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A Centralized Knowledge-Sharing Framework for
Smart Water Scarcity Management Using GIS and
Machine Learning
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Abstract--- Rising water scarcity has become a major
global issue confronting humanity due to various factors such
as the rapid increase in the population, the alternating climate,
the migration to cities, and the bad management of water
resources which all have environmental and socio-economic
impacts of different severity. Smart water monitoring systems
are among the recent technologies that have made it possible to
collect data in real-time, but the solutions that have been
developed so far mostly concentrate on the detection and
analysis aspect of the problem and provide very little to
knowledge dissemination, community involvement, and
informed decision-making. To overcome these shortcomings,
this article proposes a central knowledge sharing platform for
smart water scarcity management integrated with machine
learning, GIS drought visualization, and community
collaboration. The suggested system gives domain experts and
users the chance to collaborate, get access to and retrieve the
unified digital interface consisting of the quality of water
conservation strategies, educational materials, and multimedia
resources. K-Means clustering is used to analyze spatial and
drought data to classify the areas according to their drought
intensity, while GIS-based mapping offers easy-to-understand
visualization to facilitate planning and intervention that are
appropriate and specific. To achieve high analytical precision
and system productivity, data preprocessing techniques are
utilized including cleaning, normalization, and feature
reduction. Also, a content-based recommendation mechanism
facilitates the dissemination of water-saving techniques that are
specific to the location and aware of the context thereby
maximizing user engagement and practical adoption. The
experimental evaluation shows that drought classification is
accurate, system reliability is high, and responsiveness is
enhanced. To sum up, the proposed framework not only leads
to sustainable water use but also raises public consciousness,
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and supports through a data-driven approach decision-making
which makes it appropriate.
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L INTRODUCTION

IN the last few decades, water scarcity has turned out to be one
of the most urgent global problems with the highest impact on
the world's agricultural, urban, and health sectors as well as on
the environment. The combination of rapid population growth,
climate change, erratic rainfall, and wastage of water resources
have utterly overwhelmed the available freshwater resources.
Studies in recent years are pointing to the fact that the old water
management practices are not sufficient anymore to contain the
imbalance growing between water demand and availability,
especially in the drought-stricken and urban areas [1], [2].

To tackle these problems, the research and practical projects
have started to incorporate the application of digital technologies,
machine learning, and Geographic Information Systems (GIS)
to water resource management [ 12]. The use of machine learning
techniques in drought monitoring, groundwater potential
mapping, and water demand forecasting has provided better
accuracy than the traditional statistical methods [2], [3].
Likewise, the GIS-based spatial analysis has been helpful in
depicting the drought severity, pinpointing the vulnerable areas,
and aiding the planning and policy decisions according to the
regions [4], [5]. Such methods are clear examples of how the
data-driven systems can aid in making better situational
awareness and decision-making in the water management sector
[14].
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Smart water management systems which use IoT and cloud
platforms and data analytics technology provide users with
real-time capabilities to track water usage and water quality and
water supply status [6]. The existing solutions fail to deliver
essential functions because they do not provide systems for users
to share knowledge and work together with others for
community development or for water conservation projects to
succeed in real-world applications.

The current obstacles lead to the development of a shared
knowledge platform which will operate as a centralized system
for water scarcity management by combining machine learning
drought analysis with GIS visualization and community
knowledge sharing. The framework enables water conservation
and sustainable management in smart city environments through
its combination of analytical intelligence with expert
collaboration and participatory learning methods.

A. Key Contributions of This Work

This research presents a centralized water scarcity
management framework which uses knowledge as its
foundation to monitor water shortages. The novel contributions
of this work are as follows:

e The system combines drought analytics with a centralized
knowledge-sharing platform which enables users to
identify drought conditions while receiving water
conservation recommendations that match their specific
needs.

e The system uses unsupervised machine learning to
classify drought conditions which enables decision-
making through GIS visualization without needing
labeled drought data.

e The system combines community engagement with expert
knowledge sharing on one analytical platform which
enables users to carry out technical drought analysis and
implement their results in practical situations.

o The system provides a flexible and expandable design
which combines machine learning with GIS mapping and
community-based knowledge sharing for sustainable
water management decision-making.

