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Abstract: With the rapid development of smart stations and cloud computing, the deployment of large-scale video
surveillance systems for pedestrian detection inssubway stations is becoming more and more important, which plays an
important role in passenger flow m"onitoring, passenger guidance, and behavior warning. In practical engineering
applications, a lightweight bedestrian detection algorithm MCA-YOLOVSs is proposed due to the adverse effects of
limited computing resources and difficult samples caused by multi-scale and multi-angle occlusion. Firstly, MobileNetv3
replaces the YOLOVS backbone network to achieve lightweight network model processing, and PConv replaces DWConv
in the MobileNetv3 network to reduce redundant computation and memory access. Secondly, the coordinate attention
mechanism is incorporated in the C3 module of the feature fusion stage to make the model pay more attention to
pedestrian position information. At the same time, the loss function CloU is replaced by Alpha IoU to increase the weight
of the High Loss target and the regression accuracy of the bounding box. Finally, the improved network model is

compressed by FPGM pruning to improve the loading and running speed of the model. The improved model is deployed
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in Huawei Atlas 300 Al accelerator to detect pedestrians in subway stations. The average accuracy is 94.1%, and the

detection speed is 104.1 fps. The actual engineering practice shows that the detection speed of the improved algorithm is

increased by 71.8%, saving the hardware deployment resources in the station and meeting the actual engineering needs of

pedestrian monitoring and management in subway stations with large passenger flow.

Key words: pedestrian detection; MCA-YOLOVSs; lightweight; attention mechanism; pruning; model deployment
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TR M 5 O 5. "1

GFLOPs i%ﬂ%%i@%?k%&, T LI FH SR 7 B £ A
R R A4 FE. FPS RO A7 AR i, RIS 1 A 1
K& AR N 18] F) A5 Parameters S 4 2 2
3.4 LWERD

JEHEAT 6 4T ELSEIG AN 1 AL Ehse I, 55 1 41 O
X 3) AR EN SR LA 55 2 4 (LB 8) A
ARV B R 3R T AR M A b 58 3 4 (L 9 AN 10)
N YOLOVS5s Fl MCA-YOLOV5s 45 2k ek $oie itk be
B 58 4 4 (L3 4) N YOLOVSs I A Bidk B e i
RS, %5 S H (WK 11) N MCA-YOLOvSs 5
YOLOVSs IPERELLEE; 55 6 2H (W3 5)  MCA-YOLOVSs

A ST LA 4 7 2E O 12— 14y R

R (R RS 0 0 R P L L. )
¥
#3 BB

Fer Y- 351K P A B #4755 T GhostNet A1 MobileNetv3.
243k i) MobileNetv3 #% 5 FasterNet #H L, A AG
PR AR S i, BRE A RCR LR

515 —m— Parameters (M)
500 " o AP (%)
\ 427 —a FPS
|
400 |
.
s 300 273
& \'\
\\
200 | = is4
1157 1209 1223
94.8 94.5 943 APTag a—a A
012 043 029 | w901" %4
Y. R
78.7 80.2 67 =
L0t 15"
% 0 0.2 0.6 0.8 1.0
Prune rate

K8 AFEITIER N MR SR AR 1

0.10
— train/box_loss
0.08 - - train/obj_loss
«» 0.06 |
& g
= 0.04 |,
0.02 +

O I I I I I I I I I I
0 20 40 60 80 100 120 140 160 180 200
Epoch

K9 YOLOVSs i 2 iR £ Sl ih 2

0.10
—— train/box_loss
oo08p train/obj_loss
«» 0.06 F
v

Q
= 0.04 |

002}k
\

0 1 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200
Epoch

B 10 MCA-YOLOVS5s i 5% ki Hi e S h 2

%4 MCA-YOLOvS5s (K3 it sz ig:

R %% YFLOPs (G) P (%) R (%) AP (%) FPS
GhostNet 7.9 949 918 944 668
MobileNetv3 1.9 93.8 935 943 746
FasterNet 11.8 93.5 94.2 94.6 76.1
MobileNetv3 (PConv) 43 94.1 937 948 78.7

