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Abstract—Accurate identification of plastic resin types is an 
important requirement in modern recycling systems because 
different polymers require different processing and recovery 
procedures. Conventional manual sorting is labour-intensive 
and is often unreliable when waste objects are contaminated, 
damaged, unlabelled, or visually similar. This study presents an 
image-based plastic resin classification framework built using an 
enhanced YOLOv8 classification architecture. The system cate-
gorizes plastic waste into seven classes: high-density polyethylene 
(HDPE), low-density polyethylene (LDPE), polyethylene tereph-
thalate (PET), polypropylene (PP), polystyrene (PS), polyvinyl 
chloride (PVC), and Other. A lightweight YOLOv8n-cls classifier 
is considered as the baseline, while YOLOv8s-cls is adopted 
for the enhanced model to obtain richer visual representations. 
Transfer learning, class-balanced focal loss, label smoothing, 
MixUp, CutMix, brightness and contrast variation, and other 
image augmentation strategies are incorporated to improve 
generalization. Softmax probabilities are used to provide con-
fidence scores and top-k alternatives, while Gradient-weighted 
Class Activation Mapping (Grad-CAM) is employed to visualize 
image regions that influence the model decision. Experimental 
evaluation on 2,097 images demonstrates an improvement from a 
reported baseline accuracy of 79.05% to 88.00% for the enhanced 
framework. The proposed approach provides a practical basis 
for smart recycling bins, operator-assisted sorting interfaces, 
and camera-based recycling systems where both classification 
accuracy and model interpretability are desirable. 

Index Terms—plastic waste classification, YOLOv8, deep learn-
ing, transfer learning, focal loss, MixUp, CutMix, Grad-CAM, 
recycling, computer vision. 

 

I. INTRODUCTION 

Plastic has become an essential material in packaging, 

healthcare, agriculture, electronics, transportation, and manu-

facturing because of its low cost, durability, flexibility, and low 

weight. Unfortunately, these same properties also contribute to 

its persistence in the environment after disposal. Inadequately 

managed plastic waste may accumulate in landfills, drainage 

systems, rivers, oceans, and open environments, creating long-

term ecological and economic concerns. 

Recycling can reduce the environmental burden associ-

ated with discarded plastics; however, efficient recycling 

strongly depends on correct material separation. Com-

mon polymers such as polyethylene terephthalate (PET), 

high-density polyethylene (HDPE), low-density polyethylene 

(LDPE), polypropylene (PP), polystyrene (PS), and polyvinyl 

chloride (PVC) have different physical and chemical properties 

and therefore require different recycling processes. Mixing 

incompatible polymers may reduce the quality of recycled 

material and increase subsequent purification and processing 

costs. 

In many recycling facilities, resin identification is still 

performed manually using information such as resin identi-

fication codes, product shape, transparency, texture, colour, 

and packaging labels. Manual inspection becomes difficult 

when objects are crushed, stained, partly occluded, or missing 

their labels. Furthermore, several resin categories exhibit very 

similar visual characteristics. For example, HDPE and LDPE 

are both polyethylene materials, while PET and PP bottles may 

have comparable shapes and surface appearances. 

Image-based machine learning provides an economical al-

ternative because classification can be performed using stan-

dard RGB cameras. Convolutional neural networks (CNNs) 

automatically learn hierarchical visual features including 

edges, textures, colour patterns, and object-level structures. 

The YOLO family is widely recognized for computationally 

efficient computer vision and can support classification, detec-

tion, and segmentation applications. 

Although a lightweight YOLO classifier is attractive for 

real-time deployment, resin-level classification remains chal-

lenging when the visual differences between categories are 

subtle. This study therefore develops an enhanced YOLOv8-

based pipeline combining a stronger classification backbone 

with transfer learning, hard-example-aware loss functions, 

advanced augmentation, and explainability. 

The principal contributions of this work are summarized as 

follows: 

• A seven-class plastic resin classification framework based 

on YOLOv8s-cls is developed for recycling assistance. 

• A preprocessing and augmentation pipeline incorporating 

resizing, normalization, brightness and contrast adjust-

ment, flipping, rotation, MixUp, and CutMix is intro-

duced. 

• Class-balanced focal loss and label smoothing are used 

to improve learning from difficult samples and reduce 

excessive model confidence. 

• Softmax-based confidence estimation and top-k predic-

tions are incorporated to support operator-assisted deci-

sion making. 
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• Grad-CAM is integrated to provide visual evidence of the 

image regions contributing to individual predictions. 

