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Abstract

The task to manage the municipal solid waste (MSW) in the urban localities specifically in the
cities which are growing faster is very challenging as the city administration need to cope up
with the pace at which today’s cities are growing which is almost impossible without
incorporating the latest technologies like Artificial Intelligence (Al). The static waste collection
system which is being used conventionally currently facing issues like inadequate allocation of
the resources required which in turn raises the overall costs of the operations and ultimately
harm the environment, too. To overcome this, the present study introduces an innovative
approach of combining Decision Support System (DSS) with machine learning driven waste
generation forecasts. This study attempts to optimize the vehicle routing to improve the MSW
collection efficacy in the city of Surat, India. The framework proposed here combines Long
Short-Term Memory (LSTM) neural networks for MSW prediction with Capacitated Vehicle
Routing Problem (CVRP) algorithms for the optimization of routes. We have developed our
LSTM model using the dataset of past 16 years (2009-2024) obtained from Surat Municipal
Corporation which achieved considerable forecasting accuracy with RMSE of 0.1095 and R?
value 0f 0.93. The integrated DSS demonstrated considerable benefits in operations, cutting the
overall collecting distance by 50.31% and the use of vehicles by 24% compared to traditional
static routing methods. The technology uses predictive analytics to dynamically allocate the
required resources helping the waste management authorities make decisions in real time. This
study enhances sustainable urban development by offering a data-driven methodology that
corresponds with the objectives of the Smart Cities Mission and Sustainable Development
Goals (SDGs) 11, 12, and 13. The suggested architecture provides scalable methods for
implementing a circular economy and making municipal waste management systems more
environmentally friendly.
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1. Introduction

1.1 Background and Problem Statement

The growth of cities and the economy have caused an unprecedented rise in the amount of solid
waste produced by cities around the world. According to the World Bank, the amount of waste
produced around the world will rise by 70% to 3.4 billion tonnes per year by 2050 (Kaza et al.,
2018). Due to rapid urbanization in India, the amount of municipal solid waste (MSW)
produced each year has grown to more than 62 million tonnes, but only 43% of it is treated
properly (CPCB, 2019). This problem especially needs quick attention in tier-1I cities like Surat,
which produces about 1800 to 2100 tonnes of waste every day and is growing quickly in terms
of industry and population.

Traditional waste management systems use fixed schedules and static collection routes, which
cause a number of operational problems: (1) suboptimal resource allocation that leads to either
overfilled bins or unnecessary collection trips, (2) more fuel use and greenhouse gas emissions
from inefficient routing, (3) limited ability to predict changes in demand, and (4) inadequate
data-driven decision support for municipal authorities (Ghahramani et al., 2022; Lin et al.,
2021).

1.2 Research Objectives

The primary aim of the study is to address above discussed challenges by developing an
integrated Decision Support System (DSS) with keeping in mind the following objectives:

1. Develop a robust predictive framework for waste generation forecasting using
LSTM neural networks to facilitate data-driven planning.

2. Apply CVRP route optimization algorithms to minimize collection costs and
environmental impact while ensuring service quality.

3. Create an integrated DSS platform combining forecasting and real-time
optimization for municipal authorities.

4. Validate system performance and quantify operational improvements in cost,
efficiency, and environmental metrics through Surat case study implementation.

1.3 Research Significance

This research addresses critical gaps in municipal waste management through:

1. Smart Cities Mission support via Al-enabled, technology-driven service
delivery and real-time resource allocation

2. Environmental sustainability through operational efficiency and

greenhouse gas emission reduction (46.8 tonnes CO:/year)

3. Data-driven governance providing evidence-based support for policy
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formulation and strategic planning
2. Literature Review
2.1 Machine Learning Applications in Municipal Solid Waste Forecasting

Recent studies observed that the use of machine learning algorithms for the prediction of
municipal solid waste generation has gained momentum. Studies also highlights the noticeable
improvements in the results compared to the conventional forecasting methods. It can be
summarised based on comprehensive reviews that artificial intelligence (Al) approaches like
machine learning (ML) and Deep Learning (D)L models exhibits superior accuracy in capturing
the complex pattern of waste generation influenced by parameters like socio-economical,
temporal, policy factors, etc. (Gudeta et al., 2025; A. Hussain et al., 202 0; Maturi et al., 2025;
Thakur et al., 2024).

The studies suggest that Deep Learning (DL) modeling approaches, like Long Short-Term
Memory (LSTM) networks, have shown very good performance in cases involved temporal
changes in the waste generation time series dataset. (Gudeta et al., 2025) has done a comparative
analysis of approaches like ARIMA, Random Forest (RF), and LSTM models for the prediction
of MSW in Ethiopian cities in which LSTM model obtained the highest accuracy among all
with Mean Squared Error (MSE) of 1.62 % 10® tonnes, Mean Absolute Error (MAE) of 9,500
tonnes, and coefficient of determination (R?) of 0.93 (Gudeta et al., 2025). The LSTM approach
of DL modeling is found suitable especially in the cases where dataset has some of the patterns
like seasonal variation, evident trends in long term, etc. because of its inherent ability to model
long-term dependencies and non-linear relationships in sequential data. (Ahmed et al., 2022;
Gudeta et al., 2025).

If the dataset which is being used for the purpose of modeling is having bit complex nature
Artificial Neural Network (ANN) proved to be giving substantially better output compared to
the conventional linear regression approach of modeling. Shah and Shah (2024) demonstrated
the effectiveness of ANN modeling in their study of the estimation of landfill volume and the
same study also highlights the capability of ANN modeling approach to the number of input
variables as well as a complex non-linear relationship characteristic of urban waste system.
(CPCB, 2019). Further in input features different parameters like socio-economic indicators,
population dynamics, policy variables, etc. can be integrated to witness the enhanced
performance of the developed model. (Maturi et al., 2025; H. Wu et al., 2020).

To make our smart waste management systems more advanced integration of features like use
of IoT sensors and real time data collection technique are inevitable in current times. A
comprehensive framework developed by Maturi et al. (2025) for the smart bins with real time
monitoring system exhibits outstanding performance and a substantial increase is monitored in
the overall efficacy of the system by simply using continuous data streaming. (Allevi et al.,
2021; Strand et al., 2020). This is how a paradigm shift is observed from the reactive to
proactive system of urban waste management by following real time predictive systems. (Xia
et al., 2022).
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2.2 Vehicle Routing Optimization in Waste Collection Systems

Various Vehicle Routing Problem (VRP) applications in waste collection and management
have exhibited a very substantial reduction in the cost of operations along with reducing the
adverse impact on the environment. The Capacitated Vehicle Routing Problem (CVRP) and its
variants are gaining importance in the framework designed for optimization through the
algorithms. Different research in this area shows huge reduction in distance from the range of
23% to as good as 66%. (Agha, 2006; Kaza et al., 2018; Liu et al., 2025).

(H. Wu et al., 2020) deployed in their study a Priority Considered Green Vehicle Routing
Problem (PCGVRP) model for waste collection systems which measured approximately 42.3%
of reduction in the adverse effect caused to the environment compared to traditional route
approaches (Kaza et al., 2018). The research further highlights the noticeable increase in overall
efficiency in routine operations and it also showed the positive impact on environmental
sustainability due to application of route optimization in the management system. CVRP and
variants demonstrate substantial operational improvements, reducing travel distances 23-66%
with 42.3% environmental impact reduction (Wu et al., 2020). GIS integration and meta-
heuristic algorithms (genetic algorithms, PSO) effectively solve large-scale problems while
maintaining solution quality-computational efficiency balance (Hannan et al., 2018). Indian
municipal applications, including prior Surat studies, validate route optimization's potential for
cost reduction and resource optimization.

