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Abstract

The present study aims to use different machine-learning algorithms to map trail susceptibility and use it
to find the best hiking trail between specified locations across the Sarigol National Park and Protected
Area (SNPP), Iran based on the least cost path analysis. Furthermore, the study compares the predictive
performance of Artificial Neural Network, Support Vector Regression, and Gene expression programming
model for trail susceptibility mapping. We have considered nine trail susceptibility conditioning factors
as model input, namely Land use coverages, Landform classes, Annual precipitation, NDVI, Soil types,
LS-factor, Wind explosion index, Topographic witness index, and Elevation. The study concluded that
ANN gives better performance in overall accuracy assessment as compared to GEP and SVM models.
The importance of predictor variables as identified by the ANN model indicated that the LS factor, Soil
types, NDVI, and Landform classes represented the highest level of significance attributed to the model.
The study found that LCPA is an efficient tool to find the “lowest land degradation” to connect two
locations of hiking trails. This suggested that park planners should consider potential land degradation
locations to identify suitable hiking trails.

1. Introduction

The demand for ecological tourism and intensive use of outdoor recreational areas have grown fast due
to increasing visitors, leisure time, increased income, facilitated mobility, and consumer demands
(Sutherland et al., 2001). Thus, nature tourism activities such as walking and mountain biking which are
associated with trails, have been growing faster in developing regions (Eagles, 2014; Newsome et al.,
2012). Recreational trails are increasingly created in many areas, including national parks and protected
areas (Cole, 2004; Eagles, 2014), as well as urban and semi-urban natural areas (Ballantyne and
Pickering, 2015). People of all ages and abilities can use trails with different functions such as access to
attractive areas, recreation and wildlife watching (Grimwade et al., 2009; Santarém et al., 2015), sports
activities, relaxation, and travel to the destination (Grimwade et al., 2009). Trails are designed to avoid
the uncontrolled dispersal of visitors (Olive and Marion, 2009) and provide more infrastructure to allow
access to natural areas (Ballantyne et al., 2014). As national Parks and protected areas are major
destinations for outdoor recreation, the ecosystems of those areas are being extensively affected by
human activities (Chatterjea, 2007). This may result in increased environmental degradation and wildlife
habitat disruption by concentrating visitor activities into specified areas like trails and recreation sites
(Chatterjea, 2007; Clius et al., 2012; Cole, 2004, Dixon et al., 2004, Farrell and Marion, 20014; Olive and
Marion, 2009).

Trail degradation is one of the most evident consequences of expanding visitor numbers in national
parks. The magnitude of trail impacts is contingent on the intensity, frequency, timing, and type of use, as
well as environmental conditions (Torn et al., 2009). The environmental impacts of recreational trails
have been comprehensively presented worldwide. Trampling on trails changes soil surface compaction,
mechanical properties, and hydrophysical behavior of watersheds which leads to greater on-trail erosion
and changes in the micro-climate conditions (Chatterjea, 2007). The impacts of trampling activity on
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water resources, plant communities, and wildlife species are observed in areas where visitor use is
intensified, particularly along trails and campsites (Leung and Marion, 2000; Matulewski et al., 2021;
Olive and Marion, 2009). It is well observed that new paths generated by visitors and trampling can
significantly influence the inhibition of radial growth of trees, increasing trail widening, trail muddiness,
soil organic matter removal, and soil particles compacting (Cole, 2004; Hill and Pickering, 2006; Leung
and Marion, 2000; Matulewski et al., 2021). The decline in vegetation cover, changes in vegetation height,
and introduction of weeds are the other negative impacts of recreation trails on the environment (Barros
and Marina Pickering, 2017; Dolan et al., 2006). Therefore, trail development and use are often a major
concern of natural area managers and visitors (Leung and Marion, 1996a).

Trail width is used as an indicator of degradation of the recreational trails (Tomczyk and Ewertowski,
2011). Generally, environmental predictor variables influence trail width because they influence human
behavior (Wimpey and Marion, 2010). The predictor variables for estimating trail degradation can be
referenced to environmental and managerial variables (e.g. elevation, slope, aspect, soil type, soil texture,
vegetation type, etc (Nepal and Way, 2007; Spernbauer et al., 2023; Tomczyk and Ewertowski, 2011,
2013). The relationship between predictor variables and trail degradation and their negative impacts on
the environment is not linear (Hammitt et al., 2015; Tomczyk and Ewertowski, 2013). Therefore, getting a
reliable model for understanding the relationship between the trail width and predictor variables is
required for effective tourism management (Farrell and Marion, 2001b; Leung and Marion, 2000).
According to various studies in recent years, different predictive machine learning (ML) and deep
learning (DL) algorithms were widely used in landslide susceptibility (Orland et al., 2020), soil moisture
estimation (Adab et al., 2020) and forest fire vulnerability prediction (Adab, 2017). However, a
comparative analysis of different predictive models using GIS techniques is very rare for the estimation
of trail width (Nepal and Way, 2007; Spernbauer et al., 2023; Tomczyk and Ewertowski, 2013; Wimpey and
Marion, 2010) and the prediction of recreational trail susceptibility (Sahani and Ghosh, 2021). In the
context of trail width estimation, a comparative analysis of different predictive techniques has not been
considered in the literature. Also, quality research is scarce, and a lack of scientific studies on the
estimation of trail width in Iran. The accuracy of the algorithms may differ for the mapping of trail width,
and the selection of the best model is important for decision-makers for maneuvering the natural
stability of the trail. On the other hand, considerable research has been devoted to the context of local
attractiveness for tourism and recreation (Khazaee Fadafan et al., 2022; Meshram et al., 2022) and
optimal-designed road network by MCDM-GIS approach in Iran (Talebi et al., 2019) rather less attention
has been paid to synthesizing knowledge on spatial optimization of recreational trails and role of human
mobility patterns on the degradation (Talebi et al., 2022).

