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Abstract – In recent years, both academia and 
industry have identified solid waste management 
(SWM) as a relatively new area of study. This 
paradigm shift has precipitated the emergence of 
advanced Machine Learning (ML) and Deep Learning 
(DL) applications that prioritize cost reduction, 
expedited processes, and automation, thereby 
minimizing human intervention. The objective of this 
study is to conduct a systematic review of the literature 
to identify the architectures and metrics used for the 
efficient classification of solid waste (SW). The 
PRISMA (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses) guidelines were utilized 
for the dissemination of the results. Consequently, a 
total of 41 articles were identified as relevant sources. 
The investigation revealed that the most prevalent 
Convolutional Neural Network (CNN) is VGG-16, 
which attains a classification accuracy of 96.1% within 
100 epochs. A conspicuous absence in the extant 
literature is the application of R-CNN. The efficacy of 
this algorithm in the classification of solid waste is 
notable, as it facilitates the simultaneous categorization 
of multiple waste types.  

Keywords – Deep learning, solid waste, 
convolutional neural network, classification, 
architectures, metrics. 

DOI: 10.18421/TEM152-81 
https://doi.org/10.18421/TEM152-81 

Corresponding author: Jorge Isaac Necochea-Chamorro,  
Facultad de Ingeniería y Arquitectura, Escuela de 
Ingeniería de Sistemas, Universidad César Vallejo,  
Lima, Perú 
Email: jnecochea@ucvvirtual.edu.pe  

Received:   10 July 2025. 
Revised:     13 March 2026. 
Accepted:  31 March 2026. 
Published: 27 May 2026. 

© 2026 Jorge Isaac Necochea-Chamorro; 
published by UIKTEN. This work is licensed under the 
Creative Commons Attribution-NonCommercial-NoDerivs 
4.0 License. 

The article is published with Open Access at 
https://www.temjournal.com/   

1. Introduction

The substantial increase in SW is concomitant 
with rapid industrialization, accelerated urbanization, 
and population growth. In this regard, an 
examination of extant literature reveals that, in 2016, 
annual SW production was estimated to range from 7 
billion to 9 billion tons, with domestic waste 
comprising between 22% and 28% of the total. 
Moreover, projections indicate that by 2030 and 
2050, urban SW production will reach 2.59 billion 
and 3.4 billion tons, respectively [1], [2], [3]. As is 
thoroughly delineated in extant literature, SW is 
composed of a variety of materials, including but not 
limited to garbage, debris, refuse, and other items 
that are worthless or undesirable [4]. These materials 
are typically generated in the form of glass, plastic, 
organic matter, and metal [1]. The variability in the 
composition of SW is influenced by a number of 
factors, including the environment, the standard of 
living, and the customs of the inhabitants [5]. 

Poor management and irresponsible dumping of 
materials in open spaces [6], [7] have a direct impact 
on the environment and represent a significant 
problem. The health of residents is negatively 
impacted, and water, air, and soil pollution is 
exacerbated [3], [8], especially in developing 
countries, where SWM agencies are underfunded, 
lack infrastructure, and have limited access to 
advanced technologies [3]. The emergence of smart 
cities and sustainable urban development has 
prompted academics to engage in the transformation 
of SWM through the application of current 
techniques and intelligent systems [3], [9], [11] in 
various environmental areas, such as water, air, soil, 
and energy, with less emphasis on urban SWM [10]. 

As demonstrated in the extant literature, 
intelligent systems, specifically the subset of ML 
techniques known as DL models, have proven 
effective in the field of SWM [12], [13], [14], [15], 
[16], as they address some of the limitations of 
classical classification, namely low efficiency and 
the potential risk of infection [9], [10], [17], [18], 
[19].  
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The classification of waste is predicated on a 
series of characteristics. These include the physical 
state of the waste (solid, liquid, or gaseous); the 
materials from which it is composed (which may be 
of technical or industrial interest); and the waste’s 
ability to be reused in its original form or for another 
purpose after its initial use. Additional factors 
include the ability of a material to decompose or be 
decomposed by microorganisms; the renewable or 
non-renewable nature of the material; and the 
environmental impact throughout its life cycle [20]. 

Furthermore, DL is distinguished by its capacity 
for autonomous representation learning, a quality that 
has contributed to its extensive adoption in fields 
associated with science, business, and the public 
sector [10]. This approach has exhibited notable 
efficacy in addressing nonlinear problems, temporal 
changes, and scenarios involving multiple sources 
and objectives. The potential of DL for application in 
SWM [10] is considerable. 

With respect to review articles on this subject, 
some have focused on recent advances in the 
deployment of artificial intelligence (AI) tools in 
municipal SW management [1], while others have 
outlined a path toward SWM for researchers working 
in related fields and interested in applying deep 
learning approaches in their respective areas of study. 
These articles address fundamental aspects of the 
research, including DL models, applications, 
efficiency, and accuracy. Furthermore, they 
contribute to the systematic review of the literature 
on DL applications in SWM [3]. In the following 
presentation, an analysis of DL algorithms will be 
conducted, and the advances in the use of DL will be 
further examined. Additionally, the potential of DL 
tools in the field of urban SWM will be highlighted. 
In this regard, an analysis of the challenges and 
future prospects of the technology in urban SWM is 
presented in [10]. A thorough and exhaustive review 
of the existing methods of waste detection, 
classification, and DL approaches is also provided 
[20]. Finally, others discuss the potential of DL to 
solve SWM problems [21], the organization of waste 
management in smart cities [22], and the detection 
and classification of SW deposits through computer 
vision techniques [23]. A number of studies have 
been conducted that address the application of ML 
algorithms in the context of urban solid resource 
management [24], as well as the progress of data-
driven ML for nuclear waste disposal [25]. 

