Journal of Urban Management xxx (XXXX) XXX

: < : : @
Contents lists available at ScienceDirect © o

Urban
Management

Journal of Urban Management

journal homepage: www.elsevier.com/locate/jum

Research Article

Machine learning-based suitability mapping for urban expansion:
integrating environmental and infrastructural factors

Nguyen Thi Thuan *", Nguyen Huu Ngu*, Le Huu Ngoc Thanh *, Duong Quoc Non?,
Srilert Chotpantarat -, Nguyen Ngoc Thanh ™

 University of Agriculture and Forestry, Hue University, 102 Phung Hung Str, Hue City, 53000, Viet Nam

®Ho Chi Minh City University of Natural Resources and Environment, 236B Le Van Sy Str, Ho Chi Minh, 70000, Viet Nam

€ Department of Geology, Faculty of Science, Chulalongkorn University, Bangkok, 10330, Thailand

d Center of Excellence in Environmental Innovation and Management (EnvIMM), Sustainable Research Institute, Chulalongkorn University, Thailand

ARTICLE INFO ABSTRACT

Keywords: Rapid urbanization in Ho Chi Minh City has increased conflicts between theory and practice in
BUilt"'lP land planned urban expansion. As a result, this study assessed the suitability of built-up land for
Mapping supporting urban expansion decisions. This study contributes to machine learning-supported

Random forest spatial planning by integrating environmental and infrastructural factors into suitability map-

XGBoost
Gen;‘(;slize d linear model ping. Using Generalized Linear Model (GLM), Extreme Gradient Boosting (XGBoost), and Random
Vietnam Forest (RF), we generated present-day built-up land suitability maps and compared them with the

2040 land use plan for urban expansion to assess their spatial consistency. A database of 6000
ground-truth points and eight influencing factors—including altitude, slope, soil type, proximity
to waterbodies, proximity to residential areas, proximity to protected areas, proximity to roads,
and topographic wetness index—was used to train and validate the models using a spatial 5-fold
cross-validation. Model performance was assessed using the receiver operating characteristic
curve (AUC), with RF (AUC = 0.958 + 0.017) and XGBoost (AUC = 0.954 + 0.018) outperforming
GLM (AUC = 0.898 + 0.023). Proximity to residential areas, waterbodies, and roads was an
important factor in determining suitability for urban expansion. Most of the 2040 urban expan-
sion was characterized by moderate to very low suitability levels. The study highlighted a sub-
stantial inconsistency between current environmental and infrastructural readiness and policy-
designated future expansion areas in Ho Chi Minh City. Local authorities should therefore
strengthen environmental and infrastructural preparedness before implementing urban expansion
plans.

1. Introduction

Rapid urbanization is an alarming concern in many developing countries. This process involves converting agricultural, forest, and
bare lands into built-up areas (Chen et al., 2016). Built-up land refers to areas covered by urban and rural settlements, industrial parks,
infrastructure, and other developed facilities. This type of land use represents non-agricultural areas (Wu & Zhang, 2012). From a
planning perspective, built-up land suitability is an important aspect of land-use planning that supports spatial decision-making
(Guzman et al., 2020). However, the concept of “suitability” for built-up land has varied across previous studies. Some authors
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(Sihasale et al., 2023; Mallick et al., 2024; Qi et al., 2024) considered it a means of approving the expansion of built-up land, while
others (Rimal et al., 2018; Bose & Chowdhury, 2020; Mohamed & Worku, 2020; Saxena & Jat, 2020) regarded it as a measure of urban
growth. In this study, suitability for built-up land is defined as the potential to expand urban areas based on environmental and
infrastructural conditions.

Although long-term land-use plans are commonly established to guide urban development, uncontrolled expansion of built-up land
has frequently resulted in adverse environmental and land-use consequences, including agricultural land loss (Sadian &
Shafizadeh-Moghadam, 2025), air pollution (Saxena, 2025), biodiversity decline (Liu et al., 2025), and the intensification of urban
heat islands (Amir Siddique et al., 2021). These impacts show that urban expansion is both a development challenge and a spatial
planning issue, highlighting the need for systematic assessment tools to identify locations that are environmentally and infra-
structurally suitable for built-up development. In practice, mismatches between development pressures and land capability have
frequently led to conflicts, as urban expansion directly competes with agricultural land conservation and environmental protection
across contexts (Peerzado et al., 2019; de Jong et al., 2021; Wu et al., 2025). Ho Chi Minh City is a major economic center in Vietnam,
with a high concentration of industrial, residential, and infrastructure zones. From 2000 to 2020, the built-up area expanded by
approximately 20,000 ha (Tuan et al., 2025). The study area represents a low-lying, rapidly urbanizing coastal megacity, where
environmental constraints and infrastructure readiness critically shape the feasibility of planned urban expansion. However, a spatial
mismatch between actual development patterns and officially approved land-use plans has emerged in parts of the city, with expansion
increasingly occurring in low-lying areas characterized by limited infrastructure. As a result, land suitability assessment is essential for
more effective planning of built-up areas.