A research gap is found in the context of trail width estimation, as no comparisons have been made
between multivariate machine learning models. The present study aims to assess the predictive
performance of three multivariate machine learning predictive models for the estimation of trail width
along the recreational trail of the Sarigol National Park and Protected Area (SNPP) and its optimization
of recreational trails. The findings of this study will provide a foundation of comparative analysis of
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machine learning algorithms for tourism researchers, and government officials to enhance land
management and tourism management.

2. Materials and Methods
2.1. Study Area

The present study was conducted in the the Sarigol National Park and Protected Area (SNPP) with an
area of 28,000 hectares which is divided into the national park and the protected area. This area is
located in northeastern Iran (Fig. 1) which is the part of the eastern extreme of the Irano-Anatolian
Biodiversity Hotspot (Mohammadi et al., 2021). Sarigol National Park was established under the Wildlife
Protection Act of 1974, by the government of IRAN under the name of “Shah Jahan Protected Region”.
After 1978, this area was renamed “Sarigol Protected Region”. Sarigol National Park covers an area of
6,000 hectares and falls under the International Union for Conservation of Nature (IUCN) category Il. On
the other side, the Sarigol protected area covers around 22,000 hectares area and belongs to IUCN
category IV protected area. In 1979, 20% of the area of the protected region (about 8000 hectares) was
separated for the protection of ecological value, which is completely preserved as “Sarigol safe region”
(Rahchamani et al., 2014). These semi-arid areas receive 273 mm of annual participation and the mean
annual temperature of the study area is 14°C. The elevation of the forest site ranges between 1234 and
3017 m above sea level (a.s.l.). AlImost all of the area is covered with mountains, valleys, hilly, and a
small area of the plain. The biodiversity of the area is considered rich due to the full conservation of the
region (Rahchamani et al., 2014) and also specific climatic features corresponding to the Mediterranean
or Irano-Turanian xeric-continental climate (Djamali et al., 2012). The Sarigol area has the potential to
develop an outdoor recreation economy. The public has the opportunity to come into the Sarigol area to
contact wildlife species through recreational observation.

2.2. Sampling and measurement procedures

Walking or hiking has been known as one of the most important recreational activities in the study area.
In this study, the measurement of the width of individual hiking trails was conducted on both the national
park and protected area by the researcher with two assistants from the Department of Environment of
IRAN along the popular tracks. Traditionally, measurement of the width of hiking trails is used by field-
based data sampling from different landforms. The large hiking trail sample size is ideal for statistical
analysis. However, this is not always doable because these field surveys can be time-consuming and
expensive. On the other hand, inadequate sample sizes influence the quality and accuracy of the model
(Kotrlik and Higgins, 2001). In this study, the Cochran formula is used to find the most suitable sample
size (Cochran, 1977). Based on the Cochran formula, the number of needed sample points was
calculated at 115 points at 0.09 acceptable margin of error. However, it is not possible to measure the
width for all 115 points due to time, budget, and other constraints. Therefore, three main hiking trails
were selected for width sampling which are located in the south of the national park, on the border
between the protected area and the national park, and in the north of the protected area (Fig. 1).
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A total of 20 sample points were selected among 115 samples based on time and budget and the width
of hiking trails was surveyed in the field. Locations selected along the hiking trails were sampled based
on the topographic and land-cover characteristics. The field survey made use of hand-held eTrex Garmin
GPS receivers with reasonable spatial accuracy of between 4 and 6 meters. The data were collected
from June to September 2015. The field survey produced a total of 50 valid observations.

The Google Earth app is one of the online mapping applications that provide users with interactive
mapping capabilities. This program is often used by academic users as an accurate and reliable geo
data source for referrals or basic maps, as well as easy access and a free-cost source of image
information (Ragheb and Ragab, 2015). Google Earth’'s imagery for the study area is available more the
recent years, having been used in January 2013. The width of the rest trail samples (n = 95) was
measured by the ruler tool of Google Earth Pro. These locations in a variety of geographic contexts were
selected from Google Earth satellite imagery. Figure 1 shows hiking trails produced by Google Earth. To
assess the efficacy of Google Earth’'s imagery-derived hiking trail widths, 20 hand-measured widths were
used in the field along the study area.

