
 

[ www.ijeedu.com ]                                                                                                                                                                                                    OPEN ACCESS 
  

 
 
 
 

 
Copyright © 2026 by the author(s). Licensed by Three E Science Institute (International Journal of Environment, Engineering and Education). This is an open-access 
article distributed under the terms of the Creative Commons Attribution-ShareAlike 4.0 (CC BY-SA) International License which permits unrestricted use, distribution, 
and reproduction in any medium, provided the original work is properly cited and any derivative works are distributed under the same license.  

 
 
 
 

447 
 

 

 
iNTeRNaTiONaL JouRNaL OF 
eNViRONMeNT, eNGiNeeRiNG & eDUCaTiON 

iSSN 2656-8039 (oNliNe) 
VOLUMe 8  iSSUe 3  SePTeMBeR 2026                 

   

 Received: 23 December 2025 | Accepted: 12 September 2026 | Published: 18 September 2026 

 

Research Article 

Reconstructing and Projecting Urban Expansion in Makassar Using 
Integrated ANN–CA and Bayesian Weights of Evidence, 2005–2035 
 
Muh. Rais Abidin a,b,* • Andang Suryana Soma c • Arifuddin Akil d • Eymal Bashar Demmallino a • 
Muhammad Alimuddin Hamzah Assegaf e • M. Ramli AT f 
 
a Department of Environmental Science, Hasanuddin University, Makassar, Indonesia | b Department of Geography, Universitas Negeri Makassar, Makassar, 
Indonesia | c Department of Forestry, Hasanuddin University, Makassar, Indonesia | d Department of Urban and Regional Planning, Hasanuddin University, 
Makassar, Indonesia | e Department of Geophysics, Hasanuddin University, Makassar, Indonesia | f Department of  Sociology, Hasanuddin University, Makassar, 
Indonesia 

 

ABSTRACT 
Coastal urbanization requires spatial models that distinguish historical change from conditional projections. This study 
reconstructed land-use and land-cover dynamics in Makassar, Indonesia, from 2005 to 2025 and projected built-up expansion 
to 2035 using an integrated artificial neural network–cellular automata (ANN–CA) framework and Bayesian Weights of 
Evidence (WoE). Five Landsat-derived maps were classified into seven classes using Random Forest, with reported overall 
accuracy ranging from 62.83% to 87.61%. Ten demographic, accessibility, economic, topographic, and environmental variables 
were used to estimate transition potential and interpret factor-class associations. Model performance was evaluated using 
Kappa and the Figure of Merit. Built-up land increased from 8,199.20 ha in 2005 to 9,880.06 ha in 2025, a net gain of 1,680.86 
ha (20.50%), while its share of the study area rose from 46.61% to 56.17%. Expansion decelerated sharply: 93.48% of the 
observed net increase occurred during 2005–2015. Cropland recorded the largest net decline (861.81 ha), whereas wetlands and 
water bodies jointly declined by 607.87 ha. Population growth and land value showed the strongest positive summarized 
contrasts, while the flood-exposure variable showed the strongest negative contrast. Kappa reached 0.768, but the Figure of 
Merit was 21.01%, indicating stronger whole-map agreement than locational accuracy for changed cells. Built-up land is 
projected to reach 10,394.23 ha (59.09% of the study area) by 2035, with 93.38% of projected growth occurring after 2030. The 
results provide a conditional basis for spatial screening of development pressure, but mapping uncertainty, uneven temporal 
allocation, and limited locational accuracy require cautious planning interpretation. 
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1. INTRODUCTION 

Urban expansion is defined here as the conversion of non-
built-up land into built surfaces and constitutes the 
physical land-cover expression of urbanization. It must be 
distinguished from urban sprawl, which denotes a 
particular expansion morphology characterized by low 
density, discontinuity, fragmentation, functional 
separation, or excessive land consumption; expansion can 
also occur through contiguous edge growth or compact 
infill [1]–[3]. This distinction is analytically consequential 
because equal increments of built-up land may produce 
markedly different effects on infrastructure efficiency, 
accessibility, ecological continuity, and social exposure. 
Population and economic growth remain major aggregate 
drivers of urban land demand, but their relative influence 
differs across regions, development stages, and 
governance conditions [4], [5]. Uncoordinated expansion 
can irreversibly replace agricultural and natural land, 
fragment habitats, alter hydrological and biogeochemical 
processes, and displace environmental pressure beyond 
the urban boundary [6], [7]. 

Urban expansion is temporally uneven and spatially 
anisotropic, as cities may alternate among accelerated 
outward conversion, deceleration, consolidation, and 
renewed peripheral growth [3], [5]. Development may 
cluster along transport corridors and existing settlements 
or emerge as infill, edge expansion, and isolated leapfrog 
patches [8]. Aggregate area change therefore quantifies 
expansion magnitude but obscures its timing, direction, 
concentration, and morphology. The long, radiometrically 
calibrated Landsat archive enables consistent 
reconstruction of these dimensions across repeated 
observations [9], [10], while global mapping confirms 
substantial intra- and interurban variation in growth rates 
and configurations [3]. Historical change detection 
remains retrospective and cannot independently identify 
future conversion locations. Planning therefore requires a 
spatially explicit modeling framework that learns 
transition relationships from observed change and 
allocates subsequent urban growth according to local 
suitability, accessibility, and neighborhood effects [11]. 

Transition locations emerge from interacting 
demand, accessibility, physical suitability, market 
incentives, and regulatory constraints [12], [13]. 
Population growth raises land demand, whereas density 
may indicate agglomeration or scarce convertible land, 
producing spatially variable effects [13]. Land value 
combines accessibility, conversion costs, expected rents, 
and development expectations; high values may attract 
investment, while prohibitive acquisition costs delay 
conversion [14]. Proximity to roads, employment centers, 
and public services lowers access costs and channels 
peripheral development [15]. Elevation, slope, land cover, 
and river proximity condition feasibility and hazard 
exposure. In low-lying coastal cities, accessible sites may 
remain exposed to flooding and riverine processes [16]–
[18]. Driver effects should therefore be estimated locally 

and interpreted as context-dependent spatial 
associations, not universal causal relationships [13]. 

Cellular Automata (CA) models are suitable for this 
task because they represent land conversion as iterative 
changes in cell state governed by transition potential, 
neighborhood effects, demand, and exclusion rules. Their 
credibility nevertheless depends on how transition rules 
are estimated. Fixed or linear rules can inadequately 
represent thresholds and interactions among 
demographic, economic, accessibility, and environmental 
variables. Artificial Neural Networks (ANNs) can learn 
nonlinear transition functions from observed changes, 
after which CA allocates projected demand while 
preserving local spatial dependence [11]. ANN–CA 
applications have produced spatially explicit LULC 
forecasts in Indonesia and other rapidly urbanizing 
settings [19], [20]. Predictive flexibility does not ensure 
explanatory clarity: ANN-derived probabilities may remain 
difficult to interpret and can be sensitive to class 
imbalance, calibration-period selection, underfitting, 
overfitting, and temporal non-stationarity. 

Bayesian Weights of Evidence (WoE) provides a 
complementary diagnostic rather than a substitute 
predictive model. WoE compares the prior and conditional 
odds of observed transitions within each class of an 
evidential factor; positive contrast indicates association 
with conversion, negative contrast indicates inhibition, 
and values near zero indicate weak discrimination [21]. 
This class-specific representation makes nonlinear 
distance ranges and environmental thresholds more 
interpretable, although it does not establish causation 
and requires attention to dependence among explanatory 
layers. Used alongside ANN–CA, WoE separates two 
questions that are often conflated: how accurately future 
change can be allocated and which observed spatial 
conditions are associated with that change [22], [23]. 
Validation must make the same distinction. Kappa 
summarizes categorical agreement but may be dominated 
by persistent cells, whereas the Figure of Merit (FoM) 
evaluates overlap among observed and simulated change 
pixels [24], [25]. Reporting both metrics therefore 
provides broader evidence than either statistic alone. 

Makassar provides a policy-relevant test of this 
framework. The city is the economic core of the 
MAMMINASATA metropolitan region, and its expansion 
redistributes settlement and commercial activity across a 
densely connected coastal–peri-urban system. Remote-
sensing studies identified substantial built-up growth, 
particularly toward northern Makassar, while 
metropolitan analyses documented corridor-oriented and 
concentric expansion into surrounding areas [26], [27]. A 
CA–Markov study subsequently projected continued 
conversion in the Tamalanrea and Biringkanaya peri-
urban districts, confirming that development pressure 
extends beyond the established core [28]. These changes 
have environmental implications. Surface-water 
monitoring detected losses and reconfiguration 
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associated with reclamation and settlement development 
[27], and a 29-year Landsat analysis linked recent 
urbanization to increasing heat exposure while identifying 
protective effects of green and blue space [29]. 
Hydrologic–hydrodynamic modeling further shows that 
Makassar’s low-lying coastal and riverine areas remain 
exposed to interacting flood contributions from the 
Jeneberang and Tallo systems [30]. 

