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ABSTRACT

Ecosystem restoration efforts are undertaken in degraded forest areas impacted by anthropogenic disturbances,
particularly agricultural expansion, to mitigate the effects of global warming. One of the primary challenges in
implementing restoration programs is the difficulty in monitoring their effectiveness, primarily due to limited ac-
cessibility and the extensive spatial area of the restoration site. This limitation can be addressed by applying remote
sensing technologies, which enable continuous, large-scale monitoring of landscape dynamics with high temporal
and spatial efficiency. This study assesses the recovery of ecosystem services over 14 years in a restoration area
within the corridor habitat of Gunung Halimun Salak National Park, Indonesia. The assessment focuses on three
critical ecosystem service functions: microclimate regulation, biodiversity conservation, and carbon sequestra-
tion. Spatial analysis was conducted using Landsat satellite imagery to quantify changes in land surface tempera-
ture (LST), forest canopy density (FCD), and net primary productivity (NPP), in addition to assessing landscape
structure through fragmentation metrics, including number of patches (NP), edge density (ED), mean shape index
(MSI), and interspersion and juxtaposition index (IJI). The results indicate that while restoration efforts have
facilitated partial recovery of ecosystem functions, the original ecological integrity of forest ecosystem services
has not yet been fully restored. Nonetheless, integrating remote sensing data with landscape ecological indicators
provides a practical and scalable method for assessing the dynamics of ecosystem service recovery in large and
inaccessible restoration areas.

Keywords: corridors, ecosystem restoration, restoration, spatial analysis.

INTRODUCTION

forest restoration (Pita et al., 2024). Forest res-
toration is crucial for mitigating climate change,

Tropical deforestation and forest degradation
have significantly reduced forest cover, with 17%
of tropical moist forests lost since 1990 (Vancut-
sem et al., 2021). These changes have contributed
substantially to increased atmospheric greenhouse
gas concentrations (Harris et al., 2012) and bio-
diversity loss (Dubey et al., 2022). If current dis-
turbance rates persist, intact tropical forests may
disappear entirely in some regions by 2050, under-
scoring the urgent need for effective conservation
policies (Vancutsem et al., 2021) and large-scale

conserving biodiversity, and maintaining ecosys-
tem services (Aerts and Honnay, 2011). Although
restoration initiatives have been implemented in
many tropical countries, many have failed due to
various challenges. Key factors contributing to
these failures include insufficient consideration of
genetic diversity and site suitability in selecting
planting materials (Thomas et al., 2015), lack of lo-
cal community engagement, and misalignment be-
tween restoration objectives and community needs
(HOhI et al., 2020). Environmental disturbances,
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such as wildfires, also present significant barriers
to success (Fawzi et al., 2020). Despite extensive
reforestation efforts in Indonesia, the success of
restoration remains low, with only 1% of replanted
areas demonstrating successful ecological recov-
ery (Fawzi et al., 2020). To enhance restoration
outcomes, efforts must prioritize fire management,
weed control, accurate cost estimations, and eco-
logically appropriate restoration strategies (Fawzi
et al., 2020). Equally important is implementing
long-term monitoring using efficient and advanced
technologies, as conventional monitoring methods
are often time-consuming and cost-prohibitive.

Remote sensing technologies offer a promis-
ing alternative for long-term monitoring, provid-
ing scalable and cost-effective tools to assess for-
est restoration progress across large spatial and
temporal scales (de Almeida et al., 2020). This
study aims to monitor ecosystem recovery and
evaluate restoration outcomes in restoration areas
and their adjacent landscapes within the Gunung
Halimun Salak National Park (HSNP) corridor
from 2011 to 2024, using a functional ecosystem
approach focused on three key services: micro-
climate regulation, habitat and biodiversity con-
servation, and carbon productivity. Restoration is
considered successful when these functions in the
restoration area have values equivalent to those in
the surrounding forest areas.

