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Abstract: The rapid growth of the global population is causing a significant increase in waste
production, leading to serious environmental and public health challenges. To address these
issues, waste management systems are incorporating advanced technologies. Machine learning
and computer vision are used to predict waste patterns, optimize collection schedules, and improve
sorting accuracy. Deep learning automates the sorting process, provides predictive analytics, and
enhances recycling rates. Robotics, combined with Al and computer vision, improves sorting
efficiency, while the Internet of Things (IoT) monitors waste levels and optimizes collection routes.
Despite these benefits, challenges such as data scarcity, high computational demands, and the need
for substantial infrastructure investments must be addressed. This research explores the integration
of advanced technologies into waste management and evaluates their effectiveness using waste
datasets. It highlights the potential to tackle environmental challenges and lay the groundwork for
more intelligent waste management solutions.
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1. Introduction

The world’s population is growing, leading to an increase in waste from urbanization,
industrialization, and a linear economy. This presents significant challenges for the environment
and public health [1]. Over two billion metric tons of municipal solid waste (MSW) are generated
worldwide, and this figure is expected to increase by roughly 70 percent by 2050 [2]. Waste management
technologies have evolved to minimize environmental impact and enhance effectiveness, ranging
from conventional methods like composting and landfilling to advanced IoT [3]. Figure 1 shows the
classification of waste.
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Figure 1. Classification of waste [4]

In recent years, there has been significant growth in the study of waste management and
deep learning (DL), as depicted in Figure 2. The advancements in deep learning have opened up
new possibilities for improving waste management [5]. DL algorithms offer potential solutions for
automating the sorting and classification of recyclables, providing predictive analytics [6] for waste
collection and disposal, and ultimately reducing operational costs [7], increasing recycling rates, and
minimizing environmental impact [8].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. Publication over the years [9]

DL is revolutionizing waste management by effectively sorting household waste, identifying
industrial waste types, and detecting marine debris using image recognition and satellite imagery
[10]. It also optimizes waste collection routes and holds promise for predictive maintenance of
collection vehicles and smart bins. Various datasets are publicly available and has been used for waste
management [11]. This datasets comes on various size and are tailored to manage waste as per the
needs. Among these Trashnet [12] is used as in several studies.

The implementation of deep learning in waste management is hindered by challenges such
as collecting and labeling diverse data, ensuring privacy, handling computational demands, and
integrating with existing systems. However, the lack of reliable data is limiting the advancement of Al
techniques in this field [13].

Various surveys has been conducted to explore the waste management using deep learning that
is shown in Table 1. But these studies lack the comprehensive datasets, standardized benchmarks and
recent advancements. The goal of this research is to answer following questions.

*  RQ.1: What techniques have been used for waste management using deep learning?
e RQ.2: What kind of data or dataset have been used to carry out this process?
*  RQ.3: What are the different challenges found in this work?

This research article delves into the integration of deep learning techniques into waste
management systems, exploring current applications and discussing their performance based on
segmentation, classification, and detection. The investigation also emphasizes the potential of
deep learning to address environmental challenges and encourages interdisciplinary research and
collaboration to develop smarter waste management solutions
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Table 1. Surveys on waste management using deep learning
Survey Papers Comments Limitations Recommendations
Abduetal. [14] Provides a comprehensive High computational cost, Improve model
review of deep learning need for large annotated accuracy, create more
applications in  waste datasets, complexity of comprehensive datasets,
detection and classification, waste types, variability develop real-time

Anjum et al. [15]

Shahab et al. [5]

Xia et al. [16]

Namoun et al.
[17]

Arthur et al. [18]

covering image classification
and object detection models.

Comprehensive review of
25 studies on deep learning
in solid waste management

(SWM) from 2019-2021.
Discusses applications
in waste identification,

segregation, real-time bin
level detection, and waste
generation prediction.

Systematic review of 40

studies on DL in SWM,
covering applications
like waste identification,

segregation, and prediction
of waste generation

Reviewed 226  studies
on ML applications in
MSWM, highlighting the
comprehensive use of ML
from waste generation to
final disposal. Emphasizes
the increasing interest in the
field and the broad use of
various ML algorithms such
as ANN, SVM, RF, and DL

Systematic review of 42
articles on ML in waste
management from 2010 to
2021, focusing on waste
generation and disposal.
Emphasizes the potential
of ML for predicting
waste generation patterns
and  optimizing  waste
management processes

This paper undertakes a
comprehensive analysis
of smart dustbin systems,
highlighting the use of IoT,
deep learning, and computer
vision to improve waste
management. It discusses
various features and
technologies implemented
in SDS over the years and
compares results from
existing works.

in waste appearance and
context.

