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sustainable development and guiding infrastructure investment across regions.
This research presents a machine learning approach to assess and demarcate
ecotourism suitability zones (ESZs) in Odisha using two machine learning
ensembles: CatBoost and Model Averaged Neural Network (MA-NNET). The
classification framework divided the state's landscape into four tourism

Published: 01/01/2026 potential categories (Very High, High, Moderate, and Low) based on several

physical and social criteria. Both models achieved comparable accuracy,
precision, recall, F1-score and AUC-ROC values with the training and test sets;
however, CatBoost scored a marginally better consistency between training
and testing performance. CatBoost spatial output revealed that more than half
the area of the state has a high and very high potential as ecotourism zones.
Approximately 31.44% of the total area was categorized under the moderate
ecotourism potential class, and the remaining 13.31% of area was classified
under the low ecotourism potentials. SHAP analysis revealed that relief and
relative relief are the most influential features driving model decisions in both
MA-NNET and CatBoost. The study highlights the usefulness of machine
learning algorithms in regional tourism planning and provides practical results
to the development of data-driven policies and sustainable sectoral
development (specifically SDG 8 and SDG 11) in Odisha.
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1. Introduction

Tourism is defined as the temporary movement of people from their usual place of residence to destinations outside
their everyday environment—for purposes such as leisure, business, or other activities—along with the services and
facilities provided to support their needs during the visit [1][2]. Out of this broad definition emerges ecotourism with
the specific interest in responsible traveling in the natural environment while conserving the ecosystem, promoting
the well-being of the local population, as well as involving educational and interpretive aspects [3-7]. On the same
note, ecotourism is widely perceived as visiting comparatively undisturbed or unpolluted natural regions with the
express purpose of studying, admiring, and appreciating the landscape, and any cultural manifestations that may be
present in the regions [8][9]. Ecotourism has proved to be a type of sustainable tourism that entails environmental
accountability besides social-economic engagement of host populations [10][11]. To elaborate further, an ecotourism
suitability zone refers to a geographical area that has been identified as “appropriate” for the development and
promotion of ecotourism projects, where natural attractions are available, the environment is ecologically sound, and
the area is culturally significant and accessible [4][12]. While the concept plays a crucial role in guiding sustainable
land use planning and minimizing negative environmental impacts, research on ecotourism suitability areas remains
limited despite the extensive bibliometric interest. This gap highlights significant opportunities for advancing both
scientific inquiry and practical applications in sustainable tourism management.
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Historically, eco-tourism planning and site selection processes have been predominantly based on anecdotes, expert
opinions, and a qualitative assessments [13]. These traditional approaches provide valuable information based on the
local knowledge, understanding of the culture, and experience, and in many cases, it allows the planners to notice the
context-relevant peculiarities that a strictly quantitative model may fail to identify [14][15]. Nevertheless, in spite of
their merits, such methods are characterized by inherent limitations associated with subjectivity, lack of consistency
and limited scalability [16][17]. With the complexity of tourism systems (including multifaceted interactions between
environmental, social, economic, and infrastructural dimensions), these conventional methods have become
ineffective to describe and analyze the complexity of the spatial dynamics of sustainable tourism planning [18][19].
The increasing sophistication of contemporary tourism implies that it requires the incorporation of caliber analytical
and quantitative models that can offer objective and quantitative information for the identification of potential
tourism areas with a high level of feasibility and sustainability [20][21]. Such models can provide a more systematic
and replicable way of evaluating tourism potential over large geographical regions by including geospatial
technologies, multi-criteria decision-making frameworks, and modern data analysis algorithms [21][22]. Lack of these
techniques in the past has mostly led to an ineffective exploitation of tourism resources, haphazard and
uncoordinated development programs, and poor allocation of infrastructure growth in tourist areas, ultimately
limiting the competitiveness and sustainability of the tourist destination in the long term.

There are several Multi-Criteria Decision-Making (MCDM) frameworks [such as Analytic Hierarchy Process (AHP),
Analytic Network Process (ANP), TOPSIS] and machine learning models that are already applied in the field of tourism
[23][24]. Although MCDM techniques are common in the ecotourism suitability zone demarcation, they suffer from
various limitations. Conventional MCDM techniques may oversimplify complex ecological, social and cultural
interactions, reducing them to linear or numeric scale without considering the interconnected nature of the natural
systems [25][26]. Moreover, their results are dependent upon the data quality rendering them resolution-sensitive
and unsatisfactory in managing uncertainty or fuzziness in ecological and socio-economic data [27][28]. Additionally,
scaling and weighting inconsistencies, failure to consider the spatial relationships (connectivity and autocorrelation)
and absence of sound validation processes also diminish the reliability of the results [29][30]. As a result, although
MCDM provides a systematic scheme of inclusion of a variety of criteria, its application in the ecotourism suitability
mapping is constrained without the integration of complex spatial and machine learning methods.

The combination between Machine Learning (ML) and the development of Geographic Information Systems (GIS) has
revolutionized regional and ecological planning [31][32]. It has been shown that the ML models can be effectively
used to identify and classify complex patterns in large and heterogeneous data, and produce highly accurate
predictions and detailed classifications on a variety of spatial and environmental levels [33][34]. Machine learning
models can broadly be classified into five categories [35]; supervised learning, unsupervised learning, semi-
supervised learning, reinforcement learning and deep learning. Supervised learning (i.e., SVM, Decision Trees, Linear
Regression) is the process of training models using labeled data to offer predictions or classifications, and the
advantages are high accuracy and interpretability in structured problems, but disadvantages are that it requires large
labeled datasets and it can be easily overfitted [36]. Unsupervised learning (e.g. K-means, Hierarchical clustering) is
applicable to cluster and reduce dimensions in unlabeled data, and is also used to find hidden patterns or structure in
unlabeled data, but its key drawbacks are that it is hard to assess performance, and the results are not as interpretable
[37]1[38]. The semi-supervised learning algorithm (e.g. semi supervised SVM, Self-training) balances both performance
and data efficiency by using small quantities of labeled data and large quantities of unlabeled data but may also
perform poorly when labeled data are not representative or when the assumptions concerning the unlabeled data are
violated [39]. Reinforcement learning aims at training agents to produce a chain of decisions by rewarding desirable
behaviors, which is very effective in dynamic and interactive tasks such as robotics or gaming, and has disadvantages
such as high computational cost, tuning complexity, and training instability [40,41]. Lastly, deep learning, a branch of
machine learning based on neural networks with numerous layers, is particularly useful at learning complex
representations of raw data (images, audio, and text) to a high level of accuracy and automation of feature extraction,
but suffers from significant weaknesses of high resource consumption, large data sets, and non-explain ability of
decisions (the black box problem) [42-45].