Despite this evidence, the Makassar literature 
remains analytically fragmented. Previous studies have 
mapped built-up change, examined metropolitan sprawl, 
evaluated environmental consequences, or projected 
selected peri-urban districts. However, they have not 
jointly reconstructed city-wide change over five 
observation years, estimated nonlinear transition 
potential, interpreted factor-class associations, and 
evaluated simulated change using complementary 
agreement measures. Because an integrated ANN–CA–
WoE design has recently been demonstrated elsewhere 
[31], the present study advances the approach through its 
context-specific application to Makassar, five-date 
temporal design, and evaluation of simulated transitions 
against an observed reference map. This extension is 
required because relationships among density, land value, 
accessibility, land availability, and hydrological constraint 
are conditioned by Makassar’s particular metropolitan 
and coastal structure. 

This study integrates Landsat-derived LULC maps for 
2005, 2010, 2015, 2020, and 2025 with ANN–CA 
simulations for 2030 and 2035. Ten spatial drivers are 
evaluated across four domains: environmental and 

topographic conditions, demographic pressure, 
accessibility, and economic attractiveness. The analysis 
addresses four questions: (1) how did the magnitude, rate, 
and spatial form of LULC change vary between 2005 and 
2025; (2) where is built-up expansion most likely to occur 
by 2030 and 2035; (3) which factor classes favor or inhibit 
transition to built-up land; and (4) how reliably does the 
model reproduce the observed quantity and location of 
change? By linking multi-period observation, nonlinear 
transition estimation, interpretable Bayesian evidence, 
and change-specific validation, the study provides a 
reproducible basis for identifying development pressure, 
prioritizing growth-management zones, and directing 
future conversion away from environmentally constrained 
locations. 
 
 

2. LITERATURE REVIEW 

2.1. Spatiotemporal Dynamics of Urban Expansion 

Urban expansion denotes conversion of non-built land 
into built surfaces, whereas urban sprawl is a spatial form 
marked by low density, discontinuity, fragmentation, and 
peripheral extension. Compact infill can increase built-up 
area without intensifying sprawl; the same increment 
dispersed among isolated patches can do so [32], [33]. 
Analysis must therefore separate the amount, timing, and 
location of conversion from the configuration and land-
use efficiency of the resulting urban form. 

 

 

Figure 1. Conceptual framework of urban expansion as a spatiotemporal land-change process. Adapted from Martinuzzi et al. [34]; El 
Garouani et al. [35]; Gaur et al. [36]; Wang et al. [37]; and de Abreu e Silva and Correia [2]. 
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Infill, edge expansion, and leapfrog development describe 
conversion within, contiguous to, and separate from 
existing built-up areas. Their relative dominance changes 
across phases of outward growth, consolidation, and 
renewed peripheral development [34], [35], [37]. Net 
change alone cannot distinguish compact from 
fragmented trajectories, while long intervals can mask 
acceleration, deceleration, or directional reversal [36], 
[38]. Multi-date analysis is required to identify when and 
where growth occurs and whether new development 
remains connected to the urban fabric. 

Long-term Landsat series provide consistent 
medium-resolution coverage, while GIS supports map 
comparison, transition measurement, and integration of 
explanatory variables [35], [36], [39]. Spatiotemporal 
inference nonetheless depends on comparable class 
definitions, seasonal consistency, geometric alignment, 
and explicit accuracy assessment; otherwise, 
classification errors propagated across dates may be 
mistaken for real conversion [36], [40]. 

Expansion effects depend on scale and configuration. 
Fringe conversion can reduce cropland, fragment open 
areas, alter runoff, raise surface temperature, and weaken 
ecosystem services [41]–[44]; dispersed development can 
increase infrastructure and travel demands while 
producing unequal access and environmental exposure 
[32], [45], [46]. These risks are acute in coastal cities 
where urban demand intersects with low elevation, 
flooding, river systems, and scarce suitable land [47], [48]. 
Assessment must connect observed conversion to 
locational attraction, availability, and constraint. 
 
2.2. Multidimensional Drivers of Urban Expansion 

Urban expansion reflects interacting demand, 
accessibility, physical suitability, and regulatory or 
environmental constraints. No universal driver hierarchy 
applies: associations vary by scale, development stage, 
institutions, and period [49], [50]. Cell-level models 
approximate these mechanisms through spatial proxies: 
demographic and economic variables indicate demand, 
accessibility structures locational advantage, and 
biophysical conditions delimit feasible conversion. 

 
2.2.1. Demographic Pressure and Spatial Saturation 

Population growth is a flow variable indicating additional 
demand for housing, services, employment, and 
infrastructure, and is commonly associated with 
conversion near established areas and accessible 
corridors [50]–[53]. Density is a stock variable. It may 
support agglomeration and redevelopment, or signal land 
scarcity, high acquisition costs, and saturation that 
displace development toward the periphery [2], [49]. The 
variables represent related but distinct processes. 

Jointly modeling growth and density distinguishes 
rapidly expanding peripheral zones from mature, densely 
occupied neighborhoods. Growth should generally 
correspond to incremental demand, whereas density may 

attract development or redirect it outward when 
saturation dominates. This separation limits erroneous 
attribution of peripheral conversion to population level 
when redistribution of new growth is the operative 
process [37], [52]. 

 
2.2.2. Accessibility, Economic Centers, and Land Markets 

Accessibility lowers the temporal and monetary costs of 
reaching employment, markets, services, and existing 
urban areas [54], [55]. Road proximity can increase 
locational advantage and development potential [50], 
[56], [57], redirect growth to the periphery, and generate 
corridor expansion [58], [59]. Causality remains reciprocal: 
roads may stimulate conversion, while urban expansion 
induces infrastructure provision [60], [61]. Distance to 
roads is thus an accessibility proxy, not direct causal 
evidence. 

Economic centers concentrate employment, trade, 
and investment; service centers concentrate education, 
health care, administration, and other urban functions. 
Although proximity to both may increase transition 
potential, their spatial reach can differ [2], [57]. 
Polycentric development may redirect conversion toward 
secondary centers, while improved transport extends 
their influence [62], [63]; separate distance measures are 
preferable to a generic centrality variable. 

Land value integrates accessibility, expected returns, 
infrastructure, development rights, and scarcity. High 
values may indicate profitable conversion at the urban 
edge, yet acquisition costs can redirect land-intensive 
development to cheaper peripheral parcels [49], [64]. 
Effects also depend on whether values represent pre-
conversion markets, assessments, or interpolated 
transactions. Land value should be treated as an 
empirically estimated indicator of economic 
attractiveness rather than an invariably positive driver. 

 
2.2.3. Physical Suitability, Hydrological Constraints, and 
Open-Space Availability 

Elevation and terrain affect drainage, foundations, 
infrastructure design, and access. Their discriminatory 
power is usually greater in complex terrain, but small 
elevation differences can remain important in flat cities 
through flood susceptibility [48], [65]. Elevation is a 
locally conditioned suitability variable whose meaning 
depends on relief and hydrological interaction. 

Hydrological variables require separation. River 
proximity can confer amenity or economic access, yet may 
indicate inundation, erosion, riparian restrictions, or poor 
drainage. Flood exposure generally raises construction 
and damage costs [16], [17], [48], although scarcity, weak 
enforcement, informal settlement, or protective 
infrastructure may sustain conversion. River location 
represents network context; flood exposure represents 
hazard intensity. 

Protected green space constrains conversion, 
whereas unprotected vegetation or vacant land can 
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represent remaining developable supply. A positive 
association between open land and conversion therefore 
indicates opportunity or development pressure, not 
ecological causation [41], [66]. This distinction matters 
where green-space loss coincides with higher surface 
temperatures and declining environmental quality [40]. 
Protection status and classification metadata must 
prevent land availability from being equated with 
planning permission. 

 
2.2.4. Interaction and Spatiotemporal Heterogeneity 

Parcel selection is conditional: low cost cannot offset 
severe inaccessibility, and high accessibility may not 
compensate for flood risk. Conversion can accelerate 
when population growth, roads, services, and land values 
align, producing thresholds and nonlinearities poorly 
captured by additive linear specifications [49], [50]. Built-
up neighbors add feedback by facilitating infrastructure 
extension and strengthening expectations of adjacent 
development. 

Driver effects can change over time. Expansion may 
initially follow roads, later fill intervening land, and 
eventually shift to constrained sites after suitable parcels 
are exhausted [37], [38]. Historical calibration assumes 
partial persistence of these relationships. Multiple 
observation dates reveal, but cannot eliminate, temporal 
instability; interpretation must remain bounded by the 
input period and resolution, even when the model 
captures interactions. 

 
2.3. ANN–CA Modeling of Urban Expansion 

Cellular Automata (CA) simulate iterative state changes 
governed by current land use, neighborhood composition, 
suitability, and conversion rules, translating local 
interactions into diffusion, infill, edge expansion, and 
leapfrog patterns [19]. Markov chains are often used to 
estimate transition quantities and suitability procedures 
to allocate them spatially [67]–[69]. Fixed rules, however, 
may represent correlated demographic, economic, 
accessibility, and environmental responses inadequately. 

Artificial Neural Networks (ANNs) estimate 
nonlinear relations between historical transitions and 
spatial predictors. In ANN–CA, the ANN produces 
transition potential, while CA allocates the required 
change using neighborhood influence and land-state 
constraints. Thus, ANN estimates where conversion is 
comparatively likely and CA represents its spatial 
propagation. Applications across Indonesia, China, 
Kuwait, and coastal metropolitan regions demonstrate 
the flexibility of this hybrid structure [19], [47], [70], [71]. 