The proposed framework uses drought monitoring and
smart water systems to separate itself from existing systems
because they only provide prediction and sensing capabilities
without enabling knowledge sharing and community
participation.

This project is unlike traditional drought monitoring tools
that rely mostly on predictive monitoring. It is aimed at forming
intelligence among the community integrating the analytical
perspective for dissipation of practical knowledge and
advocacy for their implementation.

1I. RELATED WORK

The issue of water scarcity has been a prominent research
issue in the recent past due to its effect on various aspects such
as agricultural, developmental, and environmental aspects. It
has been reported that the traditional water management
methods will not stand up to the situation of ever-growing
demand of water without its supply, particularly in the cases of

the climatic changes and the progress of cities. In order to
eliminate this state of affairs, researchers have begun
employing an increasing amount of data-driven and intelligent
methods of monitoring, predicting, and decision-making
observations regarding the management of water resources [1],
[2].

Indeed, there are a great deal of attention devoted to
machine learning-based techniques in the context of drought
monitoring and water supply assessment. As it has been
reported by Ahmed et al. [1] and Osman et al. [2], machine
learning algorithms are far much ahead compared to the
traditional statistical approaches in terms of predicting drought
and determining the level of vulnerability because it is able to
pick even the most complicated nonlinear relationships from
the data given with minimal effort. Not only does the
application of ensemble methods assist to enhance the
robustness of the predictions as well as its accuracy in
prediction as demonstrated by Saha et al. [3], it also has the
negative side of making predictions more computationally
complex and it also requires large quantities of data to train it
appropriately.

Geographic Information Systems (GIS) in conjunction with
machine learning has enabled the creation of water
management solutions that are spatially aware. The studies by
Chandel [4] and Li et al. [5] utilized application of GIS and
remote sensing data to determine the drought prone areas and
map spatial distribution of water stress thereby supporting
planning and intervention based on the regions. The systems are
characterized by good spatial knowledge, but their
effectiveness depends on the availability and quality of
geospatial data and their often lack outreach strategies to
knowledge sharing other than analytical products.

At the same time, IoT and Al-based smart water
management systems have been proposed to deliver
information in real-time on water consumption, quality, and
supply [6], [7]. This, however, does not solve the issue of
imparting the acquired knowledge and informing communities
with less focus on community participation, sharing of technical
knowledge and collaboration of experts, even though it
enhances operational efficiency. Research shows that existing
studies on machine learning drought prediction GIS spatial
analysis and IoT smart water monitoring systems focus only on
their respective accuracy and sensing performance. The
existing research has not explored how to combine drought
analytics with centralized knowledge sharing and expert
collaboration and community participation through a single
framework. The current solutions depend on supervised models
that need labeled datasets which are not available during actual
drought situations. The proposed framework unifies
unsupervised drought classification GIS-based visualization
and centralized knowledge-sharing platform which enables
users to make informed decisions and adopt water conservation
practices. The proposed gap addressed in the research plan is
the provision of a centralized knowledge-sharing framework
that consolidates the machine learning, the GIS visualization,
and the participatory learning in sustainable management of
water scarcity [15], [16].

E-ISSN: 2277-5056 | ISSN: 2250-1096 | © 2026 Bonfring



Bonfring International Journal of Industrial Engineering and Management Science, Vol. 16, Issue 1, April 2026 15

The current research work demonstrates its limitations
because previous studies only examined each component
separately. The existing research on drought analytics lacks
studies which explore the combined effects of expert
knowledge sharing and community involvement on centralized
knowledge distribution within a single system. The practical
use of supervised methods in actual drought situations becomes
impossible because they rely on labeled datasets. The proposed
work addresses this gap by combining unsupervised drought
classification, GIS visualization, and knowledge sharing to
support actionable and sustainable water scarcity management
(Table 1).

