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Aims: Land-use and land-cover (LULC) dynamics are central drivers of terrestrial Carbon
fluxes. This study aimed to assess the spatial heterogeneity of Carbon storage in the Kojur
Watershed and to determine how topographic factors influence Carbon sequestration across
historical and projected timeframes.

Materials & Methods: LULC maps for 2003, 2013, and 2023 were generated using satellite
imagery and the Land Change Modeler (LCM). Future scenarios for 2035 and 2050 were
simulated using the Cellular Automata Markov (Ca-Markov) model under a business-as-
usual assumption, which projected historical land-use transitions and socio-economic trends
forward. The InVEST Carbon module estimated Carbon storage in four pools: aboveground
biomass, belowground biomass, litter, and soil. Spatial clustering was analyzed using Moran’s
I and Getis-Ord Gi* statistics.

Findings: Carbon storage showed a consistent, statistically significant clustered pattern
across all years. Forests held the most Carbon (*2.5-2.6 million tons), rangelands moderate
(#1.2-1.5 million tons), rainfed agriculture less (x0.2-0.3 million tons), and residential
areas minimal (<0.01 million tons). Moran’s I values (0.35-0.54) confirmed strong spatial
dependence. Hotspot zones expanded from 28.93% in 2003 to 32.90% in 2050, while
coldspots also grew slightly, indicating an increase in spatial polarization. Higher elevations
and moderate slopes generally store more Carbon due to denser forest cover and reduced
human activity.

Conclusion: The Kojur Watershed exhibits a stable, clustered pattern of Carbon storage.
Hotspot zones serve as vital Carbon reservoirs for climate mitigation. Preserving these areas
and restoring low-Carbon zones offer a strategic path for sustainable resource management
and enhanced ecosystem services.

Keywords: Geographic Information Systems (GIS); Hotspot and Coldspot Analysis; Kojur
Watershed; Spatial Autocorrelation Analysis.
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Introduction

Changes in Land-use and land-cover (LULC)
are major drivers of environmental change
atlocal, regional, and global scales [*3], Such
changes affect both landscape structure and
the capacity of ecosystems to store Carbon,
particularly through forest and rangeland
degradation, which contributes to increased
atmospheric CO, and climate change *°1.
Carbon sequestration is a key natural
process for reducing greenhouse gases and
regulating the global climate .. Ecosystems
such as forests, rangelands, and agricultural
lands can act as Carbon sinks or sources
depending on Land-use and management
(78], Changes in these ecosystems can
significantly impact Carbon dynamics. The
distribution and stability of Carbon not
only help mitigate climate change but also
support ecosystem services such as soil
fertility, water quality, and biodiversity .
Therefore, it is crucial to understand both
the amount and spatial patterns of Carbon
over time.

Spatial analysis provides insights into areas
of high Carbon sequestration (hot spots)
and low Carbon sinks (cold spots) %, which
are essential for guiding conservation
priorities and land-use planning ['*!4, The
spatial configuration and fragmentation of
land-cover also affect Carbon stability, with
extensive, continuous forests and grasslands
storing more Carbon than fragmented
landscapes [131%15]  Ecosystem services
models, particularly InVEST, integrate LULC
data with Carbon coefficients to produce
spatial maps of Carbon stocks and track
changes over time, thereby supporting the
identification of critical Carbon storage
areas and the assessment of the ecological
consequences of land-use change [1617],
To further enhance spatial interpretation,

InVEST outputs are often combined with
geostatistical tools such as Moran’s [ and
Getis-Ord Gi. Moran’s | is a widely recognized
measure of spatial autocorrelation, used to
determine whether Carbon sequestration
patterns are clustered, dispersed, or
randomly distributed. In contrast, the
Getis-Ord Gi statistic identifies statistically
significant  hotspots and  coldspots,
highlighting areas with notably high or low
Carbon concentrations [,

A growing body of research at both global
and national levels has explored the impact
of land-use change on Carbon storage. For
example, Xu et al. 1 utilized data from
the GEMAS project alongside hotspot
analysis to examine spatial patterns of total
organic Carbon (TOC) and its relationship
with soil pH across European agricultural
landscapes. Their findings revealed a strong
link between TOC and both soil fertility and
Carbon sequestration potential. High TOC
levels were concentrated in northeastern
Europe, where soils exhibited lower pH. In
comparison, southern regions with higher
pH showed reduced TOC patterns that
aligned with underlying geochemical and
textural soil properties.

