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Abstract 

Accurate waste classification is a critical enabler of automated recycling and sustainable solid 

waste management (SWM). In this study, we present a comparative analysis of deep learning 

architectures for image-based waste classification using two benchmark datasets: (1) a large-

scale Kaggle garbage dataset containing more than 13,000 images and 10 classes of waste 

and (2) the Trash Net dataset containing approximately 3,000 images and 6 classes of waste. 

Multiple convolutional neural network (CNN) architectures, including Efficient Net, Mobile 

Net, Res Net, Dense Net, and Inception, were evaluated in terms of validation accuracy and 

model complexity. In addition to classification accuracy, the trade-off between predictive 

performance and model complexity was investigated to assess the suitability of different 

architectures for practical deployment for example, in the large-scale garbage dataset, the 

best-performing model achieved approximately 95.9% validation accuracy, while on Trash-Net 

the best result was approximately 94.3%. In addition to the experimental analysis, we 

conducted a bibliometric study of 84 research papers chosen using the PRISMA and 

Kitchenham’s guidelines using VOS viewer to identify major research themes, temporal 

trends, and collaboration patterns in AI-driven waste classification research. Bibliographic 

maps revealed that deep learning, waste classification, machine learning, and computer vision 

constitute the dominant research themes, with recent studies increasingly emphasizing transfer 

learning and lightweight architectures. The paper contributes both an empirical benchmark 

across two datasets and a structured research landscape analysis, offering guidance for future 

work on efficient, scalable, and deployable waste classification systems. 

Keywords :waste classification, deep learning, computer vision, Trash Net, Efficient Net, 

Mo-bile Net, Res Net, Dense Net, bibliometric analysis, VOS viewer 

 

1 Introduction 

Recent estimates indicate that global waste generation is increasing at a rate faster than 

previously anticipated. According to the World Bank’s What a Waste 3.0 report, 

approximately 2.56 billion tons of waste were generated globally in 2022, a figure that had 

nearly reached the 2030 projection reported in What a Waste 2.0. Under a business-as-usual 

scenario, global waste generation is expected to increase to 3.86 billion tons by 2050, 

representing an increase of nearly 50% over current levels [1]. This growth places considerable 

pressure on waste collection, segregation, recycling, and disposal infrastructures, while 

exacerbating environmental pollution and public health concerns. It been emphasized that poor 

waste management practices have been associated with increased environmental degradation 

and adverse health outcomes, particularly in rapidly growing urban communities [2]. Hence, the 

development of efficient and sustainable waste management systems has become a global 

priority. Artificial intelligence has emerged as a promising solution to address several 

challenges in solid waste management, particularly automated waste classification [3]. 

Integration of sensor technologies with deep learning has facilitated the development of 
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intelligent waste separation systems capable of improving classification accuracy, enhancing 

recycling efficiency, and supporting automated waste sorting operations [4]. In the past two 

decades, the application of artificial intelligence in waste management has shifted focus 

from exploratory to explosive, with researchers increasingly turning to machine learning and 

deep learning to automate the critical task of waste classification. Several comprehensive 

reviews have mapped this evolving landscape, each contributing a distinct lens to 

understand the field. [3] provided a systematic review of AI techniques across solid waste 

management processes, synthesizing 

 studies and identifying key application domains from bin level detection to vehicle routing. 

In contrast, [5] narrowed the focus to organic solid waste treatment, examining machine 

learning applications in composting, anaerobic digestion, incineration and landfill—

highlighting the dominance of artificial neural networks in these processes. [6] offered a 

primary research contribution, proposing a ResNet18-based model with a self-monitoring 

module that achieved a 95.87% accuracy in the Trash-Net dataset, demonstrating the potential 

of residual architectures for recyclable waste recognition. [7] broadened the perspective to the 

entire municipal solid waste management chain, reviewing 226 studies and emphasizing the role 

of machine learning from waste generation prediction to final disposal, while identifying 

persistent challenges in data availability and model interpretability. [8]provided a critical 

review of computer vision specifically for waste sorting, tracing the evolution from traditional 

machine learning algorithms to deep learning architectures, and critically assessing the gap 

between simplified academic datasets and the complexities of real-world industrial 

deployment. 

