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Abstract

In order to solve the problems of low accuracy and high missed detection caused by high occlu-
sion overlap between pedestrians in dense pedestrian detection, a dense pedestrian detection
method is proposed: Serried-YOLOv5. The experiment is based on YOLOvS5s. Firstly, the atten-
tion mechanism is introduced in the network feature fusion stage, and an SE module is added to
improve the accuracy of locating useful information. Then replace the original NMS with Soft-NMS,
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and reserve the enclosure with a medium 10U but high confidence to prevent missing checks.
Experimental results show that compared with original YOLOv5 in CrowdHuman dataset, Dense-
YOLOVS5 has an FPS increase of 9.091 under the premise of ensuring real-time performance. AP
increased 1.5 percent; The Recall rate is increased by 5%, and the average accuracy of mAPg is
increased by 1.5%, which proves the effectiveness of Serried-YOLOv5 method in dense pede-
strian detection.
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1. 5|8

B A R R T R B AS IE R PO R, AT NRTINI 5 SR R G N . AT AR R TESS 8 1 EHE
BT, HER AT I A AT NI B . TEVF 2 PR g seh, WA Re . BB, AN H
&, AT AR EA WO EBERER . T VERAE T LK ANBERE S R BRI S, XA
SAERL T AN FERRR . AT HRIRAFE 2 A I Rehs K b B R F, AR BEAEREY gk ATk
IAERE T, W ABERESE . B LR NIRRT W55 2 P AT RS . B8 AFERIIE AR (1
TR R & — B2 T R AL SE SIS R s R i R e —, O AE TAT ATE UG R BUE R 24
WHE S BRI EmAFAE . SRS SRR AW R AN K, VR 2 5 A EAT AR IAT:
S PRI T F IIERE, SO S RIAT AR IS R IR MR 2 — . FEASCH, FRATIRH T — Mol %
AT AR F73:, SR IR TAT N M eI %, R B S0E Bk sE Mt . FeA110777%
FEJUAN BA PR (B 4 - B RS, UEB T AR SE I s A Rk .

AT R R JE KRB : 2005 4F, Viola-Jones B2 8 TAT ARG, FFEUR T — @ I . (HA,
ENBEEE R b, ZEERIAE[1]. 2008 4, DLASKARHIERAT NGBV R Y, %5706
NEREARAT NI BB 7, sk A I Sk 307 Bk FI AT AN B . XFhEEEH T HEN &, (H2
FEARSL . AWIESFIE L T 22 25, 2012 4, (A RASBRAT AR BER IR, 2 E % Ak
LA AWAT AL E 2] X P EIELE I G R E A LS E RN s h RO R, (HEXT
RS DL R AT ARSI B ST 2013 4F, TR M AT NS LI R g, IS T
B Sk R [3]-[8] . 12 VA I Ik K R AU I R R P A 22 I R, S BT N IR AR S AN S o7 o X R
IR B T HER R = BT

EEX IR AL, ASCN YOLOVSs-6.0 BEAS AT Bttt . SR8G 24T YOLOVSs, B JafE M 48 RHIE L G B B
SINFER ZHLH, I 1A SE Bt st A MG B e S As ;AR5 Soft-NMS & 5 ) NMS,
fRE 10U W55, HEFERSIHE, Piibiwf. SRR Serried-YOLOvVS FHELE YOLOVS fE
CrowdHuman ¥ #54 F, 7EMAESZPERIRTIR T, FPSHRE T 9.091; AP 2% 1 1.5%; /813 Recall $2
T 5%, KR SME mAP s =TF T 1.5%, IEB T Serried-YOLOVS J7i:7E B &EAT AT b ()4
Rtk o Bk 16 Serried-YOLOVS W4 7E ARAIE S R (K [FIR, 35 1 358647 A3t R M 1A 1 5 O F
BEAIK T IR 2
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2. YOLOvS &3k
2.1. YOLOVS5 #iR

