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INTRODUCTION

Bali, Indonesia, is internationally renowned 
as a tourism destination, offering a diverse array 
of attractions centered on its cultural heritage, 
natural beauty, and vibrant traditions (Adhika and 
Putra, 2021; Mudana et al., 2021; Putri and Sa-
putra, 2022). While mainstream tourism sectors 
such as beach tourism and cultural tourism are 
well-developed, agrotourism, which integrates 
agricultural practices with tourism activities, 

remains underexplored. Agrotourism represents 
a sustainable alternative for diversifying Bali’s 
tourism economy while promoting rural develop-
ment and environmental conservation (Budiasa 
and Ambarawati, 2014). It provides visitors with 
opportunities to engage in agricultural activities, 
fostering a deeper appreciation for traditional 
farming methods and rural lifestyles. Addition-
ally, agrotourism benefits local communities by 
generating alternative income streams, preserving 
traditional practices, and encouraging sustainable 

Mapping agrotourism potential using geospatial data 
and random forest: A case study from Bali

I Nyoman Gede Ustriyana1 , Moh Saifulloh2* , I Wayan Diara3 , R Suyarto2

1 Sustainable Development and Finance Post Graduate Program, Udayana University, Denpasar, Indonesia
2 Spatial Data Infrastructure Development Center (PPIDS), Udayana University, Denpasar, Indonesia
3 Agroecotechnology Study Program, Faculty of Agriculture, Udayana University, Denpasar, Indonesia
* Corresponding author’s e-mail: m.saifulloh@unud.ac.id

ABSTRACT
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targeted investment and strategic planning. This study provides a robust framework for data-driven agrotourism 
development, combining geospatial technology with sustainable tourism strategies. It highlights the importance 
of optimizing natural and cultural assets to enhance Bali’s global appeal while ensuring economic and environ-
mental sustainability. Future research should refine zoning models with additional parameters and collaborative 
approaches to maximize the potential of agrotourism in rural areas.
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land-use management (Satriawan et al., 2015). 
However, the strategic development of agrotour-
ism has been hindered by the absence of precise 
planning frameworks and insufficient integration 
of innovative technologies.

The determination of agrotourism potential 
has been a significant area of research, especially 
in regions like Bali where agriculture and tour-
ism converge (Amir, 2023; Lanya et al., 2018). 
Several studies have assessed agrotourism suit-
ability using various methods and variables, such 
as tourist attractions, agricultural land use po-
tential, accessibility, and socioeconomic factors 
(Rosardi et al., 2022; Wicaksono et al., 2024). 
While these studies provide valuable insights, 
their methodologies often rely on conventional 
approaches, such as manual delineation, field 
surveys, and participatory techniques, which 
present several limitations in terms of scalabil-
ity, precision, and efficiency.

For instance, Lanya et al. (2018) conducted 
a manual delineation survey of agrotourism po-
tential in Bali, focusing on coconut and banana 
ecosystems. Their research identified specific 
sites, such as Subak Erjeruk and Sangen, where 
these crops could be developed for agrotourism. 
However, this approach required extensive field-
work and manual mapping, limiting its applica-
bility to small-scale areas. The time-intensive 
nature of manual delineation makes it impracti-
cal for regional-scale zoning and highlights the 
need for more efficient and scalable methodolo-
gies. Similarly, Wiranatha et al. (2024) utilized 
the analytic hierarchy process (AHP) method, 
involving 20 key informants to prioritize criteria 
for agrotourism development in Bali. Their find-
ings emphasized the importance of attractions, 
local community involvement, and accessibility. 
While AHP provides a structured decision-mak-
ing framework, it relies heavily on expert judg-
ments and is constrained by the subjective biases 
of the respondents (Munier and Hontoria, 2021; 
Tavana et al., 2023). Additionally, this method is 
not data-driven and lacks the capacity to incor-
porate large-scale spatial variability or temporal 
changes in environmental conditions. Sardiana 
(2018) applied a participatory rural appraisal 
(PRA) approach to assess agrotourism potential 
in the Sanur Tourism area. The study involved 
extensive community engagement through inter-
views, focus group discussions, and field obser-
vations. While this approach effectively captured 
local perspectives and promoted community 

involvement, it was limited to a small area cov-
ering three villages. The reliance on qualitative 
methods and descriptive analysis restricted the 
scalability and generalizability of the findings to 
other regions or larger spatial extents.

These previous studies demonstrate the 
importance of agrotourism research but also 
reveal significant methodological weaknesses. 
Most notably, conventional approaches are 
time-intensive, limited in spatial scale, and of-
ten rely on subjective data collection methods. 
The lack of integration between spatial data 
and advanced analytical techniques limits the 
potential for precise and efficient agrotourism 
zoning. Furthermore, these methods are unsuit-
able for regional-scale implementations, as they 
require substantial time and resources to rep-
licate across larger areas. Despite the progress 
made by these studies, there remains a critical 
gap in the integration of geospatial technolo-
gies and advanced machine learning techniques 
for agrotourism zoning. The existing method-
ologies lack the scalability, precision, and data-
driven capabilities necessary for regional-scale 
implementation. To address these challenges, 
integrating remote sensing, geospatial data, and 
machine learning offers a promising alternative. 
Remote sensing provides large-scale, up-to-date 
environmental data, while geospatial analysis 
allows for the spatial integration of diverse vari-
ables. When combined with machine learning, 
these tools enable the identification of complex 
patterns and relationships that traditional meth-
ods cannot capture.

Among machine learning algorithms, the 
random forest (RF) algorithm has gained rec-
ognition for its robustness in handling complex, 
nonlinear datasets (Wang et al., 2021; Zhang et 
al., 2020). RF is particularly effective in appli-
cations requiring variable importance analysis, 
such as identifying key drivers of land-use suit-
ability (Pimenta et al., 2021; Singh et al., 2022; 
Tikuye et al., 2023). Its ability to process diverse 
environmental and anthropogenic variables 
makes it suitable for agrotourism zoning, which 
requires a nuanced understanding of natural re-
sources and human influence. RF’s additional 
advantages include its resilience to overfitting, 
capacity to handle missing data, and interpret-
ability compared to other algorithms such as 
neural networks or gradient boosting methods 
(Islam et al., 2023; Jun, 2021). Globally, RF has 
been widely used in environmental modeling 
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and land-use planning, producing high levels of 
validity and reliability, making it the preferred 
choice for this research (Amini et al., 2022; Bro-
kamp et al., 2017; Fox et al., 2017).

This study builds on the limitations of pre-
vious research by leveraging the integration of 
remote sensing, geospatial data, and machine 
learning to develop a scalable, data-driven zoning 
framework for agrotourism. By incorporating di-
verse variables such as vegetation indices (NDVI, 
LSWI), elevation, slope, temperature, rainfall, 
proximity to tourist attractions, road networks, 
and tourism facilities, the study overcomes the 
limitations of traditional methodologies. The use 
of RF ensures high accuracy and interpretability 
while enabling regional-scale analysis that is both 
efficient and precise.