From a more specified geographic perspective [9] examined the specific case of Cambodia 

which offers a detailed assessment of opportunities and challenges in municipal SWM in a 

developing country context—highlighting the institutional, financial, and technological 

barriers that thwart AI adoption. Similarly, [10] focused on Australia, conducting a 

systematic review with SWOT analysis [11] to assess the nation’s readiness for AI-driven 

waste management, identifying significant opportunities for resource recovery alongside 

challenges in AI maturity and infrastructure. [12] contributed a critical overview of AI and 

hybrid techniques for SWM, emphasizes the superior predictive capabilities of hybrid models 

over conventional approaches, and highlights the importance of data quality and model 

transparency for real-world implementation. Most recently, [13] delivered a methodologically 

rigorous systematic literature review following PRISMA and Kitchenham guidelines, 

analyzing 97 studies published between 2020 and 2025, providing detailed analysis of over 15 

public waste classification datasets, and proposing a phased road-map organized into short-, 

mid-, and long-term research priorities. 

Although existing studies have substantially advanced AI-based waste classification, several 

important challenges remain unresolved. Much of the existing studies primarily compare a 

limited number of CNN architectures and often evaluate them on a single benchmark dataset. 

Furthermore, computational efficiency is rarely examined alongside predictive performance, 

despite its importance for real-world deployment. In addition, few studies combine quantitative 

benchmarking with bibliometric mapping of the research landscape. To address these research 

gaps, this study makes four principal contributions. First, a systematic review of recent 

literature on AI-based waste classification is presented to summarize current methodologies, 

datasets, and research trends. Second, a bibliometric analysis of 84 Web of Science 

publications is performed using VOS viewer to identify dominant research themes, 
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collaboration patterns, and emerging directions within the field. Third, it evaluates 14 state-

of-the-art transfer learning CNN architectures under identical experimental settings on two 

publicly available waste classification datasets, enabling a fair comparison of their  

classification performance and computational complexity. Finally, the experimental results 

are synthesized with the bibliometric findings to provide practical recommendations for 

selecting appropriate CNN architectures for automated waste classification systems according 

to both predictive performance and deployment requirements. Unlike previous studies that 

focus either on literature synthesis or model development, the present work integrates existing 

literature review with controlled experimental benchmarking to provide both a macro-level 

overview of research trends and a micro-level evaluation of the proposed CNN architectures. 

Table 1: Comparison of existing review studies on AI-based waste classification and the 

present work. 

1.1.1 Strategy 

We performed a comprehensive literature search across three major academic databases: 

Web of Science, ScienceDirect, and Google Scholar. The search was limited to publications 

from January 2000 to May 2025 to capture both foundational and recent developments in the 

Refer

ence 

Ye

ar 

Scope and Timespan Methodology AI/ML 

Coverage 

datasets 

discussed 

Performance 

Comparison 

Future 

Outlook 

[3] 20

20 

SWM processes 

(2000–2020) 

Systematic 

review (85 

papers) 
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& hybrid 

models 

Limited 
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21 
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National AI 

roadmap 
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field. 

We constructed the following Boolean search string and iteratively refined it to ensure 

maximum recall and precision. 

("solid waste management" OR "municipal solid waste" OR "waste 

classification" OR "waste sorting") AND ("review" OR "machine learning" 

OR "deep learning" OR "artificial intelligence" OR "CNN" 

OR "random forest" OR "SVM") 

Phase 3: Review reporting of the results. The findings were synthesized and presented 

according to PRISMA guidelines, with a clear flow diagram documenting the selection 

process. 

