| F49% B 17H/2022 59 B/hEEH

% ROEFER & B AR M EDAM 1 A 2k Rl

AR, WAR, Rk, KAE

R HL T RK2#HLE TR¥E. =/ BB 650500

FE  EF X4 B 25 3 vh 3 (] /0N H AR 20 AMT A IR B2 AR L 9 45 B 0 oy B PN 7 2 D) R ARG 00 3ok 3 e LA vl A S s A U
BISRAF AL, B T — R AR Ak A 1 R T A0 R AT AR i 42 I 45 YOLO-Person, # 64 i —F L MobileNetV3
B M T M, DL RO RL A B bR AT 2 S T00 00 ASE Bt (14 0 46 A58 R, DL ik e ) 445 A 0 A e B 1 42 114 )
R e D T AT A A S B A 5 R A A AE R R R N S ] 4 B b Al AR B 5 T /N R SZ B G 4G U
2 B ) 4% B R RRAE R SR AR RE T L R e SR 4R P AT N B AR RUEE G/ INAS S5 A e TR A, B R AR TR 1 21 A AT N A DK
B 5 H i A 0 B A ) A5 R R A B A L a2 e A R A I T B 3RS I A 45 B YOLO-Person, i id Jetson
Nano #% 811 & - & . 76 72 18] 21 40 I 15 47 A K088 55 36 IE YOLO-Person B AE A AL, Z5 %01 . 5 YOLOv3 M %%
RERUAH B L 32 8 B9 YOLO-Person W 45 45 78 57 3% F 8% 5y i (1) 1% 18] £ AR A7 AR DU o S X5 46 0005 B2 3k 80 1 92. 2%, k& DU
W 26 frame/s #2753 T 69 frame/s, BRI K /ML 246 MB /0% T 11. 7 MB,

KEWR MG RG; WIMLAMT AR s 2 RERA s MobileNetV3 R4 5 B 55 K

hESES  TP391 XEktRERL A

1 5] G

Bifi 75 Bk 2= 5 R E 2 ORI 2 1 S i B R 2
I G40 5 B 2 s v, G R U D R L 2 OK U R Ak L4 Ak
B ZR G B AT AR 4 R 45 . R RIAT 46 i 20 9k
A7 NG I B A A0, 328 57 B A A7 RS 000 46 3 1) A 5 R 2
— o FIH IR B AR VAR 3 F IR BE 2 ) 19 B b ks
= R i R T e N R = S o S R NGv e 4 LI
AT DA 448 9 7 ()47 7 28 4Pk L B 4 7T B A A8 3 20
NG DA B W = 0% A Bl F 9% i 25 0 B3 i [E) A7
KNI

A1 N B s A 38325 0T G oAy A% e 0 Ay 1 AN T
VRBE 25 ] (R I 7 . TEAR SR AT AR 7 ik v, Ge
A5 R M ol UL R {1 4 51 O 32 6 G I s AT N E AR AT
43 %0, Nanda %5 2 H T — ] 0% 5 B 21 b R
AR () J5 95 S 38 3 51 A RE Z B A IS R AR T AR A AR
A ek 4 R A B, Bl G T s ik, Xu
U X AT AN AT 45 o B 3 ) (0 3 15 ) AL 42 R
;AR BB =E & 0 R REAE R 2 X AT N SE AT B,
WS A 8% SEa 2 A R R S R Y DR, F N
YA EHL(SVM) BEFT 4325,

W RS R R RIS rikZ —,
TE 5 B 25 B AT AR I A A Tz B . AR
W2 g AR AE S, B R D S5 N T R

DOI: 10.3788/CJL202249.1709002

ML R AR S H AR A TR A 2 AR,
X2 e SSD W 4% v 51 AR 45 AL (SED 1 3 g
R, DU e 2T M T N BG40 2> R IE (S B & 4
Tl R, XA R — RO TR T LA 2 R
FELLAMT AR 7 i, Bt 2 R R IE & 58 . 5 A
I )2 8 43 HESR AR AR IR, B v /N ROBE AT A A I 1 g 5 1o FH
B YA N T A BURRAE 0 SR i 2 T AR
A O DX 38 9 AR AE e 107 5 5t SR AR AR AR . (HL TR BR S
TnvE B I HLH 2 S 3 M 235 5 2% FE R IE 35 L #E 2%
Ko TR i A R A B R TR R, X IEIR
P RUBE /I8 FIRR I A 8 20 /0 45 [ T, i o 2500 4L — ol
BT o BVRRAE Y X SRR 28 I 4% T iR L
53 EV AR AR Y B 30 SR R R 1 T i Y 3 S 2 )
DL 15 SR 45 S B o5 v i 5% a5 A B, DA i SR Y
KRS BT, B SED B T — b L T G B N A R 4
A E AR v DL H BR O VR R DG B L BT R
fIE Rl I 28 fil B 22 ROBE 23 [a) {5 B RNE U B, SEBlar
S E BRI, T AR B — R 21 A AR AR
ARG 5 381 P 28 AR A, HL N ] K-means+ -+ R 2R A
T3 22 ROBE W00 b 12 A B8 R~ L i sy 350 46z 0 A7
B A R O kR I H AR TR R,
A O i B Sy 3 X Rt A A A 0 1) T i X N R
H bR A — o 2R (3 BE AR AE B A RS 2 i )
ik 2 T OIS ARG DU AR AN A