2.3. Model Input Variables and Descriptions

As the aim of this study is to use different data-driven methods to estimate hiking trail degradation, we
decided to not consider a large number of trail degradation predisposing factors, to minimize the
possible combination of information resulting from the factors overlay. By reviewing previous literature,
the most effective width of hiking trails predictors, a total of 9 independent variables including elevation,
Normalized Difference Vegetation Index (NDVI), soil type, slope length and slope steepness factor (LS-
factor), Channels, topographic position index (TPI), topographic wetness index (TWI), wind exposition,
land use, and elevation were selected in this study to construct a spatial database (Bryan, 1977; Marion
and Wimpey, 2007; Marion and Olive, 2006; Olafsdéttir and Runnstrém, 2013; Randall and Newsome,
2008; Sahani and Ghosh, 2021). The data sources and summaries of the predisposing factors
considered for the width of hiking trails assessment are shown in Table 1, and the spatial distribution
patterns of the influencing factors are represented in Fig. 2. Additionally, the predisposing raster factors
having different grid sizes were sampled at a 231 m resolution using the nearest-neighbor interpolation
technique to match the resolution with the NDVI data acquired from MODIS. Because gridded climate
data such as WorldClim lacks spatial detail, it is often needed to produce a new high resolution of
climatic variables that can be used at the regional scale (Kusch and Davy, 2022). In this study, Kriging is
used to interpolate data to coarse-scale precipitation data which can produce more accurate and reliable
estimates at local scales (Kusch and Davy, 2022).

Concerning duplicate sampling in one pixel of a base resolution (231 m) due to different scales of
sample and independent variables, it is expected that duplicate points in one pixel affect the result of the
statistical analysis. To overcome this problem, it has been a common way to calculate the width mean of
hiking trails of duplicate sampling in one pixel. From these procedures, 79 points of hiking trails, out of
115, were rarefied for the training set in the model (Fig. 1). This means 79 measurements are used to
have a confidence level of 95% that the real value is within £ 11% of the measured value. A total of 5317
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(98 rows by 87 columns) cells were obtained for the application of the three different statistical
approaches including Artificial Neural Networks, Support Vector Regression, and Gene expression
programming.
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Brief descriptions of the eight influencing factors considered in this study for the prediction of the width

Table 1

of hiking trails

Independent
variables

Elevation

LS-factor

TWI

TAP

Wind
exposition

Topographic
Position
Index (TPI)

Description of data

The elevation is a key variable
influencing the erosion rate of
hiking trails fact fewer visitors
can hike the trails at higher
altitudes as it is more
physically challenging and
instead, they choose an
enjoyable hike at lower
elevations which is the easier
and more accessible trails
(Olafsdottir and Runnstrom,
2013).

The L-factor measures the
effect of slope steepness, and
the S-factor represents the
impact of slope length. the LS-
factor shows the effect of
topography on soil erosion
(Panagos et al., 2015).

The TWI represents the
capacity of the landscape to
accumulate water and soil
moisture (Raduta et al., 2018).
The trail becomes much more
susceptible to degradation in
the areas where the soil is wet
or with a higher value of TWI
(Sahani and Ghosh, 2021).

Total annual precipitation
interacts with topography,
vegetation, rainfall, and other
environmental attributes to
influence trail conditions (Ng
et al., 2018).

Higher erosion rates on steep
trail slopes, and therefore
increased exposure to wind
erosion (Leung and Marion,
1996b).

Land cover features such as
valley bottom and open vistas
are preferred recreational trails
with visitors, however, they are
susceptible to degradation and
small perturbations of the
natural biogeochemical cycles

Data Source

Global Data Explorer (GDEXx), United States
Geological Survey (USGS) (Tachikawa et al.,
2011). The LS-factor is derived from the Digital
Elevation Model (DEM), at 30-m Resolution
ASTER Global Digital Elevation Model (GDEM).

LS-factor calculated from GDEM, V2, SAGA
software, Terrain Analysis, and Hydrology module.
Gridded continuous value at 30-m.

The TWI factor derived from DEM, at 30-m
Resolution ASTER Global Digital Elevation Model
(GDEM), SAGA software, Terrain Analysis,
Hydrology, Topographic Indices module. Gridded
continuous value at 30-m.

WorldClim database of global climate layers
(version 2), (Fick and Hijmans, 2017). Gridded
continuous value at 834-m.

Calculated from DEM, at 30-m Resolution ASTER
Global Digital Elevation Model (GDEM), SAGA
software, Terrain Analysis, Climate, and Weather.
Module Wind Exposition Index. Gridded
continuous value at 30-m.

Calculated from DEM, at 30-m Resolution ASTER
Global Digital Elevation Model (GDEM), SAGA
software, Terrain Analysis. Terrain Classification.
Module TPI-Based Landform Classification.
Gridded continuous value at 30-m.
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Independent
variables

Soil type

NDVI

Land use
coverages

Dependent
variable

Width of
hiking trails

Description of data

through human activities
(Santiago et al., 2008).

Some soil types are most
prone to particle erosion from
recreational trails. Higher
visitor rates readily collapse
soil structures and lead to trail
erosion (Olive and Marion,
2009).

Vegetation is the key variable
influencing the erosion rate of
trails (Magdalena Warter et al.,
2017). Recreational trails
cause more substantial
abrasion destruction to
vegetation, and roots (Olive
and Marion, 2009). Some plant
species such as dry
grasslands are highly resistant
to impact, which can minimize
impacts like trail spread and
trail widening. Conversely, trail
degradation occurs more
rapidly in open areas with less
resistant vegetation types
(Farrell and Marion, 2001b).

Land use has a direct effect on
soil degradation through
intense recreational use of trail
networks, compaction, and
trampling (Sutherland et al.,
2001; Tomczyk, 2011).