 

1.1.2 Inclusion and Exclusion Criteria 

We included the studies if they met the following criteria: 

• Published in peer-reviewed journals or reputable conference proceedings 

• Published between January 2000 and May 2025 in English 

• Focused on AI-based waste classification using CNN architectures 

• Reported quantitative performance metrics (accuracy, precision, recall, F1-score) 

• Provided sufficient methodological detail for reproducibility. Studies were excluded if 

they: 

• Were not peer-reviewed (e.g., editorials, opinion pieces, technical reports) 

• Did not focus on waste classification (e.g., wastewater treatment, air quality) 

• Only traditional machine learning is used without deep learning components 

• Were published in languages other than English 

• Were duplicate publications or lacked sufficient methodological detail. 

 

 

 

Figure 1: PRISMA flow diagram illustrating the article selection process for this systematic 

review. 
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1.1.3 Quality Assessment 

Following Kitchenham’s guidelines [15], we developed a quality assessment checklist to 

evaluate each selected study. Each study was evaluated according to six criteria: (1) clarity 

of research objectives, 

(2) appropriateness of methodologies, (3) completeness of dataset description, (4) robustness 

of the experimental design, (5) clarity of performance reporting, and (6) reproducibility of the 

approach. Each criterion was scored on a scale of 0 to 1, with a maximum possible score of 6. 

Studies scoring below 3 were excluded from the final analysis. 

 

1.2 Experimental Methodology 

In addition to the systematic review of the literature, this study conducted controlled 

experimental benchmarking of fourteen state-of-the-art CNN architectures on two waste 

classification datasets. 

 

1.2.1 datasets 

In this study, two publicly available waste image datasets were used. 

1. TrashNet [16]: A widely adopted benchmark dataset for waste classification 

comprising 2,527 images distributed in six waste categories, namely cardboard, glass, metal, 

paper, plastic and trash. The images were collected under controlled conditions and exhibit 

variations in object shape, texture, and appearance, making the dataset suitable for evaluating 

image-based waste classification models. In this study, we partition the dataset into 80% 

training and 20% testing subsets across all CNN architectures to ensure consistency. 

2. Garbage Classification V2 [17]: A publicly available waste image dataset 

comprising 13,348 images categorized into ten classes: cardboard, glass, metal, paper, plastic, 

trash, battery, biological waste, clothes, and shoes. The dataset exhibits considerable intra-

class variability in object appearance, lighting conditions, orientations, and backgrounds, 

making it suitable for evaluating the robustness of deep learning models for automated waste 

classification. An 80%-20% train-test split was used here also. 

1.3 CNN Architectures 

In order to evaluate the effectiveness of modern deep learning approaches for automated waste 

classification, we investigated fourteen state-of-the-art Convolutional Neural Network (CNN) 

architectures. The selected models represent a diverse range of network designs, including 

residual learning networks, densely connected networks, mobile-oriented architectures, and 

compound-scaled CNNs. Specifically, the study considered architectures from the Res Net 

family [18], Dense Net family [19], Mobile Net family [20, 21], Efficient Net family [22], and 

Inception networks [23]. 

We defined each model on ImageNet-pretrained weights and subsequently fine-tuned the 

waste classification datasets through transfer learning. To adapt the architectures to the 

classification task, the final fully connected classification layers were replaced with task-

specific layers corresponding to the number of waste categories in each dataset. We used 

Transfer learning to exploit the features learned from large-scale natural image datasets and 
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improve convergence, particularly in scenarios with limited training data. 

 

1.4 Experimental Setup 

We used Kaggle cloud computing environment to evaluate all datasets and CNN models 
using the Py Torch deep learning framework, utilizing dual NVIDIA Tesla T4 GPUs (T4 × 2) 
to accelerate model training. Before training, the input images were resized to 224 × 224 
pixels and normalized 

using the ImageNet mean and standard deviation values. To improve model generalization and 

reduce overfitting, several data augmentation techniques were applied, including random 

horizontal flipping, random rotation (±15◦), color jittering, and affine translation 

transformations. 