2.3 Decision Support Systems for Sustainable Waste Management

DSS frameworks integrate multiple data sources, analytical tools, and diverse stakeholder
requirements for effective waste management. Modular design supports flexibility through [oT
sensors, real-time monitoring, and predictive analysis. Modern systems enable transition from
static schedule-based collection to dynamic, demand-driven operations with real-time
performance metrics and continuous optimization, supporting data-driven decision-making at
organizational levels. Now, it has become possible to create smart waste management systems
that allow flexibility in decision making because of use of individual or integration of latest
technologies like IoT sensors, real time monitoring and using predictive analysis. Studies
carried out in recent times, figure out how all these systems can be optimized by applying
following measures: proper route planning, collection schedule optimization, sufficient
resource allocation based on output received on real time bin filled levels and predictive
demand forecasting (Strand et al., 2020) (Patel et al., 2023) . This technological evolution we
are witnessing helps the transition from static schedule-based collection system to more
dynamic and demand-driven operations.

2.4 Smart Cities and Circular Economy Integration

Idea of a smart city initiative now slowly turning from conceptualization to reality world-wide.
With the increase in smart cities, the administration has identified the waste management as
one of the most critical components of urban sustainability and citizen service delivery.
Therefore, now integrating MSW management systems in smart city infrastructure enables

Received: August 04 2025 2468



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

comprehensive optimization across multiple services, too. (Bhakkad, 2025; Maturi et al., 2025;
Shah & Shah, 2024).

To make the idea of circular economy a success we need to make our planning sophisticated by
optimizing the tools involved like resource efficiency, waste minimization and material
recovery. Recent studies on the implementation of circular economy in smart cities also
highlights the role of data-driven decision support systems to achieve the goal of sustainability

(Dr. I. Hussain et al., 2024; Kumar et al., 2022). These systems enable municipalities to
optimize not only collection efficiency but also material recovery, recycling logistics, and
waste-to-energy operations.

2.5 Environmental Impact and Sustainability Considerations

The waste collection optimization not only increase operational effectiveness, it also creates a
positive impact on environment by reducing fuel consumption, greenhouse gas emissions and
air pollution. According to a recent research, route optimization can reduce transportation
related emissions by 20-50% along with maintaining and improving service quality. (Ross
Fitzgerald, n.d.). Route optimization achieves 20-50% transportation emission reduction,
aligning with India's NDCs and Paris Agreement commitments.(Dr. I. Hussain et al., 2024;
Ross Fitzgerald, n.d.).

2.6 Integration Challenges and Research Gaps

Existing literature demonstrates these two parameters mostly separately ML forecasting and
vehicle routing optimization. Very limited research addresses integration of these two into
making a comprehensive decision support framework. Most studies focus on either prediction
or optimization components independently, without considering the synergistic benefits of
integrated approaches (A. Hussain et al., 2020; Kaza et al., 2018; Maturi et al., 2025).

The implementation of this type of integrated system is very demanding task particularly in the
context of Indian cities because of number of parameters like quality issues of reliable dataset,
constraints in the infrastructure, limitations of institute capacities, etc. It certainly required a
further investigation and the current work attempts to addresses these gaps by developing as
well as validating an integrated framework of forecasting and optimization using real world
MSW generation data from Surat city.

If we see, current trends of research suggests that most of the studies of VRP carried out were
based on static demand assumptions and without referring to the advanced forecasting
approaches of modeling. To overcome all these, this study specifically demonstrates that a
systematic integration of dynamic demand modeling and latest ML prediction approaches can
improve the route optimization efficacy up to a great extent.

3. Methodology

A methodological approach has been imposed through development and validation of
integrated framework of DSS and MSW management. A detailed four-module architecture has
been developed to handle the complexities generated because of the interdependencies of these
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two: (1) predictive forecasting analytics; and (ii) operational optimization. Due to institutional
data access restrictions, a hybrid methodology was employed: real MSW generation data (2009-
2024) from Surat Municipal Corporation combined with systematically validated synthetic
infrastructure parameters per established research protocols and municipal standards.

3.1 Overall System Architecture

A Decision Support System (DSS) was developed to integrate the components of forecasting
and optimization both. In which, standardized interfaces have been employed along with
maintain the data exchange protocols. This approach applied here allowed the validation of
individual modules while keeping the system in coherence overall. The framework proposed
here has been made flexible enough to easily adapt to the changes occurred in operations due
to various factors along with taking care of the constraints involved in technological aspects.
(Bakhoum & Brown, 2015; M. Bani, 2009; Haastrup et al., 1998; Sharma et al., 2019).

Module 1: Data Processing and Feature Engineering

The process of data processing was carried out exhaustively ensuring quality of data including
temporal consistencies. Further to make historical dataset available, fit for the modeling
purpose different checks were performed like detection of statistical outlier, employment of
interpolation techniques for missing values, application of temporal alignment with calendar
dates, etc. In order to capture the multidimensional nature of waste generation patterns, various
socio-economic and temporal features available in dataset were extracted. (Adeleye Yusuff
Adewuyi et al., 2024; Adu et al., 2025; Ahmed et al., 2022; Ashutosh Deshpande et al., 2024;
Henriksen, 2019; Velis et al., 2023).

Module 2: Predictive Analytics Engines

The predictive analytics engines used Long Short-Term Memory (LSTM) neural network
which is tailor made to forecast municipal solid waste. Monthly waste generation patterns
derived from dataset helps in making strategic planning more efficient. Whereas, the daily
demand disaggregation uses patterns found from historical dataset to make decision making
smoother in operations. The demand distribution algorithms applied for point-levels allows
resource planning and deployment to be very precise. Which in turn, guarantee precise spatial
allocation as per the capacity of different collection points. (Ahmed et al., 2022; Gudeta et al.,
2025; Nezhaddehghan et al., 2023; Niu et al., 2021; Salawudeen et al., 2024).

Module 3: Route Optimization Engine

The route optimization engine formulates the waste collection problem as Capacitated Vehicle
Routing Problem (CVRP) as the predictive analysis module employed here uses the dynamic
demand inputs. Here, the adaptive planning was done based on potential of the real time route
optimization. The multi-objective optimization process considers the time constraints, distance
minimization, limitations of vehicle capacity, etc. all at the same time. The optimization engine
takes care of environmental impacts by helping modeling greenhouse gas emission and the
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estimating the consumption of fuel. (Akhtar et al., 2017; Hannan et al., 2018; Priyadarshi et al.,
2023; F. Wu et al., 2020).

Module 4: Decision Support Interface

The administration of municipal corporation will get an extensive visualization and reports
from the decision support interface using which key decisions can be made in real time. The
decision-making process will be more effective with the help of the constant updates on the
performance of different metrics, route visualization, etc. Thus, these insights received from
the reporting framework will be useful for operational management ane strategic planning.
(Bakhoum & Brown, 2015; M. S. Bani et al., 2009; Haastrup et al., 1998; Sharma et al., 2019).

