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ABSTRACT  
 The increasing pace of solid waste production in the world has led to the overload of the municipal 

management systems, revealing the weakness of the manual sorting and manual automation of the 

robotic sorting of the heterogeneous waste under the conditions of variations. Convolutional Neural 

Network (CNN) and deep learning (DL) provide automated algorithms that enhance speed of 

classification, accuracy, and performance. The current trends combine real-time object detectors 

with multi-layered CNNs to deal with class imbalance, overfitting, and a lack of data diversity, and 

lightweight models and transfer learning permit deployment in low-resource IoT settings. Hybrid 

classification-detection algorithms improve model stability under cluttered environment, and UAVs-

based surveillance is useful in fast mapping of hazardous waste piles. Applications of DL are all 

around urban streets, underwater debris tracking and construction site trash sorting, and natural 

language interfaces. Circular economy goals are also promoted by these technologies and allow 

recycling and resource recovery to be more efficient. However, there are still shortcomings, such as 

inadequate datasets, large computation energy demands, and realistic multi-scale implementation. 

Future directions to enhance the model architecture, use less energy in the training process and 

develop hardware-software architecture to implement it at large scale and in a sustainable manner 

should be considered in future research. On the whole, DL is revolutionizing waste management to 

enable the classification and monitoring of waste as accurate, automated and environmentally 

friendly, and make smart waste systems one of the most important elements of an urban 

infrastructure that is sustainable. 

 

 

I. Introduction 

Production of solid waste around the 

world has exerted more strain on city waste 

treatment facilities. The conventional sorting 

mechanisms of manual intervention or rule-

based automated sorting mechanisms would 

fail invariably in speed, efficiency and 

flexibility. Therefore, the Deep technologies 

have gained the news due to the possibility 

to automatize the waste sorting and enhance 

the operating throughput in a variety of 

conditions. 

The massive rise in the amount of solid 

waste in the world has placed a great burden 

on the municipal system of administration 

and has been inefficient, imprecise and rigid 
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to the conventional sorting system [1]. The 

heterogeneous waste type, and the random 

environmental performance make the 

separation of waste complex both by hand 

and its automation with rules and requires 

sophisticated computational approach [2]. 

 CNNs and deep learning (DL) 

specifically have proved to be an effective 

instrument of automated waste classification 

with enhanced speed, accuracy, and 

scalability to the intensity of operation [3]. 

The recent advances have used real-time 

object detectors with multi layer CNN 

techniques to solve the problems, including 

class imbalance [4], overfitting [5], and 

homogeneousness of data [6]. 

 The lightweight models and the 

transfer learning can be applied to low 

resource Internet of Things (IoT) systems 

[7], yet the hybrid classification-detection 

methods provides the robustness in a 

congested scene [8]. The unpiloted aerial 

vehicle (UAV)-based monitoring may be 

employed to map the cluster of hazardous 

waste in a short time [9] and can be utilized 

in streets of urban areas [10], underwater 

debris search [11], construction site waste 

management [12], and within smart 

interfaces using natural language [13]. Other 

than this, the technologies that use DL can 

enable the ambitions of the circular 

economy through supporting resource 

recovery in an effective way [14] and 

recycling [15].  

Outside the waste classification, the 

DL techniques have been used in the wider 

environmental and industrial fields such as 

reservoir characterization [16], traffic flow 

classification [17], and smart city security 

[18], outlier detection in resource 

monitoring [19] and in water sector 

management [20]. In spite of these, the 

availability of datasets [21], high 

computational energy [22] and scalability in 

practice [23] continue to be challenging, 

justifying optimized architectures [24] and 

co-design of hardware and software [25]. 

Taken together, the literature illustrates that 

the concept of DL is revolutionizing the 

process of waste management and making 

the classification systems of waste accurate, 

automated, and sustainable.
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Figure 1: Causes for the Garbage Classification 

The necessity of the classification of 

garbage in modern disposal mechanisms is 

explained in the figure 1. It highlights key 

issues that are increasing waste amount, 

limited landfills, pollution of the 

environment and low recycling. Managing it 

is simple with an efficient classification 

since the recycling is maximized and the 

operations cost is reduced. It also helps in 

re-using the energy through waste as well as 

ensuring that the hazard materials are highly 

segmented hence the health hazard of the 

individuals is minimized. Overall, efficient 

garbage sorting is one of the secrets of the 

sustainable waste management and 

environmental safety. 