The strengths of ensemble models, a type of model that follows the results of other multiple models, can counter most
of the weaknesses of the conventional five machine learning categories [46][47]. Ensemble methods achieve much
better generalization, robustness and overall prediction accuracy by combining the performance of many diverse
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learners through bagging, boosting, or stacking techniques [48][49]. Their capability to diminish the bias and
variation of overfitting, which is a prevalent occurrence in supervised and deep learning models, through the
smoothing of errors [50][51]. They also reduce the effects of bias since different model perspectives are included,
resulting in more stable and reliable outcomes even in the case where a particular model is noisy and biased [52][53].
Contrary to unsupervised or semi-supervised models, which might not be able to handle ambiguity in data labelling,
ensembles have the power to utilize several learners to capture unknown patterns and relationships [54]. Moreover,
ensemble methods can be used to achieve a more balanced and interpretable structure where reinforcement learning
or deep models demand large amounts of computation, or are not easily interpretable, through a combination of
simpler models to achieve decent predictive performance [55][56]. In general, the power of ensemble models is that
they can utilize the power of collective brain of several algorithms, enhancing accuracy, stability and resilience to
various types of data and learning tasks [57][58].

Gradient boosting, especially the CatBoost, which is able to handle both categorical and numeric data efficiently, can
be of particular use in ecotourism suitability assessment since it is capable of processing a wide range of
environmental variables, including land cover, elevation, climatic conditions, accessibility, and biodiversity, without
needing a complex preprocessing [59][60]. It is best suited for complex tasks where ecological and socio-economic
factors can heavily affect site suitability due to its efficiency in dealing with nonlinear relationships and interactions
between variables [61][62]. In addition, CatBoost reduces overfitting and bias through the use of ordered boosting
and automatic regularization, which makes the predictions more stable and interpretable in different landscapes
[63][64]. Conversely, The Model Averaged Neural Network (MA-NNET) is a combination of various neural network
models, which leads to averaged predictions increasing certainty and decreasing variance which would come with the
use of only one model [65]. Combined, these models offer a better, fact-based basis to the appropriate identification of
the best locations to develop sustainable ecotourism, and to facilitate informed decision-making that will be able to
balance between conservation goals and tourism opportunities. However, till now, there is hardly any research paper
focusing on these models in the context of ecotourism.

Odisha is situated along the eastern coast of India and bordered by Chhattisgarh, Jharkhand, West Bengal and Andhra
Pradesh to the west, south, north and east respectively, with 480km long coastline on the Bay of Bengal (Fig. 1). The
various scenery of the state, such as plateaus, fertile hills, and beaches render it a lively tourist destination [66][67].
The Odishi tribal culture, art, and festivals like the Chaiti and Parab Tribal Festivals, specifically in Koraput, Malkangiri
and Rayagada, are very popular among the visitors [68]. The state is famous with its abundance of handcrafts such as
the Bolangir blankets, elaborate Pattachitra paintings, silver filigree jewelry, and old fashion handloom weaving such
as Sambalpuri and Ikat weaving [69][70]. The major tourist attractions of Odisha are Puri, Chilika Lake, Similipal,
wildlife reserves including Satkosia Gorge Sanctuary, Bhitarkanika, Nandankanan and Similipal National Parks.
Nandankanan and Similipal, which were declared national parks in the 20t century, are known for their biodiversity
[71]. It is interesting to note that, Odisha has a high potential of eco-cultural tourism as Similipal is a world-renowned
tiger reserve, and a UNESCO Biosphere Reserve [72]. However, ecotourism suitability zone has not been delineated for
Odisha till now. Thus, the objective of this research is to demarcate the ecotourism suitability zone of Odisha using
diverse machine learning techniques especially CatBoost and MA-NNET models.
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Figure 1. Location of the study area
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2. Methodology
2.1. Data collection

In this phase, a tourism inventory map was prepared [73]. This process relied on wide field observation, Google Earth
Imagery, and support of Global Positioning System (GPS) to allocate 415 points. Out of the 415 tourism points
identified, there were 162 points (non-tourism points) and 253 points (tourist location). The tourism points are those
which are predominantly qualify as any geographically distinguishable site, location, or establishment which mainly
serves to attract tourists owing to its cultural, religious, historical, recreational, natural or commercial interest. In that
case, there are also many attractions that will make up tourist points: religious spots (e.g. Buddhist temples,
Gurudwaras, Masjids, and Churches), hospitality and leisure venues (e.g. hotels and restaurants), commercial zones
(e.g. malls and shops), sports and recreational places (e.g. sports complexes and stadiums), and natural or wildlife
reserves (e.g. national parks and sanctuaries). All these places together form the contribution to the tourism
landscape as they attract visitors to have various experiences, which in line with the greater conception of tourist
attractions by being sites that inspire travel and visitation [74][75]. On the other hand, non-tourist points are those
which do not satisfy any of the above conditions. The geocoding of the aggregated tourism inventory points was done
using ArcGIS 10.4 software and randomly divided into 80:20 (training:testing) datasets.