The objective of this study is to obtain 
information regarding CNN architectures, the 
number of training epochs, and the performance 
metrics utilized to train the model and determine its 
efficiency.  

Furthermore, the objective of this study is to 
assess the precision of the results obtained for SW 
classification.  

The article is structured as follows: Section 2 
outlines the methodology employed, which is based 
on the Kitchenham and Charters approach. To 
present the findings, the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses 
(PRISMA) guidelines were followed. This section 
also includes a list of articles that meet the inclusion 
and exclusion criteria. Section 3 discusses the results. 
Section 4 presents the discussions. Section 5 presents 
the conclusions. Section 6 presents the open research 
topics. Finally, section 7 outlines the limitation 
encountered. 

 
2. Materials and Methods 

 
This systematic literature review (SLR) employs 

the methodology proposed by Kitchenham and 
Charters [26], which comprises three stages: 
planning the review, conducting the review, and 
finally, the results of the review, along with 
presentation and reporting guide, PRISMA. In the 
preliminary stages of the review, it is necessary to 
plan its structure. The procedures and criteria to be 
employed for the selection and evaluation of the 
studies will be established to guarantee objectivity 
and replicability of the review; the process of 
conducting the review is outlined below. This stage 
of the review process involves the identification, 
selection, and evaluation of relevant studies 
addressing the research question posed; the results of 
the review are then presented. Finally, a synthesis of 
the conclusions obtained from the studies included in 
the review will be presented to answer the research 
questions posed. 

 
2.1. Data Source and Search Strategy  

   
To provide an overview of ML for SW 

classification, it is essential to conduct primary 
research on the models used and the accuracy results 
obtained. This will be of use to those who intend to 
work with this technology. In order to address this 
gap in the literature, a comprehensive search was 
conducted across several multidisciplinary databases 
of scientific articles, including the following: the 
following databases were consulted: Science Direct, 
Web of Science, Scopus and EBSCOhost. 
Furthermore, a systematic review process was 
conducted to ascertain the requisite search 
parameters and delineate the boundaries of the study 
in relation to the identified theories that underpin DL 
for SW classification. The following research 
questions were defined and are detailed in Table 1. 
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Table 1. Literature search questions 
 

Id Search questions Motivation 
Q1 What were the CNN architectures used, how many 

epochs were needed to train the model and what 
accuracy results were obtained for SW classification? 

Identify the CNN architectures used, the accuracy 
results obtained, and the number of epochs addressed in 
the model for SW classification. 

Q2 What metrics are most employed to ascertain the 
efficiency of DL models in SW classification? 

Identify the metrics most applied to models for SW 
classification. 

 
2.2. Conducting the Review 

 
The search process commenced on July 18, 2023, 

and involved the execution of searches pertaining to 
the following terms: The following databases were 
searched for the terms “machine learning,” 
“classification,” and “convolutional neural 
networks”. The following databases were consulted: 
Science Direct, Web of Science, Scopus, and 
EBSCOhost. Subsequently, operators such as “and” 
and “or,” were added, along with the search terms 
“machine learning,” “deep learning,” 
“classification,” and “solid waste,” to perform the 
search.  

The search yielded a multitude of results, 
including repetitions, yet these proved invaluable in 
providing further insight into the subject matter and 
contributed to the advancement of the research. 

The systematic search is constituted by several 
points, including the multidisciplinary databases 
selected by the authors. The following databases 
were consulted: Science Direct, Web of science, 
Scopus, and EBSCOhost. The search period was 
between 2019 and 2023. The thematic areas were 
computer science and engineering. The search strings 
are shown in Table 2. 

 
Table 2. Search strings 
 

 

Id Search string 
Q1 ((Deep and learning) and deep and learning and techniques) and solid and waste) 
Q2 ((Deep and learning) and classification and solid and waste) and metrics) 

 The inclusion and exclusion criteria are shown in 
Table 3. 

 
Table 3. Search criteria 
 

Inclusion criteria Exclusion criteria 
Only articles that have been published in indexed virtual 
libraries, such as Scopus, Web of Science, EBSCOhost, 
and ScienceDirect, are considered. 

Articles that belong to databases other than those chosen 
by the author are excluded. 

Primary articles related to SW classification. 
Mini-reviews, short communications, book reviews, 
technical reports, journals, thesis, grey literature and 
incomplete articles. 

The articles in question pertain to the subject area of 
computer science and engineering. Articles pertaining to other subject areas. 

The articles included in this study were published 
between 2019 and 2023. Articles published outside the scope of the study. 

The articles are written in the English language. Articles in languages other than English. 

Open access articles. Non-complete articles. Articles that lack sufficient 
information for a complete understanding. 

 
Finally, additional filters were applied to obtain 

the results presented in Figure 1. 
A review of the document type, reading of the 

title, abstract, and content of the articles included in 
the review were conducted by the reviewers 
independently.  

 
 
 
 

To reduce the likelihood of selection bias, two 
reviewers conducted independent assessments of 
each study to ascertain whether it met the established 
criteria.  

Any discrepancies were resolved through 
discussion. Zotero was utilized for the management 
and organization of studies, but no automated tools 
were employed for the assessment of risk of bias. 
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3. Results 
 
A total of 28 articles were obtained as a result of 

the systematic review (Figure 1), as detailed in Table 
4. Duplicate articles were removed from the pool 
using the Zotero citation management software. 
Similarly, an exhaustive review of each document 
was conducted based on this section. In this 
systematic review, it was established that if a study 
does not report the information needed to answer a 
specific research question, the corresponding box in 
the synthesis table will be left blank.  

