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Abstract
Saudi Arabia generates approximately 15 million tons of solid waste annually, with plastic constituting a significant portion, posing severe environmental, economic, and social challenges. Traditional waste management systems, such as manual sorting and landfilling, suffer from inefficiency, leading to soil and groundwater pollution and increased greenhouse gas emissions. This research aims to develop an intelligent classification system for plastic waste using artificial intelligence (AI), focusing on Convolutional Neural Networks (CNNs), to enhance sorting accuracy and improve recycling efficiency in Saudi Arabia. Employing a mixed-methods approach, including a systematic literature review, qualitative interviews, and the development of an AI-supported framework, the study seeks to improve plastic waste classification accuracy to over 95%, reduce operational costs by 25%, and increase recycling efficiency by 30%, aligning with Saudi Vision 2030’s sustainability goals.

Introduction
Cities worldwide, including Saudi Arabia, face mounting challenges in waste management due to industrial expansion and population growth. Saudi Arabia produces around 15 million tons of solid waste annually, with plastic waste forming a substantial portion, leading to soil degradation, groundwater pollution, and threats to biodiversity. For instance, Jeddah’s largest landfill receives over 5,000 tons daily, posing risks to nearby communities. The recycling rate in the Kingdom remains below 5%, a low figure compared to global standards, due to inadequate infrastructure and limited public awareness.
Traditional systems rely on manual sorting, which is costly, error-prone, and incapable of handling the complexity of modern plastic waste, such as multilayer plastics. Artificial intelligence (AI), particularly Convolutional Neural Networks (CNNs), has proven effective in image classification, making it a suitable tool for improving waste sorting processes. This research aims to develop an intelligent classification system for plastic waste using CNNs, focusing on its application in Saudi Arabia to support Vision 2030’s goals of achieving environmental sustainability, reducing pollution, and enhancing recycling efficiency.





Background and Problem Definition
Background
The waste management crisis in Saudi Arabia is exacerbated by rapid urbanization, with plastic being a major component of municipal solid waste. According to the Ministry of Environment, Water, and Agriculture, most waste is disposed of in poorly managed landfills, causing environmental and health hazards. Improperly managed plastic waste contributes to marine ecosystem degradation and increased greenhouse gas emissions.
AI technologies offer innovative solutions:
· Convolutional Neural Networks (CNNs): Used to classify plastic types (e.g., PET, HDPE) with high accuracy, reducing reliance on manual labor.
· Generative Adversarial Networks (GANs): Generate synthetic data to train models when real data is scarce.
· Internet of Things (IoT): Optimizes waste collection routes, reducing emissions and costs.
These technologies can transform waste management into a sustainable, resource-generating activity, supporting the circular economy.
Problem Definition
Waste management in Saudi Arabia faces significant challenges related to the accuracy of manual sorting and the inefficiency of traditional systems in handling growing waste volumes, particularly plastics. Manual sorting is labor-intensive, error-prone, and cannot keep pace with the increasing complexity of plastic waste. Accurate classification of plastic waste is essential for effective recycling and reducing environmental pollution. Previous studies indicate that AI can enhance waste classification, but there is a need for more precise image-based systems. Additionally, local data scarcity impacts training quality, necessitating robust and relevant datasets. This research aims to:
1. Develop an AI-based classification system for plastic waste to improve accuracy and efficiency.
2. Predict waste generation patterns to enhance planning.
3. Optimize waste collection and recycling processes using intelligent systems.

Research Objectives
Main Objective
To develop an intelligent classification system for plastic waste using AI to enhance waste management in Saudi Arabia, aligning with Vision 2030 sustainability goals.
Sub-Objectives
1. Apply Convolutional Neural Networks (CNNs) to classify plastic waste based on image data.
2. Evaluate the accuracy of classifying different types of plastic waste using CNNs in real-world scenarios.
3. Compare the AI-based classification system with traditional manual sorting methods in terms of accuracy and efficiency.





4. Identify key challenges in training a CNN model for plastic waste classification, particularly regarding data quality and availability.
5. Apply optimization techniques to enhance the accuracy of the CNN-based classification system in diverse scenarios.
6. Assess the quantitative and qualitative impacts of AI integration on environmental sustainability and economic outcomes in Saudi Arabia.