All studies used
self-constructed datasets,
indicating no benchmark

datasets exist. This
makes it difficult
to  compare model

performances.

Lack of comprehensive
studies evaluating
DL potential in SWM,
limited geographical
representation of
studies, and variability
in data quality and
methodologies
Complexity of MSWM
systems necessitates
long-term research for
mature applications;Most
studies are exploratory
and lack  practical
applications;Difficulty in
interpreting complex ML
models (considered black
boxes)

Scarcity of real-time time
series waste datasets,
Lack of performance
benchmarking tests,
Reliability issues
of analytics models,
Long-term  forecasting
challenges

datasets

types,

Limited

for  garbage
Inaccuracy in object
detection for garbage
segregation, High costs
and energy consumption
of smart bin algorithms,
Initial stages of automatic
cleaning and sanitization
features

detection systems, focus
on efficient and scalable
models.

Construct annotated
benchmark datasets for
each waste category.
Highlighted that deep
learning models provide
effective and efficient
solutions for various SWM
problems.

research
DL

More focused
on  unexplored
applications in SWM,
standardization in data
collection and processing,
collaboration across
disciplines holistic
solutions.
Enhance
interpretability to aid
decision-making and
policy formulation,
Promote practical
applications  such as
intelligent garbage
identification and
classification, Continue
exploring the integration
of ML in all stages
of MSWM, including
waste prediction, route
optimization, and
pollutant monitoring.

Develop comprehensive
real-time datasets,
Standardize performance
benchmarking for models,

for

model

Improve the reliability
and  transparency  of
ML models, Enhance
long-term waste
generation  forecasting
accuracy

Develop comprehensive
real-time datasets,

Standardize performance
benchmarking for models,

Improve the reliability
and transparency  of
ML models, Enhance
long-term waste
generation forecasting
accuracy
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2. Waste Datasets

The quality of the dataset is crucial for the success of deep learning models as it impacts every
stage of the model development process, from training and validation to testing and deployment. To
build robust, accurate, and fair models, it's important to ensure that the dataset is comprehensive,
well-labeled, and representative. Table 2 shows the list of waste datasets that have been used in deep
learning for waste management.

Table 2. Waste datasets

Name Categories  Images Annotation
TrashCan 1.0 [10] 4 7,212 Instance-Segmentation
Trash-ICRA19 [19] 3 5,700 Detection

TACO [20] 28 1,500 Segmentation
UAVVaste [21] 1 772 Segmentation
Trashnet [12] 6 2,527 Classification
WaDaBa [22] 8 4,000 Classification
Waste Classification data [23] 2 22,500 Classification
Waste Classification Data v2 [24] 3 ~27,500 Classification
Waste Images from Sushi Restaurant [25] 16 500 Classification
Open litter map [26] 11 >100k Multilabel classification
Drinking Waste Classification [27] 4 9,640 Detection

Waste pictures [28] 34 ~24,000 Classification
DeepSeaWaste [29] 5 3,055 Classification
SpotGarbage - GINI dataset [30] 1 2,561 Detection
MJU-Waste v1.0 [31] 1 2,475 Segmentation
Cigarette butt dataset [32] 1 2,200 Detection
TrashBox [33] 7 17,785 Classification/Detection
PlastOPol [34] 1 2,418 Classification/Detection
Garbage Dataset [35] 10 24,342 Classification
Waste Classification Dataset [36] 2 22,500 Classification
BeachLitter Dataset [37] 8 3,500 Classification/Segmentation

The datasets mentioned above are described here:

A. TACO [20]

1500 images with annotations for 28 waste categories and 60 sub-categories in COCO-json format,
focusing on waste found in the wild. Available for download from the TACO dataset website.
Figure 3 shows cropped annotated images from TACO dataset.

Figure 3. Cropped annotated images from TACO dataset

B. TrashCan 1.0 [10]
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7212 images categorized into bio (marine animals), trash (marine debris), ROV (man-made items),
and unknown, with instance-segmentation labels. Available for download from the University of

Minnesota’s website.
C. Trash-ICRA19 [19]

7684 images with labeled objects in plastic, bio, and ROV categories, designed for underwater

trash detection. Available from the University of Minnesota repository.
D. UAVVaste [21]

772 drone-captured images with 3716 annotations for rubbish detection and segmentation,

available for download from GitHub.
E. Trashnet [12]

2527 images across six classes (glass, paper, cardboard, plastic, metal, and trash) aimed at
classifying trash for recyclability, accessible via GitHub. Figure 4 shows sample images of

each class of Trashnet dataset.