This rule was applied to ensure that only data 
explicitly reported in the original studies are used, 
thereby avoiding any assumptions or estimates that 
could introduce bias into the results. In this way, the 
synthesis table faithfully reflects the availability of 
data in the literature reviewed. From the outset, it 
was decided that a meta-analysis would not be 
conducted in this systematic review. Consequently, a 
narrative synthesis of the results was deemed the 
most appropriate approach. The findings were 
organized according to research questions in order to 
facilitate comparison and analysis. 

 

 
 

Figure 1. Articles obtained as result of systematic review 
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Table 4. Results 
  

Items Description 

[27] 

The objective of this research was to create a dataset, which involves two distinct types of object detection networks. 
The first of these was derived from the YoloV5 architecture, while the second was based upon the faster R-CNN 
model and comprises one and two stages respectively. The YoloV5 model demonstrated its efficacy in the task by 
attaining the highest mean average precision (mAP) score of 0.98. The TrashNet and WasteMart datasets were 
utilized to create the model. 

[28] 

A data augmentation method based on background replacement (BackRep) is proposed as a means of improving 
automatic waste recognition in realistic environments. A novel test dataset of thrown debris is presented, comprising 
114 images of debris categorized according to the CompostNet dataset. However, these images were captured in 
domestic and outdoor contexts with diverse backgrounds and lighting conditions. Two DL models for waste 
classification, AlexNet and InceptionV4, were tested and compared with four different data magnification settings: no 
magnification, BackRep, BackRep and no magnification, and low magnification. Models trained on data augmented 
with BackRep demonstrated superior performance compared to models trained on existing data. 

[29] 

This study’s aim is to compile a set of SW datasets, with the objective of generating a more comprehension dataset 
through consolidation. The objective of this study is to employ the EfficientNet-B2 model for SW classification, with 
the expectation that it will achieve an accuracy up to 70% in the detection of waste and approximately 75% in 
classification. 

[30] 

The goal of this study is to suggest an intelligent material classification system that uses DL to make the process of 
separating SW separation in urban areas easier. The system was developed using a pre-trained ResNet-50 model as an 
extractor and a Support Vector Machine (SVM) as a classifier. It was tested using the Trash image Dataset 
(TrashNet), which contains four types of waste: glass, metal, paper, and plastic. The system achieved an accuracy rate 
of 87% on the dataset. 

[31] 

A system has been development and classifying waste electrical and electronic equipment (WEEE) images. It 
employs CNN and CNNs with proposed regions (R-CNN) to detect the category and size of the WEEE. The system 
accurately identifies and classifies waste with values ranging from 90% to 97% for three selected waste categories: 
fridges, washers, and TV/monitors. 

[32] 
In order to address the issues pertaining to the classification and assessment of steel scrap, a model founded upon 
CSBFNet is put forth as a solution that is capable of both classification and rating of steel scrap. A proprietary dataset 
was developed for this purpose, and the average accuracy obtained was 92.4%. 

[33] 

This article presents a methodology for automatically classifying textiles with visual pollutants using DL networks. 
To this end, a dataset, designated as Textile-Visual-Pollutants, was constructed, comprising 2663 images of visual 
pollutants. These images were employed by the authors to classify them using three DL techniques, namely Faster R-
CNN, YoloV5, and EfficientDet. The latter technique demonstrated a training accuracy of 97% and a validation 
accuracy of 93%. 

[34] 

In order to create an intelligent public container, Internet of things (IoT) techniques and DL utilizing a classification 
algorithm based on three CNN models: The VGG16, ResNet50, and DenseNet201 models are integrated. The 
algorithm was trained on the TrashNet dataset, which contains 2527 images of trash. The model based on 
DenseNet201 achieved an accuracy of 95.51% with 100 training epochs. 

[35] 
The goal of this project is to create a system that separates waste using three different architectures: VGG16, 
FastRCNN and MobileNet V2. The TrashNet training algorithm is used to achieve this. Among the three 
architectures, VGG16 has the highest accuracy rate, with 96% of the results being accurate. 

[36] In this article, a model based on SSD (Single Shot Detectors) and another based on Faster R-CNN achieved 
accuracies of 97.63% and 95.76%, respectively, at different times as mentioned. The dataset used was TrashNet. 

[37] 

A DL-based waste classification technique utilizing the optimized VGG19 model was implemented to achieve 95% 
accuracy with a dataset of 20000 recyclable bottle images. Furthermore, the YOLO object detection algorithm was 
employed to identify and localize construction waste in the images, and a detection system that can control an 
industrial robotic arm was designed to perform the classification task. Finally, the environmental impact is 
considered, and a construction waste recycling network is constructed that minimizes carbon emissions and 
maximizes ecological benefits. 

[38] 
This paper introduces the MLH-CNN, a hybrid multilayer CNN model similar to VggNet but with enhanced 
performance. This improvement is achieved by reducing the number of model parameters, including modules and 
network channels. Using this approach, the TrashNet model achieved a classification accuracy of 92.6%. 

[39] In this article, a new dataset, designated NWNU-TRASH, is constructed for the purpose of SW classification. A 
model based on CNN and transfer learning was developed, achieving an accuracy rate exceeding 82%. 

[40] 
This study proposes the EnCNN-UPMWS model, which uses neural networks (GoogleNet, ResNet-50, and 
MobileNetV2) and an unequal precision measurement weighting strategy (UPMWS) to classify household SW using 
image of waste. When tested on the TrasNet and FourTrash datasets, the UPMWS model achieved an accuracy of 
93.5%. 

[41] 
This research demonstrated that the efficientNet-B0 model achieved accuracy comparable to that of efficientNet-B3 
by utilizing a subset of the ImageNet images and classification them into 34 classes, with an accuracy range of 90% to 
94%. 

