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Abstract 

Automated waste sorting has emerged as a crucial area of research in environmental sustainability as 

municipalities worldwide strive to increase recycling efficiencies, minimize landfill expansion, and advance 

circular economies. This review evaluates computer vision and data-analytics frameworks deployed for 

automated municipal solid waste (MSW) classification, paying specific attention to object detection 

networks, dataset varieties, edge-computing deployments, and operational research challenges. The 

literature demonstrates that contemporary automation models depend heavily on deep convolutional neural 

networks (CNNs), the YOLO framework, semantic segmentation, and edge single-board computers to 

categorize materials dynamically on rapid conveyor streams. Primary data sources include established open-

source benchmarks such as TrashNet and TACO alongside localized RGB-camera video captures. This 

comprehensive review highlights major research gaps, including severe performance degradation under 

real-world item deformation, a lack of multi-modal hyperspectral integration, high computational overhead 

on resource-constrained devices, and a profound geographical dataset bias. Based on these findings, future 

research should prioritize edge-tailored lightweight architectures, multi-sensor data fusion pipelines, and 

regionally inclusive data repositories. 
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1. Introduction 

The rapid acceleration of global urbanization and population growth has triggered an unprecedented surge 

in municipal solid waste (MSW) generation. According to global ecological metrics, municipal waste 

generation is projected to reach several billion tons annually by mid-century if left unchecked, presenting a 

severe threat to environmental sustainability, soil health, and climate mitigation efforts [1]. While recycling 

represents a core pillar of the circular economy, contemporary waste management infrastructures face a 

critical bottleneck: sorting efficiency. The vast majority of municipal recycling centers still rely heavily on 

manual sorting or rudimentary mechanical separation, which are slow, cost-prohibitive, and hazardous to 

human labor [2]. 
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To modernize this infrastructure, the field of waste management is undergoing a significant transition 

toward a computer vision and data analytics perspective. Over the last few years, the dropping cost of high-

definition camera hardware and the massive leaps in Deep Learning (DL) have made it possible to automate 

the visual inspection of complex waste streams [3]. By integrating camera systems above facility conveyor 

belts, intelligent software can instantly classify objects into functional recycling streams (e.g., plastics, glass, 

metals, and paper) at speeds and accuracies that far outpace human capabilities [4]. 

Despite the immense potential of artificial intelligence in waste sorting, several systemic challenges prevent 

seamless real-world adoption. Existing computer vision models are heavily optimized for idealized, clean 

laboratory datasets, failing to maintain high accuracy when dealing with crushed, deformed, dirty, or 

overlapping waste items on a real sorting line [5]. Furthermore, the lack of standardized edge-computing 

frameworks and real-time operational datasets within developing regions creates a massive geographic gap 

in technological equity [2]. 

 

Objectives of this Review 

To address these technical barriers, this paper provides a systematic evaluation of data-driven, automated 

waste sorting systems. Specifically, this study aims to: 

1. Categorize the dominant computer vision algorithms and model architectures used to identify 

recyclable materials. 

2. Characterize the primary public datasets and hardware configurations powering automated 

sorting frameworks. 

3. Systematically highlight the critical research gaps and data vulnerabilities currently limiting 

real-world deployment. 

4. Outline actionable future pathways to guide computer science researchers toward scalable, 

resilient environmental solutions. 

 

2. Literature Review 

The academic literature surrounding intelligent waste management sits at the intersection of computer 

vision, edge computing, and industrial automation. This section synthesizes previous research across three 

core dimensions: public datasets, deep learning methodologies, and hardware execution layers. 

2.1. Waste Datasets and Material Benchmarks 

The development of reliable deep learning models relies heavily on the availability of robust image datasets. 

The literature highlights a few foundational open-source datasets that serve as benchmarks for the computer 

science community [6]. The TrashNet dataset, containing thousands of curated images across six core 

categories, remains the most widely used baseline for initial image classification tests [7]. 

To push past idealized conditions, more recent studies leverage the TACO (Trash Annotations in Context) 

dataset, which focuses on litter in real-world environments with precise, pixel-level semantic segmentation 

annotations [8]. These datasets allow researchers to move away from simple "one-image, one-object" 

classification toward complex multi-object scene parsing. 
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2.2. Computer Vision & Deep Learning Methodologies 

The technical literature documents a swift evolution from manual, hand-crafted feature extraction (like SIFT 

or HOG algorithms) to end-to-end deep convolutional architectures [3, 9]. The dominant methodologies 

identified in contemporary waste-sorting studies fall into three main architectural groups: 

 

 

Model 

Architecture 

Type 

Common 

Frameworks / 

Networks 

Primary Application in Waste 

Analytics 

Image 

Classification 

ResNet, VGG, 

MobileNet 

Identifying the primary material 

category of an isolated, clean waste 

object [6, 7]. 

Object Detection YOLO (v5/v8/v10), 

SSD, Faster R-CNN 

Localizing, drawing bounding boxes, 

and classifying multiple overlapping 

waste items on moving conveyor belts 

in real-time [4, 9]. 

Instance 

Segmentation 

Mask R-CNN, 

Segment Anything 

Model (SAM) 

Extracting exact pixel boundaries of 

crushed or deformed items to guide 

robotic sorting arms [5, 8]. 