This research seeks to address the gaps iden-
tified in previous studies by developing a geo-
spatial and data-driven zoning framework for 
agrotourism in Gianyar Regency, Bali. Unlike 
prior studies that employed GIS-based meth-
ods in isolation, this research contributes to 
the field by integrating geospatial and machine 
learning techniques to generate a reproducible 
zoning framework. The study also evaluates 
the relative importance of influencing factors, 
providing actionable insights for policymakers 
and stakeholders in land-use planning. By fo-
cusing on the interaction of environmental and 
anthropogenic variables, this research provides 

a comprehensive approach to agrotourism zon-
ing. It fills critical gaps in the literature by dem-
onstrating the applicability of RF in the context 
of agrotourism, a domain that has historically 
lacked methodological innovation. The study’s 
findings offer a replicable model for optimizing 
land use while fostering sustainable tourism de-
velopment in similar regions.

METHODE

Research case study

Gianyar Regency, geographically located 
between 8°19’12” – 8°38’24” South Latitude 
and 115°12’00” – 115°21’35” East Longitude 
(Figure 1), is one of nine regencies/cities in Bali 
Province. It spans an area of 36.800 hectares, ac-
counting for 6.53% of Bali’s total land area. The 
regency consists of seven districts, with Payan-
gan District being the largest, covering 75.88 
km² or 20.62% of the total area. This is followed 
by Tegallalang District (61.80 km², 16.79%), 
Sukawati District (55.02 km², 14.95%), Gianyar 
District (50.59 km², 13.75%), Tampaksiring 
District (42.63 km², 11.58%), and Ubud District 
(42.38 km², 11.52%), while Blahbatuh District is 
the smallest, with an area of 39.70 km² (10.79%).

The regency extends from the northern high-
lands to the southern coastal plains along the 

Figure 1. Research site
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Indonesian Ocean. The northern part features 
undulating terrain, with elevations reaching up 
to 750 meters above sea level, covering 2,463.5 
hectares. The southern region comprises flat 
lowlands, including approximately 20 kilome-
ters of black sand beaches. Despite its geograph-
ic diversity, Gianyar lacks significant natural 
lakes or mountains, distinguishing it from other 
regions in Bali.

Based on the Systematic Geological Map of 
Indonesia, Bali Sheet (Purbo-Hadiwidjojo, 1971), 
Gianyar Regency shares a uniform geological 
structure across its territory. The region is domi-
nated by young volcanic rocks from the Buyan-
Beratan and Batur volcanic groups, formed dur-
ing the Quaternary period. These formations 
primarily consist of volcanic breccia, sandy tuff, 
and laharic deposits. This geological composition 
is not exclusive to Gianyar but extends to other 
parts of Bali, including Tabanan, Badung, Klung-
kung, and Denpasar City.

The regency’s soils are predominantly rego-
sol, formed from marine deposits and interme-
diate volcanic ash. This soil type is widespread 
across eastern Bali, covering Gianyar, Klung-
kung, Bangli, eastern Buleleng, and Karangas-
em. Although regosol soils are relatively low in 
fertility, they support diverse agricultural prac-
tices when managed effectively. This unique 
combination of volcanic geology and regosol 
soils creates a foundation for agricultural ac-
tivities, making Gianyar an ideal candidate for 
agrotourism development.

Data collection and processing

This study utilizes geospatial data encom-
passing various variables relevant to the zona-
tion of potential agrotourism areas in Bali. These 
variables are grouped into two main categories 
to ensure a comprehensive analysis:

The first category, anthropogenic variables, 
includes distance from tourist attractions, prox-
imity to tourism facilities (such as hotels and 
restaurants), and distance from major roads. 
These variables are essential for evaluating the 
influence of human activities on agrotourism po-
tential in specific locations. The second catego-
ry, environmental variables, comprises distance 
from rivers, elevation, slope, land surface tem-
perature, rainfall, and land use. Vegetation den-
sity, measured using NDVI (normalized differ-
ence vegetation index) and LSWI (land surface 

water index), is derived from remote sensing 
data, allowing for an accurate assessment of en-
vironmental conditions relevant to agrotourism.

The data processing phase involved compil-
ing and analyzing these variables on the Google 
Earth Engine platform, resulting in a well-struc-
tured dataset ready for modeling. The final data-
set consists of 410 data points, of which 111 rep-
resent existing agrotourism locations, while 299 
are non-agrotourism sites.

Dataset partitioning for model training and 
validation

To ensure the model is adequately trained and 
evaluated, the dataset is divided into training and 
validation sets with a 70:30 ratio. Specifically, 
288 data points were assigned to the training set 
to construct the Random Forest model, while 122 
data points were set aside for validation purposes. 
This randomized split is crucial to reduce poten-
tial bias and provide an accurate assessment of 
the model’s performance on unseen data.

Implementation of the random forest algorithm

Random forest, a powerful ensemble learning 
algorithm, comprises numerous decision trees, 
each trained on a unique subset of data and fea-
tures. This ensemble approach enhances predic-
tive accuracy and reduces the risk of overfitting 
(Biau and Scornet, 2016; Breiman, 2001; Genuer 
et al., 2010). The process of implementing the 
random forest algorithm is outlined as follows:

The first step involves determining the op-
timal hyperparameters, particularly the number 
of trees (nestimators) and the maximum tree depth 
(max_depth). These parameters are fine-tuned 
through cross-validation to ensure that the 
model’s performance is optimized. The choice 
of hyperparameters is crucial, as they directly 
impact the model’s accuracy and ability to gen-
eralize to new data (Biau and Scornet, 2016; 
Cutler et al., 2007).

Each decision tree Ti in the forest is trained on 
a bootstrap sample, a randomly selected subset of 
the original data, with randomly chosen features 
at each split. The trees are constructed by mini-
mizing a specified impurity criterion, such as Gini 
impurity or entropy. These criteria are essential 
for determining the best split at each node of the 
tree (Mustafa et al., 2024). The formula for Gini 
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impurity, which quantifies the node’s inconsis-
tency, is as follows:

 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 1 − ∑ 𝑝𝑝𝑖𝑖
2𝑐𝑐

𝑖𝑖=1  (1) 
 
𝐸𝐸𝐺𝐺𝐸𝐸𝐸𝐸𝐸𝐸𝑝𝑝𝐸𝐸 = 1 − ∑ 𝑝𝑝 log 2 𝑝𝑝𝐺𝐺 𝑐𝑐

𝑖𝑖=1 (2) 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐸𝐸𝐴𝐴𝐴𝐴𝐸𝐸 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇 (3) 
 
𝑃𝑃𝐸𝐸𝑃𝑃𝐴𝐴𝐺𝐺𝑃𝑃𝐺𝐺𝐸𝐸𝐺𝐺 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇 (4) 
 
𝑅𝑅𝑃𝑃𝐴𝐴𝐴𝐴𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇 (5) 
 
F1 𝑆𝑆𝐴𝐴𝐸𝐸𝐸𝐸𝑃𝑃 = 2 × 𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑖𝑖𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃×𝑅𝑅𝑃𝑃𝑐𝑐𝑅𝑅𝑅𝑅𝑅𝑅

𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑖𝑖𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃+𝑅𝑅𝑃𝑃𝑐𝑐𝑅𝑅𝑅𝑅𝑅𝑅 (6) 
 

 (1)

where: pi  represents the proportion of class iii in 
the node, and ccc is the number of classes. 
Alternatively, entropy, a measure of uncer-
tainty in the data at a node, is calculated as:
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 (2)

In the final classification and prediction stage, 
each tree in the forest provides a classification 
outcome based on the majority vote mechanism, 
whereby the class predicted by the majority of 
trees becomes the final prediction for each data 
point. This ensemble-based voting mechanism 
reduces the variance observed in individual trees, 
leading to a more robust and accurate overall 
model. The model outputs predictions for agro-
tourism suitability across different locations, en-
abling the identification of potential agrotourism 
zones based on the environmental and anthropo-
genic variables defined earlier.

