18,844 K WoF oW R A %48 % T
et m ity I
”% Pk ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4F 4 J

DOI:10. 19651/j. cnki. emt. 2417396

EF CPM-YOLO HyE LB 7Gx~

Bitkd' AL Lz ' Fx
(1. RBRHEKRFZIMIAEFR KR 030024;2, TREEFHRALBEREZAA LB A ELERET KR 030024)

W OE: AR AR I SR ET AT AT HAR ™ TR 5 E 2 1Y 1 B S B 1 DL B 5 R ORG B IR L R
SRR AS . 8 T — AT CPM-YOLO B3k i PERe Sk Z0 R IR RY 3 5, 32 10 0 i 5 RUBERRAE AL 6 J7 1 CS-
FPN, T i b 2 45 1 0 18 SRV JLAT R AR 05 8,5 FL UG 4R H PCT A5 e, 0 A Y 1) 5 AF 48 BRE 77 5 B2 3 16 A de /s
SRR 00 3 AE [0 U5 451 2 PR AR — 25 4 v AR R (30 A0 S B RN R R 225 L I BR T I 45 R 20 X 20 (19 TR SR BEFE 4 A
20X 20 PRI Sk . BT 160X 160 19 /IN H AR Sk 5 35 5 o 848 V1 il 552 6 91F P 2% A4 e AT ok 428 455 70 M e 1 A Akt
X L S B HIE ] CPM-YOLO BRI OE 8 v 5z e ph . SCae g R U], 5 AR B TUAR L, AR AF 58 07 19 mAP@o0. 5
BT 5. 5% S8R MBI R S T 69, 9% F 67. 2%, B E BAT W 3 R 2 2% B RN 5 T I Sk 25 A6 T
ERARE

R B4 YOLOvI1s; CSFAN; PCT; MPDIoU s /) H 7 46 I 3k

FESES,: TNILL 73;TP391. 41 XEARIRAD: A ERRAEZRSEKE: 520.6040

Road helmets detection method based on CPM-YOLO
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Abstract: Helmet detection often faces challenges in complex road scenarios such as heavy traffic, pedestrian
interference, and severe occlusion of targets. These conditions can easily lead to low detection accuracy, false
detections, and missed detections. This paper proposes a high-performance helmet recognition model based on the
CPM-YOLO algorithm. First, a novel cross-scale feature fusion method, CS-FPN, is proposed to better integrate
high-level semantic and low-level geometric feature information. Next, the PCT module is introduced to optimize
feature extraction capabilities of the model. Additionally, a bounding box regression loss function based on the
minimum point distance is adopted to enhance the model’s convergence speed and accuracy. Furthermore, the 20X 20
downsampling layer and 20X 20 detection head in the backbone network are removed, and a new 160 X 160 small-object
detection head is introduced. Finally, ablation studies validate the effectiveness of each improved module in enhancing
the model’s performance, and comparative experiments demonstrate the superiority and generalizability of the CPM-
YOLO model. Experimental results show that compared to the baseline model, the proposed method achieves
improvements of 5. 5% in mAP@0. 5. Additionally, the number of parameters and model size are reduced by 69. 9%
and 67. 2% , respectively. The new model significantly reduces complexity while enhancing helmet detection capabilities
in road environments.
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G 4 AR F R K BE AR i — 22 42 %, mAP@0. 5 43 5
eSS 2 LR E BT T 1% 0. 7% 558 7 44 3 Aot
S G EERLEUAR [, mAP@O. 5 425 T 3. 7%, B Rk
TEIA T 4% Ble ik 5 ik (A 25k LA R e A TR B vh I AR 21

B8 A TIGAENE 7 AT B A i — 2B A T W 4%
S5k, M B P5 R R AR 2 IR S 4/ B AR DU Sk, 455 A Y
mAP@0. 5 2K 0. 906, M E IR BN T 5. 5% .5
Bk AR FRAL g ROl AR A () 30. 1961 32. 8%,
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F2 PCTHERMEMER
Table 2 Ablation results of the PCT module