A total of 431 sampling sites

were collected from a variety

of geographic contexts. Point
vector format

Data Source

Soil type produced from maximum likelihood
classification of ASTER data image dated 2014
from digital soil map, National Synthesis Plan,
Natural Resources and Watershed Management
Organization, Iran. Kappa coefficient 0.56.
Gridded categorical value at 12-m.

20 years of MODIS-NDVI products were retrieved
by the AppEEARS portal
(https://Ipdaacsvc.cr.usgs.gov/appeears/).
Gridded continuous value at 231-m.

Land use type produced from maximum

likelihood classification of ASTER data image
dated 2014 from digital Land use map, National
Synthesis Plan, Natural Resources and Watershed
Management Organization, Iran. Kappa coefficient
0.82.

The geographic coordinates of each well have
been located by GPS.

2.4. Machine Learning Algorithms
2.4.1. Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is a subset of the machine learning approach that is applied for solving
both regression and classification problems to find complex relations between the dependent and
independent variables for the best result by a nonlinear function approximation algorithm (Jacinth
Jennifer and Saravanan, 2022). In the field of mathematical modeling, many forms of artificial neural
networks (ANN) such as radial basis neural networks (RBNN), multilayer perceptron neural networks
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(MLPNN), and generalized regression neural networks (GRNN) have been applied in several diverse
fields, including hydrology, agriculture and meteorology (Adab et al., 2020; Kisi, 2009). A MLPNN belongs
to a general type structure of ANN called a feedforward neural network. The ANN is usually implemented
by a set of processing units that are arranged in a layered feed-forward topology. MLP consists of two
layers (input/output), and the complexity of the network increases with the addition of hidden
interconnection layers (Ermini et al., 2005). The hidden layer shows the intermediary nodes that can help
the network learn more complex multivariate nonlinear relationships and improve its performance. A set
of nodes (neurons) is present in each layer, and each node is connected to nodes in the next layer with
parameters called 'weights'. During the training phase, the neurons in the MLP learn the optimal weights
for these connections using a learning process called the backpropagation algorithm, which minimizes
the error between the predicted data and the actual data by repeatedly adjusting the weight values of the
connections in the network. Once the learning algorithm is optimally adjusted, it can be used to make
predictions on new data. In this study, a three-layered, multiplayer perceptron ANN model, with
backpropagation algorithm was constructed by the Neural Network Toolbox of JMP V 10 software. The
input layer consists of nine input parameters (Fig. 2) and is fed to one hidden layer. The hyperbolic
tangent (sigmoid) function is applied to generate the transformation of a linear combination of the X
variables (Mohanty et al., 2015).

The boosting method was utilized to build the best-performing ANN model. The boosting method of the
Neural Network Toolbox of JMP is a set of boosting models and learning rates (Ling et al., 2021). The
model is trained by robust fit using the least absolute deviations to minimize the impact of outliers which
can be used for continuous responses (Ling et al., 2021). A squared penalty is considered to mitigate the
over-fitting tendency of the neural networks. The number of tours is set to different times to find a proper
fit for the data. Here, all of the tours converged by generating the model many different times for the best
fit to the data, representing there is no problem with local optima.

2.4.2. Support Vector Regression (SVR)

SVR is a kernel-based method of supervised learning that is a promising approach for both linear and
non-linear regression. The main idea of SVR is mapping input training variables data Xi from low
dimensional into the high dimensional feature space by the kernel functions. Constructing several
hyperplanes and a hyperplane with a maximum distance to the nearest training data point (called
support vectors) was selected as the optimal hyperplane. Maximizing the margin of separation between
the hyperplane and the support vectors can improve the generalization ability of the regressor. Kernels
help SVR to implicitly create the optimal hyperplane in the feature space (Shin et al., 2011). This feature
space can be formulated as a quadratic programming (QP) to find an optimized hyperplane that also
shows the non-linear relationship between input (independent variables) and output data (dependent
variables). Unlike neural networks, SVR creates global solutions, because SVR solves quadratic
programming (QP) problems and focuses on finding the optimum hyperplane and minimizing the training
error between training data and the e-insensitive loss function (Chen et al., 2017). In this study, the
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sequential minimal optimization (SMO) algorithm is used for solving the quadratic programming (QP)
problem.

An effective SVR model can be obtained by setting kernel-specific hyperparameters which are defined by
the user to get optimal regression accuracy and generalization performance. Common kernel functions
include linear kernel, and radial basis function (RBF). In this study, SVR was developed based on two
kernel functions to get the optimal kernel function. The radial basis function kernel requires two
hyperparameters to create a nonlinear hyperplane which includes the Cost penalty parameter and
Gamma curvature parameter. The linear kernel function used only the Cost penalty parameter to create a
linear hyperplane. The number of runs and the minimum and maximum values for the parameters of the
kernel were applied for the tuning of SVR by grid search method by SVM Toolbox of JMP V 10 software.

2.4.3. Gene expression programming (GEP)

Genetic expression programming (GEP) as a conventional statistical method can be classified as a ‘grey-
box model’ because it allows the model designer to control model structure and provides a better
conceptualization of physical phenomena in a symbolic and uncomplicated way (Jalal et al., 2021). A
GEP approach is one of the most intellectually compelling computational intelligence techniques based
on principles from Darwin’s evolution theory and Mendel’s genetics. A main advantage of the GEP
algorithm is their prediction using simple mathematical expressions, which yield reliability and improved
prediction efficiency (Igbal et al., 2022). In the present work, the GeneXproTools program (Version
5.0.3919) is applied to implement GEP models. The basic working mechanism of the GEP involves the
following steps (Jalal et al., 2021).

