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SPATIAL ASSESSMENT OF LAND SUITABILITY FOR AGRO-
MARINE TOURISM ON WAWONII ISLAND, INDONESIA 
 

Abstract:  For the sustainable development of integrated coastal-based economic activities, 

spatially informed planning is needed to address environmental protection and livelihood 

improvement, particularly in small island environments that are increasingly impacted by 

land use pressures and environmental risks. In this study, a GIS-based machine learning 

method was used to evaluate and classify land suitability for maritime agrotourism develop-

ment on Wawonii Island, Southeast Sulawesi, Indonesia. Twelve physical, environmental, 

and accessibility factors were combined within a geospatial framework and evaluated using 

Support Vector Machine (SVM) and Random Forest (RF) models, trained and validated on 

52 existing maritime agrotourism sites. Model performance was evaluated using Receiver 
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Operating Characteristic (ROC) curves, with the RF model having a higher predictive accu-

racy of approximately 80% (AUC ≈ 0.80) compared to the SVM model (AUC ≈ 0.60). Using 

the selected models, land suitability was categorized into four classes. The findings indicate 

that low suitability areas dominate the island, covering approximately 52.01% of the total 

area, while medium, high, and very high suitability classes cover 16.22%, 17.76%, and 

14.01%, respectively. High and very high suitability areas are mostly found in coastal and 

lowland areas with gentle slopes, good accessibility, and a combination of agricultural and 

marine resources. Subdistrict-level analysis indicates that Central and South Wawonii are 

priority areas for marine agrotourism development, while other areas require more careful 

land use management and a conservation-oriented approach. These results clearly demon-

strate the efficiency of GIS-based machine learning as a spatial decision support system for 

small island planning and provide quantitative and spatial evidence for the formulation of 

sustainable tourism policies. 

Keywords: Machine learning, coastal planning, geospatial modelling, environmental con-

straints, small-island development, regional zoning 

Introduction 

Agro-marine tourism represents a form of sustainable tourism that integrates agricultural 

landscapes with coastal and marine environments, offering combined ecological, cultural, 

and economic values. This tourism concept emphasizes the utilization of both terrestrial 

and marine resources-such as agricultural plantations, coastal ecosystems, fisheries, and 

local cultural practices-to create diversified tourism experiences while supporting environ-

mental conservation and community livelihoods. Recent studies highlight that integrated 

agro-tourism development relies on strong interconnectivity between local resources, 

stakeholders, and supporting infrastructures to achieve sustainable outcomes (Susila et al., 

2024). Furthermore, contemporary research on agritourism and rural tourism underscores 

its growing role in promoting sustainable development through economic diversification, 

environmental stewardship, and community empowerment, particularly in post-pandemic 

contexts (Turtureanu et al., 2025). In coastal and marine settings, sustainable tourism de-

velopment guided by blue economy principles further reinforces the importance of balanc-

ing economic growth with ecosystem conservation (Tegar & Gurning, 2018), while commu-

nity-based management approaches have been shown to enhance both ecological protec-

tion and local economic resilience in marine tourism destinations (Kuba et al., 2024). 

Indonesia, the world’s largest archipelagic country with over 17,000 islands, hosts rich 

natural and cultural resources across diverse coastal and island environments (CountryRe-

ports.org, 2002). Its biodiversity, varied geomorphology, and strong socio-cultural tradi-

tions provide opportunities for sustainable tourism development (Suparwoko, 2012; Jo-

eliaty, 2024). Local wisdom and traditional practices support the conservation of coastal 

and marine resources and can be integrated into sustainable agro-marine tourism planning 

(Boni et al., 2024). Tourism has become a key component of national development, espe-

cially in island and coastal areas with limited conventional economic activities (Briandana 

et al., 2018). In this context, agro-marine tourism offers a promising strategy to strengthen 

local economies by linking agriculture-based livelihoods with coastal and marine attrac-

tions while promoting environmental sustainability (Astuti et al., 2025a). 

Effective development of agro-marine tourism requires a clear understanding of spa-

tial characteristics and environmental constraints. Land suitability assessment plays a cru-

cial role in identifying areas that are appropriate for tourism development while minimiz-

ing environmental risks and land-use conflicts (Çetin et al., 2018). Spatial assessment of 
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land suitability evaluates how well specific land units meet environmental, physical, and 

accessibility requirements for designated land uses. In tourism planning, this approach 

supports evidence-based decision-making by aligning tourism development with ecological 

capacity, infrastructure availability, and socio-environmental considerations (Majewska, 

2017; Rodríguez-Rangel et al., 2020). 

