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Abstract

Climate change is widely recognized as one of the most critical global|challenges, directly influenced by human
activities, particularly the increasing generation and improper managementiof solidswaste. The growing volume of
municipal and industrial waste, especially in developing countries, contributes significantly to the emission of
greenhouse gases such as carbon dioxide and methane, thereby threaténing environmental sustainability. This issue
not only exacerbates pollution across air, soil, and water resourées but also intensifies public health risks and
accelerates climate change impacts. Consequently, effective and sustainable waste management has emerged as a key
strategy for mitigating greenhouse gas emissions. This studny%lores the role of artificial intelligence (Al) in
enhancing waste management systems and reducing the,environmental and climatic impacts associated with waste
generation. Intelligent algorithms have the capability to predict waste generation trends, optimize transportation
routes, automate material sorting, and evaluate climate-related policies, all of which contribute to reducing emissions
and energy consumption. Al systems have achieved prediction accuracies of up to 98.5% in specific applications, such
as monitoring bin fill levels. So, machine learning-basedypredictive models can improve the timing and efficiency of
waste collection, thereby, decreasing fuel use andypollutant release. The findings indicate that integrating advanced Al
technologies with envirgnmental management approaches offers a robust pathway for addressing climate challenges.
Such integration can'significantly support sustainable development goals by lowering the carbon footprint, improving
resource efficiency, and,strengthening adaptive|eapacity to climate change.

Keywords: Artificial intelligenee, Global warming, Green technology, Greenhouse gas mitigation, Intelligent
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Introduction \

The world, is currently facing two deeply interconnected crises: the rapid escalation of waste
generation and'the ntensification of climate change. Accelerated urbanization, population growth,
and global, economic expansion have led to an unprecedented surge in municipal solid waste,
reaching 2.0k, billion tonnes in 2016 and projected to rise to 3.4 billion tonnes by 2050. A
substantial shate, approximately 33%, of this waste is inadequately managed and ends up in
uncontrolled jor illegal dumpsites, resulting in air, water, and soil pollution, habitat degradation,
biodiversity loss, and significant threats to public health. Hazardous waste streams further
compromise air quality and soil integrity, while toxic leachates from landfills infiltrate
groundwater, increasing the risks of cancer, childhood mortality, and infectious and chronic
diseases. These challenges are compounded by the inability of existing waste management systems
to cope with the growing volume of waste on a global scale. Crucially, the waste crisis cannot be
separated from the climate crisis; in fact, it is one of its major accelerators. Every stage of the waste
lifecycle, from collection and transportation to final disposal, serves as a direct source of



greenhouse gas emissions. The anaerobic decomposition of organic waste in poorly managed
landfills produces methane, a potent greenhouse gas with a global warming potential 28—36 times
higher than carbon dioxide, while incineration activities and transportation contribute substantial
emissions of CO: and nitrous oxide. This direct linkage underscores the need for a systemic
transformation in the way waste is conceptualized: shifting from the linear model of “take-make—
dispose” to a circular, zero-waste economy in which waste is treated as a recoverable and reusable
resource. In response to these dual challenges, artificial intelligence (Al) and machine learning
(ML) have emerged as key enablers offering intelligent computational selutions for sustainable
waste management. By analyzing large-scale data and predicting waste generatien patterns, Al can
optimize production processes and facilitate waste reduction at the source. Throughout the waste
value chain, Al plays a transformative role: in collection (route optimization)§souting (automated
material recognition using computer vision), recycling (quality control and precise material
separation), and sanitary disposal (prediction of methane generationl and leachate formation). In
various industrial sectors, Al-driven ML algorithms and real-time analytics, substantially reduce
energy consumption and waste generation, significantly enhancing the efficiency of management
systems. Recent studies demonstrate that Al technologies noxi)nly enhance operational
performance but also directly contribute to climate mitigation, Synthesizing findings from recent
research allows for the development of a comprehensive'and cross-disciplinary framework on the
applications of Al in waste managementyand climate’ mitigation. Yevle and Mann (2025)
categorized machine learning methods—supervised, unsupervised, and reinforcement learning
into a structured framework for evaluating model effe\%en sspand guiding future research. This
framework serves as a conceptual foundation forinore appliedistudies, such as those by Ahmed et
al. (2025), who integrated AL IoT, and evolutionary algorithms to optimize waste collection and
recycling systems, emphasizingy the role of smart bins and performance indicators in
operationalizing the circulag economy. Similarlys Bianchi and Putro (2024) utilized CNN and
LSTM models to demonstrate Al’s capaeity forteal-time air quality monitoring and environmental
assessment, aligning with Wani ethal. (2024), who used remote sensing imagery for enhanced
monitoring of landfills and contaminated zones. For greenhouse gas prediction, Jahan et al. (2024)
applied ML models to.estimate methane|production in landfills, while Amar et al. (2024) employed
a hybrid ANN=GA framework for comprehensive GHG forecasting. Alprol et al. (2024) further
showed thatjintegratingdoT and Al enables automation of water quality monitoring and treatment
systems. FinallygJones et\al. (2024) emphasized that although these technologies hold substantial
transformative\potential for waste management and climate mitigation, their sustainable and
equitabley, implementation requires aligning technological innovations with supportive
infrastructure% policy frameworks connecting technical insights to broader socio-technical and
policy-driven systems. Despite the growing number of domain-specific studies, a significant
knowledge gap remains: no comprehensive review has yet examined the role of Al across the
entire waste management lifecycle from source reduction to final disposal within an integrated,
quantitative, and climate-centered framework. Most existing studies focus on isolated stages (e.g.,
sorting only“or methane prediction only) without connecting them to system-level climate
mitigation goals or circular economy transitions. Additionally, critical challenges such as poor data
quality, the opacity of black-box models, inequality in technological access in low-income regions,
and disconnects between policy and technology remain insufficiently explored. These gaps hinder
the translation of technical solutions into scalable global strategies for climate action. Therefore,
the objective of this systematic review is to construct a comprehensive, data-driven framework for
employing artificial intelligence as a “smart, green, and clean” foundation for sustainable waste



management and climate change mitigation. Integrating technical, environmental, and policy
perspectives, this study seeks to address three key research questions:

1. How can Al be effectively integrated across the full waste management cycle from source
reduction to final disposal in a coherent and applicable manner?

2. To what extent can Al-driven optimization reduce greenhouse gas emissions, particularly
methane and carbon dioxide, across waste management processes?

3. What technical, institutional, and ethical barriers hinder the 'scalable and equitable
deployment of Al-based waste solutions, and how can these be systematically overcome?

By answering these questions, this review not only synthesizes recent advancéments but also
introduces a multidimensional evaluation framework that suppetts the transition from fragmented,
single-point solutions to intelligent, sustainable, and climate-resilienf waste management systems,
providing a scientific basis for developing global environmental'policies; &sgn technologies, and
circular economy strategies.

Materials and Methods \

This study is designed as a systematic, library-basedjand descriptive—analytical review. To
examine the conceptual structure of resear€hyrelated to the application of artificial intelligence in
waste management for climate change mitigation, bibliometric visualization and analysis were
performed using the VOSviewer software (versien 146:20). Scientific articles were retrieved from
the ScienceDirect database. The search strategy employedpa combination of the following
keywords: Artificial Intelligence, Waste Management, Climate Change, GHG Emissions,
Recycling, and Environmental Sustainability. The search timeframe covered the years 2022 to
2026, including both published atticles and articles available as early-access or in-press
publications. A total of 550 documents, including original research papers and review studies, were
identified, which were screened following duplicate removal and relevance assessment. After
title/abstract sctéening and full-text“evaluation, 87 studies met the inclusion criteria and were
retained for qualitative” analysis. Using, the co-occurrence analysis technique, VOSviewer
automatically €xtracted and clustered 71 high-frequency keywords from the dataset. The analytical
process wasybased on the eight visual and numerical outputs generated by the software, including
keyword co-occurrence%&{works, density maps, citation networks, and thematic clusters. The final
results,were visualized as a network map illustrating the relationships, semantic linkages, and
thematic elusters among the extracted keywords, providing insight into dominant research themes,
emerging trertdiand interdisciplinary connections within the field.