3.2 Data Collection and Preprocessing
3.2.1 Municipal Solid Waste Data

Historical municipal solid waste data from January 2009 to December 2024 (192 monthly
observations) were obtained from the authorities of Surat Municipal Corporation. The dataset
has multi-dimensional characteristics like the value of total MSW in tonnes, residential,
commercial, recyclable materials, street sweeping activities, and dead animal disposal. Further,
the dataset was integrated with the population and the demographic indicators to get insights of
the socio-economic parameters of the waste generation. Few more features like economic and
policy related variables were also imbibed to provide understanding of influence of external
factors in waste generation patterns. (Ashutosh Deshpande et al., 2024) (Velis et al., 2023)
(Thakur et al., 2024) (Chowdhury, 2009) (Liu et al., 2025).

As the dataset thus prepared allows robust analysis of long-term trends, seasonal variations,
policy driven changes in the waste generation patterns can also be obtained. As a part of
measuring effects of major policy interventions, two major events were studied that influenced
the waste generation behaviours: (1) Implementation of Swachh Bharat Abhiyan and (ii)
Impacts due to COVID-19 pandemic. A temporal depth in dataset so obtained provides a
rigorous dataset essential for the developing, training and validating a sophisticated ML model
approach which can be generalize with no or little changes as per the other features. (Adeleye
Yusuff Adewuyi et al., 2024) (Adu et al., 2025) (Liu et al., 2025).

3.2.2 Spatial and Fleet Infrastructure Data

The various waste management data maintained by any municipal corporations related to
collection points, fleet deployment, etc. are difficult to made public due to various concerns
like privacy, security, commercial sensitivity, etc. Here in this study, real historical MSW
generation data (2009-2024) was obtained from Surat Municipal Corporation. Whereas,
synthetic dataset was systematically developed for the collection infrastructure and vehicle fleet
specifications following established standards and validation. Thus, a hybrid dataset was used
of real for waste generation and synthetic for vehicle fleet and collection points. (Nurprihatin
& Lestari, 2020) (M. S. Bani et al., 2009) (Akhtar et al., 2017)

Synthetic Data Generation Framework
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Because of the institutional security protocols and commercial sensitivity direct access to
operational infrastructure data for the research is very limited. Therefore, the application of
synthetic data in research involved in operations related to municipal corporations has gained
the recognition as a legitimate methodology. The infrastructural operational data of the
municipal corporations is mainly made restricted considering following three primary factors:
(1) Security Concerns: The collection point locations being considered sensitive urban
infrastructure, (ii) Commercial Sensitivity: The fleet deployment strategies constitute
operational intelligence and (iii) Privacy Constraints: The detailed routing patterns may reveal
residential and commercial activity patterns. (Kitchin, 2016) (Sanchez et al., 2025) (Annapolis
et al., n.d.) (Shanley et al., 2024).

Synthetic Infrastructure Specifications

Following rigorous geographic and demographic validation protocols, synthetic infrastructure
was developed per established municipal standards, as shown in Table 1:

Infrastructure Specification Validation_Basis
Collection Points 43 locations Surat Municipal Corporation
bounds
Geographic Bounds | 21.15°N-21.24°N, 72.78°E- | Surat Municipal Corporation
72.88°E bounds
Zone Distribution 40% residential, 25% commercial, | Census 2011, urban land-use
35% mixed-use patterns
Bin Capacity 1-5 tonnes MoHUA Guidelines, 1S:2240
standards
Service Distance <500m from main roads Municipal service  delivery
standards
Fleet Size 25 vehicles Municipal capacity requirements
Vehicle Mix 40% compactor, 35% tipper, 25% | CEEW 2025, industry practice
mini
Vehicle Capacity 3-8 tonnes CPCB standards 2021
Fleet Ratio 1 wvehicle per 1000-1500 | MoHUA guidelines
households

Table 1: Infrastructure Specifications
Validation and Quality Assurance Protocol

Synthetic data was validated against MoHUA guidelines, CPCB standards, and tier-II city
benchmarks (Vadodara, Rajkot, Ahmedabad) for statistical consistency and operational
feasibility.
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3.2.3 Data Quality and Preprocessing

In the research usage of reliable analytical approaches were made in order to maintain the
overall data quality in preprocessing part. In the dataset the temporal consistency and the data
integrity was maintained nicely. A detailed comprehensive workflow which is essential in this
kind of research was employed in multiple stages have been developed with taking utmost care
in the preprocessing process. The application of systematic quality assurance protocols in
preprocessing phase took good care of feature engineering requirements of MSW dataset like
temporal misalignments, incomplete dataset, statistical anomalies like outliers, etc. (Crudu,
2025) (Adeleye Yusuff Adewuyi et al., 2024) (Gupta_omg, 2025) (Novogroder, 2024).

Temporal Alignment and Synchronization

Temporal alignment of 192-month records (Jan 2009-Dec 2024) to standardized calendar dates
ensured chronological consistency and enabled precise identification of long-term trends,
seasonal variations, and policy-driven shifts in waste generation patterns.

Missing Value Treatment and Imputation

Missing values were treated using linear and spline interpolation methods specific to municipal
waste time series characteristics, validated against comparative city datasets to prevent artificial
trends.

Outlier Detection and Statistical Correction

Outliers were identified using Z-score and IQR analysis. COVID-19 period (2020-2021) was
flagged as legitimate exceptional event; other anomalies were corrected or flagged for
specialized analysis.

Advanced Feature Engineering Framework

In advanced feature engineering framework proposed in this study, a careful implementation of
the latest temporal encoding techniques was carried out. This technique employed here was
robust enough to capture various patterns like cyclical patterns, historical dependencies,
contextual relationships, etc. which is usually found out in these types of historical datasets of
municipal corporations. Specifically in this study, cyclical month encoding utilized
trigonometric transformations through sine and cosine functions (sin (2t X month/12), cos (2n
x month/12)) which preserves temporal continuity and cyclical relationships between
consecutive months. This approach addressed the fundamental limitation of linear temporal
encoding where December and January appear maximally distant despite being consecutive
months. (Crudu, 2025) (David Andrés, 2025) (The Scikit-learn Developers, n.d.) (The Feature-
engine developers, n.d.) (The skforecast team, n.d.).

Lag feature construction incorporated historical waste generation values at strategically
selected intervals (1, 2, 3, 6, and 12 months) to capture short-term dependencies and annual
cyclical patterns essential for accurate forecasting. Rolling statistical calculations including
moving averages and standard deviations across 3, 6, and 12-month windows provided trend
smoothing and variability assessment capabilities, enhancing model sensitivity to gradual
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changes in waste generation patterns. (Novogroder, 2024) (Crudu, 2025) (Adeleye Yusuff
Adewuyi et al., 2024).

3.3 LSTM-Based Waste Generation Forecasting
3.3.1 Model Architecture

The deep LSTM network architecture comprised three sequential LSTM layers with 50 units
each, incorporating dropout regularization layers (rate: 0.2) between consecutive LSTM layers
to prevent overfitting. The first two LSTM layers-maintained sequence return capabilities to
enable hierarchical temporal feature extraction, while the final LSTM layer fed into dense layers
with 25 units before the single-unit output layer for waste generation prediction. (Hannan et al.,
2018) (Venes et al., 2023) (Adu et al., 2025).

3.3.2 Feature Engineering

Comprehensive feature engineering constituted a critical component of the LSTM model
development, systematically designed to capture multidimensional temporal and contextual
patterns inherent in municipal solid waste generation data. The feature engineering framework
incorporated sophisticated encoding techniques to transform raw temporal data into analytically
meaningful representations capable of enhancing model predictive performance across multiple
temporal scales. (Shi et al., 2024) (Olawumi et al., 2024) (Cubillos, 2020).

