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Abstract

Sustainable site selection for construction has become more important in modern world as urbanization affects
mountainous areas of the world. Traditional approaches find it difficult to handle the risks, harsh terrain, and
environmental sensitivity in regions like the Western Ghats and the Himalayas. In this attempt, new geospatial
technologies have emerged as a boon to us. Our understanding and analysis of mountainous terrain is getting
better due to the use of Geographic Information Systems and Remote Sensing. Making decisions in sloped
mountain environments requires thorough analysis of critical elements like slope stability, gradient, land use,
and environmental vulnerabilities, which is made possible by GIS and RS. Finding the best construction sites
while reducing the environmental impact has been made easier by combining satellite-based data from sensors
like Sentinel-2, ASTER DEM, and Landsat images with sophisticated Multi-Criteria Decision-Making systems
like Analytical Hierarchy Process and Weighted Overlay Analysis. Future studies should concentrate on
developing hybrid frameworks that successfully combine integrated geospatial indicators with deep learning
and artificial intelligence capabilities. To create durable solutions for developing mountain regions, we must
build differently. This means finding flexible construction methods that work with the unique challenges and
opportunities of steep, mountainous terrain. But this can 'z be done alone. 1t requires collaboration between a
diverse group of experts including technology specialists, environmental scientists, and urban planners and
most importantly, the mountain communities themselves. By working together, we can ensure that construction
plans are not only effective but truly sustainable for both the people and the environment.

Keywords: Decision Support System, Safe site selection, SHaply Additive Explanations, Prediction
Transparency, Visual Plots, Machine Learning.

1. Introduction

Rapid urban development is encroaching on show how unsafe the business as usual, speed first

mountain communities. As cities and infrastructure
expand, construction is also rapidly spreading into
vulnerable mountain communities. Ultimately, more
effective and safe approaches to site selection are
needed. Considering recent disastrous mountain site-
inspection failures, such as the Wayanad landslide in
July 2024, which killed over 360 people, and the
1,521 landslides in just 17 days in Uttarakhand during
the monsoon, the need for effective and safe
approaches to site selection is urgent. These incidents

approach, is in the mountains. Building out in
mountainous areas we see other issues. We deal with
very unique and at times very dangerous
environmental settings. Some very sensitive
ecosystems, a variety of rock types and unstable
slopes put together to produce large erosion issues.
Climate change is introducing into the mix higher
temperatures and changing rainfall patterns which is
breaking natural balance. Experts report we are
seeing a perfect storm that requires the use of also
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largescale new site selection methods because of
growing development and environmental damage.
The ultimate objective is not only to advance
technology but also to give fact-based, useful tools to
planners, officials, and environmentalists. This will
greatly lower risks and assist them in striking a
balance  between environmental safety and
development. This book seeks to support a new

approach to mountain development that may also be
useful in other sensitive areas by employing robust
techniques that put building safety and environmental
preservation first. In a setting that is changing
quickly, this strategy can assist mountain
communities in acquiring the infrastructure they
require.

Table 1 Literature Review
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2. Comparative Studies
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Figure 1 Comparison of Accuracy Between ML-Driven and Traditional MCDA (Fuzzy AHP) Methods
Across Increasing Scenario Complexity and Data Size

"Suitability Prediction Accuracy Comparison,”
which evaluates the effectiveness of a complex
artificial intelligence system against a standard
method for choosing geospatial sites. The Y- axis,
"Accuracy (%)," shows the accuracy as a percentage
of accurate site suitability classifications, while the
X-axis, "Scenario Complexity / Data Size," shows the
increasing complexity in the analysis (e.g., larger
study areas or more variables for environmental
factors). The blue line, "ML-Driven," repeatedly
follows at a higher accuracy rate and has a more
dramatic  performance gain with increasing
complexity, confirming the greater ability of the
Machine Learning methodology to identify complex,
non- linear relationships within the data. As an
illustration of the intrinsic limitations of expert-
judgment-only methods in maintaining high
objectivity and predictive capacity when dealing with
varied and high-dimensional mountain terrain data,
the red line, "Traditional MCDA (Fuzzy AHP)," rests
lower and slopes more gradually. A line graph that

differentiates the accuracy of five trials in ML and
fuzzy AHP approach is presented. The Blue line
describes the ML approach which starts at
approximately 65% in the first trial and steadily
increases to close to 94% in the fifth trial. The Red
line describes the Fuzzy AHP approach. This line
starts at an even lower accuracy of approximately
63% and increases at a much lower rate, leveling off
at about 74% by the fifth trial. The graph shows that,
in terms of overall accuracy and improvement rate
over the course of the five trials, the ML approach
performs better than the Fuzzy AHP approach.In
order to determine whether construction sites in
mountainous regions are suitable, this study employs
an integrated GIS-based multi-criteria decision-
making (MCDM) approach that combines fuzzy-
AHP and weighted linear combination approaches.
Unlike most previous studies that relied more on
subjective expert opinion or the traditional Analytical
Hierarchy Process, this work uses fuzzy logic to
handle uncertainty and imprecise information, which
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improves the robustness of the suitability mapping.
The study evaluates three major categories of criteria:
socio-economic, geophysical, and geo-
environmental. It estimates the relative weights of
these criteria using expert questionnaires and fuzzy
pairwise comparison tables.
3. Methodology of the Review
Slope angles, height profiles, and basic land cover
classification were the primary physical and
environmental characteristics that were the focus of
early research and could be retrieved from readily
available remote sensing and DEM datasets. Even
though they provided formal decision-making
models, conventional AHP applications were heavily
criticized for failing to adequately address the
uncertainties and inherent subjectivity of expert
opinion, particularly when faced with the complex
and intricate factors that are typical of mountainous
construction environments. Although ground truthing
and observation field protocols were used in the
majority of early exploratory studies, they lacked the
sophisticated methodologies needed to capture the
subtle membership changes and seamless transitions
characteristic of natural environmental processes.
By enabling the automatic generation of
comprehensive site assessment reports and the
natural language query of complex geospatial data,
the integration of large language models disturbs
stakeholder engagement and decision-making. Using
geospatial datasets and building construction-related
vocabulary, well-designed LLM models can analyze
natural language queries such as "find appropriate
building locations with slopes less than 15 degrees
within 5 kilometers of current road infrastructure that
exclude environmentally sensitive locations” and
translate them into complex geospatial analysis
pipelines.
4. Key improvements
e The use of new technical features: Perfect use
of recent Al solutions with traditional Multi-
Criteria Decision-Making techniques.
e The Combination of 2024, 2025 research
results on foundational models, multimodal
Al and LLM advancements.