Results‘and, Discussion

Visualization and Analysis of the Reviewed Studies

Figure 1 illustrates the intensity, distribution, and interconnections of research conducted across
various domains, including waste management, sustainable development, climate change, deep
learning, and neural networks. Deep learning and artificial neural networks appear as the core
computational foundations of artificial intelligence within this research landscape. The
visualization also highlights the strong linkage between artificial intelligence and several advanced
technologies such as the Internet of Things (IoT), blockchain, energy management systems, and
smart agriculture. These interrelated clusters demonstrate that AI functions as an enabling
technology capable of integrating with diverse digital and environmental innovations to generate
comprehensive, data-driven, and intelligent solutions. Overall, the network map underscores the



pivotal role of artificial intelligence in accelerating progress toward sustainable development
goals, enhancing environmental protection, and mitigating the intensifying impacts of climate
change.
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Fig 1. Networkyvisualization of Al, waste management, climate change, and sustainable development using
VOSviewer

As| depicted in “Figure “F, the application of advanced technologies, particularly artificial
intelligence (AI), offersa robust approach to mitigating the detrimental impacts of waste streams
on climateychange. The escalating generation of solid waste and its significant contribution to
greenhouse gas'emissions underscore the necessity for a paradigm shift from conventional waste
management strategies. Leveraging Al-driven solutions enables the optimization of waste
collection, sorting, and treatment processes, thereby reducing environmental burdens and
enhancing resource efficiency. Moreover, the integration of Al into waste management
frameworks fosters urban resilience, improves adaptive capacity against climate-induced stressors,
and contributes to sustainable urban development by minimizing pollution and promoting circular
resource utilization.

Environmental/Health Impacts

Figure 2 depicts the comprehensive and interconnected impacts of waste on environmental systems
and public health. The visualization emphasizes the linkages between air, water, and soil
contamination, greenhouse gas emissions, climate change, and global warming, highlighting the



systemic and multidimensional nature of waste-related hazards. This representation underscores
the cascading effects of improper waste management on ecosystem integrity and human well-
being, illustrating the urgent need for integrated waste management strategies and climate-

sensitive interventions.
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Fig 2. Impacts'of Waste on the Environment and Human Health (Vishwakarma et al., 2025)

Improperwaste management has emerged as one of the most critical environmental threats in the
contemporary Worl(fxgipi population growth, urbanization, and consumerist culture have driven
waste generdtion to unprecedented levels. According to World Bank projections, global municipal
solid wastensiexpected to exceed 3.8 billion tons annually by 2050. This situation is particularly
acute in de;tébping countries, where insufficient infrastructure and inadequate regulatory
frameworks, exacerbate environmental crises, leading to air, water, and soil pollution (Jorge,
2025). Munigipal, industrial, agricultural, and electronic wastes are major sources of greenhouse
gases such as methane, carbon dioxide, and nitrous oxide. Methane, produced from the anaerobic
decomposition of organic waste in landfills, possesses a high global warming potential and can
exert up to 28 times the warming effect of carbon dioxide, playing a significant role in accelerating
global warming (Castellani, 2025; Odejobi et al., 2024). Furthermore, the incineration of waste,
particularly plastics, results in the emission of hazardous compounds such as dioxins and sulfur
dioxide, which not only impact the climate but also contribute to severe air pollution and a range
of human health issues, including respiratory diseases, cancers, and neurological disorders (Dey
et al., 2024). Uncontrolled landfilling also produces hazardous leachates containing heavy metals
and toxic chemical compounds. These leachates can contaminate both surface and groundwater



resources, damaging aquatic ecosystems and posing risks to human health and other living
organisms. The bioaccumulation of heavy metals in aquatic organisms or crops can transfer
through the food chain to humans, representing a long-term threat to food security (Saxena, 2025).
Regarding soil, the infiltration of pollutants from waste can reduce fertility, degrade physical and
chemical soil structure, and disrupt essential biogeochemical cycles, such as nitrogen and carbon
cycles. Ultimately, proper waste management, including source separation, recycling, the
application of clean technologies, and leachate treatment, plays a pivotal role in environmental
protection and greenhouse gas reduction.

Quantifiable Climate Feedback Mechanisms

Waste and climate change share a direct and significant interrelationship, whi€¢h has garnered
increasing attention from researchers and environmental policymakers, in teceént yeass. Municipal,
industrial, and agricultural wastes, when improperly managed,.ean become major sources of
greenhouse gas (GHG) emissions and contributors to global warming.\Ihe production and
improper disposal of waste, particularly organic and plastic materials, are’key drivers of climate
change. Anaerobic decomposition of organic waste in landfillsfgenerates methane, a potent
greenhouse gas with a global warming potential approximately 28%times higher than carbon
dioxide. Additionally, the incineration of waste, especially plastics, releases carbon dioxide and
other harmful pollutants into the atmosphere, posing serious threats to human health and ecological
systems. Waste management processes, including collection, transportation, and treatment, also
consume significant amounts of energy; reliance ons fossil fuels for these operations further
exacerbates environmental pollution. Moreovery the lack ofradequate infrastructure for waste
separation and recycling leads'te resource wastage and increased volumes of non-recyclable waste,
imposing an additional environmental burden. Conversely, sustainable and properly managed
waste systems can substantially mitigate) climate change impacts. Employing advanced
technologies in recycling, such'as composting of organic waste, source separation, waste-to-energy
conversion, and Al-driven optimization, contributes to reducing GHG emissions, controlling
global warming, and enhancing climateregulation. In summary, waste is an integral component of
the climate change ‘eycle, directly influencing the Earth’s climatic conditions. Effective public
awareness, community éngagement, and intelligent waste management can help steer this cycle
toward a sustainable an%silient future'(Wei et al., 2024).

Strategic and Tech}c@gical Waste Management

A strategic approach to integrated waste management, emphasizing recycling and reuse, can play
a critical roks\ilra mitigating greenhouse gas emissions (Pottinger et al., 2024). Advanced
technologies in “recycling, waste-to-energy (WTE), composting, and biological treatment of
organic waste constitute effective solutions for controlling the environmental impacts of waste.
Conversely, poor waste management leading to leachate generation and the release of toxic
chemical compounds results in contamination of surface and groundwater, soil degradation, and
threats to biodiversity. This is particularly consequential in densely populated urban areas, with
direct implications for public health and food security. Sustainable and integrated waste
management practices, including source separation, recycling, composting of organic materials,
and the application of WTE technologies, not only reduce landfill-bound waste but also prevent
the emission of greenhouse gases contributing to global warming. These processes alleviate
pressure on primary resources, reduce the need for raw material extraction and processing, and
directly lower energy consumption and pollutant emissions. Moreover, smart and technology-



driven waste management, particularly through Al and the Internet of Things (IoT), plays a
practical and active role in advancing a circular economy and mitigating climate change impacts.
This approach represents not only an environmental intervention but also a macro-level climate
and economic strategy aligned with sustainable development goals. Additionally, robust waste
management infrastructure and strict environmental regulations are essential prerequisites for
minimizing the adverse effects of waste on the global climate (Huang et al., 2024).

