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Abstract
[bookmark: _GoBack]Waste management on the low-resource setting is also a serious issue because of the shortage of infrastructure, and the lack of access to modern technologies, and the use of manual sorting of waste leads to environmental pollution and ineffective recycling. Although deep learning-based image classification has demonstrated the potential of automating waste, the majority of studies emphasize high-computation models, which cannot be used in resource-constrained environments. The research gap is a significant lack of systematic comparisons on both classification and computational efficiency of low-computational convolutional neural network (CNN) models. This study aim to examine the appropriateness of lightweight CNN models in the identification of recyclable wastes with a tradeoff between accuracy and resource consumption. Three low-computational CNN models, namely EfficientNet-Lite, MobileNetV2, and SqueezeNet, were trained and tested using publicly available datasets, such as TrashNet. Accuracy and F1-score were used to measure the classification performance, and latency, memory usage, and model size were used to measure computational efficiency. Findings show that EfficientNet-Lite had the best accuracy (92.4) and F1-score (92.0) but used more memory and inference time whereas MobileNetV2 provided a reasonable compromise between performance and efficiency. SqueezeNet was the lightest and the fastest model but with a lesser classification reliability. These results give practical recommendations on the design of AI-powered waste management in low-resource settings. This study helps to advance sustainable recycling efforts because it emphasizes the existence of the accuracy-latency-memory trade-offs of lightweight CNNs and informs practitioners and researchers on the need to use the right model whenever deploying lightweight CNNs to mobile, edge, or embedded applications in developing regions.
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1.1 Introduction
Proper waste separation and recycling is one of the major problems in the world especially with the increasing rate of urbanization and population, which still increases the levels of solid waste (Ebikapade & Baird, 2016). In a low-resource setting or any developing environmental setting, poor waste sorting practices are responsible in environmental pollution, overuse of landfills, and loss of recyclable resources that could be used to build circular economy projects. The manual waste segregation process is also prone to errors and labor intensive, which can be easily scaled, thus demonstrating the necessity of automated and smart waste management solutions that would help achieve more efficient and sustainable recycling. New technologies in computer vision and artificial intelligence (AI) have already shown the high potential of it in waste recognition and sorting (Nahiduzzaman et al., 2025). Image recognition systems with deep learning, particularly convolutional neural networks (CNNs) have been shown to attain accuracy on a large scale in classifying between recyclable and non-recyclable materials by learning intricate visual structures on large datasets. Such systems provide a bright future of automated waste segregation where decision-making is quicker and human interactions are minimized in all processes of waste management (Taglay et al., 2025). Yet, most of the state-of-the-art deep learning models are computationally intensive, which demands large processing power, memory, and energy. These are limitations that restrict their use in low-resource environments where high-end hardware, consistent power supply and internet accessibility are frequently limited (Patil et al., 2024). Consequently, the implementation of the traditional deep learning models into the real-life waste management system in such settings is still not feasible. This difficulty has encouraged the development of increasing interest in low-computational CNN methods to trade-off classification performance and efficiency (Shahab et al., 2022). MobileNet, SqueezeNet and EfficientNet-Lite are lightweight architectures that have smaller model size, low latency, and low memory consumption, which is suitable to deploy on mobile and embedded devices. This study will attempt to undertake a thorough performance study on low-computational computer vision methods of recyclable waste detection (Bauravindah & Fudholi, 2024). The main contribution is the comparative analysis of the chosen lightweight CNN models in terms of their accuracy, latency of inference, and memory footprint, thus giving useful information on their applicability to resource-constrained waste management processes.
1.2 Problem Statement
The use of artificial intelligence in waste management is increasing, the adoption of high-performance AI systems is still elusive in the developing and low-resource areas. The current waste classification solutions are based on computationally expensive deep learning models and need such attributes as powerful hardware, large memory capacity, stable electricity, and permanent access to the internet (Qu, 2022). These conditions drastically reduce the application of these in actual waste segregation systems where resources are limited. As a result, such environments still rely on manual sorting procedures that are not very efficient in waste identification, achieving low results in recycling and causing even more harm to the environment (Sudha et al., 2016). The urgency is thus to have waste classification models that are capable of sustaining reasonable accuracy whilst being run with stringent computational requirements. One of the biggest challenges is the design of systems capable of operating with a low amount of memory, low processing capabilities, and low power usage (Sayem et al., 2024). Unless these limitations are tackled, the practical utility of AI-based waste recognition cannot be achieved in the areas where it is most necessary. It fills this gap by considering the low-computational computer vision methods, which provide an effective compromise between performance and resource efficiency in identifying recyclable waste.