Alpha BIB¢ FLOPs AP

T %t B S () MobileNetv3 5 545 1) Mobile-
Netv3. FasterNet fll GhostNet™" %5k, /¥ 48 1 7 fif o)
FLAR 56, 75 5256 3 m N CA ¥ = JIBLE A Alpha
ToU #i %%, 4513k 3 fi7s. FasterNet B98 FLOPs 1%
A, fHE g5/ () PConv #H Lt T DWConv # K F%
fIX 7 NAE T R B30, oo 2 [RVRFAE IR SR CRE D 4%, DRt
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53k MobileNetv3 PConv CA WU %) (G) %) FPS
YOLOV5s — —  —  — — 158 946 532
A N — — — — 19 925 756
B N N —  — — 43 931 818
c N NN —  — 39 947 782
D N NN N — 39 948 787
E N NN N 400 14 942 1026

S FH R R B B3R ) MCA-YOLOVSs A5 8 [P fig
HEAT X LG AE, BYRE 45 B 8 Fios. B R T AN
B T 2% AP. FPS. Parameters 3B R84k,
Bk %N 0 For MCA-YOLOVSs W28 A5 A ST 1)
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i EN RSN

TM4 C A AT TR B, T 4 RR A R
K EE, AL 5 BRI il & B B 1Y) 22 4 00 EAT B A
MNSZHG 2 S AT LA Y, X 2 A T (1) S B T A B b R
(RGN 2 1 T P ASEEY M R U T, M BT R R IAF] 0.4 )5,
RO WS FBE 1 8 0 AR 1522 A%, ASr A B T 46 03 PR, 4
BUR %N 0.9 B AP AU 86.4%, JFR K2 K N BY % J5 1
IR 265 &8 ) a1 SR DK 3 4 7™ L 5 T K JBE . E LR UE A 0 K
AT LT, AR SCERIRIE PR A 0.4 HIBTAL .

1.0

08}

0.6
&
0.4 2 W
0.2
—— MCA-YOLOVvS5s
----- YOLOVvVS5s
0o 30 100 150 200
Epoch
K11 YOLOv5s Lt YOLOvSs ) AP % tt
K5 HETERITIERN R
Hik P(%) R (%) AP (%)  FPS
Faster R-CNN 64.5 89.4 783 10.9
SSD 88.2 81.1 56.6 30.4
YOLOv4 92.5 80.4 80.2 18.6
YOLOXs 87.4 92.8 93.9 483
YOLOV7 93.7 93.9 95.2 42.1
YOLOVS5s 93.5 9.8 94.6 53.2
MCA-YOLOVS5s 94.1 93.7 94.8 78.7

K12

MHiAT N7

Kl 13

EESEIN S

XFHAE A GIoU 41 2% BR 8 ¥) YOLOvSs 5
Alpha ToU # 2 ER B ) MCA-YOLOV5s 45 2k 5% $iic
SHtE L, 73 258 A7 41K box_loss 5B A5 E ik obj_
loss e Sicth 22, Wil 9 F1iE 10 B,

LA 9 FE] 10 AT LUK IR, MCA-YOLOVSs
14 58 A 45 K o A0 B AR RAS B LR E AR B TE 0.021
Pz, FHEL T YOLOVSs A B 1) T B, X2t T%H
Alpha IoU 4512k R 28R LA 280 B A1 320 A PR 483 2R AR, T
HAEA AR Y E@E%E?ﬁ%mﬁfﬁﬂ@ R 1R I 2% B A
IS SRR ¢ v B

U0 SUIER AR R, AN SCHEAT T SRR SRS
éﬁ;ﬁyui@uﬁ o7, EF AP A1 FPS Ll &% GFLOPs iX

L 3 HHRERIFUTRL. BB 7E YOLOVSs-6.0 Sl b Af

FH B0k () MobileNetv3 3= 4%, IR 4% & Ak A5 8 1)
VERE, SR 5 70 BB AL B i BRI CA =
JIHLHIFT Alpha ToU 45 2% bR O 884G M AR, 555 R
F 40% BYALZ 1) FPGM B B ek i 110 o) 265 455 74 33
AT R4, DR 2 B T A 38 38 4SS A ) 3 ROR % 114
Ak, HerpNR RN B,