1. GEP modeling begins with a random generation of chromosomes of the initial population and the
Karva programming language which is a symbolic language for chromosome introduction is used
for introducing the chromosomes. The chromosomes and genes are composed of a head and a tail.
The head contains symbols that show both functions and terminals node, while the tail contains
only terminals node. The size of the head of the chromosome depends on the complexity of each
parameter, whereas the number of genes determines the number of sub-expression trees (sub-ETs)
of the model

2. In 2nd step, this developed length of chromosomes is fixed, so the chromosomes are simply
transformed into an algebraic expression. Each chromosome (gene) of GEP includes a fixed list of
terms, consequently, each term is represented by a function, including basic arithmetic operations
(+, -, %, /), Boolean logic functions (AND, OR, NOT, etc.), mathematical functions (cos, sin, In),
conditional functions (IF, THEN, ELSE), or other function categories to get the optimum GEP model.

3. The chromosomes are represented by ETs, which have a variety of shapes and sizes. Afterward, the
primary genetic operators are applied to each chromosome which consists of crossover, mutation,
transposition, and gene recombination (1-point, 2-point, and gene recombination) according to their
ratios. The process is completed when the stopping condition (highest number of generations or
best solution) is reached (Ferreira, 2002).
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4. The roulette wheel method (as well as greedy over the selection, ranking selection, tournament
selection, and elite strategy) is employed when the maximum number of iterations or favorite fitness
value is not met. Roulette wheel method and such that other methods select the viable
chromosomes of the first generation and continue to the next generation. This process would be
incrementally rewound for a specific number of generations or until finding the selection of the
optimal solution. There are three methods to represent GEP output, including the Karva language
(the gene language), Expression Tree (ET), and mathematical functions.

2.5. Tuning of hyper-parameters

Before the training phase, it is crucial to find the optimal set of hyper-parameters for machine learning
algorithms, which directly affects an MLs model performance. ML algorithms are tunable by recognizing
patterns in the training dataset and then predicting the output of the new dataset based on these
patterns (Pannakkong et al., 2022). Picking the right hyper-parameter values is unknown and tuning may
become a challenging problem and time-consuming to identify the right combination of hyper-parameter.
Manual hyper-parameters tuning involves experimenting with different sets of hyper-parameters
manually and then the value of the hyper-parameters is configured in the algorithm, the model executed
and the accuracy assessed. This trial and error process is repeated to compare the accuracy by
statistical evaluation metrics until the hyper-parameters that represent the optimal accuracy are chosen
(Palani et al., 2008). In this study, different hyper-parameter sets for ANN, SVM, and GEP and methods
were tried to make the models more accurate by trial and error process where several ANN, SVM, and
GEP models were developed by changing the parameter values, as shown in Table 2. In the case of ANN,
SVM, and GEP, the performance of these models is verified during the training phase by hold-back cross-
validation and statistical checks. K-fold is usually used for size-limited datasets because it employs
limited amounts of data to evaluate the performance of a predictive model efficiently (Ling et al., 2021).
Hold-back cross-validation was chosen because comparing the performances of models can be
obtained from the same validating data set. In this study, holdback randomly divides the data into the
training and validation (holdback portion) sets by shuffling method. Here, 30% of the original data were
held-back to prevent model overfitting from the ANN, SVM, and GEP models during holdback validation
(Beucher et al., 2017).

A wide range of metrics are available to compare the performance of the developed models
quantitatively; In this study, the Taylor diagram, Index of Agreement (D-index), and Kling-Gupta efficiency
(KGE) were applied to evaluate the accuracy of predictive models. Taylor diagram was used to
graphically see the precision of the modeled outcomes. In the Taylor diagram, a single point represents
simultaneously three statistical parameters of model output on a polar plot, namely, correlation
coefficient, root mean square error, and standard deviations. The point nearest to the observed data as a
reference point indicates the perfect predictive model (Kardani et al., 2022). The index of agreement
statistic criterion does not measure the correlation between two variables. Instead, it is designed to
measure the agreement to which the model predictions match exactly the observed data with no
proportionality (Aarnio et al., 2018); but, it is influenced by extreme values due to the squared
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differences. KGE is a reliable goodness-of-fit statistic to overcome the limitations of the Nash-Sutcliffe
efficiency (NSE). The KGE varies on the range - to 1 and higher values of KGE show a better agreement
between predicted values and observations.

Page 12/32



Table 2

Machine learning models and hyperparameter combinations are used in the manual hyperparameter

search.

Model

Artificial Neural Network
Boosting algorithm
Activation function
Configuration of the network
Fitting method

Penalty method

Number of tours (local optima)

Support Vector Regression
kernel function

Cost penalty parameter, Gamma
curvature parameter for RBF

Cost penalty parameter for Linear
Number of Runs

Gene Expression Programming
Chromosomes

Genes

Head size

Genetic operators

Linking function

Function set

Mutation rate

Inversion rate

Constants per gene

Data type

Lower bound

Upper bound

Hyperparameters

Number of models = 10 Learing rate = 0.1
hyperbolic tangent (sigmoid)

3 neurons in 1 hidden layer

Robust fit, Least Absolute Deviations (LAD)
Squared

200; All 200 of the tours converged on the best fit to the data,
showing there was no problem with local optima.