2.2. Enumeration of data

The potential of tourism in the research area is assessed according to various environmental and infrastructural
criteria that are obtained based on the open-source geospatial data and remote sensing products (Table 1). Out of the
data collected from the Shuttle Radar Topography Mission (SRTM DEM, 90 m resolution), relief, relative relief, and hill
shade has a positive relationship with tourism, since changes in elevation and landscape attractiveness usually
contribute to the scenic value and attract tourists. In contrast, dissection index, terrain ruggedness index, and
topographic position index, exhibit a negative correlation with tourism, since extreme ruggedness and landform
dissection may inhibit the creation of

tourism-related facilities. Climatic and Table 1. Sources of data

ecological variables including, the Relationship
temperature condition index (TCI), and Criteria Source of Data with
vegetation condition index (VCI), obtained tourism
through the NOAA NESDIS STAR Relief (RL) Positive
Repository  (4-km  resolution, 7-day  Relative relief (RRL) Positive
composite data) demonstrate a systemic Aspect (AS) Positive
effect, with the bad conditions of -
temperatures  limiting the tourism Hill Shade (HS) SRTM DEM (USGS earth Positive
potential, whereas healthy and dense pjgsection Index (DI) explorer)-Resolution: 90m ~ Negative
vegetation cover has a positive effect, Terrain Ruggedness -
increasing the natural attractiveness and Index (TRI) Negative
promoting the ecotourism potential. To Topographic Position .
derive the TCI, Satellite Meteorology and Index (TPI) Negative
Climatology (SMCD) (an ongoing project NOAA NESDIS STAR Repository

of NOAA NESDIS STAR Repository) uses Temperature (4-km spatial resolution, 7-day Negative

the radiance measurements of AVHRR in Condition Index (TCI) composite data- Region
the 10.3-11.3 um range and that have averaged data) (Link)

been converted 1n.to brightness NOAA NESDIS STAR
temperature (BT) following the complete
removal Of_ high freq.uen.cy noise. SMCD  Vegetation Condition resolution, 7-day composite Positive
operates with BT, which is an anomaly of Index (VCI) )

) X data- Region averaged data)
the 25-year climatological mean, based on (Link)

Repository(4-km spatial

biophysical principles: law of minimum,

) ) Road and rail density
law of tolerance, and carrying capacity.

(RD) Google Earth Pro (Digitization) Positive

Calibrated radiances obtained prior to
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and following the launching are calculated to get the Vegetation Condition Index (VCI) which are converted to the
noise-free Normalized Difference Vegetation Index (NDVI) using visible (VIS) and a near-infrared (NIR) band values:

NIR — VIS

NDVI = SR VIS

Tourism development is highly supported by road-rail density (Infrastructure). Road and rail layers were digitized in
the Google Earth Pro and then those layers were added to ArcMap 10.4. Taken together, these criteria serve to
highlight the interdependence of the terrain, climate, ecology and infrastructure in influencing tourism
appropriateness with each playing either a positive or negative role in the dynamics of tourism as a whole.

2.3. Assessment of nature of data

First of all, the nature of data was assessed using the descriptive statistics and boxplot to identify the potential
outliers. Then, the distribution of the data was checked.

2.4. Transformation of data

Power transformation and robust scaling were applied to the original datasets. A power transformation was used to
transform data and stabilize the variance, reduce skewness, and make the distribution of the variables more
symmetric or closer to normal [76]:

A

y
y» =77 A#0
In(y), =0

Where, (y>0) is the data, and (A) (the power parameter) determines the strength and direction of the transformation.
When A=1, the data remain unchanged; when A=0, the logarithmic transformation is applied; when A=0.5, it
corresponds to the square root transformation; and when A=-1, it becomes the reciprocal transformation.

The Box-Cox transformation assumes all data are strictly positive. For data that include zeros or negative values, a
modified approach known as the Yeo-Johnson transformation was used as follows [74]:

+Dr -1
( % y=0,A+#0
y@ = In(y +1), y=0,A=0
YD1 g
l Z_A 4 y )’
—Iln(-y+1),y<01=2

The transformations are especially useful if the raw data are skewed. For example, right-skewed data (long tail to the
right) transformation using a logarithm (A=0) or square root (A=0.5), which compresses large values more than small
ones. On the other hand, left skewed data may need reciprocal or negative power transformations. By selecting an
appropriate power transformation (often estimated by using maximum likelihood), normality and variance
stabilization are improved, thus improving the validity of parametric statistical methods and predictive models.

Robust scaling is a data pre-processing technique that is used to normalize features and minimize the impact of
outliers [75][76]. Unlike standardization (which rescales the data using the mean and the standard deviation) or min-
max scaling (which rescales using the minimum and the maximum), robust scaling uses statistics that are less
sensitive to extreme values: the median and the interquartile range (IQR) [77]:

_ x— Median(X)
~ IQR(X)

where x is the original value, Median(X) is the median of the feature distribution, and IQR(X)=Q3-Q1 is the
interquartile range, computed as the difference between the 75t percentile (Q3) and the 25t percentile (Q1). This

r
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scaling moves the data around zero, by subtracting the median, and scales the data based on the spread between
numbers defined by the IQR.

2.5. Feature selection
2.5.1. Checking correlation-coefficient

In statistical learning and predictive modelling, correlation-based feature selection is often used as an initial
dimensionality reduction method in order to improve model interpretability and efficiency [78][79]. The method
consists of calculating the strength of association between each predictor and the outcome variable by quantifying the
correlation coefficient between the two, in the case of continuous outcomes Pearson's correlation, or point-biserial
correlation for binary outcomes. Features with small or no correlation with the target are usually discarded as they
are considered to have low predictive value. Furthermore, the method incorporates redundancy by considering inter-
feature correlations; when two predictors show a high linear correlation (i.e. |r| > 0.8), one of them can be removed in
order to reduce multicollinearity, which can bias the estimation of the model and inflate variance.

2.5.2. Mutual information-based feature selection

While correlation coefficients provide an intuitive criterion for feature selection that is computationally efficient, they
only capture linear dependencies and neglect non-linear and/or interaction effects. As a result, correlation-based
feature selection is usually combined with more advanced methods like mutual information (MI) or embedded model-
based methods to obtain a parsimonious and robust feature set. Features selected by the MI-based method are those
that exhibit the highest statistical dependency with the target variable, quantified as follows [80][81]:

p(x,y)
1Y) ‘erxzye Plog e

where, X represents a candidate feature, Y is the target, while p(x,y), p(x) and p(y) are the joint and marginal
probability distributions, respectively, capturing both linear and nonlinear relationships that traditional correlation
measures might miss. By maximizing mutual information, the selected features provide the most predictive power
while minimizing redundancy, often through criteria such as Max-Relevance Min-Redundancy (mRMR), which
balances high relevance I(X;;Y) with low redundancy:

1

mijesl(Xi;Xj)

among already chosen features S, ensuring that each new feature contributes unique information. This regularization
is especially well suited to high-dimensional datasets, where irrelevant or correlated features can negatively affect
model performance and increase computational complexity [82][83]. MI-based selection improves model
generalization by selecting statistically significant variables, minimizes overfitting and maximizes interpretability by
generating a small subset of informative features which may applied to heterogeneous data (continuous, discrete or
categorical) based on proper estimation of probability distributions, kernel density methods or discretization
schemes, which can be conveniently applied to different domains [84][85].