2.0 Literature Review
2.1 AI-Based Waste Classification Systems
The use of AI-based waste classification systems has been an emerging topic of research due to the increasing investigations in automated methods of enhancing waste determine and recycling (Nasir & Al-Talib, 2023). The majority of existing works use image-based methods that rely on computer vision and deep learning algorithms to detect and classify various types of waste materials which include plastic, paper, metal, glass, and organics (Malik et al., 2022). The leading models in this field are convolutional neural networks (CNNs), which are characterised by high levels of discriminative visual features of waste images. Simple architectures like VGGNet, ResNet, Inception, and DenseNet have been extensively used and they have been found to have high classification accuracy when trained on standard datasets like TrashNet, TACO and WasteNet (Mao et al., 2021). Several research have examined how transfer learning can be used, in which pre-trained CNNs can be fine-tuned to waste data to minimize training time and enhance performance. Such methods have shown promising performances especially in restricted environments where there exists adequate computation resources (Kartik et al., 2023). Moreover, data augmentation methods are usually employed to enhance the model resistance to changes in the waste appearance and include rotation, scaling, and lighting reconfiguration. Studies that are even more recent have started to deal with the aspect of practical deployment with the introduction of lightweight and mobile-friendly waste classification models (William et al., 2024). MobileNet, SqueezeNet and EfficientNet variants of architectures have been explored due to their smaller parameter size and accelerated inference speed. It has also been observed that some of the studies have incorporated waste classification models into smart bins, mobile applications as well as edge devices in order to support real-time waste sorting (Frost et al., 2025
). Nonetheless, in spite of these improvements the current literature tends to focus more on the accuracy of the classification rather than the computation efficiency. Deep comparative studies that collectively assess accuracy, latency, and memory consumption are still scarce, especially regarding low-resource settings. Such a gap demonstrates the necessity of systematic performance appraisal of the low-computational AI-based waste classification systems.

2.2 Review of Related Works 
In this section, this study examine some of the previous approaches used by researchers for Image Classification of Recyclable Waste for Low-Resource Environments. Below are brief review of research studies that have been conducted using these approaches.
Yadav (2025) proposes an AI-driven system to improve urban waste management through automated waste recognition, sorting, and optimized collection routing. The system applies deep learning techniques, particularly convolutional neural networks, to classify recyclable materials from image data with high accuracy. Designed for low-power devices, it is suitable for resource-constrained environments. Image augmentation and normalization enhance model reliability. Results show improved sorting efficiency, reduced landfill use, optimized collection schedules, and lower environmental impact. The study demonstrates that AI can modernize urban recycling systems and supports its adoption for sustainable waste management and resource conservation.
Sivakumar et al. (2025) propose a CNN-based automated waste classification system to improve recycling efficiency and reduce reliance on manual sorting. The model is trained on diverse waste images to enhance generalization and uses data augmentation to prevent overfitting. Results show high classification accuracy, reduced sorting errors, and improved waste management efficiency. The study concludes that CNN-based artificial intelligence systems are reliable tools for waste classification and can significantly enhance recycling processes while contributing to environmental protection and sustainable waste management.
Hossen et al. (2024) propose RWC-Net, a deep learning model for classifying six waste categories using the TrashNet dataset. Trained with data augmentation and optimized using Adam, the model achieved 95.01% accuracy, outperforming established architectures such as ResNet50 and MobileNet-v2. High F1-scores across all classes demonstrate robustness. Score-CAM enhances interpretability by highlighting decision regions. The study confirms RWC-Net’s reliability for automated waste sorting and recommends extending it to more waste types and real-world recycling applications.
Ahmad, Khan, and Al-Fuqaha (2020) propose a double-fusion approach to improve image-based waste classification by combining features and outputs from multiple CNNs, including AlexNet, VGGNet, GoogleNet, and ResNet. Using the TrashNet dataset, the method integrates early and late fusion strategies with optimized weighting through particle swarm optimization. Results show a 3.58% accuracy improvement over single models and conventional fusion techniques. The study demonstrates that multi-CNN feature integration significantly enhances classification reliability for automated waste management systems.
Sayem et al. (2024) propose a deep learning-based system to automate waste sorting and improve recycling efficiency. Using CNNs trained on diverse waste images with augmentation and object detection techniques, the system accurately classifies and detects various waste types. Evaluated via accuracy, precision, recall, and F1-score, it demonstrates high reliability and performance. The approach reduces human labor, enhances sorting efficiency, and can be applied in automated recycling facilities, showing that deep learning effectively supports sustainable and efficient waste management practices.
Sallang et al. (2021) develop a CNN-based waste classification system using TensorFlow Lite for lightweight deployment on IoT devices with LoRa-GPS for real-time location monitoring. Trained on diverse waste images, the model accurately classifies waste while enabling remote tracking and management. Designed for smart cities, it reduces resource usage and automates sorting. The combination of lightweight deep learning and IoT improves waste collection efficiency, provides immediate data for monitoring, and supports scalable, low-power smart waste management systems with potential for further expansion.
Chhabra et al. (2024) develop a DCNN-based system to classify household waste into organic and recyclable materials, improving on standard CNNs through hyperparameter tuning and architectural enhancements. Using 25,077 images, the model achieved 93.28% accuracy with low MDR (2.6%) and FDR (4.5%), outperforming VGG16, VGG19, MobileNetV2, DenseNet121, and EfficientNetB0. The system automates sorting, reduces manual labor, promotes sustainability, and enhances recycling efficiency, demonstrating that advanced deep learning models can effectively support smart waste management in urban environments.
Malik et al. (2022) develop an EfficientNet-B0-based model to classify municipal solid waste into bio, plastic, glass, metal, and paper. Optimized with transfer learning and trained on ImageNet, the system achieves accuracy comparable to EfficientNet-B3 but with fewer parameters and greater efficiency. Lightweight and resource-efficient, it can operate in varied environments, enabling automated, adaptable waste sorting. The model enhances waste management, supports deployment in resource-limited settings, and shows potential for further improvement to handle more waste types and real-time applications.
Yang and Li (2020) develop WasNet, a lightweight CNN for accurate waste classification in low-resource environments. Integrated with smart bins, a mobile app, and a centralized platform, it automates waste sorting and management. Using data augmentation and attention modules (SE, CBAM), WasNet achieves high accuracy on multiple datasets (TrashNet 96.1%, Huawei 82.5%). With only 1.5 million parameters, it outperforms ShuffleNet-V2 and MobileNetV3-Small. The system enhances sustainable waste disposal, reduces manual labor, and enables efficient municipal waste monitoring and decision-making.



















