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Abstract

Machine learning methodologies have seen widespread adoption
across numerous scholarly disciplines, including the tourism sector.
These methods are capable of providing robust estimates for
predictive modeling. As tourism activities proliferate, so does the need
for accurate tourist segmentation forecasts to inform monitoring,
decision-making, and planning. This research leverages machine
learning techniques to predict promising tourist destinations in the
western region of Isfahan Province. A random forest prediction model
is employed to identify the factors influencing tourist attraction in
these areas and predict potential tourist hotspots. The input data
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encompasses 34 sites, including springs, waterfalls, shrines,
museums, and historic structures. Variables such as elevation, slope,
aspect, vegetation cover, distance to rivers, distance to roads,
temperature, and precipitation were selected as the most significant
predictive variables based on the Variance Inflation Factor (VIF).
Evaluation metrics reveal that the random forest model exhibits
superior predictive performance, achieving the highest R (0.91) and
the lowest RMSE (1.06) and MAE (1.13). Slope, slope aspect,
vegetation cover, and distance to rivers and roads were the most
critical predictors. Moreover, the spatial prediction map indicates that
Chadgan and Daran possess high potential for tourist reception. This
study underscores the significant potential of machine learning for
forecasting promising tourist destinations.

Keywords: Machine Learning, Random Forest, Variance Inflation
Factor (VIF), R Studio software

Introduction

As one of the world's largest service industries, tourism plays a pivotal
role in the economies of many nations. Given the projected surge in
tourist numbers, tourism development has emerged as a strategic
approach to diversify economies and boost national incomes. Not only
does this sector generate employment and increase tax revenues, but
it can also strengthen foreign exchange flows and accelerate gross
domestic product growth. Consequently, urban and rural areas have
become focal points for tourism development, enhancing
infrastructure and attracting visitors. With its rich history, diverse
natural and cultural attractions, and strategic location, Iran possesses
immense tourism potential. Boasting 22 UNESCO World Heritage
Sites, the country has secured top global rankings in various tourism
sectors. However, Iran's share of global tourism revenue remains
notably small. Isfahan, the beating heart of Iran's history and culture,
offers abundant historical and natural attractions, making it a prime
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destination for tourists. Its advantageous geographic location has
accelerated tourism growth.

Nevertheless, due to a lack of infrastructure and comprehensive
planning, many cities within this province have yet to capitalize on
their tourism potential fully. Identifying and promoting lesser-known
cities in Isfahan province is crucial to advancing regional tourism.
Given the high potential of cities in Isfahan province, tourism
development in promising areas is imperative. However, due to
resource constraints, optimal utilization of all resources is not feasible.
This study proposes a novel approach to modeling the geographic
distribution of tourists using artificial intelligence. The objective is to
predict tourist congregation areas based on land use and distance from
rivers and roads. Given the presented information, the following
research questions are posed:

1. Does the application of artificial intelligence, encompassing
machine learning techniques, effectively identify areas suitable for
tourism development?

2. To what extent do satellite imagery and environmental factors
influence tourist destination selection?

Methodology

This research was conducted in four phases:

1. Data Collection: Coordinates of 34 tourist attractions were
gathered.

2. Identification of Influential Factors: Eight primary factors, such as
altitude, slope, distance to rivers, and vegetation cover, were
identified.

3. Modeling: A spatial prediction model was developed using
machine learning methods within the RStudio environment.

4. Validation: The model's accuracy was evaluated using R-squared,
RMSE, and MAE metrics.
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To predict suitable areas for tourism, remote sensing data, a Digital
Elevation Model (DEM), climatic data, hydrological data, and
distance from roads were used as input variables for the model.

Auxiliary Remote Sensing Variables

Sentinel- 2 satellite images with less than 10% cloud cover were
downloaded from Google Earth Engine. Subsequently, the
Normalized Difference Vegetation Index (NDVI) was calculated
using the SAGA GIS software. NDVI is one of the most widely used
vegetation indices, calculated using red and near-infrared bands.
NDVI values range from -1 to 1 and indicate vegetation density.
Values closer to 1 represent dense vegetation, while negative values
indicate areas devoid of vegetation, such as water and snow.

Auxiliary Topographic Variables

To generate auxiliary topographic variables (altitude and slope
aspect), a digital elevation model with a resolution of 12.5 meters from
the ALOS satellite (Alaska Satellite Facility database) was used.
These variables were extracted from the DEM using the ArcGIS
software and the method proposed by Hengl and colleagues.

Auxiliary climatic data variables Selected

temperature and precipitation interpolation maps for Isfahan Province
were generated using the Inverse Distance Weighted (IDW) method
in ArcMap 10.8, based on long-term data from synoptic stations.

Other Variables

Distance from Roads: Road networks are key to development and
investment attraction.

Distance from Waterways: Using ArcHydro and the Euclidean
distance function, a distance map from the region's waterways was
created.
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Modeling Methodology

R software, a powerful tool for statistical analysis, was extensively
used for modeling. In this research, the Random Forest algorithm was
employed for nonlinear modeling using the caret and caretEnsemble
packages in R version 3.5.2."

Findings

Variable Selection

The Variance Inflation Factor (VIF) was employed to address
multicollinearity among auxiliary variables. Variables with a VIF
exceeding 10 were excluded. Ultimately, eight variables were
included in the model: slope, aspect, distance to rivers, precipitation,
temperature, distance to roads, and Normalized Difference Vegetation
Index (NDVI). Variable importance analysis using the caret package
in R revealed that slope, aspect, vegetation index, and distance to
rivers and roads were the most significant predictors of tourist-prone
locations.

Model Fitting and Evaluation

A random forest algorithm, a widely used method in data mining, was
employed for modeling. All modeling procedures were conducted
using R software. Ten-fold cross-validation was used to evaluate the
model. Results indicate that the random forest model, with the highest
coefficient of determination (0.91), lowest root mean square error
(RMSE) of 0.06, and mean absolute error (MAE) of 0.13, is the most
robust model for predicting tourist-prone locations.

Spatial Distribution of Tourist-Prone Locations

The random forest model created a map of the region's tourism
potential, and 34 tourist locations and environmental factors were
analyzed. Results indicate that the eastern and northern regions have
the highest tourism potential. These areas generally have a high
density of roads and rivers.
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Discussion and results

This study employed a three-step numerical modeling approach to
create digital maps: variable selection, model calibration, and
validation. A diverse array of environmental variables were
incorporated, including DEM derivatives, remote sensing, climatic
data, and distances from roads and rivers. After extracting land
features from DEM and Sentinel-2 data, VIF was calculated to identify
multicollinearity among variables, and those with VIF > 10 were
excluded. Ultimately, eight features were selected for modeling the
soil quality index.

A Random Forest model was trained using 70% of the data, with the
remaining 30% reserved for validation using a 10-fold cross-
validation method. The model's performance was evaluated using
MAE, RMSE, and R-squared metrics. Results indicated that the
random forest model exhibited the lowest RMSE and MAE values and
the highest R-squared, demonstrating its accuracy and effectiveness.
This study examined eight variables for spatial prediction in the study
area. The relative importance of these variables were as follows: slope
(100%), aspect (16.84%), vegetation index (38.57%), distance from
rivers (74.56%), and distance from roads (32.27%). These were
identified as the most significant variables for predicting suitable
tourism locations. Additionally, the spatial prediction map revealed
that Chadgan and Daran cities possess the most favorable conditions
for tourism development due to their proximity to major roads and
high river density.
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