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ABSTRACT

Land cover change reflects regional development dynamics driven by urbanization and infrastructure expansion
and may lead to inconsistencies with the Regional Spatial Plan (RTRW). The objective of this study is to identify
spatiotemporal patterns of land cover change and urban growth in north Gorontalo Regency using Sentinel-2 im-
agery and vegetation indices (NDVI and NDLI), and to evaluate their consistency with the regional spatial plan
(RTRW). The analysis employed Sentinel-2A imagery from 2016 and 2025 via a spatial-temporal approach. The
land cover classification accuracy was assessed via a confusion matrix, whereas the urban growth direction was
analyzed via the standard deviational ellipse (SDE). Land cover change modeling was conducted via the CLUE-S
model with a weight-of-evidence (WoE) approach, and the results were validated via receiver operating char-
acteristic (ROC) curves. The results indicate that built-up areas increased by approximately 1,470 ha (82.12%)
between 2016 and 2025, mainly through the conversion of agricultural land and fishponds. Urban expansion ex-
hibits a dominant east—southeast orientation, forming a linear pattern along major transportation corridors. The in-
tegrated use of NDVI and NDLI identifies vegetation—nonvegetation transition zones, capturing early-stage urban
encroachment that is not detected using NDVI alone. Modeling results show that NDV1 and distance to roads are
the primary drivers of land cover change, while elevation and distance to government centers are secondary. The
CLUE-S model performs well, with an overall accuracy of 98.79%, a kappa coefficient of 0.78, and an ROC value
of 0.71. This study is limited by the use of two temporal observations and the exclusion of dynamic socioeconomic
variables. Scientifically, the findings demonstrate that integrating NDVI-NDLI analysis with CLUE-S—WoE mod-
eling reveals spatiotemporal urban growth patterns and driving mechanisms beyond conventional single-index
approaches, while providing a quantitative basis for improving RTRW evaluation.

Keywords: land cover change; NDVI; NDLI; CLUE-S; urban growth direction; north Gorontalo Regency.

INTRODUCTION

Land cover change results from complex
interactions between human activities and land
resources (Rakuasa & Pakniany, 2022; Latue et
al., 2023) and has become a critical issue in re-
gional planning, particularly in developing areas
experiencing population growth and urbaniza-
tion. This process is commonly reflected in the
conversion of vegetated and agricultural land

into built-up areas, which may reduce environ-
mental carrying capacity and lead to mismatch-
es between spatial planning policies and actual
land use conditions.

North Gorontalo Regency is one of the re-
gions exhibiting increasingly dynamic devel-
opment. According to data from Badan Pusat
Statistik Gorontalo Utara (BPS, 2025), the pop-
ulation growth rate was recorded at 1.47% in
2022, increased to 1.51% in 2023, and rose again
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to 1.53% in 2024. This trend indicates growing
pressure on land demand, housing, infrastruc-
ture, and urban space. However, compared with
other regions in Gorontalo province, population
density in north Gorontalo remains relatively
low(BPS, 2025), suggesting that the region is
still in an early phase of urban development and
represents a strategic area for spatial guidance,
particularly as the regency spatial plan (RTRW)
is currently undergoing revision.

Remote sensing based on Sentinel-2 imagery
enables spatial-temporal monitoring of land cov-
er change (Nagendra et al., 2004; Juniyanti et al.,
2020) through vegetation indices such as NDVI
and NDLI (Putri et al., 2021). Kawamuna et al.
(2017) and Rakhmat Awaliyan et al. (2018) de-
scribed Sentinel-2 as a satellite system compris-
ing 13 spectral bands, including four bands with
10-m resolution, six bands with 20-m resolution,
and three bands with 60-m spatial resolution, with
a swath width of 290 km. These characteristics
allow more precise identification of vegetation
degradation, settlement expansion, and vegeta-
tion—non-vegetation transition zones compared to
other satellite imagery.

Numerous previous studies have developed
land use change and urban growth modeling at
metropolitan, regional, and biome scales, such
as the work of (da Rocha de Souza et al., 2025)
in Brazil and Portugal, (Varnier & Weber, 2025)
across three Brazilian biomes, and (Giofandi et
al., 2025), who integrated CLUE-S with driving
factors at the watershed scale. Scenario-based
modeling approaches have also been widely ap-
plied using Dinamica EGO (Pinto et al., 2025);
(Gonzales & Hopfgartner, 2024). In Indonesia,
however, most studies remain descriptive or fo-
cus on specific objects, such as land cover change
in Ambon City (Latue et al., 2023), NDVI anal-
ysis in educational forests (Setiawan & Rijal,
2024), Sentinel-2 land cover classification us-
ing NDVI and random forest (Marlina, 2022),
and NDVI-based mangrove vegetation density
change (Dharma et al., 2022).

Specifically in north Gorontalo, studies on
land cover change are still very limited and frag-
mented. Research by (Wahdaniah, Sukirman Ra-
him, 2022) focused only on the impacts of indus-
trial plantation forests in Monano District, while
(Baderan, 2017) examined mangrove ecosystem
degradation in Kwandang District. To date, no
study has comprehensively investigated land cov-
er change and urban development direction at the
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administrative scale of north Gorontalo Regency
by integrating vegetation biophysical dynamics
with spatial modeling.

Addressing this research gap, the present
study proposes an integrated NDVI-NDLI ap-
proach combined with CLUE-S modeling to de-
tect early vegetation—non-vegetation transition
zones while simultaneously identifying urban
growth directions in north Gorontalo Regency.
The main novelty of this research lies in cou-
pling vegetation biophysical dynamics with spa-
tial modeling and directly evaluating the region-
al spatial plan (RTRW), thereby revealing the
structural mechanisms of settlement expansion
in semi-rural areas. This study also assumes that
infrastructure accessibility plays a dominant role
in shaping urban growth patterns, and its results
are expected to provide a spatially based scientif-
ic foundation for more adaptive and sustainable
regional planning.