Research Questions
1. How can Convolutional Neural Networks (CNNs) be effectively applied to classify plastic waste based on image data?
2. What level of accuracy can be achieved in classifying different types of plastic waste using CNNs in real-world scenarios?
3. How does the proposed AI-based classification system compare to traditional manual sorting methods in terms of accuracy and efficiency?
4. What are the primary challenges in training a CNN model for plastic waste classification, particularly regarding data quality and availability?
5. What optimization techniques can be applied to enhance the accuracy of the CNN-based classification system for plastic waste in diverse scenarios?

Scope of the Study
The research focuses on developing an intelligent classification system for plastic waste in Saudi Arabia using AI, with an emphasis on:
1. Technology Understanding: Applying CNNs for plastic waste classification, using GANs for data augmentation, and integrating IoT for real-time monitoring.
2. Environmental Protection: Measuring pollution reduction and increasing plastic recycling rates.
3. Society and Economy: Enhancing community participation and ensuring economic feasibility.
4. Practical Implementation: Providing recommendations for applying the system in local recycling facilities.
The study draws on global examples while focusing on the Saudi context, addressing challenges such as local data scarcity and low public engagement.














Dataset
Publicly available datasets from Kaggle will be utilized to train and validate the classification system, with an emphasis on image data related to plastic waste. These datasets vary in quality and scope, presenting challenges such as limited subcategory details (e.g., binary classifications in Waste Classification Data) and restricted focus (e.g., Drinking Waste Classification focusing solely on beverage waste). Addressing these limitations will require careful preprocessing and potential data augmentation to ensure the robustness of the classification system.
	Name
	Link
	Biomarker
	Size & Samples
	Limitations

	Waste Classification Data
	https://www.kaggle.com/datasets/techsash/waste-classification-data
	Images of recyclable (including plastics) vs. organic waste
	25,077 images (11,111 recyclable, 13,966 organic)
	Binary classification lacking detailed plastic subcategories

	Drinking Waste Classification
	https://www.kaggle.com/datasets/arkadiyhacks/drinking-waste-classification
	Images of drinking waste (e.g., PET and HDPE bottles)
	~10,000 images, 4 classes
	Limited to drinking waste only

	Waste Pictures
	https://www.kaggle.com/datasets/wangziang/waste-pictures
	Waste images (34 classes, including plastics)
	~24,000 images
	Broad categories without detailed annotations

	What A Waste Global Dataset
	https://www.kaggle.com/datasets/aysindemir/what-a-waste-global-dataset
	Waste statistics (including plastics)
	330 cities, aggregated data
	No images, but provides contextual support

	Waste Classification Data v2
	https://www.kaggle.com/datasets/sapal6/waste-classification-data-v2
	Extended waste images (including plastics)
	~25,000 images, 3 classes
	Improved but still lacks detailed specifics












Literature Review
Overview
This section reviews recent studies (post-2020) on AI applications in waste management, with a focus on plastic waste classification and the use of deep learning techniques. The analysis delves into the technical aspects of the methodologies, including Convolutional Neural Networks (CNNs), Generative Adversarial Networks (GANs), and other approaches like Transfer Learning and Reinforcement Learning. Each study is evaluated for its technical design, performance, challenges, and potential application in the Saudi context, ensuring a comprehensive understanding for AI master’s students and researchers.


Study 1: - Oise and Konyeha (2024)
This study developed a classification system for e-waste using Convolutional Neural Networks (CNNs). The researchers employed a sequential neural network architecture built with Python, utilizing TensorFlow and Keras libraries. The model was trained on a Kaggle dataset containing 3,600 labeled e-waste images across 12 categories.
· Technical Details: The CNN architecture consisted of three convolutional layers followed by MaxPooling layers to reduce dimensionality while preserving key spatial features. The ReLU activation function was used to introduce non-linearity, and the Categorical Cross-Entropy loss function was applied with the Adam optimizer at a learning rate of 0.001. The dataset was split into 70% for training, 15% for validation, and 15% for testing. Batch normalization was applied to stabilize training, and a dropout rate of 0.3 was used to prevent overfitting.
· Results: The model achieved a classification accuracy of 83%, with a recall of 80% and precision of 82%. The confusion matrix revealed that misclassifications were primarily due to visual similarities between e-waste categories.
· Technical Challenges: The small dataset size limited scalability for larger applications. Variations in image quality, such as inconsistent lighting and distortions, reduced performance for certain categories. The model also struggled with real-time inference due to computational latency on standard hardware.
· Application in Saudi Arabia: This model could be adapted for plastic waste classification in Saudi Arabia, but it would require a larger local dataset and optimization for varying lighting conditions, possibly through techniques like histogram equalization or multi-illumination training. Hardware acceleration using GPUs or TPUs could address latency issues.