KW BEE.: 2021-11-12; €@ BHF. 2021-12-08; FABHEI: 2021-12-27

HEEWAR: EXHRBIFIES (62171206, 61761024, 62061022)
BIS1EE . “2zyhhz{1998@163. com; *zhangyinhui@kust. edu. cn

1709002-1



FRIEX

$£49%5 F£ 17 H1/2022 £ 9 B/ E ¢

AR SCEE X FEEOBUR BB R AT 23R 85 B M T — b
B ZL AN AR AT A DRSS 8D, BE 08 ) 4[] B¢ T 47 A ik
AT SEIE RGN o W5 SR AT Tl Bl 25 s 4R L RE X
B B3 R AT TOUE B R o Bl R A BRI B AT 4 K A R
BCRHER O AR AT PR B 22 A PR B —
SE BT 3 B AT S

2 PTG YOLO M2 W %%

Redmon 2 4R H T 3 B3 9 YOLO i 28 /4 28 45
R, YOLO 18 H bAG I 1 [0 U5 1) 8, )05 AR R 7
FAR T L 4 i A BRI 53 1 S XS AN B TTHE L #5 W 1
HUC YR A — BT RS, W) H 2 B T A% 7 T T % W 1A
SEERT PR A BRG] 5 75 e 2 0 24 B 8
AT & & 2 ff e 52 B v 1] 28 %k nl B (H
YOLO Bk R Z kR ESH EXFEREE
I 5 PRI HG Xof E  ml RL /N 1 A A RS B AN % B
R, H YOLO R0 BB BeAG I 75 325 . 190000 A4 s S HE 45
D AR R R

X YOLO Bk AE e/ /N RUBE (I FE 25 B s A6 D)
R 25 DL K i FOHE B /0 45 1a) BT, Redmon %87 78 )5
SR PSR RS 7 19 DarkNet19 32T W45, 5] B
FEH 55 HE AR T AE (i 45 YOLOv2 54 vE 18 £ Fl 25 Hil
TG 000 S R R A7 K ) T A A R R T

2018 4FE Redmon 5% X3 1 T 4% J7 1 #8 l 1
M) YOLOv3 W45, 30 2o {5 5 7% 22 W 4 15 5 AF 4 538
M2 (FPND i T H A R 2 25 1) DarkNet53
T 0 2, e FU B BE 5 A 22 RO RRAE fl A B L K e 2
w7 ORDAL g N B bR TN ORE 7. 2020 AR 4R Y
YOLOv4"™ 5 YOLOv3 [’ 4 Al e, A 7R i 35 7 1 1k
FEWG (i e BN = T A RS B . A AR St
1 YOLOv4 R4 7 3T R4 30 ¢ pR 8, 99 45 31 2 DL

FH Ak 34 5 AR AR T LAk, LR I A T
— R (E R A I S R DL R A Y A R /N W Y
MR A K YOLOv3 M4, B L8 & L sir
N SR AGE T Ko ARG 000 B 9 ) G O R ARG N T R DL R
BRI /NI 3R T S A B R, L AR SO TR
B B A I 5 1k 1 AT A Ak Al A 0 % % A5 5 B B A o8

3 BRI

H /N i 28 I 2% R AR I R A A IR AR (D 5
i FH 48 2o B RU)I 2, P 1) G 2 10 52 2% Do) 246 A5 50 0 A7
98 B TTAS 2 — AN /N Y 5 (2) B3 0 52 2% i 48 T 4%
BRI AT AL BTt AT 4245 3] — A /NBE AL, FROAR
SRR O A R R B8 2 N I B R~ S SOl =
B A0 2 A BB BB A5 7F LR 45 B U P BB 1Y [R] B, B R AR A
353, sl /MBS AR A /N . 3 TR A A R 98 B 5 s R A T
Bz A AR AR AT H R BR A . 55— ik TR A B
Tt 3 LA SRR A B /N L H5 1) PR A L 5 BORE AU A B A
S ATYER AR X 7% 3 i ok UAT) SR A i — e By
DA TRy - Ly 9 N AN ) 2 R
JRTHE /D B I £ 22 505 O AT BE v A 0 4% R R, DA T
K] 4% Py T X R 00 K R AR AT R okt G A 2 ) A5E AR A R
D7 HATY R 5 22 iE — 20 3 & HLBE R K /N X T 5 i 0
Bk Ui B — 2

B0 b AR n) A, AR SCR S N A R R 45 1R R
RS E SN TS T RANE I =S g (AN OE 7S =)
P4 IO 2 55 7R A7 A o M ) DI Ak i v A TR R DR B, B
Ji PR FH G B R L XA — 2098 B B AR A
B H S s s,
3.1 YOLO-Person &I Z5 4

