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Abstract

To address the high miss rate of traditional detection models caused by the small size of cigarette butt
targets and complex backgrounds in public area detection tasks, this paper proposes an improved
YOLOv8n-based cigarette butt detection method. The algorithm enhances the original YOLOv8n net-
work by integrating multiple attention modules, including SE, CBAM, and CAA, to improve the net-
work’s feature extraction capability. In addition, a small-object data augmentation strategy and adap-
tive loss weight adjustment method are proposed based on the specific characteristics of cigarette
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butt detection. The improved model achieved an average precision (mAP50) of 0.773 on our self-built
cigarette butt detection dataset, which is 2.2 percentage points higher than the original YOLOv8. The
missed detection rate dropped from 32.1% to 30.1%, and R and mAP50-90 increased by 0.6 and 0.8
percentage points respectively. This effectively boosts the detection performance for small ciga-
rette butts, making it suitable for real-time smoking ban monitoring in public places.
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Figure 1. YOLOvV8n network architecture
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Figure 3. Network structure of CBAM
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Figure 5. SE-CBAM-CAA-YOLOvV8n network architecture
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Table 1. Parameter settings

F 1. BHRE

Parameter Value
The number of categories 1
Input height 640
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Input width 640
Learning rate 0.001
Weight 0.0005
Optimizer AdamW
Batch size 16
Epochs 200
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Table 2. Comparison between various object detection networks on cigarette butt detection

= 2. 7[E) B ARG ) 45 Xof 4 Sk A T RS SR % EE

Method Precision/% mAP50/% mAP50-95/%
YOLOv10n 81.3 74.4 54.8
YOLOI11n 85.7 75.4 55.2
YOLO12 79.7 72 52.8
YOLO26 86.2 74.4 53
YOLOVS 85.7 75.1 553
YOLOVS + SE + CBAM + CAA 84.2 77.3 56.1

MEFRTLLEH, 524 YOLO SRR, MultJ5 1) YOLOVS + SE + CBAM + CAA fi
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T CAA =B I RERETE CRAUE = FE RIS 4R TSR 3N Sk B PRI R ) R 70 RO R R 5 e
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Table 3. Model improvement ablation experiments

T 3. RAURUHIHRL LI

Method Precision/% mAP50/% mAP50-95/%
YOLOV8 85.7 75.1 553
YOLOv8 + CAA 86.8 75.1 54.9
YOLOv8 + CBAM 84 76.3 53.7
YOLOv8 + SE 86.4 74.8 52.5
YOLOv8 + SE + CBAM 87.8 76.4 55.8
YOLOVS + SE + CAA 81.2 75 52.6
YOLOv8 + CBAM + CAA 87.2 76.8 54.8
YOLOvVS + SE + CBAM + CAA 84.2 77.3 56.1
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AR (R R BB SRARAE, AR R

= AR B R T I SRS (B AN A R R S = 4 R R K 2. CAA FIRKEE RS b
NocEBhE SN HER, CBAM K52 ARG S, SE SHATERANH ST ZAH AL T fetEss
E1EfE, mAPS0 1A 77.3%, mAP50-95 ik 56.1%, JEwZEHEEELEIEAK 0.6%, FRAIIUE T 23 = IR
W PRI 2R

M 3 ATLLUE H, G| N SE. CBAM Fll CAA HEHUY RERSSETHBIAAS I 58, Hoh CAA FEHLEL
BT R, SR, 24 SE 5 CAA IR I NMIZEET, HEAIPERE M BN AELR, B “SE + CAA
R” PG

g R, AFRER DI Z IR ER RS ISR, 1] BEFA/ERHIE 5% 4+ (Feature Competition)
51& B4 (Information Redundancy) |7 £ .

(1) JEIEERE I E RN

SE f54R(Squeeze-and-Excitation) A% Jii - J& -4 Jy i@ 8 1 28 1AL o F38 5 42 JR ~F 3553t Ak SR A3 R AIE P 1)
BESHE R, FFRH AR ) Sl i EEEAE, T SEELUR I F 7 5E (Channel Recalibration).

CAA HEH B AR - B B AAbRVE B 1(Coordinate Attention), {H Py & [RIRE L 2B (5 B S .
ARBRGRILIT B, REE B 7 4 VR /KT RN I BT ) EAT A Rt A, AN A2 B T A G AR R AL .
It CAA SERR I 0028 H £ — 5 F2 1 10 18 7 28
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MR ERE, SE 5 CAA B4 5] NFAMAR E b e i FE:
X'=W,0X (35)
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T Rl £k AR
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MBI NME BITR TS
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W, AEIETTDUA MR R . SRR, 7T DA 2 e IS I 2R . ARSI 7 — M
B2 MBS ElectricSmoke, FIZEUIEA ISR, o0t AOAR Y B H O H0a0s bU RS 7R e L 4
e, Ul BIA SO AR A B 2 AL PR RE
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