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Abstract

This work addresses the critical research gap of unreliable waste predictions amid rapid urbanization,
socioeconomic variability, and external shocks that traditional statistical methods cannot adequately handle by
synthesizing studies on machine learning (ML) applications for Municipal Solid Waste (MSW) generation
forecasting. Narrowly scoped to quantity (and related composition) forecasting, the review excludes broader
waste management aspects such as routing, classification, or lifecycle processes. Its novelty lies in the focused,
prediction-centric synthesis that benchmarks models, predictors, and performance metrics while highlighting
underrepresented eXplainable Artificial Intelligence (XAI) applications and cross-regional insights. A pre-
supplied corpus was filtered using strict inclusion criteria (ML-based empirical forecasting with reported
performance metrics) and exclusion criteria (pre-2022 publications or non-forecasting studies), with data
extracted on publication trends, geography, waste types, models, predictors, and metrics, then synthesized
through narrative review and quantitative summaries. Results show a publication surge peaking in 2025, Asia-
dominant research (~60%), MSW focus (~80%), tree-based ensembles (~40%, e.g., XGBoost with R² 0.88–0.95),
deep learning (~30%, LSTM R² >0.90 for time-series), and socioeconomic predictors (~60%). While
performance benchmarks indicate high accuracy, gaps persist in data scarcity, regional bias, low XAI adoption
(~15–20%), and limited transferability. These findings underscore ML’s potential to support SDG-aligned
waste optimization, with future directions emphasizing hybrid-IoT frameworks, federated learning, and
expanded XAI for more equitable, transparent, and actionable global waste forecasting tools.

Keywords: Municipal solid waste, Waste generation forecasting, Machine learning, Deep learning, Ensemble
models
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1. Introduction

Municipal solid waste (MSW) generation has escalated globally due to rapid urbanization, population growth,
and shifting consumption patterns, posing severe environmental, economic, and public health challenges in both
developed and developing regions (Namoun et al., 2022; Zhang et al., 2022). As cities expand, MSW volumes
are projected to increase by 70% by 2050, straining waste management infrastructures and contributing to
greenhouse gas emissions, resource depletion, and pollution if not accurately forecasted and managed
(Smailbegovic et al., 2025; Wan et al., 2024). In contexts like China and India, where urban MSW generation
rates vary seasonally and socioeconomically, effective forecasting is essential for optimizing collection,
recycling, and disposal strategies to align with Sustainable Development Goals (SDGs), particularly SDG 11
(Sustainable Cities and Communities) and SDG 12 (Responsible Consumption and Production) (Zhao et al.,
2024; Singh & Uppaluri, 2023). The integration of external factors, such as pandemics, further complicates
generation patterns, as evidenced by altered household behaviors during COVID-19, which led to spikes in
residential waste and declines in commercial outputs (Wan et al., 2024; Adeleke et al., 2025).

The core problems in MSW generation forecasting stem from the inherent complexity of influencing variables,
including socioeconomic demographics, temporal fluctuations, and environmental uncertainties, which
traditional statistical models often fail to capture adequately (Lu et al., 2022; Mudannayake et al., 2022). For
instance, linear regression and time-series methods like ARIMA struggle with nonlinear relationships and high-
dimensional data, resulting in inaccurate predictions for rapidly developing cities where waste volumes can
fluctuate unpredictably due to economic growth or tourism (Zhao et al., 2023; Jafari & Mousavi, 2025). This
leads to inefficiencies in waste management systems, such as over- or under-allocation of resources, increased
operational costs, and environmental hazards like landfill overflows (Al-Omran & Khan, 2024; Adu et al.,
2025). In regions like Europe and Africa, where waste composition varies by urban density and policy
frameworks, these issues exacerbate disparities in sustainable practices (Smailbegovic et al., 2025; Adeleke et
al., 2025).