N

glass paper cardboard
‘ r;-| .
] 4
plastic metal trash

Figure 4. Sample images from Trashnet dataset

F.  Plastic Waste DataBase of Images — WaDaBa [22]

4000 images of plastic items, detailed by type, color, deformation, and dirtiness, available for

download from their website. Annotations require signing a license agreement.
G. Waste Classification data [23]

Provides over 25k images divided into training and test sets, categorized as organic and recyclable.

Available for download from Kaggle.
H. Waste Classification Data v2 [24]

An extension of the Waste Classification data, including an additional category for nonrecyclable
waste, with over 25k images available for download from Kaggle.
I.  Waste Images from Sushi Restaurant [25]
Contains 500 waste images categorized into 16 classes from sushi restaurant and can be
downloaded from Kaggle.
J.  Open litter map [26]
Contains over 100k images categorized into 11 main and 187 subcategories, accessible using a
JSON scraper from the provided GitHub link.
K.  Drinking Waste Classification [27]
Includes around 10k images in four classes: aluminium cans, glass bottles, PET bottles, and HDPE
milk bottles, available for download from Kaggle.
L. Waste pictures [28]
Contains around 24k images divided into 34 waste classes, intended for classification purposes,
available on Kaggle.


https://doi.org/10.20944/preprints202407.0637.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 July 2024 doi:10.20944/preprints202407.0637.v1

6 of 13

M. Spot Garbage - GINI dataset [30]

Consists of 2561 images with 1496 annotated by bounding boxes, sourced using the Bing Image
Search API, available for download from GitHub.
N. DeepSea Waste [29]

Includes around 3k underwater images categorized and annotated with details such as location,

depth, and the presence of living organisms, available for download from Kaggle.
O. MJU-Waste v1.0 [31]

Features 2475 RGB and depth image pairs of waste items, annotated in PASCAL VOC and COCO
formats, available for download from a Google Drive link on their GitHub page.
P. Cigarette butt dataset [32]

A synthetic dataset of 2200 images of cigarette butts on the ground, designed for CNN training,

available after accepting a non-commercial license agreement from the provider’s website.
Q. TrashBox dataset [33]

It contains images of trash objects across seven categories, sourced from the web and available for

download from a GitHub repository.
R. PlastOPol: A Dataset for Litter Detection [34]

Consists of 2418 images with bounding box annotations for litter, collected by the Marine Debris

Tracker, available for download from Zenodo.
S.  Garbage Dataset [35]

Comprises images of waste grouped into ten classes, collected from various sources and the
D.Waste app, available for download from Kaggle. Some of sample images of this dataset is
shown in Figure 5.
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Figure 5. Sample images from Garbage dataset

T. Waste Classification Dataset [36]

Contains a number of images of household waste categorized as organic and recyclable, a modified

version of a previous dataset used in a UK research study.
U. BeachlLitter dataset [37]

Includes 3500 images with segmentation masks, categorized into eight classes from coastal surveys
in Japan, accessible for research purposes.
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3. Waste Management Using Deep Learning

Deep learning has revolutionized waste management with techniques like classification,
segmentation, and detection. Classification models identify and sort waste materials, streamlining
recycling and reducing contamination. Segmentation algorithms partition waste images for precise
analysis. Detection methods identify anomalies in waste streams, ensuring compliance with regulations.
These approaches enhance efficiency, accuracy, and sustainability in waste management. Table 3
describes various state-of-the art research for waste management using detection, segmentation and
classification.
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Table 3. Summary of various research for waste management