W L7 5 R 3R A5 52 1 AL ) 20 A0 A7 AR T A

208 x 208 104 x 104 52 x 52 26 x 26 13x 13
bneck|[,|Dbneck | [bneck |, |Dbneck],|bneck |y Dbneck| Dbnec!
416x 416 = DCBL [» %5 ey Dnecky, biecibbneciy bneck pbbnes 'ﬂ bneck 5)(511* bneckl,) CBL | cpr, CBL # CBL COnv|-» 13x13
X
bneck x 2 bneck x 5 bneck x 2 CBLx3 CBLx2
| Dbneck | | bneck | upsa.rrlpling
== = CBL ‘ C
‘ input ‘ ‘ input ‘
1_ CBLx5
| Conv1x1 | I Conv1x1 I -
‘ upsampling
!
| downsampling | | dw Conv | CBL J
! Concatipiil cBL 52 x 52
E E
| e | | B | CBLx5
upsampling
| pwConvix1 | [ pwConvix1 | i
CBL c
oncati| opr, 104 x 104
CBL x5
| output | || | output | CBL |= | Conv | BN I‘ DCBL | ==|downsampling| BN i

K 1 YOLO-Person # R [ 2% 45 #4 &
Fig. 1 Structure diagram of the YOLO-Person model network

1709002-2



FRIEX

$£49%5 £ 17 H/2022 £ 9 B /R E ¥

25 W 48 B AL, A SCE MobileNetV3 % 8 4k = 1 [ 25 (1)
%5 14 DCBL JZ M5 1~4 4> Dbneck 274 K
2 WA AR LS BRI AN IR A SR B R AE . 7
F T 945 T 0 DU AN AN TR R R R A7 B A AR 2 L 43
WIARE S 5 T4 4.8.16.32 {518 RAE G R E (5
B2 MR AS TR R JBE %) R AIF e G 22 ROBE H AR AE 2547 4
eIV 2 SN LR SN E R TN N aE |
ML TE BT 4G 2 18] 4 5 35 b £k (SPP) i =F
B RJZFRE S AE B JF % 45 DO AN R I 2 . WS n
AR 2 B RO AR R B bR s —
JZ5IA AR5 RERAE 0 /N 37 BRI )2, A 3 T 4%
55 R FER AR S I R AE A B DU 1 /0N B b A RS
AN T) R A6 100 J2 0% A7 B KN TR B b B 8 3R 3 &2
RUBEFRAE A BT 20 25 1] 0, 484 5 R 7R 400 45 RE H .
TRe S » X 122 I 4% A5 R0 3R 473 3 BT A R Rk /0 A R 2 8
D B R L B 2 38 TR o B R 20 AT
K,
3.2 MISREUMEREIHE

02 7% IR 48 A TR A 1 DA AE e A 2 & 5B B i
B — 5 TR AR SRR R W R ik
#H GPU NFA B mER, 5 — w2l FRZM
SR 07 37 5 v Rl [ 28 5 R0 R A IR A 3R -5 b i 3 £
SR T A 2 1 I 4% A5E R 1 1 S 0T R RN, b T
il DR AT N ARG 0 A5E H8 E B Bh  35  BF TR R A 2 1)
TR RGN R A 1) B, AR SC I MobileNet V3 i
Pl 28 0 B T 2% L 22 RUBE Rl E B A T 2 Sk A T
B i I 25 7 8 oA 44 0 YOLO-MN,

MobileNetV3 4™ B 4E MobileNetV1 [# £
5 MobileNetV2 [ 457 {1 5 filt b 9F — 2 ok ik 15 31
. MobileNetV3 $4 - 34 th £k §i 19 9 25 2 %% Bk Of
X1 BB RAE B, 76 0 B = 4 R AE 1 [F] I, 38
WL T 3 B ] B A, B MobileNetV2 #i 3 T #
11% . SE {3 S B He AR 0% $ i 1 ZLRRAE AR L R I
MobileNetV3 5| A T SE & ifidk, ¥ SE HEE N
R 3] MobileNetV2 i 5 1Y 1% &5 (pw) & FLURT ,
JeSE B SE #84F . AT pw BRERE.

Howard %38 1 525 % LA FH swish B2k 3%
I PRACE R Re LU J00% oR 25 A 12 412 = B 28U RS &, (1L
J& swish B4 TG BB sigmoid T8 A K &,
SIS B 0 AE BT, T2 Xt swish e BT T R0E
P, HEH T h-swish K%L

h-swish(z) =z w (D

X M ARRIE(E s ReLU6 % R AL, ReLU6 =
min[ 6, max(0,z) ],

2 PRBICEE DR RS B B 1 0L 7 ok TR 2 3, %
AT DA R 22 B30 RE A7 HE 42, SCRT LA S B 450 18RS 2 1Y)
R, BITRERE T RN 15%. W, & 0K
MobileNet V3 k8 T % 45 S 52 B EMGREAE