The datasets were partitioned using a split of 80%-20%. Training samples were loaded 

using a mini-batch size of 32 images. All models were trained with Adam optimizer [24] 

with an initial learning rate of 1 × 10−4. We adopted cross-entropy loss as the primary 

optimization objective, while label smoothing was additionally employed for selected 

architectures to improve performance. Each model was trained for eight epochs under identical 

experimental conditions to ensure a fair comparison between architectures. 

The performance of the model performance was evaluated using classification accuracy in the 

test dataset. In addition to predictive performance, we analyzed the size of model to 

investigate the trade-off between classification accuracy and computational complexity. This 

experimental protocol allowed a fair comparison of CNN architectures with respect to both 

classification performance and computational efficiency. 

 

1.5 Bibliometric Analysis 

We perform bibliometric analysis of publications related to artificial intelligence, deep 

learning, and waste classification to provide a comprehensive overview of the research 

landscape. We selected 84 publications from the Web of Science Core Collection and the 

Google Scholar database using the mentioned search strategy encompassing keywords related 

to waste management, waste classification, machine learning, deep learning, and convolutional 

neural networks. 

We used VOS viewer (version 1.6.18), which is a widely adopted software tool for 

constructing graphs and visualizing bibliometric networks [25]. Before employment, we 

performed a data-cleaning procedure using a thesaurus file 1 in VOS viewer to improve 

consistency by merging similar words into one and the interpretability of the generated 

bibliographic maps. We merged synonymous and closely related keywords into a single 

unified term , while irrelevant, redundant, and non-informative terms that did not contribute 

to the academic interest were excluded from the analysis. This preprocessing step reduced 

keyword fragmentation and enabled a more accurate representation of research themes and 

relationships. 

We adopted a minimum occurrence threshold of four for keyword co-occurrence analysis 

which means only those keywords appearing in at least four publication’s abstract were 

retained for network construction and visualization. We selected threshold to eliminate 

infrequently occurring terms while preserving the most representative concepts within the 

research domain, thus improving the clarity and interpretability of the resulting maps. 
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Three complementary bibliometric techniques were employed: 

• Co-occurrence analysis: We analyzed author keywords to identify dominant research 
themes and thematic clusters within AI-based waste classification research. 

• Citation analysis: Citation relationships among publications were examined to 
identify influential studies and emerging research directions. 

• Co-authorship analysis: Investigation of collaboration networks among authors, 
institutions, and countries to assess research productivity and international cooperation 
patterns. 

We scrutinized the network, overlay, and density visualizations generated by VOSviewer to 

examine the relationships among keywords, identify temporal research trends, and highlight 

areas of high research activity. They provide insight into the evolution of waste classification 

research over time reveal emerging and novel topics, variation in dominant methodological 

approaches, and potential research gaps within the domain of AI-driven waste classification. 

 

Figure 2: Thesaurus file used in VOS viewer for keyword standardization and data cleaning. 

(Left) Original keyword list before thesaurus application. (Right) Thesaurus file showing 

keyword standardization and merging of synonymous terms. 

2 Results and Discussion 

2.1 Bibliometric Analysis of AI-Based Waste Classification Research 

2.1.1 Keyword Density Visualization 

Figure 3 presents the density visualization of the author keyword co-occurrence network. In 

this representation, yellow regions are representative of keywords with high occurrence 

frequencies and strong co-occurrence relationships, whereas green and blue regions indicate 

topics that have received comparatively less attention. 

The highest-density regions are centered around waste classification, deep learning, convolutional 

neural network, machine learning, and waste management. This indicates that deep learning-

based waste image classification has become the primary research focus in AI-driven waste 

management. These keywords’ close propinquity also highlights the strong interconnection 

between cnn and automated waste classification systems. 

Keywords including computer vision, recycling, solid waste, artificial neural network, waste genera-

tion, and prediction exhibit moderate densities, which suggests that these topics play an 
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important role in supporting intelligent waste generation, sorting, and recycling applications. 

