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Abstract: In construction sites, many high fall accidents have occurred, so it is necessary to wear helmets. An improved
algorithm based on YOLOX-s is proposed to deal with missing and omitted detection of small target samples encountered
in helmet-wearing condition detection. First, the 160x160 feature_léyer in the Neck layer is introduced in the backbone
feature extraction network for feature fusion, and a detection head for small targets is added; second, the SIoU loss
function is used to calculate the loss value, which makes the loss term considered in the training process of the network
more comprehensive, and the varifocal loss function is used to calculate the loss value of the confidence level to further
reduce the imbalance of thé"p(;sitive and difficult samples in the training process; finally, coordinate attention (CA)
mechanism is used to enhance the feature representation of the model. The experimental results show that the optimization
of the Neck layer, detection layer, and loss function and the introduction of the CA mechanism lead to better convergence
and regression performance of the network during the training process. The mAP value of the improved algorithm is
95.57%, which is 17.11% and 3.59% higher than that of YOLOvV3 and the original YOLOX-s algorithm, respectively. The
detection speed of the improved algorithm is 54.73 frames/s, which meets the real-time detection speed requirement.
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(2) TEZ (AL B AE B R A 25 A E G, K —
2% 6] 7 1) o o P 4 FE AT 4 P e 4, A L RE S o — =
(6] 77 ) 5K B AT 4 P 2 THT I B . K B S 1 Bk E
o 1x1 BRI N IRRHESERA B (2D &4 /Z+Batch-
Norm JZ+IEZMEFOE R EZ) HATRHERR AL T A5
W= (18) Fin:
f=08(Fi[".2"]) (18)
Horp, S ARG BOE R 2L (A0 ReLU USRI #L . tanh
PG REL. LeakyReLU ¥i6 R EL%), F1oh 2D B JE
(2 BURAE, (21, 2 DA AN IR 23 8] J7 17 1) ik B 7E [R) —
YEE AT P
(3) K& it 1x1 bRt BB HURRAE $2 U HIHRFAE
JEREAT T B 7 1R A KT ] 3 2 0 A T T
HHEARWR (19)« K (20) Fior: «
g" = a(Fu(f") (19)
g" = a(F(f™) (20)
Ho, ghy vyl b 5 1) 13 78 TR AR
(4) B 7KF 7 11 5 3 B ] PR3 2 A B )
SR FHF B RRAE )2, e J5 R AE 2 S A B AE R
Fisge . itrE AW 21) Bk
Yelii ) = xeli, ) X g2 x gX () 1)
Hod, xo(i, )~ yeli, )7 MR RAFAE ZRFE . VE R IR
FHE SRR AE 2 R R AT A 3 B S 6 LA )
FILRE I HIFFAE .

AR CA VERE SN 5] N % Neck R B K

SKRHRAE 25, ¥ L SRRE 2 5 IR T CA TEIE
FIWUR, AT A5 bR I o AR A
PR RV S5 BA0R. A% S02% 8 3 ST R A, LA
TG 190 24 1) SRAF S0 SR T 0 R B AR 3x3, KNy
2 I BRUE AR, SR SRR 0 T HREAE A B
RESTAREE T | SRPERRAE o TR E 5 LR L, 0% CA
VERR THL R TAEA T SRR 2 5, TE AR %
TR RS AT ER T, 5 AR T T4 (5 4 1

3 SEEG
3.1 KIGHURE

ARSI AT SR FH P A5 4 TR ¥ SHWD %4
PEAEIR I 4 290 TR F, ZAHE SRR T T DL

i 2 Fh3g & T Ik 2 A E B IS L, R 2 AR R R 2R
A4 hat (AR 22 4 18) 25 LA X person (RAM 8 % 4=
8 2%, 4 % 4% N Pascal VOC #3X, briESTE N
XML #& A0, 78 IE XTI ZR AT SR 4R 1L 1 8:1:1
HI LRI 73 N ZRER . B0k 5 5 4R,
3.2 XINE

AR S50 558 Windows 11 R4, &
K% H NVIDIA GeForce RTX 3060 Laptop GPU, & &
S IMESGEHL Py Torch. 7 M 2% YIZREL 7 A A GPU
HEAT IR, 6P 2 1| 5 e e B, 5 SR
IR 1 . .

