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W33 AKX Liu W I, Dong L B and Qu H C.2021. Small-scale pedestrian detection based on improved R-FCN model. Journal of Image and Graph-
ics,26(10) :2400-2410 (XI5 %4, #ANE , i A, 2021, Bk R-FCN BLAY /N ROBEAT AR, o [ B 42 181 2442, 26 (10) :2400-2410 ) [ DOL:
10. 11834/jig. 200287 ]

i R-FCN =B gy /NR E1T A&

'Jﬁ? A b R

TR AR KB, #i/ s 125105

W OE: B N T ARG T AR SEAE 2 BERAR AT AR/ N AE 58T ARSI RS B2 AR A4 1] R o 4 T X
W 4B % (region-based fully convolutional networks , R-FCN) 1) B R A 33 5 1 A BIAT ARG | $2 H — Fh et
R-FCN BRI/ N BEAT AR . T3k 0 T ORI BOE e , 78 ResNet-101 £ conv5 BB i A il 42 JE
BRUZ I RAFIE IR 1 SZ BT 5 /NS AAG I RS B2, 76 ResNet-101 H34 A0 55 — 245 0 B A2, AN [] RS R
ANBYAR AR PR A T IO R X 0 A 5 S i phe /N RS AT ARG I o Y R AG 1] AL %'JFHﬁé%%ﬁ’]ﬂﬁ&ﬁﬁﬁﬂﬁﬂ%&‘ﬁ%
R MHEWM KA B, &R ERMEEIEE Caltech LHFFTIFAN , STHFRIT , BGEAY R-FCN Bk 5 HA R E M
A BB B KGN 48 (single shot multiBox detector, SSD ) 38:3: 1 4 i B KGN % 7 (Y Faster R-CNN (region convolutional neu-
ral network ) B3 LU, RHPRS B2 4042 5 T 3.29% Fl 2. 78% ; 7 AH [l ResNet-101 FEfih [ 45 T, 46 045 J&F 1L i 4
R-FCN B4R T 12.10% o 538 A SCHR B A9 BGHE R-FON ASLAY (/N RS A7 A GRS J32 58 om0 o 4 L S A Ao
B Y R-FCN BRI T ARSI (A B R R0 [ 5 SEAF T B8 ), ZE PREAS B R iy Rl BATE R I IR,
SRR AT A 5 I BRI 45 (R-FCN) 5 FIASIE A 2 B4R s AR KRAE ] ( NMS) ; Caltech £i#li 4

Small-scale pedestrian detection based on improved R-FCN model

Liu Wanjun, Dong Libing* , Qu Haicheng
School of Software, Liaoning Technical University, Huludao 125105, China

Abstract: Objective Pedestrian detection is a research hotspot in the field of image processing and computer vision, and it
is widely used in fields such as automatic driving, intelligent monitoring, and intelligent robots. The traditional pedestrian
detection method based on background modeling and machine learning can obtain a better pedestrian detection rate under
certain conditions, but it cannot meet the requirements of practical applications. As deep convolutional neural networks
have made great progress in general object detection, more and more scholars have improved the general object detection
framework and introduced it to pedestrian detection. Compared with traditional methods, the accuracy and robustness of
pedestrian detection based on deep learning methods have been improved significantly, and many breakthroughs have been
made. However, the detection effect for small-scale pedestrians is not ideal. This is mainly due to a series of convolution
pool operations of the convolutional neural network , which makes the feature map of small-scale pedestrians smaller, have a
lower resolution, and lose serious information, leading to detection failure. To effectively solve the problem of low detection