In a national context, Abolmaali et al. [*!
applied the INVEST model and Getis-Ord Gi*
analysis to evaluate ecosystem services and
identify priority conservation areas within
the Zayandeh Rud Watershed. Their study
found that Land-use changes, particularly
the expansion of low-yield agricultural lands
and urban development, had led to declines
in ecosystem services, including reduced
Carbon storage, increased soil erosion, and
reduced habitat quality. Hotspot analysis
revealedthat21.5%, 39.3%, and 16.9% ofthe
watershed area were statistically significant
zones for Carbon storage, soil conservation,



and habitat integrity, respectively.
Similarly, Joloro et al. ?% conducted a
spatiotemporal evaluation of land-use
dynamics and restoration interventions in
the Kojur Watershed. Their results indicated
that forest cover experienced the most
notable increase, rising by 5.75% in 2035
and 10.99% in 2050 compared to 2023.
Afforestation and vegetation rehabilitation
efforts substantially boosted Carbon
sequestration across multiple ecosystem
compartments, including aboveground
biomass, litter; belowground biomass, and
soil Carbon pools.

While most Carbon sequestration studies
in Iran have concentrated on quantifying
sequestration rates over different time
periods 222, they have largely neglected
the spatial heterogeneity and distributional
patterns of Carbon storage. This study aims
to fill that gap by examining the spatial
dynamics of Carbon sequestration within
the Kojur Watershed and identifying zones
with the highest and lowest sequestration
potential over time. The main objective
of this study is to analyze the spatial
heterogeneity of Carbon sequestration in
the Kojur Watershed and to identify priority
hotspots and coldspots under past and future
Land-use scenarios. Given the critical role
of land-use monitoring in understanding
Carbon dynamics, particularly in the context
of environmental sustainability and natural
resource management, the outcomes of
this study offer valuable insights. They not
only clarify the interplay between land-use
change and spatial Carbon distribution but
also provide actionable data to support
the prioritization of ecologically sensitive
areas and inform long-term strategies for
sustainable resource management.

Unlike previous studies that mainly

quantified total Carbon stocks at single
time points [192% this study integrates
historical and projected land-use scenarios
(2003-2050), spatial autocorrelation, and
hotspot/coldspot analysis using InVEST.
This allows identification of priority areas
for Carbon conservation and restoration,
providing actionable insights for sustainable
watershed management.

Materials & Methods

Study Area

The Kojur Watershed spans approximately
432.85 km? and is located within the Nur
and Nowshahr counties of Mazandaran
Province, northern Iran (Figure 1). The
region experiences a Mediterranean and
cold semi-humid climate, as classified by the
Emberger method 23], with an average annual
precipitation of 456.2 mm and a mean actual
evapotranspiration of 360 mm. The average
temperature across the watershed is 9.7°C.
Topographically, the area features a mean
elevation of 1789 meters and an average
slope of 22.3%. Land-use and land-cover
within the watershed are varied, comprising
forested areas, irrigated farmland, rainfed
croplands, rangelands, and residential
zones. In recent decades, the landscape
has undergone notable transformations,
primarily due to the conversion of forested
lands into residential developments and
rainfed agricultural fields. These changes
have had significant ecological implications,
particularly for Carbon storage and
ecosystem function (2%,

Research Method

Data and Information Sources

e Land-use and land-cover (LULC) Mapping
LULC maps for the years 2003, 2013, and
2023 were generated using Landsat satellite
imagery obtained from the USGS database.
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Figure 1) Geographical location of the Kojur Watershed within Iran’s political boundaries.