2.5.3. L1 regularization-based feature selection

In L1-regularization-inspired feature selection algorithm, also called Lasso (Least Absolute Shrinkage and Selection
Operator), features are selected by incurring a penalty on the magnitude of the regression coefficients, which not only
causes overfitting by providing constraints on the model complexity, but also allows interpretation by creating a
smaller set of predictors, as the most significant predictors can therefore be more easily identified [86][87]. This
method is especially useful with high-dimensional data, where the number of features is extremely larger than the
number of observations, as L1 regularization does not only alleviate overfitting by requiring the model to be
constrained in its complexity; it also increases the interpretability of the predictions, producing a more concise set of
predictors which is easier to interpret [88][89].

158



DYSONA — Applied Science 7 (2026) 152-175 Raha and Deb

Feature Selection Technique

Boxplot

m il Correlation Matrix

-n Mutual Informatien Criteria
_m L1 - regularization

3

Feature
Engineering

Transformed Distributionplot

Yeojohnson

ROG Gurve for Tuned Model Averaged Neural Network (Train vs Test) [ 2 ]

= ]
> Ru_yeoionnson [

o To1_yecjonnscn [N

" ws_rovustscaiod [

2. P Tru_yecjonnecn [

§ P——]

H

_yociommscn [l
% [yS——
% 0 yoctormeca ]
Ve yecjohason i
e e : ; : :

ase ods ai ois ois
e = N v W w

i

False Positive Rate
B SHAP Feature importance (Tuned CatBoost)

oo
RLLyecionnecn

- wo_yeojonnson [
e TRE_yeojohnson [

E PR
(o Cagoosimoder [N

2 o - Tei_yeojonnson [l
3 Fr—
3 e —
P 2. robusscaiea il
o s —
for g o (T AU =03451 o1_yesjonnsan [l
A e e e e
o @ i 3 @ in 00 02 [ g [ 10
Falsa Positiva Rate maan(|SHAP valuel) {sverage impact on model cutput magnitude)

!

DECENT WORK AND
ECONOMIC GROWTH

ImplicationsTowards
Sustainable Development Goals 8 & 11 ﬁ\l/i

Figure 2. Methodological framework

159



DYSONA — Applied Science 7 (2026) 152-175 Raha and Deb

2.6. Applied models
2.6.1. CatBoost model

CatBoost (Categorical Boosting) is a gradient boosting library created by Yandex. It is also characterized by its high-
performance, particularly with categorical features, and offers a strong and quick training. CatBoost is formulated on
gradient boosting structure, which is able to construct an ensemble of weak learners (usually decision trees) one by
one [90]. The training of each new tree is produced to estimate the negative gradient of the loss function on the basis
of the predictions of the current ensemble.

If Fm (x) is the prediction of the ensemble after m trees, the next tree hm+1) (X) is trained to minimize the loss function
L(y,Fm (x)+hm+1) (x)). In gradient boosting, this is approximated by fitting hm+1) (x) to the negative gradient of the loss
function evaluated at the current prediction:

) [[aL(yl, F(xl))]]
i OF (x;) F(x)=Fpn (%)

The new ensemble prediction is then:

Fm+1(x) = Fm(x) + Ym+1hm+1(x)
Where, ym+1)is the step size or learning rate.

The CatBoost model solves the issue of prediction shift during training that can happen in normal gradient boosting
when passing the same data, the tree is trained on through the gradient estimates the tree is trained on. Ordered
boosting involves training each tree on a dissimilar subset of the training data than the one being used to compute the
gradients. It will help avoid overfitting and better the generalization. CatBoost also offers new mechanisms of dealing
with categorical features without necessarily having to one-hot encode them. It is one of the most important CatBoost
techniques [59,91]. In a categorical variable, the scores are substituted with a numerical statistic, which is founded on
the target variable. Given a categorical feature value, c, and a target variable, y:

?-1[Cat6907‘yi =c]- y; + prior - count

E(c) =

prior + count

Where, the sum is over the observed data points, prior is a user-defined prior, and count is the number of times the
category c appeared in the historical data. The "ordered" aspect means this calculation is done based on a random
permutation of the data, using only data points that appeared before the current data point in the permutation.
CatBoost is able to automatically unify categorical features creating new more informative features. This is practiced
greedily in construction of the trees.

CatBoost relies on oblivious decision trees, in which the same split is used on all the nodes at the same tree level. This
facilitates a more rapid prediction process and reduce overfitting probability. The prediction for a single tree is a
piecewise constant function:

J

h(x) = Z ¢ -I(x €R))

j=1

where Rj are the disjoint regions formed by the tree's splits, ¢j are the constant predictions in each region, and I is the
indicator function.

CatBoost supports various loss functions depending on the task (regression, classification, ranking, etc.). For binary
classification, the cross-entropy loss is commonly used:

L(y,p) = —[ylog(p) + (1 —y)log(1 — p)]

Where, y is the true label (0 or 1) and p is the predicted probability.
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The Catboost model was tuned using the Randomized Search with Cross-Validation; which is a common and efficient
technique [92]. At first, a dictionary ‘catboost_param_grid’ was created to specify a range of values for key CatBoost
hyperparameters such as ‘iterations’, ‘learning rate’, ‘depth’, 12_leaf reg’, and ‘border count’. This defines the search
space for the tuning process. Next, a base CatBoostClassifier model was instantiated with a fixed random_state for
reproducibility and verbose=0 to suppress training output during the search. After that, randomized search was
customized using estimator, CatBoost param grid, K-fold cross-validation, scoring, and random state. The number of
processor cores were set to -1 utilizes all available cores, speeding up the search.