Radial basis function (RBF), Linear

Min=0.01; Max = 5; Best Cost=4.92 ; Min=0.001 ; Max =
0.5; Best Gamma=0.27

Min=0.01; Max=5; Best Cost=0.0145
40

40

10

14

Optimal evolution
Avg2

+, —, X, ¥, Exp, Ln, Inv,X2, 3Rt, Tanh, Atan
0.00138

0.00546

20

Floating type

-10

10
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2.6. Least Cost Path Analysis

The Least Cost Path Analysis (LCPA) is a GIS-based spatial optimization technique that allows
environmental designers to find the “lowest cost” path to connect the source and the destination within a
cost surface by Dijkstra Algorithm (Yu et al., 2003). Selecting an optimal path based on the width of
hiking trails as a cost surface is the first step in path design which is described in Table 1. The cost
surface is shown by a grid map in which each pixel involves the width of trails as a cost that represents
how “expensive” it is to pass through that pixel. The accumulated cost surface is calculated from the
cost surface, by computing the cumulative cost of each pixel from the source point. An optimal path
between a source point and the destination point is traced down on the accumulated cost surface, by
searching among the starting point's neighboring pixels, which has the lowest accumulated cost value
(Albert and Sdarkozy, 2021) towards the destination point. In this study, the accumulated cost surface and
the least-cost path are implemented using the Optimal Path as Line (OPL) tool in the Arc GIS Pro
platform. The details of the proceedings are presented by de Lima et al. (2016). In this study, the start
and endpoints of the existing trails within the study area were considered as source and destination
points with start points are rural areas (Eyzi) and two endpoints for camping sports in mountain areas
and Bedvaz Dam (Fig. 7). The least-cost path from the start point to the destination has been calculated
for the optimal hiking trail after considering hiking trail width as cost surface.

3. Results
3.1. Results from Input Variables

Table 2 presents the summary statistics for each of the input parameters including the normalized
interquartile range (nIQR), Shapiro-Wilk normality test, and Grubbs outlier test for the training datasets as
well as the validating datasets. nIQR is a robust method for estimating symmetric and skewed
distributions (Huang et al., 2022). The results showed that most of the data sets represented a slight
asymmetric distribution. From the results, about 60% of data presented a normal distribution and,
approximately, 14% (LS- data sets) indicated outliers, according to Jarque-Bera and Grubbs tests at a
significance level of a =0.05, respectively. Moreover, the mean values of training and validating datasets
show these tend to be close to each other. These results support the use of ANN, SVR, and GEP for the
width of hiking trails analysis over the traditional statistical methods since neural networks are free of
any statistical assumptions.
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Table 1

Descriptive statistics (Quantitative data) for the hiking trail width and
potential predictors.

Statistic Min Max Mean nIlQR Jarque-Bera Grubbs test
WHT-T 45.0 165.0 101.7 51.0 0.068 1.00
WHT-V 60.5 165.0 117.4 43.8 0.487 1.00
WEI-T 085 1.22 1.01 0.08 0.285 0.67
WEI-V 0.88 1.12 1.01 0.06 0.753 0.73
TWI-T 4.4 15.9 7.8 2.1 0.008 0.09
TWI-V 4.5 13.5 7.2 1.3 0.032 0.04
NDVI-T 0.00 0.26 0.17 0.06 0.116 0.14
NDVI-V 0.01 0.31 0.17 0.05 0.843 0.29
LS-T 0.0 276.5 25.7 14.3 <0.0001 <0.0001
LSV 0.3 83.0 22.2 16.3  0.007 0.01
AP-T 321 368 344 11 0.822 0.59
AP-V 324 365 345 8 0.840 1.00
DEM-T 1257 2854 1845 353 0.005 0.84
DEM-V 1253 2759 1810 224 0.027 0.11

As the computed p-value is greater than the significance level alpha = 0.05, one cannot reject the null
hypothesis HO. HO: The variable from which the sample was extracted follows a Normal distribution and
there is no outlier in the data.

3.2. Implementing Machine Learning Models

The training set constructed was used for training the models. Then, the whole predictor dataset of the
study area is applied as inputs for the deployed model to generate the estimation of width hiking as trail
degradation index for the study area, as shown in Fig. 9. The estimation of width hiking was classified by
the natural break into five classes (Very low, Low, Moderate, High, and Very high). The natural break
method detects breakpoints statistically by picking the class breaks with relatively large jumps in the
data values that best group similar values and maximize the differences between classes. The “Very low”
trail degradation class area is represented by a dark blue color, and the “Very high” trail degradation class
area is characterized by a crimson color. The colors changing from cold to warm represent that the trail
degradation increases gradually.

Moreover, a histogram was drawn to provide details on the frequency of hiking pixels within each model
in Fig. 4. It is observed that the majority of the grid cells for all models are located between 60 and 140,
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respectively. It can be also seen that the spatial distribution of both GEP and SVM-RBF are the same and
concentrated in the middle of the histograms. It is clear that the grid cell distributions of the GEP model
are much wider and dispersive than the ANN and SVM models. By comparing the histogram between the
four distributions (Fig. 4), we can see that the distribution of the SVM-liner model is much narrower than
the others.