Table 1: Summary of Related Works in Smart Water Scarcity

Management
Author Methods Advantages Disadvantages
Ahmed et ML-based ngh Limited
al,, [1] water prediction deployment
" analysis accuracy focus
Osman et ML drought Improved . .
. drought Data-intensive
al., [2] forecasting >
detection
Saha et al., Ensemble Robust High
[3] ML models predictions complexity
Chandel [4] GIS drqught Cllear‘spatlal Data
mapping insights dependency
Region- High
. + . .
Lietal., [5] GIS AI specific infrastructure
forecasting -
decisions need
Krishnan et | AI-IoT smart Real-time No knowledge
al., [6] systems monitoring sharing
Essamlali ML-IoT Continuous Low user
etal., [7] water quality analysis engagement
}”arra- Digital water Resource Fragmented
Lopez et S .
al., [8] platforms optimization design

III. DATASET DESCRIPTION

A. Geospatial and Drought Data

The information in this part of the dataset is very important
and it is the information that is specifically needed for drought
analysis and spatial classification in certain regions. The dataset
has the following attributes: latitude, longitude, regional
identifiers, rainfall measurements, groundwater level
indicators, and drought severity indices. These parameters are
very important not only for revealing the spatial distribution of
water shortage but also for being selected as the input features
in the process of applying machine learning for the
classification of drought conditions and GIS-based
visualization of the resulting plots.

The dataset consists of historical geospatial and
meteorological attributes, which include latitude, longitude,
monthly rainfall, temperature, soil moisture, groundwater level,
and a standardized drought index (e.g., SPI). Public
environmental data serves as the primary data source, but
researchers can use simulated samples to enhance their
validation process. The dataset undergoes cleaning and
normalization before the establishment of training and testing
sets, which follow an 80:20 distribution for model development
and evaluation purposes.

B. Knowledge Content Data

Water conservation techniques, codified policies, and
public awareness materials are the types of expert inputs that
made up the knowledge content dataset. The content includes
text and multimedia and is categorized by applicability, water
usage type, and regional relevance. This organized structure
facilitates quick access and allows the platform to suggest
water-saving practices that are relevant to the context and
specific to the location.

C. User Interaction Data

The dataset consists of user-related data, which feature
registration information, geographical position, access times,
and comments about suggested practices. User participation
records are processed to see how people engage with the service
and to tailor content suggestions to their tastes. By associating
users' likes with the drought status of their areas, the system not
only makes it easier for the users to adopt the suggested
practices of conservation but also boosts its own efficiency in
the process.

Iv. PROPOSED METHODOLOGY

User Access
& Registration

A 4
‘ Centralized i

Knowledge Platform

GIS + ML
Analysis

Reports &
Alerts

Drought Area
identification

N/

Community Action
& Awareness

Figure 1: System Architecture of the Proposed Centralized
Knowledge-Sharing Platform for Water Scarcity Management

The central and smart framework for managing water
scarcity is the basis of the proposed process according to figure
1. User access and registration is the first step in the system,
through which the expert users and the users of the domain
interact with the platform by means of a secure web interface to
exchange and get knowledge about water conservation. The
central knowledge platform is the place where all the data that
is supplied, including the water-saving practices and inputs that
are specific to the region, is stored so that equal access and
effective management are ensured.

The data collected is directed to the GIS and machine
learning analysis module for extra processing, which is actually
the analytical heart of the system. The scientist uses K-Means
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clustering for an unsupervised machine learning method which
automatically creates drought severity groups through analysis
of rainfall and groundwater level and soil moisture data. The
system uses unsupervised modeling to classify drought
conditions because it can operate without using preexisting data
labels which makes it effective for environments that lack data
and experience permanent changes. GIS-based visualizations
are used to showcase drought-prone areas, which not only
support geographic understanding of the situation but also assist
in more accurate and targeted decision-making.

The performance of the system in accordance with the
analyses conducted is displayed through the generation of
reports and alerts which are user-friendly, as well as presenting
the recommendations based on the geography of the users. At
the same time, the module for spotting drought areas marks the
regions susceptible to planning and intervention. The insights
produced ignite the community's taking actions and awareness
as they are promoting users to embrace the conservative
practices that are being recommended and to disseminate the
knowledge. This loop of feedback is the one that keeps on
refreshing and hence, the centralized knowledge base grows
and the system becomes more and more scalable and hence,
very effective in the management of the water scarcity that is
sustainable.