Contribution: The survey is a 

methodological overview of recent 

developments in the sphere of deep learning 

in garbage classification, where CNNs, real-

time object detectors, UAV surveillance and 

lightweight models based on the IoT are 

integrated. It determines the critical choke 

points as inadequate dataset, energy 
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intensive and feasible scaling computation 

and gives the road map of the future in both 

sustainable optimization structures and 

deployments. In general, it gives a sketch 

roadmap of how to establish the proper 

automated and eco-friendly waste 

management systems. 

II. Background Study 

Proper waste management is a concern 

because of the increased rate of 

urbanization, population growth and 

environmental pollution. Garbage sorting is 

laborious, heterogeneous and inappropriate 

to most of the industrial processes for a 

considerable number of hours. There is a 

requirement for precise, machine-operated 

and scalable waste sorting, which has led to 

the higher-order computation approaches. 

Vision-based classification and recognition 

models are increasingly being installed to 

identify, sort and classify wastes. Such 

systems aim to optimize recycling 

efficiency, reduce handling and promote 

sustainable city development. 

Research Gap: Although waste 

classification by deep learning has made 

huge strides, a number of gaps in research 

exist. Existing datasets tend to be 

unbalanced, small, and not representative, 

which constrains the extrapolation of models 

to heterogeneous waste materials and in 

practice. Computational and energy needs 

are too large to use in low-resource/IoT-

based systems, and scalability and practical 

implementation in large-scale, 

cluttered/multi C scale environments are not 

fully studied yet. Also, no integrated 

hardware-software solutions to sustainable 

and autonomous waste management, hybrid 

or multi-modal, like the integration of UAV-

based-detecting and classification-modeling 

are utilized. These gaps should be addressed 

to come up with effective, precise and 

environmentally friendly waste management 

systems.

 

Table 1: Comparison of Studies on Deep Learning and Smart Vision Applications in Waste 

Management and Urban Sustainability 

Authors 
Model/Technique 

Used 
Application Area 

Focus Waste Type or 

Goal 

Jabed & 

Shamsuzzaman 

YOLOv7 (object 

detection) 

Real-time street/urban 

waste 

Non-decomposable 

solid waste 
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(2022) 

Xue et al. 

(2021) Deep CNN 

Underwater debris 

monitoring 

Marine debris and 

oceanic plastic 

Rosser et al. 

(2024) 

Image classification + 

UAV 

Public health mapping 

via aerial imaging 

Litter linked to 

mosquito breeding 

grounds 

Baduge et al. 

(2022) Smart vision systems 

Building and 

demolition sites 

Construction and 

demolition waste 

Rathod et al. 

(2025) 

UAV-based real-time 

garbage detection 

Waste monitoring and 

management 

Efficient detection and 

mapping of garbage in 

large or hard-to-access 

areas 

Bassey et al. 

(2024) 

Analysis of municipal 

solid waste 

characteristics 

Municipal waste 

management 

Highlighted collection 

inefficiencies, 

heterogeneous waste 

composition, and 

limited recycling to 

inform better waste 

strategies 

 

Table 1 compares the current 

literature with deep learning and intelligent 

vision-related waste management relevant to 

such applications as real-time waste 

detection, underwater debris monitoring, and 

the mapping of the public health. These 

solutions improve waste identification, 

performance and flexibility within any 

setting. 

2.1 Optimized waste classification 

Kang et al. (2020) proposed a 

rubbish sorting mechanism based on 

processing of pictures with CNNs trained on 

picture-based data. It was to enhance 

accuracy in detecting waste in the real time 

scenario. It could differentiate between the 

rubbish materials as recyclable, non-

recyclable and toxic. It was a breakthrough 

in the use of DL in waste disposal. 
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Lubello et al. (2025) contrasted 

municipal solid waste compounds and 

separate collection performance in an Italian 

city. In their studies, they observed that, 

heterogeneous waste streams are a problem 

and that the way to solve the problem is 

through a definite collection plan and 

community participation to make operations 

and resource recovery more efficient. 