R % 1 ST 8
i fA

CPU 12th Gen Intel(R) Core(TM) i7-12700H
Y Windows 11

TR FE % I RESE PyTorch
GPU NVIDIA GeForce RTX 3060 Laptop

3.3 EBNIZ

A AR B ZRER 1 28 0 5 3 I R A4 AR
COCO ##i4E. VOC2007 HHHHELL & vOC2012 Hif
AR EBA — @ MARUE, WeR T #5277
FORYIZRAE A, BB LY ZR 100 4> epoch, EIEA IR
HR 43 400 UK. RS AE T 4R I SRS 2 I ZRAsi B
FEHT 50 A~ epoch By BUEEAT iR 45 )1l 5 (LI AR 2R 3 ¢
HEFEEL IO 2% 2 M4 2 2435, 7E 50,5100 4 epoch [
B VR A S I I G SRR S P S5 B A S A Dok
IW%%E%U_&E\%‘:_Y}E%Ulléﬂfl‘ﬁﬁfttﬁd(d\%j 8, fir Rl
FRUrBAL IR Ny 4, W48 255 2 Bl R 0.93, 2k
ISR IR Ak 2% A SGD itk 88, 4 Il gt 2 i 8
Fias, AT olodt B AR D W B, WA R AR 1 AR 58
EAYYSSNES<siE S
34 TENIERR

A SIS S FH (RS RS FEPEAN PR AR RS2 (precision,
P). AR (recall, R). “FIJHE A (average precision,
AP) VLR AN FE 5{E (mean average precision, mAP);
SR FH (AL WU B2 PE AN 8 A R B A0 A% S T 3L (frame per
second, FPS); K W 24 1557 2 ¥ i (Parameter) SKIFHT
X 28 B 2R () R/,
341 HEE R HEHMER (P)

BERHERERN ALK (22) 5K (23):

oo TP
TP+FN

x 100% (22)
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P= % x 100% 3 IR 1
oo, TP FR IEH BN IEREA SR, FN FORHHE T AP = fo P(R)IR 24
T GURE A MR, FP 37 B T 0 16 R A 3 .
(TP+EN) R Bt IEREA (AR, (TP+FP) 367 A T mAP = %ZAP(k) (25)
k=1

T IET R KR (B35 TUFEAS).
Horh, AP FoRBA ST R IRE FE, T mAP oK

55 | = Train_foss F 2 4 5 M P B30 JEE 14016 PR S0 VP A A 82 )
5o | - R E), AR TN T B FE) mA P SR BB U b e, 3t
sl mAP i, TR R A R
g 35 SRHERRHW | -
o 351 xHiABL
35 1 S Jab A S B I ) BV AT I, JF 5 Fo At e
sol L Nwow TR P RE Lz, o bR 46 2 . Mk 2
0 20 40 60 80 100 A DL # Fast R-CNN. RetinaNet. SSD-VGG Hk
EPO‘C}L 3 ! 1 mAP {E3¥)/NF 60% H. person (A 22 4= 08) B
e AP 3B & KR 2 2 5k, Hob SSD-VGG
50 | ‘ i 1o FOR I (FPS) ebe, Fast R-CNN A4 FE e 2
45 | — Yalid_loss EARG I 34 18 H 2 808 =ik 136.71M. YOLOV3,
a0 | YOLOv4 S B3/ T 80% HZHE SR, A
§ s | EALERE 5 T, R YOLOVS-s. J& YOLOX-s
B0 S S ELTE RIS FE S A M R E ¥ %
T BLIF IO TN, A S0 B JR I S MR T e
25 ¢ St b4 LA DR e, FLARLARG T 2k i I
0l . [ YOLOX-s 5% mAP {H3RTFT 3.59%, 34 hat (/i
O e Y 322 22 0R) F<30H9 AP BT} $1.87%, person (K
(b) Bt % 40 K AN APHE IR T T 5.31%, Ko lllsd A
I 54,73 Is, BEWS 15K 2 UM SN A 20cHu Rl 2
AR . SR TER U A BT R, (H A5
342 CFEIREEE (AP) 5 PRI (maP) BRI R ESR , AES 5 A 22 4 IR SR AT % ELiE
THIR B S F IR R E AR SBAR (24) AR
, ¥ %2 HHRE
R 5 v y Parameters (M) - AP (@rson o P(%;erson hat R(%;erson mAP (%) FPS
Fast R-CNN 136.71 89.68 20.76 74.70 29.44 89.18 36.12 55.22 11.17
RetinaNet 36.35 87.05 4.20 93.07 96.46 82.24 1.50 45.63 30.02
SSD-VGG 23.75 87.52 16.37 95.94 33.53 77.14 3.17 51.95 82.25
YOLOvV3 61.52 91.73 65.19 94.87 70.86 83.06 64.99 78.46 57.28
YOLOv4 63.94 77.02 43.62 80.81 59.88 65.31 45.52 60.32 43.68
YOLOVS-s 7.06 93.96 79.31 94.13 93.26 88.37 62.29 86.63 83.54
YOLOX-s 8.93 95.93 88.03 94.64 92.30 90.00 81.50 91.98 74.48
H#FYOLOX-s 9.71 97.80 93.34 93.28 92.54 93.47 89.25 95.57 54.73
352 IHmSIK 65 54 EACHE S A B BB, AT R S0, 1% 3