The appearance of both machine learning and deep learning further reflects the coexistence of 

machine learning algorithms and deep learning approaches within the literature. 

Lower-density regions containing keywords such as IoT, plastic waste, bin level detection, biogas pro-

duction, optimization, smart city, and transfer learning. Although these topics appear less 

frequently, 

they represent niche and secondary research directions with respect to AI-based waste 

classification and confirm the integration of ground work of first mode of waste sensing, 

recycling and resource recovery, with the aim of a sustainable urban infrastructure with AI-

enabled waste management systems. The overall density visualization demonstrates that the 

research field remains centered on deep learning-based waste classification while 

progressively expanding toward smart waste management application involve IoT, intelligent 

monitoring, and sustainable resource utilization. 

 

Figure 3: Density visualization of keyword co-occurrence networks. Yellow regions 

indicate high research intensity and frequently occurring keywords, whereas green and 

blue regions represent emerging or less-explored research topics. 

2.1.2 eyword Co-occurrence Network Analysis 

The keyword co-occurrence network generated using VOS viewer is presented in Figure 4. 

Four major thematic clusters form the network with each representing a distinct research 

direction within AI-based waste management. The first cluster (yellow) consists of waste 

classification, deep learning, computer vision, transfer learning. This cluster represents the 

computer vision and deep learning research stream, where convolutional neural networks have 

also become the predominant approach for automated waste identification and sorting. 
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The second cluster (green) is centered on convolutional neural network, waste management, re-

cycling, object detection, IoT, and plastic waste. These keywords indicate the growing 

interest in integrating intelligent sensing technologies with automated waste management 

systems to improve recycling efficiency and real-time waste monitoring. 

The red cluster contains artificial intelligence, machine learning, prediction, waste generation, mu-

nicipal solid waste, and optimization. This cluster primarily focuses on predictive modeling, 

waste generation forecasting, and decision-support systems for municipal solid waste 

management. 

The fourth cluster (blue) includes management, solid waste, smart city, system, and China. These 

keywords highlight broader research themes associated with urban waste management, smart 

city development and the implementation of intelligent waste management infrastructures. 

Several keywords, particularly waste management, machine learning, deep learning, and solid waste, 

occupy central positions within the network and exhibit extensive inter-cluster connections. 

Their high degree of connectivity indicates their importance as bridge links between computer 

vision, intelligent waste sorting, predictive analytics, and sustainable waste management 

research. The dense interconnections among the 4 clusters further indicate that recent studies 

increasingly combine deep learning, IoT technologies, and predictive modeling to develop 

integrated smart waste management systems. 

 

Figure 4: Keyword co-occurrence network of AI-based waste classification research 

generated using VOS viewer. Node size represents keyword frequency, while link 

strength indicates the degree of co-occurrence between keywords. 

2.1.3 Overlay Visualization Analysis 

Figure 5 illustrates the time-related evolution of research areas using the overlay 

visualization. The node colors represent the average publication year. More recent research 

topics are displayed in yellow while earlier or out-of-date research areas are displayed in blue 

or green. 

Earlier studies primarily focused on keywords such as support vector machine, artificial 

neural network, prediction, municipal solid waste, plastic waste, and optimization. These 
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studies largely employed and support vector machine algorithms and conventional machine 

learning techniques for waste generation and class prediction, resource management and 

recycling in municipal solid waste management. 

Keywords that appear in green represent intermediate research directions, including machine 

learning, artificial intelligence, solid waste, waste generation, IoT, and recycling. During this 

period, research expanded beyond prediction models to incorporate intelligent monitoring 

systems and early computer vision applications. 

The most recent research areas shown in yellow include waste classification, deep learning, computer 

vision, transfer learning, and waste management. Their recent average publication years indicate a 

clear shift toward convolutional neural network-based image classification and transfer learning 

techniques 

for automated waste sorting. This trend reflects the growing availability of large image 

datasets, advances in GPU computing, and the widespread adoption of deep learning models 

for smart waste management applications. 