Temporal Feature Construction

Temporal feature construction employed advanced cyclical encoding techniques to preserve the
inherent periodicity and continuity of monthly waste generation patterns. Cyclical month
encoding utilized trigonometric transformations through sine and cosine functions (sin(2w x
month/12), cos(2n x month/12)) to address the fundamental limitation of linear temporal
encoding where consecutive months (December and January) appear maximally distant despite
temporal adjacency. Year and quarter indicators provided hierarchical temporal context,
enabling the model to distinguish between annual growth trends and seasonal variations. Time-
since-project-start variables (measured in months) captured long-term developmental
trajectories and policy implementation effects across the 16-year observation period. (Shi et al.,
2024) (Cui & Wei, 2024) (Nagpure et al., 2015) (The Scikit-learn Developers, n.d.)

Feature Engineering Framework

A comprehensive feature engineering framework was implemented to capture
multidimensional temporal and contextual patterns (as shown in Table 2). The framework
incorporates sophisticated encoding techniques across four major categories: temporal features
using cyclical encoding and year/quarter indicators, historical patterns through lag features and
rolling statistics, policy/external factors including Swachh Bharat and COVID-19 impacts, and
waste stream characteristics capturing composition dynamics.

Feature_Category | Feature Type | Implementation | Temporal_Scope | Purpose
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Temporal Cyclical sin(2rxmonth/12) | 12-month cycle Monthly
Encoding , periodicity
cos(2mxmonth/12
)
Temporal Year/Quarter | Numerical indices | Full dataset Annual
Indicators trends vs
seasonal
Temporal Time-since- Monthly 16 years Long-term
start increments trajectorie
S
Historical Patterns | Lag Features Previous values 1,2,3,6,12 months | Short-term
& annual
cycles
Historical Patterns | Rolling 3,6,12-month Sequential Trend
Averages windows smoothing
Historical Patterns | Rolling Std | 3,6,12-month Sequential Volatility
Dev windows assessmen
t
Policy/External Swachh Bharat | Binary indicator | Post-2014 Sanitation
initiative
impact
Policy/External COVID-19 Indicator + 1 2020-2021 Pandemic
Impact seasonal factors anomalies
Waste Stream Composition M-o0-M,  Y-o0-Y | Sequential Dynamic
Growth rates waste
trends
Waste Stream Stream Residential, Full dataset Waste
Components recyclable, stream
sweeping % characteris
tics

3.3.3 Model Training and Validation

Table 2: LSTM Feature Engineering Summary

The LSTM model training and testing used a temporal partitioning method to ensure a reliable

performance and to prevent the data leakage between training and testing phase. 80% of data
was splitted as training (2009-2020) and remaining 20% as testing (2020-2024) to maintain the
chronological integrity in dataset which is must in the application of timeseries forecasting

methods.
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The application of Mean Squared Error (MSE) as the main loss function in model training phase
was done because of its inherent capability to maintain adequate sensitivity while making the
prediction of errors. In order to obtain convergence characteristics suitable for temporal
sequences the Adam Optimization Algorithm was applied here with its default learning
parameters. To overcome the overfitting issues and obtain the best generalization performance,
training was done for a max of 100 epochs with application of early stopping mechanism. The
performance of model was monitored constantly during the training phase with the help of the
20% split of data for the purpose of validation. A batch size configuration of 16 samples was
kept to maintain the balanced computational efficiency with suitable gradient estimation
accuracy.

3.4 Daily Demand Disaggregation

Monthly LSTM predictions were disaggregated into daily waste estimates using weighted
distribution techniques based on historical temporal patterns. Daily totals were distributed to
specific collection points considering bin capacity and local service area characteristics,
enabling tactical-level route optimization integration.

3.5 Capacitated Vehicle Routing Problem (CVRP) Formulation
3.5.1 Mathematical Formulation

With the use of multi-objective optimization criteria and dynamic demand inputs received from
the predictive analytics module, the waste collection routing optimization problem was
methodically formulated as a Capacitated Vehicle Routing Problem (CVRP). The mathematical
formulation addressed the basic problem of minimizing total travel distance while meeting
comprehensive collection requirements and operational constraints inherent in municipal waste
collection systems.

The objective function gave priority to the total travel distance minimization along with
ensuring the complete coverage of waste collection across all the designated points within
limitations of the capacity of the vehicle. Constraint formulation included demand satisfaction
requirements that ensured full waste collection from all active collection points. The vehicle
capacity restrictions prevented overloading and single-visit requirements ensured each
collection point received exactly one service visit. Also, there is the route continuity constraints
that required departure from and return to the central depot facilities.

3.5.2 Distance Matrix Calculation

Distance matrix computation applied the Haversine formula to calculate great-circle distances
between all location pairs providing accurate geographic distance measurements required for
the route optimization. The mathematical formulation is as follows:

d(i,j) = 2R X arcsin <J(sin2((A¢)/2) + cos(¢1)cos(¢2)sin2((AA)/Z)))
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which utilized Earth's radius (R = 6,371 km), latitude coordinates (@1, ¢2), latitude differences
(Ao), and longitude differences (AL) to ensure precise distance calculations across the urban
geographic area. (Salawudeen et al., 2024) (Priyadarshi et al., 2023).

3.5.3 Optimization Algorithm

To solve CVRP problems the Google OR-Tools Optimization library was used here because of
the strong algorithmic capability in solving such kind of problems. As the first solution strategy
in the algorithmic configuration PATH CHEAPEST ARC was used because of its
effectiveness in initial solution generation which was followed by further refinement in the
optimization process. The system adopted both the branch and bound approach and heuristic
improvements on the systematic exploration of the solutions. The default search parameters
were a good trade-off between solution quality on one hand and the speed of the computation
on the other. (H. Wu et al., 2020) (Salawudeen et al., 2024) (Priyadarshi et al., 2023).

3.6 Performance Evaluation Framework
3.6.1 Forecasting Performance Metrics

Forecasting performance assessment applied here used a comprehensive metric frameworks
specifically designed to assess the predictive accuracy across different dimensions of model
performance. Root Mean Square Error (RMSE) calculation through the following equation;

RMSE = z (ypred —yactual)2 /n

which provided sensitivity to large prediction errors and overall model accuracy assessment.
(Cubillos, 2020)(Tamilmani et al., 2024). Mean Absolute Error (MAE) computation via
following equation;

MAE = (}|y_pred — y_actuall)/n

which offered interpretable error magnitude quantification resistant to outlier influence. (Shi et
al., 2024). Coefficient of Determination (R?) calculation using the following equation;

R? =1 — (SS,es)/(SS.ot)

which quantified explained variance proportion and model explanatory power. (Olawumi et al.,
2024) (Cubillos, 2020).

3.6.2 Routing Performance Metrics

Routing performance metrics evaluated optimization effectiveness via: total travel distance
(km), vehicle fleet utilization (count), route efficiency (% improvement vs. baseline static
routing), fuel consumption (liters/day), and CO: emissions (tonnes/year). These metrics
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quantified transportation efficiency, resource utilization, and environmental impact
improvements.

3.6.3 Data Quality and Validation Metrics

Data quality and validation assessment implemented comprehensive synthetic data validation
protocols to ensure parameter authenticity and operational realism. Parameter realism
assessment evaluated synthetic infrastructure specifications against established municipal
standards and published benchmarks. Statistical property verification examined distribution
consistency and spatial uniformity to ensure realistic geographic and demographic
representation. Operational feasibility validation evaluated capacity-demand alignment and
system coherence in real-world operational scenarios. Benchmarking protocols checked the
validity of the methods by comparing synthetic parameters to published studies of municipal
fleets and government guidelines. (Lan et al., 2025) (Shanley et al., 2024) (Khrulkov et al.,
2022) (Alam et al., 2023) (Breck et al., n.d.).