In this study, the authors Chhabra et 

al. (2024) introduced a more suitable multi-

layered CNN to sort waste. It addressed 

class imbalance, overfitting and low data 

diversity. The proposed model was more 

accurate in the case of the diverse categories 

of wastes in real-life experiments. Its 

architecture allowed greater generalization 

of mixed situations. 

Optimized waste classification is a 

procedure that specifically targets different 

elements of garbage to place them in their 

right place to increase recycling and 

recovery of resources. The separation of 

recyclable, non-recyclable and hazardous 

wastes using deep learning structures and 

multi-layered CNNs in particular, have been 

performed under real-time conditions. The 

difficulties the models solve are the 

imbalance of the classes, overfitting and 

inadequate diversity of the data so that the 

model could improve the accuracy of the 

classification. Lightweight architectures and 

transfer learning enable the deployment in 

low-resource environments, e.g. IoT-based 

systems. Overall, optimized classification 

may be employed to ensure scalable, 

efficient and automatic control of waste that 

eliminates human dependency and operation 

inefficiencies. 

2.2 Waste Sorting  

Sharma et al. (2021) talked about the 

use of the DL and Machine learning (Ml) in 

the security of the Industrial Internet of 

Things (IIoT) networks in the 5G-based 

intelligent environment. It had been a 

networking security discussion and it 

provides the insights of infrastructure 

operation on which smart systems 

improvement has been made. It was applied 

in intelligent trash trackers. It developed the 

associations between environmental 

automation and safe communication. 

Bassey et al. (2024) focused on the 

nature, and the management of municipal 

solid waste in Uyo, Nigeria and found that 

the challenges of the municipal solid waste 

were the heterogeneity of waste 

composition, low recycling and ineffective 

collection. Their studies will be applicable 

in the formulation of certain waste 
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management strategies and effectiveness of 

operations.  

Cohen, Gil and Rosado (2025) write 

about the issue of urban residential waste 

sorting with the help of the spatially explicit 

agent-based modeling and analyzes how 

individual actions and city planning can 

influence the outcomes of recycling and 

general waste management.

  

Table 2: Comparison of Technical Contributions to Vision-Based Classification, Urban Sensing, 

and Sustainable Computing 

Authors 
Model/Technique 

Used 
Application Area 

Focus or Dataset 

Contribution 

Mielinger & 

Weinrich 

(2024) 

Focus group study / 

Qualitative analysis 

Plastic food 

packaging waste 

sorting 

Consumer behavior insights, 

factors influencing proper 

waste separation, and 

guidance for improving 

recycling efficiency 

Bayrak et al. 

(2024) 

3D Point Cloud 

Dataset (ESTATE) 

Urban object 

classification 

Dataset of under-

represented urban structures 

Kroell et al. 

(2024) 

Machine learning + 

Near-infrared (NIR) 

process monitoring 

Industrial-scale 

waste sorting plants 

Development of digital 

twins and data-driven 

process models to optimize 

sensor-based sorting 

efficiency 

Kroell et al. 

(2024) 

Machine learning 

combined with near-

infrared (NIR) 

process monitoring 

Industrial-scale 

waste sorting plants 

Development of digital 

twins and data-driven 

process models to optimize 

sensor-based sorting 

operations 

Li et al. 

(2020) Modified YOLOv3 

Robotic aquatic 

garbage detection 

Real-time garbage 

recognition on water 
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surfaces 

Rahmatulloh 

et al. (2025) 

WasteInNet deep 

learning model 

Real-time waste 

classification 

Improved accuracy for 

heterogeneous waste 

identification and efficient 

sorting 

  

Table 2 compares the technical 

contribution in the vision-based 

classification, and in the sustainable 

computing in waste management. It talks 

about the following methods: machine 

learning with near-infrared tracking, deep 

learning frameworks and focus group 

research. The contributions include 

development of datasets, digital twins, and 

improvement of the real time accuracy of 

waste sorting. The innovations enhance 

sustainability and efficiency of city waste 

management. 