RESEARCH METHODS

Research location

This study was conducted within the ad-
ministrative area of north Gorontalo Regency,
Gorontalo Province, which is divided into 11
districts. north Gorontalo Regency extends lon-
gitudinally in an east-west direction across the
northern part of Gorontalo province, following
the northern section of the Trans-Sulawesi road
corridor. Geographically, the mainland area of
north Gorontalo Regency is located between
386,732-530,446 mE and 74,367-115,085 mN
(UTM Zone 51 North). The research location
map is shown in Figure 1.

Materials and methods

Geospatial Dataset

The study employs Sentinel-2A imagery
(January 2016—November 2025; 10-20% cloud
cover) acquired from Copernicus, together
with supporting spatial layers for Kabupaten
Gorontalo Utara. Image preprocessing and
variable extraction were performed in ArcGIS
developed by Esri to derive NDVI, NDLI, and
accessibility-related drivers. The statistical
significance of driving factors was assessed
using binary logistic regression implemented
in software developed by IBM (SPSS) in the
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study (Pandapotan Sinurat et al., 2015) Spa-
tial patterns of built-up expansion were exam-
ined using the Standard Deviational Ellipse as
conducted by (Cao & Kim, 2025), while land
cover change was simulated using the CLUE-
S model implemented through Dinamica EGO
in the study Akin et al. (2022) and Jiang et al.
(2015). Model outputs were subsequently over-
laid with the regional spatial plan (RTRW) as
a policy constraint to evaluate the spatial con-
sistency of urban growth trajectories. Dataset
specifications and the analytical workflow are
summarized in Table 1 and Figure 2.

Land cover change analysis

Image classification

Land cover conditions for 2016 and 2025 in
Kabupaten Gorontalo Utara were derived from
Sentinel-2A imagery processed in ArcGIS de-
veloped by Esri using supervised classification
(Maximum Likelihood Classification) follow-
ing (Ardianto et al., 2022) approach and change

Table 1. Data requirements

detection techniques, referring to the framework
of (Badan Standardisasi Nasional, 2010). Train-
ing samples were manually selected based on vi-
sual image interpretation and supported by field
verification to ensure consistency with actual land
cover and vegetation conditions.

Accuracy test

The validation points are manually select-
ed by researchers and distributed to each sub
district according to the designated land cover
class. In her research Novianti (2021), she dis-
cussed land cover classification accuracy test-
ing via an error matrix. The matrix is square
shaped, with the numbers in the rows and col-
umns corresponding to the classification accu-
racy category being assessed. Image classifica-
tion is considered correct if the confusion ma-
trix calculation is >75%. The confusion matrix
calculation can be seen in Table 4.

The accuracy parameters calculated from the
confusion matrix are as follows:

a) Overall accuracy (OA),

Data required Data sources

Outputs

Sentinel-2A imagery (April 2016
and November 2025 datasets)

Dataspace.copernicus.eu

Multispectral base imagery with 10 m spatial resolution

Administrative boundary of North
Gorontalo Regency

RTRW North Gorontalo
Regency 2011-2031 (PUPR)

Administrative boundary layer for image clipping

Sampling points

Visual interpretation of high-
resolution Google Earth imagery

Training samples and accuracy assessment

Visual validation data (Google
Earth)

Visual interpretation of high-
resolution Google Earth imagery

Visual validation of locations showing significant land
cover changes

NDVI (Normalized Difference
Vegetation Index)

from Sentinel-2A (2016 & 2025)

Red (B4) and Near-Infrared (B8) bands for NDVI
calculation

NDLI (Normalized Difference
Latent Index)

from Sentinel-2A (2016 & 2025)

Shortwave Infrared (B11) and NIR (B8A) bands for
NDLI calculation

NDVI difference map (ANDVI)

Overlay result of NDVI 2025
minus NDVI 2016

Vegetation change map showing degradation/
development

NDLI difference map (ANDLI)

Overlay result of NDLI 2025
minus NDLI 2016

Map of land moisture changes (waterproof cover
indicator)

Cardinal direction grid

Manually created in Arcgis (like
an 8-way or 16-way compass)

Dividing the study area into cardinal direction zones
from a central point to analyze the dominant direction of
land cover change.

Land Cover Map (classification
results)

Processed from Sentinel-2
imagery using NDVI and NDLI

Land cover change layers (2016—2025)

Elevation Map 2031 (PUPR)

North Gorontalo RTRW 2011-

Elevation maps as biophysical driving variables

Distance to Main Road 2031 (PUPR)

North Gorontalo RTRW 2011-

Biophysical and socioeconomic driving factor variables

Distance to Government Center 2031 (PUPR)

North Gorontalo RTRW 2011-

Socioeconomic accessibility variables (social driving
factors)

Official Land Use Map (RTRW) 2031 (PUPR)

North Gorontalo RTRW 2011-

Comparison layer or zone restriction in modeling

Validation (most recent data of the
simulation year)

Classification results data vs.
most recent reference data
(google earth pro)

Model accuracy, validation of prediction results
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Figure 3. Training sample

Table 2. Land cover classes

Land cover classes | Descriptions

Vegetated

Includes dryland forests (from lowland to mountainous areas), wetland forests (swamps, brackish
Forest swamps, and peat swamps influenced by tides or seasonal changes), and coastal mangrove
forests, often modified by human activities.

Lands cultivated for food crops and horticulture, where natural vegetation has been replaced by

Agricultural areas anthropogenic crops requiring continuous human management, including plantations, rice fields,
and dryland farms; these areas may be temporarily bare between growing seasons.
Grassland/mixed Open dryland areas dominated by low natural vegetation (grasses and shrubs), with heterogeneous
vegetation to homogeneous cover ranging from sparse to dense, typically representing former forest areas.

Un-Vegetated

Artificial and generally impervious surfaces replacing natural or semi-natural cover, including

Built-up areas settlements, road networks, railways, airports, and seaports.

Fish ponds Coastal aquaculture areas characterized by embankment patterns surrounding pond units.
Note: Badan Standardisasi Nasional, 2010,

Figure 4. Training sample (Author’s documentation, 2025)

The percentage of correct classifications of The classification accuracy is indicated by
the total sample points is indicated. considering the agreement beyond random chance.
(z Xii)/N) X 100% O Xix+n)/
= [(N Xii — _\ X1+ X+ D] (2)
1 1 /(N2 L X 100%
b) Kappa coefficient, i=1 i=1 B
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where: N is the number of pixels in the sample,
X1+ is the number of pixels in row-1, X+1
is the number of pixels in column-1, and
Xii is the diagonal value of the contingen-
cy matrix of row-i and column-i.