A. Machine Learning Model Design and Parameter Selection

The K-Means clustering algorithm was selected because of
its ability to process data efficiently and because it works well
with spatial drought analysis that uses continuous
environmental data. The researchers normalized all input
features before clustering to remove any potential scale bias
from their data. The optimal number of clusters was determined
through elbow method analysis of Within-Cluster Sum of
Squares (WCSS) which created distinct drought severity
clusters while maintaining cluster compactness.

B. Drought Prediction Feature Overview

The drought prediction feature wuses historical
environmental and geographic data to determine the probability
and intensity of drought conditions. The system uses rainfall
and temperature and soil moisture and groundwater levels and
drought indices to create three drought severity categories
which include low and moderate and high. The system enables
organizations to detect at-risk locations to help with their
emergency response procedures.

C. Machine Learning Model Selection

The drought prediction module uses Support Vector
Machine and Random Forest machine learning models [17],
[18]. The models can handle environmental data which exhibits
non-linear characteristics and structured formats. An Artificial
Neural Network (ANN) model achieves lightweight
performance to model climatic patterns which change over
time. The data preprocessing stage applies normalization and
missing value handling methods, while Random Forest feature
importance assessment identifies essential drought indicators.

V.  EXPERIMENTAL SETUP

To experiment the proposed centralized knowledge-sharing
platform, the experiment evaluation was done in a controlled
web environment of analysis and system performance. It was
designed such that the experiment simulated the actual working
conditions of the platform where the users and experts access
the platform from different distances and locations. It aimed at
validating the drought area detection capability and the system
response and knowledge sharing through the analysis of the GIS
and the machine learning process (Table 2).

Table 2: Experimental Setup Configuration

Component Specification
Operating System Windows 10
Processor Intel Core i3
RAM 4GB
Backend Framework Django (Python)
Database MySQL
ML Algorithm K-Means Clustering
Visualization GIS-based Mapping
Development Tools | Python, NumPy, Pandas, Scikit-learn

The entire system was set up at a single-server-level and was
reachable via the usual web browsers, which made it
independent of any platform. The ML experiments
encompassed the data of geospatial and drought-related that had
been preprocessed prior to classifying regions according to the
severity of drought. The use of GIS tools allowed not only but
also to visualizing the areas with similar drought levels and the
production of easy-to-read drought maps. The entire
experimental setup offered reliable system performance and
made it possible to carry out a good assessment of accuracy in
analytics, time to respond, and user interaction under very
realistic operating conditions.

VI. EVALUATION METRICS

A. Clustering Quality Evaluation

The proposed drought classification approach needed
multiple clustering quality metrics because it required
evaluation through two different measurements which assessed
how well clusters maintained their internal structure and their
ability to separate from each other. The Within-Cluster Sum of
Squares (WCSS) is a measure that calculates the cluster's
compactness by the total distance of data to its respective cluster
center. A small WCSS indicates a better clustering of similar
regions with drought characteristics.

WCSS = "3 € Cillx — mi[?

Where k represents the number of clusters, C; denotes the
i-th cluster, x is a data point, and 4 is the centroid of the cluster.

B. Cluster Separation Measure

The Silhouette Coefficient enables us to quantify the
separation between clusters and the extent of individual
cluster's cohesion at the same time. It is a measure of the area
of a region with respect to its cluster and also adjacent clusters.
The separation of the clusters and thus a more meaningful
drought classification is indicated by a larger silhouette value.

S = (b — a) / max(a,b)
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Where a is the average intra-cluster distance and b is the
minimum average inter-cluster distance.

C. System Performance Evaluation

The proposed platform's performance is evaluated through
the average response time, which quantifies how fast the system
can process a user's requests and deliver recommendations.
Efficient centralized data processing and better user experience
are signified by lower response times.

T_avg = (1/N) Zi-s" (T_resp(i) — T_req(i))

17

Where N denotes the total number of requests, 7" req is the
request initiation time, and 7" resp is the response completion
time.

D. Classification Performance Metrics

The evaluation of drought prediction models requires four
performance metrics which include accuracy, precision, recall
and Fl-score. The assessment of class-wise prediction
performance uses a confusion matrix while ROC-AUC testing
evaluates the models' ability to distinguish between drought and
non-drought conditions.

