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ABSTRACT

This study aimed to analyze the spatiotemporal dynamics of land cover in Cianjur Regency, Indonesia, before
(2021), during (2022), and after (2023) the 2022 earthquake, using multitemporal Sentinel-2 imagery and a Ran-
dom Forest classifier implemented in Google Earth Engine. Six Sentinel-2 spectral bands and six spectral indices
(NDVI, EVI, nNDWI, NDBI, NDBal, and NBR) were used as classification variables. Land cover was classified
into six major classes, namely built-up land, water bodies, wet agricultural land, open land, secondary dryland
forest, and mixed dryland agriculture and shrubland. Accuracy assessment yielded overall accuracy values rang-
ing from 72.12% to 83.65%, with kappa coefficients indicating substantial agreement. The results revealed that
secondary dryland forest remained the dominant land cover class but decreased consistently from 236,170.58 ha
in 2021 to 217,503.11 ha in 2023. During the earthquake year, land cover changes were characterized by increased
open land and reduced vegetation cover, whereas the post-earthquake period was marked by significant increases
in built-up land and wet agricultural land accompanied by a decline in open land. Spatial analysis indicated that
land cover changes were more intensive in the northern part of Cianjur Regency, where the earthquake epicen-
ter and major settlement areas were located. The findings suggest that post-earthquake landscape transformation
occurred through two distinct phases, namely a disturbance phase during the earthquake year and a reorganiza-
tion phase during the recovery period. This study highlights the importance of multitemporal remote sensing
approaches for capturing post-disaster landscape dynamics and provides valuable information for environmental
rehabilitation, spatial planning, and disaster risk reduction.

Keywords: land cover change, earthquake, spatiotemporal analysis, Sentinel-2, Google Earth Engine, random
forest, regency.

INTRODUCTION landslides (Yang et al., 2018), alterations in hy-
drological systems, vegetation damage (Caja et
al., 2018), and land cover transformation that may

affect ecosystem stability and ecological functions

Earthquakes are among the most destructive
geological disasters because they not only cause

casualties and damage to infrastructure but also
trigger long-term environmental changes (Civelek
et al., 2023). These environmental impacts in-
clude surface deformation (Civelek et al., 2023),

(Sidle et al., 2018). Therefore, understanding post-
disaster landscape changes is important to support
environmental rehabilitation, regional manage-
ment, and disaster risk reduction in the future.
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On November 21, 2022, a Mw 5.6 earthquake
struck Cianjur Regency, West Java Province,
Indonesia, causing extensive damage to settle-
ments, infrastructure, and the surrounding envi-
ronment (Arwasaputra et al., 2024; Zulfakriza
et al., 2024). The earthquake was followed by
hundreds of aftershocks and triggered various
hazards, especially landslides in hilly and moun-
tainous areas. Several studies have reported that
the earthquake caused surface deformation in the
form of subsidence and uplift, which altered lo-
cal geomorphological conditions and increased
the potential for secondary geological hazards
(Awaluddin, 2026; Hadmoko et al., 2024). These
findings suggest that earthquake impacts are not
limited to immediate physical damage but may
also trigger long-term changes in landscape char-
acteristics and environmental dynamics.

The development of remote sensing technol-
ogy has opened up opportunities to monitor en-
vironmental changes due to disasters more effec-
tively (Mashala et al., 2023). Sentinel-2 imagery
is widely used for land cover mapping because its
high spatial and temporal resolution enables effec-
tive monitoring of changes in land surface condi-
tions (Noi Phan et al., 2020; Phiri et al., 2020).
In addition, machine-learning algorithms, par-
ticularly Random Forest, have been shown to im-
prove land cover classification accuracy because
they can model complex nonlinear relationships
and integrate multiple spectral variables simulta-
neously (Adugna et al., 2022; Sousa et al., 2020).

Although research related to the 2022 earth-
quake has expanded considerably, most studies
have focused on building damage, surface de-
formation, landslide hazards, relocation plan-
ning, and disaster-risk financing (Handoyo et al.,
2024; Zulfakriza et al., 2024). Existing remote-
sensing studies have generally adopted a before—
after approach to assess environmental changes
associated with the earthquake. For example,
Prayogo (2023) used Sentinel-2 imagery to ana-
lyze changes in land cover and building density
before and after the earthquake, but the analysis
was only carried out in two observation periods
with relatively simple land cover classifications
(Prayogo, 2023). As a result, the dynamics of
landscape change that took place during the year
of the earthquake and the period after it could not
be comprehensively explained.

Despite these efforts, a knowledge gap remains
regarding how land cover in Cianjur Regency
changed spatially and temporally before, during,
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and after the 2022 earthquake. Most previous stud-
ies relied on a before—after framework that primar-
ily captured the immediate impacts of the disaster
and therefore could not fully explain landscape dy-
namics over multiple years. In addition, research
that integrates multitemporal Sentinel-2 imagery,
various spectral indices, and Random Forest algo-
rithms to evaluate land cover changes at the scale
of Cianjur Regency is still very limited.

Based on these gaps, this study aims to ana-
lyze the spatial and temporal dynamics of land
cover in Cianjur Regency before, during, and af-
ter the 2022 earthquake using Sentinel-2 imagery
and the Random Forest algorithm on the Google
Earth Engine platform. Specifically, this study
aimed to: (1) map the condition of land cover in
2021, 2022, and 2023; (2) identify changes in the
extent of each land cover class during the obser-
vation period; and (3) evaluate the pattern of land
cover changes that occurred in the period before,
during, and after the earthquake.