3.3. Model Validation and Comparison

The performance of models for the training and validating dataset is represented in Table 2. From the
validating datasets, it showed that the ANN model has achieved the lowest values of MAE (17.64), and
MAPE (14.1%) in predicting width hiking. It is important to note that, although the SVM-RBF model using
the validating dataset has the best performance in terms of the logarithmic error (RMSLE) AUC (0.06), its
performance in terms of MAE and MAPE is greatly inferior to that of the ANN selected model. Combined
performance results represent that the ANN exhibited the highest performance rate value than the other
machine learning models in predicting width hiking.

Table 3
Accuracy assessment of hiking trail width estimated by ANN, SVM, and GEP
models
MLs Dataset RMSLE MAE MAPE D-index KGE
ANN Training 0.26 18.25 21% 0.74 0.67

Validation 0.08 17.64 14.1% 0.67 0.6
SVM-RBF Training 0.25 3.90 4.5% 0.94 0.92
Validation 0.06 2113 19.4% 0.61 0.42

SVM-Linear Training 0.32 2585 28.3% 0.63 0.32
Validation 0.11 2895 23.7% 047 0.27
GEP Training 0.04 1895 20.8% 0.73 0.61
Validation 0.17 3224 27.8% 0.41 0.35

In addition, Fig. 3 shows a more quantitative graph of the agreement between model predictions against
observed (reference) values which is obtained from the Taylor diagram using three different statistical
parameters for validating the dataset. From Fig. 3, the statistical parameters used in the Taylor diagram
are Pearson correlation coefficient (r), RMSE, and standard deviation. The observed hiking trail width is
shown as the reference red point where the correlation is 1 and the centered root mean square error
(CRMSE) is 0. The red line shows the standard deviation of the reference point. The SVM-linear, SVM-
RBF, ANN, and GEP are located on the left of the red line. The result indicated that the hiking trail width
has a high variation from the mean, while the ANN near the line shows a similar variation with the
observed data. For more information, the Taylor diagram is the correlation between the hiking trail width
predicted values and observation values. The ANN method is located between 0.6 and 0.65 sectors and
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has a higher correlation than other models. The GEP is in the sector of 0.38 and has the lowest
correlation. The SVM-linear and SVM-RBF are located in the sector of 0.43 and 0.54, respectively. The
diagram represents information on the reliability of the modeling by attaining RMSE, which was
expressed with color contours. The ANN is in the 29.8 cyan contour, which shows that the ANN method
has the most reliable modeling process. The GEP is located on the yellow contour with an RMSE of 35,
which indicates that a large average error is generated during the modeling process. Overall, the results
showed that the ANN method had a higher accuracy for the validation dataset in predicting and spatially
mapping hiking trail width for the study area.

3.4. Relative significance of predictors

A sensitivity analysis was performed to measure the importance of predictor variables in the ANN model
(Fig. 6). Total effect as an importance index was used which represents the relative contribution of the
predictor variables both alone and in combination with other predictor variables. Among all predictor
variables, Slope Length Factor, Soil Types, and NDVI were the strongest predictors of hiking trail width in
the ANN model, with relative importance values ranging from > 20 to 27%. The important predictor
variables represent the variation in the factor that causes high variability in the hiking trail width, then
that effect is important relative to the model (Fig. 6). The total effect of the rest parameters is less than
15 percent in the ANN model.

3.5. Least-Cost-Path analysis for the selected area

Figure 7 provides a close-up view of the existing hiking trail and the least-cost path as the hiking trail
alternative on the hillshade map to reveal its real structure. The cost surface pixel values ranging from
40cm to 155cm were calculated according to the ANN model. The hiking trail alternative has the lowest
cost in terms of trail width that connects three locations using accumulated cost surface that is
determined by considering ANN estimation of hiking trail width as degradation index. The suitable hiking
trails are shown in green and blue, and the existing hiking trails in red. Overall, the newly generated ANN-
based hiking trail, and the existing hiking trail show a similar trail in some areas. The least cost path
distance was 14.6km with an elevation gain of 1596m while the existing hiking trail distance was 16.4km
with an elevation gain of 1445m. The difference of 151m between the existing hiking trail and the
alternative was noticed and this would also go a long way in reducing the degradation of the hiking trail
to be used if the alternative hiking trail as found by the least cost path method is to be followed.

4. Discussions

The result of this study shows that hiking trail width predictive machine learning techniques were a
valuable tool for identifying susceptible zones in terms of erosion and deposition of soil and increasing
human trail degradation. As described in the methodology section, three types of machine learning
algorithms are applied to databases separately. Among all three machine learning techniques, ANN is
found to be the most promising model to predict hiking trail width because of its ability to learn
enormous volumes of data without depending on the scale of measurement and also the way data are
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arranged (Taye, 2023; Yesilnacar and Topal, 2005). The superior performance of the ANN is linked to the
complex computing capabilities of the algorithm structure through model training (Khan et al., 2022).
Theoretically, modern machine learning techniques could be considered a technique to make highly
predictive accuracy, however is not grunted that these techniques always offer the best result because
the performance of each algorithm largely depends upon the variety of hyper-parameters, settings, and
configurations which are typical for their general applications are chosen (Merghadi et al., 2020). Sahani
and Ghosh (2021) used logistic regression (LR), decision tree (DT), and random forest (RF) for spatial
prediction of recreational trail susceptibility. Comparing their results showed that LR indicates better
overall performance as compared to DT and RF. As seen from Table 3, the SVM-RBF model has higher
agreement than ANN and GEP in model calibration, however in the model test phase, the agreement of
ANN is much higher than SVM-RBF, and GEP indicating ANN model is often superior in generalization
ability. It was discussed that ANNs have self-learning non-linear abilities that allow them to produce
better performances as more data becomes available (Kumar et al., 2021). Theoretically, the GEP model
could be considered a technique to make highly predictive accuracy, but it has the highest capability to
overfit which represented in Table 3.