Sy T 2 SR B8 6% 75 43 R VR 2 RRAE L 4 R
=R I = SO AT = S =l S o U L N
MobileNetV3 % 5 Wi T =4 A [\l K /NE B A5 i
)2 VL3R4S 22 RO ISz B, JF Rl 6 1R 2 FRAE 5 08 )2 4
TE F8 TR B R AR B 3015 T 4 0y 20 AR A7 A il
3.3 FTEASFEBHURSTHINEMEHERE

e — 52 70 FBL PN 00 4% A 100 %) R 38 5 4 BB 38 ) o
RN 3 AV T oallE € S W1 i A W (EN T i
) - ARG RS JBE B T 5 R0 4% R R ) TR B A e S 4
TIE ) R AE BE 7 LA K BCHE 48 v RE A H bR YRR A
Koo T B2 2T AP ERCHE AR SR R R A S R 1 58 T A B
AT I B SR A 1Y PR L A SRR AR 2 B BE S Ak Y
T NTERE R LA G B T Ak i A7 A TR R 4
B 2T A0 EG A AR /N (5 O B ™ 8 09 4T AN B AR RE R
INABI B G . BRI — [A] B, AR SCHE B AE YOLO-
MN 5 28 45 50 v 4 Y fin A SPP 6 e 1% SR /N H bR
T 2 5 5K, AR R R 0 R AR RE ST, AR IBCE /N i J%
Z B TR YOLO-MN A5 (14 57 247 46 1045 B

ARSCHY SPP 45 57 75 He 257 i SPP BUAH Y
LRl b — RS S B 4 R R AR AR AR AE Al A L 4R
R R R A RE ) I 4 S50 I 2 s, X 45K
GRS R 13X 13,9X 9,5 X5 [ =45 K1k
JZ UL e — A B BRI AT A . RO T S AN TR R
B f K AL 2 b AR L PR b AR S AR IE RS R A
FRAF B AT Rl o

70%7

| max-pooling 5 x 5 | | max-pooling 9 x 9 | |max-pooling 13x 13
Xﬁmcat

[ 2 SPP &t iy &
Fig. 2 Structure diagram of the SPP module

MobileNetV3 & -+ [ £ 23 %] 4 A B8 i 47 ¥R AE
A B, 4R B — A 13 X 13 (AR AE &, IR ot A S0k
SPP BEHuil & 78 B T W 4% 2 5 58— A W2 Z A,
H 13X 13 1Y s Kt A J2 2 B2 Jm Ak, 1 5 X5 5
9 X9 e K AR )2 H2 BUR BRARRAE , e L T 4 R
TE 5 R RRAE B Rl G, 35 T RRE B RIERE T . F 5
TIRIZFHE R 23 (A5 B A R T 00 28 455 R 4G 0K 132 7Y
e, B SPP RIS B M 4 dr 4 YOLO-
MN-SPP,

FEZ W AT B T 45 AT 32,168 £ [ R AE =
AN H s B0 )22, AR RS2 B 0 A (7] 43 ) ok B8 4

1709002-3



FRIEX

$£49%5 £ 17 H/2022 £ 9 B /R E ¥

Ko NRERSEE B AR SR T I0. H b T AR A b
TN B bR R /N ™ 55 A ¥ 47 W 4% 25 5 X/ B AR 41
SREME AT N1 B A S R, B, 7RI N 4 |
AT —A 4 A5RER A /N Z B B br W00 )2 3 1 3k
15 5 /IN Az B 0 07 2 — 20 4 s A R /N B AR 08 A
B B 4 SRR AR TN Z BT 4% B R g,
H5H T M4 kT R RZRRE TR,
T B T A R T A A B O 2 T E AR, K
N B bR WM OZR S B W % a4 8 YOLO-
MN-SPP1,
3.4 HEFEBEHKREEN

YOLO-MN-SPP1 [ 45 45 7Y o 475 R A7 72 AR 2 19 T
A HCRAEE L TUA I I8 2 38 A A 5 [ IR A
A 2 o7 L IR O B YOLO-MN-SPP1 AR Y gk 17
HE— 038 1 B AR AR, BY 25 T0 A 8 1 5 15 3 —
5 FHF 4% Bl v 3 2B 1 /N T R 801 X 24 AR

AU A By R 2 A BT B AL U 2R . FR B AL
SRt W 45 A5 AR R AU

L=>1[fxW)y]+AD,e(r). (2

(xay) yer
AP (ray) ZUNRAYHAARTR s W2 R 2% b B 280
ith Conv layer channel scaling factors

>0 1.170

C, 30 0.912

initial network

DL s W o T 35 B 28 0 46 16 Y11 5458 2% R 5K

(z.y)

g (o) BRI, Y L1 WAL T i A
SR A R T, R bR BOR R L AR R
HO DX R 3 T A L b g (o = [ | AT AR
By R

T A5 5 18 7 Ak U 2k A5 2] BT AT 38 T8 X R Y
A S5 P HEAT B A A . AR SCR AL IH — 16 (BND 2
i YA Y X R UEAT R 46 . T ) BN 2 E
SR R BN JZ B4 F oy X BN JZ i i
R VAT VEAN . v 0 RINUR B T T X I A 3 3 Y
AR,y (AR U 2 R R, Xy B/NRY
T DEAT R FF AN E A A DAASE TR v RS (o e A R
F14) G 0 3 ik /N ASE 7R 1) A7 25 (]