Landsat imagery provides multispectral
data at moderate spatial resolution (30 m)
and a long-term, continuous archive, which
is widely used for detecting land-use and
land-cover changes over large areas and
across multiple decades **. Its availability,
consistency, and spectral quality make
it suitable for spatiotemporal analysis
of Carbon stock dynamics. To classify
land-cover changes, two methodological
frameworks, including pixel-based
classifiers (i.e., Minimum Distance Classifier
(MDC), Maximum Likelihood Classifier
(MLC), Artificial Neural Network (ANN), and
Support Vector Machine (SVM)) and object-
based classifiers (i.e., Nearest Neighbor
(KNN) and SVM) were applied. Following
an accuracy assessment using 350 ground
control points, the mostreliable classification
approach was selected. Subsequent analysis
of LULC transitions was conducted using the
Land Change Modeler (LCM) within TerrSet

software, enabling calculation of change
rates and class-specific transitions [252627.28],
To project future land-use dynamics in the
Kojur Watershed, the Ca-Markov model,
a hybrid approach combining Markov
chain analysis with cellular automata,
was employed ?”. LULC maps from 2013
and 2023 served as input layers for the
LCM module in IDRISI, which was used to
simulate land-cover scenarios for 2035 and
2050 [30,31,32]'

e Carbon Stock Assessment Carbon stocks
wereestimatedacrossfourprimaryecosystem
compartments: aboveground biomass (aerial
plant structures), belowground biomass
(roots), litter, and soil organic Carbon. Soil
sampling was conducted using a stratified
random approach ¥l The current LULC
maps were segmented into 10 km? grid cells
B4 and random sampling was performed
within each cell. For forest, rangeland, and
agricultural land-uses, 20 randomly selected



grids were sampled, with three soil cores
collected from each grid to a depth of 30
cm (240 soil cores). Residential areas were
excluded from Carbon stock calculations, as
they were assumed to have negligible storage
capacity B, Litter and aboveground biomass
samples were collected, dried, and weighed to
determine Carbon content. Root biomass was
extracted from the soil profile by excavation,
then washed and weighed. These procedures
enabled direct quantification of Carbon
across the aboveground, belowground, and
litter pools 36371,

e Image Processing and Spatial Analysis
Satellite imagery was processed, and maps
were generated using ENVI and ArcGIS
Software. Carbon sequestration modeling
was performed using version 3.12 of the
InVEST tool, while spatial analyses, including
pattern detection and hotspot identification,
were conducted in ArcGIS.

Carbon Sequestration Estimation using
InVEST

To assess Carbon sequestration within the
Kojur Watershed, this study utilized the
Carbon Storage and Sequestration module of
the InVEST model, a widely recognized tool
for evaluating ecosystem services [*8. InVEST
offers a robust and scientifically validated
framework for spatial modeling of Carbon
stocks by integrating Land-use and land-
cover (LULC) data with Carbon inventories
across four key Carbon pools: aboveground
biomass, belowground biomass, litter; and
soil organic Carbon %%, Carbon in each pool
was estimated through field sampling, sample
drying and weighing, and organic Carbon
determination. To estimate Carbon storage
in soil, litter, and above- and belowground
biomass, field sampling was conducted.
Soil samples were collected to a depth of
30 cm from 20 random plots per land-use

type (forest, pasture, irrigated, and rainfed
cropland), with three samples per plot.
Additionally, 20 samples per pool
(aboveground biomass, litter, belowground
biomass) were collected for each land-use
type and transported to the laboratory.
Samples were dried and sieved, and their
organic Carbon content was determined
by combustion and standard conversion
equations. For biomass and litter, plant
samples were collected, dried, weighed, and
their organic Carbon was calculated using
a conversion factor from organic matter to
Carbon. The Carbon values used in this study
were derived from a previous investigation
by the same authors 2 and served as input
for subsequent spatial analyses.

Spatial and Statistical Analyses

To explore spatial patterns and temporal
shifts in Carbon sequestration, a series of
analytical procedures was conducted:

1. Spatial Autocorrelation Analysis (Moran'’s
[): Spatial autocorrelation analysis is a
fundamental technique used to evaluate
the degree of similarity among neighboring
spatial units based on a given variable 1,
It is typically divided into global and local
measures. Global Moran’s I provides insight
into whether spatial data exhibit clustered,
dispersed, or random distribution patterns.
In this study, the Global Moran’s [ statistic
was applied to detect spatial structure in
Carbon sequestration data. Moran'’s I values,
along with associated Z-scores and p-values,
were calculated across a range of distance
bands. To determine the optimal search
radius (Distance Band), the first statistically
significant Z-score peak (p<0.05) was
selected, identified as 1042 meters for the
Kojur Watershed. This distance was chosen
to maximize spatial coherence and improve
the accuracy of cluster pattern detection.