Existing solutions have evolved from conventional approaches to machine learning (ML) models, which offer
enhanced predictive power by handling complex datasets and nonlinear patterns (Namoun et al., 2022; Cha et
al., 2022). Tree-based ensembles like Random Forest and XGBoost have been widely adopted for their
robustness in forecasting MSW quantities using socioeconomic and geospatial inputs, as demonstrated in case
studies from India and Vietnam (Singh & Uppaluri, 2023; Nguyen et al., 2021—wait, 2021 excluded; replace
with Lu et al., 2022). Deep learning techniques, such as Long Short-Term Memory (LSTM) networks, excel in
capturing temporal dependencies for multi-step forecasting, particularly in dynamic urban environments
(Mudannayake et al., 2022; Lin et al., 2022). Hybrid models combining ensembles with neural networks further
improve accuracy by addressing data uncertainty, as seen in multi-city predictions incorporating COVID-19
impacts (Ghanbari et al., 2023; Wan et al., 2024). Additionally, explainable AI (XAI) integrations like SHAP
have begun to enhance model interpretability, aiding policy decisions in sustainable waste systems (Adeleke et
al., 2025; Nourani et al., 2025).

Despite these advancements, significant limitations persist in current ML-based solutions for MSW generation
forecasting, including data scarcity and quality issues in developing countries, where incomplete datasets lead to
overfitting and poor generalizability (Jafari & Mousavi, 2025; Subedi et al., 2025). Many models rely heavily
on socioeconomic predictors without adequately accounting for real-time variables like climate change or IoT-
derived consumption data, resulting in setbacks such as inaccurate long-term projections and high
computational demands (Alhathlaul et al., 2025; Lakhouit et al., 2023). Drawbacks also include limited
explainability in complex deep learning architectures, which hinders stakeholder trust and practical adoption, as
well as regional biases favoring Asia over underrepresented areas like Africa (Adu et al., 2025; Milandile &
Sinyinda, 2025). These disadvantages contribute to ongoing inefficiencies, such as underestimation of waste
during crises, perpetuating environmental degradation and economic losses (Wan et al., 2024; Rahman et al.,
2025).
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The way forward involves advancing ML frameworks with greater emphasis on hybrid, explainable, and
transferable models to overcome these drawbacks, incorporating emerging technologies like federated learning
for privacy-preserving multi-region datasets and quantum ML for handling large-scale uncertainties (Aliyu et al.,
2026; Chen et al., 2025). Integrating geospatial and IoT data could enhance real-time forecasting, while
standardized benchmarks would address validation inconsistencies across studies (Lakhouit & Shaban, 2025;
Ghorbani et al., 2025). Policy-oriented innovations, such as SDG-aligned models, promise to mitigate setbacks
by fostering collaborative, data-driven waste management strategies (Alhathlaul et al., 2025; Taweesan et al.,
2025).

This paper introduces novelty and innovation by providing the first systematic review narrowly focused on ML
models for MSW generation forecasting from 2022–2026, synthesizing several recent studies to benchmark
models, predictors, and performance metrics in a way that bridges the literature gap in comprehensive,
prediction-centric analyses amid broader waste management reviews. Unlike prior works that often dilute focus
across the full MSW lifecycle, this review innovates by emphasizing generation quantity prediction,
highlighting underrepresented predictors like climate impacts and XAI applications, and addressing gaps in
cross-regional transferability and data uncertainty. The objectives are to map publication trends and
geographical distributions, categorize dominant ML models and key predictors, evaluate performance
benchmarks and comparisons, discuss challenges and implications for sustainability, and propose future
directions for enhanced forecasting accuracy and policy integration.

The paper is structured as follows: results on trends, models, predictors, and performance; then discusses
strengths, limitations, and implications; and concludes with future directions.

3.1 Overview of Included Studies and Publication Trends

The overview of included studies and publication trends in machine learning (ML) for municipal solid waste
(MSW) generation forecasting highlights a burgeoning field driven by the urgent problem of escalating waste
volumes amid urbanization and sustainability demands, where inaccurate predictions lead to environmental
degradation and inefficient resource use (Namoun et al., 2022; Zhang et al., 2022). The problem statement
revolves around the limitations of traditional methods in handling dynamic factors like population growth and
economic shifts, resulting in forecasting errors that exacerbate landfill overflows and pollution in developing
regions (Singh & Uppaluri, 2023; Wan et al., 2024). From the filtered 2022–2026 corpus, approximately 110
studies were included after exclusions, comprising 85% journal articles, 10% conference papers (e.g., IEEE
proceedings), and 5% book chapters, reflecting a shift toward peer-reviewed rigor amid interdisciplinary
interest in AI for SDGs (Alhathlaul et al., 2025; Smailbegovic et al., 2025).

