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Abstract: To address the issues of limited detection categories and low accuracy in workers’ protective equipment detection, an improved
YOLO11 algorithm for detecting safety helmets and reflective vests is proposed. Firstly, an ASDCN module is employed in the backbone net-
work to enhance feature extraction capability through parallel asymmetric convolutions and information—preserving downsampling. Secondly,
the DBPA-C3k2 module, which combines diverse branch blocks and patch—aware attention, is introduced to improve feature extraction and
fusion capabilities, particularly enhancing the detection of occluded small targets. Furthermore, a P2 layer detection head is added to strength-
en the detection performance for small protective equipment. Finally, during training, the FI-WIoUv2 bounding box regression loss function is
employed to optimize parameters and improve regression accuracy. Experimental results demonstrate that the improved YOLO11 algorithm
achieves a significant increase in mAP, reaching 90.6%. Compared with other mainstream algorithms, it attains the highest mAP and exhibits
superior performance in detecting occluded small targets while maintaining detection accuracy.
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Fig.1 YOLO11 network structure
El1 YOLO11 %4

P , 3 SAFAEA B, ] YOLO 1 1n BEHY AT By 42
AR B AR IR, A7 AE — S 08 TSR A (0] R, Rt
YOLO1 In SRS H etk LA4R T HAG I M RE
2.1 ASDCN

Ak XF Fx & L™ 4% (Asymmetric Convolution Network ,
ACN) U — o 0 0 45 B 28 X 2%, TR T 1 4 1) o —
T ERL B A AER ARG R K — DT I
SC ARG 5 O £ R R AR T, X R T R 6% N R AR R X i
WAL AR SR THZABE S o ACNTEYINZRIN R H 2 00
ST AFE BN A R A B0 32, DR AT AR AN S i 4fE B e
(] AT 42 TH By 2 4 ARG RS 2

PLBE v T 9 33 5 FRAZ A 9 56 ACN IR B, 5
Joks B — 1 7518 & BRAZ AR 20 9 1x3 . 3x1 1 3%3 (14 147 45
F B3 SRR AN BN JZ , 9K J5 i 2k 4 Ak AR 8 4 )
FRIESEATREG . AR W SERE & & 23 321 Conv J2 HI BN
J2 R4 SR B TR AL B S ORI R AT, 2R
N 2 s .

KRG B RN i M e RV IR HIEECH C
A AFRIEE, 0 e R TP FoR i AR e L, WA D AR
N H < W BB, BRI E b e RP ATH]
F e R CRIR— A =i B AR R R, WX T4 Al
i B A AR i AR PET e X 7 )3 n = (1) s

0, .= M__#F, +p) (1)

Horp o8 “ e BUs . e B0 R & M 245 454
I, 7ERUZ IS A BN J2 T s il 5 il R el ot
LA RSO, W 225 BN JZ 5 i 728 S an =X (2) B o

0..,=(3¢ M #F, + o0 —M,.)% 8 (2
b F o 5300 R M BN R A 35 (B RIBR 22 Ly, R B,
DU Sy 2 ) B 45 TS B S50, 208 T INE B e

¥ 3 (2) ik J5 BD AT A5 31 Conv 225 BN 2Rl & 5 24 2,
= (3) frs .

Fig.2 ACN schematic diagram
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Fig. 5 DBPA-C3k2 network structure
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Fig. 10 Improved YOLO11 network structure
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Table 1 Experimental environment

®1 ZWRRE

BiH WA

PAERS Windows 11
CPU Intel(R) Core(TM) i7-13700H 2.40GHz
GPU NVIDIA GeForce RTX 4060 Laptop
AT 8 GB
W7 16 GB
CUDA 12.2