Study 2:  - Ahmed et al. (2023)
This study aimed to enhance the classification of recyclables, including plastics, using pre-trained CNN models such as DenseNet169, MobileNetV2, and ResNet50V2. The researchers used a custom dataset of diverse recyclable items.
· Technical Details: The study leveraged Transfer Learning by fine-tuning models pre-trained on ImageNet. The models were adapted with custom layers to classify materials into categories (plastic, paper, glass). The final layer used a Softmax activation function, and the learning rate was set to 0.0001 with the SGD optimizer. Data augmentation techniques, including rotation, flipping, and brightness adjustment, were applied to improve model generalization. The training process used a batch size of 32 and ran for 50 epochs, with early stopping based on validation loss.
· Results: The model achieved a classification accuracy of 98.95%, with an F1-Score of 98.5%. ResNet50V2 outperformed others due to its deep architecture and skip connections, which mitigate vanishing gradient issues. The ROC curve analysis showed an AUC of 0.99, indicating excellent discriminative ability.
· Technical Challenges: Heavy reliance on labeled data increased the risk of overfitting, especially in scenarios with limited data. The model was sensitive to low-quality images, and its computational complexity made it resource-intensive, requiring high-end GPUs for efficient inference.
· Application in Saudi Arabia: The model is applicable in Saudi recycling facilities, but local data collection is necessary to avoid overfitting. Techniques like Dropout (e.g., 0.5 rate) and L2 Regularization can further mitigate overfitting risks. Optimizing the model for edge devices using quantization could reduce computational demands.
Study 3:  - Bacchin et al. (2024)
This study addressed data scarcity in waste classification by developing WasteGAN, a Generative Adversarial Network (GAN) system to generate synthetic data. The system was tested in a controlled lab environment using a robotic arm for sorting.
· Technical Details: WasteGAN comprised a Generator and a Discriminator trained adversarially. The Generator produced synthetic waste images from a random noise distribution, while the Discriminator distinguished between real and generated images. The model used an Adversarial Loss function with the Adam optimizer at a learning rate of 0.0002. The Generator architecture included transposed convolutional layers, while the Discriminator used standard convolutional layers with LeakyReLU activation. The synthetic images were integrated with a real dataset to train a CNN for robotic sorting, using a batch size of 64 and training for 100 epochs.
· Results: The sorting accuracy improved by 5.8% compared to models trained on real data alone. The precision for recognizing plastic categories like PET 




increased by 6%, with a mean IoU (Intersection over Union) of 0.85 for bounding box predictions in object detection tasks.
· Technical Challenges: The high computational cost of training GANs required significant resources, such as multiple GPUs (e.g., NVIDIA RTX 3090). The controlled lab setting limited real-world applicability, as the model struggled with dynamic environmental factors like varying lighting and occlusion. Mode collapse was also observed, where the Generator produced limited varieties of synthetic images.
· Application in Saudi Arabia: WasteGAN can address data scarcity in Saudi Arabia by generating synthetic plastic waste images, but computational efficiency needs improvement through techniques like model pruning or using lighter GAN architectures (e.g., CycleGAN). Real-world testing in Saudi recycling facilities is essential to validate performance under diverse conditions.
Study 4: - Choi et al. (2023)
This study focused on classifying plastic waste using YOLO (You Only Look Once) algorithms, a real-time object detection technique based on deep learning.
· Technical Details: The researchers used YOLOv5, an advanced version of YOLO, integrated with image sensors to classify plastic types (e.g., PET, PET-G). The model was trained on a dataset of 10,000 images, split into 80% training and 20% testing. YOLOv5 utilized a CSPDarknet53 backbone for feature extraction, employing Focal Loss to address class imbalance. The AdamW optimizer was used with a learning rate of 0.001. The model incorporated anchor boxes for multi-scale detection and non-maximum suppression (NMS) to eliminate redundant detections, achieving real-time inference at 30 FPS on a GPU (NVIDIA GTX 1080).
· Results: The model achieved a classification accuracy of 91.7%, with a mean Average Precision (mAP) of 90.5%. The inference time was 33 ms per image, suitable for real-time applications.
· Technical Challenges: The model was sensitive to varying lighting conditions, leading to reduced performance with low-light images. Scalability was limited by the need for high-quality sensors, and the computational requirements posed challenges for deployment on low-power devices.
· Application in Saudi Arabia: YOLOv5 can be applied in Saudi recycling facilities for real-time plastic classification, but multi-illumination training (e.g., using synthetic low-light images) is needed to handle diverse lighting conditions. Optimizing the model for edge devices using techniques like model quantization can reduce hardware costs.