Application of Artificial Intelligence in Waste Management

Artificial intelligence (AI) represents a promising tool in modern waste management. Waste
management is one of the most pressing challenges for both developed and developing countries,
encompassing all stages from waste generation to collection, transportationfand final disposal.
Consequently, employing advanced technologies such as ‘Al is essential t(?%'gtimize these
processes. The rapidly increasing volume and compositional diversity of waste, along with their
environmental and economic implications, underscore the need for preeise, intelligent, and
efficient management solutions. Al, with its advanced algotithms and predictive tools, has the
potential to fundamentally transform waste management, enabling@ptimized resource allocation,
predictive maintenance, route optimization, automated sorting, andvoverall system efficiency
improvements.

Table 1. Studies on the Application of Artificial Im}lljgence in Waste Management

.. Technology and ppli}ation
Al Application Model L ringiM References
Optimization of
Support Vector reaction conditions for

Chemical Recycling

E-Waste Recycling

Urban Planning
Transportatien Route
Optimization

Marine Pollution
MoNng

Waste Generation
Pattern Prediction

Greenhouse Gas
Estimation

Intelligent Waste
Sorting

Illegal Waste Disposal
Detection

Machine (SVM)

Machine Leatning
(ML)

Demographic and
Environmental Data
Analysis

Genetic Algorithm
(GA), GIS

YOLO, RCNN

Artificial Neural
Networks (ANN),
Decision Trees (DT)

ANN, SVM

Machine Vision, Deep
Learning

Face and Pattern
Recognition

separating complex
compounds
Identification of
valuable components,
such as rare metals,
from devices
Determining locations
of recycling stations
and resource allocation
Designing cost-
effective, fast, and low-
pollution routes
Detection of marine
waste patches in
satellite images
Predicting patterns to
optimize collection and
resource allocation
Predicting methane
production in landfills
Identification and
classification of waste
based on material,
color, and shape
Identifying violators
using CCTV images

Babaei et al. (2024)

Yang et al., (2024)

Vadisetty &
Polamarasetti (2024)

Pham et al., (2024)

Lakhouit (2025)

Alprol et al., (2024)

Alsabt et al. (2024)

Che et al., (2024)

Opanasenko et al.
(2024)



Predicting equipment

. e - . . S Vadisetty &
Recycling Facilities Digital Twin failures and optimizing Polamarasetti (2024)
performance
Improving compost
. Adaptive Control, Real- quality through .
Smart Composting ime Data Analysis environmental Altieri et al. (2024)
monitoring
Reinforcement Predicting waste
Crisis Management Learning and System volume during crises Alsabt et al. (2024)
Dynamics and rapid cleanup
. Supervised Learning, Reward systems and Adanma,& Ogunbiyi,
Citizen Engagement Clustering fraud detection (2024)

Table 1 provides a comprehensive overview of the diverse applications of artiﬁ%l intelligence
(AD) in the field of waste management, highlighting both technolegical, approaches and practical
objectives. The table demonstrates how various Al models, including Su&r‘c Vector Machines
(SVM), Artificial Neural Networks (ANN), deep learning, and machine vision, are leveraged to
optimize critical processes such as chemical recycling, e-waste\zgsrting, transportation route
planning, greenhouse gas emission prediction, and \smart compostibg. Notably, Al facilitates
enhanced precision in identifying and classifying waste stteams, improving efficiency in collection
and recycling operations, and minimizing human interyention in hazardous or labor-intensive
tasks. Furthermore, the integration of advaneced optimization algorithms, digital twins, and real-
time data analysis illustrates how Al supports predictive maintenance, operational efficiency, and
resource allocation in both municipal and industrial wast€ mahagement contexts.

The table also underscores théyrole of Al in promeoting environmental sustainability: predictive
models for greenhouse gas emissiens and waste generation patterns enable proactive mitigation
strategies, while intelligentysortinghand monitoring systems reduce landfill dependence and
enhance recycling gates. Additionally, Al-driven citizen engagement systems and reinforcement
learning applications in crisis scenarios highlight the potential of these technologies to support
behavioral interventions, community participation, and rapid response to environmental
challenges. Overall)yLable 1 reflects a|clear trend toward leveraging Al not only as a tool for
operational optimization, but also as a strategic instrument for sustainable, data-driven, and
climate-cofiscious wast%anagement.

Artifieial Intelligen}e;{'n the Waste Management Cycle

Waste Generation Prediction

Global muniaﬁﬁl‘ solid waste (MSW) generation is continuously increasing due to factors such as
economie, gcrowth, population expansion, and consumer behavior. It is projected that by 2025,
urban waste volumes will reach 2.2 billion tons per year. Accurate prediction of municipal waste
generation is\essential for planning and implementing sustainable solid waste management (SWM)
strategies. Reliable forecasts provide critical data for urban environmental planning and inform
effective collection, transportation, and treatment strategies—activities that often require
substantial investments. However, predicting urban waste generation is a challenging task, as
waste production is a complex and non-linear process influenced by multiple factors, including
population growth, economic status, industrialization, tourism, and social behaviors.
Consequently, artificial intelligence (Al) techniques have attracted attention as computational
approaches in solid waste management. Al is capable of addressing uncertain problems, learning
from historical data, and handling inherent variability. By leveraging computational systems to



emulate human problem-solving methods, AI models can tackle complex issues and predict
outcomes in waste management. Advanced Al algorithms and predictive analytics are increasingly
employed to develop smarter and more adaptive waste management systems, optimizing resource
allocation while minimizing environmental impacts.

Al Models and Techniques

A wide range of Al models, including statistical models, machine learning, deep learning, and
fuzzy logic, are applied for waste generation prediction. Al algorithms are considered powerful
predictive tools due to their ability to process input data, learn patterns, and makexeliable forecasts.
These techniques, which encompass machine learning and deep learning methods, can identify
waste generation patterns and associated behaviors, supporting informed, décision-making.
Common Al systems in waste management include ArtificiallNeural Networks (ANNs), Support
Vector Machines (SVMs) or Support Vector Regression (SVR), decision trees, linear regression,
and genetic algorithms. Other techniques, such as Adaptive Neuro-Euzzy Inference Systems
(ANFIS) and knowledge-based expert systems, have also been employed."/Among these models,
ANNSs have been most widely used for predicting waste generationy#followed by SVMs. ANNs are
structurally robust, fault-tolerant, and effective in capturing complex rélationships in multivariable
systems. More advanced deep learning models, such as €onvolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNS),gparticularly’ Bong Short-Term Memory (LSTM)
networks, have demonstrated substantial potential. LSTM‘sgdels excel in sequence prediction and
can achieve high accuracy in forecasting municipal waste generation, especially with large
datasets. Gradient Boosted Regression Trees (GBRT) providéianother powerful approach, often
delivering better results than ANNs due to strong generalizability and easier interpretability. To
enhance predictive performance, these Al models are,sometimes combined with other analytical
methods, such as spectral analysis,yprincipal component analysis (PCA), or Hidden Markov
Models (HMMs). These models can*be,applied across different forecasting horizons, including
short-term (days to menths), medmms-term (up to 3—5 years), and long-term (several years).

Applications and Seepe

Artificial intelligence (Al) models are widely employed to predict various characteristics of waste
generationjuincluding m@ss; composition, type, and rate. Such predictions enable the systematic
collection, treatment, andidisposal of municipal waste. Forecasting waste generation is the most
common applicati(;]rf\( Al in solid waste management. These models can also predict specific
waste ‘streams,’such as plastic waste, and can be applied across short-, medium-, and long-term
forecasting horizons. Beyond generation rate prediction, Al applications have expanded into other
criticalfareas of Waste management. These include optimization of waste collection truck routes,
managementof collection networks, monitoring bin levels to prevent overflow, and identification
of safe landfill sites. Al is also applied to model and enhance processes such as biogas production
and leachate management. By integrating Al with technologies such as the Internet of Things
(IoT), more “efficient and environmentally compatible waste management systems can be
developed, which contribute to emission reductions and enable the recovery of valuable resources
such as clean water and energy from waste streams.