Model validation

To evaluate the random forest model’s clas-
sification performance, this study employs the 
confusion matrix (Figure 2), a widely used tool 
that enables detailed analysis of prediction ac-
curacy across different classification categories 
(Heydarian et al., 2022; Valero-Carreras et al., 
2023). The matrix evaluates model outcomes in 
four main categories:

1. True positive (TP): The model correctly identi-
fies agrotourism locations.

2. False positive (FP): The model incorrectly clas-
sifies non-agrotourism locations as agrotourism.

3. True negative (TN): The model correctly iden-
tifies non-agrotourism locations.

4. False negative (FN): The model incorrectly clas-
sifies agrotourism locations as non-agrotourism.

Using these four categories, several perfor-
mance metrics are calculated to provide a com-
prehensive assessment of the model:
 • Accuracy, defined as the proportion of cor-

rectly classified instances (both true positives 
and true negatives) out of the total predictions, 
is calculated as follows:
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 • Recall, or sensitivity, quantifies the model’s 
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tions and is represented by:
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These metrics collectively offer insights into 
the model’s ability to accurately predict agrotour-
ism zones, while the confusion matrix provides a 
detailed breakdown of the model’s classification 
efficacy. Such validation is essential to ensure 
the model’s reliability before applying it to real-
world zoning decisions, particularly in areas with 
substantial potential for sustainable agrotourism.

Through the combination of random forest’s 
ensemble approach and the detailed evaluation 
afforded by the confusion matrix, this method-
ology provides a rigorous and data-driven basis 
for identifying suitable agrotourism zones. The 
model leverages advanced geospatial analysis 
and machine learning techniques to fill existing 
research gaps, offering significant insights into 
sustainable land use planning in the context of 
tourism development in Bali.Figure 2. Validation concept using a confusion matrix
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RESULTS AND DISCUSSION

This study aims to develop new agrotourism 
zoning in Gianyar Regency, Bali Province, using 
a geospatial data-driven approach that integrates 
anthropogenic and environmental variables. By 
employing the random forest algorithm, this re-
search identifies areas with high potential for 
agrotourism based on spatial and environmental 
characteristics. The analysis includes ten pri-
mary variables: three antropoghenic variables 
(proximity to tourist attractions, tourism facili-
ties, and accessibility) and seven environmental 
variables (proximity to rivers, NDVI, LSWI, 
elevation, slope gradient, land surface tempera-
ture, and rainfall). The findings not only provide 
guidance for data-based decision-making but 
also support the formulation of strategic poli-
cies for sustainable and inclusive agrotourism 
development.

Anthropogenic variables

Socioeconomic variables play a crucial role 
in agrotourism zoning as they directly influence 

tourist appeal, the availability of supporting fa-
cilities, and accessibility. These three variables 
act as key indicators to understand how socio-
economic dynamics in Gianyar Regency impact 
agrotourism development.

Proximity to tourist attractions

Proximity to major tourist attractions is an 
essential indicator for determining agrotour-
ism potential. Tourist attractions near agrotour-
ism zones can increase their appeal and visitor 
flow, making agrotourism a complementary 
and diversified tourism product. Data indicate 
that Gianyar and Blahbatuh subdistricts have 
relatively short average distances to key tour-
ist attractions, at 1,217.11 meters and 1,153.46 
meters, respectively (Figure 3a). This proximity 
allows tourists to conveniently integrate agro-
tourism into their itineraries.

This aligns with findings by Susila et al. 
(2024), which emphasize that agrotourism 
sites located near major attractions enhance the 
competitiveness of the area while adding value 
to the destination. Moreover, this closeness 

Figure 3. Research variables include distance from tourist destinations (a), distance to hotel and restaurant 
facilities (b), distance to road accessibility (c), land cover represented by NDVI (e) and LSWI (f), elevation 

(g), slope gradient (h), LST (i), and rainfall (j).
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promotes local economic activities, such as 
traditional markets, local restaurants, and arti-
sanal products, which can serve as additional 
attractions for visitors. Integrated tourism ex-
periences in these areas present significant op-
portunities to diversify income sources for the 
local community.

Proximity to tourism facilities (hotels and 
restaurants)

The presence of tourism-supporting facili-
ties such as hotels and restaurants significantly 
determines the feasibility of an area for agro-
tourism development. Ubud, with an average 
distance of just 258.31 meters from such facili-
ties (Figure 3b), stands out as one of the most 
accessible areas in terms of tourism infrastruc-
ture. This proximity facilitates convenient ac-
cess for tourists seeking unique agrotourism 
experiences, such as fruit picking, farming, or 
learning about sustainable agricultural practices. 
Research by Zhang et al. (2020) highlights that 
adequate supporting facilities can prolong tour-
ist stays, subsequently increasing their spending 
in the area. This means that areas like Ubud not 
only attract tourists but also contribute signifi-
cantly to the local economy through extended 
visits and increased spending.

Proximity to road networks

Road accessibility is a critical variable in 
agrotourism development as it impacts tourist 
mobility and the efficient distribution of ag-
ricultural products. Areas such as Ubud and 
Blahbatuh demonstrate exceptional proximity 
to major road networks, with average distances 
of 152.40 meters and 152.56 meters, respec-
tively (Figure 3c). This ease of access enhances 
the attractiveness of these areas for tourists and 
facilitates logistical efficiency in agricultural 
product distribution.

Previous researchers noted that good ac-
cessibility contributes to increased tourist 
visits, particularly in rural tourism contexts. 
Furthermore, well-connected roads support 
the transportation of agricultural products 
from agrotourism zones to local and interna-
tional markets, which is vital for the economic 
sustainability of these areas (Chi et al., 2020; 
Tomej and Liburd, 2020).

Environmental variables

Environmental factors are equally important 
in determining land suitability for agrotourism. 
These variables reflect the environmental charac-
teristics that support agricultural activities while 
adding aesthetic value to the tourism experience.

Proximity to rivers

Proximity to rivers is an essential indicator 
for sustainable agriculture, as rivers serve as wa-
ter sources for irrigation and natural attractions. 
Tegallalang and Payangan subdistricts have av-
erage distances of 117.50 meters and 129.42 me-
ters from major river networks (Figure 3d). Riv-
ers not only enhance land productivity but also 
provide opportunities for eco-tourism activities, 
such as scenic river views or water-based ac-
tivities like rafting. Ferreira and Sánchez-Martín 
(2022) observed that agrotourism zones inte-
grating natural elements such as rivers tend to 
have higher tourist appeal due to their authentic 
and nature-based experiences.

Vegetation density (NDVI)

The NDVI is a key indicator for assessing 
vegetation health and land fertility (Serrano‐
Grijalva et al., 2024). Tegallalang and Payan-
gan subdistricts recorded NDVI values of 0.66 
and 0.67, respectively (Figure 3e), indicating 
healthy and fertile vegetation. These areas are 
well-suited for developing organic agriculture 
or cultivating high-value crops such as coffee, 
tea, or exotic fruits. Dense vegetation not only 
enhances land productivity but also provides 
aesthetic value critical for agriculture-based 
tourism. Saroinsong (2020) emphasized that 
fertile vegetation significantly enhances the 
tourism experience while supporting environ-
mental sustainability.

