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 A B S T R A C T

Understanding the generation patterns of municipal solid waste and adapting to it is one of the most urgent 
problems of the decade, which requires meaningful answers in order to establish sustainable and resilient waste 
management infrastructures. The purpose of this literature review is to systematize the models and approaches 
that are suitable for predicting the amount of municipal solid waste (MSW). Based on systematically explored 
literature analysis (used Scopus database in 2023) methodologies, a recommendation framework is developed 
to underpin the design of municipal solid waste management systems by recording possible models and proxy 
variables in addition to presenting their advantages and limitations based on the 78 papers that met the 
selection criteria. The proposed framework identifies possible model structures according to the municipal 
solid waste management analysis task and data availability, which fills the gap and lays the foundations for 
data-based decision support in goal-oriented municipal solid waste management. A total of 36 AI-driven models 
are explored and catalogued using 455 proxy variables. Depending on the number of observations and the set of 
available proxy variables, a model structure framework is provided, based on which the identification of models 
can be optimized for the completion of goal-oriented municipal solid waste predicting tasks. This literature 
review provides a basis for meeting the goal-oriented MSW modeling tasks at a higher level, as it also proposes 
a model catalog, data inventory and model structures, and discusses how to address the challenges that may 
arise for the models. It is the first research to distinguish modeling issues of interest to industry professionals 
and academics, thereby providing guiding results for the entire municipal solid waste management sector.
1. Introduction

The growing municipal solid waste is a complex problem that affects 
all citizens worldwide (Maalouf and Mavropoulos, 2023), regardless 
of their location or lifestyle. According to the World Bank’s estimate, 
the amount of waste is projected to increase from 2.01 billion tons in 
2016 to 3.40 billion tons by 2050 (Kaza et al., 2018). This increase 
can cause numerous problems of which environmental pollution is the 
most significant (Mor and Ravindra, 2023). Landfilling and incinera-
tion of municipal solid waste can release harmful substances into the 
environment (Cai et al., 2023), including toxic compounds (Kolawole 
et al., 2023), greenhouse gases (Pamukçu et al., 2023), and other 
pollutants (Kaur et al., 2023).

Changes in waste quantity and composition can significantly impact 
the appropriateness and effectiveness of waste management technolo-
gies, therefore accurate prediction and efficient management of munic-
ipal solid waste (MSW) volume is essential in safeguarding the environ-
ment, fostering economic growth, and protecting human health (Kumar 
et al., 2020). Predictions can assist waste management providers and 

∗ Corresponding author.
E-mail address: sebestyen.viktor@mk.uni-pannon.hu (V. Sebestyén).

authorities in planning waste collection and management strategies. 
This allows for effective responses to expected changes in waste vol-
umes, leading to better planning and optimizing processes and opera-
tional costs (Zhao and Li, 2023). As a result, more cost-effective waste 
collection, transport, and treatment methods can be developed and 
applied, and available resources can be used more efficiently (Dyson 
and Chang, 2005). On the other hand, to ensure efficient and sustain-
able waste management it is crucial to consider demographic changes, 
economic development, lifestyle changes, and other external factors 
that may impact the amount of municipal solid waste produced (Sun 
and Chungpaibulpatana, 2017).

Additionally, predictions can serve as a tool to increase education 
and social awareness. The data can help us understand the envi-
ronmental and economic impacts of waste generation and encourage 
individuals to reduce waste and recycle. This allows the modeling tasks 
to be grouped in a goal-oriented manner, which is presented in detail 
in Fig.  1, indicating the data sources and modeling context. Currently, 
there is no scientific publication that covers the methods, data sources 
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Fig. 1. Waste management analysis tasks, data sources and consequences: GCSIL model framework (G: generation, C: collection, S: sorting, I: incineration, L: 
landfilling)
and model building related to MSW quantity modeling in their entirety, 
therefore the primary goal of this review is to attempt to fill this gap.

In Fig.  1, the GCSIL (G: generation, C: collection, S: sorting, I: 
incineration, L: landfilling) model was introduced, which integrates the 
waste management sector-specific analysis tasks, data sources and con-
sequences in a unified framework. This is important because different 
types of modeling tasks (strategic decision models and operational mod-
els) require specific model structures. Without this kind of separation, 
decision support cannot be implemented at the expected level.

In the review article, the examination of waste predicting tools 
according to the framework presented in Fig.  1. This framework en-
ables a classification of models into two main groups according to the 
municipal solid waste management analysis tasks: on the one hand the 
planning and selection of elements of a long-term waste management 
strategy, and on the other hand, the development and planning of 
everyday operation technology. For the technological issues, high-
quality and frequent data is provided by specific long-term time series 
data (Fig.  1 gray box), which can be obtained mainly from waste 
management companies. For the strategy planning, less frequent data 
is provided by a wide range of proxy variables (Fig.  1 green box) that 
can be used to describe with a high degree of accuracy the environment 
that influences waste generation.

The diversity of predictive models and the availability of data can 
result in a challenging decision-making process for individuals. This 
problem is illustrated in Fig.  1, which shows two decision processes 
and their associated waste management consequences. The application 
of the framework in this research would guide the most efficacious 
approach, including waste management task orientation, the mecha-
nisms and requirements of different models, including data dimensions, 
granularity, and quantity. The primary aim of this literature review is 
to serve as a guide for readers to select the most appropriate model 
structure based on their requirements and possibilities, for which the 
decision tree-based model structure selection logic is developed.
2 
1.1. AI in municipal solid waste management

Artificial intelligence (AI) tools were successfully applied MSW (Ab-
basi and El Hanandeh, 2016) and biomass (Yatim et al., 2022) charac-
teristics, odor emission (Xu et al., 2022), plastic waste sorting efficiency 
improvement (Nguyen et al., 2024), illegally dumped waste detec-
tion (Majchrowska et al., 2022), biomedical waste reduction (Sengeni 
et al., 2023), reduce food waste (Maiyar et al., 2023), decision support 
system in civil engineering (Santos et al., 2024), sorting by a robot 
with AI (Wilts et al., 2021), waste bin level detection (Abdallah et al., 
2020), process parameters prediction (Stergiou et al., 2023), vehicle 
routing (Revanna and Al-Nakash, 2023), wastewater treatment plans 
parameter prediction (Aghdam et al., 2023). Nevertheless, the most 
common application of AI in the field of waste management is the 
description of the operating system and the implementation of predict-
ing tasks, therefore we are examining the applicability of AI tools to 
perform these tasks to improve the reliable operation and support the 
strategy planning of the future challenges of the municipal solid waste 
treatment.