2531 (8 AP®0.5 mAP@0.5 Parameters/M  Size/MB
Two-wheeler helmet ~ Without-helmet
1 YOLOvl1s 0. 969 0.851 0.732 0.851 9.4 19.2
2 Backbone4 0. 965 0. 858 0.747 0. 857 9.3 19.0
3 Backbone5 0. 966 0. 842 0.725 0. 844 9.0 18. 3
4 Backbone45 0. 967 0. 847 0.735 0. 850 8.9 18.2
5 Neck4 0. 965 0. 858 0. 744 0. 856 9.2 18. 8
6 Backbone4 + Neck4 0. 966 0.863 0. 756 0. 862 9.1 18.6
x3 BBRTREEMERGLABEMER
Table 3  Ablation results of removing the subsampling layer and replacing the detection head
2531 R AP@0.5 mAP@0.5 Parameters/M  Size/MB
Two-wheeler  helmet Without-helmet
1 YOLOvlls 0.969 0. 851 0.732 0. 851 9.4 19.2
2 Small head 0.967 0. 891 0.779 0. 879 7.1 14.7
3 Delete+ Small head 0. 966 0. 890 0. 774 0.877 2.8 6.1
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Table 4 Results of ablation experiment
4157 s APE0. 5 _ mAP@0.5 Parameters/M  Size/ MB
CSFAN PCT MPDIoU two_wheeler  helmet  without_helmet
1 0. 969 0.851 0.732 0. 851 9.4 19.2
2 N 0. 965 0. 865 0.782 0.871 9.8 20. 0
3 N 0. 966 0. 863 0.756 0. 862 9.2 18.9
4 J 0. 965 0. 862 0. 752 0. 860 9.4 19.2
5 N/ NG 0. 967 0.878 0. 799 0. 881 9.7 19.7
6 N J 0. 965 0. 865 0.782 0. 878 9.8 20. 0
7 N NG N 0. 966 0. 892 0. 805 0. 888 9.7 19.7
8 Delete+Small head 0. 968 0.91 0. 841 0. 906 2.9 6.3

3.5 AIMHER

o T E LA AR SCE S YOLOV s B35 A 46
SRR S AT FERH TRD 0 3 4 et P R R E AT I I B B T H o
AR B R E 17 7T 43 T H 6 T R Ak 25 5
9 fin. Hip B 9~ () AEIHEE . 9D~ (DR
YOLOv11s K & 4 . B 9(g) ~ () CPM-YOLO il &
1%, [ S 26 HE 7R two_wheeler, J5 5 28 HE 3 /8 without _
helmet, TEZHE F2 R helmet, SZHEF R CPM-YOLO 1
F YOLOv11s AR M4 .

&9 R T MR A YOLOv1Ls fl CPM-YOLO #
TEURG 0 %) T R AL 235 SR 5@ A 1R 9 () AN ) AT A4 IR g ot
FE 1) 53000 10 B R AR B  CPM-YOLO FEATH ER 1)
il _EEZALF YOLOv11s; 3 3 & 9 Ce) F1 (h) A] 1, CPM-
YOLO 7EA& 5 88 A 1 3k 28 35 J5 & il b 20020 3 i T
YOLOv11ssi i & 9CH () Al 1, YOLOv11s H B T 4%
Koz B 2 0 Sk AR RS B T AR LB Sk 2%, i CPM-YOLO
B B K ) 8, TR B AR AE TR Y Y R LT . CPM-
YOLO % 9 # 6E U T YOLOv11s, it Al W, CPM-
YOLO 8 b fift e T 5% A7 A 51 3k 28 K600 174 T Az L 1R G 56
[m] R, A6 4G /N B b | 328 15 S 0 P R S T i B
ERRISEVE
3.6 XfLbsLIE

T A X b ST 00 TR ik 9 BE A A, REER B 2 HEARAD
B #: W 2 ¥ ( Faster-RCNNY', SSD'', RT-DETR'™,
RTDETR-RESNET101™, YOLOv3™', YOLOv5s™*/,
YOLOv6s™, YOLOv8s™’, YOLOv8s-WORLDv2™7,
YOLOv9s™, YOLOv10s™”, YOLOvI1 1, YOLOv11x)
A5 E BB BE sk g YOLO #E & ( MobileNetVe-
MHSA-SSD", Yolov8n-sCG"'", Helmet-YOLO"?, g i
YOLOv8s™ DOEXT L . 5286 45 2k 5 fis .