[42] 

The purpose of this article is to find a solution to the computational costs associated with image processing. To this 
end, two types of image resolutions are considered: one with dimensions of 225 x 264 and the other with dimensions 
of 80 x 45. The input resolution is obtained by combined these two resolutions. The results indicate that the CNN 
model trained with the lower resolution achieves a lower computational cost. The accuracy achieved by the CNN 
model trained with the lower resolution is 76%, while the accuracy achieved by the CNN model trained with the 
higher resolution is 80%. The dataset used for this study is Imagenet. 
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[43] 

The paper presents a waste management system that employs the integration of Internet of Things (IoT) and computer 
vision technologies. A bespoke CNN and ResNet V2 are employed for the classification of waste. The system’s 
accuracy and performance are enhanced through the application of normalization, hybrid clustering, and data 
augmentation techniques. In comparison to alternative models, the system demonstrates a superior level of accuracy, 
with a score of 94.44%, a notable 6.45% higher than of the basic CNN model. The system demonstrates considerable 
promise for the sustainable management of waste. 

[44] 
The development of a multipath CNN (mp-CNN) model was driven by the objective of identifying and pinpointing 
illegal waste disposal sites in images. A proprietary dataset was employed for the purposes of training and testing the 
model. The model achieved an accuracy of 97.82%, a recall 98.86%, an F1 score of 98.34% and an accuracy of 
98.33%. 

[45] 

The paper puts forth a proposal for the implementation of an automated biomass recycling management system that 
employs the use of DL techniques. The system employs the YOLO-v4 model for the detection of waste objects and a 
graph convolutional network (GNN) for the classification. The hyperparameters of the GCN model are optimized 
using the modified gray wolf optimization (MGWO) algorithm. The system was evaluated the Trashnet dataset, 
demonstrating a high level of accuracy in debris classification, with a score of 99.01%. 

[46] 

A novel two-stream model, designated as SW-Net, is proposed for the mapping of SW from very high-resolution 
(VHR) imagery obtained from Google Earth. The model integrates a CNN with a Swim-Transformer to extract and 
fuse local and global features from images. A dataset comprising three regions-China, India, and Mexico-was utilized, 
wherein SW was classified into two categories: SW. An adaptive feature fusion method and a Grad-CAM-Based 
weak supervision mechanism were employed to generate SW maps and boundaries. The model achieved an average 
accuracy of 90.62% in all three regions. 

[47] 
This study aimed to enhance the efficacy and precision of the municipal SW classification process on a conveyor belt 
in developing countries. Two DL techniques were proposed: CNN and graph recurrent neural network (Graph-
LSTM). These techniques resulted in an accuracy of 97.5%. 

[48] 

This paper presents an optimized hybrid model that integrates AlexNet CNN, DBN, and optuna to classify municipal 
SW into recyclables and other categories. The model employs the AlexNet CNN to extract image features, which are 
then classified using the deep belief network (DBN). Furthemore, Optuna is employed to optimize the 
hyperparameters of the DL model, thereby enhancing the classification performance. The experimental results 
demonstrate that the model attains an enhanced accuracy of 99.5% with an R2 score of 0.942 

[49] This study proposes a novel classification methodology for coal and gangue that is founded on the integration of 
laser-induced breakdown spectroscopy (LIBS) with an emphasis on precision. 

[50] The study focuses on the utilization of AlexNet, a CNN architecture, for the classification of SW, achieving a 
maximum average accuracy of 77.5%. 

[51] 
The research presents an intelligent architecture for waste management that is based on DL and IoT. The model uses a 
CNN to classify waste into digestible and indigestible. The classification accuracy, as determined by the CNN model 
is 95.3125% and the system usability scale (SUS) score is 86%. 

[52] The study presents a technique called EBMOHDL-WC for sustainable debris classification based on the IoT. The 
accuracy of this technique was evaluate using a test set, resulting in an accuracy of 98.04%. 

[53] The study analyzes the effectiveness of the Inception V3 model in real-world waste classification, concluding that it 
achieves an accuracy of 89.19% on the test dataset. 

[54] In this study, the author assesses the efficacy of several DL models in addressing the issue of waste classification. The 
models that achieve perfect recognition are InceptionV3 and Xception. 

[17] The project has been designed to integrate into mobile devices, facilitating smart recycling and reducing human 
intervention in the process. 

[55] 

The project proposed a recognition and management system for electronic waste based on DL models. It employed 
CNN algorithms to process images and classify electronic devices into recyclable and reusable categories. With an 
accuracy of 96%, the model optimized image quality through advanced preprocessing and segmentation techniques, 
using data from an open Kaggle dataset. Additionally, it compared its performance with other existing algorithms, 
demonstrating efficiency and scalability for different types of electronic waste. 

[57] 
The projects developed automated waste classification systems using Deep Neural Networks (DNN). One focused on 
electronic waste, achieving 96% accuracy in its classification to optimize recycling and reuse. The other implemented 
a hybrid model for real-time classification, achieving 99% accuracy using cameras and robotic arms, enhancing waste 
management in urban environments. 

[58] 

The experimental evaluation of the proposed ESS-IoT system demonstrates its effectiveness in both waste collection 
and classification tasks. The implementation of an overflow-based collection mechanism, employing ultrasonic and 
tracking sensors, has yielded successful results in terms of triggering timely waste collection events. The study 
evaluated two machine learning approaches, Random Forest (RF) and Convolutional Neural Networks (CNN), for 
waste classification across four categories: kitchen waste, recyclables, hazardous waste, and miscellaneous waste. The 
findings indicate that the CNN-based model exhibited superior classification accuracy in comparison to the RF 
model, signifying its efficacy in processing the intricate visual characteristics of waste materials. These findings 
confirm the suitability of deep learning approaches for improving automated waste classification within the context of 
IoT-enabled smart waste management systems. 

