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Abstract: Complex ba nd dense targets of helmet detection in construction site scenes lead to low

recognition accuracy, igsed detection and false detection of YOLOvSn algorithm. To solve these problems, this
paper proposes a RDi safety helmet detection algorithm based on improved YOLOv8n. Firstly, model feature
extraction ability is enhanced by improving Backbone structure and CBAM (Convolutional Block Attention Module)
attention mechanism is embedded to improve small target information extraction. Secondly, a Coord-BiFPN structure is
designed to enhance network feature fusion capability, and an OD-C2f structure is proposed to extract key features of
safety helmets with different shapes and sizes. Finally, a FR-DyHead detection head is designed to replace the original
Detect structure, so as to improve detection accuracy and reduce latency. Training and testing are conducted on GDUT-
HWD helmet dataset. Test results show that the mAP of the proposed algorithm achieves 85.8% accuracy, which is
2.6% higher than YOLOvS8n, which verifies that the proposed algorithm can effectively improve the accuracy of helmet
wearing detection in complex scenes.

Key words: YOLOvV8; CBAM attention mechanism; Coord-BiFPN; FR-DyHead detection head
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Fig. 1 Diagram of RDCA-YOLO network structure

3 vorD 2 4 184 7 # % (RDCA-YOLO
etidetection model )
'1 Backbone 514
JELUR T 45 v 1 2 IR 45 55 R 2% BB IR I BE 1 4R A1K
B3 i ResNet-18" 45k k54T 1) Backbone £5H4 , 1% M 4%
— AN EBUZ TG 22 Ve 41 fil i R I 5 45 s B 80 100 e i
PRIAE S7 3R 25 R 45 A FEARZE ) B A (D B
y=F()+x @D
HA FCoO)FRIEE R« My 73 BIFRE AR . 4%
i 17 NERUZ — R AR/ R 32X 3 M Rt AL 2 (max
pooling) fl— A~ 2% 1 )2 4. £ 501 ResNet-18 #5571 35 K&
3316 IS8, Hoh RelLU 3% oA BORTIL B )9 — fk (Batch
Normalization) . F T34~ FUZ 1 J5 1 » ResNet-18 Z5 413
1.

%1 ResNet-18 ZEHIR
Tab.1 ResNet-18 structure table
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7X7,64,stride 2

Convl 112X112 ]
3X3,max pool, stride 2
3X3, 64
Conv2_x 56 X56 X2
3X3, 64
M 3X3, 128 7
Conv3_x 28X 28 X2
L 3X3, 128
[ 3X3, 256 7]
Conv4_x 14X 14 X2
L 3X3, 256
[ 3X3, 5127
Convb_x 7X7 X2
L 3X3, 512
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Fig. 2 Diagram of CBAM principle
AR SCHEH A H XWX C WHER, H 1w
FR A MG R A SE , C 3R 38 38 45, 4 4 Jm F38 3 Ak Fn
OBt A R 25 TR L SRR TP 1} 1 & (MLP,
ZJZ AL F Sigmoid W pRBCHAT 454> 18 18 B AR , 8 1E
TR BISEH E anE 3 R .

IxIxC

M (F):HxWxC

plibL]
RS

| Erj—{sigmoid]—b

A3

EERCRES Ik Tk )

Fig. 3 Diagram of channel attention model structure
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Fig. 5 Diagram of Coord-BiFPN structure
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environment setting and data preparation)
4.1 EWIMEHE
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{1 GPU 24 NVIDIA GTX 2070,CUDA Ji4s 11. 1, PyTorch i
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4.2 HiEESR
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e, B S AR UCEC 200 YL NZRHEIH 8, 2% 2 Fohy
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4.3 FMiEER

VI 99 45k BE 1 F5 b 32 B2 R %6 (Precision, P) , 4 Bl 5
(Recall, R) , Y i 28 ( Average Precision, AP) , 3 14 i 2
41 (mean Average Precision, mAP) , 1158 5 i A
AR AD PR

A )
L 4

Coord-BiIFPN 4544, i # 5 IR 76 3) 54 AR L alh L3t 1
OD-C21 £ 58 6 /R4 i1 T —FHi i FR-DyHead A0 3k
B A 19 Detect 4548, MR 2 P A EHE ol LU L 5 5
YOLOv8n FEEAR L A SCREALY mAP #2551 2. 6%,
F2 AXHETE GDUI-HWD B E R B SLIe 45 R EL &
Tab.2 Comparison of ablation experimental results of the proposed
method on GDUT-HWD dataset

. AP/% mAP@

b B At fi gfa FRN 0.5/%
YOLOv8n 81.2 83.7 87.5 82.0 8.7 83.2
YOLOv8n+ResNet-18 83.6 86.6 88.2 83.0 82.7 848
YOLOv8n+CBAM 82,1 84.6 87.3 82.5 81.5 83.6
YOLOv8n+Coord-BIFPN 83,1 84.5 88.0 82.5 81.0 83.8
YOLOv8n+OD-C2f  82. ‘@\ 88.7 81.1 8.3 83.5
YOLOv8n+FR-DyHead .4 881 8.2 82.0 83.9
RS .2 87.0 89.2 84.2 83.5 858

DR 8L PO RORY A8 A5 SR R [R] B 98 E 58 0 1T A O
PSP FURI 3 A F R G I 30 R AT X L AS TR Bk
gIUT- B G BRI 45 2R LR 3 i R ik

1
e 157 L mAP fH.
Q AREEE GDUT-HWD R £ I 4 R L&
ab.3 Comparison of detecting results of different algorithms on

GDUT-HWD dataset

P/% R% mAP®@0.5/%
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P “TP+FP (13 YOLOv3-tiny 88.3 68.8 75.5
oo TP 4 " YOLOVSs 88. 8 7.1 83. 6
" TP+FN
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Horb . TP 1 IE 6 ) TE AR A £ i LI At R ) TE R AR
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AL R ) FE FR . T HE To ntersection over Union) [ YOLOvén 88.2 76.6 83.2
TEHL 50 Y0 B () mAP B, 23 P3R5 0 AP 1845 3, YOLOvSs 89.7 77.9 85. 2
HREITEMAKXADH AN A6 s, Sk 88.3 79. 1 85.8

AP :J;P(r)dr (15)

mAP =L 3P, (16)
5 LI 45 R 5 4t (Experimental results and
analysis)
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6 %51t (Conclusion)
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