3.7 Research Ethics and Data Transparency

For the process involved developing LSTM model for the purpose for forecasting a real dataset
obtained from authorised sources have been employed. But in lieu of real-world data of
operations and maintenance of city of Surat due to institutional policies and security concerns
synthetic dataset for vehicle fleet and bin locations were created based on the most suitable
approach permissible in research. This is how the hybrid data methodology was used to generate
forecast and to create optimization modeling based on it. (Olawade et al., 2024) (Singagerda et
al., 2024).

4. Results and Analysis
4.1 LSTM Model Performance

The forecasting performance of LSTM model was much above conventional benchmarks in all
the metrics of evaluation patterns. In training phase, the LSTM model obtained a Root Mean
Square Error (RMSE) value of 0.0754 clearly demonstrating its superior capabilities in
recognising various temporal pattern available in dataset. The testing phase, encompassing 34
validation samples (2020-2024), yielded an RMSE of 0.1095 and coefficient of determination
(R?) of 0.93, comparable to leading studies in municipal waste forecasting applications. The
model successfully captured long-term growth trends in Surat's waste generation, showing
150.1% growth from 2009 to 2024, with average monthly MSW of 59,255 tonnes. Feature
importance analysis revealed that historical lag variables and rolling averages were most
significant for prediction accuracy. (Ahmed et al., 2022) (Kannan et al., 2024) (aiforgoodstg?2,
2024).

4.2 Route Optimization Results
4.2.1 Single-Day Optimization Performance

Comprehensive evaluation of the route optimization framework was conducted using the test
date of December 1, 2024, representing typical operational conditions within the municipal
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waste collection system. The optimization process demonstrated substantial performance
improvements across all evaluated metrics, establishing the system's practical viability for real-
world implementation. (Bharadhwaj et al., 2025) (The Ultimate Guide to Waste Collection
Route Optimization in 2025 - NextBillion.Ai, 2025)

Demand Distribution Analysis

The spatial demand analysis revealed significant heterogeneity in waste generation patterns
across the collection network. Total daily waste volume reached 993 .4 tonnes distributed across
40 active collection points, with individual point demands ranging from 15.5 to 54.3 tonnes per
collection site. This substantial variation in point-level demand (coefficient of variation = 0.42)
underscores the importance of dynamic optimization approaches over static routing
methodologies. Three collection points registered zero demand, comprising depot facilities and
inactive locations, which were appropriately excluded from active routing calculations. (Kocsis
et al., 2024) (What KPIs and Analytics Are Used on Waste Collection Software Dashboards?,
n.d.)

Optimization Performance Metrics

The CVRP optimization algorithm achieved remarkable efficiency improvements through
systematic route planning and vehicle allocation strategies. Optimized total travel distance was
reduced to 194.78 km from the theoretical baseline, utilizing 19 vehicles from the available
fleet of 25 units. This represents a 24% reduction in vehicle utilization while maintaining
complete collection coverage, demonstrating the algorithm's capacity for resource optimization
without service degradation.

4.2.2 Comparative Analysis with Static Routing Systems

Quantitative comparison between the optimized system and traditional static routing
approaches revealed substantial operational improvements across all performance indicators.
Static routing methodology, characterized by individual depot-to-point round trips, served as
the baseline for performance evaluation, representing current operational practices in many
municipal waste collection systems.

Performance Improvement Analysis

If we compare static routing techniques with the optimized system, the later system showed
remarkable efficiency gains. Total travel distance observed to be decreased from 392.04 km to
194.78 km giving a 50.31% reduction in transportation requirements. By increasing vehicle
utilization from 25 to 19, fleet deployment was reduced by 24% without sacrificing quality of
service. If we make comparison of the baseline operations, we may see that overall route
efficiency increased by 197%, suggesting significant potential for lowering operating costs and
mitigating environmental effects.

4.3 Multi-Day Performance Analysis
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The consistency and dependability of the framework has been evaluated over several forecast
dates. Further to confirm resilience and usefulness of the system the multi-day analysis included
diversification in waste generation patterns, seasonal variations, demand fluctuations, etc.

Consistent Performance Metrics

During the evaluation period it is observed that the distance reduction performance remained
consistent with an average improvement in total travel distance of 45-55% over baseline
operations. Vehicle utilization demonstrated parallel improvements, achieving consistent 20-
30% reduction in required fleet deployment across varying demand conditions. Operational
efficiency metrics indicated improved service coverage with reduced resource requirements,
confirming the system's ability to adapt to dynamic operational environments while maintaining
performance standards.

4.4 Environmental Impact Assessment

Route optimization achieved substantial emissions reductions through fuel savings. Daily fuel
reduction of 49.3 liters (at 4 km/liter efficiency) corresponds to 128.2 kg daily CO: reduction
using standard conversion factors (2.6 kg COx/liter), scaling to 46.8 tonnes annually. Beyond
direct emissions, secondary benefits include reduced noise pollution, improved air quality, and
extended infrastructure longevity through minimized road wear.

4.5 Economic Impact Analysis

Operational efficiency translates to substantial economic benefits. Daily fuel savings of 49.3
liters at X90/liter yield 4,437 daily savings (31,619,505 annually). Fleet optimization reducing
vehicle requirements by 6 units diminishes maintenance costs ~20% and extends vehicle
lifespan. Enhanced crew productivity through minimized travel time reduces labor
inefficiencies and overtime expenses. Cumulative benefits like fuel savings, reduced
maintenance, improved labor efficiency position the system as economically viable for
municipal waste management implementation.

5. Discussion
5.1 Technical Innovations and Contributions

The research introduces an integrated LSTM-CVRP framework advancing waste management
through combined predictive analytics and dynamic route optimization. LSTM neural networks
forecast monthly waste generation, enabling real-time resource allocation through demand-
driven CVRP routing with continuous performance feedback loops. The multi-scale approach
spans strategic planning (monthly forecasts), operational scheduling (daily disaggregation), and
tactical execution (real-time routing optimization), providing coherent decision support across
temporal horizons and ensuring efficient resource utilization at all operational scales.

5.2 Practical Implementation Considerations

The modular architecture supports scalability across cities, requiring robust historical data (3-5
years), API integration with municipal systems, and standardized validation protocols.
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5.3 Smart Cities, Sustainability, and Circular Economy Integration

The DSS supports India's Smart Cities Mission through technology-driven governance. The
system addresses UN SDGs 11, 12, and 13 via: operational efficiency (46.8 tonnes CO-/year
reduction), resource efficiency through predictive planning, and enhanced material recovery
supporting circular economy principles. The framework demonstrates practical climate action
implementation aligned with national and international sustainability commitments.

5.4 Limitations and Future Research Directions
5.4.1 Limitations

Synthetic infrastructure data, while validated against municipal standards and tier-II city
benchmarks, may not fully capture site-specific operational constraints. Actual deployment
may encounter complexities beyond synthetic scenario validation.

5.4.2 Future Research Directions

Future enhancements include: (i) IoT sensor integration for real-time bin monitoring, (ii)
reinforcement learning for algorithm refinement, (iii) multi-city comparative studies for model
generalizability, (iv) life-cycle impact assessments, (v) policy impact studies on waste
generation patterns, and (vi) social impact and worker productivity evaluations.