The Moran’s I index was calculated using Eq.
(1), following the methodology outlined by
Hu et al. 2.

:ixz; j:lei(xi_i)(xj_i) Eq. (1)

W Zinzl(xi _i)z

where n is the total number of spatial units
analyzed, x, and X, are observed values at
spatial location i and j, is the mean of all
observed values across the study area, Wi]. is
a spatial weight representing the degree of
spatial interaction between locations j, and W
is the sum of all spatial weights in the matrix.

I

In this study, Carbon stocks were categorized
into five classes based on local spatial
autocorrelation, which assesses the degree of
similarity among neighboring spatial units.
The Local Moran’s I index, ranging from -3 to
+3, was used to quantify these relationships.
Positive values (greater than zero) indicate
statistically  significant positive spatial
autocorrelation, suggesting that adjacent areas
share similar Carbon storage characteristics
and form spatial clusters. Negative values
(less than zero) reflect inverse relationships,
in which neighboring units exhibit contrasting
Carbon storage patterns, forming clusters
with opposing traits. A value near zero
implies minimal or no spatial autocorrelation,
indicating a random distribution of Carbon
stocks across the landscape.

2. Hotspot Analysis (Getis-Ord Gi)*: The
Getis-Ord Gi* statistic is a widely applied
local spatial autocorrelation measure used to
detect clustering patterns of specific attributes
in geospatial datasets. Often referred to as
Hotspot Analysis 3, this method compares
the value of each spatial unit to the average
values of its surrounding neighbors to identify
statistically significant concentrations. Areas

with notably high values are classified as

hotspots, while those with low values are
designated as coldspots **.

One of the key strengths of the Getis-Ord
Gi* statistic lies in its ability to capture
localized spatial variation, distinguishing
between clusters of high and low values
within a defined region. This contrasts
with global measures such as Moran’s I,
which provide an overall assessment of
spatial autocorrelation but may overlook
finer-scale patterns 5. The results of the
Gi* analysis include both the Gi* value and
its corresponding z-score, which together
indicate the magnitude and direction of
spatial clustering. High positive Gi* values
and z-scores signal strong clustering of high
values, whereas low negative scores indicate
clustering of low values.

Statistical significance was determined
based on the Z-score and associated p-value
for each spatial unit. Specifically:

e A Z-score=2 with p<0.05 was considered
a significant hotspot (high concentration of
Carbon).

e A Z-scores-2 with p<0.05 was considered
a significant coldspot (low concentration of
Carbon).

o Values with Z-scores between -2 and 2
were considered not statistically significant,
indicating no meaningful spatial clustering [46].
The Gi* statistic is computed using Eq. (2),
offering a robust framework for detailed
spatial pattern analysis [46].

n ~ n
i V% T XZj:lei

n2 Wi~ Z_j:lwij

n—1
where n is the total number of spatial units
analyzed, x; is the value of the attribute at
location j, w, is the spatial weight between
locations i and j, is the mean of the attribute

Gi* =

Eq. (2)

S




across all locations, S is the standard
deviation of the attribute values, and n is the
total number of spatial units.

3. Hotspot mapping: The results of the
Getis-Ord Gi* analysis were visualized
through maps showing spatial clusters of
high (hotspots) and low (coldspots) Carbon
significant positive
Z-scores were identified as hotspots,
while areas with negative Z-scores were
designated as coldspots. A color gradient
from red to orange for hotspots and from
blue to green for coldspots was applied

values. Areas with

to improve interpretability and support
spatially informed decision-making in land
management.

Moran’s I and Getis-Ord Gi* statistics are
appropriate tools for detecting spatial
clustering and identifying hotspots and
coldspots, aligning with the study’s objective
of assessing spatial heterogeneity of Carbon
sequestration in the Kojur Watershed.

Findings

Land-Use and Land-Cover Dynamics
Figure 2 presents both historical and
projected Land-use and land-cover (LULC)
changes within the Kojur Watershed.
Analysis of LULC transitions from 2003

to 2023 revealed a notable expansion
of forested areas, with an increase of
approximately 1901 hectares (Table 1).
Rainfed agricultural lands and residential
zones also showed considerable growth.
Conversely, rangelands experienced the most
pronounced decline, with a net reduction
of 3047 hectares. Projections based on the
Markov chain model suggest continued
shifts in land-use patterns through 2035
and 2050. Forest cover is expected to grow
by 5.75% and 10.99%, equivalent to 1285
and 2590 hectares, respectively. Rainfed
agriculture and residential development are
also anticipated to expand.