Predictive flexibility requires control. ANN outputs 
depend on data quality, temporal alignment, predictor 
specification, network architecture, and separation of 
calibration from validation [20], [71]. Excess capacity may 
learn noise or redundant information, and class 
imbalance may favor persistence when unchanged cells 
dominate [72]. More complex neural CA models can 

capture heterogeneity and temporal dependence, but 
complexity does not ensure interpretability or 
transferability [73]. Driver selection must remain 
theoretically grounded because predictive association is 
not causal explanation [74]. 

Forecast relationships may weaken when 
demographics, infrastructure, regulation, hazards, or 
economic conditions change. ANN–CA outputs are 
conditional scenarios, not deterministic futures; 
credibility depends on temporal validation, explicit 
constraints, and disclosure of represented and omitted 
processes [47], [57]. Their defensible planning use is to 
locate comparatively high conversion pressure and test its 
conflict with environmental or service-capacity 
constraints. 

 
2.4. Bayesian Weights of Evidence (WoE) 

Because ANN–CA prioritizes prediction and allocation, its 
learned weights do not directly explain individual drivers. 
Bayesian Weights of Evidence (WoE) provides class-
specific, frequency-based interpretation: positive and 
negative weights compare transition with non-transition, 
and their contrast indicates association direction and 
strength [21], [75]. Positive contrast denotes 
overrepresentation among converted cells; negative 
contrast denotes relative avoidance. Magnitudes remain 
conditional on the classification, spatial unit, and 
estimation period. 

WoE can reveal non-monotonic responses across 
road-distance bands, land-value ranges, or flood-
exposure levels that a single coefficient conceals. 
Studentized contrast distinguishes stronger evidence 
from sparse patterns, while a continuity correction 
stabilizes zero cells [76]. These procedures strengthen 
interpretation without converting association into 
causation. 

WoE assumes sufficient conditional independence 
among evidence layers; dependence among accessibility, 
land value, and economic-center proximity can duplicate 
information. Results also depend on discretization: broad 
classes conceal thresholds, whereas narrow classes yield 
unstable counts. Correlation screening, defensible 
boundaries, and local knowledge are therefore required 
[31]. ANN estimates joint nonlinear transition potential; 
WoE interprets bivariate factor-class support or inhibition. 

 
2.5. Validation of Spatial Change Simulation 

Validation must separate whole-map agreement from 
agreement on changed locations. Kappa adjusts observed 
agreement for chance but can be inflated when correctly 
simulated persistence dominates [77], [78]; high values 
may therefore coexist with poor identification of new 
built-up land. Kappa remains useful as a global diagnostic 
when complemented by Figure of Merit (FoM) and explicit 
allocation-error analysis [79]. 

FoM evaluates changed cells through hits, misses, 
false alarms, and wrong hits, excluding correctly 
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predicted persistence. It therefore tests land-change 
performance more stringently than measures dominated 
by stable cells [25], [79], [80]. Error decomposition 
indicates whether deficiencies concern change quantity 
or location. Joint reporting is complementary: Kappa 
assesses overall map correspondence, whereas FoM 
evaluates the smaller, policy-relevant transition domain. 

Credible forecasting calibrates an earlier transition, 
reproduces a later observed map, evaluates overall and 
change-specific agreement, and only then projects 
beyond observation. Temporal separation reduces circular 
validation but cannot test future structural breaks. Spatial 
error should also be examined around fringes, rivers, and 
flood-prone zones, since acceptable aggregate scores can 
conceal systematic planning-relevant failure [48], [80]. 

 
2.6. Research Synthesis and Analytical Framework 

Makassar studies document built-up expansion and 
densification alongside green-space pressure, surface-

temperature change, and altered inland-water conditions 
[27], [40], [81]. Nevertheless, descriptive maps do not 
locate future expansion, predictive models do not 
inherently interpret drivers, and whole-map validation 
may exaggerate performance when persistence 
dominates. A unified framework is required to connect 
historical change, projected exposure, driver 
interpretation, and model reliability. 

Built-up conversion is represented through four 
interacting domains: demographic pressure, accessibility, 
economic attractiveness, and physical-environmental 
conditions. Growth and proximity to roads, services, and 
economic centers should raise transition potential; 
flooding and adverse hydrology may inhibit it. Density, 
elevation, land value, and green/open space remain 
conditional indicators of attraction, supply, saturation, 
cost, protection, or constraint [49], [64], [66]. 

 

 

Figure 2. Analytical framework for urban expansion analysis and simulation. 
 
Each component has a distinct role. Multi-temporal LULC 
analysis measures observed change; ANN estimates 
nonlinear transition potential; and CA allocates change 
under neighborhood and land-state constraints. WoE 
identifies supportive or inhibitory factor classes, while 
Kappa and FoM assess overall and change-specific 
agreement. The framework separates description, 
prediction, interpretation, and validation, treating 
projections as conditional pressure rather than inevitable 
outcomes. 

Five-year observations from 2005–2025 and 
projections for 2030 and 2035 are used to evaluate 
Makassar's built-up expansion, future allocation, 
associated drivers, and reliability against observed 
change, extending retrospective mapping into an 
interpretable, explicitly validated model. 
 

3. MATERIALS AND METHODS 

3.1. Study Area 

The modeling extent followed the administrative 
boundary of Makassar City, South Sulawesi Province, 
Indonesia. Makassar is the principal urban and economic 
center of eastern Indonesia and the core city of the 
MAMMINASATA metropolitan region. Maros Regency 
borders the municipality to the north, Gowa Regency to 
the east and south, Takalar Regency to the southwest, and 
the Makassar Strait to the west. The study boundary 
therefore represents the metropolitan core rather than 
the entire MAMMINASATA conurbation. This distinction is 
retained throughout the analysis to avoid attributing 
municipal-scale results to the full metropolitan territory. 

Makassar is predominantly low-lying and has a 
relatively gentle topographic gradient. Its coastal position, 
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river network, flood exposure, rapid demographic change, 
and concentration of transport and economic functions 
create spatially competing development incentives and 
constraints. Previous studies document sustained built-

up expansion and peri-urban conversion in Makassar, 
supporting its suitability for spatiotemporal urban-
expansion modeling [28], [40], [82].

 

 

Figure 3. Location of the study area in Makassar City, South Sulawesi, Indonesia. 

 
3.2. Research Design and Analytical Workflow 

The study employed a retrospective and predictive spatial 
design to reconstruct urban land transformation, estimate 
the probability of conversion to built-up land, and allocate 
future change. Five land-use/land-cover (LULC) 
observations representing 2005, 2010, 2015, 2020, and 
2025 formed the temporal basis of the analysis. The 
observed series was used for post-classification change 
detection and for constructing transition samples. 
Projections were subsequently produced for 2030 and 
2035. This design separates four analytical functions: 
description of historical change, estimation of nonlinear 
transition potential, spatial allocation of projected 
conversion, and interpretation of driver associations 
(Figure 4). 

The raster cell constituted the unit of analysis. Each 
cell contained its LULC state at time t, its neighborhood 
condition, and values for ten demographic, accessibility, 
economic, and physical-environmental variables. The 
Artificial Neural Network (ANN) estimated cell-level 
transition potential, and the Cellular Automata (CA) 
component allocated change according to that potential, 
local neighborhood effects, conversion constraints, and 

the quantity of change specified by the model. Bayesian 
Weights of Evidence (WoE) was applied independently to 
characterize the direction and strength of spatial 
associations between factor classes and observed built-
up transitions. Model evaluation used Kappa and Figure of 
Merit (FoM), which assess whole-map agreement and 
change-specific agreement, respectively [80]. 
 
3.3. Data Sources and Spatial Preprocessing 

3.3.1. Multi-temporal satellite observations 

Multi-temporal Landsat imagery was used to derive 
comparable LULC maps across the twenty-year 
observation period. One scene represented each target 
year, with a nominal multispectral resolution of 30 m 
(Table 1). Where a native panchromatic band was 
available, pan-sharpening was used to generate a 15 m 
spatial product for visual and classification support. Pan-
sharpening combines multispectral information with the 
finer spatial detail of a panchromatic band; its effect 
depends on sensor characteristics, fusion method, and 
classifier, and it does not create additional spectral 
information [83]. The scenes were clipped to the study 
area. 
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Temporal comparability requires consistent spectral 
preparation and geometric registration. The archived 
processing documentation did not specify the reflectance 
product level, atmospheric-correction procedure, cloud 

and shadow masking, Landsat 7 ETM+ gap-filling 
procedure, pan-sharpening algorithm, or residual co-
registration error. These omissions limit exact replication 
of the LULC workflow [36]. 

 

 

Figure 4. Analytical workflow integrating LULC change analysis, ANN–CA urban-expansion modeling, Bayesian Weights of Evidence, 
model validation, and conditional projection. 

 
3.3.2. Spatial driving factors 

Ten explanatory layers were selected across four domains. 
Population density and population growth represented 
demographic conditions. Distance to major roads and 
service centers represented accessibility. Distance to 
economic centers and land value represented economic 
attractiveness. Elevation, distance to rivers, flood 
exposure, and distance to protected or green open space 
represented physical and environmental conditions. The 
selection reflects evidence that urban conversion is jointly 
conditioned by demographic demand, transport access, 

economic centrality, land-market conditions, terrain, and 
environmental constraints [65]. 