2.6.2. Model Averaged Neural Network (MA-NNET)

Model Averaged Neural Networks (MA-NNET) is an ensemble method, which uses the predictions of a number of
single neural networks to enhance the overall performance and generalization of the technique, and to minimize the
chance of overfitting [93]. In contrast to other ensemble techniques such as bagging or boosting, which normally
require training models on dissimilar subsets of data, or different weightings of samples, model averaging typically
requires training two or more models with independent initializations, architectures, or hyperparameters, and
combining the results to achieve better generalization and robustness. The working principle of MA-NNET is as
follows:

Train N individual neural networks, fi(x),f2(x),...fn(x), independently on the same training data (Xtrain,Ytrain). Each
network fi(x) is a function that takes input features x and produces a prediction. The independence in training can
come from random initialization, network architecture, hyperparameter settings with different optimizer,
regularization and learning rate. Let the prediction of the ith network for a given input x be:

Y= fi(x)

The final prediction yavg is the arithmetic mean of the individual model predictions:

N

. 1

Yavg = NZ fi
i=1

While the specific combination method varies, the general idea is to combine the outputs of individual models fi(x)
using a function C:

Vensembie = C(fl ), 200, . fn (x))
For this research, C is the mean function.

Instead of a formal hyperparameter grid for automated search, a ‘nn_param_space’ was defined containing a list of
distinct Neural Network configurations to evaluate. Each configuration specifies the number of layers, units per layer,
activation function, optimizer, learning rate, epochs, and batch size. The code loops through each predefined
configuration in nn_param_space['configs']. For each configuration, Stratified K-Fold cross-validation (with 5 splits)
was performed on the selected training data. Finally, predictions were made on the test data using each of the 5
trained models. The predicted probabilities from these models were then averaged to produce the final
‘averaged_tuned_predictions’ for the Model Averaged Neural Network [94].

2.7. Assessment of accuracy

In the case of ecotourism suitability zones (ESZ) modeling, high degree of precision is an assuring factor that the
delimited areas can provide a fair account of the tourism potential without exaggerating or erroneously classifying the
potential. This study employed the use of accuracy, precision, recall, Fl-score, and AUC-ROC to evaluate the
performances of various data-driven models [95][96]:

p ~ TP + TN
Couracy = TP Y TN + FP + FN
o TP
Precision =

TP + FP
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Recall =

TP
TP+ FN

Precision X Recall

F1 Score = 2 *

Precision + Recall

TPR

FPR

1

TP

TP +FN

FP
FP+TN

AUC = f TPR(FPR)d(FPR)

0

Where, TPR(FPR) is the ROC curve function. ROC curve is
the plot of true positives and false positives. TN
represents True Negative, TP represents True Positive,
FP represents False Positive, FN represents False
Negative, TPR is the true positive rate, FPR is the false
positive rate, AUC represents the Area Under Curve and
N is the number of observations. The full methodological
framework of this research is summarized in Fig. 2.

3. Results
3.1. Assessment of data

Significant positive relationships were observed between
some of the variables, especially between VCI, TCI, and
VHI (Fig. 3 A). This implies that these variables are
interdependent, and they have overlapping information.
It is also possible to see moderate correlations between
TRI and RL (0.48) and TRI and RLL (0.59), RL and RLL
(0.54). Conversely, the rest of the relationships seem to
be weak or near zero which means that there is little
linear association. Overall, the dataset has a considerable
level of multicollinearity between certain variables prior
to transformation, which may impact the consistency of
machine learning models. Additionally, the statistical
distributions of eleven terrain and vegetation parameters
indicate environmental heterogeneity in the study area.
All the indices of VCI, TCI and VHI showed a strong left-
skewed distribution. The Terrain Ruggedness Index
(TRI), Relief (RL), Road density (RD), Dissection Index
(DI), and Relative Relief (RLL) have strong right-skewed
distributions. By contrast, Topographic Position Index
(TPI) demonstrated a sharp peak of near-symmetry
around zero, which means that most of the terrain is in
mid-slope or neutral elevations, whereas Aspect (AS)
distribution is almost equal which means that there is no

predominant slope orientation of the area. The
distribution of Hill shade (HS) parameter has a high
concentration around the middle of the ranges, which

A Correlation Matrix Before Transformation
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Figure 3. Correlation matrix between indices before (A) and
after transformation (B). Indices followed by “y” or “r” in the
transformed matrix refer to them being transformed using

Yeo-Johnson or robust scaling, respectively
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implies a rather uniform illumination environment in the presuppositions of the light source (Fig. 4). VHI index was
omitted due to high correlation with other indices.

The Yeo-Johnson and robust scaling were applied for the transformation of the data. After the transformation, the
general correlation pattern became weaker and balanced. The high correlation coefficients between VCI, and TCI, have
declined significantly (Fig. 3 B), and it is possible to state that the transformations were effective in mitigating
multicollinearity. Although few moderate correlations remained, such as TRI-RLL (0.63) and TRI-RL (0.61), however,
generally, the relationships seem to be less radical and more symmetrically distributed. This shows that the dataset
became more suitable to the subsequent machine learning models because the applied changes (Yeo-Johnson and
robust scaling) have probably equalized the variance and the variables have been made closer to normality.