1.2. Data sources of waste prediction

According to the framework presented in Fig.  1, two main groups 
of data sources can be used for waste management analysis tasks. For 
strategic analysis, to integrate proxy variables, international databases 
have been developed to facilitate the tracking of waste generation, 
economical and social variables. Eurostat offers 4243 data sources 
broken down by statistical topic, the time coverage of which varies 
depending on the data (Eurostat, 2025). The data is available for the 
countries of the European Union. Waste generation data is included, 
therefore it is suitable for supervised learning tasks. Another useful 
data source is the OECD database, where 288 indicators are available 
in annual breakdown (OECD, 2025). Both data sources can be dynam-
ically queried via Application Programming Interface (API), further 
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supporting their applicability. In Appendix C of ‘‘What a waste A Global 
Review of Solid Waste Management’’ we can find further valuable 
resources for modeling different countries (Hoornweg and Bhada-Tata, 
2012). The United Nations Environment Programme (UNEP) (Wilson 
et al., 2015) also produces reports analyzing sustainable management 
methods, and the Basel Convention contains data on hazardous waste. 
The UN Sustainable Development Goals (SDGs) (Assembly, 2015) are 
closely linked to waste management, with the overarching ambition of 
the SDGs being to end poverty, protect the planet and ensure prosperity 
for all (United Nations Department of Economic and Social Affairs, 
2025), which contains 706 data series for all countries and regions. As 
a global data source, the World Bank database contains useful proxy 
variables in 86 databases. The exploration of UN & World Bank global 
data sources can also be supported with APIs. Specific data sources 
from waste management companies can be used to model technological 
development tasks. Detailed time series data per waste fraction, per col-
lection vehicle (Fig.  1 for green beans), and technological parameters 
can be integrated into waste management analysis tasks.

1.3. Granularity and quantity of data

The selection of predicting methods employed is contingent upon 
the quantity and quality of the available data. In instances where the 
amount of data is limited, rudimentary statistical methods such as 
averaging or linear trend analysis (Wikurendra et al. (2023); Khanal 
(2023)) can be utilized, though their precision may be constrained. An 
alternative approach involves analogy-based estimation (Meyer et al., 
2020), where waste generation data from regions exhibiting analogous 
demographic and economic characteristics is employed to formulate 
predictions. Additionally, qualitative predictions can be constructed 
based on the expertise and knowledge of local specialists. For ex-
ample, in the field of nuclear waste management, the United States 
Nuclear Regulatory Commission (NRC) has used this method in the 
performance assessment of high-level radioactive waste storage, where 
the integration of expert opinions was key to making long-term safety 
predictions (Bonano et al., 1990).

When a medium amount of data is available, more advanced meth-
ods can be employed. In cases where a characteristic is measured over a 
long period of time, such as the amount of waste in a bin or the number 
of times it is opened (Likotiko et al., 2020), time series analysis, such 
as the ARIMA (Auto Regressive Integrated Moving Average) model, can 
be utilized. This takes into account the time dependencies and trends of 
the data, thus providing more accurate predictions. In instances where 
the time horizon is brief but there are multiple variables available for 
modeling, regression models (Estay-Ossandon and Mena-Nieto, 2018) 
can be utilized to examine the relationship between, for instance, waste 
volume and one or more independent variables, such as population or 
economic indicators.

In the context of large data sets, the most sophisticated techniques 
can be employed. Multivariate regression (Cubillos, 2020), for instance, 
incorporates numerous variables, including economic indicators, popu-
lation growth, and consumption patterns, thereby facilitating a com-
prehensive analysis of the factors influencing waste production. The 
application of artificial intelligence and machine learning methods, 
such as neural networks or decision trees (Kannangara et al., 2018), 
enables the identification of intricate patterns and the formulation of 
precise predictions. Temporal and spatial modeling (Johnson et al., 
2017) employs geostatistical methods to analyze the spatial distribution 
and temporal changes of waste production, thereby providing more 
accurate regional predictions. As the amount of data increases, increas-
ingly complex predicting methods can be utilized. While understanding 
and model description are facilitated by simple models, the ANN model 
becomes intractable when describing using equations and functions. 
Instead, learning algorithms or, for example, the number of layers 
and neurons are typically employed to characterize the model. Con-
sequently, it can be posited that the comprehension of such models is 
3 
directly proportional to the complexity of the methodologies employed. 
With the augmentation in both the quantity and the quality of the 
data, it becomes feasible to implement progressively sophisticated and 
precise prediction methodologies, which in turn can provide more 
effective support to decision-making processes in waste management 
and the formulation of long-term strategies.

A dataset is typically divided into three subsets: training, validation, 
and test (Golbraikh et al., 2003). The training subset is used to train the 
model, the validation subset is used to fine-tune the hyperparameters 
and evaluate the model during training, and the test subset is used to 
evaluate the model’s generalization.