Paper Task DL Model(s) Results
Carolis et al. [38], detection YOLOv3 mAP@50 = 59.57%
Proenga et al. [20], segmentation Mask RCNN 1-class mAP = 15.9%
10-class mAP = 17.6%
Wang et al. [31] segmentation FCN, PSPNet, CCNet, TACO mPP =96.07%
DeepLabv3 MJU-Waste mPP =
97.14%
Hong et al. [10], segmentation, Mask RCNN, Faster Faster RCNN mAP =
detection RCNN 34.5
Mask RCNN mAP =
30.0
Ping et al. [39] detection, Faster RCNN 11-class mAP = 24%
classification
Kunwar [40] classification EfficientNetV2M, EfficientNetV2M Acc
EfficientNetV?2S, =96.37%
MobileNet, ResNet50,
ResNet101
Cowger et al. [41] detection YOLO v5 -
Poudel et al. [42] classification InceptionV3, DenseNet201 Acc =
InceptionResNetV2, 95.05%
Xception, VGG19,
MobileNet, ResNet50,
DenseNet201
Zhou et al. [43] detection, Deep MW (ResNeXt Acc=972%
classification followed by TL)
Yang et al. [44] detection, ResNet, MobileNetV2 Acc=98%
classification (classification), YOLOvV5s,
YOLOvbm, YOLOv5x
(detection)
Jin et al. [45] detection, improved MobileNetV2 Acc = 89.26%
classification
Al-Mashhadani [46]  classification Resnet50,  GoogleNet, ResNet50 Acc =95%
InceptionV3, and
Xception
Sai Susanth et al. [47]  classification, ResNet50, DenseNet169, DenseNetl69 Acc =
detection VGG16, and AlexNet 94.9%
trained on ImageNet
Meron et al. [48] classification, YOLOvV4, YOLOv4-tiny YOLOv4 mAP =
detection 91.25%
Ahmed et al. [49] classification MobileNetV2, ResNet50V2 Acc =
ResNet50V2, 98.95%
DenseNet169, CNN
Lun et al. [50] classification YOLOV3, Skip-YOLO Skip-YOLO-0 mAP50
=90.38%
Verma et al. [51] detection CNN1, CNN2 CNN1 Acc = 94%
Stiriicii et al. [52] classification DenseNet121, MobileNetV2 Acc =
DenseNet201, 99.36%
MobileNetV2,
ResNet50V2,  VGGI6,
Xception

For classification, the Trashnet dataset has been widely used, with various models achieving high
accuracy rates. Kunwar (2023) [53] and Kaya (2023) [54] utilized deep learning models, with Inception
ResNet V2 and a modified Xception model both achieving around 92% accuracy. Al-Mashhadani
(2023) achieved 95% accuracy with ResNet50 [46], while Sai Susanth et al. (2021) reported 94.9%
accuracy with DenseNet169 after data cleaning [47]. Meron et al. (2023) achieved a mAP of 91.25%
by combining datasets and using YOLOvV4 [48]. Ahmed et al. (2023) [49] and Sayed et al. (2024) [55]
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reported high accuracy with hyperparameter optimization techniques, achieving 98.95% and 97.75%
respectively. The Garbage Classification dataset also showed promising results, with Kunwar (2024)
achieving 96.37% accuracy with EfficientNetV2M [40], and Siiriicii et al. (2023) achieving 99.36% with
MobileNetV2 using transfer learning [52]. Other datasets used include a combination of Trashnet and
additional data, achieving 95.05% accuracy with DenseNet201 (Poudel et al., 2022) [42], and a medical
waste dataset, where Zhou et al. (2022) achieved 97.2% accuracy with a custom Deep MW model [43].
Jin et al. (2023) [45] and Lun et al. (2023) [50] also contributed with high accuracy models for custom
datasets.

For segmentation, Hong et al. (2020) used the TrashCan 1.0 dataset, achieving a mAP of 34.5 with
Faster RCNN and 30.0 with Mask RCNN [10]. Proenga et al. (2020) used Mask RCNN on the TACO
dataset, reporting a 1-class mAP of 15.9% and a 10-class mAP of 17.6% [20]. Wang et al. (2020) tested
several models including FCN, PSPNet, CCNet, and DeepLabv3, achieving a mean pixel precision
(mPP) of 96.07% on TACO and 97.14% on MJU-Waste [31].

For detection, several studies used custom datasets and various detection models. Carolis et al.
(2020) applied YOLOV3 for detecting four waste classes, achieving a mAP@50 of 59.57% [38]. Ping
et al. (2020) used Faster RCNN for detecting and classifying 11 classes, achieving a mAP of 24% [39].
Cowger et al. (2023) applied YOLO v5 on the TACO dataset [41], while Yang et al. (2023) achieved
98% accuracy using YOLOv5 models for detection [44]. Verma et al. (2023) used UAVs for detection,
achieving 94% accuracy with CNNT1 [51].