Each source layer was transformed into a raster 
compatible with the LULC grid. Distance-based variables 
were represented by the analytical classes listed in Table 
2, while elevation, flood exposure, population attributes, 
and land value retained their specified intervals. Raster 
origin, cell size, extent, projection, and no-data mask were 
held constant across model inputs. However, the archived 
processing documentation did not specify the ArcGIS 
version, distance algorithm, resampling rule, or reference 
year for each time-varying driver. These omissions limit 
exact replication of the spatial preprocessing.

 
Table 1. Multi-temporal Landsat observations used in the temporal analysis. 

Year Satellite and sensor Native spatial resolution WRS path/row Analytical role 

2005 Landsat 5 TM 30 m multispectral 114/64 Baseline LULC map 

2010 Landsat 7 ETM+ 30 m multispectral; 15 m panchromatic 114/63 Intermediate LULC map 

2015 Landsat 8 OLI/TIRS 30 m multispectral; 15 m panchromatic 114/64 Intermediate LULC map 

2020 Landsat 8 OLI/TIRS 30 m multispectral; 15 m panchromatic 114/64 Intermediate LULC map 

2025 Landsat 9 OLI-2/TIRS-2 30 m multispectral; 15 m panchromatic 114/64 Most recent observed LULC map 
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Table 2. Spatial driving factors, operational classes and data sources. 

Domain Variable Operational classes Data source 

Physical-
environmental 

Elevation 1–10 m; 11–40 m; 41–90 m Geospatial Information 
Agency of Indonesia [84] 

 Distance to river network <1 km; 1–3 km; >3 km Geospatial Information 
Agency of Indonesia [84] 

 Flood exposure Flood-prone (Unsuitable/Moderately suitable); 

Flood-prone (Moderately suitable); 

Not flood-prone (Highly suitable) 

BNPB InaRISK [84] 

 Distance to protected/green 
open space 

<500 m; 500–1,000 m; >1,000 m Ministry of Forestry [86] 

Demographic Population density ≤50 inhabitants/km² (Very low density);  

51–250 inhabitants/km² (Low density);  

251–400 inhabitants/km² (Moderate density);  

≥401 inhabitants/km² (Very high density) 

BPS Statistics of Makassar 
Municipality [87] 

 Population growth 0.0% to <0.5% (Very low); 

0.5% to <1.0% (Low); 

1.0% to <2.0% (Moderate); 

2.0%–3.0% (High); 

>3.0% (Very high) 

BPS Statistics of Makassar 
Municipality [87] 

Accessibility Distance to major roads <1 km; 1–6 km; >6 km OpenStreetMap [88] 

 Distance to service centers <1 km; 1–6 km; >6 km OpenStreetMap [88] 

Economic Distance to economic centers <1 km; 1–6 km; >6 km OpenStreetMap [88] 

 Land value < IDR 500,000/m² (Very low); 

IDR 500,000 to < IDR 1,000,000/m² (Low); 

IDR 1,000,000 to < IDR 2,000,000/m² (Moderate); 

IDR 2,000,000 to < IDR 5,000,000/m² (High); 

≥ IDR 5,000,000/m² (Very high) 

ATR/BPN land-value-zone 
data [89] 

 

The class intervals were treated as analytical bins rather 
than predetermined causal effects. Proximity to roads, 
services, and economic centers can indicate lower access 
costs, while population growth can represent incremental 
land demand [90]. Flood exposure may constrain formal 
development, and green/open-space proximity may 
represent either environmental protection or available 
land subject to conversion pressure [91]. The empirical 
sign of each class was therefore estimated through WoE 
rather than inferred from the ordering of the analytical 
classes. 
 
3.4. LULC Mapping and Change Detection 

3.4.1. LULC Classification and Accuracy Assessment 

A supervised classification was used to generate LULC 
maps for 2005, 2010, 2015, 2020, and 2025. Seven 
classes were mapped: cropland, forest, shrubland, 

grassland, wetland, water bodies, and urban/built-up land. 
Class definitions followed the FAO Land Cover 
Classification System principles of Di Gregorio and Jansen 
[92]. They were limited to categories that could be 
consistently distinguished from Landsat imagery across 
all observation years. 

Classification was implemented in Google Earth 
Engine using a Random Forest classifier. Random Forest 
aggregates decorrelated decision trees and can represent 
nonlinear class boundaries without imposing a parametric 
response form, while Google Earth Engine provides the 
cloud-computing environment used for large-scale 
geospatial processing [93], [94]. Training labels were 
assembled from TimeMark-geotagged field observations 
and medium-resolution reference maps and were 
distributed across the study area to represent the spectral 
and spatial variability of each LULC class. 

 

Table 3. Thematic LULC classes and binary recoding used for urban-transition modeling. 

Thematic class Operational description Binary model class 

Cropland Cultivated agricultural fields and managed crop areas Non-built-up 

Forest Areas dominated by tree cover Non-built-up 

Shrubland Areas dominated by shrubs or low woody vegetation Non-built-up 

Grassland Areas dominated by herbaceous vegetation Non-built-up 
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Thematic class Operational description Binary model class 

Wetland Water-saturated or periodically inundated vegetated areas Non-built-up 

Water bodies Rivers, reservoirs, and other open-water surfaces Non-built-up 

Urban/built-up Residential, commercial, industrial, transport, and other impervious or constructed surfaces Built-up 

 

For the 2025 map, field-reference data were collected 
from 3 to 5 December 2025 at 379 locations; 268 locations 
were assigned to classifier training and 111 to 
independent validation. For the historical maps, for which 
temporally contemporaneous field observations were 
unavailable, reference labels were obtained from the 
Global Land Cover Change dataset using observations as 
close as possible to the corresponding Landsat 
acquisition date. Training and validation samples varied 
by year because reference availability and class 
representation differed among dates (Table 4). 

After thematic classification, the seven LULC classes 
were recoded into a binary response for urban-transition 
modeling. Urban/built-up land formed the built-up class, 
whereas the remaining six classes formed the non-built-
up class. This two-stage structure retained thematic 
information for historical change analysis while providing 
a consistent target for modeling non-built-up-to-built-up 
conversion. 

Accuracy assessment used validation samples that 
were excluded from classifier training. The validation 
sample was selected using stratified sampling, and 
mapped and reference labels were cross-tabulated in an 
error matrix. Independent reference data, explicit 
sampling and response designs, and estimators 
consistent with the sampling design are required for 

rigorous thematic-map accuracy assessment [83], [95]. 
Overall Accuracy (OA), Producer's Accuracy (PA), and 
User's Accuracy (UA) are conventionally derived from the 
error matrix. The archived classification records do not 
include the underlying confusion matrices or 
documentation of any weighting scheme; consequently, 
the OA, PA, and UA values reported in Table 4 and 
Supplementary Table S1 are retained as source-record 
diagnostics and cannot be independently recalculated 
from the displayed sample counts. 

 

�� =
∑ ���
�
���

�
× 100 (1) 

 

���=
���
���

× 100 (2) 

 

���=
���
���

× 100 (3) 

 
For an unweighted error matrix, OA summarizes total 
agreement, PA is the complement of omission error, and 
UA is the complement of commission error. If sampling or 
area weights were applied in the archived classification 
records, the corresponding weighted estimators and 
denominators would be required to reproduce the 
reported percentages exactly. 

 

Table 4. Training design and reported map-level classification accuracy by observation year. 

Year Platform and classifier Training (n) Validation (n) OA (%) Kappa 

2005 GEE / Random Forest 278 117 62.83 0.50 

2010 GEE / Random Forest 273 114 68.14 0.52 

2015 GEE / Random Forest 283 124 68.14 0.50 

2020 GEE / Random Forest 268 109 75.22 0.62 

2025 GEE / Random Forest 268 111 87.61 0.81 

Note: GEE = Google Earth Engine; OA = Overall Accuracy. 

 

The class-level sample distribution and corresponding 
reported PA and UA values are provided in Supplementary 
Table S1. Classification accuracy was evaluated 
separately from ANN–CA validation. Table 4 and 
Supplementary Table S1 describe agreement between 
classified Landsat maps and reference labels, whereas the 
Kappa and Figure of Merit (FoM) reported for the ANN–CA 
simulation assess agreement between a simulated map 
and an observed LULC map. The two sets of Kappa 
statistics therefore represent different validation tasks 
and should not be interpreted interchangeably. 

 

3.4.2. Post-classification Change Analysis 

Post-classification comparison was used to identify cell-
level transitions between successive observations and 
across the complete 2005–2025 interval. Cross-
tabulation produced a transition matrix in which each 
entry records the area changing from class (�) at time (��) 
to class (�) at time (��). This approach permits direct 
identification of conversion to built-up land and avoids 
inferring a transition solely from independent changes in 
aggregate class area [35], [37]. For each class, absolute 
change was calculated as: 

 
Δ� = �(��)− �(��) (4) 



 

[ www.ijeedu.com ]                                                                                                      International Journal of Environment, Engineering and Education, Vol. 8, No. 3, pp. 447-473, 2026 
 

 

457 
 

 

where �(��)  and �(��)  denote the class area at the 
beginning and end of the interval. Relative change was 
calculated as 100 × ��/�(��) . Change detection 
quantified LULC transitions associated with urban 
expansion, including their magnitude, direction, and 
annualized rate between observation periods [96]. The 
annualized linear rate of change was estimated as: 
 

� = �
�(��)− �(��)

�(��)
�× �

1

�� − ��
�× 100 (5) 

 
where r is expressed as a percentage per year and (�� − ��)  
is the interval length in years. This measure is an 
annualized arithmetic rate, not a compound annual 
growth rate. The same definition was applied across 
intervals to preserve comparability. 
 