In the last decade, urban expansion has been conceptualized through urban sprawl and smart growth; these concepts provide a
conceptual foundation for defining built-up land suitability. Urban sprawl is a type of development that spreads into suburban areas. It
is typically low in density and widely dispersed. This type of growth leads to inefficient land use, increases infrastructure costs, and
harms the environment (Brueckner, 2000; Chettry, 2023; Nechyba & Walsh, 2002). From a spatial planning perspective, inadequate
consideration of environmental constraints and infrastructure capacity can lead to urban sprawl. In contrast, smart growth supports
dense development. It values infrastructure efficiency, protects the environment, and ensures future sustainability. Smart growth
discourages uncontrolled expansion. Instead, it promotes development in areas with good environmental conditions and sufficient
infrastructure. Smart growth supports development in areas that meet land suitability criteria (Alexander & Tomalty, 2002; Litman,
2015; Mohammed et al., 2016). Therefore, built-up land suitability mapping can be regarded as an operationalization of smart growth
principles, translating normative planning concepts into spatially explicit, data-driven decision-support tools.

Based on the above theoretical perspectives, the suitability assessment of built-up land can be considered in terms of environmental
and infrastructural factors. Environmental factors such as altitude, slope, soil type, and the topographic wetness index (TWI) represent
fundamental physical conditions that affect construction feasibility, flood risk, and environmental stability. These factors are espe-
cially important in low-lying coastal cities, where inappropriate land-use planning can increase exposure to climate-related hazards.
Infrastructural factors—including proximity to residential areas, roads, waterbodies, and protected areas—are key considerations in
spatial land-use planning. For example, proximity to residential areas and roads indicates infrastructure accessibility and service
provision, whereas proximity to protected areas and waterbodies reflects environmental risk constraints. Moreover, their strong
temporal variability and coarse spatial representation can increase uncertainty in modeling suitability. In this framework, socio-
economic factors are not included in the model because they primarily reflect development needs rather than the intrinsic condi-
tions that determine land suitability. For these reasons, this study focuses on environmental and infrastructural factors that provide
stable, spatially explicit information for suitability-based planning.

In land suitability assessment, geospatial technology has often been employed to prepare input factors (Jin et al., 2015; Ullah &
Mansourian, 2016; Rudra et al., 2025). Nevertheless, the dataset of input factors is not consistent across studies. For instance, Mallick
et al. (2024) identified 10 influencing factors, including elevation, distance from rivers and city centers, distance from service centers,
land value, distance from railway and major roads, groundwater potential, land use/land cover, soil, and lithological structure. Thapa
et al. (2025) focused on land cover, slope, terrain elevation, population density, proximity to infrastructure, proximity to brick fac-
tories, and flood sensitivity zones. The number of input factors depends on data availability and the characteristics of the study region.
However, most influencing factors were derived from geographic information system and remote sensing. Land suitability maps can be
generated once the geospatial data are defined.

Recent reports have applied various decision-making models to map urban expansion suitability. Among the most common are
Multi-Criteria Decision Analysis (Ray et al., 2025), Multi-Influence Factor (Singh et al., 2021), Analytical Hierarchy Process (AHP)
(Ismaeel & Kumar, 2023), Multi-Criteria Evaluation, and TOPSIS (Saleem et al., 2022); however, these models may not be suitable for
big data applications (Auret & Aldrich, 2012). Although machine learning (ML) has been applied across diverse case studies, it has not
yet been widely adopted in this field. Recently, Manna et al. (2025) compared the performance of Support Vector Machine (SVM),
Artificial Neural Network (ANN), and Random Forest (RF) for assessing the suitability of built-up sites for urban redevelopment in
India. Compared with decision-making models, ML has often produced stronger predictive results (Huang et al., 2020; Shikhteymour
et al., 2023; Thanh et al., 2022). Huang et al. (2020) reported that ML models achieved areas under the receiver operating charac-
teristic (ROC) curve of up to 0.86, outperforming general statistical and heuristic approaches (AUC <0.80) for landslide susceptibility
mapping. Similarly, Thanh et al. (2022) showed that an RF model outperforms frequency-ratio and AHP-based approaches for
groundwater potential mapping. In the context of flood risk assessment, Shikhteymour et al. (2023) reported superior predictive
performance of ML models, with SVM achieving an AUC of 0.94 and the tree-based CART model reaching an AUC of 0.86. ML can
analyze both linear and nonlinear relationships among input parameters. One challenge, however, is its demand for large datasets,
which limits its usefulness in studies with limited data (Achu et al., 2020; Ngu et al., 2025). Additionally, an appropriate ML model for
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mapping built-up land suitability must be based on input data structure and format, interpretability, and feasibility. In built-up land
suitability mapping, influencing factors exhibit high variability, including continuous variables (e.g., altitude, slope, distance to rivers,
and residential areas) and categorical variables (e.g., land use/land cover and soil types).