Furthermore, the kappa value is classified to
assess the reliability of land cover classification
by accounting for agreements that may occur
by chance. Kappa values were used to assess
model accuracy, where values < 0.4 indicate
poor accuracy, 0.4—< 0.75 indicate medium ac-
curacy, and > 0.75 indicate excellent accuracy
Rahmawati et al. (2025).

Analysis of index changes

Normalized difference vegetation index

Syifa Putri et al. (2021) explained the theory
of Sentinel-2 image interpretation by calculating
the NDVI obtained by calculating near-infrared
waves with red waves reflected by plants (Wah-
rudin et al., 2019). The NDVI method is capable
of identifying plant cover through processed im-
age computation (Purboyo et al., 2021). For the
Sentinel-2 images, the images used for NDVI
processing are Band 4 with red waves and Band 8
with near-infrared (NIR) waves. Producing veg-
etation maps and identifying areas with changes
in vegetation cover in 2016 and 2025. The NDVI
calculations use the following formula.

(NIR — Red)

- 7 3
NDVI = NIR ¥ Red) ®)

Table 3. Confusion matrix

where: NIR is the near-infrared reflectance (usu-
ally Band 8 on Sentinel-2), red is the red
spectrum reflectance (Band 4 on Senti-
nel-2), and the NDV1 values range from -1
(no vegetation) to +1 (dense vegetation).

After the NDVI and NDLI values are ob-
tained, the next step is to interpret the NDVI and
NDLI values in 2016 and 2025 on the basis of the
classification in Table 5.

Normalized difference latent index

The NDLI has been proven to be an effec-
tive indicator for assessing the potential for sur-
face evapotranspiration. Surface evapotranspira-
tion reflects water availability and land moisture
conditions. The advantage of the NDLI lies in its
unique ability to optimize spectral sensitivity to
land surface biophysical parameters by combin-
ing three spectral channels commonly used in sat-
ellite missions, namely, green, red, and shortwave
infrared (SWIR) channels. The NDLI value is
calculated via the following equation.

_ (NIR — SWIR)
~ (NIR + SWIR)

NDLI 4)

Band 8 is used as the NIR value. Band 11 is
used as the SWIR value. NDLI values range from
-1 to +1. A value closer to 1 indicates high wa-
ter availability (very moist), and a value closer
to -1 (very dry) indicates low water availability
(Nursaputra et al., 2021). Next, the NDLI values

Classified to class (classification data on map) Number of
Reference class . Maker accuracy
A B C pixels
A Xll X12 X13 X
B X21 X22 X23 X1+ X11IX1+
C . X31 X32 X33 X2+ 22/X2+
Total pixels X, X,, X5 N axas
User accuracy XX, X, IX. XX
Note: Arisondang et al., 2015; Novianti, 2021.
Table 4. Classification of the NDVI and NDLI values
NDVI values Interpretation NDLI value Interpretation
-1s/d -0.03 Nonvegetated land >0.4 Very moist
-0.04 s/d 0.15 Very low vegetation 0.2-0.4 Moist
0.16 s/d 0.25 Low greenery 0-0.2 Moderately moist
0.26 s/d 0.35 Moderate greenery -0.2-0 Dry
0.36 s/d 1.00 High greenery <-0.2 Very dry

Note: NDVI — P.12/Menhut-I1, 2012; Putri et al. (2021), NDLI — Meena et al. (2019).
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for 2016 and 2025 are classified to visualize them
in a raster map with a color scale.

Differences in the NDLI can be identified by
calculating the change in the NDLI value (the dif-
ference between 2025 and 2016). A decrease in
the NDLI indicates increased moisture or vegeta-
tion growth. An increase in the NDLI indicates
drying, deforestation, or development.

Accuracy test

During accuracy assessment, the classifica-
tion was simplified into general classes — veg-
etated and nonvegetated areas for the NDVI and
moist and dry areas for the NDLI - to reduce
spectral overlap and ensure consistency with ref-
erence data (Azizah Nazhifah et al., 2025). Ac-
curacy testing was conducted via 100 validation
points in each subdistrict, resulting in a total of
1,100 sampling points across 11 subdistricts.
The NDVI and NDLI classification results were
evaluated via a confusion matrix to calculate the
overall accuracy (OA) and the kappa coefficient,

(@)

(b)

which measure the overall classification perfor-
mance and the level of agreement with reference
data while accounting for random agreement.

Analysis of city direction and development

The analysis of urban development direction
was conducted through an integrated spatial ap-
proach combining vegetation indices (NDVI and
NDLI), built-up land change during 2016-2025,
accessibility variables, and topographic factors.
The workflow was designed to ensure reproduc-
ibility and was implemented sequentially in Arc-
GIS version 10.8.2.

Preparation of input spatial datasets

Sentinel-2 imagery from 2016 and 2025 was
used to produce land cover maps and calculate
NDVI and NDLI, with built-up expansion de-
fined as pixels changing from non-built-up to
built-up. Additional driving factors-distance
to roads, distance to government centers, and

Figure 5. NDVI and NDLI calculation using raster calculator in ArcGIS based on Sentinel-2 imagery
(a) extraction NDVI, (b) extraction NDLI
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(@)

(b)

(©)

(d)
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©
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Figure 6. SDE of built-up expansion showing dominant growth orientation,
(a) binary transition raster showing built-up (1) and no-change (0), (b) Euclidean distance,
(c) raster to polygon, (d) feature to point, (e) mean center, (f) directional distribution (standard deviational)

elevation—were included to represent accessibil-
ity, administrative influence, and physical con-
straints. All raster datasets were standardized to
UTM Zone 51N, 10 m resolution, and consistent
extent for spatial analysis.

Raster overlay and identification
of built-up expansion

Standardized rasters (NDVI, NDLI, built-up
change, distance to roads, distance to government
centers, and elevation) were overlaid to support
spatial interpretation of urban expansion pat-
terns. Pixels representing newly developed built-
up areas between 2016 and 2025 were converted
into point features using the Raster to Point tool.
These growth points served as the primary dataset
for subsequent directional analysis.