2.3 Framework of Waste Separation 

The paper presented AI WATERS as 

an environmental monitoring system in the 

water industry that was introduced as real-

time in Vekaria and Sinha (2024). It touched 

on data acquisition, classification and 

decision-making infrastructure. The system 

was used in detection of waterborne waste 

or control of aquatic pollution. It showed 

how the classification schemes had been 

transferred to domains in the environment. 

In the proposed regulation by Lahoti 

et al. (2024), the waste was segmented into a 

multi-class with the help of computer vision 

and a robotic arm. Their solution improves 

the precision of the sorting process, 

automation of the manual process, and 

enhanced waste management.

  

Table 3: Comparative Overview of Scientific and Urban Applications Using Deep or Hybrid 

Learning Models 

Authors 
Model/Technique 

Used 
Application Area 

Focus or 

Contribution 

Ali et al. 

(2023) 

Outlier detection + 

well log 

Reservoir 

characterization 

Identifying anomalies 

and rebuilding 
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reconstruction subsurface data 

Pekar et al. 

(2024) 

Incremental 

federated learning Traffic flow analysis 

Real-time 

classification in 

heterogeneous traffic 

systems 

Li et al. 

(2019) 

ML-based 

reprogrammable 

metasurface imager Imaging systems 

Programmable 

imaging for adaptable 

visual sensing 

Rackauckas 

et al. (2020) 

Universal 

differential 

equations 

Scientific ML 

modeling 

Merging physical 

modeling with 

learning-based 

systems 

Awotunde 

et al. (2023) 

DL + Blockchain 

hybrid framework 

Smart city data 

privacy 

Secure infrastructure 

for sensitive data in 

urban systems 

 

Scientific and urban uses that make 

deep or hybrid learning model are 

summarized in table 3. It proposes a variety 

of methods including federated learning, 

differential equations, and hybrid DL-

blockchain systems to the fields of traffic 

analysis, reservoir characterization, imaging 

systems and data privacy in smart cities. 

They improve also anomaly detection, real-

time classification, adaptive sensing, model 

accuracy and secure data treatment, and are 

presently working on advanced 

computational methods to the solution of the 

complex urban and scientific problems. 

III. Discussion 

Deep learning has also vastly 

contributed to the precision, performance 

and scalability of waste classifications. Such 

methods as CNNs, object-detection models 

and multimodal fusion architectures have 

been applied in as diverse environments as 

city streets, oceanic environments and 

construction sites. The development of 

datasets, real-time detection and integration 

of intelligent sensing allows more 

responsive and adaptive waste separation 

systems. Despite the advances, there exist 

generalization issues, low-resource 

implementation and system long-term 

sustainability. 
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Although there are impressive 

progresses in waste classification with deep 

learning, a number of gaps are still present. 

First, the available datasets are in most cases 

small, disproportionate, or unrepresentative, 

thus restricting the extrapolation of models 

in heterogeneous and real-world waste 

contexts. Second, there are also problems 

with its deployment: the heavy 

computational and energy demands of these 

models render their deployment in low-

resource settings or systems based on the 

IoT difficult. Third, scalability of available 

solutions is poorly investigated, especially in 

large, multi-location or cluttered 

environment. Lastly, integrated hardware-

software systems and hybrid solutions, e.g. 

involving the use of UAV-based detection in 

combination with deep learning to classify 

the data, would allow sustainable, 

autonomous, and context-aware waste 

management systems. These gaps should be 

addressed to construct viable, effective and 

eco-friendly solutions. 

3.1 Deep Learning in Garbage 

Classification 

3.1.1 Progression in the garbage 

Categorization 

 New breakthroughs in waste 

classification models based on DL 

demonstrate significant performance gains 

in detection accuracy and system resilience. 