Geographic Information Systems (GIS) have been widely applied in tourism studies to 

support spatial analysis, land suitability evaluation, and regional planning. GIS-based ap-

proaches enable the integration of multi-source spatial data, including land use, topogra-

phy, hydrology, accessibility, and environmental constraints, to identify suitable locations 

for tourism activities (Magige et al., 2020; Lepetiuk et al., 2023). Recent advances in spatial 

modelling have further enhanced land suitability assessment by incorporating data-driven 

analytical techniques that improve classification accuracy and spatial representation (Kaya 

et al., 2019; Xing, 2024; Tan et al., 2024a; Li et al., 2024; Sperandio et al., 2025). Some 

recent research efforts have utilized machine learning algorithms, such as the Random For-

est and Support Vector Machine models, in the context of tourism and ecotourism suitabil-

ity mapping, with enhanced predictive capabilities and spatial resolution of suitable zones 

(Huang et al., 2024; Raha et al., 2024). Nevertheless, the majority of these efforts are 

mainly concerned with terrestrial tourism or general ecotourism applications, without ex-

plicitly considering the coupled land-sea interactions that are characteristic of agro-marine 

tourism systems, especially in small island environments. 

Southeast Sulawesi Province is located within the Coral Triangle region and is charac-

terized by diverse marine ecosystems, coastal landscapes, and agricultural resources, 

providing significant potential for sustainable tourism development (BPS-Statistics of Su-

lawesi Tenggara Province, 2022). Wawonii Island, part of the Konawe Islands Regency, ex-

hibits a combination of coastal environments, agricultural plantations, forested landscapes, 

and cultural assets that are suitable for agro-marine tourism development. These charac-

teristics are closely linked to local livelihood resilience and environmentally adaptive land-

use systems in coastal settings, as highlighted in studies on urban and peri-urban farming 

systems in coastal cities of Southeast Sulawesi (Astuti et al., 2025b). However, tourism 

planning on small islands such as Wawonii faces challenges related to environmental vul-

nerability, land-use competition, and limited spatial information to guide sustainable de-

velopment. 

Despite the growing interest in tourism development in Southeast Sulawesi, spatially 

explicit assessments of land suitability for agro-marine tourism remain scarce. Previous 

studies have largely focused on general tourism potential or sector-specific analyses, with 

limited emphasis on integrated spatial assessment that simultaneously considers terrestrial 

and marine dimensions within a unified analytical framework (Lee et al., 2020; Chang et 

al., 2024). Moreover, few studies extend machine learning-based suitability analysis to the 

sub-district (administrative) level, which is essential for translating spatial modelling re-

sults into practical land-use planning and policy decisions. Consequently, there is a need 

for systematic spatial evaluation to support sustainable tourism planning and policy for-

mulation at the local and regional levels. 

In this context, the current study contributes to the existing body of knowledge by in-

corporating a GIS-based machine learning method for agro-marine tourism suitability 

analysis in a small island context, considering both land-related and marine-related factors 

in a unified spatial context. Unlike the existing body of knowledge, the current research 
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aims to address the suitability analysis by incorporating sub-district-level analysis. There-

fore, this study aims to conduct a spatial assessment of land suitability for agro-marine 

tourism on Wawonii Island, Indonesia. Specifically, the objectives of this study are: (1) to 

map the spatial distribution of land suitability classes for agro-marine tourism using a GIS-

based approach, and (2) to evaluate the suitability patterns across sub-districts to support 

sustainable tourism planning and regional development in the Konawe Islands Regency. 

The findings of this study are expected to provide practical spatial information for policy-

makers and contribute to the sustainable management of tourism resources in small island 

environments. 

Materials and methods 

Study Area 

This study was conducted on Wawonii Island, which is administratively part of the 

Konawe Islands Regency, Southeast Sulawesi Province, Indonesia (Figure 1). The regency 

consists of seven sub-districts, namely Northeast Wawonii, West Wawonii, North Wawonii, 

East Wawonii, Southeast Wawonii, South Wawonii, and Central Wawonii. These sub-dis-

tricts exhibit varying topographic characteristics, with slope gradients ranging from 0-15% 

in Northeast Wawonii, 0-25% in West Wawonii, and up to 0–40% in the remaining five 

sub-districts. Areas with slopes between 0-15% are generally considered suitable for agro-

marine tourism development due to their accessibility and lower construction constraints 

(Statistics of Konawe Kepulauan Regency, 2025). 

 

Fig. 1. Study area of Wawonii Island, Southeast Sulawesi, Indonesia 
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Geographically, Wawonii Island is located between 2°00′45″ South Latitude and 

121°00′15″ East Longitude. The island covers a total area of approximately 1,513.98 

km², comprising 867.58 km² of land and 646.40 km² of surrounding waters, with a 

coastline length of about 178 km (Statistics of Konawe Kepulauan Regency, 2025). The 

island’s geology is dominated by cambisol and lateritic soils, with smaller areas of lato-

sol. Forests and plantation lands cover a large portion of the island’s surface, while 

coastal zones are characterized by mangroves and sandy beaches derived from alluvial 

marine and terrestrial sediments. 

Topographically, Wawonii Island consists mainly of undulating to hilly lowlands, 

with elevations ranging from sea level to approximately 1,000 m above sea level. Areas 

between 50 and 1,000 m are categorized as hilly to mountainous, particularly in the 

southeast, north, east, and northeast parts of the island (Statistics of Konawe Kepu-

lauan Regency, 2025). These physical characteristics strongly influence land-use pat-

terns, infrastructure development, and tourism potential. 