Table 1. Summary of dominant Deep Learning architectures and their specific applications in automated 

waste sorting  

Among these, the YOLO (You Only Look Once) family of models has emerged as the industry standard for 

real-world testing due to its exceptional inference speed, allowing edge systems to maintain high frame rates 

without sacrificing precision [4]. 

2.3. Hardware Architectures and IoT Deployment 

An emerging domain within the literature focuses on the practical deployment of these models outside of 

high-power computing labs. Researchers heavily explore Edge-AI paradigms, where optimized, lightweight 

neural networks are flashed onto compact microcontrollers or edge single-board computers, such as the 

NVIDIA Jetson series or Raspberry Pi paired with neural accelerators [10]. This localized hardware 

architecture ensures that sorting decisions can happen directly at the conveyor belt without relying on 

continuous cloud connectivity, minimizing network latency and data transfer costs [10]. 
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3. Identified Research Gaps 

Despite impressive laboratory accuracies, a systematic review of the literature reveals four critical gaps 

preventing widespread industrial deployment: 

1. The "Deformation and Contamination" Accuracy Drop: The vast majority of published 

models achieve over 95% accuracy when evaluated on clean, upright plastic bottles or flat sheets of 

paper. However, in real-world municipal facilities, waste is severely crushed, soiled, partially 

covered in organic liquid, or overlapping on a conveyor belt. Current computer vision frameworks 

experience a severe performance drop under these chaotic conditions due to a lack of occluded-waste 

training data [5]. 

2. Lack of Hyperspectral and Multi-Modal Integration: Standard RGB cameras cannot 

distinguish between different types of chemically distinct plastics that look visually identical (e.g., 

separating PET from HDPE). The literature lacks accessible, low-cost multi-modal frameworks that 

successfully merge traditional visual data with hyperspectral or near-infrared (NIR) data streams in 

real-time [3]. 

3. High Computational Overhead vs. Low-Power Constraints: While highly complex 

ensemble models and transformers offer high bounding-box accuracy, their computational weight is 

too massive for low-power edge deployment in remote sorting stations. There remains a critical 

research gap in model optimization techniques—such as deep pruning, 8-bit quantization, and 

knowledge distillation—tailored specifically for waste detection pipelines [10]. 

4. Geographic Bias in Dataset Representation: Available open-source waste datasets are 

almost exclusively compiled using consumer packaging popular in North America and Europe. 

Consequently, these models struggle to recognize localized packaging types, municipal trash 

profiles, and regional waste variations unique to cities in developing nations, leading to severe 

algorithmic performance imbalances [2, 6]. 

 

4. Discussion and Synthesis Framework 

When synthesizing the data-driven architectures evaluated across the literature, it becomes clear that smart 

waste sorting relies on a multi-tiered data pipeline. The efficiency of an automated facility is determined 

by the fluid integration of three structural layers: Data Acquisition, Edge Intelligence, and Mechanical 

Actuation. 

 
Figure 1. End-to-end architecture of an intelligent data-driven waste sorting pipeline.  
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The literature shows that failures in real-world environments rarely stem from the robotic layer itself, but 

rather from a breakdown in the Edge Intelligence tier. When objects are highly deformed or overlapping, 

the confidence score of object detection networks drops below operational thresholds, inducing 

bottlenecking on fast-moving conveyor lines [5]. Thus, developing specialized network backbones that 

balance speed against structural robustness is critical. 

5. Future Research Directions 

To resolve the core vulnerabilities identified in current literature, future research in computer science applied 

to waste sustainability should focus on the following pillars: 

● Explainable AI (XAI) for Industrial Validation: Integrating frameworks like SHAP or 

LIME to mathematically visualize which visual features (e.g., texture, shape, text branding) guide 

deep learning classification, allowing engineers to fine-tune neural layers against false positives. 

● Lightweight Model Optimization via TinyML: Prioritizing network distillation and 8-bit 

integer quantization to shrink object detection models (e.g., tailoring YOLO models) to run at <30ms 

latencies on ultra-low-power microcontrollers [10]. 

● Sensor Fusion (RGB + NIR): Constructing hybrid data-collection systems that fuse 

standard spatial camera streams with localized Near-Infrared sensors to automate polymer 

identification without inflating hardware implementation budgets [3]. 

6. Conclusions 

This review examined the current landscape of computer vision and data-driven methods applied to 

automated municipal solid waste sorting. The transition from manual waste separation to intelligent, 

automated object detection represents a vital milestone for global circular economy paradigms. While 

existing deep learning architectures exhibit exceptional categorization accuracies within controlled 

laboratory baselines, their performance degrades under real-world industrial constraints, characterized by 

severely deformed items, high tracking speeds, and localized dataset biases. 

Bridging these gaps requires a concerted shift toward edge-tailored network optimization, multi-sensor data 

fusion architectures, and the curation of regionally diverse open-source image repositories. By resolving 

these data science bottlenecks, computer science researchers can deliver scalable, resilient, and context-

aware automation toolkits that significantly minimize global landfill volumes and promote sustainable 

resource management. 
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