VIIL. RESULT AND ANALYSIS
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Figure 2: Drought Area Identification Using K-Means Clustering Based on Rainfall and Groundwater Levels

In order to assess the performance of the suggested focused
knowledge-sharing platform, drought classification and water
demand analysis were carried out using machine learning and
GIS visualization. The results of the experiments proved that
the system was able to not only detect drought-stricken areas
but also contribute to the making of informed water
management decisions [13], [20].

The study shows that drought classification system which
uses clustering methods successfully performs its function. The
results demonstrate that the proposed method successfully
establishes stable drought severity categories which can be used
in decision-support systems.

The identification results of the drought-affected regions by
K-Means clustering, where the areas are classified according to
their rainfall and groundwater level attributes, are shown in
figure 2. The classification of the regions into distinct drought
severity levels is clearly depicted - low rainfall and low
groundwater level regions are designated as the highest drought
zones while moderate rainfall and groundwater availability
regions are classified as moderate drought areas. Regions with
higher groundwater and quite stable rainfall are classified as

low drought. The complete separation of clusters proves that the
proposed unsupervised learning method successfully detects
spatial and hydrological patterns which relate to drought
severity, thus enabling accurate identification of areas with
elevated risk. The clustering results lead to wvaluable
decision-support insights in addition to clear regional
classification that is the primary output of the model. The
classification allows the authorities and the stakeholders to
consider a high-risk area where immediate actions should be
taken, for example, water conservation measures could be
introduced or emergency supplies could be allocated, etc.
Furthermore, this spatial division makes it possible to carry out
a comparative analysis between the regions and spot the trends
caused by factors such as the variability in rainfall and the
depletion of groundwater. The K-Means clustering technique
operates in an unsupervised manner that recommends the
system to adjust to different data distributions without the need
for pre-labeled datasets which is a great advantage for the
analysis of dynamic situations and the case of data-scarce
environments. Hence, these findings prove that the suggested
method is both scalable and practical for the management of
drought monitoring as well as sustainability.
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Figure 3: Analysis of Water Demand Versus Groundwater Level Across Different Regions

The scatter plot in figure 3 displays the connection between
water demand and groundwater levels in various regions. The
scatter plot illustrates that the regions with high water demand
and low groundwater levels are under a lot of stress, which
reveals the areas that are in critical condition and need
immediate help. On the other hand, areas with good water
demand and enough groundwater have more or less the same

water conditions. The distribution and clustering of data points
allow researchers to identify different levels of water stress
which show two distinct aspects. The first aspect shows areas
that need urgent solutions while the second aspect displays
regions which maintain constant water resources. which is
useful for the planning of water resources and management of
the demand [9], [10].

Water Scarcity Management

Role: admin

Dashboard | Logout Admin Map Public Map

Drought Prediction
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Figure 4: Drought Prediction Interface of the Proposed System

The drought prediction interface shown in figure 4
demonstrates the practical implementation of the proposed
framework. Users can input key environmental parameters such
as rainfall, temperature, humidity, groundwater level, and soil
moisture to estimate drought severity. This interface validates
the real-time decision-support capability of the system in water
scarcity management scenarios [11].

In summary, the findings indicate that the use of machine
learning together with GIS-based visualization results in a
better understanding of the water scarcity situation [19]. The
system proposed is very efficient in drought detection,

improves the understanding of the situation, and allows for the
making of decisions based on data for the management of water
resources in a sustainable manner.

The clustering quality metrics show the existence of two
distinct drought severity groups which maintain compactness,
thus proving that the unsupervised learning method functions
properly. The system proves its real-world utility through its
capacity to detect high-risk areas without needing labeled
training samples.
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The experimental results demonstrate that the proposed
framework successfully supports data-driven water scarcity
management through its effective and robust performance.

VIIL

The experiment results reveal that the centralized
knowledge-sharing platform proposed indeed merges machine
learning and GIS-based analysis for the solution of water
scarcity issues. The successful identification of drought-prone
areas through K-Means clustering indicates that unsupervised
learning methods are appropriate for recognizing spatial and
hydrological patterns without depending on labeled datasets.
This offers a huge advantage in practical situations where
existing drought labels are frequently sparse or just not
available.