• The enhanced framework achieves a reported test accu-

racy of 88.00%, compared with 79.05% for the baseline 

YOLOv8n-cls configuration. 

TABLE I 
SUMMARY OF EXISTING APPROACHES 

 

Method Approach Limitation 
 

 

NIR Sorting Spectral sensing Requires dedicated sen- 
sors and controlled acqui- 

II. RELATED WORK 

Plastic identification has traditionally relied on material 

sensing, spectroscopy, machine vision, and more recently 

deep learning. Near-infrared (NIR) spectroscopy is particu-

larly useful because different polymers exhibit characteristic 

Basic CNN RGB image clas- 
sification 

ResNet50 Transfer learning 

sition conditions. 
May be sensitive to illumi-
nation, background varia-
tion, and limited datasets. 
Strong feature extraction 
but comparatively high 
computational demand. 

spectral responses [1]–[3]. Despite its effectiveness, NIR-based 

systems require dedicated sensors, calibration procedures, and 

EfficientNet Transfer learning Efficient architecture but 
performance depends 
strongly on model tuning. 

controlled operating conditions, potentially increasing the cost 

of deployment. 

RGB-image-based methods provide a more accessible alter-

native. Traditional image-processing techniques rely on man-

ually selected features, whereas deep neural networks learn 

task-relevant features directly from training data. Architectures 

such as ResNet, EfficientNet, MobileNet, and YOLO have 

demonstrated strong image recognition capability in waste 

YOLOv8n- 

cls 

Proposed 
Model 

Lightweight clas-
sification 

YOLOv8s-cls 
with enhanced 
training 

Fast inference but limited 
representation for visually 
similar polymers. 
Designed to improve 
resin-level image 
classification while 
retaining practical 
efficiency. 

classification and related applications [5], [7], [8]. 

ResNet introduced residual learning to support deeper 

network optimization [16], whereas EfficientNet proposed 

compound scaling of depth, width, and image resolution 

[17]. YOLO-based approaches are attractive for recycling 

systems because of their computational efficiency and potential 

for real-time inference. Recent investigations have extended 

YOLO architectures to household-waste recognition and auto-

mated sorting applications [9]. 

Nevertheless, resin-level plastic recognition remains more 

difficult than general waste-category classification because 

samples belonging to different polymers can have nearly 

identical shapes, colours, and surface textures. The present 

study addresses this challenge by combining a YOLOv8 clas-

sification backbone with transfer learning, focal loss, MixUp, 

CutMix, label smoothing, confidence-aware prediction, and 

Grad-CAM visualization. 

Table I summarizes representative approaches and their 

practical limitations. 

III. PROPOSED SYSTEM 

A. System Overview 

The proposed system receives an RGB image containing a 

plastic waste object and assigns the image to one of seven 

resin categories: HDPE, LDPE, PET, PP, PS, PVC, or Other. 

Images may originate from a curated dataset, recycling-

station camera, conveyor-belt camera, smart bin, or web-based 

upload interface. The major processing stages are: 

1) image acquisition, 

2) preprocessing, 

3) augmentation, 

4) YOLOv8-based feature extraction, 

5) seven-class prediction, 

6) probability estimation, 

7) top-k ranking, and 

8) Grad-CAM visualization. 

The final output contains the predicted polymer category, 

classification confidence, alternative high-probability classes, 

and an explanation map indicating the spatial regions that 

contributed strongly to the prediction. 

B. Baseline and Enhanced Models 

YOLOv8n-cls is selected as the lightweight baseline config-

uration. Although its compact architecture is computationally 

attractive, its feature capacity may be insufficient when resin 

categories have subtle visual differences. 

The enhanced system therefore employs YOLOv8s-cls. The 

model is initialized using pretrained weights and subsequently 

fine-tuned on the seven-class plastic dataset. The final classi-

fication layer is adapted to produce seven outputs. 

Compared with the baseline model, the training process 

incorporates: 

• transfer learning, 

• class-balanced focal loss, 

• label smoothing, 

• MixUp augmentation, 

• CutMix augmentation, 

• geometric and photometric transformations, and 

• Grad-CAM explainability. 

 

IV. PREPROCESSING AND MATHEMATICAL FORMULATION 

A. Image Representation 

An RGB input image is represented as 

 

I ∈ RH×W ×3, (1) 

where H and W denote image height and width, respec-

tively, and the third dimension represents the RGB colour 

channels. 
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Fig. 1. Proposed YOLOv8-based plastic resin classification pipeline. 
 