6. Conclusion

This research has delivered a robust Al-driven Decision Support System that marries LSTM-
based waste generation forecasting with dynamic CVRP route optimization to transform
municipal solid waste collection. By leveraging sixteen years of historical data from Surat, the
LSTM model achieved an RMSE of 0.1095 and an R? of 0.93, underscoring its superior
predictive accuracy. When integrated with real-time routing, the system halved collection
distances and reduced fleet requirements by nearly a quarter, yielding 46.8 tonnes of annual
CO:s2 savings and over 1.6 million in fuel cost reductions.

Theoretically, this work advances waste management scholarship by introducing a novel
integration methodology that unifies time-series forecasting and multi-objective routing, and
by demonstrating a multi-scale modeling framework that seamlessly spans strategic,
operational, and tactical horizons. Practically, the DSS provides municipalities with a
replicable, modular platform for data-driven planning, rapid deployment across tier-II cities,
and evidence-based policy support. Aligned with India’s Smart Cities Mission, the Swachh
Bharat Abhiyan, and UN Sustainable Development Goals 11, 12, and 13, the proposed DSS
enhances urban service delivery, circular economy practices, and climate action efforts. To
realize its full potential, municipal authorities should invest in robust data infrastructures,
cultivate technical expertise, engage stakeholders across public and private sectors, and institute
continuous monitoring and evaluation processes.

Looking ahead, embedding real-time IoT sensor data, expanding to multi-city comparative
studies, and exploring reinforcement-learning-driven optimization will further elevate system
performance. As urbanization intensifies global waste challenges, integrating advanced
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analytics, optimization algorithms, and stakeholder collaboration promises more sustainable,
cost-effective, and resilient waste management systems worldwide.

Acknowledgments

The authors thank Surat Municipal Corporation for providing access to historical waste
generation data and spatial information essential for this research. Special appreciation is
extended to the waste management teams who provided insights into operational challenges
and system requirements. We also acknowledge the open-source community for providing the
tools and libraries that made this research possible.

References:

1. Adeleye Yusuff Adewuyi, Kayode Blessing Adebayo, Damilola Adebayo, Joseph
Moses Kalinzi, Uyiosa Osarumen Ugiagbe, Oyindamola Omolara Ogunruku, Olufemi
Adeleye Samson, Onabolujo Richard Oladele, & Samson Ademola Adeniyi. (2024).
Application of big data analytics to forecast future waste trends and inform sustainable
planning. World Journal of Advanced Research and Reviews, 23(1), 2469-2478.
https://doi.org/10.30574/wjarr.2024.23.1.2229

2. Adu, T. F., Mensah, L. D., Rockson, M. A. D., & Kemausuor, F. (2025). Forecasting
municipal solid waste generation and composition using machine learning and GIS
techniques: A case study of Cape Coast, Ghana. Cleaner Waste Systems, 10, 100218.
https://doi.org/10.1016/j.clwas.2025.100218

3. Agha, S.(2006). Optimizing routing of municipal solid waste collection vehicles in Deir
El-Balah-Gaza Strip. The Islamic University Journal (Series of Natural Studies and
Engineering, 14, 75-89.

4.  Ahmed, S., Mubarak, S., Du, J. T., & Wibowo, S. (2022). Forecasting the Status of
Municipal Waste in Smart Bins Using Deep Learning. International Journal of
Environmental Research and Public Health, 19(24), 16798.
https://doi.org/10.3390/ijerph192416798

5. Aiforgoodstg2. (2024, May 7). Revolutionizing waste management: The role of Al in
building sustainable practices. A/ for Good. https://aiforgood.itu.int/revolutionizing-
waste-management-the-role-of-ai-in-building-sustainable-practices/

6.  Akhtar, M., Hannan, M. A., Begum, R. A., Basri, H.,, & Scavino, E. (2017).
Backtracking search algorithm in CVRP models for efficient solid waste collection and
route optimization. Waste Management, 61, 117-128.
https://doi.org/10.1016/;.wasman.2017.01.022

7. Alam, S., Ayub, M. S., Arora, S., & Khan, M. A. (2023). An investigation of the
imputation techniques for missing values in ordinal data enhancing clustering and
classification analysis validity. Decision Analytics Journal, 9, 100341.
https://doi.org/10.1016/j.dajour.2023.100341

8. Allevi, E., Gnudi, A., Konnov, I. V., & Oggioni, G. (2021). Municipal solid waste
management in circular economy: A sequential optimization model. Energy Economics,
100, 105383. https://doi.org/10.1016/j.eneco.2021.105383

Received: August 04 2025 2482



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Annapolis, A. S. A. S. writes on technology trends from, Md., IT, with a focus on
government, military, & Technologies, F.-R. (n.d.). Synthetic Data Supports State and
Local Govermment Al Initiatives. Technology Solutions That Drive Government.
Retrieved August 30, 2025, from
https://statetechmagazine.com/article/2024/07/synthetic-data-supports-ai-initiatives-
for-municipalities-perfcon

Ashutosh Deshpande, Vasanth Ramanathan, & Karthigaiselvan Babu. (2024).
Assessing the socio-economic factors affecting household waste generation and
recycling behavior in Chennai: A survey-based study. International Journal of Science
and Research Archive, 11(2), 750-758. https://doi.org/10.30574/ijsra.2024.11.2.0487
Bakhoum, E. S., & Brown, D. C. (2015). An automated decision support system for
sustainable selection of structural materials. International Journal of Sustainable
Engineering, 8(2), 80-92. https://doi.org/10.1080/19397038.2014.906513

Bani, M. S., Rashid, Z. A., Hamid, K. H. K., Harbawi, M. E., Alias, A. B., & Aris, M.
J. (2009). The Development of Decision Support System for Waste Management; a
Review.

Bhakkad, M. (2019). SOLID WASTE MANAGEMENT: A CASE STUDY OF SURAT
CITY. Solid Waste Management, 5(1).

Bhakkad, M. (2025). SOLID WASTE MANAGEMENT: A CASE STUDY OF SURAT
CITY.

Bharadhwaj, S., Sampath, A., & A M, V. (2025). Dynamic Route Optimization for
Urban Waste Collection. International Journal for Research in Applied Science and
Engineering Technology, 13(4), 1608-1613.
https://doi.org/10.22214/ijraset.2025.68614

Breck, E., Polyzotis, N., Roy, S., Whang, S. E., & Zinkevich, M. (n.d.). Data Validation
for Machine Learning.