[59] 

The article addresses the growing generation of SW by municipalities and the critical role of recycling in achieving a 
clean and sustainable environment. It proposes a novel methodology for real-time identification of recyclable 
materials using CNN. The CNN-based waste material detection and classification system achieves an accuracy of 
92.43% under real-world conditions. 
The research emphasizes the connection between waste management and environmental sustainability, highlighting 
the disparity in recycling rates between developed and developing countries. Furthermore, empirical evidence has 
been presented that demonstrates the efficacy of the proposed system in outperforming existing algorithms in real-
world scenarios. 
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[60] 

The article introduces an intelligent device for waste classification and recycling based on an improved EfficientNet 
model, termed GECM-EfficientNet. This device is designed to address inefficiencies in waste sorting by residents, 
who often lack the necessary knowledge to properly classify household waste. 
The GECM-EfficientNet model enhances real-time accuracy and efficiency by simplifying the MBConv module, 
incorporating Efficient Channel Attention (ECA) and Coordinate Attention (CA) modules, and leveraging transfer 
learning. The device achieves an accuracy of 94.54% on the household waste dataset and 94.23% on the TrashNet 
dataset, with a recognition time of 146 ms, meeting the requirements for real-time waste classification. 

[61] 

The study focuses on the application of the MobileNetV2 model for classifying household waste into four categories: 
recyclables, kitchen waste, hazardous waste, and others. Proper waste classification is critical for addressing 
environmental issues; however, most household waste is not classified correctly and is manually managed. 
MobileNetV2, a lightweight DNN, was trained to classify household waste with an accuracy of 82.92%, 
outperforming the CNN model by 15.42%. Additionally, a WeChat mini-application was developed, allowing users to 
upload images of household waste for automatic classification using MobileNetV2. The model demonstrated high 
accuracy and is lightweight enough for deployment on mobile devices. 

[62] 

The article presents a comprehensive system for intelligent waste management, integrating detection, classification, 
volumetric analysis, and organic waste estimation using advanced DL models such as Mask RCNN, YOLO v5, and 
VGG16. The solution, implemented in a mobile application, enables citizens to report waste with geolocation and 
automatically assigns tasks to the nearest workers through genetic algorithms. The system achieves high levels of 
accuracy in classification (93.65%), volumetric analysis (85.3%), and organic waste differentiation (95.6%). This 
work represents a significant advancement toward automating waste management, leveraging cutting-edge 
technologies for a positive environmental and social impact. 

[63] 

The article addresses the global challenge of plastic waste management, emphasizing the complexity and high cost of 
manual sorting processes. It proposes an automated system that leverages image processing and artificial intelligence, 
specifically CNN, to enhance plastic recycling. 
The system utilizes an RGB camera and a microcomputer equipped with computer vision software to classify plastic 
waste into four main categories: PS, PP, PE-HD, and PET. Experimental results demonstrated that a 15-layer network 
is more efficient for 120x120 pixel images compared to a 23-layer network for 227x227 pixel images. The proposed 
system features shorter training times and fewer parameters, making it particularly advantageous for deployment on 
mobile devices. 

[64] 

Waste recycling is a critical strategy for reducing global pressure on natural resources. However, manual waste 
sorting is costly and inefficient due to the wide variety of waste types. In recent years, automatic sorting based on 
CNN has become the predominant approach. However, the limitations of its receptive field have led to a stagnation in 
sorting accuracy. In order to overcome this limitation, the present study proposes a deep neural network architecture 
based exclusively on self-attention mechanisms, called Vision Transformer (ViT), aimed at improving the accuracy of 
automatic waste classification. The experimental results obtained on the TrashNet dataset demonstrate that the 
proposed model achieves an accuracy of 96.98%, thus surpassing traditional CNN-based methods. Consequently, the 
system facilitates the deployment of the trained model on a server, enabling its utilization from portable devices 
through image capture and transmission. This augmentation in practical applicability contributes substantially to 
resource conservation and efficient recycling. 

[65] 

The present paper proposes a lightweight deep learning–based model for the classification of pavement waste. The 
proposed approach is predicated on a CNN architecture and is specifically optimized for deployment on embedded 
devices. The integration of the Ghost module, which replaces standard convolutional layers with depthwise separable 
convolutions, has been demonstrated to achieve significant reductions in computational complexity and model size, 
thereby enhancing model efficiency. Furthermore, a squeeze-and-excitation (SELayer) attention mechanism is 
incorporated to enhance the classification accuracy. The model has been trained and evaluated on a proprietary 
dataset containing images of seven common types of pavement waste. The experimental results demonstrate that the 
proposed model attains high classification accuracy while preserving a compact architecture and real-time inference 
capability, thereby substantiating its aptitude for resource-constrained embedded applications. 

[66] 

This paper explores the application of convolutional neural networks (CNNs) in enhancing the automation of waste 
classification. The findings indicate that machine learning–based methodologies can attain high precision and 
efficiency in waste classification when employed in conjunction with suitable preprocessing techniques. Utilizing a 
publicly accessible Kaggle dataset, the proposed CNN model attained an accuracy of 98.92% and a test loss of 4.03%. 
These findings suggest that advanced data preprocessing and deep learning architectures can lead to substantial 
improvements in classification performance. The implementation of automated waste classification technologies 
offers a promising avenue for reducing landfill waste, safeguarding the environment, and promoting the efficient 
conservation of natural resources. 

[67] 

This paper presents the development of an automated waste segregation system capable of identifying and sorting six 
categories of waste: metal, paper, plastic, glass, cardboard, and others. The proposed system integrates a 
Convolutional Neural Network (CNN) based on the Inception-v3 architecture with physical sensing components, 
including weight and metal sensors, to enhance classification reliability. The experimental results demonstrate that the 
system attains an overall classification accuracy of 86.7%. The proposed solution is predicated on the premise that a 
reduction in reliance on manual sorting processes will enhance operational efficiency in waste management facilities 
and support more effective recycling practices. 
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The distribution of the 41 articles by year of 
publication is shown in Table 5 and illustrates a 
growing interest in SW classification. 