RF, Generalized Linear Model (GLM), and Extreme Gradient Boosting (XGBoost), are relatively simple models that offer effective
data processing capabilities and are straightforward to interpret. Meanwhile, other models—such as SVM, ANN, and K-Nearest
Neighbors—have achieved high accuracy in certain cases but require more complex data processing. This disadvantage makes them
less suitable for in-depth analysis in mapping built-up land suitability (Mountrakis et al., 2011; Martins et al., 2016; Linardatos et al.,
2020; Sheykhmousa et al., 2020; Pinheiro et al., 2025). Based on these considerations, this study applied ML models to map the
suitability of built-up land.

As a result, this study applied ML models to assess the current inherent suitability of built-up land based on present-day envi-
ronmental and infrastructural conditions. An illustrative example was presented in Ho Chi Minh City, where output maps were
evaluated using the ROC curve. The principal objectives of this study were to: (1) compare the performance of RF, XGBoost, and GLM
in mapping suitability for built-up land; (2) analyze how environmental and infrastructural factors contribute to built-up land suit-
ability under current conditions; and (3) assess the spatial consistency between the 2040 urban expansion plan and the present-day
suitability for built-up land.

2. Methodologies
2.1. Study area

This study was conducted within the eastern zone of Ho Chi Minh City, Vietnam (106°41'49" to 106°52'56" E and 10°44'27" to
10°53'55" N, Fig. 1). It covers approximately 21,066.99 ha. About 60% of the study area is at elevations below 2 m above sea level (Phu
etal., 2023). By 2023, the study area had a population of nearly 1.28 million. The climate is divided into the wet season (May-October)
and the dry season (November—April). The annual precipitation in the area ranged from 1100 to 2000 mm/year (Phuong et al., 2019).
The land surface temperature ranged from 30 to 34°C (Thi et al., 2025). The main land-use categories comprise built-up land (13,
511.61 ha), crop land (4023.83 ha), bare land (1.56 ha), and waterbodies (3529.99 ha), with an urbanization rate of approximately
24% between 2015 and 2020 (Quang et al., 2023). Built-up land accounts for approximately 87% of the total area in 2040. This
urbanization process can result in conflicts between land use and environmental sustainability. Therefore, this region can serve as a test
bed for evaluating the effectiveness of ML models in suitability assessment for urban expansion.

2.2. Data acquisition

Eight influencing factors—including altitude, slope, soil type, proximity to waterbodies, proximity to residential areas, proximity to
protected areas, proximity to roads, and TWI—were first prepared to map suitability for built-up land. These factors were selected
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Fig. 1. Study area.
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based on previous literatures (Ullah & Mansourian, 2016; Mallick et al., 2024; Parry et al., 2018; Rimal et al., 2018; Weldu & Deribew,
2016) and their availability for the study area. All factors were derived from existing and satellite data sources. ALOS PALSAR data
were used for altitude and slope measurement (Fig. 2a and b). The soil type map was derived from the Ho Chi Minh City Agriculture
and Environment Department (Fig. 2c). Proximity to waterbodies, residential areas, protected areas, and roads was derived from
OpenStreetMap data. Waterbodies include natural features (rivers and streams) and artificial features (canals and ponds). Proximity to
residential areas represents the impact of existing settlements and infrastructure on urban expansion. Proximity to protected areas was
considered a regulatory constraint, as a greater distance from them generally implies fewer development restrictions and lower
ecological conflict. In this study, hard planning constraints (e.g., protected areas, flood-prone zones, and steep terrain) are implicitly
represented through proximity to protected areas. This approach allows the models to capture transitions in development potential
rather than enforcing strict exclusion masks. Proximity to roads was used as a proxy for transportation accessibility. The “Euclidean
distance” function in ArcMap 10.8 software was applied to create these distance maps (Fig. 2d—g). The TWI map was computed from
slope and altitude layers (Pourali et al., 2016) (Fig. 2h). All influencing factors were standardized to a spatial resolution of 12.5 m using
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the WGS 84 UTM Zone 48 N coordinate system. A concise overview of the influencing factors is provided in Table 1. Next, a stratified
random sampling strategy was applied to design ground-truth points. A total of 6000 sample points were randomly generated from the
land-use map. Given a spatial resolution of 12.5 m, the study area (21,066.99 ha) comprises approximately 1.35 million raster cells.
The selected 6000 points represent approximately 0.44% of the total spatial population. These ground truths were obtained from the
official land-use map. These labels were subsequently validated through a field survey. This process ensured reliable identification of
built-up and non-built-up areas. Then, these sample points were coded as 0 for non-built-up areas and 1 for built-up areas. A field
survey was subsequently conducted to verify the accuracy of these points. Next, we designed a dataset of 6000 points by associating
each ground-truth point with the corresponding values of the eight influencing factors. In the models, the influencing factors were the
input variables, and the ground-truth points were the response variable. Soil type was defined as a categorical variable, while the other
variables were defined as continuous. All preprocessing steps were completed before data partitioning from raster standardization to
feature extraction at sample locations. A spatial 5-fold cross-validation approach was employed, in which sample points were first
grouped into spatial blocks of 2000 m based on their coordinates. These blocks were randomly assigned to five folds, ensuring that all
points within a given block were allocated to the same fold. In each iteration, four folds (80% of the data) were used for model training,
while the remaining fold (20%) served as the validation set. This process was repeated five times, such that each fold was used once for
the validation set.