Chowdhury, M. (2009). Searching quality data for municipal solid waste planning.
Waste Management, 29(8), 2240-2247. https://doi.org/10.1016/j.wasman.2009.04.005
CPCB, M. of E., Forest and Climate Change, Govt. of India. (2019). Annual Report For
the year 2018-19 On Implementation of Solid Waste Management Rules (As per
provision 24(4) of SWM Rules,16) (No. Annual Report 2018-19; p. 63). Central
Pollution Control Board, Delhi.
https://cpcb.nic.in/uploads/MSW/MSW _AnnualReport 2018-19.pdf

Crudu, A. (2025, June 2). Best Practices for Effective Data Analytics in Waste
Management. https://moldstud.com/articles/p-best-practices-for-effective-data-
analytics-in-waste-management

Cubillos, M. (2020). Multi-site household waste generation forecasting using a deep
learning approach. Waste Management, 115, 8—14.
https://doi.org/10.1016/;.wasman.2020.06.046

Cui, W., & Wei, Y. (2024). Spatio-temporal evolution and the driving factors of
municipal solid waste in Chinese different geographical regions between 2002 and

Received: August 04 2025 2483



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

2020. Environmental Research, 240, 117456.
https://doi.org/10.1016/j.envres.2023.117456

David Andrés. (2025, February 8). Issue #89: Encoding Cyclical Features in Time
Series. https://mlpills.substack.com/p/issue-89-encoding-cyclical-features
Ghahramani, M., Zhou, M., Molter, A., & Pilla, F. (2022). IoT-Based Route
Recommendation for an Intelligent Waste Management System. [EEE Internet of
Things Journal, 9(14), 11883—11892. https://doi.org/10.1109/JI0T.2021.3132126
Gudeta, T. H.,, Mamo, G. T., & Neguse, Y. M. (2025). Municipal Solid Waste
Management Using Machine Learning: A Case Study in Sheger City, Koye Sub-city,
Ethiopia. European Journal of Theoretical and Applied Sciences, 3(2), 511-525.
https://doi.org/10.59324/ejtas.2025.3(2).42

Gupta_omg, M. (2025, July 21). ML | Handling Missing Values—GeeksforGeeks.
Https://Www.Geeksforgeeks.Org/. https://www.geeksforgeeks.org/machine-
learning/ml-handling-missing-values/

Haastrup, P., Maniezzo, V., Mattarelli, M., Mazzeo Rinaldi, F., Mendes, 1., & Paruccini,
M. (1998). A decision support system for urban waste management. European Journal
of Operational Research, 109(2), 330-341. https://doi.org/10.1016/S0377-
2217(98)00061-7

Hannan, M. A., Akhtar, M., Begum, R. A., Basri, H., Hussain, A., & Scavino, E. (2018).
Capacitated vehicle-routing problem model for scheduled solid waste collection and
route optimization using PSO algorithm. Waste Management, 71, 31-41.
https://doi.org/10.1016/j.wasman.2017.10.019

Henriksen, T. (2019). Data quality in Life Cycle Assessment of waste management:
Importance for result interpretation and decision-making. Technical University of
Denmark.

Hussain, A., Draz, U., Ali, T., Tariq, S., Irfan, M., Glowacz, A., Antonino Daviu, J. A.,
Yasin, S., & Rahman, S. (2020). Waste Management and Prediction of Air Pollutants
Using IoT and Machine Learning Approach. Energies, 13(15), 3930.
https://doi.org/10.3390/en13153930

Hussain, Dr. L., Elomri, Dr. A., Kerbache, Dr. L., & Omri, Dr. A. E. (2024). Smart city
solutions: Comparative analysis of waste management models in IoT-enabled
environments using multiagent simulation. Sustainable Cities and Society, 103, 105247.
https://doi.org/10.1016/.scs.2024.105247

Kannan, D., Khademolqorani, S., Janatyan, N., & Alavi, S. (2024). Smart waste
management 4.0: The transition from a systematic review to an integrated framework.
Waste Management, 174, 1-14. https://doi.org/10.1016/j.wasman.2023.08.041

Kaza, S., Yao, L. C., Bhada-Tata, P., & Van Woerden, F. (2018). What a Waste 2.0: A
Global Snapshot of Solid Waste Management to 2050. Washington, DC: World Bank.
https://doi.org/10.1596/978-1-4648-1329-0

Khrulkov, A. A., Mishina, M. E., & Mityagin, S. A. (2022). Approach to Imputation
Multivariate Missing Data of Urban Buildings by Chained Equations Based on
Geospatial Information. In D. Groen, C. De Mulatier, M. Paszynski, V. V.

Received: August 04 2025 2484



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Krzhizhanovskaya, J. J. Dongarra, & P. M. A. Sloot (Eds.), Computational Science —
ICCS 2022 (Vol. 13352, pp. 234-247). Springer International Publishing.
https://doi.org/10.1007/978-3-031-08757-8 21

Kitchin, R. (2016). The ethics of smart cities and urban science. Philosophical
Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences,
374(2083), 20160115. https://doi.org/10.1098/rsta.2016.0115

Kocsis, K., Kdvendi, J., & Bokor, B. (2024). Waste collection route optimisation for the
second waste-to-energy plant in Budapest. Sustainable Cities and Society, 117, 105953.
https://doi.org/10.1016/j.s¢s.2024.105953

Kumar, P., Singh, R., SHUKLA, S., & Behera, S. (2022). A GIS-based Route
Optimization Approach for Municipal Solid Waste Management. Indian Journal of
Environmental Protection, 42, 1616—1623.

Lan, Q., Guo, H., & Cai, T. (2025). Modeling municipal solid waste generation in
Macao: A synthetic approach. Chinese Journal of Sociology, 11(1), 101-120.
https://doi.org/10.1177/2057150X241312987

Lin, K., Zhao, Y., Tian, L., Zhao, C., Zhang, M., & Zhou, T. (2021). Estimation of
municipal solid waste amount based on one-dimension convolutional neural network
and long short-term memory with attention mechanism model: A case study of
Shanghai. Science of  The Total  Environment, 791, 148088.
https://doi.org/10.1016/j.scitotenv.2021.148088

Liu, X., Zhi, W., & Akhundzada, A. (2025). Enhancing performance prediction of
municipal solid waste generation: A strategic management. Frontiers in Environmental
Science, 13. https://doi.org/10.3389/fenvs.2025.1553121

Manju, L. (2025). The use of Recent Smart Waste Management Systems with Al and
Computer Vision.

Maturi, S. M., Dhanikonda, S. R., & Giddaluru, S. (2025). Smart Dustbins: Real-Time
Monitoring and Optimization for Waste Management in Smart Cities through IoT
Devices. Engineering, Technology & Applied Science Research, 15(1), 19246—-19252.
https://doi.org/10.48084/etasr.8562

Mishra, R., Singh, E., Kumar, A., & Kumar, S. (2021). Artificial Intelligence Models
for Forecasting of Municipal Solid Waste Generation. In Soft Computing Techniques in
Solid  Waste and  Wastewater =~ Management (pp. 289-304). Elsevier.
https://doi.org/10.1016/B978-0-12-824463-0.00019-7

Nagpure, A. S., Ramaswami, A., & Russell, A. (2015). Characterizing the Spatial and
Temporal Patterns of Open Burning of Municipal Solid Waste (MSW) in Indian Cities.
Environmental Science & Technology, 49(21), 12904-12912.
https://doi.org/10.1021/acs.est.5b03243

Nezhaddehghan, M., Ansari, R., & Banihashemi, S. A. (2023). An optimized hybrid
decision support system for waste management in construction projects based on gray
data: A case study in high-rise buildings. Journal of Building Engineering, 80, 107731.
https://doi.org/10.1016/j.jobe.2023.107731

Received: August 04 2025 2485



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Niu, D., Wu, F., Dai, S., He, S., & Wu, B. (2021). Detection of long-term effect in
forecasting municipal solid waste using a long short-term memory neural network.
Journal of Cleaner Production, 290, 125187.
https://doi.org/10.1016/j.jclepro.2020.125187

Novogroder, 1. (2024, March 19). Data Preprocessing in Machine Learning: Steps &
Best Practices. Git for Data - lakeFS. https://lakefs.io/blog/data-preprocessing-in-
machine-learning/

Nurprihatin, F., & Lestari, A. (2020). Waste Collection Vehicle Routing Problem Model
with Multiple Trips, Time Windows, Split Delivery, Heterogeneous Fleet and
Intermediate Facility. Engineering Journal, 24(5), 55-64.
https://doi.org/10.4186/¢j.2020.24.5.55

