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Abstract: To address the issues of a large number of parameters and false or missed detections by garbage-
detection models in complex environments, this paper proposed a lightweight garbage-detection model
based on an improved YOLOv8n. First, a lightweight network structure, MobileNet V3_ECA, was in-
troduced as the backbone of YOLOv8n, which enhanced the model’ s ability to represent garbage-feature

regions and reduced the model’s parameter count. Second, the Context Anchor Attention (CAA) mecha-
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nism was integrated into the backbone to strengthen the extraction of garbage-related features. Next, Om-
ni-Dimensional Dynamic Convolution (ODConv) replaced the standard convolutions in the neck network,
refining local feature mapping and enabling the fusion of fine-grained local garbage features. Finally, the
Wise Intersection over Union (WIoU v3) bounding-box loss function was adopted to improve the regres-
sion performance of the network’s bounding boxes. Compared with the original YOLOv8n, the improved
model is improved by 1. 1% in mAP@0. 5, the detection speed is increased by 11. 7% , and the parameter
Params, model size and floating-point operation FLOPs are reduced by 70.8% , 66.1% and 70.7%, re-
spectively. Experimental results demonstrate that the improved model can effectively improve the detec-

tion accuracy and significantly reduce the complexity of the model, which has important engineering signifi-

cance for the deployment and application of the model to the edge detection equipment.
Key words: garbage detection; lightweight; MobileNet V3_ECA; YOLOv8n; deep learning
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YOLOv8n network structure
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Tab. 2 Distribution of images across different scenes
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Fig. 8 Some sample images of the dataset
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Fig.9 Number of samples per category in the dataset
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5.1 XWEE

S5 v sy 3 A RS T AR R g I 5 R K 2R
1% % . CPU 2} Intel Xeon Platinum 8255C CPU @
2.50 GHz, GPU Jy NVIDIA GeForce RTX2080
Ti, NAFE K 40 GB, T 22 2] HE 22 K Py Torch2. 0,
CUDA WA 11.8. fir A Bl & K /N K 640X 640,
FFAG S5 ¥ 45 300 4 epoch, it B K /N 16,
ToU BI{H B # 0. 5, W 4R 7 2 R E 8 0. 01, g &4
90,937, AL E g 3 5 4 0. 000 5 114 Bl AL A6 J32

P B 5 R GhostNet™, ShuffleNet V2™ | Effi-
cientNet V2%, MobileNet V3 DU Fli §% 15 2% ¥ 4% #|
BT W 2% AT R AR L SR g, R TR R
B 1ML 2 MobileNet V3 % 2%, # MobileNet
V3 ECA,MobileNet V3_CA , MobileNet V3 _CAA,
MobileNet V3_EMA #4173} Ho 52 5, 52 5 45 21 4n
FK3IPR.

S 45 W i 7R, GhostNet 18 #8841k W 4%
mAP@O. 518 5 & , ik 5 82. 9% , AHEL T JFATAL
H 2 it Params B K /N Size FITE 412 5. 4t
FLOPs ¥4 It T B {3 52 5 AL RUR A S H A 45
4 . 4% MobileNet V3 i mAP@0. 5 . Ghost-
Netfik 1. 2% , {HiZ 85 8 19 2 5 it Params 43 31 8
GhostNet [ 0. 52 f% . ShuffleNet V2 {4 0. 65 % .
EfficientNet V2 19 0.48 £ . iX 3 B] MobileNet
V3 TE S i Ak Oy T B A O I A T
MobileNet V'3 R FH ¥ B 1] 43 £ 4 B, 76 24k 45 45 F1
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Tab.3 Experimental results of different backbone networks

Models P/%  R/% Params/M Size/MB FLOPs/G mAP@O0.5/% Fps/

(frame-s ")
YOLOv8n(Baseline) 88.7 78.4 3.01 6.2 8.2 85.1 120
Baseline+ GhostNet 91.1 76.6 2.30 4.9 6.3 82.9 128
Baseline+ ShuffleNet V2 82.5 72.7 1.84 3.9 5.1 78.8 153
Baseline+ EfficientNet V2 88.7 71 2.50 5.3 2.7 79.9 125
Baseline+MobileNet V3 85.4 75.5 1.19 2.7 2.8 81.7 131
Baseline+MobileNet V3_ECA  88.6 75 0.74 1.7 2.5 82.3 149
Baseline+MobileNet V3_CA 86.7 73.2 0.83 2.0 2.6 81.1 133
Baseline+MobileNet V3_CAA  87.1 78.9 2.61 5.6 4.8 83.5 121
Baseline+MobileNet V3_EMA  89.6 73.5 0.88 2.0 3.9 81.5 140