Hydrologically, the Konawe Islands Regency is dominated by large rivers such as 

the Lampeapi, Lansilowo, Ladianta, and Mosolo rivers, as well  as smaller ones. The 

2010 measurement showed that the Lampeapi River had the largest discharge of 13,890 

m³/s with an estimated energy capacity of 10,420 kW, followed by Mosolo River with 

a discharge of 5,300 m³/s and energy capacity of 7,950 kW, and Lansilowo River with 

5,100 m³/s and 2,104 kW. There are about 23 watersheds (DAS) with a total area of 

±70,514 ha, or about 81.25% of the total area, with the Lampeapi Watershed being the 

largest at ±9,963 ha or 14.13% (Statistics of Konawe Kepulauan Regency, 2025). 

Climatically, the area has an average annual rainfall of ±1,079-2,931 mm, with an 

average of about 2,003 mm per year. The dry season is 3-4 months, while the rainy 

season is 4-6 months, with the peak in March; the dry season is in August. The average 

temperature is above 20°C, with a minimum temperature of 18°C. Based on Schmidt-

Ferguson, the area belongs to climate types C to D, which is moderately wet and dry, 

suitable for rain fed agriculture, horticulture, and plantations depending on the rainfall 

season (Statistics of Konawe Kepulauan Regency, 2025). 

Wawonii Island possesses significant agro-marine tourism potential derived from 

agricultural commodities such as coconut, cashew, cloves, and nutmeg, as well as ma-

rine and freshwater resources, including mangrove ecosystems, coral reefs, rivers, wa-

terfalls, and white-sand beaches. However, the island has experienced increasing envi-

ronmental pressure from nickel mining activities, which have caused land degradation, 

water pollution, coral reef damage, and social conflicts related to land use. These pres-

sures pose serious challenges to the sustainability of traditional livelihoods and high-

light the urgency of identifying environmentally suitable areas for alternative develop-

ment pathways such as agro-marine tourism. 

Data Sources 

This study employed both primary and secondary spatial data to develop a land 

suitability model for agro-marine tourism on Wawonii Island, following established 

approaches in GIS-based tourism suitability and environmental modelling (Çetin et al., 

2018; Xing, 2024). 
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Primary Data 

The main data sources included Landsat 9 Operational Land Imager (OLI 2) im-

ages, which were accessed through the United States Geological Survey (USGS) Earth 

Explorer tool (https://earthexplorer.usgs.gov). The chosen image (Path/Row 112/63, 

Scene ID LC91120632022024LGN01, acquired on January 24, 2022) had a cloud cover 

of 5% according to its metadata. Landsat 9 OLI 2 offers multispectral imagery with a 

spatial resolution of 30 m in the visible, near-infrared, and shortwave infrared spectral 

bands and 14-bit radiometric resolution, as reported in the literature (Montanaro et 

al., 2022; NASA, 2021; Masek et al., 2020; Irons & Masek, 2006). For land cover clas-

sification, Bands 2 (Blue), 3 (Green), 4 (Red), 5 (Near Infrared), and 6 (Shortwave In-

frared 1) were employed, which are commonly used for vegetation and land cover map-

ping (e.g., visible and NIR bands) (Chen et al., 2024). The images used were Level 2 

(Collection 2) surface reflectance images, which have been corrected for radiometric 

and atmospheric conditions, geometrically corrected, and reprojected to WGS84 UTM 

Zone 50S for spatial registration (USGS, 2026). Additionally, visual analysis and qual-

itative evaluation were performed to improve classification accuracy and mitigate the 

influence of remaining cloud and shadow areas. 

Landsat data has been extensively utilized for land use and environmental studies 

owing to its temporal consistency and appropriate spatial resolution for regional-scale 

analysis (Zhang et al., 2024; Lepetiuk et al., 2023; Magige et al., 2020). Landsat 9 data 

was chosen owing to its appropriate spectral, radiometric, and temporal resolution for 

medium-scale land cover and land use mapping on small islands. The Landsat data 

used in this study is described in Table 1. 

Table 1. Landsat 9 imagery used in this study 

Path/Row Scence ID Acquisition Date 
112/63 LC91120632022024LGN01 Januaary 24, 2022 

 
The Landsat imagery was processed to derive land use and forest cover maps. Vis-

ual interpretation and qualitative assessment were conducted to improve classification 

accuracy and minimize errors caused by cloud cover and cloud shadows, which are 

known to significantly affect optical satellite data in tropical regions (Ma et al., 2023). 

Secondary Data 

Secondary data consisted of raster and vector datasets obtained from the Regional 

Development Planning Agency (BAPPEDA) of the Konawe Islands Regency and other 

relevant institutions. These datasets were used to construct 12 spatial variables repre-

senting physical and environmental conditions relevant to agro-marine tourism suita-

bility. Similar combinations of multi-source spatial datasets have been widely applied 

in tourism and environmental suitability assessments (Majewska, 2017; Rodríguez-

Rangel et al., 2020). 