The novelty of this study lies in the appli-
cation of a multitemporal approach to evaluate
land cover dynamics across three observation
periods: before the earthquake (2021), during the
earthquake year (2022), and after the earthquake
(2023). In addition, this study integrates Senti-
nel-2 spectral bands, multiple spectral indices,
and the Random Forest algorithm to generate a
detailed land cover classification.

Unlike previous studies that primarily adopted
a conventional before—after framework to assess
disaster impacts, this study examines sequential
land cover changes over three consecutive years.
This approach enables the identification of land-
scape dynamics that occur not only during the
disaster year but also throughout the post-disaster
recovery period.

The findings contribute to a more comprehen-
sive understanding of post-earthquake landscape
transformation in Cianjur Regency. Furthermore,
the results provide geospatial information that
may support environmental rehabilitation plan-
ning, land-use management, and disaster risk re-
duction efforts in earthquake-prone regions.

METHODS

Study area

The study was conducted in Cianjur Regency,
West Java Province, Indonesia, located between
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106°42'-107°25" E and 6°21'=7°25" S. Covering
approximately 359,460 ha, the regency is char-
acterized by mountainous and hilly terrain, ex-
tensive agricultural land, and forested areas. On
November 21, 2022, the region was struck by a
Mw 5.6 earthquake that caused extensive damage
to settlements, infrastructure, and the surrounding
environment, making it a suitable case study for
evaluating post-disaster land cover dynamics.

Sentinel-2 data acquisition
and pre-processing

This study used harmonized Sentinel-2
MultiSpectral Instrument (MSI) Level-2A data
available through the Google Earth Engine
(GEE) platform. Three annual composite imag-
es were generated to represent land cover condi-
tions before the earthquake (2021), during the
earthquake year (2022), and after the earthquake
(2023). The January—November period was se-
lected to ensure temporal consistency among
observation years while minimizing the influ-
ence of seasonal variability and persistent cloud
cover commonly associated with the peak rainy
season. Image pre-processing included cloud
masking, median compositing, and image clip-
ping based on the study-area boundary. All pro-
cessing steps were performed within the Google
Earth Engine platform. Sentinel-2 imagery was
selected because it offers high spatial resolution
(10-20 m), frequent revisit intervals, and open
access, making it well suited for monitoring re-
gional-scale land cover dynamics.

Spectral variable development

In addition to Sentinel-2 spectral bands,
several spectral indices were used as supple-
mentary variables to improve the discrimination
of land cover classes. The indices included the
normalized difference vegetation index (NDVI),

enhanced vegetation index (EVI), modified nor-
malized difference water index (mNDWI), nor-
malized difference built-up index (NDBI), nor-
malized difference bareness index (NDBal), and
normalized burn ratio (NBR).

These indices were derived from combi-
nations of Sentinel-2 spectral bands and sub-
sequently integrated with the original spectral
bands through a layer-stacking process. The final
dataset consisted of six Sentinel-2 spectral bands
(blue, green, red, near infrared [NIR], shortwave
infrared 1 [SWIR-1], and shortwave infrared 2
[SWIR-2]) and six spectral indices, which were
used as input variables for land cover classifi-
cation. Table 1 summarizes the formulas of the
spectral indices used in this study.

Training and validation samples

Training and validation samples were obtained
through visual interpretation of high-resolution
imagery from Google Earth Pro and NICFI Plan-
et Basemaps. Based on the dominant land-cover
characteristics of the study area, seven land-cover
classes were defined: built-up land, water bodies,
wet agricultural land, open land, secondary dry-
land forest, mixed dryland agriculture and shru-
bland, and cloud/shadow (no-data) areas.

The cloud/shadow class was included to ac-
count for pixels affected by residual cloud con-
tamination and cloud shadows that remained after
image pre-processing. Although this class was
retained during classification to ensure complete
spatial coverage and consistency in area estima-
tion, it was excluded from the interpretation of
land-cover dynamics because it does not repre-
sent an actual land-cover category.

Samples were collected as polygons repre-
senting homogeneous areas within each land-
cover class. This approach was adopted to capture
within-class spectral variability while minimizing
the influence of mixed pixels. To reduce spatial

Table 1. Spectral indices derived from Sentinel-2 imagery and used in the classification process

Spectral Index Formula Reference
NDVI (NIR = Red)/(NIR + Red) Phan et al. (2020)
EVI 2.5 x ((NIR = Red)/(NIR + 6Red - 7.5Blue + 1)) Liu and Huete (1995)
mNDWI (Green - SWIR1)/(Green + SWIR1) Xu (2006)
NDBI (SWIR1 = NIR)/(SWIR1 + NIR) Zha et al. (2003)
NDBal (SWIR1 = SWIR2)/(SWIR1 + SWIR2) Li and Chen (2014)
NBR (NIR - SWIR2)/(NIR + SWIR2) Key and Benson (2006)
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autocorrelation, a minimum distance of 100 m
was maintained between training and validation
samples, following recommendations from previ-
ous land-cover classification studies.