METHODS

Location

This study was conducted in the habitat corri-
dor connecting Mount Salak and Mount Halimun

within Gunung Halimun Salak National Park
(GHSNP), the largest remaining expanse of up-
land and submontane tropical rainforest on Java,
covering approximately 113,000 hectares (Figure
1). The corridor supports wildlife movement and
high biodiversity, including endemic and endan-
gered species such as the Javan gibbon, leopard,
and hawk-eagle. Despite its protected status, the
park continues to face ongoing threats from illegal
land use, poaching, and degradation, underscoring
the need for integrated conservation, restoration,
and long-term monitoring. The study focuses on
two blocks of restoration area — Gunung Kendeng
(120 ha, planted in 2019) and Pasir Bendil (50
ha, planted in 2012) — along with the surrounding
corridor area. Both blocks are located within the
same village, with the same soil typesa — namely
a complex of latosol and andosola — and at the
same elevation (900-1200 m above sea level).
Historically, both blocks were production forests
managed by the state-owned company Perhutani
before 2003, and were cultivated by local com-
munities through an agroforestry (tumpang sari)
scheme. This system allowed farmers holding
cultivation rights to farm while also tending the
trees that were planted.

Data collection and analysis

Data collection begins with downloading sat-
ellite imagery from the United States Geological
Survey (USGS) via the EarthExplorer platform
(earthexplorer.usgs.gov), including Landsat 7/
enhanced thematic mapper (ETM) imageries for
2011 and 2012, and Landsat 8/operational land
imager (OLI) imageries for 2013 to 2024. Before
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Figure 1. Study site — corridor of GHSNP
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analysis, gaps in the SLC-off data from Landsat
7/ETM were filled using band-specific gap mask
files using QGIS. Both Landsat datasets were
used to calculate LST, NPP, and FCD. Mean-
while, Landsat 5/Thematic Mapper (TM) was
used for land cover classification; however, the
imagery was not downloaded, as it was processed
directly using Google Earth Engine (GEE).

Land cover identification and accuracy
assessment

For the land cover classification process,
Landsat 5/TM satellite data were used for the
years 2011 and 2012, and Landsat 8/OLI data
were used for the years 2013 to 2024. The surface
reflectance imagery was accessed and processed
through Google Earth Engine (GEE) to generate
annual cloud-free composites. Imagery for each
year was filtered based on acquisition dates span-
ning from June 1 to September 30, correspond-
ing to the dry season. It was limited to the spatial
extent of the study area. This temporal filtering
aimed to minimize cloud cover and improve im-
age quality. A custom cloud masking function
was applied using the pixel ga band to mask out
clouds, cloud shadows, and other low-quality pix-
els. The cloud-masked images were composited
using the median pixel value to reduce the influ-
ence of residual clouds and outliers. The com-
posite images were calibrated using the standard
surface reflectance scaling factor (multiplying by
0.0001), then clipped to the study area boundary.

The images were then processed and analyzed
for land cover classification using a supervised
classification approach with the Random Forest
algorithm in Google Earth Engine. Classification
was performed using training samples obtained
from high-resolution image interpretation, and
the land cover types classified included forest,
shrub, settlement, and agricultural.

To ensure the reliability of the classification
results, an accuracy assessment was performed
using overall accuracy and Kappa coefficient as
evaluation metrics. For this purpose, the dataset
was divided into 70% training data and 30% vali-
dation data. The Kappa coefficient is estimated
based on the confusion matrix, which compares
the agreement between the classified land cover
labels and the independent ground-truth valida-
tion sample. This matrix measures the degree of
agreement beyond chance by measuring the con-
sistency between the predicted classes and the

reference data. According to the threshold rec-
ommended by Viera and Garet (2005), the clas-
sification map is only used for further analysis if
the overall accuracy and Kappa statistic achieve
a minimum accuracy level of greater than 80%.
The GEE script for the land cover classification
and its accuracy assessment is presented in the
supplementary document.

Climate amelioration

Microclimate improvement was assessed by
measuring changes in land surface temperature
(LST). The decreasing trend in LST indicates an
improvement in microclimate conditions in the
restored area, indicating the effectiveness of the
restoration program. The procedure for calculat-
ing LST follows the method developed by the
United States Geological Survey (USGS, 2016).