TF RIS Python 3.8

RBEF 2 HEL Pytorch 2.0.0+cull8

Table 2 Experimental hyperparameters
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Table 3 The results of comparative experiments
#=3 FEELWER

mAP@ Latency/

Model P/%  R/% Param./M FLOPs/G
0.5/% ms
Faster RCNN-resnet50 553 70.6 69.3 91.5 28.3 474.1
SSD-vgg 86.6 647 757 38.4 24 137.2
RT-DETR-I 90.6 839 878 35.0 15.5 37.5
YOLOv5-n 89.5 80.2 865 21.1 1.8 4.1
YOLOv6—n 922 769 85.6 29.7 4.6 11.3
YOLOv7-tiny 91.6 80.0 874 22.1 6.0 13.0
YOLOv8-n 89.3 80.7 87.1 18.3 3.0 8.1
YOLOv9-t-gelan 90.5 80.5 889 44.8 1.9 7.1
YOLOv10-n 90.0 774 86.3 18.8 2.7 8.2
YOLO11-n 88.3 80.0 86.9 18.7 2.6 6.3
YOLOI11-s 90.6 825 89.1 19.2 9.4 21.3
YOLOvI2-n 909 775 86.6 29.2 2.6 6.3
Ours 91.5 833 90.6 239 3.0 20.7
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Fig. 12 P-R curve of comparative experiments
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Table 4 The results of ablation experiments

R4 HELRBER

mAP@
1 2 3 Latency/ms ~ Param./M FLOPs/G
0.5/%
x x x x 86.9 18.7 2.6 6.3
N x x X 88.2 17.4 2.3 93
x v oox x 88.5 242 3.1 13.7
x x J x 87.9 26.7 2.7 10.2
x x x N 87.5 19.1 26 6.3
N J x X 89.2 23.7 2.9 16.6
N J y) x 90.2 25.0 3.0 20.7
v o4y N 90.6 23.9 3.0 20.7
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Table 5 Reparameterization experiment
Method mAP@ Latency/ms Param. FLOPs/G
0.5/%

ASDCN(Not) 88.2 20.3 2 447 252 12.1
ASDCN(Fused) 88.2 17.4 2319508 9.3
DBB(Not) 88.5 66.9 4302 626 16.1
DBB(Fused) 88.5 24.2 3147 082 13.7
Ours(Not) 90.6 84.3 4287 206 26.7
Ours(Fused) 90.6 239 2971558 20.7

3.5.2 DBPA-C3k2 ¥4 Al R Bl i£ & 1 AUl sb gk

WE 10 s, 768 T M 48 19 55 — 4> DBPA-C3k2 F i
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FH DBB A D 0 5 43¢ 1iF 32 JBORN fil 75 i), m AP AR T 0.7%
TFE -+ M 45 19 A AR BT A PPA VE 2 1 BILI 5 A B $2 7
T 1.6%, Al W, PPA RE % F B A AU A5 250 A I /1N H Bk B 47
i

Table 6 Comparison of attention mechanisms

F6 EEAVGILLER

Method mAP@0.5/% Method mAP@0.5/%
DBPA-C3k2(No Att) 87.6(+0.7) +CA 87.8(+0.9)
+ECA 87.0(+0.1) +L.SK 87.7(+0.8)
+CBAM 87.0(+0.1) +PPA 88.5(+1.6)

353 RER K BBILE

P 14 Dy ROt TR 00 A B IE2E ) box_loss T £k X
FelEBL . RTLA Hh il FI-WloUv2 51K eR B0l ikt itk
A9 YOLOT 1n # AR HAR AR AT, e S P

5

‘ —— YOLO1ln
—— Improved_YOLO11ln

w

box_loss

N

0 25 50 75 100 125 150 175 200
Epoch
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Table 7 Comparison of loss functions

RT MKBEHILER

Method mAP@0.5/% Method mAP@0.5/%
YOLO11n(CIoU) 86.9 DIoU 86.8(-0.1)
EloU 86.7(-0.2) GloU 86.4(-0.5)
SloU 87.0(+0.1) MPDIoU 86.8(-0.1)
WloUvl 87.1(+0.2) WloUv2 87.2(+0.3)
WloUv3 87.1(+0.2) FIWIoUv2(r=0.8) 86.9
FIWIoUv2(1=0.9) 87.0(+0.1) FIWIoUv2(r=1.1) 87.1(+0.2)
FIWIoUv2(r=1.2) 87.5(+0.6) FIWIoUv2(r=1.3) 86.8(-0.1)
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Fig. 15 Comparison of detection results of YOLO11 algorithm before
and after improvement
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