A total of 456 samples were collected and
randomly divided into training and validation
datasets. Of these, 75% were allocated for model
training and 25% for validation. This allocation
was selected to provide a balance between clas-
sifier development and independent accuracy as-
sessment while ensuring sufficient samples for
both purposes. A total of 104 validation samples
were used for each observation year (2021, 2022,
and 2023) to evaluate classification performance.

Land cover classification using random forest

Random Forest was selected for its ability to
handle multivariate data, its resistance to overfit-
ting, and its consistently high classification ac-
curacy in remote sensing—based land-cover map-
ping applications (Breiman, 2001; Phan et al.,
2020; Magidi et al., 2021).

The input variables consisted of Sentinel-2
spectral bands and the spectral indices derived
during the pre-processing stage. The resulting
classifications were used to generate land cov-
er maps of Regency for 2021, 2022, and 2023,
which subsequently served as the basis for ana-
lyzing spatiotemporal land cover dynamics.

Accuracy assessment

Classification performance was evaluated
using a confusion matrix based on the validation
dataset. The assessment metrics included produc-
er’s accuracy (PA), user’s accuracy (UA), overall
accuracy (OA), and the kappa coefficient. Overall
accuracy was used to quantify the proportion of
correctly classified samples, whereas the kappa
coefficient was used to assess the level of agree-
ment between the classification results and the
reference data after accounting for agreement
occurring by chance. The interpretation of kappa
values followed the classification proposed by Vi-
era and Garrett (2005).

Spatiotemporal land cover dynamics analysis

Land cover dynamics were analyzed by com-
paring classification results from 2021, 2022,
and 2023. The area of each land cover class
was calculated in hectares and compared across
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observation periods to identify changes occurring
before, during, and after the 2022 Earthquake.
The rate of land cover change was calculated us-
ing Equation 1:
v =22 100 (1)
Ny
where: V — rate of land cover change (%), N1 —
land cover area in the initial period (ha),
N2 —land cover area in the subsequent pe-
riod (ha).

The analysis was conducted for two time in-
tervals: 2021-2022 and 2022-2023. The first in-
terval represented the transition from pre-earth-
quake conditions to the earthquake year, whereas
the second represented changes occurring during
the post-earthquake period. The cloud/shadow
(no-data) class was excluded from the interpreta-
tion of land cover change because it did not rep-
resent a physical land cover category.

Analytical framework

The analysis was conducted in three main stag-
es. First, land cover classification was performed
to generate land cover maps for 2021, 2022, and
2023. Second, the area of each land cover class
was calculated for each observation year. Third,
changes in land cover area and rates of change
were analyzed by comparing the 2021-2022 and
2022-2023 periods to identify land cover dynam-
ics before, during, and after the 2022 Earthquake.

The overall workflow consisted of Sentinel-2
data acquisition, image pre-processing, spectral
index calculation, Random Forest classification,
accuracy assessment, and analysis of multitempo-
ral land cover dynamics, as illustrated in Figure 1.

RESULTS

Classification accuracy assessment

The Random Forest classifier produced sat-
isfactory classification results across all observa-
tion years (Table 2). Overall accuracy (OA) val-
ues were 83.65%, 72.12%, and 75.00% for 2021,
2022, and 2023, respectively. The corresponding
kappa coefficients ranged from 64.28% to 77.03%.
Based on the classification proposed by Viera and
Garrett (Viera and Garrett, 2005), all kappa values
were classified as substantial agreement, indicat-
ing good agreement between the classified maps
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Spatial Analysis Workflow in Google Earth Engine
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Figure 1. Workflow of multi-temporal land cover classification and spatiotemporal dynamics analysis using
Sentinel-2 imagery and Random Forest in Google Earth Engine

and the reference data. The class-specific accuracy
assessment revealed variations among land cover
classes (Table 3). Secondary dryland forest con-
sistently exhibited high classification performance
throughout the study period, with Producer’s Ac-
curacy ranging from 80.8% to 86.3% and user’s
accuracy ranging from 78.1% to 97.8%. In con-
trast, wet agricultural land showed relatively lower
accuracy, particularly in 2022 and 2023.

Land cover distribution before
the earthquake (2021)

The 2021 land cover map represented base-
line land cover conditions prior to the 2022
Earthquake (Table 4). Secondary dryland for-
est was the dominant land cover class, cover-
ing 236,170.58 ha or 65.70% of the study area.
Mixed dryland agriculture and shrubland was
the second largest class, occupying 69,086.84

Table 2. Overall accuracy and kappa statistics

Year acc(a\r/aeésn(%) Kappa (%) Agreement
2021 83.65 77.03 Substantial
2022 72.12 64.28 Substantial
2023 75.00 65.09 Substantial

ha (19.22%), followed by wet agricultural land
covering 39,471.04 ha (10.98%). Built-up land
covered 10,533.13 ha (2.93%) of the study area,
while open land and water bodies occupied
2,543.28 ha (0.71%) and 1,151.40 ha (0.32%),
respectively. Overall, secondary dryland forest
and agricultural land classes accounted for more
than 95% of the total study area in 2021.