Data and Influencing Factors
The accuracy of Al prediction models heavily depends on the quality and scope of data used for
training, which includes both historical and current waste generation patterns. Waste production is



influenced by a wide array of factors, typically categorized into social, economic, and
environmental domains. Key variables include population growth, economic status,
industrialization, tourism, social development, and demographic details. Additional influential
factors may include meteorological conditions and even building aging indices. By analyzing these
complex relationships, Al models can provide more reliable and accurate predictions for different
types of waste, including household, commercial, and construction waste.

Model Performance

The performance of Al models in waste prediction is commonly evaluated using metrics such as
the coefficient of determination (R?), mean squared error (MSE), mean absolute'ertor (MAE), and
root mean squared error (RMSE) (Ghochanian Haghverdi et al., 2025; Helmiyetdal., 2024). High
R? values and low error values indicate strong predictive accuracy., For instancey, Multi-Layer
Perceptron Artificial Neural Networks (MLP-ANNs) have achieved R* values of 0.95 for
household waste, 0.99 for commercial waste, and 0.91 for construction-waste. In other studies, a
combination of Partial Least Squares Regression (PLS) withhSupport Vector Machines (SVMs)
reached an R? of 0.87, while Adaptive Neuro-Fuzzy Inference Syst%ANFIS) demonstrated the
highest accuracy in predicting peak waste generation, Hybrid models ‘such as CNN-LSTM-GBM
have exhibited outstanding predictive performance, achiéving an'R? of 99.5% and a low MAE of
0.15. Even in specific applications suchygas monitoring, bin fill levels, Al systems have
demonstrated prediction accuracies as high“as 98.5%. These results underscore the effectiveness
of Al and hybrid modeling approaches in achieving\relia leyand precise waste management
predictions.

Challenges of Artificial Intelligence in Waste Management

In developing countries, sugh as‘many regions in Latin America, the implementation of Al in
municipal waste management faces numerous challenges that limit the full exploitation of this
technology’s potentiak, A primaryissue iS'the low quality of data, as many municipalities still lack
accurate systems! fortecerding and storing waste-related information. Data are often collected
manually, in agfragmented, manner, and without standardized protocols, which reduces the
accuracy of Al=based‘analyses, Moreover, the lack of coordination among different systems, such
as GIS, environmentall monitoring, and urban datasets, creates inconsistencies that hinder
intelligent decision- :lggg. Infrastructure limitations further complicate the situation, including
insufficient equipment, low internet speeds, the absence of secure cloud platforms, and challenges
in effectively integrating technologies such as the Internet of Things (IoT) and machine learning.
Financial con&ints and a shortage of skilled personnel also impede project implementation. As
a resultjymany “initiatives remain at the proposal stage or are executed with suboptimal
performancey, Institutional resistance to new technologies, concerns over data security, and public
distrust of automated decision-making systems further slow the adoption of Al. Overall, the lack
of effective eommunication among government agencies, technology providers, NGOs, and
citizens prevents the establishment of social support and public engagement. Addressing these
issues requires a multidimensional strategy combining smart policy-making, technological
investment, workforce training, and public awareness campaigns (Yevle & Mann, 2025). Another
critical challenge in Al model deployment is overfitting, a condition in which a model performs
well on training data but poorly on new, unseen datasets. This issue can be mitigated through
hybrid modeling approaches that combine multiple AI models, resulting in more robust and
accurate predictions. Additionally, the processing of large volumes of data generated by sources



such as [oT devices presents challenges for real-time decision-making. Despite these obstacles, Al
techniques are continuously evolving, improving predictive accuracy over time. The iterative
learning capability of Al enables waste management systems to progressively enhance algorithms
and forecasting methods as more data are collected and processed.

Optimization and Decision Support

Beyond prediction, AI models provide fundamental decision support for optimizing waste
management logistics. A key application is vehicle routing, where Al algorithms optimize
collection schedules and routes. For instance, Al can utilize waste generation fesecasts to estimate
future volumes of waste and recyclable materials, and then, using Geographic Information Systems
(GIS), optimize collection routes. Genetic algorithms (GA) are employed to identify nhear-optimal
routes for collecting specific waste types, such as discarded ‘electrical and elect‘rxsic equipment
(WEEE), from households. These optimized routes can be cemputed rapidly on standard
computers, improving collection efficiency. Multi-criteria models can fuarther enhance decision-
making by using fuzzy logic to balance factors such as route length and resident satisfaction,
measured by collection delays. One of the most important roles 0ffAl is intelligent waste sorting
at recycling centers. Systems equipped with advanced cameras; eomputer vision, and deep learning
algorithms can identify and categorize waste based on material, color, and shape (Che et al., 2024).
Robotic arms can separate plastics, glass, metals, and organi¢;materials, reducing human exposure,
increasing sorting accuracy, and improving: recycling efficiency. Al also analyzes spatial and
temporal data on urban waste generation to identify patterns and forecast waste volumes using
models such as Artificial Neural Networks (ANN) and DeciSion Trees (DT). These predictions
help municipal managers optimize collection timing, workforce allocation, and equipment
deployment (Alprol et al., 2024). In waste transportation, route optimization algorithms, such as
GA combined with GIS, design cellection paths_that consider factors like bin fill levels, traffic,
and distances, resulting in faster, lower-cost, and lower-emission routes. This reduces fuel
consumption and theearbon footprint ofwaste transport. Illegal dumping has become a serious
issue in many large cities; Al can leverage facial recognition and pattern recognition algorithms
on CCTV footage topidentifyy violators and prevent recurrence (Pham et al., 2024; Opanasenko et
al., 2024). In electronic waste\(E-waste) recycling, machine learning (ML) systems can identify
valuable'eamponents_such as rare metals, gold, or silver from old electronics and separate them
forjrecycling with hi h§kgisi0n (Yang et al., 2024). In chemical recycling processes, models like
Support VectotyMachines (SVM) determine optimal reaction conditions to separate complex
compounds (Babaei et al., 2024). At a larger scale, Al analyzes demographic, economic, and
environmenteﬁ\%ilta to support urban policymakers in strategic planning. For example, regional
data analysis.can identify areas in need of recycling stations and optimize resource allocation.
Advanced recycling plants employ digital twins—virtual models of physical equipment and
processes—t0 simulate operations, predict equipment failures, optimize performance, and reduce
production downtime (Vadisetty & Polamarasetti, 2024). In crisis scenarios such as earthquakes
or storms, reinforcement learning and system dynamics models predict waste volumes generated
and support rapid cleanup planning. Al-based prediction models, such as ANN or SVM, can also
estimate greenhouse gas emissions, including methane, at landfill sites and suggest mitigation
strategies (Alsabt et al., 2024). Smart composting systems use sensors, adaptive control algorithms,
and real-time data analysis to monitor environmental conditions such as temperature, humidity,
and oxygen levels, thereby improving compost quality (Altieri et al., 2024). To enhance citizen
participation, behavioral scoring systems use supervised learning and clustering algorithms to