The effectiveness of machine learning models is determined by the 
data used to train them (Mahesh, 2020). Data interpretation, cod-
ing (Maiya, 2022), cleaning (Gudivada et al., 2017), and the creation of 
high-performance models (Wang et al., 2023) are all important steps in 
the machine learning process. An ideal dataset should possess certain 
characteristics. It must be of high quality as the accuracy of the model 
is heavily reliant on the quality of the input data. Noisy (Karimi et al., 
2020), incomplete, or inaccurate data (Hao et al., 2020) can lead to 
weaker models. Additionally, it should be a sufficiently large amount 
of observations as the model requires enough data to learn the inherited 
connections in the data. In the case of small datasets, the model will 
become overtrained (Mohammadiun et al., 2022), resulting in good 
performance on the training dataset but poor performance on new data. 
Additionally, the model must be trained on a diverse dataset (Mandal 
et al., 2021) to ensure generalization to unseen data. However, an 
ideal data set is never available. Incomplete data sets are more likely 
to be available than complete data sets. Ignoring missing data leads 
to an inadequate model and thus to a failed prediction (Emmanuel 
et al., 2021). To replace these, there are several processes, such as 
deletion or input solutions. Regarding the amount of data, it is caused 
by the availability of a small amount of data (Xu et al., 2023). This 
can be solved in two ways. One is from the data point of view, 
increasing the data size in the process of data collection, for example, 
automatically extracting data from publications using NLP (natural 
language processing) (Jang et al., 2021) and TM (translation memory) 
technology (Sin-Wai, 2023). The other is from the point of view of 
machine learning, choosing a modeling algorithm suitable for small 
data sets, or improving model predictive accuracy through machine 
learning strategies, algorithms suitable for modeling with small data 
include support vector machine (Abdullah and Abdulazeez, 2021), ran-
dom forest (Dou et al., 2023), gradient boosted decision tree (Brophy 
et al., 2023), and so on. The conclusion from the above is that there 
is no universally accepted solution, but the optimal model must be 
selected based on the available information.

1.4. Comparative exploration of the research gap

The aim of this literature review is to explore the models that have 
been used to predict MSW quantity in a structured way. We aim to 
create a database that can be used to select models and characteristics 
for a given waste prediction task ‘‘ex-ante’’. Our results will help to 
support the identification of MSW predicting models and shed light 
on areas where models should focus in the future. Various modeling 
aspects of municipal solid waste have been previously investigated, 
which is presented in Table  1.

Compared to previous studies, this study offers a more compre-
hensive and systematic approach to municipal solid waste predicting. 
While previous works, such as Alzamora et al. (2022) and Izquierdo-
Horna et al. (2022), focused primarily on socio-demographic effects and 
influencing variables using traditional statistical methods or basic cate-
gorization, our study integrates a significantly broader methodological 
range. We analyzed 36 AI-based models and used 455 proxy variables, 
which allows for a much deeper and more detailed exploration of 
predicting opportunities. In contrast to studies that attributed a limited 
or moderate role to AI (e.g. Šomplák et al. (2023)), our study positions 



R. Fejes et al. Resources, Conservation & Recycling Advances 29 (2026) 200310 
Table 1
Comparison of scientific articles on waste management predicting.
 Attribute Focus Methodology Role of AI and ML Applicability  
 Alzamora et al. (2022) Impact of socio-demographic and 

economic factors on MSW
Linear regression and statistical 
analyses

Not significant Planning socio-demographic 
analyses

 

 Izquierdo-Horna et al. (2022) Holistic approach, analysis of 
influencing variables

Categorization based on influencing 
variables

Moderate role Supporting policy 
decision-making

 

 Šomplák et al. (2023) General modeling strategies Time series models, scenario-based 
analyses

Less important Scenario modeling  

 Xia et al. (2022) AI and ML applications in the entire 
MSW process

AI-based algorithms and data-driven 
models

Very significant Waste management 
optimization

 

 Current paper AI-based models and framework for 
MSW prediction

64 AI models and 455 proxy 
variables

Very significant Model selection framework  
AI and machine learning as central to the prediction accuracy and 
adaptability of the models. This emphasis on data-driven decision-
making is consistent with the AI-focused framework presented by Xia 
et al. (2022), but goes beyond it, as our work goes beyond application 
to develop a generalized model selection framework. The novelty of this 
study lies in its comprehensive methodological synthesis, its significant 
integration of AI and ML, and its practical utility in supporting opti-
mal model selection for various waste management scenarios, such as 
strategy creation and technology development. A comprehensive, data-
driven modeling toolkit grouped by waste management analysis tasks 
has not been prepared, for which the authors aim to fill this urgent gap 
for the development of waste management value chain (technology) 
planning and waste strategy-making processes.

Municipal solid waste prediction is crucial for developing an effi-
cient and sustainable waste management strategy. It should be widely 
used at all levels of waste management, from planning to implementa-
tion and evaluation. The purpose of this paper is to provide a scientific 
summary of robust communal predicting techniques, based on which a 
framework is presented to identify the optimal model structure for the 
prediction and decision-making support for strategy formulation.

1.5. Research questions and objectives

The following research questions (RQ) and objectives (RO) can be 
formulated regarding the quantitative prediction of municipal solid 
waste:

• RQ1: How are AI-based and statistical models currently applied to 
municipal solid waste (MSW) quantity prediction?
RO1: Collection and analysis of methods used for quantitative pre-
diction of municipal solid waste and provide a guide for optimal 
model structure identification.

• RQ2: What data can be used for different modeling tasks?
RO2: To compile a specific set of variables that can be directly 
used in future studies.

• RQ3:What are the differences in modeling applications related to 
technological developments (operational parameters) and politi-
cal strategic decisions?
RO3: To provide a proposal for expert support for task-oriented 
model development at the model structure and state variable 
(data source) level.

• RQ4:Depending on the available data and the analysis goal, which 
model is most appropriate to use?
RO4:Develop a specific recommendation system based on the data 
set and the analysis question.