R T Y R s BN 3 B, /3 A2 B
R S5 A8 A R BY A S5 A B AL S5 44, i ¢h AT j th 43 51
FToRHE i NBREMNE ] ABHZE.C, BRE N6
BUZMEE o AN, hREERE ] E.C, M C, X
I B A TR F oy AL /0N o BRI T S sk Al AT
BB A B8 5 K 4 0 B 7 X6 7 Al . 3 o ok O vA 3R
R AN B YOLO-Person,

ith Conv layer channel scaling factors

1.170

i+1=j, jth Cay i+l=j, jth
e 0,001 3, Conv layer Conv layer
—0 0.290 C 2O 0.290
4 prune °
7+ 0.003 —

C, 2O 0.912

compact network

{3 BN Jz i i 5 Bon 3 1A
Fig. 3 Schematic diagram of channel pruning on the BN layer

4 ISR THE S

4.1 HEEET

R SCHUHE B R FH ¥ J& FLIR Thermal Starter % B
B LT ANEE AR AR T B A B AR ok Ui T H AT AL
B SR RS R AR W, 8 X FLIR Thermal
Starter ffj Bl 25 B 21 S8 BCH 48 UE A7 8 3 % 0, D B0 dE 4k
F L5 B ) B 258 e, 5 350 408 i ] A 7 4 0L BE AR
Ko PRI 5 06T D K0 4l B A 7 28 o 39 R B o 1] B, ]
R AR AL BE K LG, ke S s B ZRad U6 . Xl T &
BB X IRIAT 4 B B AT N BE AT AR T, 550 B 1 R i A
ey R, H AR BB ] 0 5 48 20 AT N ER
LR vE R AARE T 2054 sKIEA.

HE— 2 T BClE S R B B AT NI B S
S EEMR BRI F R RRAE . SR AR A A,
B B 1 N R B B AT A AT N R BOR R ZE A
R AR BB [ A7 7R A X 48 oK 2 X A5 8 e 28 1) - 249 6 )

K 1 AR RS0 . S T AKX — 52 i), 2 1y A AR
{4 SF- 253 A6 RS JBE 2R FH A 25 17 78 19 0y 36 % B3 46 v A
XD AT N AR R AL AT Y ., Hd R mE 4
TN o

MRYEE 4 Fms i B2 N — 3K BR v X 75 236 in 1)
T NS FRAE UEAT H2 B, PR 45 O3 19 A7 N B S AR AE
im0 Ji el A S R 1 LAt AR b R S R RS S
P EMG R A BB S b . AlA R R A& 5 Bos

T 2 X B A R B R D AT MBS RIS T
T AR EEREGEIR R T 2254 5K, PR JE AL
P G Ol S5 AL () Y1 R BRI B R I SRR AR L 4R
e A% R 1 S X G 0 A R R e

SRR K R P 2254 TR RS HE T R4 BB
L Ho 1352 5K EGAE Ml Zh4E L 451 sk RIRAE b 56
WEAE 451 SRS AE A ik 4 L 43 30 T U1 2 L 56 0E
MBI SR )5 8 B YOLO-mark %44 354745 0, %
IEHATE AT N A AT N B A AT 42 B9 AT N DA B o g

1709002-4



£ 494 £ 17 H5/2022 £ 9 A/ EHE

original select pedestrian
image features

other images of

dataset

pasting pedestrian
features

pasting pedestrian

features

) add to
fused images dataset

K4 47 NRHAEY 23R

Fig. 4 Flow chart of pedestrian feature expansion

0‘,;
.

i eﬁfﬂ "

G i

'

iend SRS

B 5 A7 ARIEY 5. (aD (a2) R (b1 (b2) RRAEY™ 7S5 (1 ]

Fig. 5 Pedestrian feature expansion. (al)(a2) Original images; (bl)(b2) feature-expanded images

FEH T NG — R iE R N7 —2
4.2 ZTWFEE5XLRHSHY

Z 3C L Ubuntul8. 04 ¥ 5% T Pytorch It 4
YOLOv3 [ 454 5 Fll MobileNetV3 [ 45 4 71 Sy Jt il
PG . S SF 5 o — & #AHR Bl Z7-KP7EC 2
ALK . BEREREE N 21T INAE 16 GB. A7 6 GB.
17 kb FEES , GPU(GTX-1060), %4 ¥R 45 Jy : Python3. 7,
CUDA-10. 0 il # ¥F 5% il Pytorchl. 1 #f & W %%
HESE
I 25 1| 25 2 50 0 R B 2 B FE 24 5] R s WA
FUE 0 R ORI 2% pR A, FLh, 2% 2] 32 2 5 ) 55 Y
W) — A EESH BN 2 ) R o R R 25
A T 2o T A R 1 27 2T R 2 3 350 H A eR E0 SR
M. R SCIERUC AT bR 2% 2 2R 0. 0001, 7 I 2R B rp
2 ) SR M BT I 3 R 2 ) 320 3k BT S e AR
TIE A TR f4) WA S50k B S RE AR TIE AR IR A W BIOOR . Bh
B T2 B T 4R e A A S I R, AR SC Bl R R 0. 9.