Olawade, D. B., Fapohunda, O., Wada, O. Z., Usman, S. O., Ige, A. O., Ajisafe, O., &
Oladapo, B. I. (2024). Smart waste management: A paradigm shift enabled by artificial
intelligence. Waste Management Bulletin, 2(2), 244-263.
https://doi.org/10.1016/j.wmb.2024.05.001

Olawumi, M. A., Oladapo, B. 1., & Olawale, R. A. (2024). Revolutionising waste
management with the impact of Long Short-Term Memory networks on recycling rate
predictions. Waste Management Bulletin, 2(3), 266-274.
https://doi.org/10.1016/;.wmb.2024.08.006

Patel, J., Patel, D. R., & Brahmbhatt, J. (2023). Route Optimization of Vehicle
Collecting Municipal Solid Waste: A Review. International Journal of Research in
Engineering and Science, 11(05). www.ijres.org

Priyadarshi, M., Maratha, M., Anish, M., & Kumar, V. (2023). Dynamic routing for
efficient waste collection in resource constrained societies. Scientific Reports, 13(1),
2365. https://doi.org/10.1038/s41598-023-29593-x

Ross Fitzgerald. (n.d.). Project Statement Surat Advancing Zero Waste Circular
Solutions in the City of Surat (p. 22) [Project Statement]. Resilient Cities Network (R-
Cities). https://www.thecirculateinitiative.org/wp-content/uploads/Project-
Statement Surat.pdf

Salawudeen, A. T., Meadows, O. A., Yahaya, B., & Mu’azu, M. B. (2024). A novel
solid waste instance creation for an optimized capacitated vehicle routing model using
discrete smell agent optimization algorithm. Systems and Soft Computing, 6, 200099.
https://doi.org/10.1016/j.sasc.2024.200099

Sanchez, T. W., Brenman, M., & Ye, X. (2025). The Ethical Concerns of Artificial
Intelligence in Urban Planning. Journal of the American Planning Association, 91(2),
294-307. https://doi.org/10.1080/01944363.2024.2355305

Shah, P., & Shah, M. (2024). Estimation of Landfill Volume of Municipal Solid Waste
Quantity in India using Artificial Neural Network.

Shanley, D., Hogenboom, J., Lysen, F., Wee, L., Lobo Gomes, A., Dekker, A., &
Meacham, D. (2024). Getting real about synthetic data ethics: Are Al ethics principles
a good starting point for synthetic data ethics? EMBO Reports, 25(5), 2152-2155.
https://doi.org/10.1038/544319-024-00101-0

Received: August 04 2025 2486



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Sharma, N., Litoriya, R., Sharma, D., & Singh, H. P. (2019). Designing a Decision
Support Framework for Municipal Solid Waste Management. International Journal on
Emerging Technologies, 10(4).
https://www.researchtrend.net/ijet/pdf/Designing%20a%?20Decision%20Support%20F
ramework%20for%20Municipal%20Solid%20Waste%20Management.pdf

Shi, J., Wang, S., Qu, P., & Shao, J. (2024). Time series prediction model using LSTM-
Transformer neural network for mine water inflow. Scientific Reports, 14(1), 18284.
https://doi.org/10.1038/s41598-024-69418-z

Singagerda, F. S., Dewi, D. A., Trisnawati, S., Septarina, L., & Dhika, M. R. (2024).
Towards a Circular Economy: Integration of Al in Waste Management for Sustainable
Urban Growth. Journal of Lifestyle and SDGs Review, 5(1), €02642.
https://doi.org/10.47172/2965-730X.SDGsReview.v5.n01.pe02642

Strand, M., Syberfeldt, A., & Geertsen, A. (2020). A Decision Support System for
Sustainable Waste Collection: In I. R. Management Association (Ed.), Waste
Management (pp. 347-365). 1GI Global. https://doi.org/10.4018/978-1-7998-1210-
4.ch016

Sulemana, A., Donkor, E. A., Forkuo, E. K., & Oduro-Kwarteng, S. (2018). Optimal
Routing of Solid Waste Collection Trucks: A Review of Methods. Journal of
Engineering, 2018, 1-12. https://doi.org/10.1155/2018/4586376

Tamilmani, A., Thayalnayaki, D., Santhosh, J., Rosaline, S. J. P., Latha, P., &
Shanmugavelu, V. A. (2024). Forecasting urban construction and demolition waste
generation with LSTM neural networks. 060006. https://doi.org/10.1063/5.0236998
Thakur, G., Pal, A., Mittal, N., Yajid, M. S. A., & Gared, F. (2024). A significant
exploration on meta-heuristic based approaches for optimization in the waste
management route problems. Scientific Reports, 14(1), 14853.
https://doi.org/10.1038/s41598-024-64133-1

The Feature-engine developers. (n.d.). CyclicalFeatures—I1.8.3. Retrieved August 30,
2025, from https://feature-
engine.trainindata.com/en/1.8.x/user guide/creation/CyclicalFeatures.html

The Scikit-learn Developers. (n.d.). Cyclical feature engineering. Scikit-Learn.
Retrieved August 30, 2025, from https://scikit-
learn/stable/auto _examples/applications/plot_cyclical feature engineering.html

The skforecast team. (n.d.). Cyclical features in time series—Skforecast Docs [Python
Library].  Https://Skforecast.Org/.  Retrieved = August 30, 2025, from
https://skforecast.org/0.8.1/fag/cyclical-features-time-series

The Ultimate Guide to Waste Collection Route Optimization in 2025—NextBillion.ai.
(2025, May 9). https://nextbillion.ai/blog/waste-collection-route-optimization

Velis, C. A., Wilson, D. C., Gavish, Y., Grimes, S. M., & Whiteman, A. (2023). Socio-
economic development drives solid waste management performance in cities: A global
analysis using machine learning. Science of The Total Environment, 872, 161913.
https://doi.org/10.1016/j.scitotenv.2023.161913

Received: August 04 2025 2487



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

69.

70.

71.

72.

73.

Venes, H., Galavote, T., Rosa, R. D. A., & Siman, R. R. (2023). “That’s (not) Rubbish!”
Planning the Reverse Logistic for Recyclable Solid Waste Using a Vehicle Routing
Problem: A Case Study in Vitéria/ES. International Journal of Sustainable
Development and Planning, 18(7), 2191-2198. https://doi.org/10.18280/ijsdp.180723
What KPIs and Analytics Are Used on Waste Collection Software Dashboards? (n.d.).
Retrieved August 31, 2025, from https://www.inetsoft.com/info/waste-collection-
software-dashboards/

Wu, F., Niu, D., Dai, S., & Wu, B. (2020). New insights into regional differences of the
predictions of municipal solid waste generation rates using artificial neural networks.
Waste Management, 107, 182—190. https://doi.org/10.1016/;.wasman.2020.04.015

Wu, H., Tao, F., & Yang, B. (2020). Optimization of Vehicle Routing for Waste
Collection and Transportation. International Journal of Environmental Research and
Public Health, 17(14), 4963. https://doi.org/10.3390/ijerph17144963

Xia, W., Jiang, Y., Chen, X., & Zhao, R. (2022). Application of machine learning
algorithms in municipal solid waste management: A mini review. Waste Management
& Research: The Journal for a Sustainable Circular Economy, 40(6), 609—624.
https://doi.org/10.1177/0734242X211033716

Received: August 04 2025 2488