2. Methods

The fundamental aim of this review is to support the performance 
of municipal solid waste (MSW) predicting tasks by collecting and 
processing in a structured manner the methods used in the international 
scientific literature. For which a model collection is developed that 
describes the model structures and the state variables (data) used. Our 
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Table 2
Inclusion logic for the identified papers.
 Papers included Papers excluded  
 MSW quantity prediction MSW quality prediction  
 Model structure is described No model structure  
 Used data is clearly presented Treatment technology performance analyzed 
 Published in English Published not in English  
 Full text available Full text not available  

proposed methodology for the selection of the ideal model structure 
integrates the experiences of previous scientific applications into a 
unified framework (Fig.  2), based on which waste predicting and the 
necessary technology modifications can be implemented at a higher 
level.

A systematic literature review was conducted to explore the munic-
ipal solid waste predicting models. Predefined selection criteria were 
used to find empirical evidence to answer which model structures 
are the most accurate for MSW volume prediction. In this paper, the 
Preferred Reporting Items for Systematic Reviews and Meta-Analysis 
(PRISMA) (Moher et al., 2015) framework is utilized, for which the 
following selection criteria were defined (Table  2):

As shown in Table  2, the prior aim of this review is to assist mod-
eling tasks in identifying usable data and model structures, therefore 
only papers that contain the necessary details were selected. Searches 
were conducted in the Scopus database, covering articles indexed up to 
December 15, 2023 by the following string in Scopus:

‘‘TITLE-ABS-KEY (municipal AND solid AND waste AND model AND 
forecasting) AND PUBYEAR > 2002 AND PUBYEAR < 2024’’.

After removing duplicates and studies that did not meet the above-
mentioned criteria, the initial database search yielded 51 articles. 
Furthermore, 30 external articles were included based on the expertise 
of the authors. This process of article selection during the systematic 
review is illustrated in Fig.  2. All articles underwent manual screening 
and categorization based on their objectives, primary methods, geo-
graphic location, level of analysis, results, conclusions, and limitations, 
whose summary table is included in Appendix A. The information 
required for the analysis of the model structures was compiled into 
a single database, which includes the following categories: method, 
variables, time interval, frequency of data, number of observations, 
geographical location, and the length of the prediction interval.

In our proposed framework, a multi-step process supporting experts 
was defined to select the most suitable model for the predicting task. 
Firstly, it is necessary to check the number of available observations. If 
it is sufficient for the model to be identified, the next step is to check 
the set of available proxy variables. This step should be carried out in 
the same way as the previous one. If the number of variables exceeds 
those belonging to the given method in the database, it is recommended 
to identify the model using the available data. As a final step, it is 
advisable to perform cross-validation on a subset of the observations 
and conduct a statistical analysis of the data for the accuracy of the 
model to provide the highest possible value.
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Fig. 2. Workflow of the proposed recommendation framework for optimal MSW prediction model structure.
Based on Fig.  2, it can be seen that depending on the number of data 
points and the availability of proxy variables, two-step feedback has 
been integrated into our proposed model structure selection framework. 
These feedbacks support the analyst in choosing the method that best 
fits the data from the 64 models and 455 variables explored in this 
research, which entails optimizing the accuracy of the model. Arti-
ficial intelligence-based models are the most common for predicting 
tasks (Wei et al., 2019), therefore the approaches most often used in 
the MSW literature are briefly presented, and their advantages and 
disadvantages are also highlighted in Table  3.

The advantages and disadvantages of the presented modeling ap-
proaches are shown in Table  3.

Depending on whether we want to identify the non-linear, robust, 
interpretable, multivariate, reduced model variance, seasonal or rank 
characteristics of the model, different model structures could be rec-
ommended (Table  3). Nevertheless, feature correlation, overfitting, 
missing data, outliers, etc. are problems that need to be taken into 
account in the initial phase of model identification.

It is imperative to emphasize the significance of high-quality, well-
structured data when constructing machine learning models (Verdonck 
et al., 2024). The process of feature engineering, which involves the 
intelligent transformation of data or the creation of new, meaningful 
features, has been shown to have a significant impact on the perfor-
mance of a range of models, from simple ones such as decision trees 
and regressions to more complex techniques such as neural networks 
and XGBoost (Ngo et al., 2024). In a similar manner, the process of 
feature selection, which involves the meticulous identification of salient 
features, has been demonstrated to enhance the efficiency of models 
by decreasing computational demands and optimizing the utilization 
of resources, a benefit that is particularly evident in the context of 
substantial data sets (Binder et al. (2020); Tan et al. (2024)). In 
scenarios where data is sparse or noisy, the effective use of data 
handling techniques is paramount for the efficient extraction of use-
ful information (Aigner and Körner (2020); Kovačević et al. (2025)). 
The combined use of hyperparameter optimization and feature se-
lection has been demonstrated to enhance not only the predictive 
accuracy of machine learning models, but also their interpretability and 
cost-effectiveness (Enemosah, 2025).
5 
3. Results

A total of 140 predictive applications were identified across the 
78 studies included in the systematic literature review, which can 
be traced back to 36 distinct methods. The classification and relative 
frequency of the different methods are presented in detail in Fig.  3. 
The classification of predictive methods was based on the work of Yang 
et al. (2019), which mainly follows the classical grouping of artificial 
intelligence tools.

