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Improved YOLOVS for mask detection in dense crowds

Wu Xiru Liang Shiyi

(College of Electronic Engineering and Automation, Guilin University of Electronic Technology,Guilin 541004 ,China)

Abstract: To address the challenges in mask detection for faces in dense crowd scenarios, particularly due to
information loss from crowd occlusion, small detection targets, and low resolution, improved YOLOvS algorithm for
dense crowd mask detection is proposed. This approach replaces the FPN structure in YOLOv8 with a GD mechanism
to solve the issue of missing cross-layer information transmission. The GD mechanism uses a unified module to collect
and integrate information from all layers, enabling lossless cross-layer information transmission and enhancing the
network’s feature extraction capabilities. The ODconv module is inserted into the GD mechanism to learn the
information transmitted by GD along four dimensions, improving the model’ s detection accuracy for low-resolution
images and small targets. Additionally, a SCSBD is introduced to lighten the YOLOv8 detection head, which occupies
a significant proportion, thereby balancing the model size. Experimental results show that the improved network has
increased precision, recall, and mean average precision by 13.6%.1.5% and 6. 9%, respectively, with an 81.1%
accuracy in mask detection on faces. The model's weight file is only 25 MB, and its size is between YOLOvS8s and
Gold-YOLO-S, achieving a balance between size and accuracy.
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Table 2 Ablation test
F i AR A SCSBD OD GD P/ % R/% mAP50/ % BRI /N /M SR /10°
YOLOv8s X X X 81.7 67.6 74.2 22.5 11.1
YOLOv8s N X X 91.2 71.2 78.7 19.1 9.4
YOLOv8s X J X 89.0 71. 6 77.5 24. 2 11.2
YOLOvSs X X N/ 87.4 73.2 78.0 27.7 13.6
YOLOv8s N N X 89.9 64.9 75.6 19.3 9.5
YOLOvSs X J N 83.9 70. 7 79. 2 28.0 13.7
YOLOvSs J X J 91.3 70. 4 77.0 24. 7 12.1
YOLOv8s N J N 95.3 69.1 81.1 25.0 12.1

¢« 60



BB 4 5 i YOLOvVS #9 % £ AR v 4 ok

%1

Fh SRR R RERG N T 5. 2 MB BALEE ST R/NVRT 2.5 10°
WIS HE N T iF— 25 R TR B S R A SR AR ) L B v
IG5 SR AN R (0 R T A B L 76 GD 4% Hh il & &
4B FE T ODConv, ODConv K Z 1T & 1 HLH . % &
R AGEE BB S 2R Lo SR, X
GD HL To B 1L i 1) 155 B 2E AT 32E — 25 19 4 17 e 4F 42 10, AR
P 2 By &5 B Al 1, i ODConv #f — 25 48 J+ 7 4 1
L 2% M P30 (AL E SRS R it — P iR s b
F| 28 MB #il 13. 7 10°,

J T A GD A ODConv 7 3R AL 2 SC 1 F1 2 8%
I B R R AT Sk 1 AT B AR B S SCSBD, B 4 A
Sk J5 AR LA FE 3 10 SR ERAIG 1. 6 %6 OIS 000 M08 1 ) v A
VSRS EE R SO RS B i A T A AL R R
SESPRE R RE A BIAR T T 11, 4% 1. 9% AU E SO B B
AT 3 MB AT 1. 6X10°,

M R A YOLOvS #E 8] LARA & H L 3 45 5350 M
LRG| AT R AR ISk, B 2 Ak T 45 1 R AR 5 A AT A
BT, XS AN — R R T T NS
FIRBE T o [ B A Y 2 00 /MU /D 1 4 17 1
T M BE S T X/ B AR RO 43 5 4 A Y A B
RS PR R R B T AR B 4 b o b i 3E PR R
Btk
3.4 bk

SRy T AIE B AR S T B R TR ) R R R
UG 1 Y OLOVS 856 FUH A B 1T 1 HO B A SOk 4
T RT-DETR""” ., YOLOv5s,YOLOv9s"' | YOLOv10s",
7 3 g AT LIE L, RT-DETR B 58UR AU 4 B AL & 3¢
A R X 1B A I A SR B A S BR YOLOv8s 4 iy He Al
YOLO &4, X &l T Transformer F & & 1E 4 /AL,
X 7N M G T TR A RR AT A A I BE A PR 5 R B A AR T
flt — % %1 YOLO % %1 5 3% YOLOv5s., YOLOvS8s,
YOLOv9s Al YOLOv10s, A< 3C A7 $2 4 19 5505 AU FE 2D i 1
AR TR AR ST KN R A LR L mAP 43 3K
BT 3.7%.6.9%.3.3%.3. 9% HIRT,

®3 FREEMNLER

Table 3 Comparison of results from different algorithms

L7 P/% R/% mAP50/% BIHEIR/N/M
RT-DETR 86.5 68.3 75.1 10. 4
YOLOvSs  86.0 72.8 77.4 18.5
YOLOv8s 81.7 67.6 74.2 22.5
YOLOv9s  86.8  73.8 77.8 15.3
YOLOv10s 86.0  71.3 77.2 16. 6