Determination of urban growth centroid

The spatial mean center (urban growth cen-
troid) was calculated from built-up change points

using the Mean Center tool. This centroid repre-
sents the average geographic location of urban
expansion and was used as a reference point for
assessing development direction.

Directional distribution analysis

Urban growth direction was quantified us-
ing the directional distribution (standard devia-
tional ellipse, SDE) method with one standard
deviation to characterize the spatial dispersion
and directional trend of growth points. When the
spatial pattern of features approximates a spa-
tial normal distribution, with the highest density
near the center and decreasing toward the edges,
a one-standard deviation ellipse encompasses
approximately 68% of the input features (feature
centroids) (Esri, 2025). The SDE generates an el-
lipse defined by the mean center of distribution,
major axis (maximum spatial variance), minor
axis (minimum spatial variance), and rotation
angle (azimuth). The rotation angle, measured
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clockwise from geographic north (0-360°), in-
dicates the dominant orientation of urban ex-
pansion, where values approaching 0° or 180°
represent north—south trends and values near 90°
or 270° indicate east-west development. Ellipse
parameters including CenterX, CenterY, XStd-
Dist, YStdDist, Rotation, Shape_Length, and
Shape_Area were extracted to quantify spatial
dispersion and directional tendencies following
(Cao & Kim, 2025). To validate the SDE-derived
growth direction, angular orientation was cross-
checked through visual inspection of built-up
density gradients and spatial clustering patterns.

Visualization and interpretation
of urban growth patterns

Results from centroid and SDE analyses
were visualized as urban development direc-
tion maps showing growth centers, spatial dis-
persion, and dominant expansion orientation.
These outputs were interpreted in relation to
road networks, government centers, and topo-
graphic conditions.

Observed spatial patterns were further evalu-
ated using established urban growth theories,
including the Concentric Zone Model (Burgess,
1925), Sector Model (Hoyt, 1939), and Multiple
Nuclei Model (Harris & Ullman, 1945), as well as
urban sprawl concepts (Ewing, 1997), to explain
the underlying development mechanisms.

Land cover change modeling with CLUE-S
Binary logistic regression

The emergence of a particular type of land
use is thought to be influenced by biogeophysi-
cal and socioeconomic factors (Warlina, 2011).
The probability of land use change is analyzed
via binary logistic regression with the forward
stepwise method, which aims to eliminate insig-
nificant influencing factors in the model. Binary
logistic regression is a regression model where
the dependent variable is binary or dichotomous
to determine whether there is an influence of the
independent variable (X) on the dependent vari-
able (). The regression function is a monotonic
response curve line bounded between 0 and 1
with the logistic function in the following equa-
tion (Pandapotan Sinurat et al., 2015).

Pi=E(Y) = (Exp(B,+ . X, + B,X, + ... + B X))/
/(1+ Exp(ﬂo+ﬂlx1+ﬁzxz+ +ﬁnxi)) (5)
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where: Pi is the probability value of increasing
land use cells, E(Y) is the value obtained
from the binary dependent variable Y, 4 is
the estimated constant value, and §_ is the
estimated coefficient of each independent
variable X. (Gil Pontius Jr & Schneider,
2001; Pandapotan Sinurat et al., 2015).

The dependent variable consisting of each
land use class is transformed into a binary raster
map (0 and 1) with a pixel resolution of 100 x 100
meters. A value of 1 indicates one land use class,
whereas a value of O indicates no land use. The
independent variables in the form of biophysical
and socioeconomic factors are classified on the
basis of the category class of each data type from
the smallest to the largest value via the natural
breaks classification method in raster format with
the same pixel resolution as the land use class
(Pandapotan Sinurat et al., 2015).

The accuracy of the logistic regression model
was evaluated using the ROC method, with val-
ues ranging from 0.5 to 1, where higher values in-
dicate better model performance and spatial pre-
diction accuracy. ROC values of 0.5-0.7 indicate
low accuracy, 0.7-0.9 indicate good and reliable
accuracy, and values above 0.9 reflect high preci-
sion (Manel et al., 2001; Jiang et al., 2015).

Data preparation

Land use change in Dinamica EGO was mod-
eled using 2016 and 2025 Sentinel-2A land cover
maps (10 m resolution) derived via NDVI and
NDLI indices in ArcGIS, covering a nine-year
historical period and projected for 2025-2034.
All datasets were reclassified into model-specific
categories, standardized in resolution and UTM
Zone 51 N, and stored as raster (.tif). Driving fac-
tors — elevation, distance to roads, and distance
to government centers — were analyzed with Eu-
clidean distance and evaluated via the weights of
evidence (WoE) method to assess their spatial in-
fluence on land cover change.

Calculation of the cross-tabulation matrix

In Dinamica EGO land cover change mod-
eling, a cross-tabulation matrix quantifies class
transitions between the 2016 (initial) and 2025 (fi-
nal) maps. Cell-by-cell comparison records each
class change as a frequency in a two-dimensional
matrix. This matrix forms the basis for estimat-
ing the probability and magnitude of land cover
change in subsequent simulations.
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Transition matrix

After cross-tabulation, Dinamica EGO mod-
eling proceeds with preparing a transition matrix
that quantifies changes between land cover classes
over a given period. Rows represent initial classes
and columns represent target classes. The matrix
is expressed in absolute cell counts or proportions
according to modeling needs.

Weights of evidence

This method determines land cover transition
probabilities on the basis of Bayesian probabil-
ity by linking the presence of driving factors to
the likelihood of land use change (Eastman et al.,
2005;Gonzales & Hopfgartner, 2024). Each land-
use/land-cover transition is analyzed individually
by classifying driving factors, such as distance to
roads, elevation, slope, distance to urban centers,
and socioeconomic variables, into specific inter-
vals or classes. Logarithmic weights are then cal-
culated from the frequency distribution of transi-
tion locations within each class, producing posi-
tive weights (W+), which indicate conditions that
increase the probability of change, and negative
weights (W—), which represent conditions that
inhibit land cover transitions (Riaz et al., 2024).