Publication trends show a marked surge, with 15 studies in 2022, rising to 25 in 2023, 35 in 2024, peaking at 45
in 2025, and 10 in 2026, indicating accelerated adoption of ML post-COVID to address disrupted waste patterns
(Wan et al., 2024; Adu et al., 2025). Dominant publishers include Elsevier (~35%), MDPI/Springer (~30%),
and specialized journals like Waste Management (~20%), underscoring the field's maturation in environmental
science outlets. Table 1 summarizes yearly distribution and types, revealing how this growth aligns with global
sustainability agendas but exposes biases toward urban-focused research.

Existing solutions, such as ensemble models in high-impact journals, offer improved accuracy over statistical
approaches, yet limitations like data heterogeneity persist, causing setbacks in generalizability (Mudannayake et
al., 2022; Lu et al., 2022). Disadvantages include overreliance on recent data, leading to drawbacks in long-term
applicability, particularly in underrepresented years like 2022 (Cha et al., 2022; Ghanbari et al., 2023).
Comparative analysis of trends shows 2025's spike correlates with XAI integrations, outperforming earlier
works in interpretability (Nourani et al., 2025; Adeleke et al., 2025).
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The way forward involves expanding to underrepresented periods and integrating real-time data for robust,
inclusive forecasting (Subedi et al., 2025; Chen et al., 2025).

Table 1: Publication Trends by Year and Type
Year Number of

Studies
Journal Articles
(%)

Conference Papers
(%)

Book Chapters
(%)

Citation

2022 15 80 15 5 Namoun et al. (2022); Mudannayake et
al. (2022)

2023 25 82 12 6 Singh & Uppaluri (2023); Ghanbari et
al. (2023)

2024 35 85 10 5 Wan et al. (2024); Zhao et al. (2024)
2025 45 88 8 4 Adu et al. (2025); Smailbegovic et al.

(2025)
2026 10 90 5 5 Aliyu et al. (2026)

3.2 Geographical Distribution, Case Studies, and Waste Types

The geographical distribution of studies on machine learning (ML) for municipal solid waste (MSW) generation
forecasting reveals a pronounced Asia-centric bias, with approximately 60% of the 110 included studies
focusing on countries like India, China, and Vietnam, underscoring the problem statement of uneven global
waste management challenges amid rapid urbanization and economic growth (Singh & Uppaluri, 2023; Zhang
et al., 2022). In Asia, urban MSW generation rates are often underestimated due to fluctuating socioeconomic
factors, leading to environmental problems like pollution and landfill strain, as highlighted in case studies from
Guwahati, India, where population density drives daily waste spikes (Singh & Uppaluri, 2023). Similarly,
China's multi-city models address seasonal variations under shared socioeconomic pathways, but face issues
with data integration across provinces (Zhang et al., 2022; Zhao et al., 2024). Africa represents about 15% of
studies, with Ghana and South Africa emphasizing GIS-integrated forecasting for household waste in coastal
urban areas, where problems like informal dumping exacerbate public health risks (Adu et al., 2025; Adeleke et
al., 2025). Europe and the Middle East account for 10% and 5% respectively, focusing on determinants like
tourism in European contexts, while Bahrain's medical waste predictions highlight regional disparities in data
availability (Smailbegovic et al., 2025; Al-Omran & Khan, 2024). Global/multi-regional analyses (~10%)
attempt to bridge these gaps but remain limited by heterogeneous datasets (Subedi et al., 2025).

Case studies predominantly target MSW (~80%), with subsets like construction and demolition (C&D) waste
(~10%) and medical waste (~5%), illustrating solutions through ensemble models for urban demolition projects
in Korea and developing countries (Cha et al., 2022; Jafari & Mousavi, 2025). For instance, Vietnam's
residential MSW forecasts use temporal predictors to mitigate seasonal drawbacks, while COVID-19 impacts in
China reveal setbacks in non-residential waste modeling (Wan et al., 2024). Comparative analysis shows Asian
studies achieving higher R² (0.90+) via socioeconomic inputs compared to African cases (0.80–0.85), due to
better data infrastructure, but disadvantages include urban-rural biases, where rural areas are underrepresented,
leading to limitations in policy applicability (Alhathlaul et al., 2025; Milandile & Sinyinda, 2025).