YOLOVS 52 Ultralytics F1BAZE 2020 4E32 H 5K ) One Stage HARKIIFL, YOLOVS KH T —Fh#i
BEAVEER, W SRR ISR AL 1, s TR PSR e S RRE R . AT LA B AR
YOLOVS HA W BL g 5 R ARG B B i A 3, I FL o] AYEBUR R AR 2% A N AT KL AT 2% - YOLOVS
A YOLOvSs. YOLOvSm. YOLOVSl. YOLOvSx &iit 4 MR rp, X SR [ g5 AR —FE, RIER
R AR LR P RS Y 5 BE X AN 280, YOLOVSs 4% & YOLOVS R HH IR BE /N, REAIE I 58 25 55 /) 1) )
2, Al ) = PP AR AR ISR AR INER . N gE . P AT DLARYE AN R TSR AEAT R, ORI R AN IR
TS 3K o YOLOVS B8 4 AMSEEL: B N« REAE R ELZ (Backbone)  FFEAL A JZ(Neck) £l 2 (Head) .
YOLOvS5s gt & 1 fis.
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Figure 1. YOLOV5s-6.0 structure diagram
B 1. YOLOvSs-6.0 Z5#4[E

2.2. MR

YOLOVS I Nt K F 7 Mosaic 48 5%, 125004 2 5K B 4% B — @ LBl i &k — 5k B A, Al
RUZE /NS B IR B AR . EERNAHETHEAE YOLOV3. YOLOvV4 i, YRR BEERN,
B A AT VTG EAE K T, HAE YOLOVS H, 2 b BB R N BN VN GRS b B ATERRIR
T UEZ T, TSR AN R I BE Sk B I& R THE anchore YOLOVS M3 T EE M. B 4 s, i
B SO AR U SR ORI D, HEFE RS R T 37% M.

2.3. R EUZ Backbone

F T ML REM UG PP EIRFAE, 7E YOLOvS H 28 H C3 #EHufl SPPF bk, JLh i C3 #isk
Rk DAY o SR A i HE L B, A SPPF ACHRAEXT [F]— ANRRIE B EAT 2 REERAESR I, AR T2
FHEERIAE . C3 B E T 3 M FUE DL 2 MBI He (bottleneck), 58 T HIE 1% 2 661,
I H A8 7E LR FF FVE AT DIRS BE 14 [ B SEIL A2 54k . SPPF B it 5t 2 0 73 1] 5 7 B th ft. (spatial pyramid
pooling, SPP)JEA—5, {HHfLZi%HAN—FE. SPP 7F YOLOVS HER A 4 MNMibibiZ, 25l&: 5x5.

DOI: 10.12677/csa.2023.136117 1201 TR 5 R H


https://doi.org/10.12677/csa.2023.136117

9x9, 13 x13 Ml 1 x 1. SPPF 7 YOLOvS HERIAE HBE AN UIbAZ, 43aliE: 5 x5 1 x 1, SPPF 7EHHL
FRAER T 2 TP,

2.4. $H{ERLE B Neck

YOLOVS5 [] Neck Fl YOLOv4 H1—#¥, &K A HIRHIE 4 755 (feature pyramid network, FPN)FI$42 5
4 457 (path aggregation network, PAN)ZL . FPN [A] B A Z4HAIE 55 73 FE 23 R0 i 2 AREAE 18 SUAE ., 7E
Wz g BT AR TR UE B PAN 22 B N if AR E A E R, HREE B A S AR, YOLOVS
7 YOLOv4 [HI5:al b 7 — 2ot 5 4E: YOLOvV4 1) Neck 254, KA M#S 2 Sl G EAE, m
YOLOVS ] Neck 1, RKH CSPNet ¥ i) CSP2 45#4, ISR T W48 RAAERE G fE o

2.5. #&ME Head

Kyl 2= Head H, YOLOVS KR T JER AR 4] (NMS )58 7 H (intersection over union, ToU)i#E i % 5&
BIE A E B BMHEL T . S 20 x 20, 40 x 40, 80 x 80 & 3 ANA[A S AORFAE ], 4 Ve I P Hh Aok
HAx. FEHAR. NEBR.