reward individuals for proper waste separation and detect fraudulent or false reports (Adanma &
Ogunbiyi, 2024). Globally, Al analyzes satellite imagery to identify marine debris patches,
employing object detection models such as YOLO (You Only Look Once) and RCNN for effective
ocean pollution monitoring. In mining and construction industries, ANN-GA models optimize fuel
consumption of heavy machinery by assessing load, slope, path resistance, and speed, thereby
reducing costs and emissions (Lakhouit, 2025). Al has rapidly emerged as a transformative tool in
waste management worldwide, with applications spanning collection, sorting, recycling, waste
generation forecasting, and pollution monitoring. Leading countries such as the Netherlands,
Germany, and Sweden have pioneered Al use in this sector. In the Netherlands and Germany,
robotic systems equipped with computer vision are deployed for automatedyseparation of
recyclables (Dindorf & Wos, 2024). In Finland, systems like Enevo employ, maachine learning
algorithms to predict bin fill levels and design efficient collection routes (Kwili;;}'\et al., 2024).
In the United States, companies such as Rubicon Global utilizé Al-based technologies for
intelligent waste tracking and management (Nwokediegwu et al., 2024): Francisco employs
smart imaging systems for automatic waste recognition and serting (Yap etal., 2024). Research
institutions, such as MIT, have developed models for predicting urban waste generation patterns
using advanced algorithms and city datasets. In China, the Shanghai municipality uses Al systems
to monitor citizens’ waste separation behavior with smart cameras and identify violations. Al-
equipped robots are also deployed in“.E€hinese recycling plants for e-waste separation
(Mukhamedjanova et al., 2025; Xiong et al.;;2025). In déweloping countries such as India, Al is
applied in urban projects to optimize recycling syS?g’S, cducate citizens, and identify high-
accumulation waste hotspots. Startups in citieslike Bangalore'and Pune use Al and IoT to monitor
pollution and improve recycling performance (Adeoba et al., 2025; Brahim & Lahiani, 2025). In
the Middle East, including the UAE and Saudi Arabia, Al forms an integral part of smart city
initiatives, such as Dubai and the'NEOM projects designed for smart waste cycle management,
landfill avoidance,,and progression toward a circular economy (Qurashi et al., 2025). Even in
African countries such as Kenya and Nigeria, Al is increasingly applied in municipal waste
management for! environmental data“analysis, identifying high-risk locations, and designing
optimal waste collection routes (Nwokediegwu et al., 2024).

Application of Artificial Intelligence in Greenhouse Gas (GHG) Estimation

Reducing greenhouse gas\(GHG) emissions and air pollution has become a central objective of
environmental “policies, particularly in industrialized countries such as China. As the world’s
largest CO. emiitter, China has made significant progress by implementing stringent energy-saving
policies, clea\ef;ergy production projects, and using assessment models such as GAINS and
AIM/Lgeal. ‘However, certain sectors, including transportation, have received relatively less
attention."Bayesian Belief Network (BBN) models, energy system models like MARKAL, and
advanced statistical tools provide more precise analysis of GHG emissions. In agriculture,
advanced models such as DNDC and DayCent are increasingly applied to estimate the impacts of
different cultivation practices and climatic conditions on emissions. In the waste management
sector, substituting recycled materials for virgin raw materials plays a critical role in reducing
fossil fuel consumption, GHG emissions, and overall energy use. In developing countries such as
Brazil, initiatives for recyclable waste collection, public awareness campaigns, and supportive
policies have been implemented to promote sustainable waste management (Santos et al., 2024).
Al has shown considerable potential in optimizing wastewater treatment processes and predicting
water quality parameters, including BOD, COD, and TSS, while enhancing energy efficiency.



Techniques such as Artificial Neural Networks (ANN), Fuzzy Logic (FL), Genetic Algorithms
(GA), and Support Vector Machines (SVM) are employed to develop accurate predictive models
and control complex processes. Hybrid models like ARIMA-ORELM, ANFIS-GFO, and
reinforcement learning (RL) algorithms have been developed for real-time management and smart
automation of treatment facilities. Additionally, emerging technologies such as IoT-based
monitoring systems, unmanned surface vehicles (USVs), and wireless sensor networks (WSN5s)
enable continuous water quality monitoring even in hard-to-access areas. Overall, integrating Al
not only reduces operational costs and energy consumption in treatment processes but also
supports optimized decision-making and enhances environmental sustainability,(Naturinda et al.,
2025).

Predictive Modeling for Greenhouse Gas Emissions, Climate Fm}bqsting, and
Environmental Monitoring

Artificial intelligence (AI) has emerged as a transformative tool }Y\addressing critical
environmental challenges, particularly in the management of\greenhouse gas (GHG) emissions,
climate forecasting, and broader environmental monitoring. ‘Al médels are widely employed to
estimate emissions from diverse sources, including industrial activitiesyenergy systems, and waste
management processes, with hybrid deep learning architectures such as CNN-LSTM achieving
prediction accuracies as high as 99.5% (R*=0:995). Beyond'emissions forecasting, Al techniques,
including neural networks, fuzzy logic, and machine learning, enable accurate prediction of
environmental quality parameters such as ozene c\?:n ration, pH, dissolved oxygen, and
temperature, while also supporting early warning systems for extreme weather events such as
tornadoes and large-scale storms. In waste management, Al facilitates optimization of collection
routes, intelligent sorting of recyelables using computer vision and robotic arms, prediction of
waste generation patterns, and estimation of GHG emissions from landfills, thereby minimizing
environmental impacts and operational costs. Moreover, Al-driven frameworks support the
development of mitigation and Jadaptation strategies by identifying emission reduction
opportunities, monitoring deforestation, designing low-carbon transportation systems, and
integrating IoT and smart sensor netwotks, to enhance real-time monitoring and decision-making.
Collectively, these applications underscore Al’s potential to optimize resource allocation, reduce
energy comsumption, improve environmental quality, and contribute significantly to global
sustainability efferts, with,estimates suggesting it could reduce worldwide GHG emissions by up
to 4%.

Challenges o‘l\{rtificial Intelligence in Global Warming

The application”of artificial intelligence (AI) in combating global warming and promoting
sustainability, is widely recognized due to its predictive and optimization capabilities. However,
Al is often described as a “double-edged sword” because of significant inherent challenges and
risks that, if not properly managed, could exacerbate environmental crises.

Dual Nature and Potential to Amplify Negative Effects

A primary challenge is the intrinsic duality of Al: on one hand, it serves as a powerful tool for
advancing Sustainable Development Goals (SDGs), while on the other hand, it introduces
multifaceted complexities and risks. The very capabilities that allow Al to support sustainability,
if applied unethically or destructively, can amplify negative impacts, including accelerated global
warming, pollution, excessive resource consumption, and unsustainable production practices.



Therefore, careful monitoring and assessment of unintended consequences, alongside strategies to
mitigate adverse outcomes, are essential.

Environmental Footprint from Electronic Waste and Hardware

Al systems heavily rely on physical infrastructures such as sensors, servers, and connected devices,
which impose a significant environmental footprint throughout their lifecycle. The rapid
development of Al technologies has substantially increased electronic waste volumes, making
proper management a critical environmental priority. Electronic waste contains hazardous
chemicals, including flame retardants like TBBPA, PBB, and PBDE in plastie,components, and
polyvinyl chloride in cable insulation. These substances are highly persistent;“bieaccumulative,
and toxic to humans and ecosystems. Improper disposal, particularly open-dir incineration,
releases harmful pollutants into the air, soil, and water. Human'€xposure can resul':hﬁerious health
consequences, including cancer, congenital abnormalities, reproductive jissues, developmental
delays, and immune system disruption. Despite growing awareness of these risks, there is an urgent
need for comprehensive strategies, including national and international roadmaps for sustainable
electronic waste management, which should align environmentalfprotection with public health
objectives and global climate action initiatives.