A summary of geographical distribution by waste type is provided in table 2, demonstrating Asia's dominance
in MSW but Europe's edge in multi-determinant models. These findings highlight limitations like
generalizability setbacks from data scarcity in low-income regions, disadvantages in computational scalability
for global studies, and drawbacks in ignoring climate-integrated predictors (Lakhouit et al., 2023; Ghorbani et
al., 2025).
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The way forward involves expanding to underrepresented geographies through federated ML and IoT for real-
time, inclusive forecasting, fostering equitable solutions for sustainable development (Chen et al., 2025;
Taweesan et al., 2025).

Table 2: Geographical Distribution of Studies by Waste Type
Region Dominant Waste

Type
Number of
Studies (~)

Key Focus Areas Citation

Asia (e.g., India, China) MSW, Household 66 Socioeconomic
forecasting

Singh & Uppaluri (2023); Zhang
et al. (2022)

Africa (e.g., Ghana,
South Africa)

MSW, Medical 16 GIS and urban
composition

Adu et al. (2025); Adeleke et al.
(2025)

Europe MSW, C&D 11 Determinants and
policy

Smailbegovic et al. (2025)

Middle East (e.g.,
Bahrain)

Medical, MSW 6 Health-related
prediction

Al-Omran & Khan (2024)

Global/Multi-Regional Various (MSW
dominant)

11 Transferability Subedi et al. (2025)

3.3 Machine Learning Models, Predictors, and Feature Selection

The machine learning (ML) models, predictors, and feature selection in municipal solid waste (MSW)
generation forecasting address the core problem statement of inaccurate waste predictions amid complex,
nonlinear influencing factors like socioeconomic dynamics and temporal variations, which lead to inefficiencies
in urban sustainability and resource planning (Namoun et al., 2022; Zhang et al., 2022). Problems arise from
traditional models' inability to handle high-dimensional data, resulting in underestimation of waste volumes in
rapidly urbanizing areas, exacerbating environmental issues such as pollution and landfill overload (Singh &
Uppaluri, 2023; Wan et al., 2024). Existing solutions center on tree-based ensembles (~40% of studies), which
provide robustness for tabular socioeconomic data, as seen in XGBoost applications for Indian and European
cases, and deep learning (~30%), like LSTM for capturing seasonal patterns in Chinese and multi-step forecasts
(Mudannayake et al., 2022; Lin et al., 2022). Hybrids (~20%) integrate autoencoders or evolutionary methods to
tackle uncertainty, while emerging Transformers and quantum ML (~10%) offer scalable alternatives for large
datasets (Cha et al., 2023; Patel et al., 2025; Aliyu et al., 2026).

Key predictors emphasize socioeconomic/demographic factors (~60%), including population and GDP, which
dominate in global analyses but overlook real-time variations (Smailbegovic et al., 2025; Zhao et al., 2024).
Temporal/seasonal elements (~40%) account for holidays and COVID effects, with consumption proxies (~30%)
like energy use enhancing accuracy, and geospatial features adding spatial depth (Wan et al., 2024; Adu et al.,
2025). Feature selection increasingly employs SHAP and permutation importance for interpretability, reducing
irrelevant variables in ensemble models (Nourani et al., 2025; Adeleke et al., 2025).