LST calculations are carried out using band
six on Landsat 7/ETM and bands 10 and 11 on
Landsat 8/OLI, which are thermal bands. How-
ever, for NDVI calculations, use bands 3 and 4 on
Landsat 7/ETM and bands 4 and 5 on Landsat 8/
OLI The LST calculation procedure with detailed
steps is presented in Table 1.

Forest canopy density

The forest canopy density (FCD) model is a
proxy for estimating forest canopy densitya — the
proportion of land area covered by the vertical
projection of tree canopies — which is widely used
to indicate forest condition and degradation status.
The FCD model integrates vegetation and bare
soil indices obtained from multispectral satellite
imagery, combining them through a fuzzy logic
approach to estimate canopy density per pixel. In
this study, FCD estimation follows the methodol-
ogy published by Rikimaru (2002) (Table 2).

Net primary productivity

Net primary productivity (NPP) is a funda-
mental ecological metric that measures the rate
at which plants produce biomass through photo-
synthesis after accounting for losses due to plant
respiration. As such, NPP is a valuable indicator
of restoration success, with higher NPP values
reflecting healthier, more productive vegetation
in restored areas. For the NPP analysis, Landsat
7/ETM satellite imagery was used for the years
2011 and 2012, and Landsat 8/OLI imagery for
the years 2013 to 2024. Estimating NPP involves
a series of processing steps, as outlined in Table 3.
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Table 1. Land surface temperature (LST) data processing

Steps Data processing Equation Description
(Lmax—Lmin) .
. ! ' LA = —2 = X (Qear- Qmin) + | LA — radiance spectral TOA (W/m?-sr-um), ML —
Radiometric correction (Qcal, g, —Qcal,y;,) . X ’
1. to TOA reflectance + L (Landsat 7) rad_la_nce mult band, AL_— radiance add 1ba;\d, Qcal
LA = MLQqs + AL (Landsat 8) — digital number (DN) pixel value (e.g., 1-255)
T» — temperature brightness, K, — calibration
constant 1, K, — calibration constant 2,
. _ K, _ * Band 6 of Landsat 7/ETM:
2. Temperature brightness T, = <—zn<ﬁ+1)> 273,15 K, = 666.00, K2 = 1282.71
ta « Band 10 of Landsat 8/OLI:
Ki =774.8853, K2 = 1321.0789
NIR — near infrared radiation (band 5 of Landsat
3 Normalized difference NDV/ = VIR—RED 8/0OLI and band 4 of Landsat 7/ETM), RED — red
: vegetation index NIR+RED band radiation from pixel (band 4 of Landsat
8/0OLI and band 3 of Landsat 7/ETM)
NDVI — NDVI,;, 2 - —hi
4. | Proportion of vegetation | py = ( min ) NE|) Vl’",’\’}D\}?WeSt value NDVI, NDVima: — highest
NDVIpax — NDVipin value
L e=mPv+n € — land surface emissivity, Pv — proportion of
5. |Land surface emissivity £=0.004 Pp +0.986 vegetation
6 Land surface LST = Tb A — wavelength of emitted radiance (10.895 ym),
" |temperature A*Tb 2 = h x < = 14388 ymK
: [+ () e N
Table 2. Forest canopy density (FCD) data processing
Steps Data analysis Equation Description
NIR — near infrared radiation (band 5 of Landsat 8/OLI
1 Advanced vegetation | AV/I=¥(NIR) x (1 — RED) x (RED |and band 4 of Landsat 7/ETM), RED — red light
’ index - NIR) radiation from pixel (band 4 Landsat 8 and band 3
Landsat 7/ETM)
SWIR — shortwave infrared (band 6 of Landsat 8/OLI
2 Bare soil index gy = RED+SWIR) — (NIR+BLUE) and band 5 of Landsat 7/ETM), BLUE — blue band
) (RED+SWIR) + (NIR+BLUE) radiation from pixel (band 2 of Landsat 8/OLI and band
1 of Landsat 7/ETM)
3 Shadow index SI=+(1-BLUE) x GREEN - green band radiation from pixel (band 3 of
) (1 - GREEN)*(1 — RED) Landsat 8/0OLI and band 2 Landsat 7/ETM)
. _ K1 Tl — temperature brightness, K — calibration constant 1,
4. Thermal index = K2/Ln(L x+1) K, — calibration constant 2, LA — radiance spectral TOA
e a PCA was conducted
between AVI and Bl to
Principal component obtain VD (Vegetation
5. analysis (PCA) Density) PCA was performed using tools in QGIS
¥ a PCA analysis between Sl
and TI to obtain SSI (Scaled
Shadow Index)
. _ FCD - forest canopy density, VD — vegetation density,
6. Forest canopy density |  FCD =/(VD x SSI + 1) -1 SSI — scaled shadow index.
Landscape metrics classified land cover maps derived from Landsat