accuracy of traditional pedestrian detection algorithms in the context of low resolution and small pedestrian size, an object
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detection algorithm called region-based fully convolutional network ( R-FCN) is introduced into pedestrian detection. This
study proposes an improved small-scale pedestrian detection algorithm for R-FCN. Method The method in this study inher-
its the advantage of R-FCN, which employs the region proposal network to generate candidate regions of interest and posi-
tion-sensitive score maps to classify and locate targets. At the same time, because the new residual network ( ResNet-101)
has less calculation, few parameters, and good accuracy, this study uses the ResNet-101 network as the basic network.
Compared with the original R-FCN, this study mainly has the following improvements: Considering that the pedestrians in
the Caltech dataset have multiple scale transformations, all 3 X 3 conventional convolutional layers of the Conv5 stage of
ResNet-101 are first expanded into deformable convolutional layers. Therefore, the effective step size of the convolution
block can be reduced from 32 pixels to 16 pixels, the expansion rate can be changed from 1 to 2, the pad is set to 2, and
the step size is 1. Deformable convolution can increase the generalization ability of the model, expand the receptive field of
the feature map, and improve the accuracy of R-FCN feature extraction. Then, another position-sensitive score map is added
in the training phase. Because the feature distinguishing ability of Convl-3 stages in ResNet-101 is weaker than that of
Conv4 stage, a new layer of position-sensitive score map is added after the Conv4 layer to detect multi-scale pedestrians in
parallel with the original position-sensitive score map after the ConvS layer. Finally, the non-maximum suppression (NMS)
method often leads to missed detection of neighbor pedestrians in crowed scenes. Therefore, this study improves the tradi-
tional NMS algorithm and proposes the NMS algorithm for bootstrap strategy to solve the problem of pedestrian misdetection.
Result The experiment is evaluation on the benchmark dataset Caltech. The experimental results show that the improved
R-FCN algorithm improves the detection accuracy by 3.29% and 2.78% compared with the representative single shot
multiBox detector (SSD) algorithm of the single-stage detector and the faster region convolutional neural netowrk (Faster
R-CNN) algorithm of the two-stage detector, respectively. Under the same ResNet-101 basic network, the detection accu-
racy is 12. 10% higher than the original R-FCN algorithm. Online hard example mining (OHEM) is necessary for Caltech,
which has achieved a 7. 38% improvement because the Caltech dataset contains a large number of confounding instances in
complex backgrounds, allowing the full use of OHEM. In the Conv5 stage of the ResNet-101 network, a deformable convo-
lutional layer is used, which is 0. 89% higher than the ordinary convolutional layer. Using the multi-path detection struc-
ture can increase the detection accuracy by 2. 50% . The bootstrap strategy is used to correct the non-maximum suppres-
sion, which is 1. 67% better than the traditional NMS algorithm. Conclusion The improved R-FCN model proposed in this
study makes the detection accuracy of small-sized pedestirians more accurate and improves the phenomenon of pedestrian
false detection in the case of low resolution. Compared with the original R-FCN model, the improved R-FCN model has a
better ability to balance the accuracy rate and recall rate of pedestrian detection and has a greater recall rate when ensuring
the accuracy rate. However, the accuracy of pedestrian detection in complex scenes is slightly low. Thus, future research
will focus on improving the accuracy of pedestrian detection in complex scenes.

Key words: pedestrian detection; region-based fully convolutional network ( R-FCN); deformable convolution; mul-

tipath; non-maximum suppression (NMS) ; Caltech dataset
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P, RS R fiff e — S SE (R, Bl P I B A
| %% R-CNN ( region convolutional neural network )
( Girshick 45,2014 ) . Fast R-CNN ( Girshick,2015) |
Faster R-CNN ( Ren %,2017) , R-FCN ( region-based
fully convolutional network ) ( Dai 55,2016 ) F1 H. 5y Bt
Kl % SSD ( single shot multiBox detector) ( Liu 5§,
2016) .YOLO(you only look once) Z# %1 ( Redmon 55,
2016 ) ZEIR A FHAH 25 W 2% ( deep convolutional neu-
ral networks , DCNNs ) 7E— etk B A5 I 77 i s AR
Kk B R 22 1) 273 ek H AR A 42
HEI AT AR, Tian 55 A (2015) £ —Fp 5
FHAER R )5 % DeepParts , 5 AR 1l 243
B3 IR SR F5 K 485 R 4 G R M AT N4 1]
M, Zhang 5 A (2016) i i 43 HF Faster R-CNN
(region convolutional neural network ) 7E 47 A il
AERE , FHH RPN (region proposal network ) $ B 1
DI, I HIBERLAR PRI T 402 WA 1 Y i e (R A A
MR, Mao 55 A (2017 ) $2 5 — Fh B # Faster
R-CNN 4T AR5 7% HyperLearner , 7£ VGG ( Visual
Geometry Group) M4 AR E 380 T —1> 43 3
2% IF 5 FARM KRR — R 1% A DX I I8 0 2% 14 T
AbHR R T A2 25 7 BT AT K R ME R A, Mol
chanov 45 A (2017 ) #2224 FL YOLO Hfi 28 ¥ 45 1
PATUG A2 TP AT ARSI D7 12 , 8 3 2 ) B i 22 1)
28 PRI AN 73 AT 55 5 I B — Aol 4 AR 28 8
PR TER B HUS T AR AR . Tesema 5%
A(2018) 4 FPN(feature pyramid network ) i H T-47
NG G B AR I 2 [ (1Y) 22 RUBE 45 1 1
T MER RO AT T 5 1 SRR & 5 52
= AT ANRRISE S i e, XN R ROBE AT N LA
BRI E B IE, Lin %5 A (2019a) & i —Fh 2L T -
T 3CfF B WG SSD B AT ARSI Jy i , 8 i $R HL SSD
B R R 45 P AR JZ AL R RUZ P YR 2 T
SUE BSTRZEE SUE BRhG  sEme i #5rh AT A
AR/, BB 1A R 98 H IO AE , 732 AT A
RELIHE B2 4[] I DR 1 S5 R D