3.5. ANN–CA Urban Expansion Model 

3.5.1. Cellular State-Transition Structure 

CA represents land change as an iterative update of 
discrete cell states. The state of cell (�) at time (� +  1) is 
determined by its current state, the configuration of 
neighboring cells, and external spatial variables. The 
general transition rule is expressed as: 
 
��(���) = ����(�),��(�),��� (6) 

 
where ��(�) is the LULC state of cell (�) at time (�), ��(�) 
represents the selected neighborhood around that cell, 
(��) is the vector of ten spatial drivers, and (�) is the 
transition function. Neighborhood dependence permits 
local growth processes, including contiguous edge 
expansion and infill, to influence the allocation of new 
built-up cells [19], [97]. 
 
3.5.2. ANN Estimation of Transition Potential 

The ANN replaced a fixed transition function with a data-
driven estimator of nonlinear relationships. Training 
cases were derived from cells observed as non-built-up at 
the start of the calibration interval. The binary target 
distinguished cells that remained non-built-up from cells 
that converted to built-up land by the end of the interval. 
Predictor values comprised the ten driver layers together 
with the cell state and neighborhood information used by 
the implementation. The resulting transition potential 
was expressed as: 

 
��(�→ �+ 1)= ANN  [��(�), ��(�), ��] (7) 

 
where (��)  is the estimated probability or relative 
potential of cell (�) converting to built-up land. ANN-
based transition functions are suitable for interacting and 
non-monotonic predictors, but their estimates remain 
conditional on the sampling design, network 
configuration, and calibration period [20], [70]. 

 

3.5.3. CA Allocation, Temporal Validation, and Projection 

The transition-potential surface generated by the ANN 
was supplied to the CA allocation stage. Candidate non-
built-up cells were evaluated in relation to their transition 
potential, neighboring built-up configuration, and model 
constraints, and conversion was allocated iteratively until 
the required quantity of built-up change was reached. The 
retained implementation documentation did not specify 
the allocation rule, neighborhood definition, demand-
estimation procedure, or iteration settings. These 
omissions limit exact replication of the allocation 
procedure. 

Temporal validation preceded future projection. A 
model calibrated on an earlier transition interval was used 
to simulate an observed later year, and the simulated map 
was compared with its independent reference map. After 
the retained configuration had been evaluated, the 2025 
LULC map served as the base state for projections to 2030 
and 2035. These outputs represent conditional scenarios 
generated from historical relationships; they do not 
establish that the simulated conversions will occur [47], 
[71]. 
 
3.6. Bayesian Weights of Evidence Analysis 

Bayesian WoE was used to quantify how strongly each 
class of a spatial factor was associated with observed 
conversion to built-up land. Let F denote membership in a 
specified factor class, T denote an observed non-built-up-
to-built-up transition, and N denote the number of cells 
satisfying the stated condition. Positive and negative 
weights were calculated as [21]: 

 

�� = ���
�(� ∣ �)

�(� ∣ ��)
� (8) 

 

�� = ���
�(�� ∣ �)

�(�� ∣ ��)
� (9) 

 

where (��) denotes cells outside the specified factor class 
and (��) denotes cells that did not undergo the observed 
transition. The contrast for each factor class was 
calculated as: 
 
� = �� −  �� (10) 

 
A positive contrast indicates that the class occurred 
proportionally more often among transition cells than 
among non-transition cells; a negative contrast indicates 
relative avoidance. These quantities express spatial 
association within the observed period and should not be 
interpreted as causal effects or as ANN connection 
weights [21], [31]. 

The conditional probabilities were estimated from 
the corresponding factor-class-by-transition cross-
tabulation. A continuity correction of 0.5 was added to 
each cell of the 2 × 2 table when a sparse factor class 
produced a zero count. Sampling variances and the 
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standard error of the contrast were calculated from the 
adjusted counts: 

 

��(��)=
1

�(� ∩ �)
+

1

�(� ∩ ��)
 (11a) 

 

��(��)=
1

�(�� ∩ �)
+

1

�(�� ∩ ��)
 (11b) 

 

�(�)= ���(��)+ ��(��) (11c) 

 
Statistical support was assessed using the studentized 
contrast: 
 

� (�)= 
�

�(�)
 (12) 

 
Values satisfying |�(�)| >  1.96  were treated as 
statistically distinguishable from zero at the 95% 
confidence level under the large-sample normal 
approximation. Contrasts were calculated at the factor-
class level. If a single summary value is reported for a 
variable containing several classes, the aggregation rule 
must be stated explicitly because selecting a maximum, 
mean, or cumulative weight produces different 
interpretations. 

 
3.7. Model Validation 

Model validation distinguished overall map agreement 
from agreement in cells that changed. Kappa was used to 
compare the simulated and reference maps after 
adjustment for agreement expected by chance [97], [98]. 

 

����� (�)=
(�� − ��)

(1 − ��)
 (13) 

 
where (��) is the observed proportion of agreement and 
(��) is the agreement expected from the marginal class 
proportions. Kappa summarizes correspondence across 
the complete map; in a persistence-dominated setting, it 
can remain comparatively high even when newly 
converted cells are allocated incorrectly. It was therefore 
interpreted together with a change-specific measure 
rather than as a stand-alone acceptance criterion [79]. 

FoM evaluated the overlap between observed and 
simulated change: 

 

��� =
�

(� + � + � + �)
 ×  100 (14) 

 
where (A) denotes observed change simulated as 
persistence (miss), (B) denotes observed change 
simulated correctly (hit), (C) denotes observed change 
simulated as an incorrect gaining category (wrong hit), 
and (D) denotes observed persistence simulated as 
change (false alarm). In a binary built-up/non-built-up 
model, (C) is absent unless the validation software retains 
a general multiclass formulation. FoM excludes correctly 
predicted persistence and is therefore more sensitive to 
the model's capacity to locate transition cells [80]. Kappa 
and FoM were reported jointly without using either 
statistic to infer causal validity. 

 
 

4. RESULTS 

4.1. Changes in Land Use and Land Cover Composition, 
2005–2025 

The land use and land cover (LULC) classification 
indicates a marked increase in the dominance of built-up 
land across the Makassar study area between 2005 and 
2025 (Figure 5; Table 5). Across the seven LULC classes, 
the mapped study area remained constant at 17,590.87 ha 
in both observation years. Built-up land increased from 
8,199.20 ha to 9,880.06 ha, representing a net gain of 
1,680.86 ha, or 20.50% relative to its 2005 extent. Its 
share of the study area rose from 46.61% to 56.17%, an 
increase of 9.56 percentage points. Built-up land 
therefore shifted from being the largest individual LULC 
class to occupying more than half of the analyzed area. 

Cropland experienced the largest absolute decline, 
decreasing by 861.81 ha from 4,967.83 ha to 4,106.02 ha. 
The next largest reductions occurred in water bodies 
(358.51 ha) and wetlands (249.36 ha); together, these two 
water-related classes lost a net 607.87 ha. Forest and 
grassland also declined by 144.71 ha and 125.49 ha, 
respectively. Among the contracting classes, grassland 
recorded the largest relative decrease (30.11%), followed 
by water bodies (29.58%). 

 

Table 5. Changes in land use and land cover area, 2005–2025. 

LULC class 2005 (ha) 2025 (ha) Net change (ha) Relative change (%) 

Cropland 4,967.83 4,106.02 −861.81 −17.35 

Forest 792.19 647.48 −144.71 −18.27 

Shrubland 26.23 85.25 +59.02 +225.01 

Grassland 416.80 291.31 −125.49 −30.11 

Wetlands 1,976.48 1,727.12 −249.36 −12.62 

Built-up land 8,199.20 9,880.06 +1,680.86 +20.50 

Water bodies 1,212.14 853.63 −358.51 −29.58 
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LULC class 2005 (ha) 2025 (ha) Net change (ha) Relative change (%) 

Total 17,590.87 17,590.87 0.00 0.00 

 

 
 

  
  

 

Figure 5. Spatial dynamics of land use and land cover in the Makassar study area in 2005, 2010, 2015, 2020, and 2025. 

 

Shrubland was the only non-built-up class to increase, 
from 26.23 ha to 85.25 ha. Its 225.01% relative increase 
reflects the very small 2005 baseline; the absolute gain 
was only 59.02 ha. The percentage should therefore be 
interpreted together with the absolute change, whereas 
built-up expansion remained the dominant 
transformation of the study area. 

The values in Table 5 represent net area change 
within each class and do not identify the source class of 
each newly built-up pixel. Without an interclass transition 
matrix, declines in cropland, water bodies, and wetlands 

cannot be attributed entirely to direct conversion into 
built-up land. Distinguishing net change from gross gain, 
gross loss, and interclass exchange is necessary to 
connect compositional change with specific land-
transition processes [99]. 
 