AL 5 980 32 B0 LAV 49 i TS 78 A 2 B i % 46 2 R 4
TR S A R IR R A R S LA B g
I AR S 45 455 8 (8 AC(EL 3 Dk 3R 0 0. 0005, ToU 4
2R BRI B ARAS I 4803 P bounding box BYTEAL 545 ,
RE % X6 25 RO R 18] 19 UG e B 47 i i . CloU 461 2K bR
BAE ToU #1k B 2L 6l L aEAT T 4L I HAR S
B TR B RS R L S R DL AR T 0 A 2 R T g
B ARG O # AT T 5 8 B T B A AE [BIE A R
B P I 2o B Y & EE ) R, Rk A CloU
R R
4.3 YHBREWN YOLO-MN [ 4K 15 B S 16 45 4

KT B DS R R AR P T —
il L MobileNetV3 3 /6 M 45 Jy i T M &%, L2 R
Tl L A A 0 )2 A A AR B 1) D) 28 A8 Y OLO-MN,
P HE YOLOv3 W 4% 455 51 43 51 %iF A% SC 4 7% [1] 21 41 &
AT N A #4701 2L AR IR BN 600 4> epoch.,
SR LERNEE 1 PR,

1709002-5



$£49%5 £ 17 H/2022 £ 9 B /R E ¥

F 1 YOLO-MN #5 B 45 5

Table 1

YOLO-MN model test results

Accuracy /%

Network structure

Speed /(frame * s ') Model size /MB

YOLOv3 90. 2
YOLO-MN 89.0

26 246
62 95

H 32 1 A%, YOLO-MN R 2% #5550 %5} 7% 6] 21 41 &
AT N RIS B BARIEAIRF YOLOv3 W45 AR, {H
WIkE] T 89% . 7L A [y K I B BE AN K /N B T
YOLO-MN W 4 5 8 2278 4 F YOLOv3 W 45 5 A1,
K2 B 26 frame/s 3G E] T 62 frame/s, P 2% 45
BRI R/N 246 MB 3/0NE] T 95 MB, 3 i 52 55 %
FEAT T AR SCER 9 YOLO-MN W) 25 65 780 4345 52 36 i
Y T L A ST T R 8 AU A ) 2P 5% e Ak TR DR R
TR DUDRS B2 (7% [ B 41 =g 77 5% 78 g A 00 3ok 38 /N T AR

RUR /N A7 ) A TR s 1 A 00
RERIBTAS
4.4 FHEFEBLARSHNEMERELE S
i T B AE SPP B H AN B AR 1500 2 %7 ] 214
B AT AR I 8 A 0 43 51 % Y OLO-MN-SPP
BERUF YOLO-MN-SPP1 £ %I 75 7% 8] £ 4h B’ 5 47 A
Bl g e 7 908, 2k ARIRECH 600 > epoch, 524
gERANEE 2 FiR,

— LR T K

# 2 YOLO-MN-SPP #7132t 25 5
Table 2 YOLO-MN-SPP model test results

Accuracy /%

Network structure

Speed /(frame * s ') Model size /MB

YOLO-MN 89.0
YOLO-MN-SPP 90. 1
YOLO-MN-SPP1 92.3

62 95.0
47 99.5
39 100. 1

£ 2 F.H YOLO-MN W 2% #5 &1 Fl YOLO-
MN-SPP [’ £ 45 %1 ) %t L 7T 41, Y OLO-MN-SPP ¥ 4%
HEE TR (10 SF- B 40 RS B A 8 F YOLO-MN LR T T
L1 AE S S, M YOLOvVS MRS B LA M, a5 8 T
90. 196, 7F K I 78 B A AR Y /Ny If, el P8 T
SPP i, AR AT &A T — & WK, B
YOLO-MN-SPP M54 B AH A T YOLO-MN [ 28 £5
AU AE K I R BE 7 1m fh DK A 62 frame/s FEMRE] T
47 frame/s, AERE T /N7 TH AR TR 19 95 MB B4
FT7 99.5 MB, BRI SSP A He G 0T A R K
0] AR A /N 7 TREAS T Y OLO-MN B RS, {F A
BT YOLOV3 BRI O & TRKAFET. o 505
S HT AT, SPP B H () RO 45 G B, 38 i T AR AR B
B R AE RE 7 - $ T T I 25 A5 784 (18 A6 NG 3

B YOLO-MN-SPP ## fil YOLO-MN-SPP1 ##
AU AT 1, YOLO-MN-SPP1 A5 58 [ S 34 46 10 oK 25
FHET YOLO-MN-SPP BERIEEF+ T 2. 2 A~ F 43 55,