Figure 2 shows that secondary dryland forest
was widely distributed across the central, south-
ern, and southeastern parts of Cianjur Regency.
Forest cover formed extensive vegetation patches
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Table 3. Producer’s accuracy (PA) and user’s accuracy

(UA) of land cover classes

Land cover class PA 2021 (%) UA 2021 (%) PA 2022 (%) UA 2022 (%) PA 2023 (%) UA 2023 (%)
Built-up land 100.0 80.0 100.0 81.8 66.7 84.2
Water bodies 100.0 50.0 75.0 85.7 100.0 50.0
Wet agricultural land 61.5 80.0 77.8 43.8 57.1 33.3
Open land 50.0 50.0 62.5 62.5 75.0 75.0
Secondary dryland 86.3 97.8 82.1 78.1 80.8 97.7
forest
Mixed dryland
agriculture & shrubland 90.0 75.0 80.0 80.0 76.9 50.0
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Figure 2. Land cover distribution in regency in 2021

Table 4. Land cover distribution in Cianjur Regency b

efore the 2022 earthquake (2021)

ID Land cover class Area (ha) Percentage (%)

0 No data (cloud/shadow) 503.78 0.14

1 Built-up land 10,533.13 2.93

2 Water bodies 1,151.40 0.32

3 Wet agricultural land 39,471.04 10.98

4 Open land 2,543.28 0.71

5 Secondary dryland forest 236,170.58 65.70

6 Mixed dryland agriculture and shrubland 69,086.84 19.22
Total 359,460.05 100.00

with relatively low fragmentation and constituted
the dominant land cover type in 2021. Mixed dry-
land agriculture and shrubland were mainly dis-
tributed in transition zones between forested and
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cultivated areas, particularly in the central part of
the regency.

Meanwhile, wet agricultural land was con-
centrated in relatively flat areas and valleys in the
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northern and central regions. Built-up land exhib-
ited a clustered distribution pattern around urban
centers and settlements, especially in the northern
part of Cianjur Regency, whereas open land and
water bodies occupied relatively small and scat-
tered areas. The earthquake epicenter was located
in the northern part of the regency, where agricul-
tural land, settlements, and secondary vegetation
formed a heterogeneous landscape mosaic.

Land cover distribution during the
earthquake year (2022)

The 2022 land cover map showed changes in
land cover composition compared with pre-earth-
quake conditions (Table 5). Secondary dryland
forest remained the dominant land cover class,
covering 229,525.73 ha or 63.85% of the study
area. Mixed dryland agriculture and shrubland
occupied 75,845.60 ha (21.10%), while wet agri-
cultural land covered 25,365.33 ha (7.06%).

Built-up land accounted for 7,387.78 ha
(2.06%) of the study area. Open land increased
to 4,123.22 ha (1.15%), whereas water bodies
occupied 1,768.52 ha (0.49%). Compared with
2021, the extent of secondary dryland forest and
wet agricultural land decreased, while open land,
water bodies, and mixed dryland agriculture and
shrubland increased in 2022.

The 2022 land cover map (Figure 3) showed
that secondary dryland forest remained the dom-
inant land cover class and was widely distribut-
ed across the central, southern, and southeastern
parts of Cianjur Regency. Forest cover continued
to form extensive vegetation patches with rela-
tively low fragmentation, although localized frag-
mentation was observed in some areas due to the
presence of other land cover classes.

Mixed dryland agriculture and shrubland
were generally distributed in transition zones

between forested and cultivated areas, particular-
ly in the central region. Meanwhile, wet agricul-
tural land remained concentrated in relatively flat
areas in the northern and central parts of the study
area. Built-up land exhibited a clustered distri-
bution pattern around urban areas and settlement
centers, especially in northern Regency.

In addition, no-data areas associated with
clouds and cloud shadows were observed in sev-
eral parts of the study area, particularly in the
central and southeastern sectors. Consequently,
the proportion of the no-data class was greater in
2022 than in 2021.

Land cover distribution after the earthquake
(2023)

The 2023 land cover map revealed a differ-
ent land cover composition compared with the
previous observation years (Table 6). Secondary
dryland forest remained the dominant land cover
class, covering 217,503.11 ha or 60.51% of the
study area. Mixed dryland agriculture and shrub-
land represented the second largest class, occupy-
ing 61,275.83 ha (17.05%), followed by wet ag-
ricultural land covering 43,318.10 ha (12.05%).

Built-up land increased to 34,437.11 ha
(9.58%), whereas open land accounted for only
2,125.48 ha (0.59%) of the study area. Water bod-
ies occupied 799.46 ha (0.22%), representing the
smallest land cover class in 2023. Overall, forest
and agricultural land classes remained the domi-
nant land cover categories in Regency, account-
ing for more than 89% of the total study area.

In contrast to conditions in 2022, Figure 4
showed a clearer land cover distribution pattern,
with almost no areas classified as no-data. Sec-
ondary dryland forest remained dominant across
most of Cianjur Regency, particularly in the cen-
tral, southern, and southeastern regions, where

Table 5. Land cover distribution in Cianjur Regency during the earthquake year (2022)

ID Land cover class Area (ha) Percentage (%)

0 No data (cloud/shadow) 15,443.49 4.30

1 Built-up land 7,387.78 2.06

2 Water bodies 1,768.52 0.49

3 Wet agricultural land 25,365.33 7.06

4 Open land 4,123.22 1.15

5 Secondary dryland forest 229,525.73 63.85

6 Mixed dryland agriculture and shrubland 75,845.60 21.10
Total 359,459.66 100.00
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Figure 3. Land cover distribution in regency in 2022

Table 6. Land cover distribution in Cianjur Regency after the earthquake (2023)

ID Land cover class Area (ha) Percentage (%)

0 No data (cloud/shadow) 0.01 0.00

1 Built-up land 34,437.11 9.58

2 Water bodies 799.46 0.22

3 Wet agricultural land 43,318.10 12.05

4 Open land 2,125.48 0.59

5 Secondary dryland forest 217,503.11 60.51

6 Mixed dryland agriculture and shrubland 61,275.83 17.05
Total 359,459.10 100.00

it formed extensive and relatively continuous
vegetation cover. Mixed dryland agriculture and
shrubland remained distributed within transition
zones between forested and cultivated areas,
whereas wet agricultural land was concentrated in
relatively flat plains and valley areas in the north-
ern and central parts of the study area.