Land surface water index (LSWI)

Soil moisture, measured by the LSWI, is a 
critical factor in determining crop suitability 
(Xiang et al., 2020). Areas like Sukawati re-
corded a low average LSWI of -0.22 (Figure 
3f), indicating low soil moisture levels. How-
ever, such areas still hold potential if modern 
irrigation systems, such as drip irrigation, are 
implemented to enhance water efficiency with-
out compromising land productivity.
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Elevation

Elevation is a major environmental factor 
influencing the microclimate of an area, which 
in turn determines the types of crops that can be 
cultivated (Getachew et al., 2022) and the ap-
peal of the agrotourism zone. Payangan, with an 
average elevation of 596.42 meters above sea 
level (Figure 3g), offers a cool climate suitable 
for cultivating high-value horticultural crops 
such as tea, coffee, and upland vegetables. These 
conditions are ideal for market-oriented agricul-
ture integrated with agrotourism. Elevation also 
provides aesthetic advantages, allowing tourists 
to enjoy expansive views of green rice terraces 
and plantations, creating unique and memorable 
visual experiences. Additionally, elevated areas 
like Payangan hold potential for educational 
tourism, where visitors can learn sustainable 
agricultural practices tailored to highland envi-
ronments. Yudhari et al. (2020) confirmed that 
elevations 900–1000 meters offer significant mi-
croclimatic benefits for horticultural and coffee 
plantations, further enhancing the area’s attrac-
tiveness for agrotourism.

Slope gradient

The slope gradient in Payangan, averaging 
18.56% (Figure 3h), presents both challenges 
and opportunities for agrotourism develop-
ment. While steep slopes may pose accessibili-
ty challenges, they also create unique visual ap-
peal through iconic terraced landscapes. These 
terraces, traditionally used for soil conserva-
tion, not only prevent erosion but also add aes-
thetic value reflective of local wisdom in land 
management.

Moderate to steep slopes are also ideal for 
adventure tourism activities such as trekking, 
hiking, or landscape photography. In agricul-
ture, such slopes are optimal for cultivating 
coffee, cocoa, or horticultural crops like straw-
berries, which thrive in well-drained soils com-
monly found on slopes. The slopes between 
15–25% in highland areas are particularly suit-
able for eco-friendly coffee plantation develop-
ment, especially when combined with agrofor-
estry systems. Thus, the integration of modern 
agricultural practices and the visual appeal of 
terraced landscapes holds significant potential 
to attract tourists.

Land surface temperature

Land surface temperature is a critical factor 
that directly affects crop types and visitor comfort 
in agrotourism zones. Payangan, with an average 
temperature of 22.21 °C (Figure 3i), offers a cool-
er climate compared to other areas in Gianyar Re-
gency. This provides an advantage for cultivating 
horticultural crops such as broccoli, cabbage, and 
carrots, as well as economically valuable planta-
tion crops like tea and Arabica coffee.

Cool temperatures also create a comfort-
able environment for tourists engaging in ag-
ricultural activities or eco-tourism experiences. 
Visitors can enjoy farming activities while ex-
periencing the refreshing coolness of highland 
areas, making it an attractive alternative to hot-
ter tropical regions.

Rainfall

Rainfall is one of the most critical environ-
mental factors supporting agricultural sustain-
ability, particularly in regions integrating agri-
culture with tourism. Payangan, with an annual 
average rainfall of 2,219.30 mm (Figure 3j), ben-
efits from abundant natural water resources. This 
rainfall supports wetland-based agriculture, such 
as irrigated rice fields requiring consistent water 
supplies throughout the year. Traditional irriga-
tion systems like Bali’s Subak are fully utilized 
to maintain land productivity and agricultural 
sustainability. Iconic terraced rice fields serve not 
only as food production systems but also as major 
tourist attractions where visitors can learn tradi-
tional irrigation methods and participate in farm-
ing activities.

High rainfall levels also sustain natural vege-
tation (Abel et al., 2021), adding ecological value 
to agrotourism zones. The availability of ample 
water enables the cultivation of water-demanding 
crops such as rice and horticultural plants in op-
timal conditions. (Erythrina et al. (2021) noted 
that regions receiving over 2.000 mm of annual 
rainfall exhibit better agricultural sustainability, 
particularly for paddy and horticultural crops. 
Additionally, abundant rainfall supports the pres-
ervation of water-based attractions such as water-
falls and small streams, enhancing their appeal as 
complementary tourist experiences. Thus, with 
its favorable rainfall and agricultural productiv-
ity, Payangan holds significant potential as an in-
tegrated agrotourism zone combining ecological 
sustainability and land productivity.
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Model validation

The random forest model was validated to 
assess its accuracy in mapping potential agro-
tourism areas in Gianyar Regency using five 
key performance metrics: precision, recall, F1 
score, specificity, and false positive rate (FPR) 
(Table 1). The model demonstrated strong per-
formance, achieving an accuracy of 84% and 
a precision of 86%, ensuring accurate zoning 
with minimal false positives (Table 2). High 
precision is crucial in agrotourism planning to 
prevent resource misallocation. The model’s 
overall performance, with metrics exceeding 
80%, aligns with previous studies, confirming 
its reliability for decision-making (Bao Pham 
et al., 2024; Sahani and Ghosh, 2021). How-
ever, the recall rate of 72% indicates that 28% 
of potential areas were not detected. Enhanc-
ing recall through parameter optimization and 

diversified training data could reduce false neg-
atives and improve comprehensiveness.

The F1 score of 78% indicates a well-balanced 
model in terms of precision and recall, supporting 
its effectiveness in zoning applications. The mod-
el achieved a specificity of 92%, effectively ex-
cluding unsuitable areas and improving resource 
allocation efficiency. Furthermore, a low FPR of 
8% underscores the model’s reliability in avoid-
ing misclassification, which is critical for sustain-
able land management. Despite the model’s high 
precision and specificity, further enhancements in 
recall are recommended to ensure broader cover-
age of potential agrotourism areas.

Variable importance

The analysis identified key variables influ-
encing agrotourism zoning, with NDVI (13.13%) 
and LSWI (13.11%) emerging as the most influ-
ential factors (Figure 4). NDVI serves as an in-
dicator of vegetation health and soil fertility, es-
sential for agricultural productivity and enhanc-
ing visual appeal in agrotourism destinations. 
LSWI, reflecting soil moisture conditions, plays 
a pivotal role in agricultural sustainability, with 
lower values indicating areas requiring irrigation 
enhancements.

Additionally, land surface temperature 
(11.64%) and proximity to tourist attractions 
(11.52%) were significant contributors, highlight-
ing the importance of microclimatic conditions 
and accessibility in attracting tourists and sup-
porting agrotourism development. Conversely, 
tourism facilities (7.50%) and proximity to riv-
ers (7.20%) were the least influential variables, 
indicating their relatively minor impact compared 

Table 1. Confusion matrix for model validation
Matrix Predicted positive Predicted negative

Actual positive 36 14

Actual negative 6 66

Table 2. Model validation results 
Validation Value

Accurasy 0.84

Precision 0.86

Recall 0.72

F1 score 0.78

Spesificity 0.92

FPR 0.08

Figure 4. Important variables based on the random forest algorithm
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to environmental and accessibility factors. These 
findings provide valuable insights for optimizing 
agrotourism zoning by prioritizing key determi-
nants and ensuring a balanced approach to sus-
tainable land use and tourism planning.