A3 95.3  69.1 81.1 25.0

4 &

AR SCRF X AR N 11 S AG I PR i 4 ) AL B T — ol

TER AR NI 5T AT 0 LR I 19 et YOLOVS 3
. TEBRM 2 T GD M 2% 8 # J5UA /9 FPN L ACEIME
KL 85 2 J0 40 A% i, 1 5 T/ B AR RRAE 19 4R BURE T L Ml A
ODConv {ff GD $2 Ht/IN H AR 5 E B8 1 #E — 25 42 T 75 3k
W4, 5% H SCSBD f i A6 I 3k A1 YOLOvS Ay A Sk

IR SRS B, SER R, 5 A n B R L MO R

(¥ YOLOvV8s 552K BE 6 i % /)N B bz il 43 B 5% 1 90 1

A6 I 2R S A, HAT SR A £

IR R TEZ A AL 1) R il 00 A (7 A 28 A T X B R

Z B B T X 11 B A 0 BB 7 [ R i A4S A ity A

BB, [ A T3 N SR Y i G A L P A T Y

BRI SRR, DI AE 2R B 58 B8 4 1 35 A TR 9 &

R,

S % 3Lk

(1] RS GRS RELL, 55 BE B S A5 o E 8 R

JETH B 45 T AR AT B AR AR AL A D). h R A SR T
A4:,2024,40(3) ; 274-279.
ZHU H,SHI P W,SHEN Q H.et al. Changes in clear
assignment of depart mental responsibilities for major
epidemic prevention and control in the Chinese
mainland before and after COVID-19 epidemic: An
analysis on official documents[J]. Chinese Journal of
Public Health, 2024,40(3) :274-279.

(2] HE,RE, Ed 5. B il 5 v i i 3 o A ).
HAE R GE AR . 2021,16(3) :528-536.

GAN Y, WU Y, WANG ] Y. Epidemics trend
prediction model of COVID-19[J]. CAAI Transactions
on Intelligent Systems,2021,16(3) :528-536.

[3] SUN Y B, SUN Z, CHEN W T. The evolution of
object detection methods[ ] ]. Engineering Applications
of Artificial Intelligence,2024,133: 108458.

[4] REDMON J,FARHADI A. YOLOv3: An incremental
improvement [ ] J. ArXiv preprints arXiv: 1804,
02767,2018.

[5] BELABBES M A,OUKDACH Y.,SOUAIDI M,et al.
Advancements in polyp detection: A developed single
shot multibox detector approach [J]. IEEE Access,
2024,12: 19199-19215.

(6] WANG Y Y. WANG C,ZHANG H, et al. Automatic
ship detection based on RetinaNet using multi-
resolution Gaofen-3 imagery [ J ]. Remote Sensing,
2019,11(5): 531.

[7] REN SH Q,HE K M, GIRSHICK R, et al. Faster R-
CNN: Towards real-time object detection with region
proposal networks[ J ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39 (6):
1137-1149.

e 61



448 % v 7o ¥ o3 A

(8]  HUKA, EBEE HBIM. JE T Faster ROCNN B¢ [16] CHEN M, LIU Y Q, WEI X, et al. PO-YOLOV5: A
EFA% T HAALWC)] &7 W& 8 AR, 2023, defect detection model for solenoid connector based on
46(16); 187-194. YOLOv5[J]. PloS One,2024,19(1): e0297059.

ZHAT Y J, WANG L Y,GUO C B. Insulator object [17] &= 504G R, T &, 4. 3T st YOLOvVS 9%
detection in complex background based on Faster R- T8 22 A B AT PR DU R LT ) T I 2 B R, 2024,
CNNLJ]. Electronic Measurement Technology, 2023, 47(1):130-135.

46(16) :187-194. ZHAO H L,GUO Y M,WANG ] X,et al. Rail transit

[9] HE K M, GKIOXARI G,DOLLAR P,et al. Mask R- obstacle detection algorithm based on improved
CNN [J]. IEEE Transactions on Pattern Analysis YOLOv5[J]. Electronic Measurement Technology,
Machine Intelligence.2020,42(2) :386-397. 2024,47(1): 130-135.

[10] CAI Z, VASCONCELOS N. Cascade R-CNN; Delving [18] ZHANG S, CHI C, YAO Y., et al. Bridging the gap
into high quality object detection[J]. IEEE Conference between anchor-based and anchor-free detection via
on Computer Vision and Pattern Recognition, 2018 adaptive training sample selection [ C]. IEEE/CVF
6154-6162. Conference on Computer Vision and Pattern

[11] R BRE A AR 55 FLM-YOLOvS . — i it 9 Recognition,2020: 9759-9768.
£ 10 A ARG I Rk L) ). 3 HL TR S R AT, 2024, [19] TIAN ZH,SHEN CH H,CHEN H.et al. FCOS: A
60(17): 203-215. simple and strong anchor-free object detector[]J]. IEEE
GAO M.CHEN G H.GU J X,et al. FML-YOLOVS: Transactions on Pattern Analysis and Machine
Lightweight mask wearing detection algorithm [ ] ]. Intelligence,2022,44(4): 1922-1933.