 
 

 
Table 5. Articles publishing by year 

 

Year Quantity Items 
2019 2 [30], [50] 
2020 2 [31], [36] 
2021 10 [17], [28], [37], [38], [39], [40], [57], [63], [64], [65]  
2022 12 [27], [29], [34], [35], [41], [42], [43], [44], [57], [63], [64], [65]  
2023 15 [32], [33], [45], [46], [47], [48], [49], [52], {53], [54], [55], [58], [61], [66], [67] 

 
Using Bibliometrix, Figure 2 shows the most 

frequently used keywords, such as DL, waste 
management, waste classification, CNNs, and others. 
This conclusion is further supported by Figure 3, 
which suggests an evolution, shift, or expansion in 
the focus of research on SW.  

This shift may reflect a growing trend toward 
more comprehensive solutions that not only address 
classification but also aim to integrate these 
techniques into a broader waste management context. 
Such solutions seek to tackle not only the 
identification of waste types but also their 
management, reduction, recycling, and efficient 
treatment using advanced DL tools.  

 

 
 

Figure 2.  Word cloud 
 

 
 

Figure 3.  Words’ frequency over time 
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4. Discussion 
 
This section consists of the research questions 

formulated in the methodology section, the tables 
consisting of the articles that answer them, and an 
analysis of the tables. 

 

Q1. What CNN architectures were used, how 
many epochs were needed to train the model, and 
what were the accuracy results for SW 
classification? 

 

The analysis of Table 6 indicates that the most 
frequently utilized CNN architectures, ranked from 
highest to lowest usage, include VGG-16, AlexNet, 
and ResNet50. 

VGG-16 is the most frequently used architecture, 
as reported in several studies [21], [34], [35], [37], 
achieving accuracy values ranging from 28.82% to a 
maximum of 96.1%, typically trained for up to 100 
epochs. Additional studies also support its 
widespread adoption [38], [39], [51], [53]. 

AlexNet is the second most commonly used 
architecture [28], [37], [38], [39], with reported 
configurations reaching up to 300 epochs and a 
maximum accuracy of 92%. Further evidence of its 
use is provided in [50], [51]. 

Similarly, ResNet50 has been employed with 
training configurations of up to 300 epochs, 
achieving a maximum reported accuracy of 92%.  
MobileNet v2 attained the maximum number of 
epochs and classification accuracy of 2000 and 98%, 
respectively.  

YOLO v5 [27], [33], with a maximum of 100 
epochs and classification accuracy of 81.2%, Google 
Net [39], [54] with maximum accuracy and epochs of 
90% and 300, Inception V3 [53], [54] with maximum 
accuracy of 100%.  

Furthermore, an analysis of Tables 5 and 6 reveals 
that the Vgg16 algorithm has been the most utilized 
among the examined algorithms for the past four 
years, with a notable prevalence in 2021. In contrast, 
Alexnet has been employed from 2019 to 2021, with 
a more pronounced usage in the latter year. The 
continued reliance on these established architectures 
may be attributed to their high accuracy. However, as 
the focus shifts towards 2022 and subsequent years, 
it is evident that their utilization has declined, 
potentially due to limitations in terms of model size 
and development time. In 2022 and 2023, MobileNet 
emerged as a popular choice, indicating a growing 
interest among researchers in exploring new 
solutions that can be effectively deployed on devices 
with hardware limitations. Similarly, EfficientNet 
and YOLO V5, both utilized in 2022, point towards a 
shift towards more efficient and specific models. 
Finally, Inception V3, employed in 2023, 
underscores a continued emphasis on accuracy 
improvement. This analysis is corroborated by 
findings from other studies [56]. 

 
 
 

 
Table 6. CNN-based architectures used in SW classification 
 

CNN architectures Accuracy epochs Item 
Multipath CNN (mp-CNN) 98.33% - [44] 
Single Shot detectors (SSD) 97.63% - [36] 

Faster R-CNN 95.76% - [36] 
VGG-16 95.28 100 [34] 

DenseNet201 95.59 100 [34] 
Resnet50 94.16% 100 [34] 

CNN was designed from its inception to 
include a series of specialized layers, 
including convolution, normalization, 

ReLU, clustering convolution, 
flattering, dropout, dense, and fully 

connected layers 

87.99% 50 [43] 

CNN is based on the Inception 
ResNetV2 architectural framework. 94,44% 50 [43] 

The EnCNN-UPMWS is based on three 
CNN with disparate architectural 

configurations, including GoogleNet, 
ResNet-50, and MobileNetV2. It 

employs an unequal precision 
measurement-based power strategy 

(UPMWS) 

FourTrash = 92.85%; Trashnet = 93.5% [20,50) [40] 

EfficientDet 93% 50 [33] 
Faster R-CNN 58% 3600 [33] 
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YOLO v5 55% 100 [33] 

MLH-CNN 
92.6% lower right corner is 

unobstructed; 83.44, lower right corner 
is blocked. 