Calculation of the transition potential

In general, the transition potential is a proba-
bilistic value assigned to each pixel or cell within
a study area, indicating how likely it is that the
cell will experience a change from one land cover
class to another, as defined in the transition ma-
trix. This value is calculated by accumulating
the weights (both W+ and W—) generated in the
Weights of Evidence stage for each driving factor
relevant to the transition.

Simulation

The next step in modeling with Dinamica
EGO is to run a land cover change simulation.
This stage is the core of spatial modeling, where
the system replicates the dynamics of land cover
change for the time period from 2016-2025. In
the simulation process, Dinamica EGO uses in-
formation from several main components and a
transition matrix, which determines the number
of cells that will change from one class to another.
Transition potential map, which shows the most
likely location for change to occur.

Calibration

Calibration was conducted to refine model
parameters so that simulated land use changes
matched historical patterns. Using only the 2016
and 2025 maps, this involved adjusting the tran-
sition matrix, optimizing weights of evidence
(WoE), and tuning cellular automata parameters
such as patch size, expansion, and compactness.
Iterative testing continued until the simulated
results closely reflected the observed spatial pat-
terns and magnitude of land use change.

Validation

After calibration, the model is validated by
comparing the simulated 2025 map with the ac-
tual 2025 map. Accuracy is assessed using met-
rics such as overall accuracy, which measures
the percentage of correctly classified pixels, and
the kappa statistic, which accounts for agreement
beyond chance. Validation can be performed in
Dinamica EGO using the Compare Maps module
or with software like ArcGIS for more detailed
spatial analysis.

Scenario

After adjusting all scenario parameters, Din-
amica EGO and ArcGIS run the spatial simula-
tion to produce a predicted 2034 land cover map.
Simulations can be repeated to compare different
scenarios, such as business-as-usual (BAU), as-
suming trends continue without intervention, and
ecological protection, reflecting the effects of
conservation policies.

RESULTS AND DISCUSSION

Land cover conditions

Land cover conditions in 2016 and 2025

Land cover change analysis from 2016-2025
revealed significant shifts among land cover
classes. The forest area slightly increased by 2.17
ha (2.16%), whereas the agricultural land area
decreased by 8.72 ha (24.85%). Grassland or
mixed vegetation expanded by 9.21 ha (33.26%),
whereas pond aquaculture declined substantially
by 131 ha (45.64%). Built-up land showed the
most pronounced change, increasing by 1,470 ha
(82.12%), indicating rapid urban and infrastruc-
ture development during the study period. The
land cover conditions in 2016 and 2025 are shown
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in Table 6. Furthermore, the land cover conditions
in 2016 and 2025 are shown in Figure 7.

To ensure the quality of the land cover clas-
sification results, an accuracy test was conducted
via a confusion matrix. A total of 3,901 sample
points were manually distributed in each sub-
district for each land cover class, which served
as reference data to assess the suitability of the
classification results to actual conditions in the
field. The land cover confusion matrix for 2016 is
shown in Table 7.

The reliability of the 2025 land cover classi-
fication results was ensured by conducting an ac-
curacy test using field reference data and Google
Earth imagery from 2025 via a confusion matrix
approach. The validation process used 3,435 man-
ually distributed sample points across each subdis-
trict for each land cover class, as shown in Table 8.

The accuracy assessment revealed that both
the 2016 and 2025 land cover classifications were
of high quality. The 2016 classification achieved
an overall accuracy (OA) of 93%, with a kappa
coefficient of 0.91, whereas the 2025 classifica-
tion achieved an OA of 92%, with a kappa value
of 0.89. These results indicate a very strong level
of agreement between the classification outputs
and reference data (Kappa > 0.75), confirming
that the land cover maps reliably represent actual
field conditions.

Vegetation indices NDVI and NDLI
NDVlindices in 2016 and 2025

A comparison of the NDVI results between
2016 and 2025 revealed changes in the vegetation
greenness structure in the study area. In 2016,
high greenness classes (0.36—1.00) dominated,
covering approximately 153,709.82 ha, particu-
larly in forested and mountainous areas. By 2025,
dominance shifted to the medium greenness
class (0.26-0.35), with an area of approximately
68,750 ha, whereas high greenness declined to
approximately 65,055 ha, indicating a reduction
in vegetation greenness but not a loss of overall
vegetation cover.

The areas of low to very low greenness and
nonvegetated classes in 2025 remained relative-
ly limited (approximately 10,020 ha and 4,767
ha, respectively), suggesting that these changes
primarily reflect a decline in vegetation quality
rather than large-scale conversion to nonvegetat-
ed land. Overall, the vegetation conditions in the
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study area generally remain good and relatively
stable despite ongoing land use changes. The
changes in the NDVI values in 2016 and 2025 are
shown in Table 9.

NDLI index 2016 and 2025

A comparison of the NDLI results for 2016
and 2025 reveals changes in surface moisture and
vegetation water conditions in the study area. In
2016, the moist NDLI class (0.2-0.4) dominated,
covering approximately 108,561.64 ha, whereas
very moist conditions (>0.4) were mainly limited
to mangrove ecosystems and densely vegetated
hilly areas, reflecting high moisture availability
only in ecologically stable zones.

In 2025, dominance shifted toward high to
very high NDLI values (>0.5), indicating in-
creased vegetation water content, evapotranspira-
tion intensity, and latent heat exchange, with low
NDLI values remaining concentrated in built-up
and open areas. Overall, the NDLI dynamics
from 2016 to 2025 suggest gradual and controlled
land cover changes in North Gorontalo Regency,
with no evidence of widespread vegetation mois-
ture degradation. The changes in the NDLI values
for 2016 and 2025 are shown in Table 10.

Accuracy test

Accuracy testing was performed to evaluate
the suitability of the NDVI and NDLI classifica-
tions for representing land cover conditions in
2016 and 2025. The NDVI was used to distin-
guish vegetated and nonvegetated areas, whereas
the NDLI represented land surface moisture con-
ditions. Accuracy was assessed via validation
sample points and confusion matrix analysis, with
the NDVI accuracy results and corresponding OA
and kappa values presented in Tables 11 and 12.