The purpose of Fig.  3 is to support the selection of possible model 
types and specific methods for MSW quantity forecasting tasks. Most 
models belong to the machine learning (ML) family, which accounts 
for about 73% of the total applications. Within this group, supervised 
(39 pcs.) and unsupervised learning (6 pcs.) tools, deep learning (46 
pcs.), and ensemble methods (11 pcs.) can be distinguished. In addi-
tion, time-series forecasting (21 pcs.) (Khajevand and Tehrani, 2019), 
systems models (7 pcs.) (Eslami et al., 2021), statistical modeling (8 
pcs.) (Zhang, 2013) and probabilistic models (2 pcs.) were also applied 
in the published papers. Dimensionality reduction (Noori et al., 2009b) 
and clustering solutions were used in unsupervised learning, while 
in supervised learning, regression techniques (20 pcs.) and clustering 
algorithms were most commonly used. Time-series forecasting accounts 
for 15.7% of all applications. This includes error, trend, and seasonality 
models with external variables (ETSX) (Fokker et al., 2023), Kuznets 
curve model, or Tapio elastic approaches (Wang et al., 2021). System 
dynamics models account for 4.3%, including, for example, the Kalman 
filter (Song et al., 2015). Neural networks and deep learning account 
for 32.9%, within which artificial neural networks (ANN) (Kulisz and 
Kujawska, 2020) are the most frequently used method (27 pcs.) for 
MSW quantity prediction among all methods.

Municipal solid waste volume forecasting tasks can be performed 
using different data sources depending on whether the goal is to create 
an operational or decision model. For the methods included in this 
literature review, the frequency of state variables used is shown in Fig. 
4.

Fig.  4 includes the methods that were applied more than once 
to MSW prediction (22 of 36 methods) and the frequency of the 



R. Fejes et al. Resources, Conservation & Recycling Advances 29 (2026) 200310 
Table 3
Advantages and disadvantages of the most commonly used waste predicting methods.
 Method Application Key variables Advantages Disadvantages  
 Linear regression Khanal (2023) Mixed Simplicity and interpretability

(Schielzeth, 2010)
Overfitting
(Zanotti et al., 2019)

 

 Estay-Ossandon and Mena-Nieto (2018) Mixed Versatility
(Rohlfs, 2023)

Problem of outliers
(Çankaya and Abacı, 2015)

 

 Decision tree Kannangara et al. (2018) Mixed High interpretability 
(Shimizu and Kaneko, 2021)

Prone to overfitting 
(Khoshgoftaar and Allen, 2001)

 

 Zhao and Li (2023) Mixed High efficiency 
(Jin and Agrawal, 2003)

Ignore feature correlation
(Hall, 2000)

 

 Random forest Singh and Uppaluri (2023) Mixed Reduce model variance
(Genuer, 2012)

Not applicable to attribute data with 
different values
(Xia et al., 2022)

 

 Support Vector Machine Ayeleru et al. (2021) Mixed Suitable for small sample problems
(Liu et al., 2012)

Sensitive to missing data
(Razzaghi et al., 2016)

 

 Meza et al. (2019) Mixed Avoid local minimums
(Suykens and Vandewalle, 2000)

Sensitive to kernel selection
(Ben-Hur et al., 2008)

 

 Gradient Boost 
Regression tree

Lu et al. (2022) Mixed Rank feature importance
(Pan et al., 2009)

Difficult to train in parallel
(Wen et al., 2019)

 

 ANN Kulisz and Kujawska (2020) Mixed Suitable for any nonlinear 
relationship
(Yu et al., 2006)

Need a lot of parameters
(Almassri et al., 2018)

 

 Abbasi and El Hanandeh (2016) MSW only High robustness and fault tolerance
(Dao et al., 2020)

Lack of interpretability
(Fan et al., 2021)

 

 ANFIS Adeleke et al. (2022) Mixed Combine the advantages of neural 
network and fuzzy reasoning
(Al-Mahasneh et al., 2016)

Not suitable for higher dimensional 
features
(Seifi and Riahi-Madvar, 2019)

 

 ARIMA Marandi and Ghomi (2016) MSW only Simplicity and interpretability
(Ilic et al., 2021)

Sensitivity to model assumptions
(Wan Ahmad and Ahmad, 2013)

 

 Rimaitytė et al. (2012) Mixed Effectiveness for stationary data
(Mondal et al., 2014)

Inability to capture nonlinear 
relationships
(Khashei and Bijari, 2011)

 

 SARIMA Navarro-Esbrı et al. (2002) MSW only Handling seasonal patterns
(Adams and Bamanga, 2020)

Requires more parameters to estimate
(Dubey et al., 2021)

 

 Merelles et al. (2019) MSW only Improved predicting accuracy
(Lee et al., 2018)

Assumption of linear relationships
(Fang and Lahdelma, 2016)

 

 LSTM Srivastava and Jha (2023) Mixed Effective for sequence data
(Zargar, 2021)

Need large amount of calculation
(Ergen and Kozat, 2017)

 

Fig. 3. Classification of the prediction models used for MSW production based on the literature review.
15 most frequently applied state variables per method. The number 
of applications and the best R2 value for each method are given in 
parentheses.

Fig.  4 shows that artificial neural networks (ANN) (Wu et al., 2020) 
were used in 19.3% of all studies as the most common modeling tech-
nique. The second most frequently used methods are the Support Vector 
Machine (SVM) (Noori et al., 2009a) and linear regression (Popli et al., 
2021), which were used in 7.1% of the studies.  ARIMA (Cubillos, 2020) 
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method was identified with a frequency of 5.7%, LSTM of 5.0% (Tu 
et al., 2022), and SARIMA of 4.3% (Merelles et al., 2019), while 
the Multivariate adaptive regression, Random forest (Nguyen et al., 
2021), Decision tree (Kannangara et al., 2018), Gray model (Pudcha 
et al., 2023) and Gradient Boosting (Singh and Uppaluri, 2023) with 
3.6–3.6% respectively. Fig.  4 shows that MSW production, population, 
and MSW fraction were the most frequently used state variables.
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Fig. 4. Frequency of application and variables used in different models.
If we examine the model structures, state variables, and the amount 
of data used (number of observations), a recommendation system can 
be developed in the form of a decision tree (Fig.  5) that suggests the 
ideal model structure for the analyst based on the waste management 
task (goal) and available data. The numbers below the methods indicate 
the number of applications identified in the structured literature search. 
In this recommendation system: ARIMA model (Cubillos, 2020) with 
eight uses, the LSTM model (Tu et al., 2022) with seven uses, and the 
SARIMA model (Merelles et al., 2019) were used for forecasting in five 
cases. On the other hand, the multivariate adaptive regression, random 
forest (Nguyen et al., 2021), decision tree (Kannangara et al., 2018), 
gray model (Pudcha et al., 2023), and gradient boosting models (Singh 
and Uppaluri, 2023) were used in five cases each.