2.3. Calculating suitability index for built-up land

2.3.1. RF

RF, a bagging-based ML algorithm, employs decision trees to address regression and classification problems (Chen et al., 2017).
According to previous reports (Taalab et al., 2018; Wu et al., 2021; Thanh et al., 2022), RF performs well on large datasets, particularly
those exhibiting nonlinear relationships and complex interactions. For each decision tree, a bootstrap subset of the training data is used
to train the model. By selecting a random subset of predictors at each split, RF introduces dual randomization, which lowers tree
correlations and, as a result, enhances generalization while reducing overfitting. For the present analysis, RF was run in RStudio with
the “randomForest” package. For our RF configuration, 500 decision trees were generated (ntree = 500). At each split, a random subset
of predictor variables (mtry = 2) was considered. Each tree was trained on a bagging sample of the training dataset. No limit was set on
the number of nodes. Soil type was a categorical variable. It was handled directly as a “factor” within the R environment. The RF model
was implemented using default hyperparameter settings to ensure transparency and comparability with other models. Variable
importance was assessed using a permutation-based approach. During training, the “Mean Decrease in Accuracy” index was estimated
for each variable based on out-of-bag permutation samples (i.e., observations not included in the bootstrap sample). This index was
then normalized to express the percentage contribution of each influencing factor to the overall ranking. After training, the RF model
was applied across influencing factor layers to generate a continuous probability raster, with each pixel containing a value between
0 and 1.

2.3.2. XGBoost

XGBoost, a boosting-based ML algorithm, is based on the gradient principle (Chen et al., 2015). In contrast to RF, which generates
trees simultaneously, XGBoost constructs them sequentially. In XGBoost, each new decision tree is built to adjust for the residual errors
of earlier trees. A key strength of XGBoost lies in its ability to control complexity and alleviate overfitting through its sequential
boosting process. In this study, XGBoost was implemented in RStudio using the “xgboost” package. Because XGBoost requires numeric
input data, the soil type factor was one-hot encoded using the “model.matrix” function to create the feature matrix. This encoding
ensures appropriate treatment of the nominal soil type factor. Then, we set up the XGBoost model to run 100 boosting iterations
(nrounds = 100) during training. For the learning task, the objective function “binary:logistic” was chosen, enabling binary classifi-
cation. The XGBoost model was trained on the training dataset without early stopping, ensuring that every boosting iteration was
carried out. At the same time, other hyperparameters remained at their default values (eta = 0.3, max_depth = 6, subsample = 1) in the

Table 1
Overview of influencing factors.
No Influencing factors Data format Code Subgroups Property
1 Altitude Continuous - - -4-44 m
2 Slope Continuous - - 0°-55°
3 Soil type Categorical 1 Acrisols (X) 9297.65
2 Gleyic fluvisols (Pg) 1263.11 ha
3 Rhodic ferralsols (Fd) 831.85ha
4 Dystric fluvisols (Pc) 198.55 ha
5 Cambic fluvisols (Pr) 3215.91 ha
6 Eutric fluvisols (P) 1028.29 ha
7 Proto-thionic gleysols (Sp) 5231.63 ha
4 Proximity to waterbodies Continuous - - 0-1347 m
5 Proximity to residential areas Continuous - - 0-2807 m
6 Proximity to protected areas Continuous - - 0-4999 m
7 Proximity to roads Continuous - - 0-1782m
8 TWI Continuous - - 1.62-21.72
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“xgboost” package. The importance of influencing factors was determined using a permutation-based approach. The importance value
was normalized into a percentage to estimate the impact of each influencing factor on the suitability index prediction. After training,
the XGBoost model was applied to all layers of influencing factors to generate a continuous probability raster, with each pixel con-
taining a value between 0 and 1.