4.2. Temporal Variation and Spatial Configuration 

Built-up growth differed substantially between the two 
observation intervals of equal duration (Table 6; Figure 6). 
From 2005 to 2015, built-up area increased by 1,571.27 



 

[ www.ijeedu.com ]                                                                                                      International Journal of Environment, Engineering and Education, Vol. 8, No. 3, pp. 447-473, 2026 
 

 

460 
 

 

ha, from 8,199.20 ha to 9,770.47 ha. This corresponds to 
an average increase of 157.13 ha per year and a linear 
annual change rate of 1.916%. From 2015 to 2025, the 
net increase fell to 109.59 ha, equivalent to 10.96 ha per 
year and a linear annual rate of 0.112%. 

Approximately 93.48% of the net built-up increase 
recorded during 2005–2025 occurred in the first interval. 
The net increase in the second interval was about 93.03% 
lower than that in the first. This contrast indicates a 
pronounced deceleration of horizontal expansion within 

the study boundary. Two decadal intervals, however, are 
insufficient to identify an annual structural breakpoint or 
to establish the causes of the deceleration statistically. 

Figure 6 shows new built-up development along the 
existing urban edge and within gaps in established built-
up areas, indicating spatial variation in growth location. 
Because edge expansion, infill, and isolated development 
were not quantified, the dominant growth mode and 
degree of spatial fragmentation cannot be determined. 

 

Table 6. Change in built-up area across two observation intervals. 

Period Initial area (ha) Final area (ha) Net increase (ha) Linear rate (% yr⁻¹) 

2005–2015 8,199.20 9,770.47 1,571.27 1.916 

2015–2025 9,770.47 9,880.06 109.59 0.112 

Note: Linear annual rate = 100 × (final area − initial area)/(initial area × interval length in years).  

 

   

   

   

Figure 6. Spatial distribution of built-up expansion by five-year interval from 2005 to 2035. Intervals through 2025 are observed; 
intervals after 2025 are ANN–CA projections. 

 

4.3. Spatial Associations of Driving Factors on WoE 

The Weights of Evidence (WoE) analysis reports summary 
contrast values for ten variables representing 
demographic, economic, accessibility, environmental, 
and topographic conditions (Figures 7–8). Population 
growth has the largest reported positive summary value (C 
= +2.149), followed by land value (+1.663). Positive 

summaries are also reported for green/open-space 
proximity (+1.130), distance to economic centers (+0.764), 
distance to major roads (+0.750), distance to service 
centers (+0.599), and elevation (+0.337). The flood-
exposure variable (labeled "Flood hazard" in the source 
output), distance to rivers, and population density have 
reported negative values of (−1.989), (−1.125) and 
(−0.904), respectively.

 



 

[ www.ijeedu.com ]                                                                                                      International Journal of Environment, Engineering and Education, Vol. 8, No. 3, pp. 447-473, 2026 
 

 

461 
 

 

   
   

   
   

   
   

 

 

 

Figure 7. Spatial layers of the ten demographic, accessibility, economic, and physical-environmental drivers used in the urban-
expansion model.  

 

The opposite signs for population growth and population 
density are among the most prominent features of the 
WoE output (Figure 8). Population growth is positively 
associated with the summarized transition condition, 
whereas population density is negatively associated. The 
flood-exposure variable has the largest magnitude among 
the reported negative values, while elevation has the 

smallest positive value. This ordering is descriptive of the 
available C values and does not establish statistically 
significant differences in effect among the factors. 

In WoE, contrast (C) is calculated for a specific factor 
class or condition [21]. Because the factor classes 
underlying the reported variable-level summary values 
are not provided, the sign of C cannot be interpreted as a 
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monotonic relationship across the full range of a variable. 
A positive summary for a distance variable, for example, 
does not imply that expansion probability increases 

continuously with distance. (C) is also not a measure of 
internal predictor importance in the ANN.

 

 

Figure 8. Reported variable-level Weights of Evidence (WoE) contrast summaries for built-up transition. Positive values indicate 
relative association with transition, and negative values indicate relative avoidance. The archived analytical record does not 
specify the factor-class aggregation rule; the source chart labels the flood-exposure variable as "Flood hazard." 

 

4.4. Map Agreement and Locational Accuracy 

Model evaluation reports a Kappa value of 0.768 and a 
Figure of Merit (FoM) of 21.01% (Table 7). These metrics 
address different aspects of model performance. Kappa 
summarizes categorical agreement between the model 
output and the reference map under its chance-
agreement formulation.  

Under the standard binary-change formulation, FoM 
is the ratio of correctly predicted change (hits) to the 
union of hits, observed changes that were missed (misses), 
and predicted changes that did not occur (false alarms). In 
multiclass evaluation, errors in the predicted destination 
class may also be incorporated, depending on the 
formulation used [80]. Accordingly, an FoM of 21.01% 
does not mean that 21.01% of the entire study area was 
predicted correctly, nor does it mean that the same 
proportion of all observed change was detected. 

Taken together, the two metrics demonstrate why 
overall map agreement must be distinguished from the 
locational accuracy of change. A Kappa value of 0.768 is 

not sufficient evidence that the locations of new 
development were predicted accurately. Quantity and 
allocation disagreement should be separated to identify 
the sources of mismatch [24]. Because the FoM 
components, evaluation matrix, and validation reference 
year are unavailable, the contribution of each error 
component cannot be recalculated. 
 
4.5. Projected Built-up Area through 2035 

The ANN–CA simulation projects an increase in built-up 
land from the observed area of 9,880.06 ha in 2025 to 
9,914.11 ha in 2030 and 10,394.23 ha in 2035 (Figure 9; 
Table 8). The projected decadal increase is therefore 
514.17 ha, equivalent to 5.20% of the 2025 built-up area. 
Under a fixed study boundary, built-up land would occupy 
approximately 59.09% of the study area by 2035. The 
2030 and 2035 maps retain the general spatial 
configuration of the existing urban area, although the 
extent of built-up land increases between the two 
projected states.

 

Table 7. Reported validation metrics for the ANN–CA model. 

Indicator Value Measurement focus 

Kappa 0.768 Categorical map agreement 

Figure of Merit (FoM) 21.01% Locational agreement of change 

 

Table 8. Projected change in built-up area, 2025–2035. 

Period Initial area (ha) Final area (ha) Net increase (ha) Linear rate (% yr⁻¹) 

2025–2030 9,880.06 9,914.11 34.05 0.069 

2030–2035 9,914.11 10,394.23 480.12 0.969 

2025–2035 9,880.06 10,394.23 514.17 0.520 
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Figure 9. Projected land-use and land-cover distributions in 2030 and 2035 generated by the ANN–CA model. 

 

Projected expansion is strongly uneven between the two 
five-year intervals. Built-up land increases by only 34.05 
ha during 2025–2030, corresponding to 6.81 ha yr⁻¹ and 
a linear rate of 0.069% yr⁻¹. The increase reaches 480.12 
ha during 2030–2035, equivalent to 96.02 ha yr⁻¹ and 
0.969% yr⁻¹. Consequently, 93.38% of the projected 
2025–2035 increase is allocated to the final five-year 
interval. The overall linear rate of 0.520% yr⁻¹ exceeds the 
observed rate for 2015–2025 but remains below that 
recorded for 2005–2015. 

The class-specific trajectories place the projected 
expansion within the longer-term LULC sequence (Figure 

10). During the observed period from 2005 to 2025, built-
up land increased progressively, whereas cropland 
exhibited the most persistent contraction. Wetland, water 
bodies, forest, and grassland also followed declining 
trajectories of varying magnitude, while shrubland 
remained comparatively stable. The projected 2030 and 
2035 conditions maintain the general direction of these 
changes, although their temporal magnitudes differ 
substantially. The long-term trajectory is therefore 
characterized by class-specific land reallocation rather 
than proportional change across all LULC categories.

 

 

Figure 10. Temporal trajectories of land-use and land-cover class areas from 2005 to 2035. Observed values extend through 2025; 
values for 2030 and 2035 are ANN–CA projections. 

 

Figure 11 summarizes observed net class changes 
between 2005 and 2025. Built-up land increased by 
1,680.86 ha and shrubland by 59.02 ha, while cropland 
decreased by 861.81 ha, water bodies by 358.51 ha, 
wetlands by 249.36 ha, forest by 144.71 ha, and grassland 
by 125.49 ha. These values represent net class balances 
and do not identify the specific source-to-destination 
transitions responsible for the changes; such attribution 
requires a complete LULC transition matrix. 

The interval-specific rates show substantial 
temporal heterogeneity in built-up expansion (Figure 12). 
The observed linear annual rate declined from 1.916% 
yr⁻¹ during 2005–2015 to 0.112% yr⁻¹ during 2015–2025. 
The model projects 0.069% yr⁻¹ during 2025–2030 and 
0.969% yr⁻¹ during 2030–2035. The final projected 
interval therefore represents a reacceleration relative to 
the low-growth phase observed after 2015, while 
remaining below the 2005–2015 observed rate.
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Figure 11. Observed net changes in land-use and land-cover class areas between 2005 and 2025. 

 

 
 

Figure 12. Linear annual rates of observed and projected built-up change by analysis interval. 