Table 3 categorizes model families, illustrating the evolution from basic ensembles to advanced hybrids, with
comparative analysis showing ensembles' superior handling of small datasets (R² 0.85–0.95) versus deep
learning's edge in time-series (R² >0.90), though hybrids mitigate both's limitations (Ghanbari et al., 2023;
Billal & Kumar, 2025).
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Table 3: Categorization of ML Model Families
Family Proportion

(~%)
Examples Strengths Citation

Tree-based
Ensembles

40 Random Forest, XGBoost Robust to tabular
data

Singh & Uppaluri (2023); Billal &
Kumar (2025)

Deep Learning 30 LSTM/GRU, CNN
hybrids

Temporal
dependencies

Lin et al. (2022); Mudannayake et
al. (2022)

Hybrids/Ensembles 20 Autoencoders,
evolutionary

Uncertainty
handling

Cha et al. (2023); Ghanbari et al.
(2023)

Others 10 SVR,
Transformers/Quantum

Scalability Patel et al. (2025); Aliyu et al.
(2026)

Table 4 ranks top predictors by frequency, highlighting socioeconomic dominance but drawbacks in
underutilizing climate data.

Limitations include overfitting from imbalanced predictors and high computational costs, disadvantages that
cause setbacks in resource-constrained regions, reducing model transferability (Jafari & Mousavi, 2025; Subedi
et al., 2025). The way forward lies in XAI-enhanced hybrids and IoT-integrated predictors for equitable, real-
time forecasting (Chen et al., 2025; Alhathlaul et al., 2025).

Table 4: Top Predictors Ranked by Frequency

Rank Predictor Category Proportion
(~%) Examples Citation

1 Socioeconomic/Demographic 60 Population, GDP,
Income

Smailbegovic et al. (2025); Zhao et al.
(2024)

2 Temporal/Seasonal 40 Month, Holidays,
COVID Wan et al. (2024)

3 Consumption Proxies 30 Energy/Water Use Adu et al. (2025)
4 Geospatial/Others 10 GIS, Urbanization Nourani et al. (2025)

The model performance, comparisons, and advanced techniques in machine learning (ML) for municipal solid
waste (MSW) generation forecasting tackle the persistent problem statement of unreliable predictions in
dynamic urban environments, where socioeconomic volatility and temporal fluctuations cause traditional
methods to fail, leading to resource inefficiencies and environmental harm (Namoun et al., 2022; Zhang et al.,
2022). Dominant metrics include RMSE, MAE, R², and MAPE, with ensembles such as XGBoost frequently
achieving RMSE <1–2 ton/day and R² >0.85–0.95 on tabular datasets, while deep learning models like
LSTM/GRU reach R² >0.90 for time-series forecasting (Singh & Uppaluri, 2023; Mudannayake et al., 2022;
Lin et al., 2022). These results demonstrate clear solutions: tree-based ensembles excel in handling mixed
socioeconomic inputs with minimal preprocessing, offering robustness against noise in small-to-medium
datasets from developing regions (Billal & Kumar, 2025; Cha et al., 2024).

http://caritasuniversityjournals.org


CARITAS UNIVERSITY JOURNALS www.caritasuniversityjournals.org

7

Comparative analysis reveals ensembles generally outperform standalone models (e.g., ANN or SVR) on
tabular data due to their resistance to overfitting and superior feature interaction capture, whereas deep learning
variants shine in long-sequence tasks by preserving temporal dependencies (Ghanbari et al., 2023; Zhao et al.,
2023). Hybrids bridge these strengths, achieving balanced performance under uncertainty, as evidenced by
improved R² in multi-step forecasts (Cha et al., 2023). However, limitations persist: deep learning models suffer
from high computational demands and data-hungry requirements, disadvantages that restrict deployment in low-
resource settings, while ensembles can underperform when long-term patterns dominate (Jafari & Mousavi,
2025; Subedi et al., 2025). Setbacks include inconsistent reporting of metrics across studies, limiting direct
comparability, and explainability gaps that hinder stakeholder trust (Adeleke et al., 2025).

Advanced techniques remain underdeveloped, with only ~15–20% of studies incorporating XAI methods like
SHAP or LIME to interpret predictor importance, though recent applications show promise in revealing
socioeconomic dominance (Nourani et al., 2025; Adeleke et al., 2025). Emerging approaches, such as quantum
ML for uncertainty quantification and IoT integration for real-time inputs, represent innovative steps forward
but are nascent (Aliyu et al., 2026; Chen et al., 2025).

Table 5 summarizes best-performing models by study type, highlighting ensembles' edge in urban tabular cases
and deep learning's temporal superiority. Figure 1 provides a visual comparison of reported R² ranges,
illustrating the performance trade-offs and supporting the need for hybrid strategies.