Systemic and Governance Barriers to Effective Implementation of Artificial Intelligence
Even the most advanced Al solutions, such'as intelligent reuting algorithms for waste collection
or real-time monitoring systems for waste bins, face significantmon-technical barriers that limit
their real-world impact on climate action.

Regulatory and Market Pressure Deficiencies

The adoption of Al in critigal areasisuch asismart waste management is often hindered by the
absence of stringent regulatory framewoitks and'weak market incentives. Without external pressure
or well-defined legal mandates, the implementation of these technologies remains fragmented and
unsustainable. Regulatory gaps also hinder the standardization of data collection and sharing,
which is essential fomA ['systems to operate efficiently and make accurate predictions. In addition,
the lack of ‘clear ‘guidelines regarding environmental responsibility, accountability, and
performange evaluation(further constrains the potential of Al to contribute effectively to climate
mitigation goals: \

Lack of Publi¢ Awareness and Societal Engagement

A fundament?kgn‘rier lies in the limited environmental literacy among the general population and
the undérdeveloped culture of environmental stewardship. Transitioning toward circular economy
models requites collective behavioral changes that Al alone cannot enforce. Success depends not
only on technelogical deployment but also on public engagement, education, and behavioral
incentives. Without widespread awareness and societal acceptance, Al interventions risk low
adoption rates or unintended consequences, such as reinforcing existing inequalities in waste
management access.

Investment and Institutional Coordination

Scaling Al for sustainability requires significant financial investment, long-term commitment,
and multi-stakeholder coordination. Implementing Al technologies aligned with sustainable
development objectives entails upfront costs for infrastructure, software, sensor deployment, and



workforce training. Achieving global environmental goals necessitates robust collaboration
among governments, private sector entities, local communities, labor forces, industries, and
academic institutions. Institutional fragmentation, bureaucratic inertia, and misaligned incentives
can further delay or dilute the effectiveness of Al deployment.

Data Governance and Standardization Challenges

Al systems rely heavily on accurate, high-resolution data. Fragmented data sources, inconsistent
reporting standards, and the lack of interoperable platforms reduce the predictive accuracy and
decision-support capabilities of Al solutions. Establishing standardized data ptetocols,
transparent governance mechanisms, and secure data-sharing frameworks is crueial, for
unlocking the full potential of Al in climate and waste management strategies? \

Equity and Inclusion Considerations

Finally, effective Al implementation must account for equity and inclusioNithout mechanisms
to ensure equitable access, Al-driven systems risk privileging cértain communities over others,
potentially exacerbating social and environmental inequalities. Poli€ies should explicitly address
how Al deployment affects different socio-economic groupsiand ensure that benefits such as
improved waste collection, energy recovery, or envirgnmental monitoring are distributed fairly
across populations. While Al holds immense petential for enhancing climate action and sustainable
waste management, its impact will remaintlimited unleéss systemic, governance, and societal
barriers are strategically addressed through poliey frahﬁzvorks, public engagement, institutional
collaboration, and robust data governance. Only.through*an initegrated approach can Al transition
from a promising technology to,a transformative tool for global sustainability.

Future Research Perspectives

The future outlook, for waste management leveraging artificial intelligence (Al) is promising,
offering the potential for transformative impacts in reducing environmental effects and addressing
climate change and global warming. Al'ean optimize waste collection, segregation, recycling, and
disposal processes by, analyzing complex datasets, while efficiently preventing the release of
harmful and toxic pollutantsfrom landfill and incineration activities. One of the most significant
applicationsyof Al in_this domain is the continuous and intelligent monitoring of waste during
collection and recygling™processes. By integrating Internet of Things (IoT) technologies with
machine learning algerithms, Al systems can identify waste generation patterns and predict
optimal cenditions for recycling. These systems can also automatically detect the composition of
waste and guide 1t toward appropriate recycling or proper disposal pathways, thereby reducing
landfilliwaste and limiting methane and carbon dioxide emissions. Furthermore, Al can play a
pivotal roleiin designing and developing predictive models for estimating municipal and industrial
waste generation. Such models can assist policymakers in making data-driven and intelligent
decisions regarding resource management and carbon footprint reduction. The use of robots
equipped with'machine vision for waste sorting in recycling facilities represents another practical
and efficient application of Al, contributing to pollution reduction caused by improper waste
management. Beyond municipal and recycling operations, Al can support industrial and mining
sectors by developing smart monitoring systems for waste generation, analyzing product life
cycles, identifying industrial waste pollution sources, and offering solutions to minimize waste
production during manufacturing processes. Additionally, Al-enabled digital platforms can
enhance public participation in waste reduction, promote source-separation practices, and increase



environmental awareness regarding the consequences of waste. Al can also address challenges
such as access to accurate data, privacy protection, operational costs, and workforce training,
providing comprehensive solutions to support sustainable waste management. With effective
collaboration between governments, the private sector, local communities, and civic organizations,
the full potential of advanced Al technologies can be harnessed to reduce pollution, mitigate
climate change, and prevent global warming. So, Al has the capability to establish intelligent
infrastructure and data-driven decision-making frameworks, making it a key tool for efficient,
sustainable, and optimized waste management. By minimizing waste, reducing emissions, and
supporting climate mitigation strategies, Al can contribute significantly tdpcombating global
warming and promoting environmental sustainability.

Conclusion \

This systematic review highlights the transformative potential of#Al\in advancing sustainable
waste management and mitigating climate change. The integration of Al aeross the entire waste
lifecycle, from generation prediction and collection optimizationto Sorting, recycling, and final
disposal, demonstrates significant opportunities for reducing greenh@use gas emissions, enhancing
resource efficiency, and promoting circular economy principlessAl-driven technologies, including
machine learning, deep learning, computer vision, and leT-enabled platforms, enable real-time
monitoring, predictive modeling, and intelligent decision-making, thereby optimizing operational
efficiency while minimizing environmental‘impacts. Despite these advances, the deployment of
Al in waste management faces multifaceted ¢hallénges,” ineluding data quality limitations,
infrastructural constraints, high implementation’ costs, “regulatory gaps, and equity concerns.
Moreover, the environmental foeotprint of Al itself through electronic waste and energy-intensive
hardware must be carefully managed to ayoid unintended negative consequences. Addressing
these systemic, technical, and societal barriers réquires an integrated approach that combines
robust governance,, standardized data)protocels, multi-stakeholder collaboration, and public
engagement. Lookingiforward, future research should focus on developing hybrid Al models that
enhance predictive aceuracy, integrating, Al with emerging technologies such as digital twins and
advanced sensor,networks, and designing equitable frameworks that ensure inclusive access to Al-
driven waste solutions. Additionally, cross-disciplinary studies are needed to quantify the net
environmental benefits¢of Al adoption, considering both its operational efficiency and lifecycle
impacts, to'guide,global pelicy and investment decisions. In conclusion, Al represents a powerful
enabler, for achievingsustainable waste management, advancing circular economy goals, and
mitigating, climate change. When deployed responsibly and strategically, Al has the capacity to
transform weﬁ&systems from reactive, linear models into proactive, intelligent, and climate-
resilierityinfrastrtictures, contributing substantially to global sustainability and environmental
stewardship,

References

Adanma, U. M & Ogunbiyi, E. O. (2024). Artificial intelligence in environmental conservation: evaluating cyber
risks and opportunities for sustainable practices. Computer Science & IT Research Journal, 5(5), 1178-1209.
https://doi.org/10.51594/csitrj.v5i5.1156