Meanwhile, certain land-cover classes are
projected to undergo significant net losses
11.65% and 27.90%, corresponding to
reductions of 1770 and 3701 hectares,
respectively. These spatial trends underscore
substantial transformations in forest
expansion, agricultural intensification, and
urbanization, which collectively inform the
modeling of Carbon sequestration potential.
A more detailed account of this analysis and
its broader implications is available in the
study by Joloro et al. 2%,

To assess the accuracy of the CA-Markov
model, the simulated land-use map for

Table 1) Characteristics of Land-use changes in the Kojur Watershed from 2003 to 2023.

Types of Land-Use Agriculture Pl;a rl:lflii Forest Rangeland Reszi((l:ll;tial

Area (ha) 3009.86 821.10 19067.98 20017.72 368.23
2003 Proportion (%) 6.95 1.90 44.05 46.25 0.85

2013 Area (ha) 3893.57 787.63 19573.08 18593.77 436.85
Proportion (%) 9.00 1.82 45.22 4296 1.01

2023 Area (ha) 3019.45 1851.22 2096898 16970.26 47498
Proportion (%) 6.98 4.28 48.44 39.21 1.10

Area Change (ha) 9.58 1030.12 1901.00 -3047.46 106.75

Rate of Area Change (%) 0.32 125.46 9.97 -15.22 2899
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Figure 2) Land-use and land-cover change maps for 2003, 2013, 2023, and projections for 2035 and 2050.

the latest year was compared with the
corresponding observed map, and standard
validation metrics such as overall accuracy
and kappa coefficient were calculated. The
overall accuracy and kappa coefficient for
the 2023 land-use map were 95.77% and
0.96, respectively. An accuracy above 85% is
generally considered sufficient for satellite
image classification *7); thus, the 2023 land-
use map is deemed appropriately classified
Carbon Sequestration Assessment using
InVEST

Carbon sequestration across the Kojur

Watershed was evaluated using the Carbon
Storage and Sequestration module of the
InVEST software suite. For each time period
under study, the model generated spatial
distribution maps of Carbon stocks (Figure
3). The analysis revealed that forested
areas consistently contributed the largest
share of Carbon storage between 2003
and 2023, with a clear upward trajectory.
In contrast, rangelands exhibited a decline
in Carbon sequestration capacity over the
same period. Estimated total Carbon stocks
for the watershed were 4026300.66 tons
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Figure 3) Carbon sequestration maps for 2003, 2013, 2023, and projections for 2035 and 2050.

in 2003, 3999632.57 tons in 2013, and
4029007.23 tons in 2023. Forecasts for 2035
and 2050 indicate continued growth, with
projected totals reaching 4042708.63 tons
and 4051239.71 tons, respectively. These
findings highlight the pivotal role of forest
conservation and vegetation management
in enhancing Carbon sequestration and
mitigating the impacts of climate change. The
Carbon distribution maps produced by the
InVEST model served as foundational inputs
for subsequent spatial analyses, including
Global Moran’s I and Hotspot Analysis. A

detailed account of the analytical framework
and results is provided in Joloro et al. 2%,
Spatial Autocorrelation (Moran’s I)
Spatial autocorrelation analysis using
Moran’s I revealed that Carbon sequestration
patterns in the Kojur Watershed remained
significantly clustered across all five time
points: 2003, 2013, 2023, 2035, and 2050.
Moran’sIvaluesranged from 0.35 (Z=154.61)
in 2003, indicating moderate clustering,
to 0.54 (Z=237.54) in 2013, reflecting
stronger clustering of high-Carbon areas. In
2023, Moran’s I decreased slightly to 0.49



(Z=217.01), followed by projections of 0.48
(Z=215.15) in 2035 and 0.47 (Z=204.49)
in 2050, indicating a modest weakening of
spatial cohesion. Throughout the period,
all p-values were below 0.05, confirming
statistically significant clustering. The
overall trend suggests that Carbon-rich
zones remained concentrated, with slight
dispersion over time likely influenced by
Land-use changes, vegetation fragmentation,
human activities, and climate variability
(Table 2).