2.3.3. GLM

GLM, a logistic regression-based ML algorithm, employs composite link functions and probability distributions (Ghanbarian et al.,
2019). In GLM, event probabilities are mapped using the logit function, which converts them to a suitable scale. Through this
transformation, the logarithmic odds of the target factor are a weighted sum of predictors (Ahlawat, 2025). In addition, GLM offers
flexibility, interpretability, and the ability to accommodate various data types. In this study, GLM was implemented in RStudio using
the “glm” package with the argument “family = binomial (link = “logit”)”. The GLM was fitted based on the training dataset without
preliminary variable screening. Soil type was treated as a categorical factor variable. This specification allows estimation of
class-specific effects without assuming a numerical structure. The regression coefficients were estimated by maximum likelihood. The
importance of influencing factors was determined using a permutation-based approach. After training, the GLM was applied to all
layers of influencing factors to generate a continuous probability raster, with each pixel containing a value between 0 and 1.

2.3.4. Validation and sensitivity analysis

Model validation is an essential procedure for assessing and comparing the predictive capability of RF, XGBoost, and GLM. Model
performance was quantified through the ROC curve and its corresponding AUC value. The predicted probability for class “built-up”
was extracted from each model. For the RF, we used the decision tree vote shares. The logistic probability from the boosting process
was used for the XGBoost, and the probability from the logistic function was applied to GLM. The AUC score ranges from O to 1, with
higher values indicating better model performance.

For the sensitivity analysis, a partial dependence plot was generated to examine the role of each influencing factor in determining
the suitability index using the “pdp” and “ggplot 2” libraries.

2.4. Assessment of present-day built-up land suitability for the 2040 urban expansion

To assess the consistency between current land readiness and planned future development, the present-day built-up land suitability
was compared with the 2040 urban expansion land-use planning data from the Ho Chi Minh City Agriculture and Environment
Department. The map was designated as a raster with a resolution of 12.5 m, reprojected to WGS 84 UTM Zone 48 N, and clipped to the
study boundary. We then conducted a statistical analysis of present-day suitability levels and spatial extent within these planned
regions. For analytical visualization and improved decision-making, suitability index maps were categorized into five classes using
Equal Interval, Quantile, Natural Breaks (Jenks) classification schemes. The Akaike Information Criterion (AIC) metric was applied to
assess sensitivity and minimize additional uncertainty in map interpretation arising from these classification approaches. Lower AIC
values indicate better classification performance (Moreira et al., 2021). AIC was computed as follows:

AIC= 23" D% 108(@) +2(m—1) )

~ Xi
9= ZieGank @

where, x; is the suitable value of pixel i, m is the number of classes, Gy is the kth class, X is the total sum of suitability values, and ny is
the number of pixels in class Gy.

Suitability index m—
High: 1 Low : 0

Fig. 3. Suitability maps for built-up land.
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3. Results
3.1. Spatial distribution of suitability for built-up land

In our case study, MLs—including RF, XGBoost, and GLM—were applied to estimate the suitability index for built-up land in the
study area. Fig. 3a—c shows that zones with high suitability for built-up land were concentrated in the urbanized zones, while zones
with low suitability were concentrated in the southeastern portions. However, the models differed significantly in their spatial pat-
terns. The RF and XGBoost presented similar results. The GLM depicted zones with high suitability in the urban core. Table 2 illustrates
the contribution of the influencing factors. In the RF model, the contribution level to built-up land suitability of proximity to
waterbodies was the highest (44.03%). It was followed by proximity to residential areas (38.08%) and proximity to roads (12.20%).
Soil type, proximity to protected areas, altitude, slope, and TWI ranked next in contribution levels at 2.25%, 1.73%, 1.47%, 0.21%, and
0.03%, respectively. For the XGBoost model, the highest contribution (45.27%) was found near waterbodies, followed by residential
areas (35.04%). Meanwhile, the figures for proximity to roads and proximity to protected areas were 12.19% and 2.97%, respectively.
The other influencing factors had a low impact. Regarding the GLM model, proximity to waterbodies accounted for 77.03% of the
contribution.

3.2. Model performance evaluation

The predictive performance of the models was validated by the spatial 5-fold cross-validation. The AUC values of RF and XGBoost
were 0.958 + 0.017 and 0.954 + 0.018, respectively, whereas the AUC of GLM was 0.898 + 0.023 (Fig. 4). These results indicate that
RF and XGBoost are better than GLM.

3.3. Sensitivity analysis of influencing factors

Fig. 5 provides the association between the suitability index and the explanatory factors. Altitude had an inverse relationship with
the suitability index (Fig. 5a). High suitability zones for built-up land were generally found at low altitudes. The suitability index
remained relatively constant with slopes between 0° and 2° (Fig. 5b). There were notable differences in suitability among soil types,
with the highest values observed in cambic fluvisols, eutric fluvisols, and proto-thionic gleysols (Fig. 5¢). Proximity to waterbodies
strongly influenced the suitability index. The suitability index decreased from approximately 0.75 to 0.20 when proximity to
waterbodies increased from 0 to 350 m (Fig. 5d). Proximity to residential areas was more suitable in locations immediately adjacent to
settlements (Fig. 5e). The suitability index showed an increasing trend as proximity to protected areas increased (Fig. 5f). For prox-
imity to roads, the suitability index remained stable at around 0.55 (Fig. 5g). The relationship between TWI and the suitability index
remained around 0.50 across different levels (Fig. Sh).