The variables included geology, hydrology, morphology, soil type, slope, topogra-

phy, watershed boundaries, disaster-prone areas, distance from rivers, and distance 

from roads, land use, and forest cover. The integration of these variables enables a 

comprehensive evaluation of environmental safety, accessibility, and landscape attrac-

tiveness for sustainable tourism development (Çetin et al., 2018; Louati et al., 2024) . 

 

https://earthexplorer.usgs.gov/
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Research Variables 

A total of 12 physical environmental variables were selected to model agro-marine 

tourism land suitability (Table 2). These variables were chosen based on their relevance to 

tourism development, environmental sustainability, and data availability, consistent with 

previous GIS-based tourism suitability studies (Magige et al., 2020; Huang et al., 2024). 

Physical environmental factors were emphasized because they directly influence land 

stability, accessibility, environmental safety, and landscape attractiveness, which are criti-

cal components of sustainable tourism planning (Majewska, 2017; Xing, 2024). 

Distance-based variables, such as distance from roads and rivers, were generated using 

Euclidean distance analysis in ArcGIS, a commonly applied method for accessibility analy-

sis in tourism studies (Lepetiuk et al., 2023). Land use and forest cover variables were de-

rived from Landsat 9 image classification, while other thematic layers were obtained from 

secondary sources. 

Table 2. Types and sources of spatial data 

Variable Source Scale 
Land use Landsat 9 image processing 1:30,000 
Forest Landsat 9 image processing 1:30,000 
Geology BAPPEDA Konawe Islands Regency 1:250,000 
Hydrology BAPPEDA Konawe Islands Regency 1:250,000 
Morphology BAPPEDA Konawe Islands Regency 1:250,000 
Disaster-prone areas BAPPEDA Konawe Islands Regency 1:250,000 
Distance from rivers GIS analysis — 
Distance from roads GIS analysis — 
Slope BAPPEDA Konawe Islands Regency 1:250,000 
Soil type BAPPEDA Konawe Islands Regency 1:250,000 
Topography BAPPEDA Konawe Islands Regency 1:250,000 
Watershed BAPPEDA Konawe Islands Regency 1:250,000 

 
All datasets were resampled to a uniform spatial resolution of 30 m to ensure con-

sistency during raster-based analysis and modeling, following best practices in spatial data 

integration (Kaya et al., 2018). 

Data Preparation and Pre-processing 

All spatial datasets were converted into raster format and standardized to the same 

coordinate system, spatial extent, and resolution. Data preparation was performed using 

ArcGIS and R Studio, which are widely used platforms for spatial analysis and environmen-

tal modeling (Kaya et al., 2018; Xing, 2024). Figure 2 illustrates the 12 spatial variables 

used in this study after raster preprocessing. 

Cloud cover and cloud shadows can significantly affect the accuracy of land cover clas-

sification. Therefore, cloud masking was applied using the QA_PIXEL band of Landsat 9 

imagery. Pixels identified as clouds or shadows were assigned a value of 0, while valid pixels 

were assigned a value of 1. This approach follows established cloud detection and masking 

methods for Landsat imagery (Scaramuzza et al., 2011; Ma et al., 2023). 
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Fig. 2. Research data in raster 

Agro-Marine Tourism Suitability Modeling 

Spatial modeling of agro-marine tourism suitability was conducted using the R Studio 

environment. R Studio was selected due to its open-source nature and extensive support 

for spatial analysis and machine learning through specialized packages, making it suitable 

for reproducible geospatial research (Kaya et al., 2018; Al-Mistarehi et al., 2022). 

A total of 52 existing agro-marine tourism locations were identified through field sur-

veys using a purposive sampling approach. Similar sampling strategies have been applied 

in tourism suitability and spatial potential studies to ensure representative training da-

tasets (Raha et al., 2024). The dataset was divided into 70% training data and 30% testing 

data to ensure robust model calibration and validation. 

Two machine learning algorithms were applied: Support Vector Machine (SVM) and 

Random Forest (RF). These algorithms have been widely used in spatial and environmental 

modeling due to their ability to handle nonlinear relationships and complex interactions 

among predictor variables (Motevalli et al., 2018; Band et al., 2020). 

Support Vector Machine (SVM) 

The SVM algorithm was implemented using a radial basis function (RBF) kernel, which 

is suitable for handling nonlinear relationships among predictor variables (Vapnik & 

Chapelle, 2000; Huang et al., 2024). Model parameters, including the regularization pa-

rameter (C) and kernel width (γ), were optimized using a grid search approach with 10-fold 

cross-validation, a standard method to improve model generalization performance in ma-

chine learning applications (Han et al., 2012). The optimal parameter combination (C = 44; 
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γ = 0.075) was selected based on the highest average AUC value, indicating strong predic-

tive performance. 

Random Forest (RF) 

The Random Forest algorithm was applied as an ensemble learning approach that con-

structs multiple decision trees and aggregates their predictions through majority voting. RF 

has been widely used in geoscience and environmental studies due to its robustness against 

overfitting and its ability to assess variable importance (Ding et al., 2018; Mizan et al., 

2021). 