e Performance metrics: These metrics, based on
recently published research, offered absolute
accuracy and rate of improvement retrieval.

e Methodological development: Described the
change from traditional methods to Al based
methods.

e Implementation details included particular
technologies, tools, and analytical methods
for practical application.

e Stakeholder  consideration: Supported
transparency, explainability, and feedback
from diverse stakeholders.

e Real-world applications: Connected
approaches to common construction issues
and their fixes.

e Future-focused viewpoint: Set the modern
methodology as the upcoming generation of
tools for site selection.

e Interdisciplinary integration: The
interdisciplinary strategy aligned technical
depth with environmental, social, and
economic considerations.

e Broad scope: Covered all features including
data collection, monitoring, and decision
making.

5. Future Directions / Research Gaps

Despite the proven value of GIS-based multi-criteria
decision- making systems for mountainous site
suitability, there are still a number of serious
drawbacks that call for further study and
development.

e Conventional weighting techniques ignore
data and expert opinions that are uncertain
and use fixed values.

e Because GIS workflows rely on static data,
they are unable to react to rapidly shifting
mountain conditions, such as landslides or
storms. Automatic updates and real-time
sensors should be incorporated into future
projects.

e The majority of GIS studies ignore
socioeconomic and cultural factors that are
essential  for  sustainable  mountain
development in favor of physical factors,
although probabilistic and fuzzy models can
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increase accuracy. Social data integration is e Disparities in data formats and standards
required. make it difficult for GIS projects to
e Processing can be slowed down by large, collaborate and share easily. Cloud- sharing
high-resolution mountain analyses that protocols and open standards are essential.
overwhelm desktop GIS software. Parallel e Usually designed for experts, GIS tools have
computing and cloud GIS can be useful. intricate user interfaces that are confusing to
e Because of variations in climate and geology, non-technical users. Planners and local
weighting schemes that work well in one area communities should find them easier to use
frequently dont work in  another. thanks to their user-centered design.

Transferability can be enhanced by learning-
based and adaptive systems.
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Conclusion

Site selection in mountainous regions has been
transformed by the combination of open,
interpretable artificial intelligence and advanced
geospatial analysis. These more recent methods go

the accuracy of site evaluations and the trust that
diverse user groups have in analytical findings. In
many of the most demanding environments on the
planet, this human-centric approach lays the

beyond the "black box" constraints of earlier GIS

groundwork for truly sustainable infrastructure by

applications by integrating a variety of aligning development goals with ecological
environmental, socioeconomic, and infrastructure resilience and community needs.

criteria into a single decision-support platform and  Future Scope

providing clear, visual explanations of how each o Geospatial Earth Engine APIs and

affects suitability. Decision-makers, from engineers
and urban planners to residents and environmental
stewards, now have access to information that is both
easily readable and rigorously scientific to help them o
select safe, sustainable building sites in fragile
mountain  environments. Decision-makers can
analyze "what if" scenarios, weigh trade-offs, and
modify plans in response to shifting circumstances, o
such as shifting land-use requirements or severe
weather, by using real-time data fusion, dynamic
model recalibration, and basic visualization
techniques. In the end, these developments improve

sophisticated remote sensing will be used to
provide detailed, near-real-time data for next-
generation site suitability.

Evaluating sites in detail and with real-time
responsiveness will be achieved with the help
of explainable Al and machine learning
integrated with large language models.

A combination of drone photogrammetry,
hyperspectral imagery, and ground sensors
will be able to identify micro- scale hazards
such as vegetation stress and slope shifts prior
to critical disasters.
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Considering human, environmental, and
socio-cultural community and household
attributes will provide integrated suitability
analyses.

In addition to geological and climatic data,
citizen science and regional traditions can
support real-time observations and guide
land-use decisions.

Adaptive Al modules will reduce survey and
expert costs by enabling models to learn the
distinct lithology, climate, and ecology of
various mountain ranges through transfer
learning.

Stakeholder  engagement and  cross-
disciplinary collaboration will be improved
by explainable Al interfaces and reports
powered by large language models.

While conversational Al converts complex
outputs into practical guidance for decision-
makers and community leaders, interactive
dashboards can model scenarios and visualize
effects.

The goal of this ML-XAI-LLM framework is
to rethink inclusive, resilient, and sustainable

site  selection in difficult mountain
environments across the globe.
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