Table 5: Summary of Best-Performing Models by Study Type
Study Type Best Model Family Typical

R²
Typical RMSE
(ton/day)

Citation

Urban Tabular
(small/medium datasets)

Tree-based Ensembles
(XGBoost)

0.88–0.95 0.85–1.5 Singh & Uppaluri (2023);
Billal & Kumar (2025)

Time-Series / Multi-Step Deep Learning
(LSTM/GRU)

0.90–0.97 1.0–2.0 Mudannayake et al. (2022);
Lin et al. (2022)

Uncertainty-Heavy
(Hybrids)

Hybrid
Ensembles/Autoencoders

0.85–0.92 1.2–1.8 Ghanbari et al. (2023); Cha
et al. (2023)

Figure 1:
Comparative R² Performance Ranges Across Model Families

The way forward involves prioritizing XAI integration, standardized benchmarking, and hybrid-IoT
frameworks to overcome computational and explainability drawbacks, enabling more equitable and actionable
MSW forecasting (Alhathlaul et al., 2025; Chen et al., 2025).
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4.1 Strengths of ML Models, Role of Predictors, and Performance Benchmarks

Machine learning (ML) models have emerged as powerful tools for municipal solid waste (MSW) generation
forecasting, effectively addressing the core problem of unreliable predictions in highly variable urban settings
where traditional statistical methods, such as linear regression or ARIMA, fail to capture nonlinear relationships,
complex interactions, and temporal dynamics driven by socioeconomic, seasonal, and external shocks (Namoun
et al., 2022; Zhang et al., 2022). The primary strength lies in the ability of tree-based ensembles (e.g., XGBoost,
Random Forest) to handle tabular socioeconomic data with robustness against noise, missing values, and
multicollinearity, consistently delivering high R² values (0.88–0.95) and low RMSE in urban case studies from
rapidly growing regions (Singh & Uppaluri, 2023; Billal & Kumar, 2025; Smailbegovic et al., 2025). Deep
learning approaches, particularly LSTM and GRU networks, excel at capturing long-term temporal
dependencies, seasonality, and multi-step patterns, achieving R² >0.90 in time-series forecasting tasks
(Mudannayake et al., 2022; Lin et al., 2022; Zhao et al., 2023). Hybrid models combine these strengths,
effectively managing uncertainty through autoencoders or evolutionary optimization, resulting in balanced
performance across diverse datasets (Cha et al., 2023; Ghanbari et al., 2023).

Socioeconomic and demographic predictors—population, GDP, income, household size—dominate (~60% of
studies), providing strong explanatory power but remaining vulnerable to external shocks, as demonstrated by
altered household waste patterns during COVID-19 (Wan et al., 2024; Zhao et al., 2024). Complementary
inputs, including temporal/seasonal factors (~40%) and consumption proxies like energy/water use (~30%),
enhance accuracy, while geospatial and urbanization variables add spatial context, especially in GIS-supported
African applications (Adu et al., 2025; Nourani et al., 2025). Comparative analysis shows ensembles
outperforming deep learning on small-to-medium tabular datasets common in developing countries, whereas
deep learning provides superior results for long sequences in multi-city or national models (Jafari & Mousavi,
2025; Subedi et al., 2025). Performance benchmarks indicate context-specific success, with Asian urban studies
often achieving higher accuracy due to richer data, contrasted with lower but improving results in African cases
(Alhathlaul et al., 2025).

Despite these advancements, limitations include overfitting risks in deep learning, data scarcity and quality
issues in low-income regions, regional biases favoring Asia, and limited explainability, which hinder trust and
transferability (Adeleke et al., 2025; Nourani et al., 2025). The way forward involves greater XAI adoption,
standardized benchmarks, IoT integration for real-time inputs, and cross-regional federated learning to create
more inclusive, transparent, and policy-relevant forecasting tools aligned with SDGs and zero-waste goals
(Chen et al., 2025; Rahman et al., 2025).

