI,—SECI<O0.

2.3 Sensitivity and Robustness Assessment

Several sensitivity tests were performed to evaluate
the robustness of the SECI results. First, sensitivity
to spatial extent was assessed using analysis buffers
of 5, 10, 15, 20, and 25 km. The baseline SECI
model, including the normalization bounds and
CRITIC weights derived from the main 10-km ROI,
was kept unchanged, while summary statistics were
recalculated within each alternative extent. Second,
normalization sensitivity was evaluated using P1—
P99, P2-P98, and P5-P95 percentile ranges. For
these scenarios, the baseline CRITIC weights were
held fixed, whereas normalization bounds, mean
SECI products, percentile classes, and persistent
high-SECI masks were recalculated. Third, leave-
one-indicator-out tests were performed by excluding
LST, MSAVI, or BSI in turn; CRITIC weights were
recalculated using the remaining indicators. Pairwise
Pearson correlations were also calculated for the raw

multi-year reference indicators and for the
normalized condition-oriented reference
components.

Agreement with the baseline model was
evaluated using the Pearson correlation coefficient,
root-mean-square error, percentage class agreement,
and the Jaccard similarity coefficient. Pearson
correlation and root-mean-square error were
calculated between continuous mean SECI rasters.
Class agreement was defined as the percentage of
valid pixels assigned to the same relative SECI class
in the baseline and alternative models. Jaccard
similarity was calculated as the area of intersection
divided by the area of union of the compared
persistent high-SECI masks. Zonal comparisons
were performed for the analytical field core, the full
10-km ROI, and the part of the ROI located outside
the field core. Standardized mean differences
between the analytical field core and the part of the
ROI located outside the field core were calculated as
descriptive effect-size measures. Equation 12 was
used to calculate the standardized mean difference:
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X field — X outside

2 2
\/05 (Sﬁeld + Soutside )
Equation 12

SMD =

Where:
SMD = standardized mean difference,

Xpetd and Xousite = mean values of the corresponding
indicator within the analytical
field core and the ROI outside the
field core, respectively

Sfietds and Soussidze = standard deviations.

The resulting standardized mean differences were
interpreted as descriptive effect-size measures rather
than as pixel-level inferential statistics because
neighbouring pixels are spatially autocorrelated and
therefore cannot be considered statistically
independent.

3. Results and Discussion

3.1 Landsat Data Quality and SECI Input
Indicators

Annual JJAS composites provided sufficient data
coverage for the 2014-2025 analysis. The area
satisfying the minimum annual observation
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requirement exceeded 99.84% in all zones and years,
and the mean number of valid observations per pixel
ranged from 14.2 to 32.2. These results indicate that
the annual LST, MSAVI, BSI, and SECI products
were based on consistent multi-year Landsat
observations. The higher observation density after
2022 reflects the combined use of Landsat 8§ and
Landsat 9, but all years satisfied the minimum valid-
observation requirement.

The spatial patterns of the three Landsat-derived
input indicators are shown in Figures 3 and 4. Maps
are displayed using a 2%—98% percentile stretch for
visualization; quantitative analyses were performed
using the original raster values. Mean LST displayed
a clear warm-season thermal contrast across the 10-
km ROI (Figure 3). Higher LST values occurred
mainly over open dryland surfaces, including large
parts of the analytical field core, whereas lower
values were associated with irrigated cropland,
drainage features, settlement mosaics, and other
heterogeneous surfaces. This confirms that surface
temperature alone reflects a combination of arid
background, land cover, and surface exposure, and
should not be interpreted independently as evidence
of local disturbance.
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Table 1: CRITIC weights and component correlations used in SECI construction

Metric Component or pair Value Note

CRITIC weight LST condition 0.428 Objective weight derived from contrast and
inter-indicator conflict

CRITIC weight inverse MSAVI condition 0.324  Objective weight derived from contrast and
inter-indicator conflict