3.4. Present-day built-up land suitability within areas designated for urban expansion in 2040

Fig. 6 depicts the present-day suitability levels for built-up land in the planned regions using Equal Interval, Quantile, Natural
Breaks (Jenks) classification schemes. The majority of the planned areas were classified as low and very low in terms of current
environmental and infrastructural readiness (Fig. 7). In the RF model, using the Equal Interval classification, 82.80% of the planned
areas were categorized as very low or low suitability, followed by moderate suitability (7.88%) and high or very high suitability
(9.32%). Under the Quantile classification, these proportions were 40.54%, 20.03%, and 39.43%, respectively, while under Natural
Breaks they were 72.16%, 12.97%, and 14.87%, respectively. A similar pattern was observed for the XGBoost model, very low and low
suitability dominated, accounting for 84.99% (Equal Interval), 44.91% (Quantile) and 79.59% (Natural Breaks). Moderate suitability
was limited (4.87%, 19.64%, and 8.15%, respectively). High and very high suitability areas remained low under Equal Interval
(10.14%), and Natural Breaks (12.26%), but increased substantially under Quantile (35.45%). In the GLM model, most planned areas
were also categorized as very low or low suitability, comprising 69.74% (Equal Interval), 41.34% (Quantile), and 60.56% (Natural
Breaks). Moderate suitability accounted for 17.29%, 20.41%, and 21.70%, respectively. High and very high suitability classes rep-
resented 12.97% under Equal Interval, 38.25% under Quantile, and only 17.74% under Natural Breaks. Table 3 and Fig. 8 present the

Table 2

Contribution of influencing factors to the present-day built-up land suitability index.
Models RF XGBoost GLM
Altitude 1.47 1.40 1.04
Slope 0.21 0.37 0.13
Soil type 2.25 2.39 5.01
Proximity to waterbodies 44.03 45.27 77.03
Proximity to residential areas 38.08 35.04 7.23
Proximity to protected areas 1.73 2.97 2.66
Proximity to roads 12.20 12.19 6.78
TWI 0.03 0.37 0.12
Total 100.00 100.00 100.00
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distributions of present-day suitability probability within the 2040 planned urban expansion areas. Sensitivity analysis using the AIC
indicated that the Natural Breaks performed best among the three schemes across the RF, XGBoost, and GLM models (Table 4).

4. Discussion

As highlighted in the introduction, delineating suitable zones for built-up land is a key strategy for land-use planning. Several
reports (Saleem et al., 2022; Liladhar Rane et al., 2024; Manna et al., 2025) have revealed that alternative approaches produce distinct
outcomes. This work was designed to compute a suitability index for built-up land based on eight influencing factors and ML algo-
rithms. This study found that the output maps of RF and XGBoost differed from those of GLM (Fig. 3), which can be explained by the
decision-tree-based approach of RF and XGBoost, whereas GLM is based on the linearity assumption. Compared with the 2040 land-use
planning for built-up land (Fig. 1), most of the planned expansion areas fell into very low, low, and moderate present-day suitability
classes in the models (Fig. 6). This inconsistency may reflect differences in planning logic and temporal perspectives. The 2040
land-use planning for built-up land is a policy instrument, in which designated expansion areas often function as long-term devel-
opment reserves aligned with socio-economic and infrastructure investment targets.

In contrast, the ML-based suitability assessment evaluated the potential for urban expansion under current environmental and
infrastructural conditions. As a result, planned regions that lacked developed infrastructure—particularly agricultural areas with
limited road networks and residential facilities—were classified as low suitability by the models. Previous studies have reported land
mismatches associated with urban growth and spatial planning (Saha & Roy, 2021; Scott et al., 2013), showing that such discrepancies
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Fig. 6. Present-day suitability maps for urban expansion in 2040.

are widespread in suburban and peri-urban areas. This mismatch can be interpreted as a gap between planning intentions and current
conditions, necessitating substantial infrastructure upgrades to realize the planned development.

It is important to emphasize that the models developed in this study are not intended to propose optimal locations for future urban
development. Instead, they estimate present-day built-up land suitability under the assumption that current environmental and
infrastructural conditions remain continuous. Consequently, these models are more suitable for diagnosing existing spatial patterns
and evaluating the consistency between current conditions and planned land-use targets, rather than for designing future development
scenarios that would require explicit consideration of policy objectives, legal constraints, and planned infrastructure investments.