Adeoba, M. L., Pandelani, T., Ngwangwa, H., & Masebe, T. (2025). The Role of Artificial Intelligence in Sustainable
Ocean Waste Tracking and Management: A Bibliometric Analysis. Sustainability, 17(9), 3912.
https://doi.org/10.3390/su17093912

Ahmed, S. T., Reddy, R. V., & KM, K. R. (2025). Artificial Intelligence for Sustainable Waste Management: A
Literature Review. (April 17, 2025). https://doi.org/10.2139/ssrn.5234762



https://doi.org/10.51594/csitrj.v5i5.1156
https://doi.org/10.2139/ssrn.5234762?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=ssrn.5234762

Alprol, A. E., Mansour, A. T., Ibrahim, M. E. E. D., & Ashour, M. (2024). Artificial intelligence technologies
revolutionizing wastewater treatment: Current trends and prospects. Water, 16(2), 314. https://www.mdpi.com/2073-
4441/16/2/314

Alsabt, R., Alkhaldi, W., Adenle, Y. A., & Alshuwaikhat, H. M. (2024). Optimizing waste management strategies

through artificial intelligence and machine learning: An economic and environmental impact study. Cleaner Waste
Systems, 8, 100158. https://doi.org/10.1016/j.clwas.2024.100158

Altieri, R., Spaccini, R., Pane, C., Manganiello, G., Cangemi, S., Verrillo, M., ... & Esposito, A. (2024). Process and
quality evaluation of different improved composts made with a smart laboratory pilot plant. Heliyon, 10(10).
https://doi.org/10.1016/j.heliyon.2024.e31059

Amar, M. N., Djema, H., Ourabah, K., Alqahtani, F. M., & Ghasemi, M. (2024). Utilizingrartificial intelligence
techniques for modeling minimum miscibility pressure in carbon capture and utilization processes:'a comprehensive
review and applications. Energy & Fuels, 38(16), 14891-14924. https://doi.org/10.1021/acs.cnecgyfuels.4c02249
Babaei, M., Jalilian, M., & Shahbaz, K. (2024). Chemical recycling of Rolyethylene terephthalate™SA mini-review.
Journal of Environmental Chemical Engineering, 12(3), 112507. https://doi.org/10.101 6/j.jece.2024.112507
Bianchi, O., & Putro, H. P. (2024). Artificial intelligence in environmental monitoring:*Rredicting and managing

climate change impacts. [International  Transactions on | Awtificial{ Intelligence, 3(1), 85-96.
https://doi.org/10.33050/italic.v3il.650

Brahim, M., & Lahiani, A. (2025). Smart Waste Management. In Global Pathwc%r Efficient Waste Management
and  Inclusive  Economic  Development  (pp. 53-96). WSingapore: Springer Nature  Singapore.
https://doi.org/10.1007/978-981-96-5569-4 4

Castellani, P. (2025). Empowering Development. Strategies and Pr@i{ts \for Sustainable Waste Management in the
Majority World. https://irinsubria.uninsubria.it/handle/11383/2191751

Che, C., Zheng, H., Huang, Z., Jiang, W., & Liu, B. (2024). Intehigent rebotic control system based on computer
vision technology. arXiv preprint arXiv:2404.01116. https://doi.org/10.48550/arXiv.2404.01116

Dey, S., Veerendra, G. T. N., Babu, P. A., Manoj, A. P., & Nagarjuna, K. (2024). Degradation of plastic waste and its
effects on biological ecosystems: A scientific analysis and comprehensive review. Biomedical Materials & Devices,
2(1), 70-112. https://doi.org/10.1007/s44194-023-00085=w:

Dindorf, R., & Wos, P(2024). Challenges of'tobotic technology in sustainable construction practice. Sustainability,
16(13), 5500. https://dot.org/10.3390/sul6135500

Ghochanian Haghverdi, E:; Khezeymeh Nezhad)yH., Moghri Friz, A., and Khorashadizadeh, O. (2025). Efficiency of
Machine Learningglechniques for, Predicting Vapor Pressure Deficit in Arid and Semi-Arid Regions (Case Study:
South  Khorasan — Provinee). Journal of | Drought and Climate Change Research,2(4), 85-102.
https://doi.6rg/10.22077/jdcr2024.8327.1082

Helmi, M.J#Zeraati Neyshabeuri, S., Amirabadizadeh, M., and Yaghoobzadeh, M. (2024). Evaluation of SDSM,
LARS-WG, and ANNiMethods'in Downscaling of Temperature and Precipitation for Two Different Climates. Journal
of Drought and,Climate ge Research, 1(4), 105-118. https://doi.org/10.22077/jdcr.2023.6996.1049. [In Persian]
Huang, Z., Biu, G., Zhang, Y., Yuan, Y., Xi, B., & Tan, W. (2024). Assessing the impacts and contamination potentials
of landfill lea%1 on adjacent groundwater systems. Science of The Total Environment, 930, 172664.
https://doiorg/10.101 6/j.scitotenv.2024.172664

Jahan, 1.,"Mehana, M., Matheou, G., & Viswanathan, H. (2024). Deep Learning-Based quantifications of methane
emissions with| field applications. International Journal of Applied Earth Observation and Geoinformation, 132,
104018. https://doi.org/10.1016/j.jag.2024.104018

Jones, J., Harris, E., Febriansah, Y., Adiwijaya, A., & Hikam, 1. N. (2024). Ai for sustainable development:
Applications in natural resource management, agriculture, and waste management. International Transactions on
Artificial Intelligence, 2(2), 143-149. https://doi.org/10.33050/italic.v2i2.549

Jorge, E. (2025). Exploring the impact of population aging, population density, and GDP on municipal waste
generation in European OECD Countries: When do mediation effects matter?. Social Sciences & Humanities Open,
11, 101432. https://doi.org/10.1016/j.ssah0.2025.101432



https://www.mdpi.com/2073-4441/16/2/314?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://www.mdpi.com/2073-4441/16/2/314?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://doi.org/10.1016/j.clwas.2024.100158?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.clwas.2024.100158
https://doi.org/10.1016/j.heliyon.2024.e31059?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.heliyon.2024.e31059
https://doi.org/10.1021/acs.energyfuels.4c02249?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=acs.energyfuels.4c02249
https://doi.org/10.1016/j.jece.2024.112507?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.jece.2024.112507
https://doi.org/10.33050/italic.v3i1.650?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=italic.v3i1.650
https://doi.org/10.1007/978-981-96-5569-4_4?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://irinsubria.uninsubria.it/handle/11383/2191751?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://doi.org/10.48550/arXiv.2404.01116?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=arXiv.2404.01116
https://doi.org/10.1007/s44174-023-00085-w?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://doi.org/10.3390/su16135500?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://doi.org/10.22077/jdcr.2024.8327.1082?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=jdcr.2024.8327.1082
https://doi.org/10.22077/jdcr.2023.6996.1049?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=jdcr.2023.6996.1049
https://doi.org/10.1016/j.scitotenv.2024.172664?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.scitotenv.2024.172664
https://doi.org/10.1016/j.jag.2024.104018?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.jag.2024.104018
https://doi.org/10.33050/italic.v2i2.549?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=italic.v2i2.549
https://doi.org/10.1016/j.ssaho.2025.101432

Kwilinski, A., Lyulyov, O., & Pimonenko, T. (2024). Sustainable development in the European Union: Managing
artificial intelligence technology for green economic growth. Polish Journal of Management Studies, 30.
https://doi.org/10.17512/pjms.2024.30.1.11

