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Abstract: To solve the problems of small target missed detection and false detection, difficulty in capturing multi-scale
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information, and low detection accuracy in complex scenes in existing target detection models for safety helmet wearing
detection tasks, a safety helmet wearing detection model, SPCC-YOLOv11n, based on an improved YOLOv11n was proposed.
Based on YOLOv11n, the Slim Neck lightweight network structure was adopted, with grouped shuffle convolution (GSConv)
replacing standard convolution Conv and variety of view-grouped shuffle convolution cross stage partial (VoV-GSCSP) model
replacing C3K2. A new P2 small target detection layer was added. Dynamic tanh (DyT) function was integrated into position-
sensitive attention block (PSABlock) to form C2PSA _ DyT. Channel prior convolutional attention (CPCA) was introduced at
the end of the backbone network. Ablation experiments and comparative experiments with the mainstream detection models
were conducted on the public dataset SHWD, and the model’s performance was verified. The results show that compared with
YOLOv1l1ln, SPCC-YOLOvI11ln improves precision by 2. 2 percentage points, recall by 2. 8 percentage points, and mAP@50
by 2. 2 percentage points, reaching 94.5% ., while mAP @ 50-95 improves by 1.7 percentage points, reaching 62.5%. The
proposed model can effectively improve the detection accuracy of safety helmet wearing in complex scenarios and provide a

feasible technical solution for the detection task of safety helmet wearing on construction sites.
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Tab.3 Comparative experiment results

MR P/%  R/% mAP@50/% mAP@50-95@/% Params/MB FLOPs/G  #U#FE /{ps

Faster R-CNN 88.5  75.0 85.5 53.2 42.0 180.0 21

SSD 86.9  76.3 84. 2 51.6 12.5 28.7 35
RT-DETR 85.5  82.7 86. 4 47.1 19.8 56. 9 61
YOLOv8-s-LE!® 92.6  88.2 93.1 60. 2 2.5 7.7

SCHRL16 10T H 5k 92.0 88.1 93.7 60. 8 3.1 8.9

SCHRC17 ] 4R 5 1 93.2 88.9 93.7 58. 4 15.3

SRk 18T 4R 5 1k 89. 4 78.3 87.1 56.0 3.1 12.7

YOLOv5n 90.7  86.0 91.3 57.8 1.9 4.1 96
YOLOv6n"?? 90. 6 86.0 91.4 60. 1 4.2 11.5 108
YOLOv7-tiny"2" 91.5 86.6 92.9 58.2 6.0 13.0 50
YOLOv8n™" 90.0  87.0 92.2 60. 1 3.0 8.2 98
YOLO9vt?™] 90. 1 86. 2 92.2 60.9 1.7 6.4 70
YOLOv10n* 89. 8 85.9 91.6 58.4 2.7 8.2 97
YOLOv12nt" 89.8  87.1 92.1 61.3 2.6 6.3 80
SPCC-YOLOvl11n 92.9  89.2 94.5 62.5 2.8 9.9 72

2.6 FIAERTLE 7 AL AT YOLOvIIn #5%, SPCC-YOLOvl1n

SR T RN UL M 5 G AR R ) SRR MR R L AR AT e A R A T i M L O AR AT Ak D T
SHWD %4 % F % YOLOvlln £ 8 fil SPCC-  KHIRMEHN . R EAEE RS TEAE SN
YOLOvIIn BASHAT TR AT RAL T L 25 R 7 I fERs =,

FiR. B e RR K, B OAERRFKE. |

ENEE §
UNEE77

EEHET.
RAYR

T A
ESET

R T
PSR 7E

a) Al b) YOLOVI1n#i#) ¢) SPCC-YOLOvI Infs 7

B 7 SPCC-YOLOvlln A 5 YOLOv11n A 4 m =T ALK AF b
Fig. 7 Visual detection comparison between SPCC-YOLOv11n model and YOLOvI1n model
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ARSCHE T — R 3 F ol YOLOvIIn 9% 4
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Y5 T A MRS AT 55, /N B AR IS R
R 2 RO A 2 A DRI L G A AU 1 ) A,
FEMELE WM,

DIEATFESE 8 SHWD k47 1 7 Bl S2 56, 78
YOLOv1 In SEAEARE R (4 JEfith 1, 53 5151 A Slim Neck
REAL SRS P2 /N HFR R JZE  C2PSA_DyT £
Heb5 CPCA W I BEHLG , FHE T 56 i B AL, A1 1)
mAP@50 43 BT 1.2 A E 438 1L 1A B 48 .
LAAES B 14 A E 2 5, mAP@50-95 43 4
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L4 AE S0 s, Wik 7 B R ek i 5 e 0y A k.
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