Wt e 5 P TS, CPM-YOLO e Hfh 18

B9 CPM-YOLO Fil YOLOv11s &% R %t kb
Fig. 9 Comparison of detection effects between

CPM-YOLO and YOLOvl1s

AR, Parameters % /0, Size # /s 2 2K mAP
BomAP B0 B, & PR 18 AR AR B A B AR
55 H A R BB TR A L AR SCHE A CPM-YOLO 8 R AL
Ao 280, 0 B A 8 & M MPDIoU |, 1E
A TR B R A2 2% B O T IO T AR R AR .
3.7 ZbitExtEE g

AW UEB T LR FT A EEHER R YOLOv11s 5 et
S5 1 CPM-YOLO #E R4 51 T 53 41 3 4~ 3k A5 46 I s 42
(Hard_hat_workers, Helmet 1 Helmet-detection) Il %k,
CPM-YOLO BRI ik ik 0 R £ 2 3F TWHD $di 42, If
AR R B B Y R R R T

2 6 AT LA 1, CPM-YOLO # % 75 7 [F 5048 4 |
¥ i Bz AR BE . A i > TR R S R
TERER /N FERS BE R L ARESF YOLOv1ls BA B 8 1Y
e 34 38 A 7E B2 R 52 KR B 3R 5T o N
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Table 5 Comparative experimental results of different models on the TWHD dataset
AP@0. 5
24 | i - mAP@0.5 Parameters/M  Size/MB
two_wheeler helmet without_helmet
1 Faster-RCNN 0. 826 0. 166 0. 044 0. 345 28.7 108
2 SSD 0. 685 0. 430 0.218 0. 444 26. 3 91.6
3 RT-DETR 0.923 0. 788 0.615 0.775 28.4 59.0
4 RTDETR-RESNET101 0.924 0. 809 0.619 0.784 41.9 86.0
5 YOLOv3 0.954 0. 865 0. 767 0. 862 103. 7 207. 8
6 YOLOvSs 0.954 0.842 0.722 0. 839 9.1 18.5
7 YOLOv6s 0. 95 0. 818 0. 694 0. 821 16. 3 32.8
8 YOLOv8s 0.965 0. 844 0.718 0. 842 9.8 19.9
9 YOLOv8s-WORLDv2 0.967 0. 847 0.72 0. 845 12.7 25.8
10 YOLOv9s 0.959 0. 84 0. 735 0. 845 7.2 15.2
11 YOLOv10s 0.965 0. 847 0.733 0. 848 7.2 16.5
12 YOLOvlls 0.969 0. 851 0.732 0. 851 9.4 19.2
13 YOLOv11l1 0.963 0. 861 0.768 0. 864 25.3 51.2
14 YOLOv11x 0.966 0. 87 0.771 0. 869 56. 8 114. 4
15  MobileNetV2-MHSA-SSD 0.963 0.891 0. 787 0. 88 6.1 21.2
16 Yolov8n-sCG 0.968 0. 888 0. 788 0. 881 3.2 6.6
17 Helmet-YOLO 0.966 0.892 0. 796 0. 885 12.4 25.3
18 it YOLOvSs 0.968 0.902 0. 828 0. 899 7.4 15.1
19 CPM-YOLO 0.968 0.910 0. 841 0.906 2.9 6.3
TE X R B I R i ROR B 2 L R0R .
% 6 YOLOvlls #1 CPM-YOLO ZEAFHIEE LML LW HER
Table 6 Comparative experimental results of YOLOv11ls and CPM-YOLO on different datasets
G S LAY mAP@0. 5 Parameters/M Size/ MB
TWHD YOLOvlls 0. 851 9.4 19.2
CPM-YOLO 0. 906 2.8 6.2
Hard_hat_workers YOLOvlls 0.623 9.4 19.2
CPM-YOLO 0.635 2.9 6.3
YOLOvlls 0. 807 9.4 19.2
Helmet
CPM-YOLO 0. 831 2.9 6.3
. YOLOvlls 0.936 9.4 19.2
Helmet_ detection
CPM-YOLO 0.961 2.9 6.3

4 & ®
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L

B UL 7 e 3 1 Sk A AWK A H B Y T L
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T —RINHGE R —F T CPM-YOLO 33k 13k 455
RETR IR,

B4 ot T A B FPN-PAN 454 42 73 soss R
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