3. B YOLOvS

ek fE ALK Serried-YOLOVS . 78 AR Y 1) 32T WX 28 V8 0 e 407 5 SRR H (squeeze and excita-
tion, SE), #&THEA KBFFERIFEIAE ), T B m BRI RS B AR5 16 Soft-NMS A0 54 1)
NMS, fREd 10U H1%%, (HEAEEEEME, Bk,

3.1. EFMLE(Backbone)pit

1EH B35 N AT HARRIN9], BT 52 A R 2 (AR 2 =) B 2 1 SR fiE,  IXAHIT HARIX
SRIRHAES: >3, BEMTRZ0E H AR AORS EE[10] [11] [12]0 4G YOLOVS ‘BT %5 3 x 3 1) Conv AELHCRELT /&
BRZINE R B BGER B, M EAER S S AT ARSI RHES A A A I ROR, (BN T
LIPS, AR R TR ESE AL . Ik 5 NEZE S U (AR SE 8 F 0 it T8 2

SE b 3= BAL 5 i (squeeze) FI Ul (excitation) 5 5 77 - SE BEHL T4 N FIRFE (S B e &k IR 4 454
RIG AL BINRAE, ARSI R . &R SN 5T H AR DX IV B R AE, T 40 AN S 2L
TTERHIE . SE AR 7 G A RRAE 838 2 (A AR AH FLAROEOC &, 3l 2 I 1 77 IR EUEEAS channel () 5 %2
FEEE, SR i HR X A B R B R 5 ANE R AEEAT IR, AT 58 Y B SRR AIE , 1A B B AR AE
fEl AU 2 IR — AL E, XF %A channel FRFIE EIIAL .

AJf L, SE BiHZTE channel 4E/% _F Al attention B gating F1E, X FhyER SyHLHLA A AT DL Iin
FFE N channel FIRFIE. SE BiHURT DURFA RS HE B FAM I 25 484, Refig LR T v B PERE A0 2R 5 oK
WK HER R 2T

ARICH T W 2% T ) SPPF SR C3 45M9 50 7 — > SE B, gk 5 i T M4k, anlsl 2 B
FF ML I SE EEk R BT 0 OCTE B AR XS KA ERHAE, FF RS0 A 2 KR A, SRS
XTORBERHAE (AR ELAE 77, A4 5 H FrRds I RS B2

3.2. NMSS Bt

NMS (Non-Maximum Suppression)JFEA AR R FHAS 73 s R IAAE D #1143 - HLE 2 J0U) M 1)
HE. BEIRMESH NMS AR, AAESEERR IR ER IR N, AR LA N BRG] ot e 443 7 (K H
B m AAE ] R FEURAL M, LA RIS LT, RSN, FRRE EE; NMS B 072
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SE, WARBMERAR, WARE A& TP YR B TR S 45—, g pete. TRMEd m, R ATRE
SAEPIMEZIZ T — DEARTIIAE, SRR KA E BT ERRE, JEEOLT, 1500w e
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Figure 2. Improved partial backbone network structure

2. iHERIERS B T ML

Soft-NMS [13] [14] [15]f# R J7 2% 10U KT A KIUAE, Soft-NMS R/ 4 ST, PRkl
MERIS7, BMEH — 5 10U 1EAH G AT s BOM A3 70 BEAT IR 3T . B BEATIAE b 5 4804HE M A KK
10U I, "B ROz, Kt BOER. Mt FIHEAZEENT . Soft-NMS 58 R HI%:

Input : B= {by, .., bx},S= {sy, .., sn}, N;

B is the list of initial detection boxes
S contains corresponding detection scores
N, is the NMS threshold
begin
D—{}
while B  empty do
me«—argmax S
M<b,,
D«—DUM;B«+B-M
for b;, in B do
if iou(M, b;) > Njthen
B«B- b;;S<S-s;
end NMS
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MR %

Si«—s; f(iou( M, b))
Soft-NMS

end
end
return D; S
end
TRAEAUE NS LRI T, 1E utils/general FHII—> Soft-NMS #itk, #ATUIZ, JREEAE
Sir) NMS 12 BN, A& THAMRRLAE, A5 BARRIRE SR A v] Be R A0 HL, AT
BEAS B 4 1] 25, Soft-NMS B AT LAy b i HE f i der . 2 4 [ 2.

