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Abstract - Traditional methods associated with resources
like water utilization and waste management, struggles to
handle the challenges leading to inefficiencies, resource
depletion, and environmental degradation!14- To address these
limitations, we propose a comprehensive technique ECO-ML, a
data-driven intelligent framework for sustainable urban
resource management. It mainly focuses on three main core
objectives such as Forecasting Urban Water Demand/®I[10][11],
Predicting Municipal Solid Waste Generation!Ul&], and
Optimizing Waste Collection Routesl6/[13], The real-time and
historical data related to population growth, climatic
conditions, consumption patterns, and urban infrastructure
are utilized to train predictive models. Machine learning
algorithms2ll24] such as regression and decision tree models
such as gradient booster, Random Tree Forest, Logistic
Regression and XGBoost are employed to enhance forecasting
accuracy and efficiency. Additionally, Route optimization
mechanisms are integrated to minimize fuel consumption,
operational costs, and carbon emissions in waste collection
processes. This ECOML model excels the conventional
approaches by means of prediction accuracy, scalability, and
adaptability. The framework provides actionable insights for
municipal authorities enabling proactive decision-making and
efficient resource allocation toward the development of smart
and sustainable cities.

Key Words: ECO-ML, Prediction, Water Demand, Solid
waste generation, Route optimization, Sustainable.

1. INTRODUCTION

Rapid urbanization makes the resource management(4 a
challenging issue i.e, mostly in the domain of water
management and solid waste management in the cities.
According to the United Nations SDG 12, cities must have
impact on responsible consumption and production
Traditional models/5! such as Population-based Estimation
Models, Per Capita Waste Generation Method, Manual
Monitoring of Waste Bins, Fixed Schedule Waste Collection
System, Statistical Forecasting Techniques, Manual Planning
and Rule-based Estimation, etc., are not sufficient to
overcome these challenges made by rapid urbanization.

So, we need a most efficient models to overcome these
challenges for that we propose a Machine Learning based
Sustainable Urban Resource Management framework[?!
called “ECOML: SMART RESOURCE MANAGEMENT”. In this
we experimentally demonstrate the three main core
modules i.e., forecasting urban water demand, predicting

municipal solid waste generation, and optimizing waste
collection routes in the cities.

The objectives of this proposed framework consists- i) To
forecasting the Water Demand in the cities. ii) To predict the
Municipal Solid Waste generations. iii) To optimize the
Waste Collection Route.

1.1DATASET DESCRIPTION AND PREPROCESSING

In this study, the datasetl15] which is collected from various
sources such as smart water meters for the collection of flow
rate, Governments sources like municipal corporation data
for daily waste collection and ward-wise waste generation. In
India online portals are available for data collection like
Swachh Bharath mission portal. For waste collection route
optimization, the data sources are road and map data, IoT
smart bins, google maps platform, municipal GPS vehicle
tracking systems.

Data preprocessing!?l plays a critical role in improving the
performance and reliability of machine learning models.
Several preprocessing steps were implemented to ensure
data quality and consistency. Missing values were handled
using mean and median imputation techniques. Numerical
features were normalized to maintain uniform scale across
variables. Categorical attributes were encoded into numerical
formats to enable model compatibility. Outliers were
detected and removed to prevent skewed predictions.
Additionally, feature selection techniques were applied to
retain only the most relevant attributes, thereby enhancing
model efficiency.

2. METHODOLOGY

This study involves the modules to design and utilization of
water resources and solid-waste management in the cities.
The modules of Exigent, Cleanovate and Opti-route are the
models to predict water demand forecasting, solid-waste
generation and optimum waste collection route respectively
by using the ML techniques such as Gradient booster,
Random Forest and XGBoostl?! for better efficient.

The ECO-ML system follows a structured machine
learning workflow!2l(4] for urban resource prediction and
optimization.

The ECO-ML system is designed to manage urban water
resources and solid waste through three key modules:
Exigent (water demand forecasting), Cleanovate(waste
generation prediction), and Opti-route (waste collection

© 2026, IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page816



’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 04 | Apr 2026

www.irjet.net

p-ISSN: 2395-0072

optimization). It uses machine learning models such as
Logistic Regression, Random Forest, and XGBoost[2! to
improve prediction accuracy and efficiency. Logistic
Regression used for linearly separable data. Random Forest
builds multiple decision trees based on classification
algorithm and reduces overfitting. XGBoost works for
reducing errors and produces sequential tree.

The workflow begins with CSV datasets which are collected
from, municipal water systems, road and map data, municipal
GPS vehicle tracking systems, municipal corporation data and
ward-wise waste generation. The collected data is pre-
processed where missing values are handled, data is scaled,
and categorical variables are encoded using an integrated
pipeline. Feature Engineering then selects and transforms
relevant variables for model readiness. Multiple models are
trained and evaluated using RMSE and R? metrics[4 The best-
performing model is selected using the values obtained. For
predictions, the chosen model generates real-time outputs,
which are displayed as graphs. The Optimal Waste Collection
routes are determined using a combination of the Greedy
algorithm and the Haversine formulal’3] for the shortest
distance between the source and transfer station on the
earth’s surface.