CRITIC weight BSI condition 0.248  Objective weight derived from contrast and
inter-indicator conflict

Raw component LST-MSAVI 0.856  Pearson r for original mean components

correlation

Raw component LST-BSI 0.945  Pearson r for original mean components

correlation

Raw component MSAVI-BSI 0.645 Pearson r for original mean components

correlation

Condition-component  LST cond-MSAVI_cond 0.984  Pearson r after orientation toward SECI

correlation condition

Condition-component ~ LST cond-BSI cond 0.989  Pearson r after orientation toward SECI

correlation condition

Condition-component ~MSAVI cond-BSI cond 0.997  Pearson r after orientation toward SECI

correlation condition

MSAVI showed a contrasting spatial pattern in many
parts of the ROI (Figure 4(a)). Higher MSA VI values
were mainly associated with cropland and vegetated
patches, whereas the field core was characterized by
generally low MSAVI values, reflecting sparse
vegetation and strong soil-background influence.
This supports the use of MSAVI rather than NDVI in
the SECI workflow because MSAVI is better suited
to sparsely vegetated dryland surfaces. The BSI map
showed stronger bare-surface expression across
much of the field core and other open dryland areas,
while lower BSI values were associated with
vegetated, irrigated, or less exposed surfaces (Figure
4(b)). The spatial similarity between LST and BSI,
together with the orientation of inverse MSAVI in
the SECI calculation, indicates that the three
components describe a common dryland surface-
condition gradient: warmer, less vegetated, and more
exposed surfaces tend to occur together. These
indicators were therefore treated as complementary

descriptors of observable surface condition, not as
separate evidence of degradation or gas-field impact.

The CRITIC weighting results indicate that LST
contributed the largest weight to SECI construction,
followed by inverse MSAVI and BSI. The resulting
weights were 0.428 for LST cond, 0.324 for
MSAVI cond, and 0.248 for BSI cond (Table 1).
This weighting pattern is consistent with the strong
thermal contrast observed in the study area and
confirms that LST was the most influential
component in the final SECI, while vegetation and
bare-surface  indicators  provided additional
information on surface cover and exposure. The raw
component correlations and the condition-
component correlations were high (Table 1),
indicating that the selected indicators share a strong
dryland surface gradient. This supports the use of
CRITIC weighting, which accounts for inter-
indicator correlation, but it also means that SECI
should be interpreted as a compact descriptive
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composite rather than as a set of independent causal
variables.

3.2 Spatial Structure of SECI and Land-Cover
Context

The mean SECI map and percentile-based relative
SECI levels are shown in Figure 5. SECI values
ranged from O to 1 because the index was constructed
from normalized condition-oriented indicators.
Higher SECI values represent relatively warmer
surfaces, lower soil-adjusted vegetation signal, and
stronger bare-surface expression within the selected
analysis domain. The percentile thresholds used to
define relative SECI classes were 0.568 (P20), 0.850
(P40), 0.885 (P60), and 0.912 (P80). The field core
had a higher mean SECI (0.863) than the area outside
the field core within the 10-km ROI (0.698) and the
full 10-km ROI (0.753) (Table 2). The mean
difference between the field core and the area outside
it was 0.165 SECI units. The corresponding
standardized mean differences were 0.86 for LST,
—0.63 for MSAVI, 0.67 for BSI, and 0.77 for SECIL.
Component statistics show the same direction of
contrast: the field core was warmer by 3.23 °C, had
lower MSAVI by 0.035, and had higher BSI by 0.037
relative to the area outside the field core within the
10-km ROI. Spatially, high and highest relative SECI
classes were concentrated mainly in the central and
southern parts of the field core and in several open
dryland surfaces outside it. Lower relative SECI
levels occurred mostly in the northwestern and
northeastern parts of the ROI, where cropland,
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settlement mosaics, drainage features, and other less
exposed surfaces are more common. This spatial
contrast demonstrates that the field core is part of a
broader dryland surface gradient rather than an
isolated anomaly. The high-SECI zones were
concentrated mainly in the central and southern to
southeastern parts of the analytical field core. The
distribution of these high-SECI zones is broadly
consistent with previously reported observations at
Shurtan, where operational activity was concentrated
in the central and eastern parts of the study area,
while the most intense GNSS-observed subsidence
occurred mainly in the central part of the field [14].
This correspondence provides useful operational and
geodetic context for interpreting the mapped surface
patterns, although SECI, GNSS observations, and
well-pressure data represent different physical
characteristics. Land-cover stratification helps
clarify why high SECI values cannot be interpreted
only as settlement or infrastructure effects. In the
field core, the highest mean SECI occurred in areas
classified as natural vegetation by ESA WorldCover
(0.889), followed by bare or sparse surfaces (0.832),
whereas cropland and built-up areas had lower mean
SECI values (0.510 and 0.571, respectively) (Table
3). Inthe full 10-km ROI, the same general ordering
was observed: natural vegetation and bare or sparse
surfaces had higher SECI values than cropland and
built-up classes. In this arid setting, the WorldCover
natural vegetation class mainly represents sparse
natural vegetation or dryland cover, not dense
vegetation.
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Table 2: Descriptive statistics of the 2014-2025 mean Landsat-derived indicators and SECI by analysis zone