In Fig.  5 waste management analysis tasks are categorized by the 
colors of the methods (in the section marked with a yellow back-
ground), where tools suitable for strategic planning are highlighted in 
gray, tools recommended for supporting technological developments 
in green, and methods that partially support both aspects in yellow. 
The present study proposes a structured and data-driven framework 
to inform strategic decision-making in the domain of municipal solid 
waste (MSW) management. The proposed framework is designed to 
guide the selection of predictive methods that are tailored to specific 
policy and technological objectives.

As illustrated in Fig.  5, the methods under consideration are rep-
resented in the form of a decision tree. The categorization of groups 
is determined by the number of variables used, few (< 3), medium 
(3–7), and multivariate (> 7) groups can be distinguished. The second 
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level is intended to separate the number of observations, which can be 
sparse (< 22), medium-term (22–162) and long-term (> 162). These 
threshold values for the decision levels (cutoff points) in the decision 
tree were determined during the training process, where the decision 
tree classifier was trained with data from the models included in the 
literature review.

It is also worth examining data generation patterns, as technological 
or strategic decision support models require data series with differ-
ent temporal resolutions. The characteristics of the data series of the 
explored studies are summarized in Fig.  6.

Fig.  6 provides a concise visualization of the data’s median, range, 
and presence of outliers in a single image. Upon examining Fig.  6, it is 
evident that the majority of the data is derived from daily collections. 
The 90-day data set represents the smallest extreme value, while the 
largest is a dataset collected over 28 years (Chung, 2010). The model 
constructed from the daily data collection was based solely on the total 
or partial waste fractions of the collected municipal solid waste.

Similar patterns were observed in the weekly and monthly data 
sets. In annual terms, the descriptive and predictive model is built 
using weekly data spanning between 4 (Jalali and Nouri, 2008) and 
12 years (Johnson et al., 2017), and monthly data spanning between 
3 (Nguyen et al., 2021) and 22 years (Abbasi et al., 2019). The variables 
show mixed results, with some variables predicting a longer period 
and others predicting a shorter time period. For monthly data, the 
longest period is 22 years with only 1 variable, while the shortest 
period is 3 years with 9 model variables. In contrast, the relationship for 
the weekly data is completely opposite. Many variables are associated 
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Fig. 5. Decision tree for model selection based on waste management analysis task, data source and number of observations.
Fig. 6. Box plot for evaluation of data frequency of waste prediction methods.
with the longest period, while only one variable is associated with the 
shortest evaluation time interval. When examining the annual data, 
several interesting observations can be formulated. The upper extreme 
value of the plot is in the order of thousands, indicating that data has 
been collected for thousands of years. The upper limit of the set is 
49 (Ebrahimi et al., 2012), meaning that the model was built using 
data from 49 years. For larger numbers, regional data was added to 
supplement the period and increase the number of observations for the 
entire area. The largest observation included 15 years of data from 285 
cities (Wang et al., 2021). Enriching the model with data from the same 
period, but collected in a different area, is a common procedure in this 
kind of analysis task (Sebestyén et al., 2019). In contrast to previous 
variable data, however, more variables were used in each case. This is 
also due to the fact that annual data is among the most accessible. The 
fewest variables used were 5, and the most were 81. This distribution 
also shows that the choice of proxy variables and their methodological 
support in municipal solid waste predicting requires further research. 
To support the filling of this research gap, the proxy variables of the 
explored studies were grouped, which is shown in Fig.  7.

The municipal solid waste system was modeled using 455 variables 
in the explored 78 articles. Although many of these variables were 
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identical, after a data cleaning the variables were grouped into six 
distinct sets, which can be described as follows (Fig.  7):

Economics: Variables were collected and accounted for in the 
largest set, which consisted of 140 of 455 variables. It comprises vari-
ables describing economic performance, such as the GDP (Adamović 
et al., 2017) of the country (Ghinea et al., 2016) or smaller area (Estay-
Ossandon and Mena-Nieto, 2018), as well as specific indicators of 
it, e.g. tax revenue (Guo et al., 2022), exports of goods and ser-
vices (Puntarić et al., 2022), and number of companies (Hoy et al., 
2022).

Demography: This second largest set includes variables such as 
number of family members (Kumar and Samadder, 2017), number of 
household (Yang et al., 2022), population age groups (Johnson et al., 
2017), and other population-related variables.

Waste: It is the third largest group, which consists of indicators 
related to waste. All of the explored 78 scientific papers examine 
the amount of municipal solid waste, in addition to which proxy 
variables (87 pcs.) such as inert waste (Singh and Satija, 2016), glass 
waste (Ahmed et al., 2022), textile waste (Ebrahimi et al., 2012), plastic 
waste (Adeleke et al., 2021) can be identified. It can be observed 
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Fig. 7. Distribution of the proxy variables of MSW prediction models and the most frequently used variables.
that specific variables, like MSW/capita (Younes et al., 2015) are also 
included in this category.

These three groups constitute 72% of the total set of proxy variables, 
while the remaining 28% is accounted for by the next three groups (see 
Fig.  7).

Social: A separate group was created for social variables including 
employment, unemployment, education (for both men and women) 
(Abbasi et al., 2019), and urban poverty incidence.

Geography: It comprises geographic variables, including both gen-
eral and specific characteristics that may not be equally applicable to 
all areas but can enhance the reliability of the prediction models. For 
instance, annual mean temperature (Wang et al., 2021), wind speed (Vu 
et al., 2022), and solar radiation (Adeogba et al., 2019).

