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Abstract
Machine learning methodologies have seen wi
numerous scholarly disciplines, includimg, t rism sector. These
methods are capable 0‘[; iding ro Imates for predictive
modeling. As tourismgactivitiesNgroliferatei®so too does the need for
accurate touris 1€htation to inform monitoring, decision-
making, and pla leverages machine learning

‘Y‘%
techniq to predict

encompasses 34 sites, thcluding springs, waterfalls, shrines, museums,
historical structures,Yand more. Variables such as elevation, slope,
aspect, vegetation cQ@ver, distance to rivers, distance to roads,
temperature, and pregipitation 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 identified as the
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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), RStudio software

1. Introduction

As one of the world's largest service industries, t
role in the economies of many nations. Given the
tourist numbers, tourism developme
approach to diversify economies and boo
does this sector generate employment anghi nues, but it
can also strengthen foreign exchange flo celerate gross
domestic product growth, Consequently, urba
have become focal points i nt, with the aim of
enhancing infrastructureNand s. With its rich history,
diverse natural and Cttural ions, and strategic location, Iran

possesses immahsgytouris
Heritage Sites, théleoun

ism plays a pivotal
jected surge in

d top global rankings in various
share of global tourism revenue

culture, offers abunda
prime destinati
accelerated touris
infrastructure and ¢

orical and natural attractions, making it a
Ists. Its advantageous geographic location has
growth. Nevertheless, due to a neglect of
prehensive planning, many cities within this
province have yet t@\fully capitalize on their tourism potential.
Identifying and pro ng lesser-known cities in Isfahan province is a
crucial step toward advancing tourism in the region. 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 factors such as land use, distance from
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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? \

2. Methodology

This research was conducted in four pha

S
1. Data Collection: Coordinates o touristsattractions were
gathered.
2. Identification of In primary factors such
as altitude, slope, vegetation cover were
identified.

To predict suitabl
Elevation Model (D
from roads were used

reas for tourism, remote sensing data, a Digital
), climatic data, hydrological data, and distance
input variables for the model.

2.1. 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
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-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.

2.2. 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 datab was used. These

temperature and precipitation interpolation ahan Province
were generated using the\lnverse Distance Wei (IDW) method in
ArcMap 10.8, based on longsterm data tic stations.

2.4. Other Variable&‘

2.4.2. Di erways: Using ArcHydro and the

2.5.Modeling Methadology

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

3. Findings
3.1. Variable Selection

To address multicollinearity among auxiliary variables, the Variance
Inflation Factor (VIF) was employed. Variables with a VIF exceeding
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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.

3.2. Model Fitting and Evaluation

A random forest algorithm, a widely used meth
employed for modeling. All modeling procedures

in data mining, was
conducted using

34 tourist locations and
region's tourism potential was
and northern regions have the

environmental Wzt ha ma
created. Results |r§ate th
rism potential

highest

This study emplo
create digital map

three-step numerical modeling approach to
variable selection, model calibration, and
validation. A diverse afkay of environmental variables, including DEM
derivatives, remote sensing, and climatic data, as well as distances from
roads and rivers, were incorporated. 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
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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.

In this study, eight variables were examined for spatial prediction in the
study area. The relative importance of these variables was as follows:
slope (100%), aspect (16.84%), vegetation index (38.57%), distance
from rivers (74.56%), and distance from roads\(32.27%). These were

tourism development due to their proxi and high
river density.
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