3.0 Methodology
3.1 Dataset Description
This study adopts the use of publicly available waste image data, such as TrashNet, which consists of labeled images of both recyclable and non-recyclable waste of different types, plastic, paper, metal, glass, and organic waste. The dataset was selected with great care to balance the classes and to provide sufficient sample diversity. Preprocessing steps were implemented to improve the model generalization such as resizing pictures to a standard image size, normalization of the pixel values and filtering of noisy pictures or those of poor quality. In addition, data augmentation models like rotation, horizontal flipping, scaling, and brightness control were used to augmented data variability and made the models more resilient to environmental visual variations. 
3.2 Model Selection
This study concentrates on low-computational variant of CNN specifically MobileNetV2, SqueezeNet and EfficientNet-Lite because these were chosen due to its demonstrated balance between accuracy and resource efficiency. MobileNetV2 uses depthwise separable convolutions, which are used to minimize the number of computations, SqueezeNet uses fire modules, which are used to minimize the number of parameters without reducing the performance, and EfficientNet-Lite uses a compound scaling, which is used to reduce the number of features extracted efficiently. These architectures have been selected to measure trade-offs between the accuracy of classification, model size and inference speed within constrained environments.
3.3 Experimental Setup
The simulations were run on a mid-range laptop (Intel i7 CPU, 16 GB RAM) and a representative edge device to simulate the low-resource deployment cases. Implementation of lightweight models designed to run on mobile and embedded devices was done in TensorFlow Lite, and Python is the main programming environment. The purpose of the experimental setup was to evaluate the work of models with real world computational limits.
3.4 Evaluation Metrics
The standard classification measures such as accuracy, precision, recall and F1-score were used to assess model performance. The evaluation of computational efficiency was based on the latency (inference time per image), memory footprint, and model size, which should give a complete picture of the appropriateness of each CNN variant in the low-resource implementation of waste identification systems.



























4.0 Results
Table 1: Classification Performance Comparison
	CNN Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)

	MobileNetV2
	91.2
	90.5
	91.0
	90.7

	SqueezeNet
	87.5
	86.8
	87.0
	86.9

	EfficientNet-Lite
	92.4
	92.0
	92.1
	92.0



[image: C:\Users\SOAR\OneDrive\מסמכים\Mrs. Olumode Msc\bar chart.png]
Figure 1: graph of Classification Performance Comparison
Figure 1 shows the performance of three low-computational CNN models, which are MobileNetV2, SqueezeNet, and EfficientNet-Lite, in classifying recyclable wastes. EfficientNet-Lite attains the best performance with 92.4% accuracy and 92.0% F1-score and, thus, a better balance between the precision and the recall. MobileNetV2 has a slightly lower accuracy of 91.2 and F1-score of 90.7, showing a competitive capability of classification. SqueezeNet has the lowest values, 87.5% accuracy and 86.9% F1-score, but it has the advantage of lightweight architecture. In general, the graph shows that there is a trade-off point between the complexity of models and performance, with EfficientNet-Lite offering the best classification performance when deployed in low-resource settings.