LST Persistent
Valid MSAVI BSI SECI .

Zone area m?an =L mean = SD mean = SD mean = SD el L

(km?) [min-max], [min—max] [min—max] [min—max] area

(9] (km?)

Field core 772.0 54.19+2.45 0.104 £ 0.032 0.164 +£0.033 0.863 £0.132 152.9
[33.47-58.78] [0.020-0.478] [-0.211-0.199] [0.006-0.986]

ROI outside 1,537.9 50.96 +4.71 0.138 £0.070 0.127+0.071 0.698 £0.273 156.6
field core [34.98-59.09] [-0.025-0.496] [-0.259-0.225] [0.000-0.969]

Full 10-km 2,309.9 52.04 +4.37 0.127 £ 0.063 0.139+0.064 0.753 £0.248 309.5
ROI [33.47-59.09] [-0.025-0.496] [-0.259-0.225] [0.000—0.986]

Note: "ROI outside field core" is the part of the main 10-km ROI located outside the analytical field core; it is not shown

as a separate boundary in Figure 1. Values represent spatial statistics of the 2014—-2025 mean indicator rasters
calculated at a 120-m statistical scale. SD denotes standard deviation. Minimum and maximum values represent the
observed range within each analysis zone. These statistics are descriptive and are not interpreted as independent pixel-
level inferential estimates because neighbouring pixels are spatially autocorrelated.

Table 3: Land-cover-stratified SECI statistics for selected classes

g Field core Full ROI
Land-cover e Field core persistent LU 89 Full ROI  persistent
class (li‘;:’f; mean SECI  high-SECI (li‘;ff; mean SECI  high-SECI

(%) (%)

Natural 710.3 0.889 21.5% 1732.6 0.863 17.8
vegetation
Cropland 47.8 0.510 0.0% 472.2 0.395 0.0
Built-up 3.2 0.571 0.5% 66.5 0.418 0.0
Bare or 11.5 0.832 1.5% 41.8 0.778 0.8
sparse
surface

Water/wetland and other classes are not summarized because they were masked or had no valid SECI pixels for the main

analysis

Its high SECI values are therefore consistent with
high LST, low soil-adjusted vegetation signal, and
high bare-surface expression. Cropland and built-up
classes showed lower SECI because they are often
associated with irrigation, vegetation patches, mixed
surfaces, or cooler land-cover mosaics. This result
confirms that land cover is essential for
interpretation, but it also supports the decision not to
include LULC as a weighted SECI component.
LULC was used to contextualize SECI values and to
avoid overinterpreting high SECI as a uniquely
industrial signal.