- [38] 

AlexNet 
84.75%, right corner is locked; 46.92% 

the upper left corner is locked and, 
46.9% right is also locked 

- [38] 

ResNet50 
67.59%, right corner is locked; 71.37% 

the upper left corner is locked and, 
71.77% right is also locked 

- [38] 

VGG16 
65.01%, right corner is locked; 69.38% 

the upper left corner is locked and, 
70.58% right is also locked 

- [38] 

CSBFNET 92.4% and 90.7% for laboratory 
(HK_L) and steel plant (HK_T) datasets 200 (for HK_T datasets) [32] 

CSP 86.1% (HK_L) and 82.8% (HK_T) 200 (for HK_T datasets) [32] 
Improved model 1 85.9% (HK_L); 82.9% (HK_T) 200 (for HK_T datasets) [32] 
Improved model 2 86.7% (HK_L); 83.1% (HK_T) 200 (for HK_T datasets) [32] 
Improved model 3 87% (HK_L); 89.8% (HK_T) 200 (for HK_T datasets) [32] 
Improved model 4 86.8% (HK_L); 89.4% (HK_T) 200 (for HK_T datasets) [32] 
Improved model 5 85.9% (HK_L); 85.7% (HK_T) 200 (for HK_T datasets) [32] 
Improved model 6 87.2% (HK_L); 87.1% (HK_T) 200 (for HK_T datasets) [32] 

Hybrid convolutional and 
transformational neural network (SRW-

Net) integrates a multi-scale dilated 
convolutional network (MDCNN) and 

Swim-Transformer. 

90.62% - [46] 

CNN1 93.3% 10 times in each of the four stage of 
network training [28] 

CNN2 96.7% 10 times in each of the four stage of 
network training [28] 

VGG16 96.1% 100 [35] 
Fast R-CNN 88% 100 [35] 

MobileNetV2 85% 100 [35] 
ResNet50 87% 12 [30] 

Efficient.Net B0 85% 14 and 17.5 [41] 
Faster R-CNN – ResNet50 84% 120 [27] 

YOLO v5 88% and 98% in single object detection 
and multiobject detection - [27] 

DenseNet169 with transfer learning 82.80% 300 [39] 
DenseNet169 without transfer learning 47.83% 300 [39] 

AlexNet 68.78% 300 [39] 
GoogleNet 70.12% 300 [39] 

VGG16 75.42% 300 [39] 
EfficientDet-D2 65.5% 20 [29] 
EfficientNet-B2 75% 20 [29] 

AlexNet Conveyor oriented test set: 0.683; 
scattered debris test set: 0.844 20 [28] 

InceptionV4 Conveyor oriented test set: 0.683; 
scattered debris test set: 0.409 80 [28] 

VGG19 95.3% 35 [37] 
VGG16 92.8% 35 [37] 
AlexNet 90.6% 35 [37] 

Bespoke CNN-5 layer 80.88% 50 [42] 
ABRM-MGWODL 99.01% 50 [45] 

CNN-GLSTM 97.5% 10 [47] 
AlexNet-Deep Belief Network (DBN) 99.5% - [48] 

Gramian angular summation fields 
(GASF)-CNN 98.33% 30 [49] 
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AlexNet Between 76.6% and 77.5% 20 [50] 
VGG16 - 34 [51] 

ResNet34 95.3125% 34 [51] 
ResNet50 - 34 [51] 
AlexNet - 34 [51] 

MobileNet v2 98.04% 2000 [52] 

VGG-16 28.62% and 85.65% in DiversionNet 
and RealWaste, respectively - [53] 

DenseNet121 40.33% and 89.19% in DiversionNet 
and RealWaste, respectively - [53] 

Inception V3 49.69% and 89.19% in DiversionNet 
and RealWaste, respectively - [53] 

InceptionResNet v2 44.70% and 87.32% in DiversionNet 
and RealWaste, respectively - [53] 

MobileNet V2 27.67% and 88.15% in DiversionNet 
and RealWaste, respectively - [53] 

  
EfficientNet-B0 81.2% - [41] 
EfficientNet-B3 85% - [41] 

ResNet50 95% 8 [54] 
GoogleNet 90% 8 [54] 

InceptionV3 100% 8 [54] 
Xception 90% 8 [54] 

Modified Trasnet18 95.87% 300 [17] 
Combination of a CNN for feature 

extraction and a Restricted Boltzmann 
Machine (RBM) to enhance accuracy in 

the prediction and management of 
electronic waste. 

96% 20 [55] 

Two ML models: a multilayer 
perceptron and a multilayer CNN (ML-

CNN). 
99% 100 [57] 

Prediction model based on a CNN and 
RF. 

In kitchen waste: 82% and 94% (CNN); 
48% and 73% (RF); in recyclables: an 
average of 89% or higher (CNN), low 

accuracy in RF; hazardous waste: 
excellent for mercury instruments and 

fluorescent tubes (close to 95%), 
slightly lower for used batteries 

(83.33%); other waste: between 89% 
and 94% (CNN). 

--- [58] 

CNN YOLOv4 with CSPDarknet53 as 
the backbone 92.43% ---- [59] 

GECM-EfficientNet 94.54% 200 [60] 
CNN y MobileNetV2 67.5% (CNN), 82.92% (MobileNetV2) 30 [61] 
YOLO v5, VGG16 93.65% (YOLO v5), 94.98% (VGG16) --- [62] 

A 23-layer CNN (based on AlexNet) 
and a 15-layer CNN (proposed by the 

authors) 

99.92% (23-layer CNN) and 99.92% 
(15-layer CNN) 10 [63] 

Vision Transformers without pre-
training and Vision Transformer 

89.06% (vision Transformers w/o), 
96.98% (vision transformer) 40 [64] 

YOLOv5 model optimized with Ghost 
modules and depthwise separable 

convolution layers. Additionally, the 
SELayer attention mechanism was 

integrated to enhance accuracy. 

---- ---- [65] 

CNN designed by the author 98.92% 30 [66] 
Inception-V3 86.7% --- [67] 
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Q2. Which metrics are most employed to assess 
the efficacy of the deep learning model in SW 
classification? 