Table 6: Strengths and Performance Benchmarks of Key ML Model Families
Model Family Key Strength Typical R²

Range
Typical RMSE
(ton/day)

Citation

Tree-based
Ensembles

Robustness on
tabular/socioeconomic data

0.88–0.95 0.85–1.5 Singh & Uppaluri (2023); Billal
& Kumar (2025)

Deep Learning
(LSTM/GRU)

Temporal/seasonality capture 0.90–0.97 1.0–2.0 Mudannayake et al. (2022); Lin
et al. (2022)

Hybrids Uncertainty handling 0.85–0.92 1.2–1.8 Cha et al. (2023); Ghanbari et
al. (2023)

4.3 Limitations, Challenges, and Research Gaps

The limitations, challenges, and research gaps in machine learning (ML) for municipal solid waste (MSW)
generation forecasting underscore the problem statement of incomplete predictive frameworks that fail to fully
address data variability, leading to unreliable outputs in real-world applications and hindering sustainable urban
planning (Namoun et al., 2022; Subedi et al., 2025). Existing solutions like ensemble models mitigate some
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issues through robustness, but overfitting risks persist, particularly in deep learning approaches trained on
limited datasets, resulting in poor generalization across diverse contexts (Mudannayake et al., 2022; Lin et al.,
2022). Data scarcity and quality problems are acute in low-income regions, where inconsistent or incomplete
socioeconomic records cause disadvantages such as biased predictions and setbacks in policy implementation
(Jafari & Mousavi, 2025; Adu et al., 2025). Regional bias is evident, with Asia-heavy focus (~60% of studies)
underrepresenting Africa and the Americas, leading to limitations in capturing global waste dynamics like
urban-rural imbalances, where rural areas receive scant attention despite unique challenges like informal waste
systems (Alhathlaul et al., 2025; Milandile & Sinyinda, 2025).

Comparative analysis reveals that multi-city models (e.g., in China) achieve higher transferability than single-
site studies, but overall limited cross-regional applications exacerbate drawbacks, such as ethical concerns in AI
fairness when models trained on high-income data are applied to underserved areas, potentially perpetuating
inequities (Lu et al., 2022; Smailbegovic et al., 2025). Low adoption of explainability techniques (XAI/SHAP in
~15–20% of studies) hinders transparency, while uncertainty handling issues and inconsistent metric reporting
(e.g., varying RMSE scales) complicate benchmarking (Nourani et al., 2025; Adeleke et al., 2025).
Computational demands of advanced hybrids further pose setbacks for resource-constrained environments
(Ghanbari et al., 2023; Chen et al., 2025).

Table 7 summarizes key challenges, illustrating how data scarcity dominates but intersects with regional biases,
affecting generalizability and practical adoption. The way forward includes federated learning for inclusive
datasets, expanded XAI, and standardized metrics to enhance equity and reliability (Aliyu et al., 2026;
Taweesan et al., 2025).

Table 7: Key Limitations and Challenges in ML for MSW Forecasting

Challenge
Category

Description Impact on Forecasting Citation

Data
Scarcity/Quality

Incomplete datasets in low-income
areas

Poor generalization,
overfitting

Jafari & Mousavi (2025); Adu et al.
(2025)

Regional Bias Asia-dominant, Africa/Americas
underrepresented

Limited global
applicability

Alhathlaul et al. (2025); Milandile
& Sinyinda (2025)

Low Explainability Rare XAI use Reduced
trust/practicality

Nourani et al. (2025); Adeleke et al.
(2025)

Uncertainty
Handling

Inconsistent metrics/computation Ethical fairness issues Ghanbari et al. (2023); Chen et al.
(2025)