Agrotourism zoning potential in Gianyar 
Regency

The agrotourism zoning map of Gianyar Re-
gency classifies land into five potential levels: 
very low, low, moderate, high, and very high. 
The study indicates that 36.25% of the area is 
classified as very low potential, whereas 45.46% 
falls under moderate to very high potential, pre-
senting significant development opportunities 
(Figure 5). The distribution of agrotourism po-
tential across subdistricts is illustrated in Figure 
6, while the spatial distribution map, optimized 
using the random forest algorithm, is presented in 
Figure 7. Tegallalang and Payangan subdistricts 
demonstrate the highest potential for agrotour-
ism development. Tegallalang is renowned for 

Figure 5. Percentage diagram of agrotourism zone areas

Figure 6. Graph of percentage of potential agrotourism development area by district

its rice terraces and the Subak irrigation system, 
a UNESCO World Heritage Site that integrates 
agricultural productivity with cultural heritage 
(Pujianiki et al., 2023). In contrast, Suamba et al. 
(2020; 2023) emphasized the need for improved 
infrastructure and diversified tourism activities 
to maximize Tegallalang’s agrotourism poten-
tial and ensure sustainable development. Payan-
gan’s highland climate is conducive to coffee and 
horticultural farming, offering opportunities for 
educational and experiential agrotourism activi-
ties. Blahbatuh, predominantly categorized un-
der very low potential (7.89%), faces significant 
challenges; however, targeted interventions such 
as modern agricultural techniques and infrastruc-
ture upgrades could enhance its attractiveness for 
agrotourism development.

Village-level agrotourism potential

At the village level, areas with more than 
40% of their land classified as high or very high 
potential are considered prime candidates for 
agrotourism development (Figure 8). Villages 
such as Tegallalang and Tampaksiring leverage 
their fertile land and proximity to tourist attrac-
tions to enhance their appeal. Conversely, villag-
es with lower potential require strategic improve-
ments in infrastructure and tourism amenities to 
unlock their potential. Key recommendations for 
sustainable agrotourism development include op-
timizing productive agricultural land, enhancing 
infrastructure, diversifying tourism experiences, 
and fostering community engagement. By adopt-
ing a data-driven approach, Gianyar Regency can 
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Figure 7. Zoning map of agrotourism potential in 
Gianyar Regency, Bali

effectively balance economic growth with envi-
ronmental conservation, positioning itself as a 
leading agrotourism destination.

This study presents a novel approach to map-
ping agrotourism potential in Bali Province by uti-
lizing geospatial data and remote sensing through 
the machine learning algorithm, Random Forest. 
This innovative methodology offers significant 
novelty, particularly as research on agrotourism 
in this region remains limited. Previous stud-
ies in Bali have primarily relied on conventional 
methods, such as field surveys and interviews, 
making this study a significant advancement in 
terms of accuracy and analytical depth. Although 
geospatial data has been extensively used in Bali 
for examining agriculture, environmental condi-
tions, and disaster management (Soniari et al., 
2024; Trigunasih and Saifulloh, 2022; Trigunasih 
et al., 2023; Susila, et al., 2024) its application in 
the context of agrotourism is still underexplored. 
Bali, renowned as a world-class tourist destina-
tion, offers unique opportunities to integrate 
agrotourism into its cultural and environmental 
framework. Agrotourism development in this re-
gion not only provides alternative attractions for 
tourists but also serves as a vital effort to conserve 

and sustain Subak, a UNESCO-recognized cul-
tural heritage (Bhayunagiri and Saifulloh, 2022; 
Susila et al., 2024). By emphasizing environmen-
tally sustainable and conservation-oriented prin-
ciples, agrotourism holds the potential to mitigate 
large-scale land conversion, especially in coastal 
areas (Bhayunagiri and Saifulloh, 2023; Diara et 
al., 2024).

Bali’s coastal tourist destinations have ex-
perienced significant expansion in built-up land 
(Sunarta and Saifulloh, 2022a), resulting in 
several environmental issues, such as reduced 
urban carbon reserves (Sudarma et al., 2024), 
increased greenhouse gas emissions (Sunarta 
and Saifulloh, 2022b), and challenges related to 
flooding and declining urban water infiltration 
(Trigunasih and Saifulloh, 2022). Consequently, 
the development of agrotourism in upstream 
areas, such as Tegallalang and Payangan sub-
districts, represents a critical solution for both 
economic opportunities and environmental pres-
ervation. These regions are prone to soil erosion 
(Adnyana et al., 2024; Trigunasih and Saifulloh, 
2023) and landslide hazards (Diara et al., 2022, 
2023; Suyarto, Diara, et al., 2023)which receives 
a lot of heat from the sun and rainfall. Therefore, 

Figure 8. Village-based agrotourism development 
opportunity map
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Indonesia is prone to hydro meteorological natu-
ral disasters such as droughts, large sea waves, 
erosion, floods and landslides. The National Di-
saster Management Agency (BNPB, highlight-
ing the importance of conservation-based land 
management to prevent downstream flooding in 
river basins (Suyarto, et al., 2023).

The sustainable management of agricultural 
lands designated as agrotourism zones can be 
enhanced through Subak-based land zoning. 
This approach leverages the wisdom of Bali’s 
local farmers to achieve efficient and long-term 
land use (Bhayunagiri and Saifulloh, 2022). 
Additional measures, such as implementing op-
timized cropping patterns and reducing the ex-
cessive use of chemical fertilizers, are critical 
to preventing soil degradation (Kartini et al., 
2023, 2024). Soil fertility management through 
site-specific fertilization and precise dosing can 
further improve soil fertility status and overall 
agricultural land quality (Susila et al., 2024; 
Trigunasih et al., 2023b).The innovative geo-
spatial and machine learning approach adopted 
in this study provides a significant contribution 
to the field of agrotourism, offering practical 
and scientifically sound solutions for sustain-
able land management in Bali. By integrating 
geospatial, ecological, and socio-economic as-
pects, the findings of this research support en-
vironmental conservation, enhance agricultural 
productivity, and create meaningful economic 
benefits for local communities.

CONCLUSSIONS

This study highlights the effectiveness of 
integrating spatial analysis and machine learn-
ing for agrotourism zoning in Gianyar Regency, 
Bali. The analysis of ten key environmental and 
anthropogenic variables identified NDVI and 
LSWI as the most critical factors influencing 
land suitability. Proximity to tourist attractions, 
road accessibility, and tourism facilities further 
contribute to agrotourism potential. The random 
forest model demonstrated strong validation re-
sults, with high precision and specificity, con-
firming its reliability in zoning applications.

Tegallalang and Payangan emerged as the 
most promising sub-districts for agrotourism, 
with Tegallalang’s cultural heritage and agricul-
tural productivity and Payangan’s horticultural 
potential offering diverse tourism opportunities. 

Strategic development in priority villages such 
as Tampaksiring, Kedewatan, and Kedisan, with 
over 50% potential, can maximize economic ben-
efits and sustainability.