Model optimization focused on determining the optimal number of trees (ntree) and 

the number of variables considered at each split (mtry). The final configuration (ntree = 

500; mtry = 1) was selected because the out-of-bag error stabilized and predictive accuracy 

was maximized, consistent with best practices in RF modeling (Band et al., 2020; Huang et 

al., 2024). 

Agro-Marine Tourism Suitability Modeling 

To strengthen the methodology as suggested by the reviewer, we expanded the descrip-

tion of our machine learning approach, drawing on recent studies in environmental mod-

eling using remote sensing and ML (Potić et al., 2017; Durlević et al., 2026) and established 

best practices in satellite data preprocessing (Irons & Masek, 2006; Masek et al., 2020; 

Montanaro et al., 2022). 

A total of 52 existing agro-marine tourism locations were identified through field sur-

veys using a purposive sampling approach. The dataset was split into 70% training and 30% 

testing subsets to ensure robust model calibration and validation. 

The SVM and RF models were applied following best practices from geospatial ML 

studies. The SVM used a radial basis function kernel, with hyper parameters optimized 

through grid search and 10-fold cross-validation, following the approach of Potić et al., 

2017. RF was implemented as an ensemble of decision trees, optimizing ntree and mtry to 

minimize out-of-bag error and maximize predictive accuracy (Motevalli et al., 2018), with 

variable importance assessed based on Durlević et al. (2026). 

Following Potić et al. (2017), we emphasized integrating remote sensing-derived vari-

ables with ML models to capture spatial patterns and environmental responses. Rasterized 

physical, hydrological, and land cover variables-processed in accordance with Landsat best 

practices (Montanaro et al., 2022; NASA, 2021; Chen et al., 2024; USGS, 2026)-were used 

to assess agro-marine tourism suitability with high spatial fidelity. Preprocessing steps, in-

cluding data standardization, spatial alignment, and cloud masking, were consistently ap-

plied to maintain model reliability, ensuring that both the input data and machine learning 

workflow adhere to recognized geospatial and remote sensing standards. 

Results 

Spatial Distribution of Agro-Marine Tourism Land Suitability 

This section presents the results of GIS-based land suitability mapping for agro-marine 

tourism on Wawonii Island, derived from machine learning modeling and spatial analysis. 

The analysis encompasses model construction and performance evaluation, classification 
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and spatial distribution of suitability classes, as well as their implications for identifying 

priority areas for agro-marine tourism development. 

Modeling Results of Agro-Marine Tourism Land Suitability 

Land suitability modeling for agro-marine tourism on Wawonii Island was con-

ducted using two machine learning algorithms, namely SVM and RF, within a GIS-based 

framework. The models were trained and validated using 52 existing agro-marine tour-

ism locations, divided into 70% training data and 30% testing data. In addition to the 

location data, twelve physical and environmental variables were incorporated to repre-

sent terrain conditions, accessibility, environmental safety, and landscape characteris-

tics. 

Both algorithms classified land suitability based on the relationships between the 

training locations and the environmental predictor variables. Model parameter selection 

was performed carefully to ensure optimal classification performance. For the SVM 

model, the regularization parameter (C) and kernel width (γ) were optimized, while for 

the RF model, the number of decision trees (ntree) and the number of variables randomly 

selected at each split (mtry) were adjusted. The resulting land suitability index maps gen-

erated by each algorithm are presented in Figure 3, where Figure 3a shows the SVM-

based suitability model and Figure 3b shows the RF-based suitability model. 

For the SVM algorithm, the optimal parameter combination (C = 44; γ = 0.075) pro-

duced suitability index values ranging from 0.50 to 1.50 (Figure 4.1a). Higher index val-

ues indicate areas with a higher probability of suitability for agro-marine tourism. In 

contrast, the RF model, configured with 500 decision trees and an mtry value of 1, pro-

duced suitability index values ranging from 0.37 to 0.80 (Figure 3b). In both models, 

spatial variations in suitability were visually represented using a color gradient from low 

to high suitability. 

 

(a) (b) 

Fig. 3. Land suitability index maps for agro-marine tourism generated using (a) SVM and (b) RF 
algorithms 
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Model Performance for Suitability Mapping 

To determine which algorithm was more appropriate for mapping the spatial distribu-

tion of agro-marine tourism suitability, model performance was evaluated using the Area 

under the Receiver Operating Characteristic Curve (ROC-AUC). The ROC-AUC values pro-

vide an objective measure of a model’s ability to distinguish between suitable and unsuita-

ble locations. 

The ROC–AUC results for both algorithms are presented in Figure 4, where Figure 4a 

corresponds to the SVM model and Figure 4b corresponds to the RF model. 

 

  (a)            (b) 

Fig. 4. ROC–AUC values of agro-marine tourism suitability models using (a) SVM and (b) RF algo-
rithms. 

The SVM model achieved an AUC value of approximately 0.60, which falls within the 

“good” classification category. Meanwhile, the RF model achieved a higher AUC value of 

approximately 0.80, indicating “very good” predictive performance. Although both models 

demonstrated acceptable accuracy for spatial suitability mapping, the RF algorithm showed 

stronger discrimination capability. However, the SVM model was retained for final suita-

bility classification due to its stability in handling high-dimensional environmental varia-

bles and its effectiveness in spatial pattern representation. 