ARG TTIEAR L, #2548 0N B R i ey
WA TR, SR, 4 H CNN (convolutional
neural networks ) #4747 A K 475 8K A7 76 P Ty 18 [7)
A, 1) W AT NS B2 R, T A X
BGH HPEREE 2 R, W R R 2 AT RE B A
FAAT NHY B ARRAE, a5 B A2 38 A A A

8, Rl g T RE AT R X AT AR S, 3 T
W2 R A 32, 2) i el A kR I N ROBEAT A
PR /INREEA T ATE MG b o iR X A/ NI AR R Ak
UG BT i AU BORMG T IR | = )2 46 FR2 $2
(AT NI B R0 S 008 B S0 608 5 A6 00 2 X L)
Zhao %5 A\ (2016 ) # Faster R-CNN B35 5| A F)47 A
RN e R i 1 1 BB RRIE SR ORI 23 2 8L S TE
—AMHEZR B TR TN (RN RUEEA T RS
MR AE, Xiang % A (2018) 42 —Fh Bk #F Fas-
ter R-CNN 53k i F 5 J5 — 236 U 1 19 R iR I
T /NREEAT ATEZFRAE B 5y 0%, S B0K I kG
BEE R R

KEB AT NEHE AR AE /N7 NS, ™
HRY W AT K I B8 A9 PEBE. T HZE Caltech
(Dollar 55,2009 ) Fdla 4E b, 47 A& BEAE 20 ~ 80 15
F SO T BB 70% | NREFT AR K I
1], ASCERXF 3 HE AR AT AN RST B IME BT A
K EEARAY A K5 R-FCN HARKE NS 25| A 24T A
Kb 32— e R-FON B8 B /N R BEA T A K
AR 38 5 [ ] AR TR AR FUZ B — S8 AR
FIH A2 s A AR RS $2 T /hNRGH T A
PIRIRG FE , B0ss TTEr PER IR T b AT NE )
RIS,

1 R-FCN &%

1.1 R-FCN I8

R-FCN (1 [ 2% 45 44 3= 2 1 5% 22 M 4% (residual
neural network , ResNet ) FI1[X 38 & 18 X % ( region pro-
posal network , RPN) ZHL i, W& 1 firon . Ai# H T3¢
WURFIE , J5 5 T A2 BB S8R IX 5 (region of inter-
est,Rol) . HH, K ARFREE 8, ¢ ARRIKI 20
B, FEGERN ARNEIR ST 2B RN
26 TEdJn — B BUZ 5 TS IR ik 1Y 4 B2 AR
of & HUEAS 43 I ( position-sensitive score map ) , [7] s}
MG — DR EN RPN W 4%
(% A, RPN [ 25 Ji J5 A 1 Rols ; 4 (o7 # fHURR Rol
WAL JZ ( position-sensitive Rol pooling layer ) 5 §ij If f*)
533 PRI FNEOGER DA A St 2 (5 B
1.2 RPN

RPN (W28 Y FEAZER Q18] 2 o, 2200 43 =2 3k
FE5328 4 i s AN 5emi s RV 2EAE g H Arid
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Fig.1 R-FCN network structure

[ 204% | [ 4xdsbs | @ssm kanchor boxes
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Sl 21
HEE
FEEI
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Fig.2 Basic structure of RPN networks

STCEHFR A 53 SCHE AT A T AR BGAAE R, B A5
BRI L, o b A5 R, d AURYEE

RPN 7E [ £ Il 25 (4 5] B, 38 23 A= B I % R X
B B A R B HR DX AN 3 2 1 B RUZ AR LY A
o EIEAT WAL, e 245 B g AN B R XU T8
S M K S X sl 5[] ) 4 AR 7 ) 3
Frifl , /3254 Rol 1 4 DARTR,
1.3 (EHRESE

R-FCN B I 2 B BRI Ji — J2 W 4% v i
P MERZ %6 TR = O 8 US43 18 (po-
sition-sensitive score map) , 1% map J&E—)Z & )2, H
I HORISERE W A5 R BUZR A — R (RILEAT [ R
RS2 T ) HREE MO K (C + 1), HrPC 3k
NS S GRS | I S W Mre i+ 3 I D S £
C+1 28, MENZAHEA K x K301,