KN T 92, 3% . AR I S AR TR K /N I, T
YOLO-MN-SPP1 BRI T 4 A5 R RAE 1) /N Bz B
K2, S 8B B o — AR RSB, A
YOLO-MN-SPP1 £ %A ] 3 J B AR 2 39 frame/s,
RIS /NS N E] T 100. 1 MB., YOLO-MN-SPP1 #
TR f S 27 AG DR ARG 000 S R DA R A R R /INER E AR
T YOLOv3 W28 B8 R, {0 7 B4 0 2 76 78 8l i » 475
SR BEIEATHE— 2 (1) 98 B 5 in i
4.5 HREBEHMILESW

YOLO-MN-SPP1 W4 R i fE FEAR Z I TU 48 5
ORI 3 L TU 4% 3 T 4 B0 A A R R IR AR A i
N AR X YOLO-MN-SPP1 R iF 47 5 18
B A AR A
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Table 3 Pruning results with different pruning rates

Pruning rate /% Accuracy /%

Model size /MB Number of channels

85 92.3
90 92.3
92 92.2
94 92.2
95 91.2
96 29.5

13.6 1450
12.4 967
12.1 774
11. 8 580
11.7 485
11.6 387
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Fig. 6 Change in the number of channels of YOLO-MN-SPP1 model after pruning

i EFrid, YOLO-Personl 7EF 34 /00K & F,
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LA . A T W BT 855 B 458 2% 00 4 I ks
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Person, 3 5B &M% YOLOv3-tiny W 25 855 15 3 47 XF
Ho g5 R gk 4 iR,

F 4 YOLO-Person £ 78 il 32 £ B
Table 4 YOLO-Person model test results

Accuracy /%

Network structure

Speed /(frame * s ') Model size /MB

YOLOv3-tiny 71.3
YOLO-Personl 91.2

YOLO-Person 92.2

83 33.1
69 11.7
69 11.7

2 4 AT, B0 5 B YOLO-Person [P 2% f5 4
) A N SR A R /N R R AN AR L E S S A kG B
MW RN T 92. 2%, 5 57 A HT R 25 A R B R R L AR
Y., MG R YOLO-Person MW 2% #55 B 76 2 > 7
M# & 48 ak 7 YOLOv3 W %% # %, (H #5 5
YOLOv3-tiny #5819 A5 I B B2 AH LL A5 58 7 — & 1Y
ZH . YOLOv3-tiny [ £ £ R J& — P i o &6 1k ™
26 SRR RGP B AL ORE BE Ok 8 SR A T B B Y B AL, A
DU K I OKS B LA 71, 3%, i AN KA S YOLO-

Person W 25 B 1 92, 2 % ot Xk DL 2 21 4h R AT
PN AU R

38 2k b A BB R S I T AT AR Y B R g 6% K
WG 9/ A TR (B L R v S TR A 0 B R DA R /N
RERY RN, 0 38 T B R S0 5 O S0, B AR S
2E ) YOLO-Person W 2% #5% & A 4% T YOLOv3 ¥
%A A GRS A TR R /N DA R A T SR = T
A TRKRIHE TS THEFER T G R % H
ZTAMT N H AR S B ARSI 4 R,
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4.6 YOLO-Person & ) iz A X &P E W IE

2019 # 3 A NVIDIA & 4i i Jetson Nano J&—
HHT /NN TR eSS IT K& BB sh 2 0 )
PLIEBFFE N RAE T 5 B FF T & b 6k i 28 1) 4% 5 7%
BRI AT . Jetson Nano A DL 28 45 F i UL i # 22
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FrA i | AR A 25 L 18 5 Ak 3L 1B ) ) S 4 Rl I RE L
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K 7 YOLO-Person BB fE Jetson Nano b [ 24 S
Fig. 7 Detection effect of YOLO-Person model on Jetson Nano

N T 7E Jetson Nano %8 JF &1 & L5 E fr 4 7
W e, 2 30 L T YOLO-Person #E AU |
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YOLOv3 A5 (18 45 0 58 B oA e A 345475 48 1 4 B &k, K
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Table 5 Jetson Nano platform test results

Network structure Accuracy /%

Speed /(frame + ') Model size /MB

YOLOv3 90. 2 1.2 246.0
YOLOv3-tiny 71.3 14.0 33.1
YOLO-Person 92.2 12.0 11.7
\ SRR G B R AR R R AR YOLO-Person, 7EK
5 4% ©

R T —MizE1H YOLO-Person 7% [A] 41
AT ARG AR, AR T SE 0 ] MobileNetV3 2
A0 A Sy B T I 4 22 RUE Rl R T 2 Sy T A
He, el TR RL () 25 e B Ak s SRS 7R I 4 s in 3 [
ST IEBEOR /N B R DU 2 L B TR/ B bR B R
WKS BE 5 5 Je o XSS 78 0F 47 38 38 55 AL, KRk b 1 LA