One notable pattern observed in 2023 was the
wider distribution of built-up land compared with
previous years, particularly in the northern part
of Cianjur Regency and along major settlement
corridors. Meanwhile, open land occupied only a
small proportion of the study area and was scat-
tered across several locations. Overall, the 2023
map showed a landscape that remained dominat-
ed by vegetation and agricultural land, although
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the proportion of built-up land was greater than
that observed before and during the earthquake.

Spatiotemporal dynamics of land cover
(2021-2023)

A comparison of land cover conditions before
(2021), during (2022), and after the earthquake
(2023) revealed notable spatial and temporal
changes across Cianjur Regency (Table 7). The
largest changes were observed in secondary dry-
land forest, open land, built-up land, and wet ag-
ricultural land.

Secondary dryland forest, which represented
the dominant land cover class, declined consist-
ently from 236,170.58 ha in 2021 to 229,525.73
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Figure 4. Land cover distribution in Cianjur Regency in 2023

Table 7. Land cover area and change rates in Cianjur Regency during 2021-2023

D Land cover class Area (Ha) Change 2021— | Change 2022—
2021 2022 2023 2022 (%) 2023 (%)
1 | Built-up land 10,533.13 7,387.78 34,437.11 -29.86 366.14
2 | Water bodies 1,151.40 1,768.52 799.46 53.60 -54.80
3 | Wet agricultural land 39,471.04 25,365.33 43,318.10 -35.74 70.78
4 |Open land 2,543.28 4,123.22 2,125.48 62.12 -48.45
5 | Secondary dryland forest 236,170.58 229,525.73 217,503.11 -2.81 -5.24
6 |Mixed dviand agriculture and | g9 086,84 75,845.60 61,275.83 9.78 -19.21
Total 359,460.05 359,459.66 359,459.10

Note: the cloud/shadow (no-data) class was excluded from the change-rate analysis because it does not represent

an actual land-cover category.

ha in 2022 and further to 217,503.11 ha in 2023.
Overall, the area of secondary dryland forest
decreased by 18,667.47 ha, representing a re-
duction of approximately 7.9% during the study
period. Open land exhibited the largest increase
during the 2021-2022 period, expanding from
2,543.28 ha to 4,123.22 ha, equivalent to an in-
crease of 62.1%. However, open land declined
to 2,125.48 ha in 2023, representing a decrease
of 48.5% compared with 2022. In contrast, built-
up land decreased from 10,533.13 ha in 2021 to
7,387.78 ha in 2022 before increasing sharply to

34,437.11 ha in 2023. This increase correspond-
ed to a 366.1% rise during the 2022-2023 period.
Wet agricultural land also increased substantial-
ly, from 25,365.33 ha in 2022 to 43,318.10 ha in
2023, equivalent to a 70.8% increase.

Overall, land cover dynamics differed be-
tween the two observation periods. The 2021-
2022 period was characterized by an expansion
of open land and reductions in several vegetation
classes, whereas the 2022-2023 period showed
substantial increases in built-up land and wet ag-
ricultural land accompanied by a decline in open
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land. These patterns summarize the main land
cover changes observed before, during, and after
the 2022 earthquake.

DISCUSSION

Land cover classification reliability

The Random Forest algorithm produced
satisfactory classification results across all ob-
servation years. Overall accuracy (OA) values
reached 83.65%, 72.12%, and 75.00% for 2021,
2022, and 2023, respectively, while kappa coef-
ficients ranged from 64.28% to 77.03%. Based on
the classification proposed by Viera and Garrett
(2005), all kappa values fell within the substantial
agreement category, indicating good agreement
between the classified maps and the reference
data. These results suggest that the resulting land
cover maps were sufficiently reliable for land
cover change analysis.

The classification performance obtained in
this study is consistent with findings reported in
previous studies using Sentinel-2 imagery and
the Random Forest algorithm for land cover map-
ping. Random Forest has been widely reported
to achieve high classification accuracy because
it can model complex spectral relationships and
efficiently handle large numbers of predictor vari-
ables (Noi Phan et al., 2020; Patra et al., 2021). In
addition, integrating spectral bands with vegeta-
tion, water, built-up land, and bare-land indices
can improve class separability and thereby en-
hance classification accuracy (Sousa et al., 2020;
Xing et al., 2021).