4. IMBERSHR
4.1. SCIGIFER

ARG N 11th Gen Intel(R) Core(TM) i7-11700@2.50GHz, WAEA 16 G; f1 4 NVIDIA RTX
A4000; H#:1F &%t 9 Windows 10, 64 fi7; IRFEZ SJHESLA pytorch 1.11.0; 4uf#iE 5 4 python; Cudall.3.
4.2. KERIESE

CrowdHuman £ ##[ 161548 b TA& G (47 ARSI A € Caltech [17]#1 Citypersons [18], 47 ABE N
SERINEE, HEEFTE KRN iz . HA CrowdHuman EE4260 5 15,000 5k kB . 4370 5k H T56
HER BT 5000 5K AT S, HhIgELH 340 K AZSehl, ~FIfakE R a8 23 AL
#1. %5 & %] CrowdHuman £ 4235 A R LM ARTE, A SCHkE CrowdHuman £ 854 HH Il ZREE LG UE
££ 3000 1500 5K ¥ /v CrowdHuman (#5588 HFRER 2, Alfbgs Rl 3 fow.

1.0- 1.0-

height

X width
Figure 3. Dataset target visualization results

3. BIEEERATIMHER

4.3. =R

iR 24 depth multiple RIS, W E AN 0.33, 240 width_multiple KRR 58 5 £5
H, EEHMN 050, o5 RN AE CrowdHuman B FRAs R4S BillZ:, B0 BRI S50
NS 640 * 640; HELRK/ANA 165 NZRFEECH 300 K.
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4.4. FFIBIR

AR R A 3 NMER, BRI T 3K B (average precision, AP); “T-¥JHS 5 {E (mean average
precision, mAP). 5% (frames per second, FPS)FIH [A] % (recall, R).

THE AW (D)~ Fs:

1

AP = P(R)dR ()
|
mAP = inzl AP, @)
FPS = m 3)
ElapsedTime
TP @
TP +FN

;TP (true positive)fR 3R A2 FUIAE H FI B S b th o2& B, FN (false positive) X7 [ 2 TN AE
TR AR S BR N E BB F; AP $8H& P(R) (precision-recall) i 2% 5t BB RO THI AR K /N o FPS 8 HO A2 A6 2%
REFP BRI B R BN, BRI P 55 A e ) ) B A

4.5. JHRRSCIE SRUA S

N T BAIE S SRR YOLOVS /MR BRI EEILAL AR, #E CrowdHuman $#i 5 LB 1 1 41iH sk
5o THELSIS 4R 2 AN SOEREIRT L, E R Soft-NMS AU A 1 NMS, {RE 10U 4%, (HEE
FERL R HINE, B AR5 £ 48 RFAERL & B BESI TR L], 380 1A SE B mxtA A5 B E
DLIREEE, PRI AR

Table 1. mAP ablation experimental results
1. mAP JHRRSEIR AR

SE Soft-NMS mAP, 5/% mAP 45/%
66.3 39

V 67.4 39.2
67.7 39.1

Y Y 67.85 (11.55) 389

f7 1 A0, & CrowdHuman Z#E4E T, TEMIAZE 1 MEEL SE J5, mAPys EJFHT 1.1%; Soft-NMS
B 748 NMS, mAPys BT 1.4%. &5 2 MRl G, AT I YOLOVSs, mAPys FFt 1.55%.
EIR mAPgos NFE T 0.1%, R EARES N, WIHE IOU > 0.5, &kt A Hrt.

F % 2 AT %N, 7E CrowdHuman #(#54E T, 7EMIAZE 1| MR SE J5, AP LFHT 0.9%; Soft-NMS
B 75 NMS, AP EFF 1.4%. &0 2 Mol f5, AL T 4G YOLOvVSs, AP EFt 1.5%. 3%
FPS EFH7T 9.091, A% Recall #Ft T 5%. {H 25024 NBFSCRHAG IR UE, XA &% LS5 T
B PEZR

YOLOvS5s 5250 /5 1) Serried-YOLOVS SLiEA I 25 R 58 43 %f e B 4] 4(a) F 1 4(b) B « A B 3k Fia
IR AR TR A
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Table 2. Ablation results of other detection indicators