All indices were normalized through Yeo-Johnson method except for AS and Hs, where robust scaling method was
used (Fig. 4). The transformation and scaling methods are applied to improve the normality and comparability of the
data distributions. Most of the variables exhibit approximately symmetric, near-normal distributions after
transformation, with a noticeable improvement in variance homogeneity. Overall, the figure illustrates the
effectiveness of pre-processing techniques (Yeo-Johnson and robust scaling) in normalizing diverse terrain-related
metrics prior to machine learning analyses. Further, the extremity of each selected variable was checked using
boxplots (Fig. 5). In all boxplots, the distributions are normally concentrated around zero with the interquartile range
of the data being approximated to be between -1 and +1, indicating that the transformations have standardized the
data. There is the presence of slight outliers in some of the variables like TPI_yeojohnson (Fig. 5 D) and
HS_robustscaled (Fig. 5 G) yet in general the spread is balanced resulting in a lower skewness. There are other like
TRI_yeojohnson (Fig. 5 C) and RL_yeojohnson (Fig. 4 F) which are symmetrically distributed and contain few extreme
values.
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Figure 4. Distribution of criteria after transformation VCI_yeojohnson (A), TCI_yeojohnson (B), TRI_yeojohnson (C),
TPI_yeojohnson (D), AS_yeojohnson (E), RL_yeojohnson (F), HS_robustscaled (G), RD_yeojohnson (H), DI_yeojohnson (I),
RLL_yeojohnson (])
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3.2. Analysis of criteria

The relief map (Fig. 6 A) illustrates that the plains bordering the Bay of Bengal is the low-lying territory (with
altitudes of 0-150 meters) and the central and western region of Odisha (with altitudes of 150-700 meters) show
undulating uplands and plateaus. The southwestern region (bordering Andhra Pradesh and Chhattisgarh) contains the
highest elevations (700-1,664 m), corresponding to the Eastern Ghats hill ranges, particularly in the Koraput and
Rayagada districts. The Relative Relief map (Fig. 6 B) displays the change in elevation across the localized points,
which measures the ruggedness in the terrain. The coastal and valley river basin areas exhibit low relief (0.51-150 m),
characterized by smooth and flat topography, whereas a large portion of central Odisha displays moderate relief
(150.01-300 m), manifesting as gently rolling terrain. The south-western and north-western regions are marked with
a rugged and mountainous landscape related to the Eastern Ghats and plateau margins (300.01-1151.14 meters).
These differences show the physiographic diversity of Odisha with an obvious east to west gradient between flat
coastal plains and rough highlands with high absolute elevation and high local relief located in the southwestern
region, underlining the structural and erosional dominance of the Eastern Ghats system.

Aspect (Fig. 6 C) indicates slope orientation, categorized into four directional classes: -1° to 90° (east-facing), 90.01°
to 180° (south-facing), 180.01° to 270° (west-facing), and 270.01° to 359.97° (north-facing). The gradient change of
the slope in the various directions of the state and various orientations can be observed in the plateau and hilly areas
especially western and southern Odisha. Hill Shade (Fig. 6 D), indicates terrain illumination based on slope and aspect,
with values ranging from 0-254. Lighter shades (yellow) represent more illuminated, steeper areas, while darker
orange tones indicate shaded or less illuminated regions. The Hill Shade in the western and southwestern parts of
Odisha, bordering Chhattisgarh and Andhra Pradesh, are more rugged and elevated, while the coastal plains to the
east are relatively flat and less shaded.

Terrain Ruggedness Index (TRI) is a measure of the amount of variation in the elevation. Regions with a higher TRI
values (indicated in orange to red) are more rugged terrain, and regions with lower TRI values (indicated in yellow)
are flat terrain, mostly on the eastern coast of Odisha (Fig. 6 E). The Dissection Index (DI) describes the extent of
landscape dissection or topographic irregularity as a result of erosion and drainage patterns. Higher DI values (dark
brown) are found in the northern and north-eastern highlands, indicating intensely cut valleys and more dissected
terrain, and lower DI values (light beige) are found on the coastal and central plains, representing resolved landscapes
(Fig. 6 F).
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Figure 6. Spatial distribution of
the included indices: Relief (A),
Relative Relief (B), Aspect (C),
Hill Shade (D), TRI (E), DI (F), TCI
(G), VCI (H), TPI (I), and RD (J)
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The Temperature Condition Index (TCI) of Odisha (Fig. 6 G) shows a high level of temperature stress with large areas
of red and orange color, particularly in the southern and coastal belts, indicating poor thermal conditions. However,
the Vegetation Condition Index (VCI) map (Fig. 6 H) depicts comparatively more healthy vegetation cover and
especially on the north and central portions, where the majority of the area exhibits favorable vegetation conditions. It
suggests that vegetation is resilient to thermal stress partially.

The Topographic Position Index (TPI) value (Fig. 6 I) fluctuates from -750.13 to 706.38. Most of Odisha appears to fall
within moderate elevation ranges (-89.99 to 120.00), indicating relatively uniform topography with some hilly
regions in the western part. The Road and rail density (RD) (Fig. 6 ]) is also low (0-30) to very high (200.01-366.24),
although the densities of the highest ones fall in the coastal and southern regions of Odisha, especially around the
large cities and industrial regions. The state’s railway and road networks, along with broader transportation
infrastructure, are predominantly concentrated in low-lying and accessible areas, rather than in higher-altitude and
rugged regions.

3.3. Ecotourism suitability zones

Ecotourism suitability zone was prepared using the Tuned Model Averaged Neural Network and CatBoost models. The
results from the tuning were prepared by specifying the number of boosting iterations, step-size shrinkage, depth,
penalizing leaf weights, border count and verbose. During the tuning process 100, 250 and 500 iterations were
applied. The learning rate was applied here as 0.01, 0.05 and 0.1. The 3, 5 and 7 depth of the decision trees were
implemented in this research. The L2 regularization coefficient was applied to the leaves of the trees to prevent
overfitting by penalizing large leaf weights. The values 1,3,5 was applied to different strengths of L2 regularization.
The fine-grained split (32,64) was used. Verbose here was set to zero to get the clean output result. Additionally, to
compile each neural network effectively, adam optimizer, relu activation function, 0.001 as the learning rate, 50
epochs, 32 batch_size and binary_crossentropy loss function were used. In this research, the shape of averaged tuned
predictions is 83.

The suitability according to Tuned Model Averaged Neural Network was divided into four classes: Very High, High,
Moderate, and Low, which are represented by dark blue, light blue, yellow, and red color respectively. Approximately,
28.83% of the area lies under the category of Very High suitability, 27.97% of the total area is marked under the
category of High suitability, 28.49% area is demarcated under the category of Moderate suitability, and 14.62% area is
considered under the category of Low suitability (Fig. 7 A). The coastal strip along the Bay of Bengal, particularly in
eastern and southeastern Odisha, was found to be highly suitable, likely due to the presence of well-developed
tourism infrastructure, extensive forest cover, and good accessibility. The western and southwestern areas, which are
less developed, forested or hilly, were predominantly classified between moderate and low suitability. The high-
suitability regions are home to major tourist attractions including temples, beaches and hotels, and this is indicative of
the high capability of the neural network to render non-linear relationships between tourism determinants and
spatial features.