3.3 Persistence of High-SECI Conditions and SECI
Trends

High-SECI frequency was assessed by counting the
number of annual SECI images in which each pixel
exceeded the fixed P80 threshold of 0.912, derived
from the 2014-2025 mean SECI raster within the
main 10-km ROI. Persistent high-SECI areas were
defined as pixels exceeding this threshold in at least
8 of 12 years, with valid SECI observations required

for all 12 years. Figure 6 shows that recurrent high-
SECI conditions were concentrated mainly in the
central and southern parts of the field core, but
repeated high-SECI patches also occurred outside the
field core in open dryland areas. Persistent high-
SECI areas occupied 152.88 km2 of the field core,
corresponding to 19.8% of its valid SECI area. In
comparison, the area outside the field core within the
10-km ROI contained 156.58 km2 of persistent high-
SECI areas, or 10.2% of its valid SECI area. For the
full 10-km ROI, persistent high-SECI areas covered
309.46 km2, or 13.4%. Thus, the proportion of
persistent high-SECI pixels was almost twice as high
in the field core as in the surrounding part of the 10-
km ROI, although persistent high-SECI conditions
were not spatially exclusive to the field core.

This persistence analysis is important because it
distinguishes recurrent high-SECI surfaces from
isolated annual anomalies. However, persistence
should still be interpreted as repeated occurrence of
relatively warm, sparsely vegetated, and exposed
surface conditions. It does not by itself identify the
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cause of those conditions, which may include natural
arid background, land cover, soil exposure,
infrastructure, or their combination. The significant
SECI trend classes for 2014-2025 are shown in
Figure 7. Positive trends indicate increasing SECI,
i.e.,, a tendency toward relatively warmer, less
vegetated, and more exposed surface conditions.
Negative trends indicate decreasing SECI. Non-
significant pixels are shown separately and were not
interpreted as trend areas. At p < 0.05, significant
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increasing SECI trends dominated over decreasing
trends in all zones (Table 4). In the field core,
significant increasing trends covered 399.88 km2
(51.8% of valid trend area), whereas significant
decreasing trends covered only 3.59 km2 (0.46%).
The area outside the field core within the 10-km ROI
also showed more increasing than decreasing trends:
615.50 km2 (40.0%) increased significantly, while
18.92 km2 (1.23%) decreased significantly.
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Table 4: Area of significant SECI trend classes by analysis zone

Increasing p < 0.05 km?

Decreasing p Total significant

Total significant

Zone %) <0.05 km? p < 0.05 km? p <0.01 km?

(%) (%) (%)
Field core 399.9 (51.8%) 3.6 (0.46%)  403.5 (52.3%) 117.9 (15.3%)
CRO?é R 615.5(40.0%) 18.9(1.23%)  634.4 (41.3%) 212.4 (13.8%)

Full 10-km ROI 1015.4 (44.0%)

22.5 (0.97%)

1037.9 (44.9%) 330.3(14.3%)

Table 5: Summary of SECI sensitivity and robustness tests

Sensitivity test Scenario Main result

Normalization P1-P99 r=0.9997; agreement=97.1%; hotspot
Jaccard=0.947

Normalization P5-P95 r=0.9989; agreement=96.5%; hotspot
Jaccard=0.841

ROI extent 5-25 km buffers Mean SECI=0.686-0.803; mean Sen
slope=0.00680-0.00715 SECI units/year

Leave-one-indicator-out Without LST r=0.985; agreement=57.2%; hotspot
Jaccard=0.287

Leave-one-indicator-out Without MSAVI r=0.997; agreement=84.4%; hotspot
Jaccard=0.655