2. HAriMIEIRIER SRR

SE Soft-NMS AP/% Recall/% FPS
66.3 78 66.667

V 67.2 80 74.627
67.7 81 71.942

Y Y 67.8 (11.5) 83 (15) 75.758 (19.091)

PRIE LR SRR ATE  PRIKT XRSy SN 178

(a) YOLOvSs (b) Serried-YOLOV5

Figure 4. Partial comparison of algorithm detection effect

4. EIRKNHERAR S BT ELE

5. &ig

ARIAE YOLOvSs-6.0 [I5EAE EHE 1 —Fholodk 25 8647 ARG J77E[19] [20]. Sseiefidisir g, A&

SCHEHK) Serried-YOLOVS SVARENE AR I M vk G237 50 N HOSEAT NAGIIAE 55 o £8 JRUAG R 1 3 1 4%
IS4 5 B E (squeeze and excitation, SE), FETHRAUN SCHAFALKIRINAE /1, MITIFE R H ARkl
KGR SRIGAEH Soft-NMS AU JEA I NMS, fRE IOU 14§, (HEEEREIIHE, Brikiek. soh, 1
WFFERE A B, I ARE AR OB ANP- 7 51 RS PR G TRAGE I LA 1) 20 % BRAT NA I SRR I — MR . 2 )
P kBB IR T SFIEMI 8 G54, RTFIIZOAERE, K 22 10 IE GRE A B A 73 B 17 ALt — 2B Al Ak, X
DJZ e A B Brist— B AT $ i, AEORIESEIS MIRTIR T, 4R8HR M AP Kb, FERINR R .

SE

(1]

(2]
(3]

(4]

BT R TR S ST A R R[D]: [ 2208 ). A R R4 5 R, 2022.
https://doi.org/10.27106/d.cnki.ghbju.2022.000265

e, BETHLEA R AT AR LT 72 5 52 B D): [ 22A0ie 3], 51 FE: SR K%, 2019,

Ivars, N., Roberts, K., Anatolijs, Z., Laura, L. and Artis, D. (2022) Dataset of Annotated Virtual Detection Line for
Road Traffic Monitoring. Data, 7, 40. https://doi.org/10.3390/data7040040

Guo, Z.X., Liao, W.Z., Xiao, Y.F., Veelaert, P. and Philips, W. (2021) Weak Segmentation Supervised Deep Neural
Networks for Pedestrian Detection. Pattern Recognition, 119, Article ID: 108066.
https://doi.org/10.1016/j.patcog.2021.108063

iR, 20U, BRERE, 2B, AT YOLO M4 HIAT AT VE[T]. tFEALTHE, 2018, 44(5): 215-219+226.
https://doi.org/10.19678/i.issn.1000-3428.0046885

X R, T4, B, 20, 258, RV, TIRE. T GWO-SVM 147 ARG /732 (1]. tHEEAR
58301k, 2023, 42(1): 84-90. https://doi.org/10.16339/j.cnki jsisyzdh.202301015

B, 2. BTG EAT ARSI EE T[T, BACE BB, 2023, 7(6): 81-84.

DOI: 10.12677/csa.2023.136117 1206 THENUR 5 N H


https://doi.org/10.12677/csa.2023.136117
https://doi.org/10.27106/d.cnki.ghbju.2022.000265
https://doi.org/10.3390/data7040040
https://doi.org/10.1016/j.patcog.2021.108063
https://doi.org/10.19678/j.issn.1000-3428.0046885
https://doi.org/10.16339/j.cnki.jsjsyzdh.202301015

[10]
(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

https://doi.org/10.19850/j.cnki.2096-4706.2023.06.02 1

Roszyk, K., Nowicki, M.R. and Skrzypczynski, P. (2022) Adopting the YOLOv4 Architecture for Low-Latency Mul-
tispectral Pedestrian Detection in Autonomous Driving. Sensors, 22, Article No. 1082.
https://doi.org/10.3390/522031082

R, R, SRR, S TR AOAT NI S BRERSIL(T]. MR ES SR SR, 2023, 42(4): 126-130.
https://doi.org/10.13873/J.1000-9787(2023)04-0126-05

. AR R G TR BOR B, AR, 2023(2): 71-72.