The NDVI accuracy results clearly improved
from 2016-2025. In 2016, the NDVI achieved an
overall accuracy of 92.64%, with a kappa coef-
ficient of 0.85, indicating very strong agreement
between the classification results and reference
data (Rahmawati et al., 2025), although some
nonvegetated areas were misclassified as veg-
etated. In 2025, the NDVI performance improved
substantially, reaching an overall accuracy of
97.82% and a kappa value of 0.96, with more bal-
anced producer and user accuracies across class-
es, indicating greater stability and accuracy in
distinguishing vegetated and nonvegetated areas.
The NDLI confusion matrices for 2016 and 2025
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Figure 7. CLUE-S land use modeling with Dinamica EGO, (a) submodel transition matrix,
(b) create cube map, (c) weights of evidence ranges, (d) weights of evidence coefficients,
(e) simulation and scenario

Table 5. Land cover conditions in 2016 and 2025

cll_:sns(ijfi(z:c;\t/ii; Area (Ha) 2016 Area (Ha) 2025 Area difference (Ha) cll_:snsciifiic;\t,iiL
Forest 100.006 102.171 +2.17 2.16
Agricultural area 35.081 26.364 -8.72 -24.85
Graf:éz?gt/irgri"@d 27.695 36.905 +9.21 33.26
Fishpond 287 156 -131 -45.64
Built-up land 1.790 3260 +1470 82.12
Grand total 171.852 171.852
Note: Researcher analysis, 2025; value (+) — increase, value (-) — decrease.
Table 6. Land cover confusion matrix for 2016
Land cover classification Land cover 2 3 4 5 Total
class
Forest 1 791 4 0 0 6 801
Agricultural area 2 1125 23 18 0 1166
Built-up land 3 152 611 0 1 764
Fishpond 4 1 0 72 0 74
Grassland/mixed vegetation 5 28 0 0 1033 1096
Grand total 827 1310 634 90 1040 3901

are shown in Table 13. In addition, the OA values
and kappa coefficients for the NDLI in 2016 and
2025 are shown in Table 14.

The NDLI accuracy results clearly im-
proved from 2016 to 2025, with the overall
accuracy increasing from 88.55% (Kappa =
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0.77) to 95.73% (Kappa = 0.92), reflecting a
more balanced classification of moist and dry
areas and a more reliable representation of
land surface moisture conditions. On the basis
of its relatively high overall accuracy and kap-
pa coefficient, the 2025 NDVI was selected
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Figure 8. (a) Land cover conditions in 2016, (b) land cover conditions in 2025

Table 7. Confusion matrix for land cover in 2025

Land Cover Classification Land Cover Class 1 2 3 4 5 Total

Forest 1 547 2 24 0 574

Agricultural Area 2 30 1397 21 0 65 1513

Built-Up Land 3 1 479 0 0 486

Fishpond 4 10 0 34 0 44
Grassland/Mixed Vegetation 5 1 106 3 0 708 818
Grand Total 584 1516 527 34 774 3435
Note: Researcher’s analysis results, 2025.

as the primary input for land cover classifi-  to strengthen environmental analysis and im-

cation and CLUE-S-based modeling, whereas  prove the reliability of spatial allocation and
the NDLI was used as supporting information simulation results.
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Table 8. Changes in the NDVI values in 2016 and 2025

NDVI Class NDQ/;n\gza;Iue Area(|i_|na)2016 Area(|i_|na)2025 Area Ié):{f;e)rence Ch(;)n)ge Overall Change
High Greenery 0.36 - 1.00 153,710 65,055 -88,655 -58 %22:2;22?
Moderate greenness 0.26 - 0.35 7,591 68,750 61,159 806 bel:rl)cr:\?r?gs;iggginndant
Low greenness 0.16-0.25 6,104 23,260 17,156 281 '”Cregsm?r;asnetcond
Very low greenness | -0.04 s/d 0.15 4,176 10,020 5,844 140 Limited increase
Nonvegetated land -1s/d -0.03 271 4,767 4,496 1,659 Remains small
Grand Total 171,85 171,852
Note: Researcher analysis, 2025; value (+) — increase, value (-) — decrease.
Table 9. Changes in NDLI values for 2016 and 2025
NDLI Class NIZl)?Lellr:ggue Areabi_'na)ZOlG Areza(|i_|na)2025 Area I(Z):'f;e)rence Pt—gﬁggtgage Rate of Change
Very moist >04 74 61,953 61,879 84,178 Highly significant
Moist 0.2-04 108,562 61,175 -47,387 -44 Decreasing
Moderately Moist 0-0.2 51,290 27,333 -23,957 -47 Decreasing
Dry -0.2-0 11,544 15,025 3,481 30 Limited increase
Very Dry <-0.2 383 6,367 5,984 1,561 increased
Grand Total 171.852 171.852
Note: Researcher analysis, 2025; value (+) — increase, value (-) — decrease.
Table 10. NDVI confusion matrix for 2016 and 2025
Year 2016 Prediction Prediction Prediction
Reference Vegetated Nonvegetated Total Reference Vegetated Nonvegetated Total
Vegetated 549 1 550 Vegetated 600 0 600
Nonvegetated 80 470 550 Nonvegetated 24 476 500
Total 628 471 1019 624 476 1076
N Value (Total Sample) 1100 N Value (Total Sample) 1100

Note: Researcher’s analysis results, 2025.

Table 11. OA values and kappa coefficients for the NDVI in 2016 and 2025

Year Class Produce(rps A/;\ccuracy User Accuracy (UA) Overall Accuracy (OA) Kappa
Vegetated 99.82% 87.36%
2016 92.64% 0.85
Nonvegetated 85.45% 99.79% ’
Vegetated 100% 96.15%
2025 97.82% 0.96
Nonvegetated 95.20% 100% ’

Note: Researcher’s analysis results, 2025.