The study underscores the importance of 
leveraging geospatial technology and machine 
learning to guide resource allocation and plan-
ning. However, it is essential to acknowledge 
that remote sensing data are inherently dynamic, 
particularly in tropical regions, where vegetation 
indices are closely related to climate fluctuations 
and rainfall variability. Future research should 
consider incorporating dynamic parameters to 
enhance model accuracy and further explore 
economic feasibility and tourist behavior trends 
to optimize agrotourism development strategies. 
Collaborative efforts among policymakers, pri-
vate stakeholders, and local communities will be 
crucial in translating zoning insights into action-
able, sustainable development strategies.

Acknowledgements

We extend our sincere gratitude to the re-
viewers for their valuable suggestions and con-
structive input, which have significantly contrib-
uted to the improvement of this article. We also 
wish to acknowledge the Research and Com-
munity Service Institute of Udayana University 
for their generous funding support, provided 
under contract number B/255.620/UN14.4.A/
PT.01.03/2024, dated April 17, 2024.

REFERENCES

1. Abel, C., Horion, S., Tagesson, T., De Keers-
maecker, W., Seddon, A. W. R., Abdi, A. M., & 
Fensholt, R. (2021). The human–environment 
nexus and vegetation–rainfall sensitivity in tropi-
cal drylands. Nature Sustainability, 4(1). https://
doi.org/10.1038/s41893-020-00597-z

2. Adhika, I. M., & Putra, I. D. G. A. D. (2021). 
Reinvigorating cultural landscapes for planning 
cultural tourism in Bali. In Geojournal of Tour-
ism and Geosites 33(4). https://doi.org/10.30892/
gtg.334spl03-594

3. Adnyana, I. W. S., As-syakur, A. R., Suyarto, 
R., Sunarta, I. N., Nuarsa, I. W., Diara, I. W., 
Saifulloh, M., & Wiyanti. (2024). Geospatial 
Technology for Climate Change: Influence of EN-
SO and IOD on Soil Erosion. In Technological 
Approaches for Climate Smart Agriculture (pp. 
249–275). Springer.



13

Ecological Engineering & Environmental Technology 2025, 26(3), 1–16

4. Amini, S., Saber, M., Rabiei-Dastjerdi, H., & 
Homayouni, S. (2022). Urban land use and land 
cover change analysis using random forest clas-
sification of landsat time series. Remote Sens-ing, 
14(11). https://doi.org/10.3390/rs14112654

5. Amir, F. L. (2023). Analysis of the potential of 
subak as a sustainable tourism attraction based 
on agro-tourism in the Village of Jatiluwih. Pu-
saka: Journal of Tourism, Hospitality, Travel and 
Business Event, 5(1). https://doi.org/10.33649/
pusaka.v5i1.198

6. Bao Pham, Q., Ajim Ali, S., Parvin, F., Van On, V., 
Mohd Sidek, L., Đurin, B., Cetl, V., Šamanović, 
S., & Nguyet Minh, N. (2024). Multi-spectral re-
mote sensing and GIS-based analysis for deca-dal 
land use land cover changes and future prediction 
using random forest tree and artificial neural net-
work. Advances in Space Research, 74(1). https://
doi.org/10.1016/j.asr.2024.03.027

7. Bhayunagiri, I. B. P., & Saifulloh, M. (2022). 
Mapping of subak area boundaries and soil fertili-
ty for agricultural land conservation. Geograph-
ia Technica, 17(2). https://doi.org/10.21163/
GT_2022.172.17

8. Bhayunagiri, I. B. P., & Saifulloh, M. (2023). 
Urban footprint extraction derived from world-
view-2 satellite imagery by random forest and 
k-nearest neighbours algorithm. IOP Confer-
ence Series: Earth and Environmental Science, 
1200(1), 12043.

9. Biau, G., & Scornet, E. (2016). A random forest 
guided tour. Test, 25(2). https://doi.org/10.1007/
s11749-016-0481-7

10. Breiman, L. (2001). Random forests. 
Machine Learning, 45(1). https://doi.
org/10.1023/A:1010933404324

11. Brokamp, C., Jandarov, R., Rao, M. B., LeMas-
ters, G., & Ryan, P. (2017). Exposure assessment 
models for elemental components of particulate 
matter in an urban environment: A compari-son 
of regression and random forest approaches. 
Atmospheric Environment, 151. https://doi.
org/10.1016/j.atmosenv.2016.11.066

12. Budiasa, I. W., & Ambarawati, I. G. A. (2014). 
Community based agro-tourism as an innovative 
integrated farming system development model to-
wards sustainable agriculture and tourism in Bali. 
Journal of the International Society for Southeast 
Asian Agricultural Sciences, 20(1).

13. Cutler, D. R., Edwards, T. C., Beard, K. H., Cutler, 
A., Hess, K. T., Gibson, J., & Lawler, J. J. (2007). 
Random forests for classification in ecology. Ecol-
ogy, 88(11). https://doi.org/10.1890/07-0539.1

14. Chi, X., Lee, S. K., Ahn, Y. joo, & Kiatkawsin, 
K. (2020). Tourist-perceived quality and loy-
alty intentions towards rural tourism in China. 

Sustainability (Switzerland), 12(9). https://doi.
org/10.3390/su12093614

15. Diara, I. W., Susila, K. D., Wiyanti, W., Sunarta, 
I. N., Kusmiyarti, T. B., & Saifulloh, M. (2024). 
Exploring the Influence of Various Land Use Land 
Cover on Land Surface Temperature of Coastal 
Tourism Areas in Bali Using Landsat 9. Environ-
mental Research, Engineering and Man-agement, 
80(2), 118–132.

16. Diara, I. W., Suyarto, R., & Saifulloh, M. (2022). 
Spatial distribution of landslide susceptibility in 
new road construction Mengwitani-Singaraja, 
Bali-Indonesia: based on geospatial data. Inter-
national Journal of GEOMATE, 23(96). https://
doi.org/10.21660/2022.96.3320

17. Diara, I. W., Wahyu Wiradharma, I. K. A., Suyar-
to, R., Wiyanti, W., & Saifulloh, M. (2023). Spa-
tio-temporal of landslide potential in upstream 
areas, Bali tourism destinations: remote sens-ing 
and geographic information approach. Journal of 
Degraded and Mining Lands Manage-ment, 10(4). 
https://doi.org/10.15243/jdmlm.2023.104.4769

18. Erythrina, E., Anshori, A., Bora, C. Y., Dewi, D. 
O., Lestari, M. S., Mustaha, M. A., Ramija, K. 
E., Rauf, A. W., Mikasari, W., Surdianto, Y., Su-
riadi, A., Purnamayani, R., Darwis, V., & Syah-
buddin, H. (2021). Assessing opportunities to 
increase yield and profit in rainfed lowland rice 
systems in Indonesia. Agronomy, 11(4). https://
doi.org/10.3390/agronomy11040777

19. Ferreira, D. I. R., & Sánchez-Martín, J. M. (2022). 
Agricultural Landscapes as a Basis for Pro-mot-
ing Agritourism in Cross-Border Iberian Regions. 
Agriculture (Switzerland), 12(5). https://doi.
org/10.3390/agriculture12050716

20. Fox, E. W., Hill, R. A., Leibowitz, S. G., Olsen, 
A. R., Thornbrugh, D. J., & Weber, M. H. (2017). 
Assessing the accuracy and stability of variable 
selection methods for random forest model-
ing in ecology. Environmental Monitoring and 
Assessment, 189(7). https://doi.org/10.1007/
s10661-017-6025-0