N T BAE AR SCHT R A 1 4% A et SRm 17 RHE, Fizs. W BLE BN Neck B 5Eg . SToU 452K b £4
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o gk SR . varifocal loss PR CSCE SR DL CA VR
FIRLH Uk S J& , mAP(E SARFG BT, ik 7 & —
0 Ot SRS ) AU

* 3 JHRESIE

iftNeck  SloU Varifocal loss CA mAP (%)

— — — 91.98
— — 95.04
— 95.28
— 95.31
95.42
v 95.57

<<<<<|
<<| < |
e 22|

|

T VFOR R %

3.53 faillas R
KA 235 SR T AR i i 7 21, st Je ) 55

VRSO AR IERE B4 R STER LIRS T HARARL

i LA S o R B T A, 9,
10 %, aﬁzﬁfﬁﬁﬁ/ﬂaﬁ%ﬁﬁ&w 300 b
A, RIS )

L 8

(a) AT (b) St

KO BGHERTERIACR H

o) etk

O 2 AR
L *

1 10 Bt AT e R I Rk

Zie 5 kE

AR — BT YOLOX-s MIBud 5k, Hik5
% 2 B ARG 1 JEAEUBE X /) H AR A8 SE R M B8 7 3 LU
DR T, 7 Y G — AN BT /N H AR 160x160 [/
FBR RISk RS2 TH/s H ARl i 4R, JF Bt etk
TR BRI B L RGN CA ERE L], (45 I Zhid F2 h
W0 2 W 8555 Tml VA P e B AR e SR8 W R, AN ST et Je
R SRR AE 9 A2 B3 S I ARG 3 E SR 1% L R B L

m I HERYE, HZHE RN, 725 )5 W 7T ok 4k 22
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SEILE 7 28 S S AN

S

1 Viola P, Jones M. Rapid object detection using a boosted
cascade of simple features. Proceedings of the 2001 IEEE
Computer Society Conference on Computer Vision and
Pattern Recognition. Kauai: IEEE, 2001. [doi: 10.1109/
CVPR.2001.990517.] 3

2 Dalal N, Triggs B. H‘stograms of 6r1ented gradients for
human detectlol\ Prog:gdlngs of the 2005 IEEE Computer
Society ‘Cpn erence «on Computer Vision and Pattern
l}egognition. San Diego: IEEE, 2005. 886—893. [doi: 10.11
09/CVPR.2005.177]

3 Felzenszwalb P, McAllester DA, Ramanan D. A
discriminatively trained, multiscale, deformable part model.
Proceedings of the 2008 IEEE Conference on Computer
Vision and Pattern Recognition. Anchorage: IEEE, 2008.

—8. [doi: 10.1109/CVPR.2008.4587597]

4 Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and semantic
segmentation. Proceedings of the 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus: IEEE,
2014. 580-587. [doi: 10.1109/CVPR.2014.81]

5 He KM, Zhang XY, Ren SQ, et al. al pyramid pooling
in deep convolutional networks for Xul recognition. IEEE
Transactions o Patte;rﬁ‘ Analysis'and Machine Intelligence,
2015, 37(2) 1904-1916:[doi: 10.1109/TPAMI.2015.2389824]

6 Gkshlck R. Fast R-CNN. Proceedings of the IEEE
International Conference on Computer Vision. Santiago:
IEEE, 2015. 1440—-1448. [doi: 10.1109/ICCV.2015.169]

7 Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards

real-time object detection with region proposal networks.

Proceedings of the 28th International Conference on Neural

Information Processing Systems. Montreal: MIT Press, 2015.

91-99.

