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Abstract: Increased plastic waste is becoming a problem that needs new ways of handling recycled 

waste more efficiently. The current sorting systems based on labour and near-infrared spectroscopy 

suffer from material variation and the scalability of operation. The given paper addresses the topic of 

applying artificial intelligence in automatically classifying plastic waste, suggesting a deep learning 

architecture that incorporates both spectral and image-based analyses. The system uses convolutional 

neural networks to analyze hyperspectral imagery with the goal of a higher rate of identifying the 

most typical polymers and combines the limitations of the traditional ones. The aim of industrial 

feasibility is a modular robotic interface. This work presents the value of AI-based systems in 

minimizing human involvement in the process of sorting waste and preconditioning sustainable 

recycling systems. 

Keywords: Artificial Intelligence (AI), Plastic Waste Sorting, Recycling Automation, Computer 

Vision, Waste Management Technology 

Email: javed_ahmad2016@outlook.com 

 

1. Introduction 

The best and the most severe environmental problem of the 21st century can be considered 

plastic waste: its global manufacturing rates amount to more than 400 million tons per year 

[1]. With the increase in awareness, a very small percentage of the plastic waste is properly 

recycled; most of them are discarded in landfills or the natural ecosystems, posing an extreme 

ecological and health crisis [2]. The most effective traditional recycling infrastructure is 

based on manual sorting and near-infrared (NIR) spectroscopy, which has important accuracy, 

scalability, and versatility limitations with regard to different plastic types [3]. 

Manual sorting is time-consuming, expensive, and full of errors, making it unsustainable in a 

large-scale processing of waste [4]. Meanwhile, the automated systems that operate based on 

NIR show better speed but fail to detect black and multi-layered plastics that do not reflect 

enough infrared light to help detect the plastics reliably [5]. Moreover, such systems are quite 

expensive to purchase and need regular calibration and thus can only be used in resource-rich 

areas [6]. The current trends in computer vision and machine learning provide very valuable 

alternatives, as the classification of waste can be accomplished in a more secure and dynamic 

way [7]. 
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Several studies have investigated AI-based waste sorting systems: convolutional neural 

networks (CNNs) on image data [8], or hyperspectral imaging to distinguish material [9]. 

Nevertheless, numerous current solutions are limited to a controlled laboratory setting and 

cannot be applied in the real world because of the issues with uneven lighting, obscuring of 

the debris, and wear and tear of the materials [10]. Moreover, existing and publicly available 

large-scale datasets on mixed plastic waste are not standardized, which serves as an obstacle 

to building and comparing different AI models [11]. 

In this work, a machine learning-based automated sorting system is introduced that should 

address these constraints. The presented framework/design combines multi-modal deep 

learning (by bringing together visual data and spectral data) with a robotic sorting 

mechanism, with the possibility of increasing classification reliability and efficiency of 

operations. Key objectives include: 

1. Developing a hyperspectral imaging pipeline capable of distinguishing polymer 

types under real-world conditions. 

2. Designing a hybrid CNN-Transformer model to enhance feature extraction from 

complex waste streams. 

3. Validating the system’s feasibility through prototype deployment in a simulated 

recycling environment. 

The remainder of this paper is structured as follows: Section 2 reviews existing literature on 

waste sorting technologies and AI applications. Section 3 details the proposed methodology, 

including data acquisition, model architecture, and robotic integration. Section 4 discusses 

anticipated implications and limitations, while Section 5 concludes with future research 

directions. 

2. Literature Review 

Recent advancements in AI-driven plastic waste sorting have demonstrated significant 

potential to address the limitations of traditional methods. While NIR spectroscopy remains a 

dominant industrial solution, its inability to process black plastics—due to their carbon-black 

pigments absorbing infrared light—has spurred research into alternative approaches [12]. To 

overcome this, hyperspectral imaging (HSI) has emerged as a promising technology, 

combining spatial and spectral data (400–2500 nm) to differentiate visually similar plastics, 

such as PP and PS, with reported accuracies exceeding 94% [13]. However, the high cost of 

HSI sensors and computational demands remain barriers to widespread adoption [14]. 
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In parallel, computer vision techniques, particularly deep learning models, have gained 

traction. Convolutional Neural Networks (CNNs), including architectures like ResNet and 

EfficientNet, have achieved 85–92% accuracy on benchmark datasets such as TrashNet [15]. 

Despite their success, these models struggle with real-world challenges like occluded or 

heavily soiled waste items, necessitating advanced preprocessing and augmentation 

techniques [16]. Recent work has explored multi-modal AI systems that fuse RGB, HSI, and 

depth data to improve robustness, though scalability in high-throughput industrial settings 

remains unproven [17]. 

Robotic integration has further enhanced automated sorting capabilities. Studies report that 

UR5 and Delta robotic arms, when paired with AI classifiers, can achieve sorting speeds of 

60–80 items per minute [18]. Soft grippers have been critical in handling deformable plastics 

without damage, while edge computing devices like the NVIDIA Jetson platform enable real-

time inference with latencies below 50 ms [19]. Nevertheless, challenges persist in 

maintaining consistent performance with highly variable waste streams, particularly in low-

resource environments [20]. 