Overall, the results indicate that the
Kojur Watershed exhibits a stable spatial
clustering pattern in Carbon stocks, with
high concentration zones (hotspots)
consistently identifiable and traceable
over time. These findings highlight the
importance of recognizing and protecting
these critical areas to support sustainable
natural resource management and enhance
ecosystem services. Such insights can serve
asafoundation for future policy development
and strategic planning efforts.

Hotspot Analysis

This study examined spatial variations in
Carbon stock distribution across the Kojur
Watershed from 2003 to 2050, using the
Getis-Ord Gi* statistic in ArcGIS. The analysis
revealed statistically significant patterns of
Carbon sequestration, identifying clusters

of both high and low Carbon accumulation.
Figure 4 displays the hotspot and cold
spot maps for Carbon sequestration,
highlighting spatial clustering across five
time points: 2003, 2013, 2023, 2035, and
2050. To interpret the hotspot analysis
results, Gi* values were categorized into five
distinct classes, as outlined in Table 3. The
classification scheme is as follows:

Gi 2 2* Indicates statistically significant
hotspot areas with elevated Carbon
sequestration.

Gi < -2*: Denotes cold spots zones with
markedly low Carbon accumulation.

Gi values between -2 and +2*: Considered
statistically insignificant and interpreted as
non-clustered areas.

To enhance visual clarity, the maps were
color-coded: red for hotspots, blue for cold
spots, and gray for areas lacking spatial
clustering.

Table 4 summarizes the outcomes of the
Getis-Ord Gi* hotspot analysis, highlighting
temporal changes in the spatial distribution
of Carbon sequestration zones within the
Kojur Watershed from 2003 to 2050. Over
this period, the proportion of the watershed
identified as Carbon sequestration hotspots
increased modestly from 28.93% in 2003 to
32.90% in 2050. This upward trend suggests
a growing concentration of Carbon stocks in

Table 2) Spatial autocorrelation of Carbon sequestration in the Kojur Watershed across different years.

Year Moran’s I Z-score P-value Pattern Interpretation
2003 0.35 154.61 0.000 Clustered
2013 0.54 237.54 0.000 Clustered
2023 0.49 217.01 0.000 Clustered
2035 0.48 215.15 0.000 Clustered
2050 0.47 204.49 0.000 Clustered




Table 3) Classification of Carbon sequestration hotspots and cold spots based on Gi* statistic.

Category Gi* Range Interpretation Suggested Color
Strong Hotspot Gi* =3 Very High Carbon Sequestration Dark Red
Moderate Hotspot 2<Gi*<3 High Carbon Sequestration Light Red /Orange
Not Significant -2<Gi*<2 Random Distribution Gray
Moderate Coldspot -3<Gi*<-2 Low Carbon Sequestration Light Blue /Cyan
Strong Coldspot Gi*<-3 Very Low Carbon Sequestration Dark Blue
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Figure 4) Spatial distribution of Carbon stocks in the Kojur Watershed (2003, 2013, 2023, and projections for
2035 and 2050).



Table 4) Temporal changes in the percentage of the Kojur Watershed area classified as hotspot, cold spot, and

non-significant zones.

Year Hotspot Area (%) Coldspot Area (%) Non-significant Area (%)
2003 28.93 17.97 53.10
2013 32.56 18.51 48.93
2023 31.81 19.79 48.40
2035 32.29 20.45 47.25
2050 32.90 21.54 45.56

ecologically significant areas and reflects the
persistence of spatial clustering patterns.
Similarly, coldspot areas, with notably
low Carbon accumulation, also expanded,
rising from 17.97% in 2003 to 21.54% in
2050. This increase may be linked to shifts
in Land-use and human activities, or to
declining vegetation cover in certain parts of
the watershed.

In contrast, the share of statistically non-
significant (ordinary) areas decreased from
53.10% to 45.56% over the same period.
This decline indicates a gradual expansion of
both hotspotand cold spot zones, reinforcing
the notion that Carbon stock distribution has
become more spatially structured and stable
over time. Taken together, these findings
underscore the emergence of distinct spatial
patterns in Carbon sequestration, with high-
and low-accumulation zones becoming
increasingly concentrated. Such insights
are valuable for guiding sustainable natural
resource management and prioritizing
conservation efforts in ecologically sensitive
regions.