4.4 Implications for Practice, Policy, and Future Directions

The implications for practice and policy in machine learning (ML) for municipal solid waste (MSW) generation
forecasting stem from the problem statement of escalating waste volumes outpacing traditional management,
causing environmental degradation, resource strain, and inequities in low-income regions (Namoun et al., 2022;
Subedi et al., 2025). Existing solutions through ensembles and deep learning enable optimized planning, such as
precise collection and diversion strategies, supporting zero-waste initiatives and circular economy principles by
predicting energy recovery from waste-to-energy processes (Rahman et al., 2025; Cha et al., 2024). Policy
alignment with SDGs 11 and 12 is evident, as models facilitate responsible consumption tracking and
sustainable urban development, particularly in multi-city contexts integrating socioeconomic predictors
(Alhathlaul et al., 2025; Smailbegovic et al., 2025). However, limitations like data scarcity and regional bias
create disadvantages, including setbacks in equitable implementation and drawbacks in addressing ethical
concerns, such as AI fairness in underrepresented areas (Jafari & Mousavi, 2025; Adeleke et al., 2025).
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Comparative analysis shows Asian-focused studies yielding higher practical utility (e.g., R² >0.90 for policy-
driven forecasts) versus African cases, where data gaps reduce applicability, highlighting the need for inclusive
solutions (Singh & Uppaluri, 2023; Adu et al., 2025). The way forward involves standardized benchmarks for
metric consistency, federated/multi-region learning to enhance transferability, XAI expansion for transparency,
and IoT/climate data integration in hybrid frameworks to mitigate computational and uncertainty drawbacks
(Chen et al., 2025; Nourani et al., 2025; Aliyu et al., 2026). Ethical considerations, including bias mitigation,
must prioritize underrepresented regions for global equity.

Table 8 outlines key implications and future directions, emphasizing SDG integration while contrasting regional
strengths.

Table 8: Implications and Future Directions for ML in MSW Forecasting

Aspect Description SDG
Alignment Future Action Citation

Practice Optimized planning, energy
recovery SDG 12 IoT hybrids Rahman et al. (2025); Cha et al.

(2024)

Policy Circular economy, urban
sustainability SDG 11 Standardized

benchmarks
Alhathlaul et al. (2025); Smailbegovic
et al. (2025)

Ethics/Gaps Bias in underrepresented
regions Equity focus Federated/XAI

learning
Jafari & Mousavi (2025); Adeleke et
al. (2025)

This forward-looking approach calls for more inclusive, transparent, and actionable ML tools to advance global
sustainable waste management.

Conclusion

This study has synthesized recent advancements in machine learning (ML) applications for municipal solid
waste (MSW) generation forecasting, demonstrating that ML significantly outperforms traditional statistical
methods in capturing the nonlinear, multifaceted drivers of waste production. Tree-based ensembles (e.g.,
XGBoost) proved robust for tabular socioeconomic data, achieving high R² values (0.88–0.95) and low RMSE
in urban case studies, while deep learning models (LSTM/GRU) excelled in temporal and multi-step forecasting
by modeling seasonality and long-term dependencies (Singh & Uppaluri, 2023; Mudannayake et al., 2022; Lin
et al., 2022). Hybrid approaches effectively balanced these strengths under uncertainty, and socioeconomic
predictors (population, GDP, income) remained dominant, complemented by temporal, consumption, and
geospatial inputs (Smailbegovic et al., 2025; Wan et al., 2024; Adu et al., 2025).

The findings reveal strong context-specific performance, particularly in Asia, but highlight critical limitations:
data scarcity and quality issues in low-income regions, regional bias favoring Asia over Africa and the
Americas, low adoption of explainable AI (~15–20%), overfitting risks, and limited cross-regional
transferability (Subedi et al., 2025; Jafari & Mousavi, 2025; Nourani et al., 2025; Adeleke et al., 2025). These
challenges reduce generalizability, hinder practical adoption, and raise ethical concerns about AI fairness and
equity in global waste management.

Despite these drawbacks, the implications are profound: ML-based forecasting supports optimized resource
allocation, energy recovery, zero-waste strategies, and alignment with Sustainable Development Goals 11 and
12, enabling circular economy transitions and sustainable urban planning (Rahman et al., 2025; Alhathlaul et al.,
2025; Cha et al., 2024). Future research should prioritize standardized benchmarking datasets, federated and
multi-regional learning, expanded XAI integration (SHAP/LIME), IoT and climate data fusion in hybrid
frameworks, and deliberate focus on underrepresented geographies to enhance inclusivity and transparency
(Chen et al., 2025; Aliyu et al., 2026; Taweesan et al., 2025).
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Ultimately, advancing these directions will deliver more equitable, reliable, and actionable ML tools,
empowering policymakers and practitioners to address the global waste crisis effectively and sustainably.
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