 

The concentration of projected growth in 2030–2035 
should be interpreted as a temporal allocation produced 
under the adopted model configuration. It does not 
establish that an equivalent acceleration in actual 
demographic growth, investment, infrastructure provision, 
or policy-driven development will occur during that 
interval. Without alternative land-demand scenarios, 
repeated simulations, and parameter-sensitivity analysis, 
the uncertainty surrounding the timing and magnitude of 
the projected expansion cannot be quantified. 
 
 

5. DISCUSSION 

5.1. Deceleration, Land Conversion and Demographic 
Differentiation of Urban Expansion 

Urban expansion in Makassar exhibited marked temporal 
deceleration. Net built-up expansion declined from 
1,571.27 ha during 2005–2015 to 109.59 ha during 2015–
2025, while the linear annual expansion rate decreased 
from 1.916% to 0.112%. Therefore, 93.48% of the total 
built-up increase recorded between 2005 and 2025 

occurred before 2015. A single long-term average would 
therefore obscure the temporal concentration of observed 
growth. Similar phase-dependent changes have been 
reported in cities undergoing shifts from rapid outward 
expansion toward more constrained or spatially selective 
development [37], [52], [100], [101]. Path-dependent 
urban configurations can also influence subsequent 
expansion opportunities and trajectories [102]. 

The observed deceleration is compatible with several 
mechanisms, including reduced availability of 
developable land, increasing infill, or redistribution of 
development toward peripheral areas. However, the 
present data cannot distinguish among these processes. 
The relative contribution of infill, edge expansion, and 
leapfrog development can change substantially over time 
and generate different implications for urban density and 
spatial continuity [102], [103]. Land markets, 
infrastructure provision, regulatory constraints, and 
institutional arrangements may also redirect 
development toward particular locations [2], [104], 
including cultivated peri-urban land where accessibility 
and development pressure intersect [57]. Slower 
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expansion within the administrative boundary of 
Makassar may therefore represent either internal 
consolidation or displacement of development toward 
surrounding MAMMINASATA jurisdictions. Municipal 
containment should not automatically be interpreted as 
metropolitan containment because development pressure 
can cross administrative boundaries [100], [104]. 
Likewise, urban expansion is not equivalent to urban 
sprawl, which also involves density, fragmentation, 
continuity, and spatial configuration [102]. 

Built-up expansion was accompanied by substantial 
contraction of non-built-up classes. Cropland decreased 
by 861.81 ha, forest by 144.71 ha, grassland by 125.49 ha, 
wetlands by 249.36 ha, and water bodies by 358.51 ha. 
Cropland accounted for 49.53% of the combined net 
losses, indicating that agricultural land represents the 
largest component of the observed land-cover contraction. 
This pattern is consistent with broader evidence showing 
that urban expansion frequently occurs at the expense of 
productive peri-urban land [105] and can be associated 
with losses of habitat, biomass, and carbon storage [37]. 
These net balances, however, cannot establish direct 
transition pathways between individual land-cover 
classes. Net area change combines gains, losses, 
persistence, and spatial exchange, meaning that similar 
totals may result from substantially different transition 
processes [37], [99]. A pixel-level transition matrix is 
therefore required to identify the actual source and 
destination classes of urban conversion. 

The combined decline of wetlands and water bodies 
reached 607.87 ha and is particularly relevant for urban 
planning. Interpretation requires caution because 
mapped changes in aquatic and wetland classes may be 
influenced by seasonal inundation, rainfall variability, 
acquisition dates, and spectral confusion [106]. If the 
decline represents persistent land-cover conversion, 
reduced water-storage capacity occurring simultaneously 
with increased impervious surfaces could increase runoff 
and flood exposure [107]–[109]. Spatial integration of 
observed transitions with hydrological and multi-hazard 
indicators would allow identification of locations where 
urban conversion overlaps with environmentally sensitive 
or hazard-prone areas [48]. The limited shrubland 
increase of 59.02 ha does not offset losses in other non-
built-up classes. It may reflect secondary regrowth, land 
abandonment, management changes, or classification 
exchange rather than a systematic ecological recovery. 

Demographic factors provide an additional 
explanation for the spatial differentiation of urban change. 
Population growth produced the strongest positive WoE 
contrast (+2.149), whereas population density showed a 
negative contrast (−0.904). These apparently opposing 
signals are conceptually consistent because population 
growth represents incremental demographic demand, 
whereas density represents the existing concentration of 
population. Previous research shows that urban land 
expansion responds differently to demographic change 

depending on metropolitan trajectory, city size, 
development stage, and spatial structure [5], [110]. 
Population increase and urban land expansion also show 
incomplete spatial correspondence globally [111], while 
urban growth can coexist with either increasing density 
through consolidation or declining density through 
outward extension [103], [112]. Comparative studies in 
Dar es Salaam, Tehran, and Puerto Rico similarly 
demonstrate that demographic growth does not generate 
a uniform spatial response [34], [51], [52]. Evidence from 
peri-urban Denpasar and Makassar likewise indicates that 
demographic change and land conversion are coupled but 
not equivalent processes [113], [114]. 

The negative association with population density is 
plausibly related to transition exposure. Highly populated 
cells may already contain extensive built-up surfaces, 
leaving limited land available for further conversion, 
whereas lower-density peripheral cells retain greater 
quantities of transition-eligible land. Initial land-cover 
conditions therefore shape the spatial opportunity 
structure available to land-change models [115]. 
Extension-oriented growth is also frequently associated 
with lower densities than compact or infill development 
[103], [110]. Population density should consequently be 
interpreted together with baseline land cover and the 
number of pixels eligible for transition rather than as an 
independent inhibitory mechanism. 

These relationships remain associative rather than 
causal. WoE quantifies class-conditioned spatial 
associations and should not be interpreted as a regression 
coefficient, marginal effect, or monotonic causal 
response [21]. Statistical dependence between 
population growth and population density may also 
amplify combined evidence if predictor interactions are 
not adequately controlled [116]. The results identify a 
coordinated transition: rapid pre-2015 built-up expansion 
was followed by pronounced deceleration, losses were 
unevenly distributed among non-built-up classes, and 
population growth and density showed contrasting spatial 
associations with conversion. Distinguishing whether this 
pattern reflects urban consolidation, metropolitan 
spillover, or continued low-intensity dispersion requires 
explicit analysis of expansion morphology, baseline 
transition opportunities, and inter-jurisdictional 
development. 

 
5.2. Spatial Drivers, Environmental Constraints and 

ANN–CA Model Performance 

The WoE results indicate that urban expansion in 
Makassar reflects the combined influence of accessibility, 
land-market conditions, and environmental constraints. 
Land value produced the second-largest positive contrast 
(+1.663), while road accessibility and proximity to 
economic and service centers also showed positive 
associations with land conversion. This pattern is 
consistent with a market-access mechanism in which 
accessible locations with stronger economic connectivity 
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become more attractive for development. However, 
relationships among land price, transport costs, and 
urban sprawl vary according to institutional and spatial 
contexts [64]. Accessibility has similarly been identified 
as an important determinant of urban land allocation 
elsewhere [57], but such comparative evidence does not 
independently establish the mechanism operating in 
Makassar. 

Interpretation of land value also depends on 
temporal ordering. Development expectations may 
increase land prices before physical conversion occurs, 
whereas completed development can subsequently 
increase recorded land values. If the land-value surface 
corresponds to conditions measured during or after the 
modeled transition, the resulting WoE contrast may partly 
represent an outcome of urbanization rather than an 
antecedent driver. Land-value data should therefore be 
temporally aligned with the beginning of each calibration 
interval before directional influence is inferred. Distance-
based variables require similar caution because WoE 
measures class-conditioned associations rather than 
continuous effects per kilometer and may exhibit non-
monotonic responses among distance classes [21]. Class-
specific WoE patterns, pixel frequencies, uncertainty 
intervals, and potential dependence among accessibility, 
centrality, and land value are therefore necessary for 
rigorous interpretation. 

Environmental variables produced contrasting 
spatial signals. The flood-exposure variable showed the 
strongest negative WoE contrast (−1.989), followed by 
distance to rivers (−1.125). These values suggest that 
specific hydrological conditions were associated with 
reduced transition likelihood, but their meaning depends 
on the direction and thresholds used to define each factor 
class. They cannot be interpreted as evidence that all 
flood-prone areas or river corridors systematically resist 
urban conversion. Transition areas should therefore be 
examined within each hydrological class to determine 
whether development is concentrated in, excluded from, 
or redistributed among particular risk categories. This 
distinction is relevant because settlements frequently 
continue expanding into flood-prone areas despite 
recognized exposure [117]. A negative class-conditioned 
association in Makassar may consequently coexist with 
increasing aggregate flood exposure if development 
pressure remains sufficiently strong in selected high-risk 
locations. 

Green/open-space proximity produced a reported 
positive WoE summary contrast (+1.130). In the 
operational definition used in Table 2, this predictor is 
represented as distance to protected/green open space; it 
should therefore be interpreted as a distance-class 
association rather than as direct evidence that the 
availability of green space promotes urban development. 
Protected green areas, formally planned open spaces, and 
vegetated but developable land may have different 
planning meanings. High ANN transition potential 

likewise does not establish ecological suitability or 
statutory developability. Integration with multi-hazard 
information can identify locations where projected 
growth conflicts with environmental constraints [48], so 
the projected map is more appropriate for spatial 
screening than for direct zoning or protection decisions. 