Direction and development of the city

Land cover conversion to built-up areas

The 2016-2025 raster transition map shows
heterogeneous land cover changes across North
Gorontalo Regency (Figure 6). Most areas,
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especially forests and hills in the south, remain
unchanged (light pink), while new built-up ar-
eas (red) form linear corridors and small clusters
along coastal lowlands and major roads. Built-
up growth is concentrated around administrative
centers—Kwandang, Anggrek, Gentuma Raya,
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Table 12. NDLI confusion matrices for 2016 and 2025

Year 2016 Prediction Year 2025 Prediction
Reference Moist Dry Total Reference Moist Dry Total
Moist 541 9 550 Moist 545 26 571
Dry 117 433 560 Dry 21 508 529
Total 658 442 974 Total 566 534 1053
N Value (Total Sample) 1100 N Value (Total Sample) 1100

Note: Researcher’s analysis results, 2025

Table 13. OA values and kappa coefficients for the NDLI in 2016 and 2025

Year Class Producer’s Accuracy (PA) User’s Accuracy (UA) Overal Accuracy (OA) Kappa
Moist 98.36% 82.25%
2016 88.55% 0.77
Dry 78.73% 97.96% °
Moist 95.45% 96.29%
2025 - > 95.73% 0.92
Dry 96.03% 95.13%

Note: Researcher’s analysis results, 2025.

and Tomilito — indicating that agricultural land,
mixed vegetation, and fishponds are mainly con-
verted in highly accessible locations.

Directional distribution (standard deviational
ellipse)

Urban growth direction was quantified using
the directional distribution (standard deviational
ellipse — SDE) method with one standard devia-
tion, representing approximately 68% of the spa-
tial distribution of growth points. The resulting
ellipse exhibits a rotation angle of 99.11°, indicat-
ing a dominant east—southeast to west—northwest
orientation. The major axis (55,822 m) is substan-
tially larger than the minor axis (7,606 m), yield-
ing an anisotropy ratio of approximately 7.34:1,
which confirms a strongly elongated and direc-
tional expansion pattern. The spatial extent of the
dominant growth corridor covers approximately
1332.45 km?, highlighting the broad geographic
influence of urban expansion. The mean center
of growth is located near the administrative core,
suggesting that development is spatially anchored
to institutional and service centers.

Driving factors

Euclidean distance analysis shows that prox-
imity to main roads and government centers
strongly shapes spatial development patterns. Ar-
eas near these features exhibit higher land con-
version, forming continuous development cor-
ridors, while remote areas show limited change,

highlighting accessibility as a key driver of urban
expansion. Elevation reclassification indicates
that development is mainly concentrated in low to
moderate zones (55-603 m), with medium eleva-
tions (603-901 m) serving as transitional areas and
high elevations (901-2052 m) constraining growth
and retaining forest cover. This north—-south topo-
graphic gradient directs urban expansion toward
coastal lowlands. NDVI analysis between 2016
and 2025 reveals declining vegetation in western
and central areas, coinciding with built-up expan-
sion, whereas eastern regions maintain moderate to
high vegetation, indicating progressive conversion
of vegetated land along primary development axes.

Direction and pattern of urban development

The map of growth potential and development
direction of north Gorontalo Regency in 2025 is
the result of the integration of land use changes,
NDVI, distance to main roads, and distance to
government centers, which were subsequently
classified into low, medium, and high potential
categories. High-potential zones are concentrated
around government centers and along the main
road network, while medium-potential zones fol-
low transportation corridors, and low-potential
zones are located in peripheral areas, slopes, and
regions distant from service centers.

Standard deviational ellipse analysis indi-
cates that built-up area development exhibits a
dominant east-southeast orientation with a linear
pattern following transportation corridors and
coastal areas, reflecting a ribbon development
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Figure 9. (a) Raster transition map of land cover for 2016-2025, (b) built-up areas 2016-2025

Table 14. Standard deviational ellipse parameters of urban growth (2016-2025)

Parameter Value Unit Interpretation
CenterX 461,793.38 m X-coordinate of growth centroid
CenterY 98,391.52 m Y-coordinate of growth centroid
XStdDist 55,822.18 m Major axis (maximum spatial variance)
Y StdDist 7,605.81 m Minor axis (minimum spatial variance)
Rotation 99.11 Degrees Dominant orientation of urban growth
Axis Ratio 7.34 - Degree of anisotropy (elongation)
Ellipse Area 1332.45 km? Spatial extent of dominant growth

Note: Researcher’s analysis results, 2025

pattern. This pattern aligns with Hoyt’s sector
theory (1939) and is reinforced by NDVI and
NDLI results, which show the gradual conversion
of vegetated land into built-up areas along the
main development axis.

Overall, the analysis demonstrates a tenden-
cy for urban development to be concentrated in
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areas with high accessibility and proximity to
public service centers. This development pat-
tern suggests that the presence of main road net-
works serves as the primary controlling factor
for land transformation, whereas elevation, veg-
etation, and ecological conditions act as natural
limiting factors.
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Figure 10. Direction of urban growth map

Dominant factors of land cover change
and urban development

Binary logistic regression

Binary logistic regression was conducted in
SPSS to assess the influence of driving factors
on land cover change, with land cover change
coded as a binary dependent variable (1 =
change, 0 = no change) and biophysical and ac-
cessibility variables as predictors. The results
indicate that the NDVI and distance to roads
significantly influenced land cover change (p
< 0.001), with the NDVI showing a negative
coefficient (-2.477) that reflects a decreasing
likelihood of change with increasing vegeta-
tion density. In contrast, distance to govern-
ment centers and elevation were not significant.
Accordingly, the NDVI and distance to roads
were identified as the primary driving factors
and were used in the CLUE-S modeling, as pre-
sented in Table 16.

The feasibility of the binary logistic re-
gression model in this study was evaluated via
several statistical indicators, namely, the Hos-
mer—Lemeshow test, the pseudodetermination
coefficient (Nagelkerke R square), and the re-
ceiver operating characteristic (ROC) curve.
The Hosmer-Lemeshow test showed a signifi-
cance value greater than 0.05, indicating that
the model has a good fit between the observed
and predicted values. The Nagelkerke R square

value indicates that the independent variables
used are able to explain variations in land cover
change at an adequate level (C.A. Jiang et al.,
2015). The Hosmer-Lemeshow test results (Sig)
anda Nagelkerke R square values are shown in
Table 17. In addition, the ROC curve is shown
in Figure 12.