Based on the findings of important hiking trail width factors, it was found that slope length factor, soil
type, and NDVI are consistently recognized as the most important factors for the ANN model that
influence the trail degradation occurrences in the Sarigol Protected Region. This finding demonstrates
that the slope length factor was an important factor that influenced hiking trail width, which is in line with
the findings of Wimpey and Marion (2010), Olive and Marion (2009). Among environmental factors, soil
type was the most robust determinant of hiking trail width. This result is consistent with other studies
that soil texture is the main factor that significantly affects the sustainability of a trail (Marion and
Wimpey, 2017). The results of this study represent that NDVI is highly related to hiking trail width. Similar
to the study by Sahani and Ghosh (2021) NDVI and vegetation type have the highest influence on the
occurrence of susceptible trails. Additionally, TPI landform elements act as a softening mediator, which
increases the probability of soil loss occurrences over the study area. Additionally, this finding found that
TPl was an important factor in trail erosion with valley positions eroding more than mid-slope and ridge
trails, which also agrees with Dixon et al. (2004) and Olive and Marion (2009). From the aforementioned
analysis (Fig. 6), it can be noted that other predictors do not play a crucial role in hiking trail width,
however, these factors are likely influenced on hiking trail width by a combination of flooding-related
erosion periodically (Olive and Marion, 2009). The findings from Fig. 7 demonstrated that the identifying
trail was well established by combining the least-cost path algorithm with GIS-based land suitability
data. Moreover, trail design can assist us in identifying the most significant physical and natural features,
which can help hikers in cognitive learning across the trail and increase their awareness of
environmental problems. Concerning hiking trail width as a degradation index, the findings of this study
emphasize the importance of trail design through the least cost path algorithm and replacing them with
existing trail segments that could face substantial degradation routing when possible (Meadema et al.,
2020; Sitzia et al., 2014). These finds could be indicative clues for the future trail design, which also
agrees with Li et al. (2005) for tourism management.
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5. Conclusions

Recreational trail susceptibility assessment is a key step in reducing trail degradation risk in an arid
environment, especially for the restoration of natural protected areas which is achieving an adaptive
balance between the conservation of nature and recreational opportunity. This paper represents a
comparison of three machine learning algorithms for the estimation of hiking trail width as a trail
degradation index based on the ANN, SVR, and GEP methods. Overall, the ANN model has the best
performance, followed by SVM RBF. The GEP model is simple and easy to implement but does not have
good generalization capabilities and tends to overestimate the hiking trail width for test sets to show a
higher level. The highest errors, in both the SVM linear and the GEP models, were obtained for the hiking
trail width where the GEP was predicted with the highest errors, representing more difficulty to apply it
for very high-dimensional data. The results of this paper represent that four factors have better predictive
ability, namely slope length, soil type, NDVI, and landform (topographic position). Other factors can be
retained in the model because of the correlation, which can be formulated nonlinearly from way of the
artificial neural network (ANN) model. For the study area, it can be seen from the hiking trail width map
as a degradation index that the southwest part of the study area is highly prone to mine degradation due
to slope, landform, climate, and vegetation conditions. Often, hiking trails are constructed to provide a
path into natural areas that notably serve as a guide for hikers while also providing a sense of security
and civilization. Surface erosion through trails that are already established can make a financial cost to
operational organizations. Analysis of the results from the study area suggests that designing trails by
Least Cost Path Analysis in GIS is beneficial and park managers can use it to minimize disruption of
delicate ecosystems such as arid environments.
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Figure 1

a) The study area in Northeast Iran, the Sarigol National Park and Protected Area (SNPP) b) hiking trails
provided by Google Earth
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Figure 2

The spatial patterns of influencing factors on the width of hiking trails. (a): Land use coverages; (b):
Landform classes (TPI); (c): Annual precipitation; (d): MODIS NDVI data; (e): Soil types; (f): LS-factor (The
pixel size of data is same as original data). The spatial patterns of influencing factors on the width of
hiking trails. (g): Wind explosion index; (h): Topographic witness index, (i): Elevation (The pixel size of
data is same as original data).
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Figure 3

The estimation of hiking trail width as degradation index of SNPP derived through machine learning

models
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Figure 4

Histograms of the spatial distribution of the estimation of hiking trail width pixels as trail degradation
index of SNPP derived through machine learning models
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Performances of different models with Taylor diagram. The color line shows RMS
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Figure 6

Importance of predictor variables as identified by the ANN model. The total effect of the predicting
factors, with a higher value showing a greater significance attributed to the model.
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Figure 7

The existing hiking trail was used to identify the start point and destination point of the study area
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