N TAERA Rol b i 45 B, 3l i — A~
M4 Rol 438 K x K ANHEIE ¥JC (bins ) , X
W x H B8] Rol X1k, B— M ERBICHI R/ = W/K x

H/K , 7E R-FCN Bk g — 6582k K& 4
oA R, X5 i 175 5 A IE 5.0 bin
(0<i, j<K-1), HA5 KN

r(ijl @) = Y

(x,y) €b(ij)

z. (2 + 20,y + y, | ®)/n

(1)
o, (i1 @) WA ¢ F (i) B AR,
5, MK (C+ 1) AR R, (x,,7,)
Rol (972 1 fAEHT , n WIEHIOIEE MAL, © 4R
O T e

SRR K (LU AN Rol #EATHEE, 76 R-
FCN BEMEth, U 4 4 HOR P 449 347 5 52, S 5
N Rol (e + 1) 4 &, HAR N

r(0) = Xr.(i,jl ) (2)

S, 1, (@) TR LIPS, BRI
softmax BRHILAHS /24 B A BESRE, JF PR T 4500
B PEAT 58 SUIR 451 2% ( cross-entropy loss ) 14 W 19 7]
XF Rol BEATHERF . BARN

5.(0) = e/ e (3)
=0

2 MiHE R-FCN &%

RS AE K T R-FCN BIA0 A, i — A X
S 26 (RPN) A= ek 4 R A6 % DX 8, I fef R Aoz
EARURAT oy B X B AR AT 2 FEAE T, He 55 A
(2016) 4 1 A HT A TR 5% 22 M 45 ( ResNet-101 ) B A7
TN S HUD DL RO BEASBEAR A R s, 9T A ]
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ResNet-101 1E 2 o¢ F 55 % 19 JE Al 0 4%, 5 R 4R
R-FCN MLt E2 A4 LI 28 . 1) ¥ ResNet-101 1)
convS BHEXII TG 3 x 3 WHLGERZY Jeh 258
AR, PR Ry AT A2 I 25 AT 3G IS A4 132 AL R

P RAFAE B I AZ BT, o] A3 =5 R-FCN A#AEHE Y
YR B2 5 2) ZEIZR B Be B 25 — Ao 8 BUR Y 7553
K, H convd |2 FNTELRIEREAHZ I8 (online hard exam-

RPN

conv

conv4

PNEES

conv

K(C+1)

(DALRE RIS

v
PLE RO

i BRS04

[
I
v
78 HUERol
i

ple mining, OHEM) FRlA SIS RIN /N RUBEEAT N, 5
JEHR convS 2 A AL EBUR G 0 A& 1 T
AR R BTN 53) SOt GEAE R AE M ] ( non-
maximum suppression, NMS) =BG , P A 2R Y
E | NE N K= R7S ( bootstrap non-maximum suppres-
sion, B-NMS ), 1] fift Y 17 N 1% K [n] @1, o o 19
R-FCN R4 25 R QAT 3 BiroR

Rols
I
I
I
I
I
I

B

ik
| AL AT
= |
: ’—E— OHEM E NMS

C+1 EiE

"

C+1 @il

________________ 1

K3 Btk R-FCN W24 2514 1]

2.1 AIEEERE

BT R LSRRI R R R
JUATAE Ak H ARSI Y F 2R, Zhu 58 A
(2019) 7 1] ZE B 45 B 2% ( deformable convolutional
networks, DCNv1 ) ( Dai %,2017) By 3E4E [, 424 T
— B 1) A8 B ¥ P8 5 Deformable ConvNets v2
(DCNv2) i 3o it vl A2 JE 254 LA K5 1A i 5 ( off-
set) , (AR IE 48 B 72 BR A% 01 hn 4 vh T A 2UfF B
X3, DCNv2 7E LAl B 5] AALE (modulation)
I S AN R A R 25 28 30 11 offset 5 1F S5 A9 IX 3k,
ST AER 0 RRAE

UE kA RFE RN BT, 2 w, Fp, 73 013RR
55 kSRR AR R A S B P RS T,
k=9,p, e {(=1,=-1),(=1,0),-,(1,1)} FR
JEAZ BN BRI 9 S 5HE A3 x 3 A,