[ 2T A0 AR AT N B 4 b i A7 9 ik, S5 g 45 SR R 1,
YOLO-Person & A £ Wl K B A1 38 B2 43 51 3k 8] 1
92. 2% 1 69 frame/s, £ & & 0] 21 A BIAR AT N S5 B K
Mg 2SRk, B YOLO-Person W 2% # I 7 Jetson
Nano B ah H &V 67 & . 15 2] 12 frame/s 1945 I 2K
JEL BT YOLOvV3 JE#E YOLOv3-tiny, #f — 5 1iE
W7 B4 Oy s my g v . TR e it o el ik
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Abstract

Objective

Poor lighting conditions lead to a high accident rate during night driving. In order to reduce the incidence of

night traffic accidents, various auxiliary driving technologies such as ultrasonic ranging, millimeter wave radar and visual

auxiliary driving are widely used. Infrared thermal imaging technology based on the thermal radiation of object and

reflection imaging with certain penetrability is less affected by the weather and light conditions at night. Human targets

within the vision field can be accurately captured by infrared thermal imaging technology, which is convenient for
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pedestrian detection. In addition, the cost of infrared imaging equipment has been decreased in recent years, making it
possible to be mounted on vehicles. Therefore, the fusion of infrared thermal imaging technology and pedestrian target
detection algorithm based on deep learning is of great research significance and with a broad market application prospective
in vehicle auxiliary driving. In this paper, a pedestrian detection model based on night infrared image is proposed for night
driving, which can detect pedestrians on the night road in real time. This study can be applied to the field of auxiliary
driving for early warning and active braking provided to drivers, reducing the probability of night driving accidents and
providing higher security for vehicles and pedestrians.

Methods Aiming at the problems of low accuracy in infrared pedestrian detection for small targets at night, large
committed memory of network model, and the difficulty of real-time detection in auxiliary driving due to the low model
detection speed, a lightweight pedestrian detection neural network called YOLO-Person is proposed for night infrared
images. Firstly, the MobileNetV3 lightweight network is used as the backbone network, while the multi-scale fusion
target detection layer is used as the prediction module to solve the problem of large model size and slow inference speed,
which greatly reduces the amount of model calculation and obtains a preliminary lightweight network model.
Furthermore, by adding the spatial pyramid pooling module and the detection layer with smaller receptive field in the
network, the representation ability is enhanced to solve the problem of unbalanced pedestrian target scale in the dataset
and improve the infrared pedestrian detection accuracy. Finally, channel pruning is used to reduce the number of channels
in the feature map, and the final network model YOLO-Person is obtained. The lightweight model YOLO-Person is
verified on the pedestrian dataset of night infrared images based on Jetson Nano mobile development platform.

Results and Discussions A lightweight model YOLO-Person is proposed for night infrared pedestrian detection
(Fig. 1). Firstly, MobileNetV3 lightweight network is used as the backbone network, and the multi-scale fusion
detection layer is used as the prediction module. Although the accuracy is reduced by 1.2%, the speed is increased by
34 frame/s, and the model size is reduced by 151 MB (Table 1), which indicates that the lightweight of the night infrared
pedestrian detection model is preliminarily realized. Secondly, aiming at the problem of unbalanced pedestrian target scale
in dataset, spatial pyramid pooling module (Fig. 2) and small receptive field detection layer are added in the network,
through which the accuracy is improved by 3.3%, the speed is reduced by 23 frame/s, and the model size is increased by
5.1 MB (Table 2). Moreover, the model is pruned (Fig. 3) to reduce a large number of redundant channels (Fig. 6).
When the pruning rate is 95%, the number of model channels, accuracy and model size achieve balance and optimization
(Table 3). In addition, the model is fine-tuned to obtain the final lightweight model YOLO-Person, which reaches the
accuracy of 92.2%, the speed of 69 frame/s, and the model size of 11.7 MB (Table 4). Finally, the model is deployed on
the Jetson Nano mobile development platform to verify the detection effect (Fig. 7), and the test results of three
networks are compared. The lightweight model YOLO-Person gets the best results: the accuracy of 92.2%, the speed of
12 frame/s, and the model size of 11.7 MB (Table 5).

Conclusions A lightweight model YOLO-Person for night infrared pedestrian detection is proposed in this paper.
Firstly, MobileNetV3 lightweight network is used as the backbone network, and the multi-scale fusion detection layer is
used as the prediction module to achieve the preliminary model lightweight. Secondly, spatial pyramid pooling module and
small receptive field detection layer are added to improve the detection accuracy of small targets. Finally, the model
parameters are greatly reduced through channel pruning, and the final lightweight model YOLO-Person is obtained. The
experimental results show that the detection accuracy and speed of YOLO-Person model reach 92.2% and 69 frame/s,
respectively, meeting the requirements of real-time pedestrian detection. The YOLO-Person network model is deployed
on the Jetson Nano mobile development platform, where the detection speed of 12 frame/s exceeds that of YOLOv3 and
approaches that of YOLOv3-tiny, which further verifies the superiority of the proposed method. By optimizing the network
structure and increasing the effective functional network layer, the detection accuracy of the model will be further
improved in the future research.

Key words imaging systems; infrared pedestrian detection at night; multi-scale fusion; MobileNetV3 network;
model pruning

1709002-10