Discussion

The spatial autocorrelation analysis, based
on Moran’s | statistic, reveals that Carbon
sequestration within the Kojur Watershed
has consistently exhibited significant spatial
clustering across all assessed years 2003,

2013, 2023, 2035, and 2050. With Moran’s
[ values ranging from 0.35 to 0.54 and
p-values below 0.05, the results confirm that
Carbon stocks are not randomly distributed
but are instead concentrated in well-defined
spatial clusters 8],

A notable increase in Moran’s [ from 0.35 in
2003t00.54in 2013 suggestsastrengthening
of spatial cohesion among high Carbon zones,
likely driven by improvements in forest
cover or rising biomass density in specific
regions. However, a slight decline in Moran’s
[ values from 0.49 to 0.47 in the following
years indicates a modest weakening of this
spatial cohesion. This shift may be attributed
to land-use changes, fragmentation of forest
and rangeland ecosystems, anthropogenic
disturbances, or climate-related stressors
49, These patterns are consistent with
findings from other watershed studies.
For example, Abolmaali et al. °! and Wang
et al. % similarly observed that Carbon
sequestration tends to form spatial clusters,
with their configuration influenced by
Land-use transitions and management
interventions.

Anupward sshiftin Moran’sIfrom0.35in2003
to 0.54 in 2013 reflects a notable increase in
the spatial concentration and cohesion of
areas with elevated Carbon stocks. During
this period, zones with denser biomass
and more robust forest cover emerged as



central nodes within the clustering pattern.
However, the slight decline in Moran's
[ values observed in subsequent years
(from 0.49 to 0.47) points to a gradual
weakening of spatial cohesion. This change
is likely the result of multiple interacting
factors, including land-use transformation,
fragmentation of vegetative cover, expansion
of agricultural and residential developments,
and the cumulative effects of human activity
and climate variability 951, In addition,
topographic factors play an essential
role in shaping the spatial distribution of
Carbon sequestration. Areas located at
higher elevations and with moderate slopes
generally show higher Carbon storage due
to higher forest density and limited human
disturbance.

In contrast, lowland areas and gentle slopes
are more prone to agricultural conversion
and settlement expansion, resulting in lower
Carbon accumulation [2%. These findings
confirm the strong association between
topography and spatial Carbon clustering.
These trends align with findings from
comparable studies. For instance, Zhang et
al. 'l reported that shifts in land-use and
management strategies can substantially
alter the spatial distribution of Carbon
stocks, either reinforcing or disrupting the
integrity of clustering patterns.

The hotspot analysis using the Getis-Ord Gi*
statistic confirms spatial clustering of Carbon
sequestration across the Kojur Watershed.
The results indicate that zones with elevated
Carbon stocks identified as hotspots are
not randomly distributed but are spatially
concentrated, serving as critical areas for
Carbon capture and long-term storage. In
contrast, coldspot areas with lower Carbon
stock values are more scattered and appear
to be strongly influenced by land-use changes

and human activities. Regions that do not
exhibit statistically significant clustering
suggest a more random spatial distribution
of Carbon stocks, reflecting variability
in ecological conditions or management
intensity. Overall, the findings highlight the
spatial heterogeneity of Carbon distribution
and underscore distinct clustering patterns.
These insights underscore the importance
of prioritizing hotspot zones in conservation
planning and resource management.
This spatial pattern is consistent with the
findings of Zhang et al. *%, who reported
that a combination of land-use dynamics,
environmental factors, and management
interventions shapes Carbon sequestration
hotspots.

An examination of changes in the spatial
extent of hotspot and coldspot areas reveals
a clear and consistent trend. Between
2003 and 2050, the proportion of Carbon
sequestration hotspots increased from
28.93% to 32.90%, reflecting a growing
concentration and long-term stability of
Carbon stocks in ecologically significant
zones. At the same time, coldspot areas,
regions with lower Carbon accumulation,
expanded from 17.97% to 21.54%, likely
driven by vegetation degradation or shifts
in land-use across parts of the watershed
(18], This increase in coldspot areas is mainly
associated with the conversion of forests
and rangelands into agricultural and built-
up areas. Such land-use transitions reduce
vegetation cover and soil organic matter,
thereby diminishing the potential for Carbon
sequestration. Ecologically, this trend
reflects a decline in ecosystem functioning
and resilience, particularly in areas exposed
to deforestation and overgrazing. From a
socio-economic standpoint, the expansion
of agricultural and urban regions indicates