Spatial Distribution of Land Suitability Classes 

Based on the selected suitability model, the land suitability for agro-marine tourism on 

Wawonii Island was classified into four categories: low, moderate, high, and very high suit-

ability. The classification was derived by reclassifying the continuous suitability index val-

ues into discrete classes using natural break thresholds. 

The spatial distribution of these land suitability classes is illustrated in Figure 5. 
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Fig. 5. Spatial distribution of land suitability classes for agro-marine tourism on Wawonii Island 

The low suitability class occupied the largest proportion of the island, covering approx-

imately 36,667.69 ha, reflecting areas with higher topographic constraints, limited accessi-

bility, or greater environmental sensitivity. The moderate suitability class covered 11,439.54 

ha, while the high suitability class covered 12,540.96 ha. The very high suitability class rep-

resented the smallest area, covering approximately 9,914.31 ha, but these areas are consid-

ered the most promising locations for agro-marine tourism development. 

Overall, areas classified as high and very high suitability were predominantly distrib-

uted along coastal zones and lowland areas, where terrain conditions, accessibility, and en-

vironmental characteristics are more favorable for integrated agro-marine tourism activi-

ties. These spatial patterns demonstrate the capability of the GIS-based modeling approach 

to clearly differentiate levels of land suitability across the island. 

Proportional Distribution of Suitability Classes 

To further illustrate the dominance of each suitability class, the proportional area of 

each class was calculated and summarized in Figure 6. 
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Fig. 6. Percentage of land area according to agro-marine tourism suitability classes on Wawonii 
Island 

The results indicate that the low suitability class accounts for approximately 52.01% of 

the total area of Wawonii Island. The moderate and high suitability classes account for 

16.22% and 17.76%, respectively, while the very high suitability class represents only 14.01% 

of the island. Despite its limited extent, the very high suitability class is spatially concen-

trated in environmentally favorable zones, highlighting priority areas for agro-marine tour-

ism planning. 

Implications of Spatial Suitability Mapping 

The spatial distribution of land suitability classes generated in this study demonstrates 

that GIS-based machine learning approaches are effective for identifying potential agro-

marine tourism areas on small islands. The classification results provide a clear spatial 

framework that distinguishes areas with high development potential from those requiring 

environmental protection or restricted use. 

The resulting suitability maps serve as a scientific basis for identifying locations that 

are environmentally and physically appropriate for agro-marine tourism development, 

thereby fulfilling the first objective of this study. The detailed evaluation of suitability pat-

terns across administrative sub-districts is addressed separately under the second research 

objective. 

Spatial Patterns of Agro-Marine Tourism Suitability across Sub-Districts 

This section evaluates the spatial variation of agro-marine tourism land suitability 

across sub-districts on Wawonii Island to support sustainable tourism planning and re-

gional development in the Konawe Islands Regency. The analysis builds upon the suitability 

classification results presented in Figures 3–6 and focuses specifically on administrative-

level differentiation using overlay analysis. 

An overlay analysis between the land suitability map and sub-district administrative 

boundaries reveals clear spatial variation in suitability patterns across Wawonii Island (Fig-
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ure 7). Each sub-district exhibits a distinct composition of suitability classes, reflecting dif-

ferences in physical conditions, coastal characteristics, accessibility, and environmental 

constraints. This spatial heterogeneity highlights the importance of sub-district–specific 

planning strategies rather than uniform tourism development across the island. 

 

Fig. 7. Distribution of land suitability classes for agro-marine tourism across sub-districts on 
Wawonii Island, Konawe Islands Regency 

The results show that Central Wawonii Sub-district contains the largest area classified 

as very high suitability, indicating its strong potential as a core zone for integrated agro-

marine tourism development. In contrast, West Wawonii Sub-district exhibits the smallest 

extent of very high suitability land, suggesting more limited development opportunities or 

higher environmental constraints. Areas classified as high suitability are most extensive in 

South Wawonii Sub-district, whereas this category occupies a relatively smaller area in 

other sub-districts. 

The moderate suitability class is most prominent in South Wawonii and West Wawonii 

Sub-districts, indicating transitional zones that may support tourism development under 

controlled and environmentally sensitive management approaches. Meanwhile, Northeast 

Wawonii and East Wawonii Sub-districts show comparatively smaller areas of moderate 

suitability, reflecting more restrictive physical or environmental conditions. 
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Across all sub-districts, the low suitability class remains dominant, although its spatial 

extent varies. The largest proportion of low-suitability land is observed in Southeast 

Wawonii Sub-district, while Northeast Wawonii Sub-district contains the smallest extent 

of this category. This pattern underscores the limited availability of land that is physically 

and environmentally appropriate for agro-marine tourism development and reinforces the 

need for selective, evidence-based planning. 

From a regional planning perspective, the concentration of high and very high suita-

bility classes in specific sub-districts-particularly Central and South Wawonii-provides a 

spatial foundation for prioritizing tourism investment and infrastructure development. 