Landscape metrics are spatial analysis tools
used to quantify the structure, composition, and
configuration of land cover patches in a landscape
mosaic. These metrics provide valuable insights
into landscape fragmentation, connectivity, and
spatial heterogeneitya — key indicators in assess-
ing ecosystem integrity, particularly in restoration
monitoring. In this study, landscape metrics were
computed using the landscape metrics package
(Hesselbarth et al., 2019) in RStudio, based on
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satellite imagery. The land cover maps were first

standardized by applying a 250 x 250 m spatial

grid, and only patches larger than 1 pixel (> 250

m?) were included to minimize noise from minor

artifacts and classification errors. The following

class-level metrics were calculated:

e Number of patches (NP) — indicates the to-
tal number of discrete land cover patches for
each class. A higher NP reflects increased
fragmentation.
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Table 3. Net productivity primer (NPP) data processing steps

Steps Data analysis Rumus
NDVI _ NIR-RED
1. (Myneni and Williams, 1994) NDVI = RirED
Fraction photosynthetically
2. active radiation FPAR =1.24 x NDVI-0.168
(Moran et al, 1995)
Light use efficiency —
3. (Myneni and Williams, 1994) LUE (gC/MJ) = 0.5+ (1.5 x NDVI)
a L7 =(0.356 x B1) + (0.13 x B3) + (0.373 x B4) + (0.085 x B5) + (0.072 x B7)
4. Albedo (Liang, 2001) a L8=(0.356 x B2) + (0.13 x B4) + (0.373 x B5) +
+(0.085 x B6) + (0.072 x B7) — 0.018
Total solar radiation 2
5. (Liang, 2001) Rs(M]/m*) = (1 - a) Xs X0.0864
6 Photosynthetically active PAR=fx R;
' radiation (Moran et al., 1995) f — fraction of photosynthetically active radiation (typically 0.5)
Absorb photosynthetically active _
7. radiation (Gaffney et al., 2018) APAR = FPAR x PAR
Gross primary productivity _
8. (Liu et al., 2021) GPP = APAR x LUE
Net productivity pri NPP = GPP - R,
9. (Zeaifg?e"‘i‘zt“’ély %’1“3‘?)' NPP (gC/m?/day) = GPP — (0.5 x GPP)
v NPP (ton C/halyear) = NPP (gC/m?/day) x 10.0000 x 365 -+ 1.000.000

e Mean shape index (MSI) — measures the aver-
age shape complexity of patches. MSI values
close to 1 indicate regular (compact) shapes,
while higher values suggest more irregular
and fragmented patches.

e Edge density (ED) —represents the total length
of edge per unit area (usually in meters per
hectare, m/ha). ED captures the extent of edge
effects, which are ecologically important in
fragmented landscapes.

e Interspersion and juxtaposition index (IJI) —
quantifies the degree to which different patch
types are interspersed. 1JI values range from
0 (clumped/segregated) to 100 (evenly in-
terspersed), providing insight into landscape
connectivity and mixing

These metrics were selected based on their rel-
evance to forest fragmentation analysis and land-
scape ecological monitoring, as recommended by
McGarigal and Marks (1995) and implemented by
Hesselbarth et al. (2019). The calculations allow for
tracking spatial changes in land use and land cover
structure, especially concerning forest conservation
and restoration programs within the study area.