Overall the overlay visualization reveals a gradual transition from traditional machine 

learning and prediction-based studies toward deep learning-driven computer vision techniques. 

The increasing prominence of transfer learning, automated waste classification, and 

intelligent waste management demonstrates the evolving research focus on scalable and 

practical AI solutions for sustainable solid waste management. 

Figure 5: Overlay visualization of keyword co-occurrence networks. Colors represent the 

average publication year of keywords, illustrating the temporal evolution of research themes 

from traditional machine learning approaches toward deep learning and transfer learning 

techniques. 

2.2 Performance evaluation of datasets using pretrained CNN families 

2.2.1 Performance Evaluation on the Garbage Classification V2 dataset 

The performance of fourteen pre-trained CNN architectures was evaluated on the Garbage 

Classification V2 dataset. Figure 6 represents the validation accuracy, while Figure 7 

illustrates the relationship between model accuracy and model size in terms of trainable 

parameters. 
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Among all evaluated architectures, EfficientNet-B2 achieved the highest validation accuracy 

of 95.8%, closely followed by ResNet50 (95.7%), ResNet152 (95.6%) and ResNet101 

(95.5%). These results demonstrate the effectiveness of compound-scaled Efficient Net 

architectures and deep residual learning networks for waste classification tasks. Efficient Net 

performs well because it increases the input resolution (here image) much more effectively 

instead of just scaling the depth and width of the model. This allows the learning of detailed 

visuals much more faster while also keeping the trainable parameters low. Alternatively, Res 

Net employs residual (skip) connections to train much deeper connections and avoid 

performance degradation. 

The Res Net family exhibited a clear improvement in performance as the depth of the 

network increases. ResNet18 achieved the lowest accuracy among all evaluated architectures 

(91.0%), while ResNet50, ResNet101, and ResNet152 consistently exceeded 95% accuracy. 

This trend suggests that 

 

 

Figure 6: Validation accuracy of the evaluated CNN architectures on the Garbage 

Classification V2 dataset. 

 

deeper residual networks are better able to learn the complex visual characteristics associated 

with diverse class datasets. 

Dense Net architectures demonstrate competitive performance, with DenseNet121 achieving an 

accuracy of 94.9%. DenseNet169 and DenseNet201 produced accuracies of 94.0% and 94.1%, 

respectively, while DenseNet161 achieved 93.0%. Although Dense Net models benefit from 

feature reuse through dense connectivity, the results indicate that increasing network 

complexity does not necessarily ensure improved classification performance for this dataset. 

The Mobile Net architectures achieved strong results despite their lightweight design. 

MobileNetV3 attained an accuracy of 94.8%, slightly outperforming MobileNetV2 (94.5%). 

The competitive performance of Mobile Net models highlights their suitability for resource-

constrained environments where computational efficiency is a critical requirement. 

InceptionV3 achieved an accuracy of 94.3%, demonstrating robust performance while 

maintaining a moderate parameter count. Although its accuracy was slightly lower than that of 

the top-performing Efficient Net and Res Net variants, the architecture remains a viable option 

for practical waste classification applications. 
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Figure 7 further illustrates the trade-off between model accuracy and network complexity. 

While larger models such as ResNet101 and ResNet152 achieved high classification 

accuracy, they required substantially more parameters than EfficientNet-B0 and EfficientNet-

B2. Above all, EfficientNet-B2 achieved the highest accuracy using approximately 9 million 

parameters, whereas ResNet101 required approximately 45 million parameters to achieve a 

comparable level of performance. Similarly, Mo-bileNetV3 achieved nearly 95% accuracy 

while maintaining a parameter count below 8 million. 