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot

multibox detector. Proceedings of the 14th European

oo

Conference on Computer Vision. Amsterdam: Springer,
2016. 21-37. [doi: 10.1007/978-3-319-46448-0_2]

9 Redmon J, Divvala S, Girshick R, et al. You only look once:
Unified, real-time object detection. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 779-788. [doi: 10.1109/CVPR.2016.
91]

Software TechniquesAlgorithm #fFHi AR« F% 153

© ERSEBIK T

http://www.c-s-a.org.cn


http://dx.doi.org/10.1109/CVPR.2001.990517.
http://dx.doi.org/10.1109/CVPR.2001.990517.
http://dx.doi.org/10.1109/CVPR.2005.177
http://dx.doi.org/10.1109/CVPR.2005.177
http://dx.doi.org/10.1109/CVPR.2008.4587597
http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/TPAMI.2015.2389824
http://dx.doi.org/10.1109/ICCV.2015.169
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1109/CVPR.2016.91
http://dx.doi.org/10.1109/CVPR.2016.91

i E RSN

http://www.c-s-a.org.cn

2023 4F #5324 HH 7

10

1

12

13

14

15

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017.
6517-6525. [doi: 10.1109/CVPR.2017.690]
Redmon J, Farhadi A. YOLOv3:
improvement. arXiv:1804.02767, 2018.
Bochkovskiy A, Wang CY, Liao HYM. YOLOv4: Optimal
speed and accuracy of object detection. Computer Vision and
Pattern Recognition. arXiv:2004.10934, 2020.

Lin TY, Goyal P, Girshick R, et al. Focal loss for dense

object detection. Proceedings of the IEEE International

An incremental

Conference on Computer Vision. Venice: IEEE, 2017.
2999-3007.

ik 8, RALE, Ml 5. 5T EUlER YOLOV3 “2 4 g Al
TR . tHENAT R, 2021, 38(5): 413-417. [doi: 10.
3969/j.issn.1006-9348.2021.05.085]

RIRR, 5%, XIVKIK, 2. Sk YOLOySs SiA 1 % 4218
i 38 A ) iJrﬁfffLI%%LﬁFj‘ﬂL 2023, 59(2): 194-201. [doi:

w

154 A4 AR 5% Software TechniquesAlgorithm

18

19

20

10.3778/j.issn.1002-8331.2206-0468]

JE, BRI, M0, BUE YOLOV3 122 4 i (il 3o il 7
B ENL TR S M, 2019, 55(11): 213-220. [doi: 10.
3778/j.issn.1002-8331.1811-0389]

Ge Z, Liu ST, Wang F, et al. YOLOX: Exceeding YOLO
series in 2021. arXiv:2107.08430, 2021.

Gevorgyan Z. SloU loss: More powerful learning for
bounding box regression. arXiv:2202.12740, 2022.

Zhang HY, Wang Y, Dayoub F, et al. VarifocalNet: An IoU-
aware dense object detector. Proceedings of the 2021
IEEE/CVF Conference on Comput%r Vision and Pattern
Recognition. Nashville: TEEE, 2021. 8510-8519. [doi: 10.110
9/CVPR46437.£021.00841]

Hou QB: Zhou DQ, Feng JS. Coordinate attention for
efficient mobile network design. Proceedings of the 2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Nashville: IEEE, 2021. 13708-13717.

(B e FhEHE)

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1109/CVPR.2017.690
http://dx.doi.org/10.3969/j.issn.1006-9348.2021.05.085
http://dx.doi.org/10.3969/j.issn.1006-9348.2021.05.085
http://dx.doi.org/10.3778/j.issn.1002-8331.2206-0468
http://dx.doi.org/10.3778/j.issn.1002-8331.1811-0389
http://dx.doi.org/10.3778/j.issn.1002-8331.1811-0389
http://dx.doi.org/10.1109/CVPR46437.2021.00841
http://dx.doi.org/10.1109/CVPR46437.2021.00841

	1 YOLOX算法原理
	1.1 YOLOX-s算法主要流程
	1.2 无锚框机制(anchor-free)
	1.3 解耦头

	2 YOLOX算法改进
	2.1 网络结构改进
	2.2 损失函数改进
	2.2.1 SIoU损失函数改进
	2.2.2 Varifocal loss置信度损失函数改进
	2.2.3 改进后的损失函数

	2.3 CA注意力机制的引入

	3 实验
	3.1 实验数据集
	3.2 实验环境
	3.3 模型训练
	3.4 评价指标
	3.4.1 查全率(R)与查准率(P)
	3.4.2 平均精度(AP)与平均精度均值(mAP)

	3.5 实验结果及分析
	3.5.1 对比试验
	3.5.2 消融实验
	3.5.3 检测结果可视化


	4 结论与展望
	参考文献