The class-specific accuracy assessment re-
vealed variations among land cover classes. Sec-
ondary dryland forest consistently exhibited high
classification accuracy throughout the study pe-
riod, as reflected by its relatively high Producer’s
Accuracy and User’s Accuracy values. The high
accuracy of this class was likely associated with
its distinctive spectral characteristics, particularly
in the near-infrared (NIR) and shortwave infrared
(SWIR) bands, which facilitate its separation from
other land cover classes (Guo et al., 2020; Yasin
et al., 2026). In addition, the spatial distribution
of secondary dryland forest formed extensive
patches with relatively low levels of fragmenta-
tion across much of central and southern Cianjur
Regency. Such landscape characteristics reduce
the occurrence of mixed pixels and contribute
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to more consistent classification results. Mixed
pixels, which contain spectral information from
multiple land cover types, are a major source of
uncertainty in remote-sensing classification be-
cause they reduce class separability and increase
the likelihood of misclassification. Therefore, the
presence of large and relatively homogeneous
forest areas likely contributed to the high classi-
fication accuracy observed in this study (Diniz et
al., 2024; Panchal and Gupta, 2011).

In contrast, wet agricultural land exhibited
relatively lower classification accuracy, particu-
larly in 2022 and 2023. This condition was likely
related to spectral similarities among wet agricul-
tural land, mixed dryland agriculture and shru-
bland, and open land under different vegetation
growth stages. Similar challenges in distinguishing
agricultural land cover classes have been reported
in previous Sentinel-2-based classification studies
(Agapova et al., 2025). Furthermore, fragmented
agricultural landscapes characterized by small and
irregular land parcels pose challenges for accurate
land cover classification. Such conditions increase
the occurrence of mixed pixels and reduce the clar-
ity of class boundaries, thereby increasing the po-
tential for misclassification (Song et al., 2023)

Despite variations in classification accuracy
among land cover classes and observation years,
all land cover maps achieved accuracy levels
generally considered adequate for regional-scale
land cover analysis and change-detection studies.
Therefore, the classification results can be con-
sidered a reliable basis for evaluating land cover
dynamics in regency before, during, and after the
2022 Earthquake.

Land cover characteristics before the 2022
earthquake

The 2021 land cover distribution showed that
the landscape of regency prior to the earthquake
was dominated by vegetation cover, particularly
secondary dryland forest and agricultural land.
The dominance of these land cover classes reflects
the physiographic characteristics of the region,
which is largely composed of hilly and mountain-
ous terrain that supports extensive forested and
cultivated landscapes. This finding is consistent
with the broader landscape characteristics of
southern West Java, where forest and agricultural
land remain dominant across upland and moun-
tainous areas (BPBD Kabupaten, 2022; Shalih
et al., 2023). The large proportion of vegetation
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cover indicates that ecological and agricultural
functions constituted the primary components of
the regional landscape before the earthquake.

Spatial analysis revealed that secondary dry-
land forest formed extensive and relatively con-
tinuous patches across the central and southern
parts of regency. In contrast, agricultural land
and settlements were more concentrated in the
northern region and in areas with gentler topog-
raphy. This pattern suggests a close relationship
between topographic conditions and land-use
distribution, whereby steeper areas tend to re-
tain vegetation cover, whereas agricultural and
settlement activities are concentrated in more
accessible locations. Similar relationships be-
tween topography and land-use patterns have
been widely reported in tropical mountainous re-
gions, where terrain conditions and accessibility
contribute to the persistence of vegetation cover
on steeper slopes (Chen et al., 2025).

In addition to secondary dryland forest,
mixed dryland agriculture and shrubland and wet
agricultural land occupied substantial propor-
tions of the landscape. The prominence of these
agricultural classes highlights the importance of
agriculture within the regional land-use system.
The concentration of wet agricultural land in
plains and valley areas indicates that agricultural
activities are strongly influenced by topographic
conditions and water availability. Such land-use
configurations are commonly observed in rural
Indonesian landscapes, where forests, agricul-
tural land, and settlements form interconnected
socio-ecological systems (Schepp et al., 2022;
Wijaya, 2026).

Built-up land occupied only a small propor-
tion of the study area and exhibited a clustered
distribution around urban corridors and settle-
ment centers. Notably, the epicentral area of the
2022 Earthquake was located in the northern part
of the regency, where land cover was more het-
erogeneous than in the forest-dominated southern
region. This finding indicates that the areas most
directly affected by the earthquake consisted of a
mosaic of settlements, agricultural land, and sec-
ondary vegetation. Previous studies have suggest-
ed that heterogeneous landscapes often exhibit
more complex land-cover responses to major dis-
turbances because of the close interaction between
human activities and natural ecosystem compo-
nents (Kang et al., 2022; P. Zhang et al., 2025).

Overall, the pre-earthquake landscape of re-
gency was characterized by extensive vegetation

cover and relatively low fragmentation of built-
up areas. These baseline conditions provide an
important reference for interpreting subsequent
land-cover changes. Given that secondary dry-
land forest and agricultural land represented the
dominant landscape components, changes in
these classes were expected to play a major role
in shaping landscape transformation during and
after the 2022 earthquake.

Land cover changes during the earthquake,
year 2022

The 2022 land cover classification revealed
notable changes in landscape composition com-
pared with pre-earthquake conditions. Although
secondary dryland forest remained the dominant
land cover class, its area declined together with
wet agricultural land, while open land, water bod-
ies, and mixed dryland agriculture and shrubland
increased. These patterns suggest that the earth-
quake year represented an initial phase of land-
scape disturbance characterized by reductions in
several vegetation classes and the expansion of
disturbed land-cover categories.