The final tuned CatBoost model was developped using 50 iterations, 5 cross-fold validation, and with the random state
of 42. The ecotourism suitability zones of a Tuned CatBoost model has a similar classification pattern to the neural
network with some discrete differences in space. Here, approximately, 26.82 % of the area is of Very High suitability,
28.43 % of the High, 31.44 % of the Moderate and the remainder is of Low suitability, 13.31 % (Fig. 7 B). It means that
a slightly greater percentage of moderately appropriate areas are predicted by CatBoost versus the neural network.
Similarly, the eastern coastline area was the most suitable to tourism; however, the CatBoost model is inclined to
generalize suitability to a much smoother range through central Odisha with less fragmented areas. There are still
large areas of low-suitability zones in the western and southern districts, similar to the neural network output. The
availability of major tourist attractions, such as temples, water, and accommodation facilities, is also in line with the
predictions of higher suitability, and it denotes that CatBoost is suitable to incorporate several explanatory factors,
and the spatial consistency in predictions is also present. For both CatBoost and MANNET models, the Balasore, Jajpur,
Kendrapura, Jagatsinghpur, Puri, Khardha, Cuttack, parts of Bargarh, Subarnapur, Jharsuguda, Deogarh and Bolangirh
are very highly suitable for ecotourism. Bolangir, Neapada, Bargarh, Sambalpur, Deogarh, Sundargarh, Angul,
Keonjhar, Mayurbhanj, Neapada, Kalahandi, Malkangiri, Ganjam Nayagarh and some portions of Bhadrak are
demarcated as high ecotourism suitability. On the other hand, moderate to low ecotourism suitability has been
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identified in the Koraput, Nbarangpur, Rayagada, Gajapati, Kandhamal, Mayurbhanj, Keonjhar and Eastern portions of
Sundargarh.

A Tuned Model Averaged Neural Network
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Figure 7. Ecotourism suitability zone of the study area using Tuned Model Averaged Neural Network (A) and tuned
CatBoost model (B)
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3.4. Accuracy assessments

The MA-NNET model achieved a training accuracy of 0.913, with precision of 0.910, recall of 0.943, F1-score of 0.926,
and an AUC-ROC of 0.984. On the test set, the model’s accuracy decreased slightly to 0.867, with precision of 0.960,
recall of 0.840, and an F1-score of 0.901. Even though these metrics report a slight drop in performance relative to
training data, the model nevertheless generalizes effectively due to its strong predictive power and robustness as
indicated by a test AUC-ROC of 0.964 (Fig. 8 A).

A ROC Curve for Tuned Model Averaged Neural Network (Train vs Test) B ROC Curve for Tuned CatBoost Model (Train vs Test)
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Figure 8. AUC-ROC for Tuned Model Averaged Neural Network (A) and Tuned CatBoost model (B)

The CatBoost model exhibits superior performance during training, achieving an accuracy of 0.958, precision of 0.959,
recall of 0.969, F1-score of 0.964, and an AUC-ROC of 0.997, which implies minimal error. The CatBoost model attains
the same test accuracy as MA-NNET (0.867), but with marginally improved precision (0.962) and recall (0.850),
yielding an F1-score of 0.903 and an AUC-ROC of 0.962 (Fig. 8 B). This implies that both models perform comparably
on unseen data; however, CatBoost has a marginally better consistency between training and testing performance,
which means that it has a stronger generalization and a slightly reduced overfitting than the neural network.

4. Discussion

The findings of this research have significant implications for the ecotourism industry and real-world land-use
planning. First, the study pushes the methodological boundary in the ecotourism suitability modelling by integrating
two state-of-the-art machine learning techniques, a tuned and averaged neural network (MA-NNET) and tuned
CatBoost models giving the resultant products, spatial suitability maps. Optimizing each model with hyperparameter
tuning (iterations, learning rate, tree depth, L2 leaf regularization) and the averaging of the ensemble/average over
instantiations of a neural network leads to lowered model variance and overfitting.

The resultant spatial categories of Very High, High, Moderate, and Low suitability offer a fine-tuned image of the
ecotourism potential, both in the form of hotspots (eastern coastal Odisha) and the curve of decreasing suitability
towards the interiors. These spatially explicit products are highly useful to policy makers, planners and
conservationists as they can inform decisions on where to either permit or encourage ecotourism development, where
to limit access due to conservation, and where to invest in infrastructure upgrades to increase suitability. On a
broader level, the study shows that the nonlinear models of black-box can be used with a variety of spatial predictors
(accessibility, forest cover, infrastructure, tourism facilities, etc.) and can identify complex interactions, which classical
weighted overlay or linear models are frequently unable to do. Regarding ecotourism suitability mapping, MA-NNET
and CatBoost models enhances the predictive accuracy of ecotourism suitability predictions within spatial scales,
predictability of models, and reliability of ecotourism suitability zones through balancing model predictions.
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Previous research used various machine learning models (including the ensemble models) to predict ecotourism
suitability in the Zhangjiajie region of China [97]; their ensemble model predicted the suitability of approximately
19.34% and 28.78% as either highly or moderately suitable, respectively. CatBoost predicts a somewhat smoother
and more generalized spatial pattern (less fragmentation in central Odisha) and tends to assign a higher share to
“Moderate” suitability (31.44 % compared to 28.49 % in MA-NNET) and slightly lower to “Very High”.

The CatBoost model achieves slightly better accuracy for both training and test sets. The results from this research is
consistent with the notion that gradient-boosted tree ensembles often enforce more regularization and smoother
decision boundaries than neural nets, especially when combined with leaf regularization and shallow depth settings.
The differences between the two model outputs (though broadly concordant) highlight that model choice and tuning
influence the spatial detail and the “diffuseness” of classification boundaries.