From a management perspective, this misalignment serves as an early warning of potential implementation risks when urban
expansion is driven primarily by policy objectives without sufficient consideration of environmental and infrastructural constraints. In
such cases, developing areas with low suitability and no prior infrastructure upgrades are likely to incur higher long-term costs for
drainage, flood mitigation, transportation, and environmental remediation. Moreover, such expansion may exacerbate urban sprawl
and reduce planning efficiency by dispersing development into areas that are not yet functionally prepared. To reduce potential
environmental and fiscal risks, urban managers should incorporate suitability-based evidence into planning implementation, partic-
ularly when prioritizing infrastructure investment and sequencing development. These findings suggest that suitability-based as-
sessments should be incorporated into urban governance frameworks to support risk-aware and cost-efficient implementation of long-
term development plans.

The RF and XGBoost achieved higher AUC values than the GLM (Fig. 4). This evidence indicates that ensemble MLs were more
efficient at capturing the complex interactions between influencing factors and the suitability index than the linear ML. The RF
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Table 3

Statistics of predicted suitability probabilities within the 2040 planned urban expansion areas.
Model n pixels Mean Median Q1 Q3 IQR Min Max SD
RF 244,023 0.205 0.112 0.038 0.278 0.240 0 1 0.233
XGBoost 244,023 0.163 0.030 0.002 0.188 0.186 0 1 0.265
GLM 244,023 0.327 0.274 0.129 0.456 0.327 0 1 0.249

1 em

1 xGBoost

0.00 025 050 0.75
Present-day suitability probability within 2040 planned areas

Fig. 8. Density distributions of suitability index within the 2040 planned urban areas.

Table 4

AIC of classification schemes.
Classification schemes RF XGBoost GLM
Equal Interval 1191768.00 915279.08 1948054.00
Quantile 1187658.00 909211.20 1948664.00
Natural Breaks 1187529.00 909014.60 1947817.00

leveraged a bootstrap mechanism to reduce variance, while the XGBoost used boosting to minimize errors. In contrast, the GLM models
the logit of the suitability index as linearly dependent on the influencing factors, potentially failing to account for complex nonlinear
interactions. The result was consistent with previous studies. Kamusoko and Gamba (2015) reported that the RF was more reliable than
the GLM in simulating urban growth. Another finding was that models using high-resolution input data can improve predictive
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performance. In contrast to Sun et al. (2019) and Virtriana et al. (2025), who used input data at 30 m resolution, this study achieved
higher performance with 12.5 m-resolution input data, suggesting that the models were sensitive to input data resolution. Among the
classification schemes, Natural Breaks demonstrated superior performance compared with Quantile and Equal Interval, consistent with
previous findings by Akay and Baduna Kocyigit (2024). This may be attributed to the way each method partitions the data. Equal
Interval divides the data range into classes with equal width, whilst Quantile assigns an equal number of observations into each class.
In contrast, Natural Breaks identifies class boundaries according to the inherent grouping of values, maximizing between-class dif-
ferences while minimizing within-class variance.

In the RF, XGBoost, and GLM models, key influencing factors, particularly proximity to residential areas, waterbodies, and roads,
explained 94.31%, 92.50%, and 91.04% of the variation of the suitability index, respectively (Table 2). Our findings align with
previous studies by Liu et al. (2014) and Utami et al. (2018), which showed that proximity to infrastructure and hydrological systems
has a significant influence on urban development. However, the contributions of individual factors to the present-day built-up land
suitability index varied across models. These discrepancies reflect fundamental differences in how linear (GLM) and tree-based ap-
proaches (RF and XGBoost) handle mixed-type predictors and complex interactions, with the latter providing a more balanced rep-
resentation of factor importance.