2.1 Work Flow of ECO-ML
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Fig -1: Flow chart of ECO-ML model.

The above work flow illustrates the working of the ECO-ML
Smart Urban Resource Management System. [t begins with
problem definition and objective setting, followed by data
collection and preprocessing. The process then moves to
train-test splitting and enters the machine learning enginel?,
where three modules operate: water demand forecasting,
waste generation prediction, and route optimization with
traffic classification[®l!2l. Each module trains models and
evaluates performance using appropriate metrics. After

selecting the best models, the system generates
visualizations and saves results. These outputs are
integrated into a Flask web application, where users provide
inputs, receive predictions, and view results through an
interactive dashboard interface.

3. RESULTS & CONCLUSIONS

The project “ECO-ML: Smart Resource Management”
successfully demonstrates how machine learning can
transform[14 traditional urban resource management
systems into intelligent, predictive, and sustainable
frameworks.

The integration of three critical modules—water demand
forecasting, waste generation prediction, and route
optimization—provides a comprehensive solution to some of
the most pressing challenges faced by modern cities. Unlike
conventional systems that operate on static rules and
historical averages, ECO-ML leverages real-time and
historical data to enable data-driven decision-making[?!
The E-EXIGENT module ensures accurate water demand
forecasting, helping authorities prevent shortages, reduce
wastage, and improve distribution efficiency. The C-
CLEANOVATE module provides reliable waste generation
predictions, enabling better planning of waste collection,
processing, and disposal. Meanwhile, the O-OPTIRoute
module enhances operational efficiency by optimizing
collection routes, reducing fuel consumption, and
minimizing environmental impact.

A key strength of ECO-ML lies in its ability to capture
complex, non-linear relationships between multiple
variables such as population growth, climatic conditions, and
consumption patterns. The use of advanced machine
learning models like XGBoost ensures high prediction
accuracy, while optimization algorithms improve real-world
applicability.

From a sustainability perspective, the framework
contributes significantly by-reducing resource wastage,
lowering operational costs, minimizing carbon emissions,
supporting eco-friendly urban planning.

Furthermore, the system is scalable and adaptable, making it
suitable for deployment in smart cities and urban
management systems. It can be extended with IoT
integration, real-time dashboards, and advanced deep
learning techniques for even greater efficiency.

In conclusion, ECO-ML represents a next-generation urban
resource management solution that shifts the paradigm from
reactive to proactive management. By combining predictive
analytics with optimization, the system not only improves
operational efficiency but also promotes sustainable
development and environmental responsibility. This makes
ECO-ML a valuable contribution toward building smart,
resilient, and sustainable cities of the future.

Module 1: E-EXIGENT (Water Demand Forecasting)
The water demand prediction[?l[10]11] module generated an
output of 6540.41 liters/day with a high confidence level
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(~98%). The temporal analysis showed relatively stable
demand in the initial days followed by a noticeable increase
in projected demand. This indicates the model’s ability to
capture both short-term stability and future demand surges.
The use of XG Boost enabled accurate modeling[4![11] of non-
linear relationships between population, temperature,
rainfall, and seasonal variations.

Key Insight:

The system successfully predicts water demand with high
accuracy and can proactively alert authorities about future
increases, helping prevent shortages and optimize
distribution.

E-EXIGENT: Water Demand Prediction

Predict real-time water consumption based on environmental factors
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Fig -2: Real time Inputs for Exigent
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Fig -3: Output Graph for Exigent Module

Predicted Demand

6,540.41L/day

nsight: Demand within manageable operational threshelds. (Confidence: 98%)
Fig -4: Predicted Value for Exigent

Module 2:
Prediction)
The waste generation prediction[!ll8] module estimated
~299.9 tons/day, showing high stability with minimal
fluctuations across time. The trend graph indicated slight
variations influenced by factors such as population density,
organic waste percentage, and historical waste data. No

C-CLEANOVATE (Waste Generation

extreme spikes were observed, demonstrating that the
model produces consistent and reliable forecasts.

Key Insight:

Waste generation is strongly influenced by historical
patterns and population densitylll The model ensures
accurate and stable prediction, which is critical for efficient
waste management planning.

C-CLEANOVATE: Waste Generation Prediction
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Fig -5: Real time Inputs for Cleanovate.

Module 3: 0-OPTIRoute (Route Optimization)

The route optimization module generated an efficient
pathlél13] connecting all waste collection points, minimizing
travel distance and avoiding redundancy. The system
utilized K-Means clustering!3] to group nearby locations and
shortest path algorithms to determine optimal routes.

Key Insight:

The module significantly improves operational efficiency by
reducing fuel consumption, travel time, and route overlap,
making waste collection more sustainablel14]

O-OPTIROUTE: Smart Collection Routing

Build dynamic graphs to find the most efficient waste pickup path

@ Optimization Hub
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Fig -6: Input Location Points for Opti-route module.
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Fig -7: Optimal Distance Predicted for Waste Collection.
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Fig -8: Detailed Metrics for various ML models.

Model Evaluation: Classification Metrics
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Fig -9: Bar Representation of ECO ML MODULES
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