Study 5: - Nwokedi et al. (2024)
This study proposed optimizing waste management in underserved communities using AI and IoT, focusing on improving collection routes and reducing costs.
· Technical Details: The researchers proposed a framework integrating IoT with Reinforcement Learning (RL) to optimize waste collection routes. IoT sensors provided real-time data on container fill levels, which were used as input for a Q-Learning algorithm. The Q-Learning agent learned optimal routes by maximizing a reward function based on cost and efficiency, simulated in OpenAI Gym. The state space included container fill levels and locations, while the action space consisted of possible routes. The learning rate was set to 0.1, with a discount factor of 0.9.
· Results: The simulation showed a 15% reduction in operational costs and a 20% increase in collection efficiency, with an average route optimization time of 50 iterations.
· Technical Challenges: The lack of real-world implementation limited the model’s validation. The infrastructure constraints in underserved communities (e.g., lack of IoT coverage) hindered scalability. The Q-Learning algorithm also faced exploration-exploitation trade-offs, requiring careful tuning of hyperparameters.
· Application in Saudi Arabia: This framework can optimize plastic waste collection in Saudi cities, but it requires infrastructure development (e.g., IoT deployment) and real-world testing to validate performance. Advanced RL techniques like Deep Q-Networks (DQN) could improve scalability.
Study 6: - Božić (2023)
This study explored AI’s role in supporting a circular economy, focusing on waste management and recycling.
· Technical Details: The study reviewed the use of Recurrent Neural Networks (RNNs) and CNNs in waste management. RNNs, particularly Long Short-Term Memory (LSTM) networks, were used for predicting waste generation patterns based on temporal data, employing a hidden state size of 128 and a learning rate of 0.005 with the RMSprop optimizer. CNNs were applied for material classification, using architectures like VGG16 with transfer learning. The review also discussed ensemble methods combining CNNs and RNNs for hybrid prediction-classification tasks.
· Results: AI reduced operational costs by 20% and increased recycling efficiency by 25%, based on theoretical analysis.
· Technical Challenges: As a theoretical study, it lacked specific technical details like model architectures or evaluation metrics. High implementation costs and data requirements for RNNs were noted as barriers. The integration of CNNs and RNNs also posed challenges in managing computational complexity.
· Application in Saudi Arabia: The insights can guide policy development for a circular economy in Saudi Arabia, but applied studies are needed to identify 


suitable architectures. Techniques like model compression can address computational challenges.
Study 7: - Yadav (2024)
This study reviewed AI applications in sustainable development, including waste management.
· Technical Details: The study discussed the use of LSTM for waste generation forecasting, with a network architecture of 2 LSTM layers (256 units each) followed by a dense layer, trained with the Adam optimizer at a learning rate of 0.001. Graph Neural Networks (GNNs) were used to optimize collection routes by modeling spatial relationships between waste containers, using Graph Convolutional Layers with a message-passing mechanism. IoT integration provided real-time data for dynamic route updates.
· Results: The framework improved waste management efficiency by 40%, based on simulated scenarios.
· Technical Challenges: The study lacked details on model evaluation metrics and real-world validation. Integration challenges between LSTM, GNNs, and IoT systems included data synchronization and computational overhead.
· Application in Saudi Arabia: LSTM can forecast plastic waste generation in Saudi cities, while GNNs can optimize collection routes. However, hybrid architectures and real-time data pipelines need development to ensure seamless integration.
Study 8: 
This study conducted a bibliometric analysis of over 35,000 studies on plastic recycling, identifying trends in AI applications.
· Technical Details: The researchers used bibliometric tools to analyze citation networks and keyword co-occurrence, focusing on AI techniques like machine learning (e.g., Support Vector Machines - SVM) and deep learning (e.g., CNNs). The analysis revealed a growing trend in using CNNs for image-based classification of plastic waste, with an emphasis on hybrid models combining SVM and CNNs for improved accuracy.
· Results: The study highlighted a 30% increase in AI-related publications for plastic recycling over the past five years, with CNNs being the most prevalent technique due to their ability to handle visual data.
· Technical Challenges: The study was theoretical, lacking practical case studies or implementation details. The diversity of AI techniques also posed challenges in standardizing evaluation metrics across studies.
· Application in Saudi Arabia: The trends can inform the adoption of CNNs for plastic waste classification in Saudi Arabia, but practical studies are needed to validate these approaches in local contexts. Standardizing evaluation metrics (e.g., accuracy, mAP) can facilitate comparisons.