HH S I &5 AT FERE Y 32 F #55 MobileNetv3
JE SR T B KM I e 0 T R R, RS SR TORS
JZ E /Mg PR AR ; #2 MobileNetv3 H1 ) DWConv & #t
N PConv J&, BARSHUEA BT 1 TF, (HJ2 3 B4 TR0
SEIR, DR A U A BN R, AT N H AR AT AP
BT IR EINN CA JE & SR, 78 /Mg B
For DT FE R RV B, A7 N HARKSIN AP 3205 1 1.6%, 7R%h
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TR EAEE S EURER RS FE B R, SR5 TR CloU 4%
KRB N Alpha ToU, 47 A H FRECI RS R
HRAFEN TR TE. Sk JE B VAR CRAUE TR DK FE 1 1]
B, KRk T A B v SR A AT A B, b TR
JE. FEHE— 5 AE T 40% BY KL 2R 00 B A H 46 S5k 5 1
WLERRL, 7E AP NFE T 0.6% &L T, FPS 3411 30.4%,
K E] 102.6, FHEIE G f5 2L 0 FIE B E.
5 J5 X G AE A [F] 208 22 N MCA-YOLOvSs 5 i
A YOLOvS5s B 1 RE, AP St B 11 frow, 2k
HBEE) YOLOVSs B3 70 K il 38 FE ik 48% 15 L T,
K 0K 2 AR 5 R 48 YOLOvSs AT 197K, Bl itk 45
A 1 e N AT A Bk Y DR RIS I 2 2R 4 ) SIS A

fil, $8 5005 5 HEA A AT E A%, 1 YOLOVSs. YOLOV7.
YOLOv4. Faster R-CNNy SSD. YOLOXs 72 H [ 1y
R HEAT 0 L el i S B2 5 .

XTEEEE 5w SR Be 25 BT 1, Faster R-CNN fE 2R
FE 411 two-stage HIE, TEA ST HHE S AT I0AE, &
NS R0 T 0 M LA 2 A 75 SR YOLOvT Sk4
A S5t e P A [ 3R F B0 K 5, (LR A N T P2 28, ¥ DA
HE R R R IR Z IR 4P 6. YOLOv4. SSD &
12 LL K YOLOVS SyEFIFE N one-stage ik, EAITHIH
PO RS SN 7 (0] 2R DL S AR 3o i 4R B i
HEH) YOLOvSs HiE B, F 22 K N YOLOvVSs
ST RRAE RS B BUAN I T R R BB, R A AR A )
SR B N OV E A RHEE R, — e AR R R

TR R TSR RIS ATk R O S e

JEF] High IoU H bz, P AR A ¢ 1 g A AT ]
AR B (1 FAES, TS0 YOLOVSs 8751\ Alpha IoU
i‘ﬁﬁi?ﬁ%?ii#@hﬁi e PR 1 SV A T i
AT, ROCH AR T AR 58, 76 /I I DA A 0 A
JEE P [ B R K M 8 vy 7 S 2R R R . 2% BT, A
SCHE ) SO SR S A R T LA B, & A
TEHIAER N R 12 R 1 4% 4.

AR, AR SO B0 I [ 592 MCA-YOLOvVSs i
UR T YOLOVSs B2 7E AH [F) (1 1 k3% 5T £ AN R %
JE AR BIAT N OGS F B, 25 & 12— 14 B,
S 8 R R AR SO I O A TE B R AT AR
N () RV B, 7 25 S 3 S b ot T R K bR A
ATy ELA 5 v A R A 2845 5. B R B A U MRS B A
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N T WeilE A S MCA-YOLOVSs Bk iy MU 1

T YOLOvSs Rl fE A S = B, (B2 7E— e fE e
s T AT N RAS RN RS 1 R, O H AR A R 2 R
FEAT NI strh, B2 5 YOLOvSs g [F R 5.

(¢) MCA-YOLOV5s ¥yl 45 8 (d) MCA-YOLOV5s (BIR7) K45 5

K14 ZJUZT A

4 Atlas 300 AT I3 R H 255
4.1 REHRE . U\

IIBE AR S AR BRI 2 25 10 91 1
P 2, A5 BORIY OLOVSS 124 1078 i35 51 46
3 Agas 300 AT TSR3 A, 2 T %%
U FNBHE 0 R 25 254 5, BRI TR G - Ascend
310 4 8 5 S UL AL 7 2 AL T 38 A PR 5 B A
B, 2 ANAHRIA S A RIS 5. ARM64 4K
RIS 920CPU 7 5 73 511 B A S, J8 i Camera
Tt A A1 B (0 B AR Sk RISt B, 76 2 R B
RESLI 32 TOPS MITHHAE )1, R A RETRfE 64 TOPS
INTS 5, b A REhs Sl i 64 B mnis HLA
(S 0BT fiE 0, LR ch 4R B T R B I S
TG, TERLFF I A7 I SR AR A PR 2 I 26 1 5 R 0, 9281