This indicates that model efficiency plays an important role in waste classification 

applications particularly when dealing with large datasets. Although deeper and larger 

architectures generally achieve strong performance, lightweight architectures such as 

EfficientNet-B2 and MobileNetV3 offer a favorable balance between classification accuracy 

and computational cost. Consequently, EfficientNet-B2 emerges as the most effective 

architecture for the Garbage Classification V2 dataset, providing state-of-the-art classification 

performance while maintaining high parameter efficiency. 

2.2.2 Performance Evaluation on the Trash Net dataset 

The performance of the fourteen CNN architectures was further evaluated using the TrashNet 

dataset, which contains six waste categories and is widely regarded as a benchmark dataset 

for automated waste classification. Figure 8 presents the validation accuracy obtained by each 

model, while Figure 9 illustrates the relationship between classification accuracy and model 

size. 

Among the evaluated architectures, ResNet152 achieved the highest validation accuracy of 

95.2%, demonstrating the effectiveness of deep residual learning to extract discriminative 

features from waste images. ResNet101 ranks second with an accuracy of 93.9%, followed 

by DenseNet201 (93.5%) and 

 

Figure 7: Relationship between classification accuracy and model size for the evaluated CNN 

architectures on the Garbage Classification V2 dataset. 

 

EfficientNet-B2 (93.3%). The results achieved here indicate that advanced deep architectures 

are capable of achieving robust performance even when trained on relatively small datasets. 

The Res Net family exhibited mixed behavior across different network depths. While 

ResNet152 achieved the best overall performance, ResNet18 recorded the lowest accuracy 

among all evaluated models (89.3%). ResNet34, ResNet50 and ResNet101 achieved accuracies 

of 89.5%, 92.3% and 93.9%, respectively. These findings suggest that increasing network 
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depth leads to monotonic performance improvements. 

The Dense Net models produced competitive results across all variants. DenseNet201 

achieved the highest performance within the Dense Net family (93.5%), while DenseNet121, 

DenseNet161, and DenseNet169 achieved accuracies of 93.3%, 92.7%, and 91.3%, 

respectively. The relatively consistent performance of these lightweight Dense Net architectures 

demonstrates the effectiveness of dense feature reuse in waste classification tasks. 

Mobile Net architectures showed contrasting results. MobileNetV3 achieved an accuracy of 

92.5%, slightly outperforming MobileNetV2 (92.3%). This observation are in sync with the 

results obtained on the Garbage Classification V2 dataset. 

The accuracy-versus-model-size analysis shown in Figure 9 highlights the trade-off between 

classification performance and computational complexity. Although ResNet152 achieved the 

highest classification accuracy, it required approximately 30 million parameters. In contrast, 

EfficientNet-B2 achieved a comparable accuracy of 93.3% using fewer than 10 million 

parameters**, demonstrating substantially higher parameter efficiency. Similarly, 

MobileNetV3 achieved more than 92% accuracy while maintaining one of the smallest model 

sizes among all evaluated architectures. 

The Trash Net variants obtained lower accuracies compared to the Garbage Classification V2 

dataset, which might be attributed to the smaller size of the dataset and low diversity of 

training samples (6 waste classes). Nevertheless, relative performance trends indicate that 

Efficient Net, Res Net, and Dense Net architectures consistently outperform lightweight and 

shallow alternatives. These findings further emphasize the importance of balancing 

classification performance and computational requirements when selecting CNN architectures 

for practical waste classification applications. 

Overall, ResNet152 achieved the highest classification accuracy for the Trash Net dataset. 

However, EfficientNet-B2 and DenseNet101 provided a more favorable balance between 

predictive performance and model complexity, making it an attractive candidate for real-

world deployment scenarios. 

 

 

Figure 8: Validation accuracy of the evaluated CNN architectures on the Trash Net 

dataset. 

 

2.3 Cross-dataset Comparative Analysis 
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To assess their robustness under different dataset characteristics, the performance of the listed 

CNN architectures was compared across the Garbage Classification V2 and Trash Net 

datasets. Although both datasets address the same waste classification task, they differ 

considerably in scale and complexity. The Garbage Classification V2 dataset contains 13,348 

images belonging to ten waste categories, whereas Trash Net contains only 2,527 images 

distributed across six classes. Consequently, the comparison provides insight into the 

influence of dataset size and diversity on the generalization capability of modern CNN 

architectures. 