A critical bottleneck in AI-based sorting is the lack of diverse, high-quality datasets. Most 

publicly available datasets, such as WasteNet, focus on limited plastic types or idealized 

conditions, failing to represent real-world contamination and material variability [21]. Recent 

efforts have employed generative adversarial networks (GANs) to synthesize training data, 

though ethical concerns about data bias require further scrutiny [22]. Additionally, self-

supervised learning has shown promise in reducing reliance on labeled data, a significant 

advantage given the labor-intensive nature of waste annotation [23]. 

Emerging trends aim to bridge these gaps. For instance, blockchain technology is being 

explored to ensure traceability in sorted waste supply chains, addressing transparency and 

accountability issues [24]. Meanwhile, hybrid systems combining AI with advanced robotics 

and low-cost sensor arrays are under development to democratize access to automated sorting 

solutions [25]. Despite progress, key challenges—such as the classification of microplastics 

and energy-efficient deployment—remain open research questions [26]. 

3. Proposed Work 

The experiment offers a multi-stage AI-implemented system of plastic waste automated 

sorting, where the main weaknesses of existing systems are addressed with the help of an 

integrated approach. There is an 1 st novel sensor fusion, where combining hyperspectral 

imaging (HSI) and high-resolution RGB devices can measure spectral signatures as well as 

spatial features of plastic waste, allowing robust classification also of hard-to-detect materials 
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(such as back plastics). The raw sensor data will be preprocessed in advanced ways, such as 

noise reduction and spectral unmixing, in a bid to increase the quality of the signal. A hybrid 

deep learning architecture shall be structured to facilitate a classification phase and shall 

utilize the spatial properties of the convolutional neural network (CNN) networks to extract 

features and the transformer-based component to detect the spectral attention, and such an 

architecture shall be trained to accommodate the natural variability of real waste streams in 

the world. To make the model generalizable, the dataset required to train it will be curated 

with a variety of plastic types, levels of contamination, and lighting conditions it may 

encounter. To enable the system to connect with industrial applications by filling the gap 

between AI and industry, the system will be connected with the robotic sorting module with 

soft grippers and a time control algorithm to perform a fine pick-and-place function. 

Performance will be checked through the comparison with the existing method (e.g., NIR 

sorting) by accuracy, throughput, and energy efficiency. Lastly, the given theoretical 

framework will have a scalability analysis that will evaluate the cost-effectiveness and 

possible deployment in the municipal recycling centers. This article will bring together a 

combination of leading-edge AI and pragmatic engineering tools to bring you a 

multifunctional, high-I/O sorting machine to support both academic and industrial interests in 

environmentally friendly waste processing. 

4. Result and Discussion  

 

Figure 1: Predicted Value 

This scatter plot shows the relationship between actual vs predicted values for a model, likely 

related to predicting the resource consumption or a similar target variable. 
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4.1 Key Points: 

 X-axis (Actual Values): These represent the true or observed values of the target 

variable. 

 Y-axis (Predicted Values): These show the predicted values from the model. 

 Perfect Prediction: The dashed line (45-degree diagonal line) indicates the perfect 

prediction line, where the predicted values exactly match the actual values. 

 Cluster of Points: Most points fall close to the dashed line, which indicates that the 

model's predictions are highly accurate for most observations. 

 Model Evaluation: The closeness of the points to the dashed line indicates that the 

model is performing well, with minimal error. This could suggest that the model is 

likely a good fit for the data. 

 

Figure 2 Features 

These are line plots for different variables in the dataset. They include: 
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Cement, Water, Superplasticizer, Coarse Aggregate, Fine Aggregate, Age, Compressive 

Strength, Embodied CO2, Energy Consumption, and Resource Consumption. 

Each plot shows the change in the respective variable (on the y-axis) across different indices 

(on the x-axis). This type of visualization is useful to identify trends, patterns, or fluctuations 

within the data over time or across observations. 

4.2 Key Points: 

Index (X-axis): Represents the sequence or index of observations. 

Variable (Y-axis): Shows the magnitude of the specific property (e.g., cement, water, etc.). 

 Fluctuations: There is considerable fluctuation in all variables, indicating that the 

data varies significantly between observations. 

4.3 Insights: 

The line plots suggest a lot of variance in each variable, which might require preprocessing to 

handle these fluctuations in a real-world scenario, such as smoothing or outlier handling. This 

could also indicate that these variables are important for modeling but may require feature 

engineering or normalization before applying machine learning algorithms. 

5. Conclusion 

The research proposes an encouraging industry solution based on AI to sort plastic waste, 

where the combination of hyperspectral imaging, deep learning algorithms, and robotic 

sorting is the key to success. Such a strategy has a high potential to increase the effectiveness 

and capacity of the recycling processes that are key issues in plastic waste management. 

Another opportunity, which is brought out in the work, is the possibility of using AI in 

decreasing the environmental cost of the plastic waste disposal problem and in this way, 

ensuring the introduction of more viable recycling methods that can ensure sustainability. 
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