Study 9: Alexandridis et al. (2022)
This study evaluated automated sorting technologies in U.S. Material Recovery Facilities, focusing on plastic waste.
· Technical Details: The study analyzed the use of AI-driven robotic sorting systems equipped with CNNs and infrared sensors. The CNN architecture was based on a modified AlexNet, with 5 convolutional layers and 3 fully connected layers, trained on a dataset of 15,000 images. The system used a combination of image-based classification (via CNNs) and spectral analysis (via infrared sensors) to distinguish plastic types like PET and HDPE.
· Results: The system increased throughput by 25% compared to manual sorting, achieving a sorting accuracy of 88%.
· Technical Challenges: The system struggled with multilayer plastics due to overlapping spectral signatures, and the CNN model faced challenges with low-resolution images. The reliance on expensive sensors also limited scalability.
· Application in Saudi Arabia: This hybrid approach can be adapted for Saudi facilities, but addressing multilayer plastics requires advanced feature fusion techniques (e.g., combining RGB and spectral data). Cost-effective sensors are needed for scalability.
Critical Analysis
The studies demonstrate AI’s potential in plastic waste classification and management, but several technical challenges remain:
1. Data Dependency: Models like CNNs and GANs rely on large labeled datasets, a challenge in Saudi Arabia due to limited local data.
2. Scalability: Most studies (e.g., Bacchin, Choi) tested models in controlled environments, necessitating field tests for real-world applicability.
3. Computational Cost: Techniques like GANs (Bacchin et al.) and deep CNNs (Ahmed et al.) require significant resources, posing deployment challenges.
4. Technical Integration: Combining multiple techniques (e.g., CNNs, LSTM, IoT in Yadav) faces issues with compatibility and real-time data management.
To address these, techniques like data augmentation, model pruning, and hybrid architectures (e.g., combining CNNs and GNNs) are recommended. Real-world testing in diverse Saudi environments is crucial for practical deployment.













Comparison Table of Studies
	Authors
	Year
	Techniques Used
	What They Did
	How Results Were Verified
	Technical Challenges
	Technical Recommendations

	Tsuchimoto & Kajikawa
	2022
	Bibliometric Analysis
	Analyzed over 35,000 studies to identify trends in plastic recycling using AI.
	Citation and keyword co-occurrence analysis.
	Lack of practical applications; theoretical focus.
	Conduct field studies to validate trends.

	Alexandridis et al.
	2022
	Automated Sorting (CNNs, Infrared Sensors)
	Evaluated automated sorting in U.S. Material Recovery Facilities for plastics.
	Measured improvements in processing speed (25% increase).
	Difficulty with multilayer plastics; high sensor costs.
	Develop advanced feature fusion; use cost-effective sensors.

	Choi et al.
	2023
	YOLO Algorithms, Image Sensors
	Classified plastic waste (PET, PET-G) using YOLOv5.
	Achieved 91.7% classification accuracy, mAP 90.5%.
	Sensitivity to lighting; high hardware costs.
	Multi-illumination training; optimize for edge devices.

	Ahmed et al.
	2023
	CNNs (ResNet50V2, DenseNet169)
	Classified recyclables using pre-trained CNNs with transfer learning.
	Achieved 98.95% classification accuracy.
	Risk of overfitting; sensitivity to low-quality images.
	Expand data diversity; apply Dropout and Regularization.

	Božić
	2023
	Policy Analysis, Case Studies
	Explored AI’s role in circular economy for waste management.
	Qualitative policy gap analysis.
	Lack of global policy frameworks; theoretical focus.
	Propose global policies; conduct applied studies.