These areas are characterized by favorable coastal environments, relatively gentle slopes, 

agricultural land use, and the presence of natural attractions such as mangroves, springs, 

and karst-related geomorphological features. Such conditions align with the principles of 

sustainable and integrated agro-marine tourism, where terrestrial and marine resources 

are jointly utilized. 

The sub-district-level evaluation demonstrates that GIS-based land suitability map-

ping is an effective tool for translating spatial analysis into administrative planning units. 

By identifying which sub-districts possess higher development potential and which require 

stricter environmental protection, the results directly support sustainable tourism planning 

and regional development strategies in the Konawe Islands Regency. This fulfills the second 

objective of the study by providing spatially explicit guidance for policymakers to balance 

tourism development, environmental conservation, and community welfare at the sub-dis-

trict scale. 

Discussion 

In comparison to the previous studies on the suitability of island and coastal areas for 

tourism, the current research has a number of unique advantages. The research combines 

GIS spatial analysis with machine learning models (SVM and RF), which are able to identify 

the complex, non-linear relationships between the variables while preserving spatial inter-

pretability. In addition, the research is able to directly implement the results of raster suit-

ability maps into sub-district administrative units. Finally, the research framework is able 

to combine ecological constraints, accessibility, and socio-environmental priorities. 

This study demonstrates that integrating GIS-based spatial analysis with machine 

learning algorithms provides a robust framework for identifying land suitability for agro-

marine tourism on small islands. The results reveal clear spatial differentiation of suitabil-

ity levels across Wawonii Island, reflecting the combined influence of topography, land use, 

accessibility, and environmental constraints. Such spatial differentiation is a critical pre-

requisite for sustainable tourism planning in island environments, where land resources 

are limited and ecological sensitivity is high (Huang et al., 2024; Louati et al., 2024; Lieske 

et al., 2025). 

The application of SVM and RF algorithms highlights the capacity of machine learning 

techniques to model complex, non-linear relationships between environmental variables 

and tourism suitability. Although the RF model achieved higher predictive accuracy, the 

SVM model demonstrated stable spatial pattern representation, supporting its use for final 

suitability classification. This finding reinforces recent arguments that model selection in 
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spatial planning should balance predictive accuracy with spatial interpretability and ro-

bustness (Band et al., 2020; Xing, 2024; Tan et al., 2024b; Mutale et al., 2024). 

To further prove the effectiveness of our approach, the accuracy, F1 measure, and spa-

tial pattern stability of the RF and SVM models were evaluated. The RF model had a higher 

accuracy in predictive performance, while the SVM model showed stability in spatial rep-

resentation. Moreover, in contrast to AHP-based methods used in other similar studies 

(Tebbi et al., 2025), our GIS+ML approach is highly effective in identifying complex non-

linear relationships among environmental and socio-environmental variables, and it pro-

vides spatially explicit and administratively useful results. The use of high-resolution satel-

lite imagery from Landsat 8 and 9 (Irons & Masek, 2006; Masek et al., 2020; Chen et al., 

2024) further enhances the applicability and validity of the suitability maps. 

The dominance of low suitability areas across Wawonii Island indicates that only a 

limited proportion of land is physically and environmentally appropriate for agro-marine 

tourism development. This pattern is largely driven by steep slopes, environmentally sen-

sitive zones, limited accessibility, and areas affected by extractive activities such as mining. 

Similar spatial constraints have been widely reported in island and coastal tourism studies, 

emphasizing the need for selective rather than expansive tourism development strategies 

(Raha et al., 2024; Turtureanu et al., 2025; Pricope & Dalton, 2025). Consequently, unreg-

ulated expansion of tourism infrastructure into unsuitable areas may exacerbate land deg-

radation and threaten coastal and marine ecosystems. 

Conversely, areas classified as high and very high suitability are primarily concentrated 

in coastal and lowland zones, where favorable terrain, proximity to transportation net-

works, and the presence of agricultural and marine resources converge. These zones pro-

vide opportunities for integrated agro-marine tourism that combines plantation-based ac-

tivities, coastal recreation, and ecosystem-based attractions such as mangroves and fresh-

water springs. This spatial configuration supports the concept of agro-marine tourism as a 

multifunctional land-use system that integrates agriculture, coastal ecosystems, and tour-

ism activities (Susila et al., 2024; Aryono et al., 2024). 

At the administrative scale, the sub-district-level analysis reveals significant variation 

in suitability patterns, underscoring the necessity of differentiated planning strategies. 

Central and South Wawonii sub-districts emerge as priority areas due to their relatively 

extensive high and very high suitability zones, supported by ecological diversity, gentle 

slopes, and established agricultural land use. In contrast, sub-districts dominated by low 

suitability areas require stricter land-use control and conservation-oriented management 

to prevent further environmental degradation. These findings demonstrate the value of 

translating spatial suitability outputs into administrative planning units to enhance policy 

relevance and implementation feasibility (Chang et al., 2024; Budha et al., 2025). 