SHAP (SHapley Additive exPlanations) is a game-theoretic approach used to assign each feature an importance value
for a particular prediction, offering a unified and theoretically grounded framework for interpreting machine learning
model outputs. By computing Shapley values, SHAP can quantify the marginal contribution of each feature across all
possible feature combinations. This ensures consistency, local accuracy, and fairness in attribution, which makes
SHAP particularly valuable for understanding complex, nonlinear models. Moreover, it provides both global feature
importance rankings and local explanations that reveal how individual features influence predictions for specific
instances. In the context of the current research, SHAP was used with the developed ecotourism suitability models,
enables a transparent comparison of how different algorithms leverage topographic and environmental variables to
inform their decisions. SHAP feature importance plots (Fig. 9) reveal that, for both tuned models (MA-NNET and
CatBoost) the features RL_yeojohnson and RLL_yeojohnson, exhibiting the highest mean absolute SHAP values, are
expected to exert the greatest influence on model predictions. The dominance of these two characteristics indicates
that elevation of the terrain and the extent of the local elevation variation are critical in determining ecotourism
suitability. These topographical features exert a substantial influence on scenic value, accessibility, landscape
diversity, and overall visitor experience, making them central to identifying areas with high ecotourism potential.
Similar findings have been reported by scholars [98] in the context of ecotourism suitability mapping.

A SHAP Feature Importance (Tuned Model Averaged NN) B SHAP Feature Importance (Tuned CatBoost)

TCI_yeojohnson - RD_yeojohnson _

HS_robustscaled - TRI_yeojohnson -

TRI_yeojohnson - TCl_yeojohnson -
AS_robustscaled - HS_robustscaled .

TPI_yeojohnson . TPI_yeojohnson .

DI_yeojohnson . AS_robustscaled .
RD_yeojohnson . VCl_yeojohnson .
VCI_yeojohnson I DI_yeojohnson .
0.00 0.05 0.10 0.15 0.20 0.0 0.2 0.4 0.6 08 1.0
mean(|SHAP value|) (average impact on model output magnitude) mean(|SHAP value|) (average impact on model output magnitude)

Figure 9. SHAP feature importance plot for Tuned Model Averaged Neural Network (A) and Tuned CatBoost model (B)

The policy implications of the ecotourism suitability analysis results based on the CatBoost and MA-NNET models
have a direct role in meeting the Sustainable Development Goals (SDG) 8 (Decent Work and Economic Growth) and
SDG 11 (Sustainable Cities and Communities). With the combination of the latest machine learning ensembles
including CatBoost and MA-NNET, the policymakers will recognize and prioritize ecotourism zoning of Odisha with
the most potential ecological, cultural, and socio-economic value and reduced environmental damage. This analytical
solution enables strategic allocation of investments in rural and peri-urban regions, promoting inclusive economic
development, employment opportunities, and sustainable tourism, which comply with SDG 8 principals. At the same
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time, the spatial accuracy of these models assists the urban and regional planners to reinforce sustainable land-use
patterns, support the cultural heritage, and enhance the infrastructural resilience which are important themes of SDG
11. The results of the models allow evidence-based zoning to drive regulations that consider conservation as well as
development in balancing tourism to be more sustainable in the long-term. In addition, governments can empower
local populations and make the tourism sector play a role by encouraging fair mechanisms of benefit-sharing and
community involvement in the process of tourism governance. Finally, a new paradigm in ecotourism planning with
the introduction of Al-based appropriateness analyses into the framework of policies can make ecotourism planning a
driver towards sustainable livelihoods, sustainable ecosystems, and environmentally conscious urbanization,
evidenced by the overall 2030 Agenda to Sustainable Development.

5. Conclusion

Odisha is one of the most prominent and popular tourist states in India with an exceptionally rich heritage of culture,
natural beauty, and landscapes. Using MA-NNET and CatBoost models, this study carefully examined ecotourism
suitability areas of Odisha.

According to the developed models, some coastal, central and interior forested regions of Odisha have been identified
as high potential regions, which have a favorable combination of both environmental and accessibility conditions. On
the other hand, the less accessible or environmentally limited areas were assigned a lower tourism potential
classification.

Nevertheless, forecast accuracy of the tourism potential map can be improved further by incorporating a broader set
of variables in the subsequent researches, including socio-economic factors and the detailed preferences of the
tourists. In addition, any change in the natural environment created by anthropogenic factors or any change in natural
processes like relief, climatic patterns, and alteration in road networks, can substantially change current situation of
tourism prospective of an area. Hence, there is a strong necessity of updating the tourism potential zone map on a
frequent basis by factoring in all such dynamism. This constantly updated ESZ map can then be used as a base
information to guide informative planning and sustainable developmental undertakings across the state.

As far as we know, the study is the first attempt to emphasize the eco-tourism suitability of Odisha by applying the
Machine Learning models in a spatial environment. This complex approach highlights the originality and unique
contribution of this study to the domain. The research has a great potential in improving sustainable tourism
development by using the machine learning algorithms to specifically detect and focus on areas that have high tourism
potential. Besides informing the policymakers and tourism stakeholders in making informed decisions in terms of
infrastructure development and marketing strategies, the findings serve as an added value to the development of
tourism in the region, heritage preservation, and a better distribution of tourism throughout the state, which is
perfectly in line with overall objectives of sustainable development (Specifically SDG 8 and SDG 11) and digital
governance.

Increasing the spatial and thematic resolution of the data can enhance the accuracy and scalability of the model more.
As the tourism trends are changing, incorporating real-time tourist numbers, social media sentiment, environmental
indicators, and updated transport network data can be more useful to reflect this change. Participatory GIS methods
and crowd-sourced local knowledge would further increase the accuracy of models and relevance to the stakeholders.
The research on the interpretability and explainability of machine learning outputs should also be considered in
future studies in order to make machine learning outputs more viable to be implemented by policymakers and
tourism planners. Moreover, the incorporation of detailed sustainability signals such as the ecological, cultural and
socioeconomic aspects into the eco-tourism system can help make sure that the development plans will be inherently
correlated with the long-term conservation objectives. Lastly, it might be helpful to introduce strong temporal
elements into the models to study seasonal changes and the long-term trends to enhance the effectiveness of planning
and the flexibility of tourism planning in Odisha.
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