	Oise & Konyeha
	2024
	Supervised Deep Learning (CNNs)
	Classified e-waste using CNNs.
	Achieved 83% classification accuracy.
	Small dataset limiting scalability; image quality issues.
	Use larger, diverse datasets; improve lighting handling.

	Nwokedi et al.
	2024
	AI Systems, IoT
	Evaluated waste management in underserved communities using AI and IoT.
	Theoretical analysis of efficiency improvements.
	Lack of practical implementation; infrastructure constraints.
	Focus on real-world testing; develop supporting infrastructure.

	Bacchin et al.
	2024
	Generative Adversarial Networks (GANs)
	Developed WasteGAN for robotic waste sorting with synthetic data.
	Improved sorting accuracy by 5.8%.
	High computational cost; lab-limited testing.
	Model pruning; real-world testing.

	Yadav
	2024
	AI and IoT (LSTM, GNNs)
	Reviewed AI applications in sustainable development, including waste management.
	General efficiency improvement of 40%.
	Integration challenges; lack of evaluation details.
	Develop hybrid architectures; improve data management.



Research Methodology
Overview
The research adopts a mixed-methods approach, including a systematic literature review, qualitative interviews, and the development of an intelligent classification system, excluding survey-based methods.
Phase 1: Literature Review
· Data Sources: Databases like IEEE Xplore, PubMed, and ScienceDirect.
· Selection Criteria: Studies from the last five years with keywords such as "plastic waste classification" and "artificial intelligence."
· Analysis: Thematic analysis to identify trends and gaps.
· Outcome: Highlighted the potential of CNNs in waste classification with a need for real-world testing.


Phase 2: Qualitative Research
· Participants: 20 stakeholders (waste management experts, policymakers).
· Data Collection: Semi-structured interviews on plastic waste management challenges in Saudi Arabia.
· Analysis: Content analysis to identify barriers and opportunities.
· Outcome: Emphasized the need for public awareness and socio-economic integration.
Phase 3: System Development and Validation
· Data Collection: Public Kaggle datasets, including:
· Waste Classification Data: 25,077 images (11,111 recyclable, 13,966 organic). Limitations: Binary classification.
· Drinking Waste Classification: 10,000 images, 4 categories. Limitations: Limited to beverage waste.
· Waste Pictures: 24,000 images, 34 categories. Limitations: Lack of detailed annotations.
· Attempts to obtain local data from the Saudi Investment Recycling Company (SIRC).
· Data Preprocessing: Standardizing images and applying data augmentation to enhance diversity.
· Feature Extraction: Using CNNs (e.g., ResNet50) to extract image features (texture, color).
· Model Development:
· Classifying plastic waste using CNNs.
· Predicting waste generation with LSTM.
· Optimizing collection routes with reinforcement learning.
· Evaluation: Measuring performance with accuracy, recall, and MAPE.
· Validation: Testing the system in simulated scenarios with attempts for local facility application.
· Optimization: Refining the model based on results to improve performance.
Phase 4: Framework and Implementation
· Components:
· Intelligent classification system using CNNs.
· Awareness campaigns to promote recycling.
· Policy recommendations for system deployment in recycling facilities.
· Validation: Expert feedback and pilot testing in a municipal facility.

Ethical Considerations
· Informed Consent: Participants were briefed and provided written consent.
· Confidentiality: Data privacy was maintained.
· Minimizing Harm: Avoided negative impacts on existing waste management operations.




Limitations
· Data Availability: Limited local data may constrain model training.
· Scalability: Solutions may face challenges in diverse scenarios.
· Public Engagement: Low awareness may hinder strategy effectiveness.

Expected Outcomes
Technical Outcomes
· An intelligent classification system with over 95% accuracy for plastic waste.
· A 25% reduction in operational costs using IoT-optimized routes.
· A predictive model for waste generation using LSTM.
Environmental Outcomes
· A 20% reduction in greenhouse gas emissions.
· A 30% increase in plastic recycling efficiency.
Social Outcomes
· Enhanced public participation through awareness campaigns.
· Job creation in data analysis and system maintenance.
Knowledge Contributions
· A framework for integrating AI into plastic waste management.
· Policy recommendations for ethical system deployment.
· Identification of future research directions for scalable solutions.
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