The Hosmer-Lemeshow test produced a
significance value of 0.087 (>0.05), indicating
a good model fit with no significant difference
between the observed and predicted values.
The Nagelkerke R square value of 0.155 sug-
gests that approximately 15.5% of land cover
change variation is explained by the indepen-
dent variables, implying that additional factors
outside the model also influence land cover dy-
namics. Model evaluation via the ROC curve
yielded an AUC value of 0.707, indicating a
fairly good and reliable ability of the binary lo-
gistic regression model to distinguish between
areas that experienced land cover change and
those that did not.

The logistic regression results revealed that
among the four tested driving factors NDVI, dis-
tance to roads, distance to government centers,
and elevation NDVI and distance to roads had
the most significant influences on land cover
change. Nevertheless, all four variables were in-
corporated into the CLUE-S model in Dinamica
EGO to ensure that both dominant and support-
ing factors were considered in the spatial alloca-
tion of land cover change.
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Figure 11. (a) Euclidean distance to main roads, (b) Euclidean distance to government centers,
(c) elevation map, and (d) map of the NDVI value classification for 2016-2025
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Figure 12. Development direction of North Gorontalo
Table 15. Logistic regression results of factors driving land cover change
Variables in the Equation
B S.E. Wald df Sig. Exp(B)
NDVI -2.477 455 29.686 1 <.001 .084
Road .000 .000 50.698 1 <.001 1.000
Step 12 Government Centre .000 .000 .039 1 .844 1.000
Elevation .000 .000 313 1 576 1.000
Road 1.541 224 47.257 1 <.001 4.667
a. Variable(s) entered on step 1: NDVI, Road, Government Centre, Elevation.
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Table 16. Hosmer-Lemeshow test results (Sig)

Hosmer and Lemeshow test

Model summary Nagelkerke R square values

Stepl Chi-square df Sig.

-2 Log likelihood

Cox & Snell R square Nagelkerke R square

13.814 8 .087 1385.028°

116 .155

Estimation terminated at iteration number 4 because parameter estimates

changed by less than .001.

Note: sResearcher’s analysis results, 2025
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Figure 13. ROC curve

CLUE-S modeling

Business-as-usual (BAU) scenario

On the basis of Figure 9, model validation
was performed by comparing the simulated map
and the actual 2025 land cover map, which was
simplified into urban and nonurban classes. The
results revealed excellent model performance,
with an overall accuracy of 98.79% and a kappa
coefficient of 0.78. Although all the urban areas
were identified (producer accuracy 100%), there
was a tendency for urban overprediction (user ac-
curacy 64.78%), whereas the nonurban class had
very high and consistent accuracy. The CLUE-S
modeling accuracies are shown in Table 18.

The simulation results indicate that built-up
areas still exist within protected areas in 2025,
likely reflecting the existing conditions before
the RTRW was enacted. This finding reflects the
limitations of spatial planning policies in correct-
ing existing conditions, necessitating further tem-
poral analysis to assess the effectiveness of the
RTRW more comprehensively.

Protected areas ecological function scenario
based on regency spatial plan

Scenario 2 was developed using a policy-
based spatial constraint approach to assess how

362

protected area regulations influence the direction
and pattern of built-up area development in north
Gorontalo Regency.

The analysis shows that portions of built-up
areas have developed within protected zones, par-
ticularly along coastal areas and river corridors,
with Windu Village in Biau Subdistrict serving as
a representative example. This indicates that pres-
sure on protected areas existed prior to the simula-
tion period. Visual interpretation of Google Earth
imagery from 2004 reveals that built-up land was
already present and continued to expand until
2023, suggesting that settlement development oc-
curred before the implementation of the Regional
Spatial Plan (RTRW). Even after the RTRW was
formally enacted in 2013, built-up expansion per-
sisted, reflecting the limited effectiveness of spa-
tial planning implementation.

These conditions highlight challenges in urban
governance related to spatial planning compliance
inecologically sensitive areas. Weak policy enforce-
ment, limited institutional capacity, and increasing
residential and economic pressures have resulted
in the RTRW functioning largely as a normative
framework without effective local implementa-
tion. Therefore, strengthened policy enforcement,
improved institutional coordination, and more inte-
grated spatial management are essential to balance
urban growth with environmental protection.
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Figure 14. (a) 2025 land cover simulation map and (b) 2034 land cover projection map

Table 17. CLUE-S modeling accuracy

Indicator Value
Overal accuracy 98.79%
Kappa coefficient 0.78 (very good))
Producer’s accuracy urban 100%
Ucer’s accuracy urban 64.78%
Producer’s accuracy non-urban 98.77%
User’s accuracy non-urban 100%

Note: Researcher’s analysis results, 2025.
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Existing Conditions (2004) in Windu Viliage, Biau Subdistrict

(b) Existing Conditions (2016) in Windu Village, Biau Subdistrict

Google Earth

(C) Existing Conditions (2023) in Windu Village, Biau Subdistrict
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Figure 15. (a) Existing condition 2004, (b) existing condition 20016, (c) existing condition 2023,
(d) regional spatial planning suitability map
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CONCLUSIONS

Between 2016 and 2025, North Gorontalo Re-
gency experienced significant built-up expansion,
primarily converting agricultural land and fish-
ponds along transportation corridors and coastal
zones, driven by accessibility and biophysical
suitability rather than administrative planning.
Logistic regression identifies vegetation (NDVI)
and proximity to roads as primary drivers, with
elevation and distance to government centers as
secondary constraints, while CLUE-S simula-
tions confirm a spatially directed East-South-
east growth pattern. Overlay with the Regional
Spatial Plan (RTRW) reveals that some urban
expansion exceeds designated zones, including
protected areas, highlighting the limits of static
planning tools. Despite model uncertainties and
the exclusion of dynamic socio-economic vari-
ables, CLUE-S captures general spatial trends,
suggesting that integrating remote sensing indi-
cators (NDVI-NDLLI) and simulation outputs into
RTRW evaluation can improve early detection of
development pressure, zoning control, and adap-
tive, evidence-based spatial planning.
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