21. Genuer, R., Poggi, J. M., & Tuleau-Malot, C. 
(2010). Variable selection using random forests. 
Pattern Recognition Letters, 31(14). https://doi.
org/10.1016/j.patrec.2010.03.014

22. Getachew, M., Tolassa, K., De Frenne, P., Ver-
heyen, K., Tack, A. J. M., Hylander, K., Ayalew, 
B., & Boeckx, P. (2022). The relationship be-
tween elevation, soil temperatures, soil chemical 
characteristics, and green coffee bean quality and 
biochemistry in southwest Ethiopia. Agronomy 
for Sustainable Development, 42(4). https://doi.
org/10.1007/s13593-022-00801-8

23. Heydarian, M., Doyle, T. E., & Samavi, R. 
(2022). MLCM: Multi-Label Confusion 



14

Ecological Engineering & Environmental Technology 2025, 26(3), 1–16

Matrix. IEEE Access, 10. https://doi.org/10.1109/
ACCESS.2022.3151048

24. Islam, K. I., Elias, E., Carroll, K. C., & Brown, 
C. (2023). Exploring Random Forest Machine 
Learning and Remote Sensing Data for Stream-
flow Prediction: An Alternative Approach to a 
Process-Based Hydrologic Modeling in a Snow-
melt-Driven Watershed. Remote Sensing, 15(16). 
https://doi.org/10.3390/rs15163999

25. Jun, M. J. (2021). A comparison of a gradient 
boosting decision tree, random forests, and ar-
tificial neural networks to model urban land use 
changes: the case of the Seoul metropolitan area. 
International Journal of Geographical Informa-
tion Science, 35(11). https://doi.org/10.1080/13
658816.2021.1887490

26. Kartini, N. L., Saifulloh, M., Trigunasih, N. 
M., & Narka, I. W. (2023). Assessment of Soil 
Degra-dation Based on Soil Properties and 
Spatial Analysis in Dryland Farming. Journal 
of Ecological Engineering, 24(4). https://doi.
org/10.12911/22998993/161080

27. Kartini, N. L., Saifulloh, M., Trigunasih, N. M., 
Sukmawati, N. M. S., & Mega, I. (2024). Impact 
of Long-Term Continuous Cropping on Soil Nu-
trient Depletion. Ecological Engineering & Envi-
ronmental Technology (EEET), 25(11).

28. Lanya, I., Subadiyasa, N., Sardiana, K., & Ratna 
Adi, G. P. (2018). Planning of Agro-Tourism De-
velopment, Specific Location in Green Open Space 
Sarbagita Area, Bali Province. IOP Confer-ence 
Series: Earth and Environmental Science, 123(1). 
https://doi.org/10.1088/1755-1315/123/1/012038

29. Mudana, I. G., Ernawati, N. M., & Voda, M. 
(2021). Analysis of the evolving cultural tourism 
implementation in Bali Indonesia. Multicultural 
Education, 7(6).

30. Munier, N., & Hontoria, E. (2021). Short-
comings of the AHP Method. https://doi.
org/10.1007/978-3-030-60392-2_5

31. Mustafa, O. M., Ahmed, O. M., & Saeed, V. A. 
(2024). Comparative analysis of decision tree al-
gorithms using gini and entropy criteria on the 
forest covertypes dataset. The International Con-
ference on Innovations in Computing Research, 
185–193.

32. N, P., Triatmadja, R., Legono, D., & Nurrochmad, 
F. (2023). Subak irrigation system: A heritage of a 
sustainable hydro-environment. In Water Projects 
and Technologies in Asia 315–326. CRC Press.

33. Pimenta, F. M., Speroto, A. T., Costa, M. H., & 
Dionizio, E. A. (2021). Historical changes in land 
use and suitability for future agriculture expan-
sion in Western Bahia, Brazil. Remote Sensing, 
13(6). https://doi.org/10.3390/rs13061088

34. Purbo-Hadiwidjojo, M. M. (1971). The status of 

engineering geology in Indonesia: 1970. Bulle-tin 
of the International Association of Engineering 
Geology - Bulletin de l’Association Interna-tio-
nale de Géologie de l’Ingénieur, 4(1). https://doi.
org/10.1007/BF02635379

35. Putri, P. Y. A., & Saputra, K. A. K. (2022). Regu-
latory impact analysis on local government regu-
lation standards for organizing cultural tourism in 
Bali. American Research Journal of Human-ities 
& Social Science (ARJHSS), 5(4).

36. Rosardi, R. G., Prajanti, S. D. W., Atmaja, H. T., 
Juhadi, & Yanti, D. (2022). Sustainable tourism 
development strategy with AHP (Analytical Hier-
archy Process) method in pagilaran tea plan-tation 
agrotourism, Indonesia. International Journal of 
Sustainable Development and Plan-ning, 17(4). 
https://doi.org/10.18280/ijsdp.170429

37. Sahani, N., & Ghosh, T. (2021). GIS-based spatial 
prediction of recreational trail susceptibility in 
protected area of Sikkim Himalaya using logis-
tic regression, decision tree and random for-est 
model. Ecological Informatics, 64. https://doi.
org/10.1016/j.ecoinf.2021.101352

38. Sardiana, I. K. (2018). The study of development 
of urban farming agrotourism Subak-Irrigation-
Based in Sanur tourism area, Denpasar City, Bali. 
Journal of Indonesian Tourism and Development 
Studies, 6(1), 33.

39. Saroinsong, F. B. (2020). Supporting plant diver-
sity and conservation through landscape planning: 
A case study in an agro-tourism landscape in Tam-
pusu, North Sulawesi, Indonesia. Biodiversitas, 
21(4). https://doi.org/10.13057/biodiv/d210432

40. Satriawan, I. K., Pujaastawa, I. B. G., & Sarjana, 
I. M. (2015). Development of small-scale agro-
tourism in the Province of Bali, Indonesia. Ad-
vances in Environmental Biology, 9(21).

41. Serrano‐Grijalva, L., Ochoa‐Hueso, R., Veen, 
G. F., Repeto‐Deudero, I., Van Rijssel, S. Q., 
Koorneef, G. J., & Van der Putten, W. H. (2024). 
Normalized difference vegetation index analy-sis 
reveals increase of biomass production and stabil-
ity during the conversion from conven-tional to 
organic farming. Global Change Biology, 30(8), 
e17461.

42. Singh, R., Behera, M. D., Das, P., Rizvi, J., Dhy-
ani, S. K., & Biradar, C. M. (2022). Agroforestry 
suitability for planning site-specific interventions 
using machine learning approaches. Sus-tainabil-
ity (Switzerland), 14(9). https://doi.org/10.3390/
su14095189

43. Soniari, N. N., Trigunasih, N. M., Sumarniasih, 
M. S., & Saifulloh, M. (2024). Exploring soil 
erodibility: integrating field surveys, laboratory 
analysis, and geospatial techniques in sloping ag-
ricultural terrains. Journal of Degraded & Mining 



15

Ecological Engineering & Environmental Technology 2025, 26(3), 1–16

Lands Management, 12(1).
44. Suamba, I. K., Sumiyati, Krisnandika, A. A. K., 

Tika, I. W., Sulastri, N. N., & Arisena, G. M. K. 
(2023). The subak-based agro-tourism manage-
ment model in the world cultural heritage area 
of Catur Angga Batukaru Tabanan Regency, Bali 
Province, Indonesia. African Journal of Food, 
Agriculture, Nutrition and Development, 23(2). 
https://doi.org/10.18697/ajfand.117.21970

45. Suamba, K., Windia, W., & Mekse Kori Arisena, 
G. (2020). Subak system social services in Bali. 
Palarch’s Journal Of Archaeology Of Egypt/
Egyptology, 17(4).