RESULT AND DISCUSSION

Land cover changes

The natural forest areas within the Mount
Halimun Salak National Park (TNGHS) have

experienced a reduction in size due to logging ac-
tivities and land-use conversion (Prasetyo et al.,
2006). The remaining forest areas have been des-
ignated production forests, protected forests, and
ecological corridors (GHSNP, 2008). In addition,
there are plantation and agricultural areas within
the corridor region (Sardjo et al., 2022). Over the
past 14 years, the TNGHS corridor has undergone
notable changes in land cover. These changes are
illustrated in Figure 2. The forest area has increased
due to restoration activities collaborating with the
TNGHS authorities. Part of the TNGHS corridor
was previously community-cultivated land when it
was still classified as production forest managed
by the state-owned company of Perhutani (Sardjo
et al., 2022), resulting in agricultural areas. The in-
crease in settlement area is due to the existence of
enclaves. These settlements cannot be removed, as
they have existed since before the Dutch colonial
period (Dewi et al., 2023). The extent of shrub cov-
er has fluctuated due to land cover changes around
the corridor (Prasetyo and Setiawan, 2006).

Surface temperature changes

LST values have changed in magnitude over
14 years. Changes in LST in the corridor area and
its surroundings are shown in Figure 3.

Areas with lower surface temperatures are pre-
dominantly forested, while other land cover types
dominate areas with higher surface temperatures.
In 2017, the blue areas — representing clouds with
the lowest surface temperatures — obscured the

367



Ecological Engineering & Environmental Technology 2025, 26(8), 363—374

Legend

[ Restoration area of MHSNP/TNGHS [0 Shrub
I Forest B Settiement
[ | Agriculture

(©)

Figure 2. Land cover changes within 14 years after restoration, (a) 2011, (b) 2024, (c) trends of land cover
changes 2011-2024
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Figure 3. Land surface temperatures (LST) changes within 14 years after restoration, (a) 2011, (b) 2024,
(c) trends of average LST 2011-2024

visibility of forest cover, which exhibits relatively
low temperatures compared to other land covers,
thus making it less distinguishable in the imagery.
Guo-yu et al. (2013) explain that vegetated ar-
eas can lead to high levels of evapotranspiration,
which increases air humidity and subsequently
lowers temperature. Comparative analysis of LST
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between restoration and intact forest areas reveals
that revegetated zones exhibit marginally higher
mean LST values. These findings suggest that
ecosystem restoration contributes to moderating
surface temperature trends, although thermal con-
ditions in restored areas have not yet equilibrated
with those of mature forests.
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Canopy density changes

Canopy density is the ratio between the cano-
py area and the land surface area. The higher the
percentage value of canopy cover, the denser the
vegetation (Hartoyo et al., 2021). The FCD value
can describe the level of forest degradation and
thus serve as a reference for restoration activities
(Rikimaru et al., 2002). Figure 4 shows the dy-
namics of FCD changes.

At the initial stage of restoration, the FCD in-
creased rapidly, followed by a period of stabiliza-
tion and subsequent decline. This pattern likely
reflects the dominance of fast-growing pioneer
species that initially colonize the restored area.
As these pioneer species are gradually replaced
or outcompeted by slower-growing climax spe-
cies, the overall FCD tends to decrease. Based on
the observed trend in FCD dynamics, the canopy
density in revegetated areas has not yet reached
the levels characteristic of natural forest ecosys-
tems. Nevertheless, the FCD has shown a marked
increase compared to the early planting phase,
indicating positive vegetation development. Ac-
cording to Suganuma and Durigan (2014), can-
opy cover is a reliable indicator for assessing the
success of forest restoration.

woen High : 80,05%

Restoration area of MHSNP/TNGHS

B o a7.22%

2011
2012
2013
2014
2015

(©)

e Restoration area

2016
= 2017

F P,
Legend

Net primary productivity trend

Net primary productivity refers to the amount
of net carbon absorbed by vegetation after sub-
tracting the carbon used for activities such as res-
piration (Park et al., 2021). NPP can reflect the
condition and changes in an ecosystem (Wei et al.,
2018). The NPP results are shown in Figure 5.

Settlement areas do not absorb carbon, result-
ing in the lowest NPP values. Shrubland areas
exhibit higher NPP than other land cover types
(Lietal., 2023). Annual fluctuations in NPP occur
due to variations in photosynthesis rates, which
are influenced by sunlight exposure. In general,
NPP values in revegetated areas remain lower
than those in forested regions, indicating that
ecosystem recovery in carbon absorption still re-
quires considerable time.