Diverse wastes and the collection efficiency 

create a challenge to the traditional sorting 

methods. The information available in 

Lubello et al. (2025) offers the basis of the 

deep learning as a way to enhance the 

accuracy and efficiency of garbage 

classification. Chhabra et al. (2024) have 

introduced a refined multi-layered CNN to 

counter class imbalance issues as well as 

weak generalization to the general 

categories of wastes. In the same way, Jabed 

and Shamsuzzaman (2022) have presented 

YOLObin, an YOLOv7 model with the 

ability to identify quickly and precisely non-

decomposable municipal waste. In turn, 

these works show the increasing 

effectiveness and usability of DL techniques 

for automatic refuse sorting. 

3.1.2 Earlier proceedings on automated 

classification 

Kang et al. (2020) have designed one 

of the early DL-based architectures for 

automatically classifying trash using CNNs. 

The architecture is trained using a diverse 

set of images to classify recyclable, non-

recyclable and toxic wastes independently. 

The architecture has showed good 

classification accuracy and the ability for 

real-time use in waste sorting facilities. The 

contribution laid down a baseline standard 
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for following work in automated and 

scalable garbage classification technologies. 

3.2 Garbage management system 

 The developed system by Abo-

Zahhad, M. M., and Abo-Zahhad, M. (2025) 

by applying the YOLOv5 and YOLOv8 

deep learning models is a garbage 

monitoring system in real-time, which 

allows the system to have increased 

detection and efficiency. They focus their 

work on automated monitoring and 

gathering of wastes which can contribute to 

the environmental sustainability. To prove 

Rathod et al. (2025) demonstrated that 

UAVs can be useful in detecting and 

tracking garbage during real-time, especially 

in large or complex areas. Their work 

emphasizes the contribution of UAVs to the 

enhancement of waste mapping and 

efficiency. Together, these articles lay out 

grand-scale and people-centric solutions to 

enhance the waste classification and 

advancing green practice. 

3.3 Garbage Classification strategies 

Although not directly focused on 

garbage classification, there are numerous 

studies in which the tools and methods are 

been applied to the improvement of DL 

models utilized in waste categorization. 

Cohen, Gil, and Rosado (2025) discuss the 

methods of residential waste sorting that 

rectify the individual behavior of people in 

cities by simulating individual behaviors in 

cities, which shows that effective 

interventions and urban planning can 

enhance the sorting and recycling of garbage 

in cities, Mielinger and Weinrich (2024) 

explore the research issue of consumer 

behaviors in sorting plastic food packaging 

waste in Germany with an emphasis on 

labeling, availability of information, and 

incentives, and gives insights into the 

improvement of recycling policies and waste 

management effectiveness. Bayrak et al. 

(2024) provided a high-capacity 3D point 

cloud dataset of urban objects, which has 

been utilized in spatial modeling and the 

identification of less studied types of waste 

in real-world scenarios. Together, all the 

researches advance the technical 

groundwork further to design more context-

sensitive and improved garbage 

classification models. 

IV Conclusion 

 Deep learning is a powerful solution 

in the recent years in growing garbage 

sorting in most settings. Real-time object 

detection and CNNs are some of the 

approaches, which have successfully been 

implemented to make sure that the waste 

sorting mechanisms become more adaptive, 

effective and accurate. The systems are 

http://www.thebioscan.com/


                                                                                 20(3): S.I(3). 2105-2119, 2025             www.thebioscan.com 

 
2116 

 

heterogeneous and more scalable as it 

incorporates natural language input plans up 

to UAV-based detection on the large scale. 

Once more in subsequent studies, a mention 

is made of the potential genomics paradigm, 

security and geographic data modeling 

paradigm, used to propel the developments 

in garbage classification. The on-site 

detection of the type of compounds of waste 

such as non-biodegradable and floating trash 

have been highly beneficial in the urban and 

aquatic environments. Smarter waste 

management is less eco friendly but can be 

done only through infrastructure integration. 

All these are limited to the boundaries of 

dataset availability, usability in reality and 

power consumption. The model 

development, optimization of training and 

deployment of hardware have long-term 

needs. Deep learning is the revolutionary 

way to the intelligent and independent 

handling of waste. Its scientific 

implementation eases the process of 

recycling, reduces the spill of waste to a 

reduced level and aligns practice with the 

conceptions of the circular economy. 
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