2
B S & BN NAARER, W, RIER

=
rai

Atlas 300 AL Jig RN A 4 MCZEE RS T
NPU 0, SEBl ksl PN AT AAS I3 2 ) s 2 Ml
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i H AR SN A

5 BRI I AT IR BT 0 A I 55 50 A0 NPU ), /A5 Y
B AT A BE B BRI AR R 4 B NPU S8 #2455 77,
NPU i i {5 CNN 254 580 5 45 & B — A 3 17 ik 4
B, H AR FRAE AR S5 3 IS AT . KR FE 5 2 FF A SR
S BB 8 B Atlas 300 AT Nk F 75 B84k
PRI AL RCBE 28 ST R om B AR R Ak T AL

3P Bk PyTorch YINZRAE G . pth BUE SO #%
7y onnx ST, FFEHRICHE A 0 I 2% S5 R FIAUE, SR )5
5 F 4t — 1) ) B B B R IE I 4 S ), Ik T 45t rh
PR B 0 R VRS B AT 2 1F. 355 SR 7 S A 3 A
H.om AL ORAFAE SN ST 2 v, B AR A il R
Bl 15 fi.

G %

i [k] /&

STk

by > @D > itk ][5 > it (5 EABLH

g% \ \

-- ‘-
=

VS BB S

. v

42 MEESURERIE . '
7E Atlas 300 AL A% 149 B8 HA 7] 5 2 it
Y JETE R AT LTRSS 1 AR [ (0 Hb 2k 47 A S0
SR, W BE R (7] I 48 AR 1 M i, L S B 45 SR 3 6

PR,

6 Atlas 300 Al JiNi#E Fig47 45 B4t

S P(%) R(%) AP(%) FPS
YOLOV5s 93.6  92.1 9.5 606
MCA-YOLOV5s 939 935 943 80.9
MCA-YOLOVS5s (B54%) 93.1 919 94.1  104.1

H1# 6 A %1, YOLOvSs S0k il 7 ¥ 8 FF

{ELRE PR A L ) 208 5 M SR, A R0 A% o B b A I 2

1% MCA-YOLOVSs BIEAERIREEE FRE 0.2% (1
5L, B AR 5 33,506, 2L B R, 25
oA 2% I 2% AL TR f e N AR, S8 6 5 R s A [l R Ty
91.9%, 1K 2 98.1%, FPS 75 104.1, HILL T3

B YOLOvSs W28 FEAGIIRS B2 R FRAIK T 0.4% 1)
TEOLUR, IR T 71.8% ARSI FE .

K 16 N2 BTH ) MCA-YOLOVSs il YOLOvSs
FETL 53 R AE Atlas 300 AT JHE R A BOAS AR, v
LA H 7R A TR (0 G A AR I AE (1 5 08 L -
DX ). 76 sk KRR I 4% R G WA T B I AR 2R R,
SO S 1) X 48 R TR B E. Atlas 300 AT I K 5 AE %
[ B G 0 5 22 S KA, 75 LA WA 5 58 & 75 & 7 oK,
BIE A S PR TRERLH.

5 dvERESE

AR R R 3 55 O RASE I 4% R G v % 1 B B
VEARAITNZ RE. Z2ME. EHERGE, 32H T
— R B AL A I 592 MCA-YOLOVSs, 75 {#1IF = 16l
FEBE I RTHE T, P S8 PR A I B . s b TRE SR
B, W et J5 B R BT 5 A E Atlas 300 AL fiE
b, #HEE T YOLOVSs B2, fa il ig fE 52 7 71.8%, 18 %)
104.1 fps, 1] HAHIE e JLF-BEATGR e, JLRENS [FIN 55
Iﬂi’@@iﬁ&i?ﬂ%%ﬁ%@fﬁ‘ﬁ% %Hﬁ“j«}w FEAR T SEPr TA2
PRRAS BN, T HLEE 2 o e 47 NiBER . AT
jﬁ%@ B T T RE ) ST

nnnnnn

(b) BT MCA-YOLOVS5s 6l 45 5

B 16 Atlas 300 AT Ji 460 2 1 06t He

(2) YOLOvSs kil 45

AR 0™ F 4 AR AN RO AT B R 3 A R
K I A Rt — DA, 5 0T FAE e 55 2w A
WL ATSE T, ARER AL SEE R 2% ), FRARAT A
I ErRAe R AR,
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