 

B. Image Resizing 

Each input image is mapped to the spatial dimensions 

required by the model: 

 

Ir = R(I, Hm, Wm), (2) 

where R(·) denotes the resizing operation and Hm × Wm 
is the network input resolution. 

C. Pixel Normalization 

Pixel intensity values are converted from the range [0, 255] 
to [0, 1] using 

E. MixUp Augmentation 

MixUp generates a synthetic sample from two training 

images xi and xj: 

 

x̃ = λxi + (1 − λ)xj, (6) 

with the corresponding target 

y˜ = λyi + (1 − λ)yj, (7) 

where λ ∈ [0, 1], typically sampled from a Beta distribution 

[13]. 

 

F. CutMix Augmentation 

CutMix replaces a region of one image using a patch taken 

from another training sample [14]: 

 

x̃ = M ⊙ xi + (1 − M ) ⊙ xj, (8) 

where M denotes a binary spatial mask and ⊙ represents 

element-wise multiplication. 

The target is combined according to the proportion of pixels 

retained from each image: 

 

y˜ = λyi + (1 − λ)yj. (9) 

V. PREDICTION AND LOSS FORMULATION 
 

A. Feature Extraction 

The preprocessed input Ip is passed through the YOLOv8s 

feature extractor: 

 

F = fθ(Ip), (10) 

x′ =  
x 

255 
, (3) 

 

where θ denotes trainable network parameters and F is the 

where x represents the original pixel intensity. 

Channel-wise standardization can subsequently be ex-

pressed as 

x′ − µ 

learned feature representation. 

 

B. Classification Layer 

The extracted representation is transformed into class logits: 

x′′ = , (4) 
σ 

where µ and σ denote the mean and standard deviation of 

the corresponding channel. 

D. Brightness and Contrast Adjustment 

To increase robustness against illumination variation, an 

image may be transformed as 

 

Ic = αIr + β, (5) 

where α controls contrast and β adjusts brightness. 

z = WF + b, (11) 

 

where W is the learnable weight matrix, b represents the 

bias, and 

 

z = [z1, z2, . . . , zC]. (12) 

 

For this study, 

 

C = 7. (13) 

https://ijsrem.com/
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Σ 

C 

c 

C. Softmax Probability 

The posterior probability associated with class c is com-

puted as 

 exp(zc)  

 
 

Algorithm 1 Enhanced Plastic Resin Classification  

1: Collect images belonging to HDPE, LDPE, PET, PP, PS, 

PVC, and Other categories. 

2: Remove corrupted, duplicated, severely blurred, or incor- 
rectly labelled samples. 

P (y = c|Ip) = C 
k=1 

The final predicted category is 

. (14) 
exp(zk) 

3: Divide the dataset into training, validation, and test subsets 

using stratified sampling. 

4: for each training image do 
5: Resize the image to the required network dimensions. 

ŷ  = arg max 
c∈{1,...,C} 

P (y = c|Ip). (15) 6: Normalize image intensity values. 
7: Apply brightness, contrast, geometric, and other aug- 

For operator-assisted classification, the system additionally 

reports the k highest-probability outputs: 

TopK(Ip) = argsort(P (y|Ip))1:k. (16) 

D. Class-Balanced Focal Loss 

Standard cross-entropy treats all correctly and incorrectly 

classified samples similarly. Focal loss reduces the contri-

bution of easy examples and places additional emphasis on 

difficult samples [12]. 

For a single sample, 

FL(pt) = −αt(1 − pt)γ log(pt), (17) 

where pt represents the predicted probability associated with 

the correct class, αt is a class-dependent weighting factor, and 

γ is the focusing parameter. 

For a multi-class classification problem, 

Lfocal = − 
Σ 

αcyc(1 − pc)γ log(pc). (18) 

c=1 

mentation operations. 

8: Apply MixUp or CutMix when selected. 

9: end for 

10: Initialize a pretrained YOLOv8s-cls model. 

11: Configure the classification output for seven categories. 

12: Fine-tune network parameters using focal loss and label 

smoothing. 

13: Evaluate performance using the validation subset. 

14: Save the model producing the best validation result. 

15: for each test image do 

16: Generate class logits. 

17: Convert logits to probabilities using Softmax. 

18: Obtain yˆ = arg max P (y = c|Ip). 
19: Determine confidence and top-k alternatives. 
20: Generate Grad-CAM visualization. 