Welfare: This is the smallest category, which comprises variables 
that could be described as social or economic, but are more indicative 
of welfare characteristics and emphasize commonalities. This cate-
gory includes street cleaning area (Liu et al., 2021), number of hotel 
guests (Coskuner et al., 2021), and urban residents’ expenditure on 
vegetables (Lu et al., 2022).

As it was presented above, how the number of observations devel-
oped in the MSW papers (Fig.  6), the issue of proxy variable selection 
was also highlighted (Fig.  7). These two basic model identification 
issues can be summarized in a modeling problem space, which is 
presented in Fig.  8.

Fig.  8 illustrates the relationship between the number of observa-
tions and the number of variables used in municipal solid waste (MSW) 
predicting models. This distribution offers valuable insights into the 
intended application of different modeling approaches. Models located 
on the upper end of the vertical axis, which utilize a large number of 
observations with relatively few variables, are particularly well-suited 
for technology-oriented predicting tasks. These include operational 
planning, such as route optimization or facility utilization estimation, 
where the primary goal is short-term accuracy supported by robust 
time-series data. Conversely, models on the far right of the horizontal 
axis employ a high number of variables and are typically used for strate-
gic planning purposes. These models integrate complex socio-economic, 
demographic, and geographic factors to inform long-term decisions 
such as decarbonization roadmaps or infrastructure investments. The 
models located within the highlighted gray region represent an optimal 
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balance. They incorporate a sufficiently large set of variables and ob-
servations, making them applicable for both strategic and technological 
predicting needs. On the other hand, models found in the lower-left 
corner of the figure, characterized by low observation counts and few 
variables, are limited in their predictive power. These models are more 
appropriate for comparative assessments, scenario testing, or early-
stage estimations, rather than for building highly accurate predicting 
tools. As such, the selection of predicting methodology should be 
informed by both data availability and the specific decision-making 
context in which the model will be applied.

4. Discussion

The findings are interpreted within a broader analytical and in-
terpretative framework, demonstrating how models associated with 
different data resolutions and methodological families can be adapted 
and operationalized to meet both short-term (operational) and long-
term (strategic) decision-making requirements in municipal solid waste 
(MSW) management. Accordingly, the discussion emphasizes the key 
trade-offs arising from data availability, proxy-variable selection,
spatio-temporal scaling (local seasonality versus the inclusion of re-
gional datasets), and the implications of a dynamically evolving reg-
ulatory context.

Building on these insights, this literature review introduces a struc-
tured, data-driven framework to support technology-related and strate-
gic decision-making in MSW management. A novel model selection 
framework was developed (Fig.  5), which is intended to guide the 
selection of forecasting methods in a manner that is explicitly aligned 
with both policy-oriented and technology-oriented objectives. Its utility 
is particularly salient in long-term planning and system optimization 
contexts, where forecasting accuracy and interpretability are critical. 
At the strategic level, the framework can inform decarbonization and 
energy-balance assessments, waste-quantity reduction pathways, im-
provements in recycling and circularity performance, awareness-raising 
through education and dissemination, and evaluations of compliance 
with environmental legislation. From a technological and operational 
standpoint, the proposed methodology underpins key design and im-
plementation decisions, including route optimization, facility capacity 
planning, technology selection, reverse supply chain configuration, and 
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Fig. 8. MSW modeling problem space: model structures for technology-related or strategy-related issues according to the number of observations and the number 
of proxy variables.
scheduling that reflects energy-demand profiles. The primary contribu-
tion, therefore, lies in systematically linking the choice of forecasting 
model structures to heterogeneous, practice-driven objectives, thereby 
supporting the development of adaptive, efficient, and target-oriented 
municipal solid waste management systems.

The relevance of this alignment is reinforced by the role of data 
frequency in model applicability. Fig.  6 presents the distribution of 
data frequencies used in MSW forecasting, categorized by daily, weekly, 
monthly, and annual temporal resolution. As frequency increases, the 
number of observations rises substantially, with daily datasets provid-
ing the most granular and extensive input for model development. This 
variation materially influences the intended use of forecasting models. 
High-resolution daily datasets — typically derived from operational 
indicators such as container fill-level measurements or vehicle collec-
tion logs — are well suited to short-term forecasting needs central to 
technology-focused planning, including route optimization, scheduling, 
and capacity management. Conversely, lower-frequency annual data 
are more appropriate for strategic forecasting tasks, such as identifying 
long-term trends, establishing decarbonization targets, and evaluating 
compliance with waste-management directives. Collectively, these dis-
tinctions indicate that each frequency level affords different modeling 
opportunities and constraints, underscoring the importance of matching 
data granularity to the forecasting purpose, whether operational or 
strategic.

Within strategic forecasting, the inclusion of a broad and heteroge-
neous set of explanatory variables (Fig.  7) is critical for constructing 
robust, informative, and generalizable models. Economic, well-being, 
social, demographic, geographic, and waste-related determinants con-
tribute through different causal pathways and thus jointly enhance the 
explanatory depth of forecasting systems. A more diverse data founda-
tion supports complex planning applications such as decarbonization 
strategies, infrastructure scaling, and policy-compliance assessment. 
Moreover, for supervised learning, proxy variables should be paired 
with observed MSW measurements to enable rigorous model training 
and validation. While forecasting models can also be developed from 
exclusively waste-related datasets — as discussed in the preceding 
section — this approach is more commonly associated with operational 
and technology-oriented tasks, such as optimizing collection schedules 
or maximizing facility utilization. In such contexts, long-term time 
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series data are required to capture recurring patterns and seasonal 
effects reliably. These data-driven models can thereby directly facilitate 
technological development and enhance operational efficiency in MSW 
systems.