46. Sudarma, I., Saifulloh, M., Diara, I. W., & As-
Syakur, A. (2024). Carbon Stocks Dynamics of 
Ur-ban Green Space Ecosystems Using Time-
Series Vegetation Indices. Ecological Engineer-
ing & Environmental Technology (EEET), 25(9).

47. Sunarta, I. N., & Saifulloh, M. (2022a). Coastal 
tourism: impact for built-up area growth and cor-
relation to vegetation and water indices derived 
from Sentinel-2 remote sensing imagery. Geo-
journal of Tourism and Geosites , 41(2). https://
doi.org/10.30892/gtg.41223-857

48. Sunarta, I. N., & Saifulloh, M. (2022b). Spatial 
variation of NO2 levels during the COVID-19 
pandemic in the Bali tourism area. Geograph-
ia Technica, 17(1). https://doi.org/10.21163/
GT_2022.171.11

49. Susila, I., Dean, D., Harismah, K., Priyono, K. 
D., Setyawan, A. A., & Maulana, H. (2024). Does 
interconnectivity matter? An integration model 
of agro-tourism development. Asia Pacific Man-
agement Review, 29(1). https://doi.org/10.1016/j.
apmrv.2023.08.003

50. Susila, K. D., Ginting, D. C. B., Adnyana, I., 
Saifulloh, M., & Arthagama, I. (2024). Enhancing 
soil quality for sustainable agricultural practices 
in Subak rice fields. Journal of Degraded & Min-
ing Lands Management, 12(1).

51. Susila, K. D., Trigunasih, N. M., & Saifulloh, M. 
(2024). Monitoring Agricultural Drought in Sa-
vanna Ecosystems Using the Vegetation Health 
Index--Implications of Climate Change. Ecolog-
ical Engineering & Environmental Technology 
(EEET), 25(9).

52. Suyarto, R., Diara, I. W., Susila, K. D., Saifulloh, 
M., Wiyanti, W., Kusmiyarti, T. B., & Sunarta, I. N. 
(2023). Landslide inventory mapping derived from 
multispectral imagery by Support Vec-tor Machine 
(SVM) algorithm. IOP Conference Series: Earth 
and Environmental Science, 1190(1). https://doi.
org/10.1088/1755-1315/1190/1/012012

53. Suyarto, R., Wiyanti, Saifulloh, M., Fatahillah, 
A. W., Diara, I. W., Susila, K. D., & Kusmiyarti, 
T. B. (2023). Hydrological Approach for Flood 

Overflow Estimation in Buleleng Watershed, 
Bali. International Journal of Safety and Secu-
rity Engineering, 13(5). https://doi.org/10.18280/
ijsse.130512

54. Tavana, M., Soltanifar, M., & Santos-Artea-
ga, F. J. (2023). Analytical hierarchy process: 
revolu-tion and evolution. Annals of Opera-
tions Research, 326(2). https://doi.org/10.1007/
s10479-021-04432-2

55. Tikuye, B. G., Rusnak, M., Manjunatha, B. R., & 
Jose, J. (2023). Land use and land cover change 
detection using the random forest approach: 
The case of the upper blue Nile River Basin, 
Ethiopia. Global Challenges, 7(10). https://doi.
org/10.1002/gch2.202300155

56. Tomej, K., & Liburd, J. J. (2020). Sustainable ac-
cessibility in rural destinations: a public transport 
network approach. Journal of Sustainable Tour-
ism, 28(2). https://doi.org/10.1080/09669582.20
19.1607359

57. Trigunasih, N. M., & Saifulloh, M. (2022). The In-
vestigating Water Infiltration Conditions Caused 
by Annual Urban Flooding Using Integrated Re-
mote Sensing and Geographic Infor-mation Sys-
tems. Journal of Environmental Management & 
Tourism, 13(5), 1467–1480.

58. Trigunasih, N. M., & Saifulloh, M. (2023). In-
vestigation of soil erosion in agro-tourism area: 
guideline for environmental conservation plan-
ning. Geographia Technica, 18(1). https://doi.
org/10.21163/GT_2023.181.02

59. Trigunasih, N. M., Narka, I. W., & Saifulloh, M. 
(2023a). Mapping eruption affected area using 
Sentinel-2A imagery and machine learning tech-
niques. Journal of Degraded and Mining Lands 
Management, 11(1). https://doi.org/10.15243/
jdmlm.2023.111.5073

60. Trigunasih, N. M., Narka, I. W., & Saifulloh, M. 
(2023b). Measurement of soil chemical prop-erties 
for mapping soil fertility status. International Jour-
nal of Design and Nature And Ecody-Namics, 
18(6). https://doi.org/10.18280/ijdne.180611

61. Valero-Carreras, D., Alcaraz, J., & Landete, M. 
(2023). Comparing two SVM models through 
different metrics based on the confusion matrix. 
Computers and Operations Research, 152. https://
doi.org/10.1016/j.cor.2022.106131

62. Wang, J., Sun, X., Cheng, Q., & Cui, Q. (2021). 
An innovative random forest-based nonlinear en-
semble paradigm of improved feature extraction 
and deep learning for carbon price fore-casting. 
Science of the Total Environment, 762. https://
doi.org/10.1016/j.scitotenv.2020.143099

63. Wicaksono, K. P., Tyasmoro, S. Y., Saitama, A., 
& Permatasari, P. N. (2024). Analyzing of Agro-
tourism Potential in Malang City. International 



16

Ecological Engineering & Environmental Technology 2025, 26(3), 1–16

Journal of Environment, Agriculture and Biotech-
nology, 9(2).

64. Wiranatha, A. S., Suryawardani, I. G. A. O., Petr, 
C., & Kencana, I. P. E. N. (2024). Priority of Cri-
teria for Agritourism Development in Bali. Jur-
nal Kajian Bali (Journal of Bali Studies), 14(1), 
234–258.

65. Xiang, K., Yuan, W., Wang, L., & Deng, Y. (2020). 
An lswi-based method for mapping irrigated 
areas in china using moderate-resolution satel-
lite data. In Remote Sensing 12(24). https://doi.
org/10.3390/rs12244181

66. Yudhari, I. D. A. S., Darwanto, D. H., Waluyati, 
L. R., & Mulyo, J. H. (2020). The development of 
agro-tourism based on arabica coffee plantation 

in bali. Journal of Environmental Manage-ment 
and Tourism, 11(1). https://doi.org/10.14505/
jemt.11.1(41).12

67. Zhang, X., Huang, W., Lin, X., Jiang, L., Wu, 
Y., & Wu, C. (2020). Complex image recogni-
tion algorithm based on immune random forest 
model. In Soft Computing 24(16). https://doi.
org/10.1007/s00500-020-04706-0

68. Zhang, Z., Plathong, S., Sun, Y., Guo, Z., Mun-
noy, T., Ma, L., Jantharakhantee, C., & Tanboot, 
L. (2020). Analysis of the island tourism envi-
ronment based on tourists’ perception—A case 
study of Koh Lan, Thailand. Ocean and Coastal 
Management, 197. https://doi.org/10.1016/j.
ocecoaman.2020.105326