K FH e 280 TR 2 AL ECA Gl E )
HL#I“ (Coordinate Attention, CA) ., b F SC4H A
TE R ML CAA T8 30 22 B v 2 1 AL il
(Efficient Multi-Scale Attention, EMA) PU/™ &

FIHLHI X MobileNet V3 %2 & 1k [ &% gk 47 20k, i
305, 5] A CAA B MobileNet V3§ # 1k
Do) 2% B, ARG 0 2550 SR A A% A A L IR A, mAP@
0.5 4 83.5% , {H B ik 5 &5 ¥4 2 1 Ak SR A
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Tab.4 Comparison of attention mechanisms with experimental results

Models P/%  R/% Params/M  Size/MB  FLOPs/G mAP@O0.5/%

YOLOv8n+ MobileNet V3_ECA (Baseline) 88.6 75 0.74 1.7 2.5 82.3
Baseline+GAM 86.7  73.2 0.75 1.8 2.5 81.1
Baseline+CA 89.7  73.1 0.74 1.8 2.5 82.5
Baseline+CBAM 89.1  78.6 2.61 5.6 4.8 83.3
Bascline+SE 89.6  73.5 0.74 1.8 2.5 81.5
Baseline+EMA 87.7  76.6 0.74 1.8 2.5 83. 4
Baseline+CAA 82.5  79.9 0.74 1.8 2.5 84.1
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5 E WIoU v3 451 2k pR Y A &1, 7 5
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Tab.5 Experimental results of the loss function
Models — P/%  R/% Param/M mAP@O0.5/%
CloU 88.7 78.4 3.01 85.1
SloU 88.6 78 3.01 84.5
WIloUvl 90.5 78.1 3.01 84.7
WIoUv2 89.3 76.8 3.01 84.9
WIoUv3 87.7 79.3 3.01 85.6

PR T 0,950, KRG B AR 1 LA A Ok eR L
mAP@0. 5435l SToU, WIoU v1 fl WIoU v2 i
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W 2% 5 ek itE C IR 78 A BERL ) L ah b, 35038 ) 4%
14 387 38 4 U H 4 4t 2 58 FLODConv 8 ;14
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Tab.6 Ablation experiments
Base- MobileNet oDC R/ Param FLOPs Size/ mAP@O0.5 FPS/
Models ) WIoU P/% B
line V3 ECA onv % s/M /G MB /% (frame-s ")
Baseline  +/ 88.7 78.4 3.01 8.2 6.2 85.1 120
A N N 88.6 75 0.74 2.5 1.7 82.3 149
B N N N/ 82.5 79.9 0.74 2.5 1.8 84.1 118
C J N J 88.6 78 0.88 2.4 2.0 84.5 121
D J N N N 87.1 80.8 0.88 2.4 2.1 86 131
Ours N/ N NG N < 87.8 80 0.88 2.4 2.1 86.2 134
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Fig. 10 Comparison of ablation experiment results
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Comparison of model accuracy and positioning loss curve before and after improvemen

R BY 55 gy A BY 3 & S BT IR 4G T X B

Tab.7 Comparison between the original model and the improved model for the detection of various types of garbage

. YOLOv8n Improved-YOLOv8n
Category P/% R/% mAP@0. 5/ % P/% R/% mAP@0. 5/ %
Lunch boxes 73.4 64. 3 69.3 72.4 65.7 72.84
Can 92.1 81 86.7 88.8 81 88.14
Peel 88.9 81.6 88.2 90.9 81.5 88.34
Garbage bags 91.5 71.8 83.5 92.4 74.4 80.8
Butt 93.6 80. 3 84.9 97.4 78.2 874
Plastic bottles 94.9 83.2 91.9 93.3 83.5 924
Caps 87.3 66.7 4.7 87.2 71.6 79.44
Plastic bags 83 92.3 93.2 73 92.3 93.34
Carton 93.5 84.2 93.3 94.4 92.1 94.44
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Tab.8 Comparison of experimental results of different models

Models P/% R/% Params/M Size/MB FLOPs/G ~ mAP@O0.5/%
YOLOV5s 87.7 79.3 7.04 14.4 15.8 85.6
YOLOvV5n 85.6 80.2 1.77 3.8 4.3 85.1
YOLOv10n 92.8 80.9 2.7 5.6 8.2 85.3
YOLOv7-tiny 86.1 79.2 6.03 12.3 13.2 84.7
Faster R-CNN 47.3 79.4 137.1 108.5 370.2 74.6
SSD 82.4 71.9 26.3 94.7 62.7 76.9
YOLOVS8s 90. 8 75.5 11.1 22.6 28.7 85.2
YOLOvV8n 88.7 78.4 3.01 6.2 8.1 85.1
Ours 87.8 80 0.88 2.1 2.4 86.2
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Fig. 12 Detection result comparision
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