21: end for 

22: Compute accuracy, precision, recall, F1-score, and confu-

sion matrix. 
 

 

 
TABLE II 

DATASET DISTRIBUTION 

E. Label Smoothing 

Label smoothing reduces excessive confidence by replacing 

hard one-hot labels with softened targets: 

ϵ 
yLS = (1 − ϵ)yc + , (19) 

C 

where ϵ is the smoothing coefficient. 

VI. PROPOSED ALGORITHM 

 

VII. DATASET AND EXPERIMENTAL SETUP 

The dataset is organized according to the standard image 

classification directory structure containing separate training, 

validation, and test folders. Each folder contains seven class 

directories corresponding to HDPE, LDPE, Other, PET, PP, 

PS, and PVC. 
The complete dataset contains 2,097 images. Of these, 1,468 

 

 

 
 

 

VIII. EVALUATION METRICS 

Model performance is evaluated using accuracy, precision, 

recall, F1-score, macro-average F1-score, and the confusion 

matrix. 

Accuracy is defined as 

images are used for training, 419 for validation, and 210 for 

final testing. The class-wise distribution is shown in Table II. 

The implementation is developed using Python, PyTorch, 

Ultralytics YOLOv8, OpenCV, Pillow, NumPy, Pandas, and 

TP + TN 
Accuracy = 

TP + TN + FP + FN 

Precision is 

. (20) 

Matplotlib. Grad-CAM is incorporated for explanation gener-

ation. The YOLOv8s-cls model is initialized using pretrained 

parameters and fine-tuned using the plastic resin dataset. 

 

 

Recall is 

TP 
Precision = 

TP + FP 
. (21) 

Class Train Validation Test 

HDPE 210 60 30 
LDPE 210 60 30 
Other 210 60 30 
PET 210 60 30 
PP 210 60 30 
PS 209 59 30 

PVC 209 60 30 

Total 1468 419 210 
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Σ 

TP 
Recall = 

TP + FN 

 
. (22) 

TABLE IV 
CLASS-WISE PERFORMANCE OF PROPOSED MODEL 

The F1-score is the harmonic mean of precision and recall: 

Precision × Recall 
F 1 = 2   

Precision + Recall 
. (23) 

For C classes, the macro-averaged F1-score is 

C 

F 1 = 
1 Σ 

F 1 . (24) 
macro 

 
 

C 
c 

c=1 

Top-k accuracy can be expressed as 

 

1  
N 

TopKAccuracy =  I [yi ∈ T opK (p̂i)] , (25) 
N 

i=1 

where N represents the number of test samples, yi is the 

correct category, and T opK(p̂i) denotes the set of k classes 

receiving the largest predicted probabilities. 

IX. RESULTS AND DISCUSSION 

The baseline YOLOv8n-cls configuration produced a re-

ported test accuracy of 79.05%. Although the compact net-

work provides efficient inference, its errors were concentrated 

primarily among visually similar resin categories. 

The enhanced YOLOv8s-cls framework achieved a reported 

test accuracy of 88.00%, corresponding to an improvement 

of 8.95 percentage points relative to the baseline. The re-

sult suggests that the additional representational capacity of 

YOLOv8s, combined with hard-example-aware optimization 

and stronger augmentation, provides improved discrimination 

for resin-level classification. 

Table III provides a comparison among the evaluated archi-

tectures. 

 
TABLE III 

MODEL PERFORMANCE COMPARISON 

 

The reported confusion matrix is provided in Table V. 

The confusion patterns further demonstrate the difficulty of 

separating HDPE from LDPE and PET from PP using visual 

appearance alone. Future systems could therefore combine 

RGB classification with resin-code recognition or spectroscopy 

to increase confidence for ambiguous samples. 

 

A. Explainability Using Grad-CAM 

Prediction accuracy alone is insufficient for a recycling sup-

port system when operators need to understand why a classifier 

has produced a particular output. Grad-CAM generates a heat 

map from gradient information and highlights image regions 

that strongly influence the selected class [15]. 

This visualization can reveal whether the network is re-

sponding to the plastic object or relying on irrelevant back-

ground features. Such information is valuable for detecting 

spurious correlations and increasing confidence in human-

assisted sorting scenarios. 

 

B. Web-Based Recycling Support Interface 

The trained model is incorporated into a Flask-based in-

terface through which users can upload an image of a plas-

tic item. The system produces the predicted resin category, 

confidence value, ranked alternatives, and recycling-related 

guidance. 