Regarding the relationship between the suitability index and influencing factors (Fig. 5), altitude showed an inverse correlation.
Our observation indicated that the suitability index decreased as altitude increased; consistent with previous findings of Luan et al.
(2021), which showed that lower-altitude zones are more favorable for urban development. For slope, the suitability index for built-up
land remained stable at 0-2° because the study area's terrain was relatively flat. The findings of Saxena (2025) also indicated that zones
with low slopes are generally favorable for urban development, and vice versa. Regarding soil type, the suitability index of Cambic
fluvisols, Eutric fluvisols, and Proto-thionic gleysols was higher than that of other soil types. In contrast, Deliry and Uygucgil (2020)
reported that alluvial materials were unsuitable for urban development due to their susceptibility to volumetric changes under
moisture variations. A possible explanation for our case study is that Cambic fluvisols, Eutric fluvisols and Proto-thionic gleysols were
mainly distributed in flat terrain. Moreover, these zones already contained built-up land. The explanations imply that site-specific
conditions are more important than soil type's intrinsic properties in determining suitability for urban development. For proximity
to waterbodies, the suitability index decreased with increasing distance, indicating that proximity to rivers, lakes, or ponds was a
priority for citizens. This result supports previous studies (Jandaghian & Colombo, 2024; Zhou et al., 2022) that have highlighted the
important role of waterbodies in regulating the urban microclimate and mitigating urban heat islands. From a spatial planning
perspective, this finding implies that urban expansion near waterbodies requires careful integration of flood mitigation and drainage
infrastructure. Although proximity to waterbodies enhances urban livability, unregulated development in these areas may increase
long-term costs related to flood control and environmental management, particularly in low-lying coastal cities such as Ho Chi Minh
City. This study indicated that proximity to residential areas was associated with a higher suitability index for built-up land. This
finding was consistent with Ullah and Mansourian (2016), who reported that zones near residential areas were moderately to highly
suitable for built-up land because they benefit from existing infrastructure and public services, suggesting that lands adjacent to or
surrounding residential areas offer many advantages for urban expansion. This study supports infill and edge-expansion strategies,
whereby urban growth is prioritized adjacent to existing residential areas to maximize the use of existing infrastructure and minimize
the costs of service extension. Our study confirmed that the suitability index and proximity to protected areas were positively
correlated. A greater distance from protected areas indicated a greater suitability. This correlation can be explained by the fact that
maintaining an adequate distance helps protected areas sustain their ecological functions (De La Fuente et al., 2020). Surprisingly,
proximity to roads was found to have only a threshold effect. The suitability index stabilized around 0.55. This finding is contrary to
that of Sihasale et al. (2023), who reported that suitability for built-up land decreased with increasing proximity to roads. This
inconsistency may be due to the relatively uniform transport network in the study area, which ensures accessibility even as distance to
roads increases. The threshold effect observed for proximity to roads suggests that beyond a basic level of accessibility, additional
proximity does not significantly enhance suitability; this indicates that in areas with relatively uniform transport networks, road
expansion alone may not be an effective driver of sustainable urban development; instead, coordinated investment in drainage sys-
tems, public services, and land-use control may play a more decisive role. According to Xi et al. (2018), TWI also affects urban
development via flood risk management. They stated that higher TWI values correspond to greater risk. However, our observation
showed the suitability index for built-up land was approximately 0.50 across all TWI values in the study area. These differences can be
partly explained by the flat terrain characteristics within the study region.

This study used the RF, XGBoost, and GLM algorithms, along with multi-source raster datasets (i.e., altitude, slope, soil type,
proximity to waterbodies, proximity to residential areas, proximity to protected areas, proximity to roads, and TWI). Multi-source data
were uniformly processed to minimize spatial bias and ensure comparability across models. An outstanding feature of this study was its
ability to reveal nonlinear relationships and complex interactions among influencing factors in mapping built-up land suitability.
However, this study also had some drawbacks. Firstly, the input variables represented environmental and infrastructural factors. At the
same time, economic and social conditions (e.g., population density, land price, and development pressure) were not integrated, which
may reduce the comprehensiveness of built-up land suitability mapping. As a result, the derived suitability index mainly reflects
physical and infrastructural feasibility rather than socio-economic factors. Secondly, the database in this study was collected at a single
point in time; therefore, it did not reflect the fluctuations over time or different development scenarios. Consequently, the results
represent a static assessment and may not fully reflect future changes in infrastructure provision or land-use dynamics. Thirdly, the
model outcomes may not be directly generalized to mountainous areas, as this study was conducted on flat terrain. As a result, future
studies are encouraged to incorporate spatial, temporal, and socio-economic data to test the generalizability of built-up land suitability
maps.
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5. Conclusion

This study applied ML models—including RF, XGBoost, and GLM—to map present-day built-up land suitability for expansion in Ho
Chi Minh City based on environmental and infrastructural factors. Our results demonstrated that RF and XGBoost outperformed GLM,
and that proximity to residential areas, waterbodies, and roads were the most influential factors in estimating the suitability index.
Most areas designated for urban expansion in the 2040 plan ranged from very low to moderate present-day suitability, mainly
concentrated in areas with underdeveloped infrastructure. Our study provides a policy message that urban expansion in Ho Chi Minh
City, particularly where characterized by low suitability, can entail high long-term costs for transportation infrastructure, drainage
networks, flood mitigation, and environmental management. As a result, the findings of this study can provide evidence for making
informed decisions in urban planning in Ho Chi Minh City. By integrating environmental and infrastructural factors, ML-supported
spatial planning research enables urban authorities to allocate infrastructure investments more efficiently in each development
phase in the future. Although the current study primarily reflects environmental and infrastructural suitability, future work should
integrate socio-economic factors and temporal dynamics to better capture planning scenarios. We also recommend applying the
framework across diverse topographical settings to evaluate its applicability in rapidly developing cities.
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