DiscussioN

GIS representation together with analytical results supports
the interpretability and the use for stakeholders, thus allowing
the drought status to be understood intuitively through the
region's map. The system, by pointing out high-risk areas
visually, plays a part in the very same and quick
decision-making of the water conservation planning, thus
coming into the very process of making decisions. Besides, the
demand and availability analysis of water provides the
authorities with practical insights into the water stress
situations, thus letting them prepare for future shortages by
employing the preventive measures.

From a systems view point, it can be said that having a
centralized knowledge platform is an important factor that helps
narrow down the gap that exists between technical analysis and
community action for appropriate response levels related to
water management sustainability. This is possible through
expert knowledge as well as data analytics resulting in building
awareness and adopting appropriate strategies for sustainable
water management in an intelligent way through user
participation for data addition in case of less developed
environments.

IX. CONCLUSION

The paper introduces a centralized platform which enables
knowledge sharing to manage water scarcity through the
combination of machine learning methods and GIS-based
visualization techniques that help decision makers. The system
proposed encompasses the areas in which drought is likely to
occur by means of K-Means clustering while at the same time
geographical information system (GIS) mapping delivers clear
spatial views. It is by fusing analytical intelligence with expert
knowledge and community participation that the platform
creates awareness, supports the adoption of conservation
practices, and facilitates the use of data in water management.
The results from the experiments conducted validate the
system's effectiveness, dependability, and appropriateness for
smart city and environmental sustainability applications.

Besides the ability to analyze data effectively, the suggested
platform reveals the great importance of a single-point
knowledge sharing in solving difficult environmental problems
such as the shortage of water. The system is a connecting link
between technical analysis and the on-ground implementation
by allowing using a shared digital space for the professionals,

the policymakers, and the community members. The provision
of region-wise insights and conservation recommendation has
made it possible for the stakeholders to take timely actions
against droughts, hence cutting down on the water loss and
making better resource planning for the long run. This
framework of collaboration helps to create community
awareness and at the same time gives public the sense of duty
to use water in a sustainable manner together with the
community.

As well, the proposed system can be adaptable and scalable
so that it can be put into operation in various geographical and
climatic areas. The modular architecture makes it easy to
accommodate quite a lot of data sources, analytical models, and
user groups without major structure changes. Such flexibility is
a must for smart city settings where the ever-changing
conditions and increasing numbers of people call for responsive
and intelligent water management solutions. The concept
suggested has, therefore, brought out the great potential of
combining machine learning, GIS visualization, and interactive
knowledge sharing to establish systems that are robust,
data-driven, resilient, and environmentally friendly, as well as
support the sustainable management of water resources and
conservation efforts.

X. FUTURE SCOPE

The proposed system can be enhanced in the future via
adding the data to rainfall, water table, and water consumption
monitoring as one of the [oT technology’s components that will
operate in the real-time environment. The application of better
machine learning algorithms and deep learning methods can
also be implemented in this system as one of the methods of
better prediction of droughts, to be able to plan resources in
advance. Access can also be increased through mobile app
technology that has a multi-language capability.

Besides all that, the implementation of complex data
analytics and predeterministic modeling methods to underpin
the long-term water management strategies would not only be
a welcome contribution, but also an obligatory input of the
future versions of the system as the time passes. Time-series
analysis and hybrid machine learning models to evaluate
seasonal trends, climate variability, and past drought patterns,
among other things, would help in the setting of water scarcity
early warning systems. Having the system coupled with
cloud-based infrastructures would further add to the
aforementioned advantages of scalability, reliability, and real-
time data processing that would make the system eye-catching
when applied in mass operation in the fields of smart cities and
regional water management authorities.

Furthermore, the government, environment and urban
communities’ union will also affect the platform. With the
connection of the system to official water management
databases and policy frameworks, the platform will be
transformed into an evidence-based decision and regulatory
planning tool. The suggested user feedback systems and
community-based reporting systems will not only be an
excellent addition but also allow the system to continuously
change and become relevant according to the demands of the
community. Overall, all these advances would transform the
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suggested platform into a fully developed, smart, and green
product of the future water shortage management nightmare.
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