Leave-one-indicator-out Without BSI r=0.999; agreement=83.2%; hotspot

Jaccard=0.622

The full model uses LST, inverse MSAVI, and BSI with CRITIC weights. For leave-one-indicator-out tests, weights were

recalculated with CRITIC

Using the stricter p < 0.01 threshold reduced the
significant trend area, as expected, but did not change
the overall direction of the result. Total significant
trend area at p < 0.01 was 117.92 km2 (15.3%) in the
field core and 212.37 km2 (13.8%) outside the field
core within the 10-km ROI. This confirms that the
increasing SECI tendency is not solely an artifact of
the primary p < 0.05 threshold. The trend pattern
should be interpreted as a monotonic increase in the
relative SECI condition over parts of the study area.
Because SECI is a composite of Landsat-derived
thermal, vegetation, and bare-surface indicators, the
trend does not isolate a single driving mechanism.
The spatial overlap of increasing trends with both
field-core and non-field dryland surfaces suggests
that regional dryland surface dynamics, land-cover
differences, and local surface modification may all
contribute to the observed pattern.

3.4 Robustness, Sensitivity, and Interpretation Limits
Several sensitivity tests were used to evaluate
whether the SECI results depended strongly on
methodological choices (Table 5). Normalization
sensitivity showed that the baseline P2-P98
normalization was stable relative to alternative
percentile ranges. Compared with the baseline, P1-
P99 normalization produced a correlation of 0.9997,
class agreement of 97.1%, and persistent-hotspot
Jaccard similarity of 0.947. P5-P95 normalization

produced a correlation of 0.9989, class agreement of
96.5%, and Jaccard similarity of 0.841. These values
indicate that the main spatial SECI pattern was not
driven by a single normalization choice. The
alternative ROI test showed that expanding the
analysis buffer from 5 to 25 km reduced the mean
SECI from 0.803 to 0.686 because progressively
more surrounding dryland background was included.
However, the mean Sen slope remained nearly stable,
ranging only from 0.00715 to 0.00680 SECI units per
year. This indicates that the trend result was less
sensitive to ROI size than the absolute mean SECI
value. The alternative 5, 15, 20, and 25 km buffers
were therefore used only as sensitivity extents and
were not treated as additional study zones.

The leave-one-indicator-out test further clarified
the role of each component. Removing LST
produced the largest change in class structure, with
57.2% class agreement and a persistent-hotspot
Jaccard similarity of 0.287 relative to the full model.
Removing MSAVI or BSI had smaller effects, with
class agreements of 84.4% and 83.2%, respectively.
This confirms that LST was the most influential
component, consistent with its highest CRITIC
weight. At the same time, high component
correlations show that SECI primarily summarizes a
common dryland surface gradient. SECI therefore
provides a reproducible representation of relative
surface environmental conditions, while additional
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data on infrastructure, production intensity, soil
properties, land management, and climate variability
would help explain the processes underlying the
observed spatial and temporal patterns. The observed
stability therefore applies only to the tested
normalization, extent, and indicator scenarios and
does not eliminate uncertainty associated with
indicator redundancy or unmeasured environmental
drivers.

4. Conclusions

This study applied a reproducible and sensitivity-
tested Landsat-based framework for characterizing
the spatial distribution and temporal dynamics of
surface environmental conditions within and around
the Shurtan gas field, Uzbekistan. Annual warm-
season Landsat 8/9 composites for 2014—2025 were
used to derive land-surface temperature, MSAVI,
and BSI, which were integrated into the Surface
Environmental Condition Index (SECI) using
objective CRITIC weighting. The framework
enabled consistent mapping of relative surface
conditions, recurrent high-SECI areas, and long-term
trends across the field core and the surrounding
dryland landscape.