These studies collectively demonstrate the significant advancements and the potential of
integrating deep learning models into practical waste management systems for enhanced efficiency
and accuracy.

4. Challenges in Waste Management

Using deep learning in waste management presents challenges such as data collection,
model complexity, computational needs, real-time processing, system integration, cost, regulation,
environmental impact, and industry adoption. Here is the list of challenges in waste management
using deep learning.

A. Lack of Annotations and Insufficient Data

An issue arises due to the lack of annotations and the varying sizes of waste items [56]. Insufficient
data and small datasets can lead to overfitting [47] and inadequate training, impacting model
accuracy and implementation.

B. Data Quality Issues

Problems with non-image files, duplicates, and irrelevant images within datasets can degrade
model performance [38].
C. Complexity and Variability

e  Complexity of Waste Types: The variety of waste types and their appearance and context

make classification complicated [14].
*  Visual Indistinguishability: Some waste items, such as plastic bottles and glass bottles, may

be visually indistinguishable [20].
e Context-Dependent Classification: The same object may be classified differently based on its

context (e.g., a drink bottle on a desk vs. in the forest) [38].
*  (Class Imbalance: Imbalanced Classes: Highly imbalanced classes within datasets can bias

the model towards the majority class, negatively impacting performance [40,55].
D. Image Quality and Preprocessing
Challenges include variations in image sizes and quality, requiring extensive preprocessing such
as resizing, normalizing, and augmenting data [43]. Additionally, images often contain multiple

categories of waste, complicating classification, and different lighting conditions can alter object
visibility and appearance, complicating detection.
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E. Computational and Model Efficiency

The need for efficient, scalable models due to high computational costs, and training time and
detection accuracy issues due to very small bounding-box annotations [39].
F.  Object Size and Localization

Objects that are too small, too distant, or in low visibility conditions may not be recognizable, and
there may be difficulty in predicting the exact location of the object within images, leading to

problems in object detection and identification [47].
G.  Occlusion and Trash in the Wild

Some objects are partially or fully hidden by other objects, leading to low recognition accuracy.
H. Regulation

High initial costs and outdated regulatory frameworks hinder the adoption of DL in waste
management. Companies struggle to comply with regulations while integrating new DL solutions,
necessitating updated guidelines to ensure safe and effective implementation.

I.  Environmental Impact

DL’s potential to optimize waste reduction and recycling is impeded by poor data quality
and integration complexities. Inconsistent data undermines the accuracy of DL models, while
integrating DL with existing infrastructure poses challenges, delaying environmental benefits like
improved pollution monitoring.

J.  Industry Adoption

The high cost and technical challenges associated with DL implementation hinder industry
adoption [57]. Integrating DL into workflows requires substantial changes and skilled personnel,
posing additional barriers to adoption. Addressing these challenges demands collaborative efforts
to streamline integration and reduce barriers to entry.

5. Conclusion

As the global population grows, human activities are generating increasing amounts of waste,
which creates significant challenges for waste management. This waste pollutes the environment
by releasing harmful methane gases into the atmosphere. Furthermore, waste contamination of
water sources has led to a rise in disease incidence. Consequently, the costs associated with waste
management have also increased. However, advancements in technology, particularly in deep learning
models and techniques, have significantly improved waste management. Various waste datasets
compiled from different sources are used to develop machine learning models that manage waste more
effectively. The quality and generalization of these data are crucial for the models” performance. Deep
learning models have been integrated into Internet of Things (IoT) devices, Unmanned Aerial Vehicles
(UAVs), and other systems to enhance waste management processes. Despite these advancements,
concerns about the environmental impact of machine learning itself remain. This issue, often referred
to as "greener machine learning," highlights the need for sustainable practices within the field of
artificial intelligence to mitigate its ecological footprint.

In this paper, we conducted a comprehensive examination of the state-of-the-art deep learning
techniques applied in waste management. By synthesizing existing surveys and conducting a detailed
comparison, we have highlighted the strengths and limitations of various deep learning models
focused on segmentation, classification, and detection tasks within the waste management domain.
Additionally, we also curated a list of publicly available waste datasets and discussed the significant
research advancements achieved through their utilization. Our analysis underscores the potential
of deep learning in revolutionizing waste management practices but also brings to light several
challenges, including data scarcity, the need for real-time processing capabilities, and the demand for
high computational resources. Addressing these challenges will be crucial for future research to fully
harness the capabilities of deep learning for sustainable and efficient waste management solutions.
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