B, WANEL KA, TKEIR, WA, RETR. SO YoloVs AT ARLINSAT]. THEHUAREL LR, 2023, 32(1):
53-59. https://doi.org/10.13340/j.cae.2023.01.010

Hu, J., Shen, L. and Sun, G. (2018) Squeeze-and-Excitation Networks. 2018 IEEE Conference on Computer Vision and
Pattern Recognition, Salt Lake City, 18-22 June 2018, 7132-7141. https://doi.org/10.1109/CVPR.2018.00745

Hendrie, M., Mushkin, H., Lombeyda, S. and Davidoff, S. (2022) JPL/Caltech ArtCenter. Information Design Journal,
27, 76-84. https://doi.org/10.1075/idj.22009.hen

Xie, J., Pang, Y.W., Cholakkal, H., Anwer, R., Khan, F. and Shao, L. (2021) PSC-Net: Learning Part Spatial Co-Occurrence
for Occluded Pedestrian Detection. Science China (Information Sciences), 64, 31-43.
https://doi.org/10.1007/s11432-020-2969-8

AR, XA, XM, k. BT 2 REERA SR NN 45 [J/OL]. 78 Fe 20 K524 1-9.
http://kns.cnki.net/kems/detail/51.1277.U.20230316.1101.004.html, 2023-04-25.

Bidh, T, B0, 5kl SGNet: @G 2 RHER) % AREUF BN (7], THENL TR 50, 2022, 43(11):
3001-3007. https://doi.org/10.16208/1.issn1000-7024.2022.11.001

B, FLIE, TR TG, AR RS R T R X R AN 2 AT N IR R FE[J/OL]. &4 S I A
1-10. http://kns.cnki.net/kcms/detail/11.4537.X.20220617.1422.002.html, 2023-04-25.

TRRE FET A WS AT EGERT D] (L6210 30]. T8 TR R, 2022.
https://doi.org/10.27169/d.cnki.ewqgu.2022.001512

WS, KR, BEC, SKE. —Phim SR R B NI 25 [J/OL). HLFRH: 1-9.
https://doi.org/10.16180/j.cnki.issn1007-7820.2023.08.006, 2023-04-25.

BE . ol H G EE ML H] R U[D]: [t A8 0], S RHEH TR, 2022
https://doi.org/10.27145/d.cnki.ghddc.2022.000366

DOI: 10.12677/csa.2023.136117 1207 TR 5 R H


https://doi.org/10.12677/csa.2023.136117
https://doi.org/10.19850/j.cnki.2096-4706.2023.06.021
https://doi.org/10.3390/s22031082
https://doi.org/10.13873/J.1000-9787(2023)04-0126-05
https://doi.org/10.13340/j.cae.2023.01.010
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1075/idj.22009.hen
https://doi.org/10.1007/s11432-020-2969-8
http://kns.cnki.net/kcms/detail/51.1277.U.20230316.1101.004.html
https://doi.org/10.16208/j.issn1000-7024.2022.11.001
http://kns.cnki.net/kcms/detail/11.4537.X.20220617.1422.002.html
https://doi.org/10.27169/d.cnki.gwqgu.2022.001512
https://doi.org/10.16180/j.cnki.issn1007-7820.2023.08.006
https://doi.org/10.27145/d.cnki.ghddc.2022.000366

	基于YOLOv5的改进密集行人检测算法
	摘  要
	关键词
	An Improved Dense Pedestrian Detection Algorithm Based on YOLOv5
	Abstract
	Keywords
	1. 引言
	2. YOLOv5算法
	2.1. YOLOv5概述
	2.2. 输入端
	2.3. 特征提取层Backbone
	2.4. 特征融合层Neck
	2.5. 检测层Head

	3. 改进YOLOv5
	3.1. 主干网络(Backbone)改进
	3.2. NMS改进

	4. 实验结果与分析
	4.1. 实验环境
	4.2. 实验数据集
	4.3. 训练模型
	4.4. 评价指标
	4.5. 消融实验与改进实验

	5. 结论
	参考文献