Table 2: Evaluation Metric
	CNN Model
	Accuracy (%)
	F1-Score (%)
	Latency (ms)
	Memory Usage (MB)
	Model Size (MB)

	MobileNetV2
	91.2
	90.7
	18
	120
	14

	SqueezeNet
	87.5
	86.9
	12
	90
	5

	EfficientNet-Lite
	92.4
	92.0
	22
	140
	120


Table 2 shows trade-offs between classification and computational efficiency between low-computational CNN models used to identify recyclable waste. EfficientNet-Lite has the highest accuracy (92.4%), F1-score (92.0%), and is the most efficient in terms of classification, 22 ms latency, 140 MB memory use, and 20 MB model size. SqueezeNet is the smallest, and its latency (12 ms), memory (90 MB), and model size (5 MB) are the lowest, but the accuracy (87.5) and F1-score (86.9) are worse. MobileNetV2 offers a trade-off between performance (91.2% accuracy) and moderate latency and memory usage, which enables it to be deployed successfully in limited resources.
4.1 Discussion
The findings show evident differences in performance of the low-computational CNN models that have been evaluated. EfficientNet-Lite had the best accuracy (92.4), F1-score (92.0), which implies that it has a high capacity of detecting recyclable waste with the least misclassifications. The difference in its performance and computational requirements (slightly higher latency of 22 ms and memory consumption of 140 MB) indicates the trade-off but implies that this model may be deployed in the environment with moderate hardware requirements. MobileNetV2, with 91.2 and 90.7 accuracy and F1-score, provides a compromise between the performance of classification and efficiency as well as it is very appropriate in a mobile environment or edge deployments where resources are more likely to be a bottleneck. Although SqueezeNet is the fastest and lightest model (12 ms latency, 90 MB memory, 5 MB model size), it is the least accurate (87.5%) and F1-score (86.9%), meaning that it might not work well in settings where there is a need to ensure high classification reliability.  These results are in line with existing literature that lightweight CNN models can achieve acceptable accuracy, much smaller model size and lower computational cost. The past studies tended to emphasise one of the two; accuracy or efficiency, though this paper emphasises the need to consider both together especially in cases of low resources deployment. In a more pragmatic viewpoint, these models allow real-time or near real-time recyclable wastes to be identified in an environment with inferential computing capability, like developing areas or intelligent recycling receptacles. EfficientNet-Lite can be used with centralized or semi-automated sorting systems, MobileNetV2 can be implemented in handheld devices or mobile devices, and SqueezeNet can be deployed on devices with limited resources when speed and memory consumption are extremely important. In general, these findings can be used to implement practical suggestions to create sustainable waste management systems based on AI.

















5.0 Conclusion
This study compared the results of low-computational convolutional neural network (CNN) models, namely, EfficientNet-Lite, MobileNetV2 and SqueezeNet in recyclable waste recognition in low-resource settings. These findings suggest that EfficientNet-Lite has the best classification accuracy (92.4%), F1-score (92.0%), which proves its high potential to identify correctly the recyclable materials. MobileNetV2 provided a trade-off on performance and efficiency with a slightly lower accuracy (91.2) but medium latency and memory consumption due to which it could be deployed to a mobile or edge environment. Although SqueezeNet has the highest inference (12 ms) and minimum memory footprint (90 MB), its accuracy (87.5%) was relatively lower, which is an indicator of the trade-off between the simplicity of the model and its ability to classify. This study adds to the AI and sustainable waste management by delivering a comparative analysis of the low-computational CNNs on a systematic basis, focusing on the classification and computational efficiency. These lessons are especially useful when developing AI-based waste sorting systems in resource-limited environments, i.e. developing countries or smart bins. This study helps to show that scalable, inexpensive, and sustainable solutions to automated recycling can be achieved by showing how low-weight models can achieve high accuracy and reduce hardware needs. To practitioners, the results suggest the use of CNN models depending on deployment factors: EfficientNet-Lite with semi-automated systems or centralized systems, MobileNetV2 with mobile apps, and SqueezeNet with ultra-low-resource systems. In the eyes of researchers, future studies may include hybrid or quantized models, larger and more diverse data and combination with multimodal sensors to further improve the performance, reliability, and applicability in real world waste management situations.
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