Lakhouit, A. (2025). Revolutionizing urban solid waste management with Al and IoT: a review of smart solutions for
waste collection, sorting, and recycling. Results in Engineering, 104018. https://doi.org/10.1016/j.rineng.2025.104018
Mukhamedjanova, S., Odilova, S., & Sarvar, G. A. (2025). Artificial intelligence's role in maintaining a sustainable
environment. International Scientific Journal Management, Marketing and Finance, 2(3), 38-45.
https://doi.org/10.5281/zenodo.15266987

Naturinda, E., Kemigyisha, F., Gidudu, A., Kabenge, 1., Omia, E., & Aboth, J. (2025). Quantification of Greenhouse
Gas Emissions from Livestock Using Remote Sensing & Artificial Intelligence. Artificial Intelligence in Geosciences,
100147. https://doi.org/10.1016/j.aiig.2025.100147

Nwokediegwu, Z. Q. S., Ugwuanyi, E. D., Dada, M. A., Majemite, M. T.g& Obaigbena, Aw (202%\A1-driven waste
management systems: A comparative review of innovations in the USA andAfricas Engineering Science &
Technology Journal, 5(2), 507-516. https://doi.org/10.51594/estj.v5i2.828

Odejobi, O. J., Ajala, O. O., & Osuolale, F. N. (2024). Review on the potential of using agrieultural, municipal solid,
and industrial wastes as substrates for biogas production in Nigeria. BiomassiConversion and Biorefinery, 14(2), 1567-
1579. https://doi.org/10.1007/s13399-022-02613-y

Opanasenko, V. M., Fazilov, S. K., Radjabov, S. S., & Kakhargv, S. S. (2024). ilevel face recognition system.

Cybernetics and Systems Analysis, 60(1), 146-151. https://doi.org/10.1007/s10559-024-00655-w

Pham, B. T., Bui, K. T. T., Prakash, 1., & Ly, H. B3 (2024). Hybrid artificial intelligence models based on adaptive
neuro fuzzy inference system and metaheuristic optimization algoribﬂf for the prediction of daily rainfall. Physics
and Chemistry of the Earth, Parts A/B/C, 134, 103563. https://déi.org/10.1007/510559-024-00655-w

Pottinger, A. S., Geyer, R., Biyani, N., Martinez, C. C., Nathan)(, Moise, ML R., ... & McCauley, D. J. (2024).
Pathways to reduce global plastic waste mismanagementand greenhouse gas emissions by 2050. Science, 386(6726),
1168-1173. https://doi.org/10.1126/seience.adr3837

Qurashi, R. S. A., Almnjomi, M. M., Alghamdi, T. £y Almalki, A. H., Alharthi, S. S., Alharthi, A. S., & Thafar, M.
A. (2025). Smart Waste Management Systemfor Makkah City using Artificial Intelligence and Internet of Things.
arXiv preprint arXiv:2505.19040. https:#/doi.org/10.48550/arXiv.2505.19040

Santos, E., Fonseea, F.; Santiago, A., & Rodrigues, D. (2024). Sustainability indicators model applied to waste
management in Brazil usingthey\DPSIR framewotk. Sustainability, 16(5), 2192. https://doi.org/10.3390/su16052192
Saxena, V. (2025)."Wateriquality) air pollution, and climate change: investigating the environmental impacts of
industrialization and urbanization. Water, Air, & Soil Pollution, 236(2), 73. https://doi.org/10.1007/s11270-024-
07702-4

Vadisetty, R., & Polamarasetti,"A. (2024). Using Digital Twins and Gen Al to Optimize Plastics Densification in the
Recyeling, of Polypropyle (PP) and Polyethylene (PE). In 2024, the 13th International Conference on System
Modeling Advancement in Research Trends (SMART) (pp- 783-788). IEEE.
https://doi. or2/1M09/SMART63812 2024.10882564

Vishwakarma, Y. R., Bhardwaj, N., Ram, K., Gogoi, M. M., Banerjee, T., Mohanty, M., & Singh, R. S. (2025).
Bioaerosol emissions from solid waste processing facilities in urban environments and their impact on human health.
Science of The Total Environment, 994, 180049. https://doi.org/10.1016/j.scitotenv.2025.180049

Wani, A. K., Rahayu, F., Ben Amor, 1., Quadir, M., Murianingrum, M., Parnidi, P., ... & Latifah, E. (2024).
Environmental resilience through artificial intelligence: innovations in monitoring and management. Environmental
Science and Pollution Research, 31(12), 18379-18395. https://doi.org/10.1007/s11356-024-32404-z

Wei, X. F., Yang, W., & Hedenqvist, M. S. (2024). Plastic pollution amplified by a warming climate. nature
communications, 15(1), 2052. https://doi.org/10.1038/s41467-024-46127-9

Xiong, X., Zhou, S., Liang, Q., Ren, G., Zhang, Y., Li, S., ... & Wang, J. (2025). Application of Al in the whole
process of WEEE recycling and reuse. Environment, Development and Sustainability, 1-44.
https://doi.org/10.1007/s10668-024-05955-x



https://doi.org/10.17512/pjms.2024.30.1.11?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=pjms.2024.30.1.11
https://doi.org/10.1016/j.rineng.2025.104018?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.rineng.2025.104018
https://doi.org/10.5281/zenodo.15266987?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=zenodo.15266987
https://doi.org/10.1016/j.aiig.2025.100147?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=j.aiig.2025.100147
https://doi.org/10.51594/estj.v5i2.828?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17&file=estj.v5i2.828
https://doi.org/10.1007/s13399-022-02613-y?spm=a2ty_o01.29997173.0.0.68ea55fb0gOR17
https://doi.org/10.1007/s10559-024-00655-w?spm=a2ty_o01.29997173.0.0.68ea55fbiNaIJ3
https://doi.org/10.1007/s10559-024-00655-w?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb
https://doi.org/10.1126/science.adr3837?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=science.adr3837
https://doi.org/10.48550/arXiv.2505.19040?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=arXiv.2505.19040
https://doi.org/10.3390/su16052192?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb
https://doi.org/10.1007/s11270-024-07702-4?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb
https://doi.org/10.1007/s11270-024-07702-4?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb
https://doi.org/10.1109/SMART63812.2024.10882564?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=SMART63812.2024.10882564
https://doi.org/10.1016/j.scitotenv.2025.180049?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=j.scitotenv.2025.180049
https://doi.org/10.1007/s11356-024-32404-z?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb
https://doi.org/10.1038/s41467-024-46127-9?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb
https://doi.org/10.1007/s10668-024-05955-x?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb

Yang, L., Zhang, T., Gao, Y., Li, D., Cui, R, Gu, C., ... & Sun, H. (2024). Quantitative identification of the co-
exposure effects of e-waste pollutants on human oxidative stress by explainable machine learning. Journal of
Hazardous Materials, 466, 133560. https://doi.org/10.1016/j.jhazmat.2024.133560

Yap, C. B., Katterbauer, K., & DE KIEV, L. C. (2024). Comparative case studies on the different approaches to
applying artificial intelligence in smart cities for sustainable development. International Journal of Social Science,
Management and Economics Research, 2(6), 73-84. https://doi.org/10.61421/IJSSMER.2024.2608

Yevle, D. V., & Mann, P. S. (2025). Artificial Intelligence-Based Waste Management: A Review of Classification,
Techniques, Issues, and Challenges. Wiley Interdisciplinary Reviews: Data Mining and ‘owledge Discovery, 15(2),
€70025. https://doi.org/10.1002/widm.70025

u


https://doi.org/10.1016/j.jhazmat.2024.133560?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=j.jhazmat.2024.133560
https://doi.org/10.61421/IJSSMER.2024.2608?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=IJSSMER.2024.2608
https://doi.org/10.1002/widm.70025?spm=a2ty_o01.29997173.0.0.68ea55fbsUeKnb&file=widm.70025

