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Abstract — This study evaluates the performance of state-of-the-art Al-based object detection models for automated
plastic waste classification. Four models—Faster R-CNN, YOLOv8, YOLOvI11, and Swin Transformer—were trained
and tested on a dataset of 48,000 images covering four plastic types (PET, PS, PP, PE). Hyperparameters were optimized
using Optuna, and performance was assessed via accuracy, precision, recall, F1 score, mean Average Precision (mAP), and inference
time. Swin Transformer achieved the highest accuracy (0.988) and mAP (0.988), demonstrating superior classification
capability, particularly for complex or contaminated plastics. YOLOv11 exhibited the fastest inference speed (61.67 ms/image)
with competitive accuracy, highlighting its suitability for real-time applications. These results reveal a trade-off between
accuracy and processing speed, providing guidance for model selection based on application requirements. This study
offers quantitative benchmarks and practical insights for deploying Al-driven plastic recycling systems.
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Baseline Training

30 epochs training

Fig. 1. Overview of the Experimental Process.
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(b) Swin Transformer Block

LN: Layer Normalization

W-MSA: Window-based Multi-Head Self-Attention
SW-MSA: Shifted Window-based Multi-Head Self-Attention
MLP: Multi-Layer Perceptron
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(a) Swin Transformer (Swin-T) Backbone
H: Hight, W: Width, C: Hidden dimension

(c) Head

Conv.: Convolution, B: Bounding box, C: Classification score

2L = W-MSA(LN(z!"1)) + z!-1
2zt =MLP(LN(2Y)) + 2t

241 = SW-MSA(LN(z})) + z*
Zl+1 — MLP(LN(ZAHI)) +2 l+1

Fig. 2. Overall architecture of object detection framework based on swin transformer.
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Table 1. Optuna hyperparameter ranges for each detection model

Models Hyperparameter Range
Learning rate le-4 - 5e-4
Faster R-CNN  Weight decay le-5 - 5e-5
[31] Batch 2,4,8
Drop out rate 03-04
Initial learning rate le-5 - le-1
Final learning rate 0.01-1.0
Weight decay le-7-0.001
YOLO v8 Batch 4,8,16,32,64
(32,33] Momentum 0.6-0.98
Box Loss Gain 0.02-0.2
Classification Loss Gain 02-4.0
Mosaic 0.0-1.0
Initial learning rate le-5 - le-1
Final learning rate 0.01-1.0
Weight decay le-7 - 0.001
YOLO vl Batch 4,8,16,32,64
[32,33,34]  Momentum 0.6-0.98
Box Loss Gain 0.02-0.2
Classification Loss Gain 02-4.0
Mosaic 0.0-1.0
Learning rate le-4 - 5e-4
Swin Transformer Weight decay le-4-1e-2
[35] Batch 2,4,8
Drop out rate 03-0.5
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5 E-HT} E5FHES Table 29 o] = o190t}

Table 2. Confusion matrix

Predicted Class

True False
T TP FN
Actual Class fue (True Positive) (False Negative)
False Fp N
(False Positive) (True Negative)

- TP (True Positive): 24| g o] 32l dlo|E & Zdo] Folzta
A S35k A5

- FP (False Positive): 24| o] AAR1 HolB & Rdlo] o]
2}l oSt A9

- FN (False Negative)' AA o] #el glojeE mHlo] AA

olghar &3 4

- TN (True Negatlve): AA o] AL dlolH & Rdlo] A

Alolgkal o &3t 7
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Fig. 3. Optuna-based parallel coordinates plot for hyperparameter tunning.

Table 3. Best-performing hyperparameters for each detection model

Models Hyperparameter Range
Learning rate 3.50 x 10
Faster R-CNN Weight decay 1.40 x 10
Batch 2
Drop out rate 0.354
Initial learning rate 0.091
Final learning rate 0.032
Weight decay 9.00 x 10°¢
Batch 4
YOLOWS Momentum 0.866
Box Loss Gain 0.193
Classification Loss Gain 1.079
Mosaic 0.653
Initial learning rate 0.070
Final learning rate 0.037
Weight decay 7.00 x 10
Batch 16
YOLOvII Momentum 0.672
Box Loss Gain 0.028
Classification Loss Gain 1.045
Mosaic 0.857
Learning rate 1.36 x 107
Swin Transformer Weight decay 5,63 107
Batch 4
Drop out rate 0311
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Fig. 4. Confusion matrices of each object detection model on the test set.

Table 4. Comprehensive evaluation of object detection models
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Accuracy Precision Recall F1 Score mAP 50-95 Inference time (ms/image)
Faster R-CNN 0.971 0.971 0.970 0.971 0.943 78.54
YOLO v8 0.970 0.971 0.965 0.968 0.974 64.90
YOLO vil 0.975 0.977 0.977 0.977 0.983 61.67
Swin transformer 0.988 0.987 0.987 0.987 0.988 63.85
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Fig. 5. Bounding box and confidence score visualization of waste plastic detection by models [28].
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