From a policy perspective, the land suitability framework developed in this study offers 

a scientific basis for aligning agro-marine tourism development with sustainable regional 

planning objectives in the Konawe Islands Regency. By clearly distinguishing between de-

velopment-priority areas and zones requiring protection, the results can assist local gov-

ernments in optimizing land-use allocation, minimizing conflicts between tourism and 

other sectors, and reducing environmental risks. Such evidence-based spatial planning is 

increasingly recognized as essential for achieving balanced tourism development in coastal 

and island regions (Kuba et al., 2024; Başeğmez et al., 2025). 
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Despite its contributions, this study has several limitations that should be addressed 

in future research. The analysis primarily focuses on physical and environmental variables, 

while socio-cultural factors, economic feasibility, and institutional capacity were not explic-

itly modeled. Additionally, dynamic variables such as seasonal hydrological changes and 

long-term climate variability were not incorporated. Future studies could enhance the 

framework by integrating social vulnerability indicators, cultural heritage assets, and cli-

mate-related risks, as well as by applying advanced machine learning techniques to assess 

scenario-based development pathways, thereby strengthening the applicability of the 

model for long-term sustainable tourism governance (Turtureanu et al., 2025; Appukuttan 

et al., 2025). 

In summary, this study clearly demonstrates its novelty by combining a GIS-based ma-

chine learning approach with administrative-level outputs, explicitly balancing ecological, 

accessibility, and socio-environmental factors to provide a practical, evidence-based tool 

for guiding sustainable agro-maritime tourism development on small islands. These find-

ings offer actionable insights for policymakers, planners, and researchers seeking to imple-

ment evidence-based and sustainable tourism strategies in ecologically sensitive island en-

vironments. 

Overall, the findings confirm that GIS-based machine learning approaches are effec-

tive tools for guiding sustainable agro-marine tourism development on small islands. By 

providing spatially explicit and administratively relevant information, this study contrib-

utes to the development of evidence-based tourism planning strategies that balance eco-

nomic development, environmental conservation, and community well-being in the 

Konawe Islands Regency. 

Conclussion 

This study demonstrates the effectiveness of integrating GIS-based spatial analysis 

with machine learning algorithms for mapping land suitability for agro-marine tourism on 

Wawonii Island, Indonesia. By combining multi-source spatial data with Support Vector 

Machine (SVM) and Random Forest (RF) models, the research successfully identified spa-

tial patterns of land suitability and classified the island into four suitability levels: low, mod-

erate, high, and very high. 

The results indicate that agro-marine tourism suitability on Wawonii Island is spatially 

heterogeneous, with high and very high suitability classes predominantly concentrated in 

coastal and lowland areas. Quantitatively, the low suitability class covers approximately 

36,668 ha (52% of the island), moderate 11,440 ha (16%), high 12,541 ha (18%), and very 

high 9,914 ha (14%). These zones are characterized by favorable topography, accessibility, 

and the coexistence of agricultural and marine resources, making them particularly suitable 

for integrated agro-marine tourism development. In contrast, the dominance of low suita-

bility areas highlights the presence of physical constraints and environmental sensitivities 

that limit large-scale tourism expansion. 

At the administrative level, the sub-district-based evaluation provides spatially explicit 

evidence to support differentiated tourism planning strategies. Central and South Wawonii 

Sub-districts emerge as priority areas for development, while other sub-districts require 

stricter land-use control and conservation-oriented management. Overall, the study fulfills 
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its research objectives by providing a robust spatial framework that supports sustainable 

tourism planning and regional development in the Konawe Islands Regency. 

Implications 

The findings of this study have important implications for tourism planning and land-

use management in small island regions. The land suitability maps provide a scientific basis 

for identifying priority areas for agro-marine tourism development while simultaneously 

highlighting zones that require environmental protection. This spatial differentiation can 

assist local governments in optimizing infrastructure investment, reducing land-use con-

flicts, and minimizing environmental risks associated with unplanned tourism growth. 

From a policy perspective, the integration of suitability mapping at the sub-district 

level enhances the practical applicability of the results. Local decision-makers can use these 

findings to formulate zoning regulations, guide tourism investment, and align agro-marine 

tourism development with broader sustainable development objectives. Moreover, the ap-

proach supports the promotion of integrated tourism models that balance agricultural 

productivity, coastal ecosystem conservation, and community-based economic develop-

ment. 

Methodologically, this study demonstrates that GIS-based machine learning ap-

proaches are transferable and adaptable tools for tourism suitability assessment in other 

small islands and coastal regions facing similar environmental and developmental chal-

lenges. 

Limitations and Directions for Future Research 

There are a few limitations in the current study. Firstly, the study was mainly focused 

on physical and environmental factors, whereas socio-cultural aspects, economic viability, 

institutional capacity, and community attitudes were not taken into account, which are es-

sential for the long-term sustainability and acceptance of agro-marine tourism. Secondly, 

the approach is based on static spatial information, which does not consider temporal as-

pects such as seasonal tourist demand, climate change, and environmental fluctuations, 

which would not be able to capture the dynamic changes in suitability maps. 

Future studies should consider incorporating socioeconomic, cultural, and governance 

variables. The use of scenario modeling techniques through the application of advanced or 

hybrid machine learning techniques would also make a significant contribution. 
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