These factor associations must be evaluated 
together with the predictive performance of the ANN–CA 
model. ANN–CA provides an appropriate framework for 
combining nonlinear transition learning with 
neighborhood-based spatial allocation, and previous 
Indonesian applications support its contextual relevance 
[19]. External precedent, however, cannot validate the 
Makassar model because model performance depends on 
local class composition, change prevalence, spatial extent, 
predictor structure, and validation design. Model 
credibility should therefore be assessed against locally 
observed land-use change rather than inferred from 
applications in other geographical contexts. 

The reported Kappa value of 0.768 indicates whole-
map correspondence, whereas the Figure of Merit (FoM) 
of 21.01% evaluates agreement specifically within 
changed locations. This distinction is critical because 
persistent cells can dominate whole-map agreement, 
particularly where the proportion of actual change is 
limited, while FoM is sensitive to the prevalence and 
location of observed transitions [25]. Component-based 
assessment can further distinguish correctly predicted 
changes from misses, false alarms, and allocation errors 
[80]. The combined metrics therefore indicate general 
similarity between observed and simulated maps but 
provide more limited confidence in the precise spatial 
allocation of newly built-up cells. 

Accordingly, model performance is reported 
quantitatively without assigning qualitative performance 
categories to either Kappa or FoM. Kappa has recognized 
limitations as a stand-alone validation statistic and 
disagreement should be interpreted by separating change 
quantity from spatial allocation error [79]. A quantity–
allocation decomposition and comparison with a no-
change benchmark would provide a stronger test of 
whether ANN–CA improves prediction relative to 
retaining the 2025 land-use configuration. 

Additional uncertainty arises from the temporal 
distribution of the projected built-up expansion. The 
model adds 514.17 ha of built-up land by 2035, but 480.12 
ha, equivalent to 93.38% of the total projected increase, 
is allocated during 2030–2035, compared with only 34.05 
ha during 2025–2030. This abrupt acceleration should not 
be interpreted as evidence of an expected economic or 
demographic surge because the available results do not 
establish such a mechanism. The discontinuity may 
instead arise from period-specific land-demand 
assumptions, spatial constraints, or nonlinear 
neighborhood interactions within the allocation process 
[79]. Explicit scenario analysis that varies land demand 
and planning restrictions would therefore provide a more 
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defensible assessment of whether the projected post-
2030 acceleration is robust to alternative modeling 
assumptions [65]. 

 
5.3. Planning Implications 

Planning analysis should prioritize locations were 
transition potential overlaps cropland, wetlands, water 
bodies, or flood exposure. This follows directly from the 
observed 861.81-ha cropland decline and 607.87-ha 
water-related decline. Such overlays identify sites 
requiring review but do not constitute validated zoning. 
Scenarios should compare infill, edge, and peripheral 
growth by built-up increment, infrastructure demand, 
hazard exposure, and cropland retention. Open land may 
perform ecological or social functions [7], [105]; urban-
growth-boundary studies demonstrate the value of 
varying land demand and spatial constraints before 
selecting a configuration [65]. 

Analysis should extend beyond Makassar to detect 
displacement into adjacent jurisdictions, consistent with 
the effects of metropolitan structure, policy, and 
commuting on sprawl [2]. The 2035 map remains 
conditional. Monitoring should track retained cropland, 
new hazard-zone development, infill share, and growth in 
infrastructure-served locations. These indicators would 
make the projection a falsifiable planning baseline and 
permit later assessment of whether growth is becoming 
more compact, less hazardous, and less land-
consumptive. 

 
5.4. Study Limitations and Contributions 

LULC uncertainty is consequential because the 109.59-ha 
observed change during 2015–2025 and the 34.05-ha 
projection for 2025–2030 are small relative to the study 
area. Simulation Kappa cannot substitute for 
classification accuracy; probability sampling, class-
specific accuracy, bias-adjusted area estimates, and 
confidence intervals remain necessary [118]. The archived 
classification records lack the underlying confusion 
matrices and weighting metadata, preventing 
independent reconstruction of reported OA, PA, and UA 
values from the displayed sample counts. Exact 
replication is also constrained by undocumented 
preprocessing details and ANN–CA implementation 
parameters, including factor classes, pixel counts, 
uncertainty in C, network architecture, data partitioning, 
validation year, neighborhood rules, and CA iterations. 
Random partitioning may inflate performance under 
spatial dependence, so validation should reflect spatial 
and temporal structure [119]. Transferability remains 
untested. 

WoE identifies class-conditioned associations, while 
ANN–CA predicts and allocates change; neither 
establishes causal effects. The results identify four 
principal findings: post-2015 deceleration, unequal 
contraction of non-built-up classes, divergent 
demographic associations, and a gap between whole-map 

agreement and change-location accuracy. The integrated 
analysis therefore distinguishes conclusions supported 
directly by the observed data from those that remain 
conditional on model specification and incomplete 
validation metadata. 

 
 

6. CONCLUSION 

This study integrated multi-temporal land-use and land-
cover (LULC) mapping, artificial neural network–cellular 
automata (ANN–CA) simulation, and Bayesian Weights of 
Evidence (WoE) analysis to reconstruct urban land 
transformation in Makassar during 2005–2025 and 
generate conditional projections for 2030 and 2035. 
Built-up land increased from 8,199.20 ha to 9,880.06 ha, 
representing a net gain of 1,680.86 ha or 20.50%. Its 
share of the study area rose from 46.61% to 56.17%. 
Expansion was temporally uneven, with 93.48% of the 
observed increase occurring during 2005–2015, followed 
by substantial deceleration. Cropland recorded the 
largest net decline at 861.81 ha, while wetlands and water 
bodies jointly decreased by 607.87 ha. These net balances 
do not establish direct conversion pathways without a 
complete interclass transition matrix. 

WoE results identified population growth and land 
value as the strongest positive spatial associations, with 
contrast values of +2.149 and +1.663, whereas the flood-
exposure variable showed the strongest negative 
association at −1.989. Because the underlying factor 
classes were not reported, these values represent class-
conditioned associations rather than monotonic or causal 
effects. Validation yielded a Kappa coefficient of 0.768 
and a Figure of Merit of 21.01%, indicating stronger 
whole-map agreement than change-specific locational 
accuracy. 

Built-up land was projected to reach 10,394.23 ha by 
2035, equivalent to 59.09% of the study area. However, 
93.38% of projected growth occurred during 2030–2035, 
making the apparent acceleration dependent on model 
configuration. The projections should therefore be 
interpreted as conditional spatial-screening instruments, 
not deterministic forecasts or zoning prescriptions, given 
incomplete parameter reporting and the absence of 
comprehensive sensitivity analysis. 
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SUPPLEMENTARY 

Table S1.  Class-level training and validation sample sizes and reported classification accuracy by observation year. 

Year LULC class Training (n) Validation (n) PA (%) UA (%) 

2005 Cropland 12 4 100.00 48.70 

2005 Forest 22 9 58.11 66.67 

2005 Shrubland 20 8 65.14 53.43 

2005 Grassland 11 4 68.45 65.12 

2005 Wetland 14 6 62.50 41.67 

2005 Water bodies 27 11 76.56 85.96 

2005 Urban/built-up 172 75 78.57 91.67 

 Total (2005) 278 117   

2010 Cropland 12 5 100.00 52.50 

2010 Forest 22 9 56.12 60.00 

2010 Shrubland 20 8 54.23 55.23 

2010 Grassland 11 4 63.33 40.00 

2010 Wetland 14 6 77.50 37.50 

2010 Water bodies 27 11 82.81 88.33 

2010 Urban/built-up 167 71 100.00 67.78 

 Total (2010) 273 114   

2015 Cropland 12 5 100.00 62.50 

2015 Forest 22 9 69.09 53.33 

2015 Shrubland 20 8 72.50 100.00 

2015 Grassland 11 4 56.67 53.33 

2015 Wetland 14 6 52.50 53.33 

2015 Water bodies 27 11 92.19 88.06 

2015 Urban/built-up 177 81 57.14 100.00 

 Total (2015) 283 124   

2020 Cropland 12 5 100.00 63.33 

2020 Forest 22 9 54.55 85.71 

2020 Shrubland 20 8 60.00 100.00 

2020 Grassland 11 4 73.33 100.00 

2020 Wetland 14 6 62.50 55.71 

2020 Water bodies 27 11 89.06 93.44 

2020 Urban/built-up 162 66 64.29 90.00 

 Total (2020) 268 109   

2025 Cropland 5 1 100.00 22.22 

2025 Forest 22 9 72.73 80.00 

2025 Shrubland 20 8 75.00 100.00 

2025 Grassland 11 4 83.33 100.00 

2025 Wetland 14 6 75.00 66.67 

2025 Water bodies 27 11 90.62 96.67 

2025 Urban/built-up 169 72 100.00 100.00 

 Total (2025) 268 111   

Note: PA = Producer's Accuracy; UA = User's Accuracy. Values are retained from the archived classification records. The class-level confusion matrices, denominators used for 
each accuracy statistic, and any sampling or area-weighting scheme were not retained; PA and UA therefore cannot be independently reconstructed from the displayed 
validation sample counts alone. 