Computer Engineering and Applications, 2024, [20] LIX,LYU CH Q, WANG W H, et al. Generalized
60(17) . 203-215. focal loss: Towards efficient representation learning

[12] BWAZE,HRT. 2 5.5 EF YOLOv3 ity for dense object detection[ J]. IEEE Transactions on

B 1 RS I O B LT TV W Y K AR CH R B Pattern Analysis and Machine Intelligence, 2023,
SR ,2023,41(1) 1 76-86. 45(3); 3139-3153.
WEIM J, ZHOU T Y, JI ZH L, et al. Detection [21] LINT Y,GOYAL P,GIRSHICK R, et al. Focal loss
method of mask wearing in public places based on for dense object detection[ ]J]. IEEE Transactions on
YOLOv3[J]. Journal of Guangxi Normal University Pattern Analysis and Machine Intelligence, 2020,
(Natural Science Edition),2023,41(1): 76-86. 42(2): 318-327.

[13]  Z=/Nil ZEPH ST, 3807, 55, Bl A R I HLHN B YOLOVS [22] XU W Y,LIX,JI Y CH,et al. BD-YOLOvS8s: Enhancing
SR A L], %%k .2023,44(1) ; 16-25. bridge defect detection with multidimensional attention
LI X B, LI Y G, GUO N, et al. Mask detection and precision reconstruction[ ] ]. Scientific Reports,2024,
algorithm based on YOLOv5 integrating attention 14(1):18673.
mechanism[ ] ]. Journal of Graphics, 2023, 44 (1) [23] LIN T Y,DOLLAR P, GIRSHICK R, et al. Feature
16-25. pyramid networks for object detection [C]. IEEE

[14] SkEIxBH. 2 RE/A R YOLOv3 A B M i # Conference on Computer Vision and Pattern

Kol g5k (I, 3F AP TR 5 8 2021, 57 (16) Recognition,2017.
283-290. [24] WANG CH CH, HE W, NIE Y, et al. GoldYOLO:
ZHANG L D, DENG CH. Multi-scale fusion of Efficient object detector via gather-and-distribute
YOLOvV3 crowd mask wearing detection method[]]. mechanism [ J ]. Advances in Neural Information
Computer Engineering and  Applications, 2021, Processing Systems, 2024, DOI:. 10.48550/arXiv.
57(16): 283-290. 2309.11331.

(150 sRZP. R M E R R TEB¥JMRaEk  [25] VASWANI A, SHAZEER N. PARMAR N. et al.
YOLOv2 125 {38 A6 I gy [T, i 7 &= F AR, 2022, Attention is all you need[[J]. ArXiv preprint arXiv:
45(10) :112-116. 1706. 03762,2017.

ZHANG L P,LI ZH H,TANG Y L. Light- YOLOv2 [26] LI CH,ZHOU AO J,YAO AN B. Omni-dimensional
mask wearing detection method based on transfer dynamic convolution[J]. ArXiv preprint arXiv: 2209.
learning [ J ]. Electronic Measurement Technology, 07947,2022.

2022,45(10): 112-116. [27] YANG B, BENDER G, NGIAM ], et al. Condconv:

62 -



1B 44 5. 5k YOLOV ¥ B EAZ v B F ik

%1

[28]

[29]

[30]

Conditionally parameterized convolutions for efficient

Advances in Neural Information

DOI: 10.48550/arXiv.

inference [ J J.
Processing Systems, 2019,
1904. 04971.

g R SRR A LT A H AR 2 R 2 1 H
IR BE R I g7 vk [T, A A% A 3R % R, 2021, 42,
141-149.

ZHANG T,WANG H Q,ZHANG R CH,et al. An arc
fault detection method based on the self-normalized
convolutional neural network[ ]J]. Chinese Journal of
Scientific Instrument,2021,42. 141-149.

WU Y. HE K M. Group

of Computer

normalization [ ] ].

International Journal Vision, 2020,

128(3) :742-755.

GHIASI G,LIN T Y,LE Q V. NAS-FPN: Learning
pyramid architecture for object
detection [ C] IEEE/CVF Conference on Computer

Vision and Pattern Recognition,2019: 7036-7045.

scalable feature

[31]

[32]

[33]

ZHAO Y, LYU W Y, XU S L, et al. DETRs beat
YOLOs on real-time object detection[ C]. IEEE/CVF
Conference on Computer Vision and Pattern
Recognition,2024:16965-16974.

WANG C Y, YEH I H, LIAO H Y M. YOLOVY:
Learning what you want to learn using programmable
gradient information [ CJ]. European Conference on
Computer Vision. Springer,Cham,2025:1-21.

WANG AO,CHEN H, LIU L H, et al. YOLOvI10:
Real-time end-to-end object detection [ J]. ArXiv

preprint arXiv: 2405. 14458,2024.

EEE T

BB, B, WA, TS5 1 R ) RN

2 Hlaw A .

E-mail: xiru@ guet. edu. cn

2]

REBCGAEIES) LB E, EEBS 5 )
G AL B SR

E-mail : 1697889521 @qq. com