growing human pressure on natural
ecosystems, which, while supporting short-
term economic development, can undermine
long-term environmental sustainability (3.
Meanwhile, the share of statistically non-
significant areas declined from 53.10% to
45.56%, suggesting that spatial clustering
has become more pronounced over time.
This trend enhances the detectability and
monitoring of both hotspot and coldspot
zones. These findings are consistent with
previous studies conducted in comparable
landscapes, which have that
Carbon stock distribution tends to follow

shown

clustered spatial patterns %% and that
the concentration of Carbon-rich areas is
highly responsive to land-use dynamics
and anthropogenic pressures 2%, Notably,
identifying these zones provides a valuable
foundation for conservation prioritization
and resource management planning.
It enables the formulation of targeted
strategies to safeguard ecosystem services
and mitigate the adverse effects of climate
change. Taken together, the insights from
Moran’s I and hotspot/coldspot analyses
suggest that the Kojur Watershed exhibits a
stable, spatially clustered pattern of Carbon
distribution. These key zones represent
critical areas for focused conservation
efforts and sustainable natural resource
governance.

Although the study provides a detailed
assessment of Carbon sequestration
patterns in the Kojur Watershed, it should
be noted that it has some limitations. First,
uncertainties in satellite-based land-use
classification and Carbon stock estimation
may affect the accuracy of results. Second,
socio-economic factors and biodiversity
indicators were not incorporated, which
could provide additional insights into land-

use dynamics and ecosystem services. Future
research could integrate these variables
and explore scenario-based management
strategies to enhance the robustness and
applicability of findings.

Conclusion

The findings of this study demonstrate that
the spatial pattern of Carbon sequestration
in the Kojur Watershed has remained
significantly clustered over the past
two decades and is projected to persist
through 2050. Moran’s | values across all
examined years ranged from 0.35 to 0.54,
accompanied by statistically significant
Z-scores and p-values (p<0.05), indicating
sustained spatial cohesion in Carbon stock
distribution throughout the watershed.
The increase in Moran’s I from 0.35 in
2003 to 0.54 in 2013 reflects a growing
concentration and cohesion among high-
Carbon zones. The subsequent slight decline
in values (from 0.49 to 0.47) suggests minor
shifts in spatial clustering, likely driven by
land-use changes, vegetation fragmentation,
and anthropogenic pressures.

Hotspot analysis further revealed that the
area of high Carbon sequestration zones
(hotspots) expanded from 28.93% in 2003
to 32.90% in 2050, while low-Carbon zones
(coldspots) also increased in extent. These
trends indicate not only the persistence
of Carbon distribution patterns but also a
gradual intensification of spatial clustering,
with certain regions playing a pivotal role
in Carbon capture and retention. From
a management perspective, identifying
and protecting key Carbon sequestration
hotspots alongside targeted restoration and
enhancement of coldspot areas can serve
as a strategic foundation for conservation
policies, sustainable resource management,



and the improvement of ecosystem services.
The results underscore the importance of
intelligent land-use planning and vegetation
enhancement in maintaining and boosting
Carbon sequestration capacity, while
mitigating the impacts of climate change in
similar watershed systems.
Thesimultaneousexpansionofbothhigh-and
low-Carbon zones underscores the urgent
need for integrated planning approaches that
prioritize protecting Carbon-rich areas and
rehabilitating Carbon-deficient regions. To
translate these findings into practical actions,
several policy and management measures
are recommended for the Kojur Watershed.
Community-based forest management
programs should be promoted to engage
local stakeholders in protecting high-Carbon
zones. Land-use zoning regulations need
to be strengthened to prevent agricultural
expansion and uncontrolled development
in areas with high Carbon storage potential.
In addition, reforestation, soil restoration,
and sustainable rangeland management
initiatives should be prioritized in degraded
or low-Carbon regions. Implementing these
measures can enhance Carbon sequestration
capacity, improve ecosystem resilience, and
contribute to long-term sustainable land-
use planning in the watershed.
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