Across both datasets, Efficient Net and deeper Res Net architectures consistently achieved the 

highest classification performance. On the Garbage Classification V2 dataset, EfficientNet-

B2 obtained the highest validation accuracy of 95.8%, while ResNet50 (95.8%), ResNet152 

(95.7%), and ResNet101 (95.5%) produced nearly identical results. On the Trash Net dataset, 

however, ResNet152 emerged as the best-performing model with an accuracy of 95.2%, 

followed by ResNet101 (93.9%), DenseNet201 (93.5%), and EfficientNet-B2 (93.3%). The 

consistently strong performance of these architectures indicates that deeper feature 

representations and efficient feature extraction are beneficial across datasets with different 

characteristics. 

A comparison of the two datasets further reveals that model rankings are not entirely 

consistent. While EfficientNet-B2 achieved the best overall performance on the larger 

Garbage Classification V2 dataset, ResNet152 produced the highest accuracy on Trash Net. 

Similarly, DenseNet201 showed a noticeable improvement relative to the other Dense Net 

variants on Trash Net, whereas DenseNet121 achieved the best performance within the Dense 

Net family on the Garbage Classification V2 dataset. These observations suggest that 

different architectural designs respond differently to variations in dataset size, class 

distribution, and image diversity. 

The Mobile Net architectures demonstrated stable performance on both datasets while 

maintaining the smallest model sizes among the evaluated networks. On the Garbage 

Classification V2 dataset, MobileNetV3 (94.8%) slightly outperformed MobileNetV2 

(94.5%), whereas on Trash Net the ranking was reversed only marginally, with MobileNetV3 

(92.5%) and MobileNetV2 (92.3%) exhibiting very similar performance. This consistency 

indicates that lightweight architectures remain competitive despite their significantly lower 

computational requirements. 

The relationship between classification accuracy and model size, illustrated in Figures 7 and 

9, highlights that increasing the number of trainable parameters does not necessarily translate 

into proportional improvements in performance. ResNet101 and ResNet152 contain 

approximately 45 million and 30 million parameters, respectively, yet their performance 

advantage over EfficientNet-B2, which contains fewer than 10 million parameters, is 

relatively small. EfficientNet-B2 consistently achieves near state-of-the-art accuracy while 

requiring substantially fewer parameters, demonstrating the effectiveness of compound scaling 

in balancing network depth, width, and input resolution. 

The comparison also suggests that dataset characteristics influence architecture performance. 

The 
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Figure 9: Relationship between classification accuracy and model size for the evaluated 

CNN architectures on the TrashNet dataset. 

 

 

 

larger Garbage Classification V2 dataset enables most models to achieve higher 

accuracies, likely because the greater number and diversity of training samples allow more 

discriminative feature representations to be learned. In contrast, the smaller TrashNet dataset 

produces a wider spread in model performance, indicating that some architectures are more 

sensitive to limited training data than others. Overall, the experimental results indicate that no 

single CNN architecture is universally optimal for every dataset. ResNet152 delivers the 

highest classification accuracy on the smaller TrashNet dataset, whereas EfficientNet-B2 

achieves the best overall balance of accuracy and computational efficiency across both 

datasets. Considering both predictive performance and model complexity, EfficientNet-B2 

represents the most suitable architecture for practical AI-based waste classification systems, 

particularly in real-world deployments where computational resources, inference latency, and 

energy efficiency 

are important considerations. 

Table 2: Best-performing models across the two datasets. 

 

dataset Best Model Accuracy (%) Parameters (M) 

Garbage Classification 
V2 

EfficientNet-B2 95.8 9.1 

TrashNet ResNet152 95.3 30.2 
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