The decline in secondary dryland forest ob-
served in 2022 indicates that vegetation cover
was among the landscape components affected
during the disaster period. Previous studies have
reported that the 2022 earthquake triggered hun-
dreds of landslides across hilly and mountain-
ous areas of the regency (Hadmoko et al., 2024;
Zulfakriza et al., 2024). Landslides can remove
vegetation through slope failure, tree damage,
and the formation of exposed surfaces on affected
hillsides. Furthermore, earthquake-induced geo-
morphological changes may alter slope stability
and accelerate subsequent land-cover changes in
environmentally sensitive areas.

The expansion of open land represented one
of the clearest indicators of landscape distur-
bance during the earthquake year. This increase
suggests a reduction in vegetation cover that had
previously dominated much of the landscape.
Several processes may have contributed to this
pattern, including landslides, vegetation damage,
emergency response activities, and post-disaster
land-use adjustments. Similar responses have
been documented in other earthquake- and land-
slide-affected regions, where vegetation distur-
bance is frequently accompanied by an increase
in sparsely vegetated or unvegetated areas (Ihsan
et al., 2023; Yang et al., 2018). Consequently, the
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expansion of open land may be interpreted as a
spatial indicator of environmental disturbance as-
sociated with the earthquake.

Wet agricultural land also declined during
2022, suggesting that agricultural areas experi-
enced landscape changes during the disaster year.
Although this study did not directly evaluate ag-
ricultural productivity, the observed land-cover
changes may reflect disruptions to both biophysi-
cal land conditions and cultivation activities. At
the same time, the increase in mixed dryland
agriculture and shrubland may indicate shifts in
vegetation characteristics that altered the spectral
response of some agricultural areas, resulting in
their classification into different land-cover cat-
egories. These findings suggest that earthquake-
related disturbances affected not only natural
landscape components but also land-use systems
associated with local livelihoods.

Despite these changes, secondary dryland
forest and agricultural land continued to dominate
the landscape structure of regency, accounting for
more than 90% of the study area in 2022. This
finding indicates that the overall landscape struc-
ture remained largely intact, although specific
land-cover classes exhibited measurable changes.
The expansion of open land and the reduction of
several vegetation classes nevertheless demon-
strate that the 2022 Earthquake influenced land-
cover dynamics at the regional scale.

Overall, the 2022 landscape represented a
transitional phase characterized by increasing
open land and declining vegetation cover. The
observed changes demonstrate that earthquake
impacts can be detected not only through visible
physical damage but also through shifts in land-
cover composition captured by multitemporal
remote-sensing data. This transitional phase pro-
vides an important basis for understanding sub-
sequent landscape recovery and reorganization
during the post-earthquake period.

Land cover changes after the earthquake
(2023)

The 2023 classification results revealed a
land cover composition that differed from that
observed during the earthquake year. Although
secondary dryland forest remained the dominant
land cover class, its area continued to decline
compared with previous years. In contrast, built-
up land and wet agricultural land increased sub-
stantially, while the extent of open land decreased
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relative to 2022. These patterns suggest that post-
earthquake land cover dynamics were increasing-
ly influenced by landscape recovery and land-use
reorganization rather than by direct environmen-
tal disturbance.

One of the most notable changes observed
in 2023 was the expansion of built-up land to
34,437.11 ha, representing the largest land-
cover change recorded during the study period.
Although this study did not directly evaluate re-
construction programs or infrastructure develop-
ment activities, the increase in built-up land may
reflect post-disaster rehabilitation, reconstruction,
and settlement expansion. Similar trends have
been reported in other disaster-affected regions,
where recovery processes are often accompanied
by increased development activities and land-use
change (Civelek et al., 2023; Kang et al., 2022).

Spatial analysis further revealed that the
expansion of built-up land was not evenly dis-
tributed across regency. Most newly developed
built-up areas were concentrated in the northern
part of the regency, where settlements, economic
activities, and transportation networks are pre-
dominantly located. In contrast, the central and
southern regions remained largely dominated by
secondary dryland forest and experienced com-
paratively limited changes. This pattern suggests
that post-disaster landscape transformation was
more pronounced in areas characterized by higher
levels of human activity than in areas dominated
by natural vegetation.

At the same time, open land decreased sub-
stantially compared with 2022. This reduction
suggests that some of the open areas that emerged
during the earthquake year transitioned into other
land-cover classes. Such changes may be associ-
ated with natural revegetation processes as well as
the reuse of land for agricultural and development
activities. Similar reductions in open land follow-
ing periods of disturbance have been reported
in previous post-disaster studies, where affected
landscapes gradually recovered through both eco-
logical processes and human intervention (Bian
et al., 2022; Wang et al., 2022). Consequently,
the decline in open land observed in 2023 may be
interpreted as an indicator of ongoing landscape
reorganization following the disturbance that oc-
curred in the previous year.

Wet agricultural land also increased substan-
tially in 2023. The recovery of wet agricultural
land compared with 2022 suggests that some pre-
viously disturbed areas were reused for cultivation
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activities. Although this study did not directly as-
sess agricultural productivity, the observed in-
crease may reflect the resumption of land-use
activities by local communities following the dis-
turbance phase. These findings indicate that post-
disaster land-cover dynamics were influenced not
only by environmental processes but also by hu-
man responses during the recovery period.