The results showed that the analytical field core
had higher mean SECI values than the area outside
the field core within the 10-km ROI. The field core
was characterized by warmer surfaces, lower soil-
adjusted vegetation signal, and stronger bare-surface
expression. Mean SECI reached 0.863 in the field
core, compared with 0.698 in the ROI outside the
field core and 0.753 in the full 10-km ROI. Persistent
high-SECI areas occupied 152.9 km?, or 19.8% of the
field core, compared with 10.2% in the area outside
the field core. These results indicate that relatively
high SECI conditions are more frequent and
persistent within the field core, although they are not
spatially exclusive to it. Land-cover stratification
showed that high SECI values were mainly
associated with dryland natural vegetation and bare
or sparse surfaces, whereas cropland and built-up
areas generally had lower SECI values. This
confirms that SECI patterns in arid environments
must be interpreted within land-cover context. High
SECI  values therefore represent recurrent
combinations of thermal, vegetation, and bare-
surface conditions within the arid landscape.

Trend analysis indicated that significant
increasing SECI trends dominated during 2014—
2025. At p<0.05, increasing trends covered 399.9
km?, or 51.8% of the field core, while significant
decreasing trends occupied only 3.6 km?. The full 10-
km ROI showed the same general tendency, with
increasing trends covering 1015.4 km?. The stricter p
< 0.01 threshold reduced the significant trend area
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but did not change the dominant direction of change.
This suggests a widespread monotonic increase in
relative surface-condition intensity across parts of
the study area. Sensitivity tests showed that the main
SECI patterns were robust to alternative
normalization ranges and analysis extents. The P1—
P99 and P5-P95 normalization scenarios remained
highly correlated with the baseline P2-P98 model,
and the mean Sen slope was stable across 5-25 km
analysis extents. The leave-one-indicator-out test
confirmed that LST was the most influential
component, while MSAVI and BSI provided
additional information on vegetation response and
bare-surface expression. These tests address only the
evaluated normalization, spatial-extent, and
indicator-selection scenarios and do not encompass
uncertainty related to seasonal sampling, land-cover
classification, residual  atmospheric  effects,
unmeasured drivers, or the absence of direct field
validation.

Compared with single-date assessments or
subjectively weighted composite indices, the present
framework  provides several methodological
advantages: objective CRITIC weighting that
accounts for indicator contrast and redundancy, fixed
normalization that preserves temporal comparability,
explicit evaluation of high-SECI persistence and
trend significance, and sensitivity testing of
normalization, spatial extent, and indicator selection.
These features improve the reproducibility, temporal
consistency, and interpretive transparency of the
assessment. However, because no direct benchmark
comparison with all alternative methods was
performed, these advantages should not be
interpreted as evidence of universal methodological
superiority. Furthermore, the framework
characterizes observable surface environmental
conditions and does not establish causal attribution.

The principal limitations are the absence of direct
field validation and spatially explicit production and
infrastructure histories, the restriction to warm-
season observations, the possibility of residual
atmospheric effects, and the potential confounding
influence of natural aridity and land-cover
differences. Accordingly, SECI should be treated as
a screening baseline rather than as direct evidence of
environmental impact or gas-production effects.
Overall, the applied framework provides a
conservative baseline for mapping and interpreting
surface  environmental conditions in  arid
hydrocarbon landscapes with limited auxiliary data.
Its main value lies in identifying spatially persistent
and temporally increasing surface-condition patterns
that can guide further investigation and help identify
candidate areas for targeted field surveys and
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monitoring. However, SECI does not identify the
drivers of these patterns.

More broadly, long-term, openly available
Landsat observations combined with objective
weighting and explicit sensitivity testing can provide
a transparent screening baseline for data-limited arid
industrial regions. For environmental monitoring, the
resulting products can help identify candidate areas
for field surveys and guide the design or densification
of monitoring networks. For policy and
environmental management, they may support the
prioritization of field verification and additional data
collection, but they should not be used as stand-alone
evidence of environmental impact or regulatory non-
compliance. For the scientific community, the
workflow provides a reproducible framework that
can be tested and adapted in other arid industrial
landscapes, subject to local recalibration and field
validation. Future work should integrate production
records, infrastructure-development  histories,
vegetation and soil surveys, in-situ surface-
temperature and moisture measurements, climate
variability, and deformation observations to
distinguish natural dryland dynamics from local
surface modification and possible production-related
effects.
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