While the proposed model-structure recommendation framework 
supports the identification of models capable of predicting changes in 
MSW quantities, forecasting qualitative (composition) changes remains 
an open research task. Addressing this gap would enable the ‘‘ex ante’’ 
identification of treatment-technology adjustments (Farahbakhsh et al., 
2023), but it is inherently challenging due to strong dependence on 
data availability, as highlighted in this study. Although national waste 
management strategies can be informed using national, annual datasets, 
technological development and implementation require explicit ac-
counting for local characteristics and seasonality (Denafas et al., 2014). 
This, in turn, necessitates monthly or higher-resolution data at the level 
of cities or collection districts. Accordingly, the proposed framework 
should be viewed as a robust starting point for further knowledge 
development in MSW forecasting, while recognizing that the most 
appropriate proxy-variable sets are likely to vary across countries and 
regions, therefore, model identification and interpretation cannot be 
meaningfully performed without domain expert input.

In terms of model performance evaluation, 44 studies reported the 
coefficient of determination (R2) (ranging from 0.53 to 0.99996), 37 
presented the root mean square error (RMSE) (ranging from 0.003 
to 2,305,544), and 25 reported the mean absolute percentage error 
(MAPE) (ranging from 0.008 to 25.7). Accuracy was reported in only 
two studies (values of 0.87 and 0.991). Several methodological lim-
itations can be identified in relation to these performance measures. 
R2 quantifies the proportion of variance explained by the model. How-
ever, it does not capture structural errors, such as systematic under- 
or overestimation, nor does it necessarily reflect the model’s ability 
to represent nonlinear patterns. Furthermore, R2 is data-dependent 
and therefore not always comparable across datasets. RMSE expresses 
deviations in absolute units, which limits its interpretability unless the 
scale or range of the target variable and the magnitude of measurement 
noise are explicitly characterized. Although MAPE is scale-independent 
and, in principle, easier to interpret, its practical utility is reduced when 
reporting conventions are unclear: several studies do not explicitly 
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indicate whether MAPE values are provided as ratios (e.g., 0.12) or as 
percentages (12%).

To enable a more comprehensive and discriminative assessment — 
particularly for classification tasks — more informative performance 
metrics are recommended. Accuracy captures the fraction of correct 
predictions over all observations, precision (positive predictive value) 
quantifies the proportion of predicted positive cases that are truly pos-
itive, and recall (sensitivity) measures the proportion of actual positive 
cases correctly identified. The F1-score, defined as the harmonic mean 
of precision and recall, summarizes their trade-off in a single measure. 
These metrics are derived from the confusion matrix, which organizes 
correct (TP, TN) and incorrect (FP, FN) classifications, and they provide 
richer diagnostic insight by reflecting not only the magnitude of errors 
but also their type and direction, while being less sensitive to class 
imbalance than accuracy alone.

Finally, cross-validation (e.g. k-fold cross-validation) is widely used 
to enhance the robustness and reliability of performance estimates. In 
this procedure, the dataset is partitioned into multiple approximately 
equal subsets, and the model is trained and evaluated iteratively across 
folds, averaging performance over folds yields a more stable and less 
biased estimate of expected generalization performance. This approach 
reduces the risk of overfitting and enables more objective comparisons 
of model performance across datasets and study settings.

An additional priority is to quantify the system-level effects induced 
by dynamically changing legal and regulatory requirements (Awino and 
Apitz, 2024). Achieving this requires the integration of forecasting out-
puts with technological and infrastructural information, including the 
disaggregated modeling and analysis of individual waste fractions. Such 
an approach enables higher-level implementation and can strengthen 
the sustainability and resilience of municipal solid waste management 
systems. Although this review paper establishes foundational elements 
of this direction in a gap-filling manner, effective decision support still 
depends on the continued advancement of data-driven models. A key 
limitation of the proposed framework is that it does not evaluate pre-
dictive accuracy, instead, it focuses on recommending suitable model 
structures for specific MSW analysis tasks conditional on the available 
data.

5. Conclusions

The ever-increasing volume of municipal solid waste and the dy-
namically changing legal environment presents serious challenges to 
waste management decision-makers. Waste treatment technological 
changes and development investments demand high-level and reliable 
performance of MSW predicting tasks, for which different artificial 
intelligence-supported models can be identified.

In this literature review, 78 scientific publications were explored 
in detail by querying the Scopus database according to the PRISMA 
methodology, based on which 36 different AI-driven models and 455 
proxy variables were identified as possible elements for model building. 
The choice of model structures depends on the range of data and 
proxy variables chosen by the analyst to optimize model accuracy. To 
support this, we integrated previous models into a model structure 
recommendation system based on the goal-oriented municipal solid 
waste management analysis tasks and dataset availability, has been 
developed.

It can be concluded that from models with a simpler structure with 
a high number of daily observations to more complex models supported 
by several proxy variables relying mainly on annual data for the predic-
tion of MSW, artificial neural networks (ANN) are the most commonly 
used models. Other common tools are support vector machine (SVM), 
autoregressive integrated moving average (ARIMA), long short-term 
memory (LSTM) and regression models. Most prediction models use 
MSW production and fraction data, population, population density, 
GDP, household income, education and unemployment ratio as proxy 
variables. To increase the accuracy of the models, the proxy variables 
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must be chosen adequately, in addition to waste-related variables, 
demographic, economic, social, geographic and welfare variables can 
be used.

The framework supporting the selection of the model structure for 
MSW quantity prediction that we propose contributes to the optimal 
determination of the model structures, however, the prediction of 
changes in the quality of MSW, including modeling separated by waste 
fractions and the prediction of specific technological changes, is a 
task to be solved for a sustainable and resilient municipal solid waste 
management sector.

Since data-driven and AI solutions are developing at an incredible 
speed, the authors recommend continuous testing of the applicability 
of new models and continuous knowledge integration into waste man-
agement analysis tasks, for which we recommend that the development 
of model structures (strategic models or technological models) be based 
on the methodology presented in this review paper.
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