 

The analysis of Table 7 reveals that the most 
frequently utilized metrics in the classification of SW 
are accuracy, with 35 references, followed by recall, 
with 22 references, and then precision and F1 score 
with 20 and 16 references, respectively. This could 
indicate that these metrics are the most used metrics 
for evaluating the effectiveness of DL models in SW 
classification are accuracy, recall, precision, and F1 
score. These metrics are interrelated, and the 
accuracy of the classification is of greater importance 
than the amount of error. In this context, some 
metrics are employed less frequently, including the 
Matthews correlation coefficient (MCC). This may 
indicate that this metric is less pertinent or beneficial 
in this context. In other instances, there are metrics 
that are only referenced in a single article, such as 
error rate based on batch processing, momentum, and 
learning rate per iteration, among others.  

This may indicate that these articles are 
investigating distinctive approaches or issues. 

A review of Table 4 and Table 7 reveals that in 
2019, only one article employed the accuracy metric. 
In the 2020 review, three articles employed recall, 
precision, and F1 score metrics. In 2021, five articles 
were selected for analysis. As has been the case on 
previous occasions, the most frequently utilized 
metric is accuracy. In 2022, the year in which the 
accuracy metric was employed with the greatest 
frequency, this remained the case. In 2023, the most 
frequently utilized metrics were accuracy, precision, 
and recall (appearing seven times), and F1 score, 
which were used equally. These metrics facilitate a 
comparative analysis of the performance of the 
model in question with that of other models, thereby 
demonstrating its efficacy in the classification of 
waste, as evidenced in some studies [49], [54], [53], 
[52], [51]. 
 

 
Table 7. Metrics used to evaluate SW sorting performance 
 

Metrics Items 

Accuracy 

[17], [27], [28], [29], [30], [31], [32], [33], [34], [35], [36], 
[37], [38], [39], [40], [41], [42], [43], [44],[45], [47], [48], [49], 

[52], [53], [54], [55], [57], [59], [60], [61], [62], [63], [64], 
[66], [67] 

Precision [17], [29], [32], [33], [36], [38], [39], [44], [45], [47], [48],[49], 
[52], [53], [54], [55], [57], [61], [62], [67] 

Recall [17], [29], [32], [33], [36], [38], [39], [40], [44], [45], [47], 
[48], [49], [52], [53], [54], [55], [57], [59], [61], [62], [67] 

F1 score [17], [29], [36], [38], [39], [40], [43], [44], [47], [49], [53], 
[54], [55], [57], [61], [67] 

Matthews correlation coefficient (MCC) [43], [52] 
Mean Average Precision (mAP) [27], [29], [32], [33], [47], [48], [59], [62], [65] 

Average precision (AP) [27], [32], [35], [47], [48] 
Root mean square error (RMSQ) [47], [48] 

Mean absolute percentage error (MAPE) [47], [48] 
Mean square error (MSE) [47], [48] 

Average Recall (AR) [27] 
Average precision across scales (APAS) [27] 

Average recall across scales (ARAS) [27] 
Macro average F1 [28] 
Micro average F1 [28] 

Loss [30], [34], [41], [43], [45], [66] 
Confusion matrix [17], [31], [34], [38], [45], [46], [48], [51], [52], [53], [54], [55] 

Training time [31] 
IoU (Intersection over union) [33], [47], [59] 

Latency overhead [35] 
Error rate [35] 

Inference time [35], [60] 
Resource energy utilization [35] 

Loss rate [37] 
Detection accuracy [37] 

Heat map [38] 
Receiver operating characteristic (ROC) [39], [41], [54] 
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Area under curve (AUC) [39], [45] 
Macro F1-score [17], [40] 

Weighted F1-score [40] 
Validation loss [41] 

Floating point operations per second (FLOPS) [41] 
Cross entropy loss [42] 
Development time [42] 

Model size [42] 
AUROC [44] 
F-score [45], [52] 

Overall accuracy [46] 
Kappa index [46] 

R2 [48] 
Mean classification accuracy [50] 

Standard deviation of accuracy [50] 
Relative gain in accuracy [50] 
Classification accuracy [51] 
System usability scale [51] 

Loss on the range of learning rate [51] 
Momentum and learning rate per iteration [51] 

Train and validation loss [51] 
Error rate based on batch-processed [51] 

Jaccard index [52] 
Precision-macro (macroP) [17] 

Recall macro (macroR) [17] 
Micro-F1 [17] 

Precision micro (microP) [17] 
Recall micro (microR) [17] 

Support [17], [57] 
Macro average [57] 

Weighted average [57] 
Average accuracy [58] 

Average response time [58] 
Parameters [60] 

False Acceptance Rate, FAR [63] 
False Rejection Rate, FRR [63] 

Inference Speed [64] 
 
5. Conclusion 
 

This systematic review highlights the growing 
relevance and effectiveness of deep learning 
approaches, particularly Convolutional Neural 
Networks (CNNs), in the classification of solid 
waste. Based on the analysis of 41 primary studies, 
VGG-16 emerges as the most frequently used 
architecture, achieving accuracy levels of up to 
96.1%. In parallel, more recent architectures such as 
MobileNet and EfficientNet demonstrate increasing 
adoption due to their favorable trade-off between 
performance and computational efficiency. 

The findings also indicate that accuracy, 
precision, recall, and F1-score are the most widely 
used evaluation metrics, reflecting a trend toward 
multi-dimensional performance assessment and a 
growing emphasis on model robustness and 
generalizability. 

Overall, this review provides a structured and 
comprehensive reference for researchers and 
practitioners working on intelligent waste 
classification systems. It consolidates current 
knowledge on architectures and evaluation practices, 
facilitating informed decision-making in model 
selection and implementation. 

Despite these advances, challenges remain in 
terms of dataset availability, real-world deployment, 
and scalability. Addressing these issues will be 
essential to fully leverage deep learning technologies 
in practical waste management scenarios. 
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