Figures 2 and 3 may be replaced with the corresponding 

screenshots from the developed application. 

 

 

The class-wise performance reported for the proposed 

model is presented in Table IV. 

The results indicate that PS and PVC are comparatively 

easier to recognize, whereas HDPE and LDPE remain more 

difficult. This behaviour is reasonable because HDPE and 

LDPE belong to the polyethylene family and may exhibit sim-

ilar colours, textures, surface finishes, and product geometries. 

PET and PP also produce occasional confusion because 

transparent or semi-transparent containers from both categories 

can exhibit similar visual patterns. Consequently, an RGB-only 

model may not always capture material-level differences that 

are obvious through spectral analysis. 

 

 
 

 

 
 

 

 
 

 
 

 
Fig. 2. Example interface output for PVC classification with confidence and 
ranked predictions. 

Class Precision Recall F1 

HDPE 0.86 0.87 0.86 
LDPE 0.85 0.83 0.84 
PET 0.88 0.90 0.89 
PP 0.87 0.86 0.86 
PS 0.91 0.93 0.92 
PVC 0.90 0.90 0.90 

Other 0.89 0.87 0.88 

Macro Average 0.88 0.88 0.88 

Weighted Average 0.88 0.88 0.88 

 

Model Classes Accuracy 

Basic CNN 7 72.00% 
ResNet50 7 76.00% 
EfficientNet-B0 7 82.00% 

Proposed YOLOv8s-cls 7 88.00% 
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TABLE V 
CONFUSION MATRIX OF PROPOSED YOLOV8S-CLS MODEL 

 

True/Pred. HDPE LDPE Other PET PP PS PVC 

HDPE 26 2 0 1 0 0 1 
LDPE 3 25 0 0 1 1 0 
Other 0 1 26 1 1 0 1 
PET 1 0 0 27 2 0 0 
PP 0 1 1 2 26 0 0 
PS 0 0 1 0 0 28 1 

PVC 0 0 1 0 0 1 28 

 

 

• extending image classification to multi-object detection 

and instance segmentation; 

• introducing uncertainty thresholds that refer low-

confidence samples for manual inspection; 

• evaluating inference latency, memory usage, and energy 

consumption on embedded hardware; 

• integrating the classifier with conveyor-belt actuators for 

automated physical sorting. 
 

 

 
 

 
 

 

 
 

 

 
 

 

 
Fig. 3. Example interface output for PET classification with recycling 
guidance. 

 

 

X. LIMITATIONS AND FUTURE WORK 

 

The proposed classifier is primarily based on RGB ap-

pearance. Therefore, polymers having nearly identical visual 

properties may remain difficult to distinguish. The dataset 

is also relatively limited in comparison with the variability 

encountered in industrial recycling environments. 

Real waste streams can contain partially broken objects, dirt, 

liquid residue, stains, labels, overlapping materials, complex 

backgrounds, and substantial illumination variation. If such 

conditions are insufficiently represented during training, per-

formance may decrease when the model is deployed outside 

the laboratory environment. 

Future research may therefore consider: 

• collecting a substantially larger dataset directly from 

recycling facilities; 

• evaluating the system using independent external test 

datasets; 

• incorporating automatic resin identification code recogni-

tion; 

• combining RGB imagery with near-infrared or hyperspec-

tral measurements; 

XI. CONCLUSION 

This study presented an enhanced YOLOv8-based frame-

work for image-level identification of seven plastic resin 

categories: HDPE, LDPE, PET, PP, PS, PVC, and Other. 

The method combines a YOLOv8s-cls backbone with trans-

fer learning, focal loss, label smoothing, MixUp, CutMix, 

Softmax-based confidence estimation, and Grad-CAM visu-

alization. 

Relative to the reported 79.05% accuracy of the lightweight 

YOLOv8n-cls baseline, the enhanced model achieved a re-

ported accuracy of 88.00%. The model provides not only 

the predicted resin class but also confidence information, 

ranked alternatives, and a visual explanation, making it more 

suitable for operator-assisted recycling applications than a 

classification-only pipeline. 

Although RGB-based recognition cannot completely resolve 

polymers with extremely similar appearances, the findings 

demonstrate the potential of deep-learning-assisted resin clas-

sification for low-cost recycling applications. Future develop-

ment should focus on larger real-world datasets, multimodal 

sensing, resin-code recognition, edge deployment, and integra-

tion with automated sorting systems. 
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