Despite these recovery-related changes,
secondary dryland forest continued to decline
through 2023. The persistent reduction in forest
cover from the pre-earthquake period to the post-
earthquake period suggests that some landscape
changes were not fully reversed during the obser-
vation period. This finding highlights the possi-
bility that environmental impacts associated with
major disturbances may persist beyond the im-
mediate disaster phase, particularly in landscapes
vulnerable to vegetation-cover change.

Overall, the 2023 landscape represented a
phase of post-disaster reorganization character-
ized by expanding built-up land and wet agricul-
tural land, declining open land, and a continued
reduction in forest cover. Together, these patterns
indicate that post-earthquake land-cover dynam-
ics reflected both environmental recovery pro-
cesses and ongoing adjustments in land use dur-
ing the recovery period.

Spatiotemporal dynamics of land cover
before, during, and after the 2022 earthquake

The multitemporal analysis revealed that land
cover change in Cianjur Regency occurred gradu-
ally and followed two broad stages during the ob-
servation period. The first stage, spanning 2021—
2022, was characterized by an expansion of open
land and reductions in several vegetation classes,
particularly secondary dryland forest and wet
agricultural land. This pattern is consistent with
a disturbance period associated with environ-
mental impacts occurring during the earthquake
year. The second stage, covering 20222023, was
characterized by increases in built-up land and
wet agricultural land accompanied by a decline
in open land. These changes suggest a period of
landscape reorganization in which some previ-
ously affected areas were reused and incorporated
into new land-use activities.

One of the most important findings of this study
is that landscape transformation did not cease dur-
ing the earthquake year. Secondary dryland forest
declined continuously from 236,170.58 ha in 2021

to 217,503.11 ha in 2023, representing a reduc-
tion of approximately 7.9% over the observation
period. The persistent decline suggests that some
landscape changes were not entirely temporary. In
mountainous environments, post-disaster vegeta-
tion change is often influenced by a combination
of geomorphological processes, vegetation distur-
bance, and subsequent land-use change (Yang et
al., 2018; Hadmoko et al., 2024). Accordingly, the
environmental consequences of earthquakes may
extend beyond the immediate disaster period and
continue during subsequent years.

Another notable finding was the shift in land-
cover composition between the earthquake year
and the post-earthquake period. The year 2022
was characterized by increasing open land and
declining vegetation cover, whereas 2023 showed
substantial increases in built-up land and wet ag-
ricultural land together with a reduction in open
land. These contrasting patterns suggest that post-
earthquake landscape dynamics were influenced
not only by environmental disturbances associ-
ated with the disaster but also by recovery-related
processes that occurred afterwards. The expan-
sion of built-up land and the recovery of wet ag-
ricultural land may reflect the reuse of affected
areas through reconstruction, rehabilitation, and
renewed productive activities. Therefore, post-
earthquake landscape transformation can be
viewed as the result of interactions between natu-
ral disturbance processes and human responses
during the recovery period (J. Zhang et al., 2025).

The findings also demonstrate the value of
a multitemporal approach for assessing post-di-
saster environmental change. A conventional be-
fore—after analysis based on only two observation
periods would have been unable to clearly capture
the transitional conditions that emerged during
the earthquake year and the subsequent changes
that occurred during recovery. By incorporating
multiple observation periods, the present study
was able to identify gradual changes in landscape
composition and provide a more comprehensive
understanding of the direction and magnitude of
post-disaster landscape transformation at the re-
gional scale (Vu & Kamthonkiat, 2016).

Overall, the results suggest that land-cover
change associated with the 2022 earthquake oc-
curred through two broad stages: an initial dis-
turbance stage during the earthquake year and a
subsequent landscape reorganization stage during
the post-disaster period. These findings highlight
that earthquake-related environmental impacts
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are reflected not only in immediate landscape
disturbance but also in longer-term processes of
recovery and land-use adjustment. Consequently,
multitemporal monitoring is important for envi-
ronmental impact assessment, landscape rehabili-
tation planning, and geospatially informed disas-
ter risk reduction strategies.

CONCLUSIONS

The results showed that land-cover changes
were not limited to the earthquake year but con-
tinued throughout the post-earthquake period.
During the observation period, secondary dry-
land forest declined consistently, while open
land increased during the earthquake year and
subsequently decreased in the following year. In
contrast, built-up land and wet agricultural land
expanded during the post-earthquake period.

The findings revealed that post-disaster land-
cover dynamics occurred through two broad
phases: a disturbance phase characterized by in-
creasing open land and declining vegetation cover
during the earthquake year, followed by a reorga-
nization phase characterized by the expansion of
built-up land and wet agricultural land during the
recovery period. These patterns suggest that post-
earthquake landscape transformation was shaped
by interactions between environmental distur-
bance and human responses during recovery.

The novelty of this study lies in the appli-
cation of a multitemporal approach to evaluate
land-cover dynamics across three distinct phases:
before, during, and after the earthquake. Unlike
conventional before—after analyses, this approach
captured transitional landscape conditions and
longer-term post-disaster changes. The findings
contribute to a more comprehensive understand-
ing of post-disaster landscape transformation and
provide geospatial evidence that may support en-
vironmental rehabilitation, spatial planning, and
disaster risk reduction efforts.
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