Number of patch trend

The number of patch for forests indicates
the quantity and composition of forest patches
within the landscape, and it also indicates habi-
tat fragmentation (Rutledge, 2003). The NP
calculation results are shown in Figure 6. The
number of forest patches (NP) across the entire

L
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Figure 4. Forest canopy density (FCD) changes within 14 years after restoration, (a) 2011, (b) 2024,
(c) trends of average FCD 2011-2024
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Figure 5. Net productivity primer (NPP) changes within 14 years after restoration, (a) 2011, (b) 2024,
(c) trends of average NPP changes 2011-2024
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study area fluctuated, but overall, no significant
changes occurred. Similarly, in the regions re-
vegetated, the forest NP remained relatively
constant. This indicator suggests that there has
not been a notable increase in forest patches
within the revegetated areas.

Edge density trend

Edge density is the total length of landscape
edges divided by the total landscape area (Sertel
et al., 2018). ED is measured in meters per hect-
are (m/ha) (Flowers et al., 2020). The ED calcula-
tion results are shown in Figure 7.

Mean shape index trend

The mean shape index reflects the level
of complexity in patch shapes, relative to the
shape of a circle or square (McGarigal and
Marks, 1995). MSI is calculated by dividing
each patch’s perimeter by the square root of its
area (Flowers et al., 2020). The MSI calculation
results are shown in Figure 8. MSI values ap-
proaching 1 indicate that patches have regular
shapes, while higher values reflect increasing

shape complexity and irregularity (McGarigal
and Marks, 1995). Some forested areas show
high MSI values despite having low fragmenta-
tion levels. The higher MSI values in revegetat-
ed areas than forested areas indicate that patches
in revegetated land are more irregular and have
a higher degree of fragmentation.

Interspersion and juxtaposition index trend

The interspersion and juxtaposition index de-
scribes the arrangement, relationships, and prox-
imity of various habitats. A high JI value indicates
a high degree of dispersion and mixing of different
land cover types (Masters et al., 2017). 1JI strongly
depends on the proximity of all patches to related
edge areas (Turner et al., 1989). The 1JI calculation
results for the study site are shown in Figure 9.

I values approach 100 when all patch
types are evenly adjacent, and decrease when
this is not the case (Griffith et al., 2000). Low
IJI values indicate low intermixing among
patches in the landscape. Low IJI values in
forest areas suggest that forests are not evenly
distributed across the landscape. Coelho et al.
(2022) state that non-forest classes tend to be
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Figure 7. Edge density (ED) within 14 years after restoration, (a) 2011, (b) 2024,
(c) trends of average ED 2011-2024
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Figure 8. Mean shape index (MSI) changes within 14 years after restoration, (a) 2011, (b) 2024, (c) trends of
average MSI changes 2011-2024
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more evenly dispersed than forest classes. This
pattern is observed in the TNGHS corridor area
and its surrounding areas.

CONCLUSIONS

The study proposed an approach that utilizes
indices derived from satellite imagery to moni-
tor the progress of restoration. Evaluation of eco-
system recovery in restoration lands within the
TNGHS corridor, using satellite imagery data,
indicates that these efforts have not yet restored
the ecosystem functions of forested areas. This
assessment is based on several indicators. LST
values in revegetated areas nearly approach those
of forests, and FCD values are moderate but not
significantly different from those of forests, sug-
gesting a potential to mitigate surface tempera-
ture increases and improve the microclimate.
However, NPP values in revegetated lands remain
below those of forest areas, indicating that resto-
ration has not yet fully restored carbon productiv-
ity functions. Furthermore, fragmentation indices
such as NP show stagnation in revegetated areas,
while decreasing in forest areas. ED and MSI val-
ues are higher in restoration areas than in forests.
Additionally, 1JI values reveal that patches in re-
vegetated areas are poorly dispersed. These fac-
tors suggest that restoration efforts have not been
effective in reducing fragmentation. Therefore,
it can be concluded that the ecosystem recovery
process through restoration has not yet restored
ecosystem functions to the level of natural forests.
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