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Abstract: Garbage detection and classification are essential for promoting the green economy and achieving a low-carbon circular
economy. However, current models face challenges such as large parameters and high computational costs, limiting their deployment on
resource-constrained devices. To address these issues, a lightweight GCAW-YOLOv8n model is proposed that balances model size and
detection accuracy. Firstly, the C3Ghost and GhostConv modules from GhostNet are integrated into the YOLOv8n backbone to reduce
parameters. Secondly, the context anchor attention is introduced to enhance feature extraction and detection accuracy. Then, the
asymptotic feature pyramid network is used to improve multi-scale detection, and the WIoU v3 loss function optimizes bounding box
regression. Finally, the improved model is validated using the Taco dataset and a custom dataset. Experimental results show that,
compared with the original YOLOv8n model, the GCAW-YOLOv8n model reduces parameters by 14. 3% and floating-point operations by
33.3%, while precision and recall increase by 4. 4% and 1. 9%, respectively. The mAP@ 0. 5 improves to 81.3%, a 0. 7% gain. This
model achieves a better balance between lightweight design and detection accuracy, making it suitable for deployment in edge devices for
garbage detection.
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Table 1 Experimental results of different backbone networks

Al P/% R/% Params/(x10°)  Size/MB ¥ 5%0/GFLOPs ~ mAP@0.5/% Wi/ FPS
YOLOv8n( Baseline) 89.3 72.9 3.01 6.3 8.1 80.6 118
Baseline+C3Ghost 88.1 67.2 2.49 5.3 6.7 77.4 126
Baseline+GhostConv 83.5 69.7 2.82 5.9 7.8 78 120
Baseline+GhostNet 86.9 68. 1 2.30 4.9 6.2 78.3 130
Baseline+ShuffleNetv2 79.5 69.7 1.83 3.9 5.1 76.5 124
Baseline+Mobilenetv3 76.9 64.2 1.19 2.7 2.8 68.5 143
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Table 2 Comparative experimental results of lightweighting

A P/% R/% Params/ ( x10°) Size/MB 7S5/ GFLOPs  mAP@0.5/%  Wi*R/FPS
YOLOv8n( Baseline) 89.3 72.9 3.01 6.3 8.1 80. 6 118
Baseline+GhostNet 86.9 68. 1 2.30 4.9 6.2 78.3 130
Baseline+GhostNet+AFPN 86. 1 68. 8 2.44 5.3 5.3 78.9 130
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Table 3 Comparison of attention

mechanisms with experimental results

FELAY P/% R/% Params/x10° Size/MB 58/ GFLOPs mAP@0.5/%
YOLOv8n+GhostNet ( Baseline ) 86.9 68. 1 2.30 4.9 6.2 78.3
Baseline+GAM 85 70.9 3.94 8.2 7.5 77.8
Baseline+CBAM 88.2 70.3 2.30 4.9 6.3 77.5
Baseline+EMA 85.3 70. 1 2.31 4.9 6.3 78.5
Baseline+ECA 86.7 67.7 2.30 4.9 6.3 76. 4
Baseline+SE 79.3 72.5 2.31 4.9 6.2 77.9
Baseline+CAA 83.6 74.9 2.43 5.2 6.3 80. 4
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Table 4 Experimental results of the loss function \-\ .
pim P/%  R/% Params/(x10°) mAP@0.5/% 60 - w7 ~A-Fresision
CloU 84 74 2.58 80.9 , 1 1 1 .
SloU 78.2  59.5 258 70. 1 CloU  SloU  WIoUvl WIoUv2 WIoU v3
WioU vl 80.4  62.9 2.58 72.3 BREH
WU v2  75.8  68.6 2.58 75.7 B 10 $o B s s B 1
WloU v3 84.9 74.8 2.58 81.3 Fig. 10 Comparison of loss function experiment results
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Table 5 Ablation experiments
fiE Bascline  GhostNet ~ CAA  AFPN  WIoUv3  P/%  R/%  Params/(x10°) TFAU/GFLOPs  mAP@O.5/%
Baseline vV 89.3 729 3.01 8.1 80.6
A vV vV 86.9  68.1 2.3 6.2 78.3
B v vV vV 83.6  74.9 2.43 6.3 80. 4
C % % Vv 86. 1 68. 8 2.44 5.3 78.9
D vV vV vV vV 84 74 2.58 5.4 80.9
A3 vV v vV vV vV 84.9  74.8 2.58 5.4 81.3
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Fig. 11  Comparison of ablation experiment results
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Table 6 Comparison between the original model and the improved model for the detection of various types of garbage

(%)
Category YOLOv8n GCAW-YOLOv8n
P R mAP@O0. 5 P R mAP@O0. 5

Lunch boxes 92 93.3 97.9 98.6 9.1 98.7 1
Can 85.2 81.2 84.3 87.8 78. 1 85.41
Peel 89 83.8 90. 6 87.8 84.6 91.11
Garbage bags 93.9 84.7 90. 1 93.6 86. 4 90.5 1
Butt 87 59.3 66. 1 89.4 57.1 69.11
Plastic bottles 89.1 64.4 78.8 92.1 68. 4 79.8 1
Caps 88.3 50.5 57.7 78 53.3 60.7 1
Carton 89.9 66 79. 1 91.3 66.7 75.5
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Table 7 Comparison of experimental results of different models

T P/% R/% Params/ ( x10°) Size/MB TFEB/GFLOPs  mAP@0.5/% i/ FPS
YOLOvSs 69. 1 59.9 7. 04 14.4 15.8 66.2 106
YOLOv5n 78.9 59.2 1.77 3.9 4.3 70. 4 120

YOLOv7-tiny 81.8 73.6 6.03 12.3 13.2 80.6 140
YOLOv10n 87.6 71.8 2.7 5.6 8.2 81 123
YOLOv8s 86. 6 75.7 1.1 22.5 28.7 82.2 116.5
YOLOv8n 89.3 72.9 3.01 6.3 8.1 80.6 118
A3 84.9 74. 8 2.58 6.0 5.4 81.3 114
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Fig. 12 Visual comparison of test results
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