(e AL TSR R )

y(po) = 2 w(p,) - x(py +p;) (4)

preR

L BRRE DR AR MR R p, WAL w 5 p,
PR D A R MR R A x BRAJZBR R A

Improved R-FCN network structure diagram

AN
M o

A ASTE AR RS i Ap, FIALEE Am, 38
WS R BSZ R, BEx(py) My (p,) 73512 R %
AFFAEPE x A IR y 7 p A ROREAE . 34
il g Al A B ] sy

y(py) = I;wk ~x(py +py +Ap,) + Am, (5)
K, Ap, T Am, 3522 > B 0 g B FIALEE . Am,
fETL0,1 ], Ap, A SE%k, BUE ISR i,
T py +p, + Ap, AL, 7T x B 2R FHALEL
PEIE(E

WKl 4 R, AT 4 BU H A B R 53 L
PIAR IS 28, — 456422 2] offset , 35 H x W x 2N 1)
it (offset) ,N = | RI R MAEHREANEL 2N %
TR x Ky BIASTJT B offset, 75— 2R AR 1R 1S 3]
offset U5 , X TR i B A B — DB HE 1, #A
PR FOR KB 3 sh e 1 (] 4 ) | 24
PR IR R (K 4 A EAE ) 38R T D RRAE
EIRY AR

% &3 Caltech B4 5 AT NA 2 Fh RUBE A2 4
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TEOL, B DCNv2 H R ] AR T B FH2 Iy FH 31 5% 22 X 2%
g1, 7F ResNet-101 f convS BB AR 3 x 3 L5

FUJZ (res5a _ branch2b . res5b _ branch2b . res5c _

branch2c) H1 4351 51 AT AR TE B FUZ A2 12 AL
0 ISR PG BOP AT LA 32 R & ) 3
16 & EMKEMN 1 28R 2 pad IREH 2, LK N1,
LM INARAE P11 3 9% 38 RS B 5 B v 1Y
FRIEFR I,

<« |K |>

HNFHIER
K4 3 x3 al 8RR 1A

Fig.4 Illustration of 3 x3 deformable convolution

i AR

2.2 ZRE®KNFI OHEM

X% 2% 25 S5 4 BTl 0 i A 118 55 ResNet-
101 11 convl — 5 Bir Bt ) 4R A0 &1 % L 53 51 R
1:2.1:4.1:8.1:16.1:32, f R 7R 4K7E
convl —5 BBt iR E R Figsh 1 /I\%"%%,?FH&’I
Tore )R B Eh 2 4 8,16 32 MEE, i TE
Caltech B AFTE R RIS E/NT 32 18 &K
BTN, R R-FCN FRFE Convs B BEJS US04 B
AT 1B 23 5 R al s BE /N T 32 AR ER AT ANTEAL
ERUES TR R, 2 Lin 5 A (2016) Rl G 2
R EE R G &, Ptk 2 i A T 55— 454
W 12, UL 3 M2 2 HE, T ResNet-101 H1 (1)
convl =3 By BCARRME X 73 RE 7155 T convd BB, AL
TE convd JZ2 5 5N — 20 B USRS 7 5 I b i o7
B USRS RO RS R G I 22 ROEEAT A .

TEAT ARG A, 152K = B2 A o 5 S0 B R Ve
ALY, I, SR A Shrivastava 58 A (2016) £2 H )
TELAIAEAAZ Y (OHEM) J7 ¥, 3 28 AR X FEA
FR (loss ) FEATHEY , SE BRI AT loss B/NAY, 1%
J7 1k F RN AR AR AT 0 2, (A5 IF SR AR T
I, OHEM 2 —Fh A T THFE B BEFE AT 3
Jride , RUNFENL EAURT Rol 2 /Y, T A 1A AR &
=20 BT DAFE B Rol b g ARG 2K pR B AN ]
o I B A% 1) 52 SRR 2R A box [m1 I 2 Z 0 B

L(syt,,0) = 21 (Ly(s,c™) +
Ale” >0]L,,(1,67)) (6)

Hr, s BTAE ¢, 097555, ¢ JE Rol M ELIHR
B, i RN | R AR, L, R L, YRR A
SR S A smoothL1 A BURE A Hi 4%, A
K- E BTN, [¢F > 0] FnUENIEIEH
N1 REEDRA 0, R IRIFEAA AT B
PRHET
2.3 B-NMS

A8 G2 11 1y ARG 00 i A 3 R 22 RUBE W B 2
F AR B A ARSI ) 7 T S5 BT S o B0 A 1
FHRHRRAE , (HZ AR S 1 1 A8 7 2 A A DG Y 43
B, X oA I g5 R e BRI, S T SR D B
FERY ) @, Neubeck 1 van Gool (2006 ) # i FE# K
TEINH] (NMS) Jridk, X6 45 Sk 17 f5 2k Ak #RAS 3]
LK EE R LS00 NMS 3056 1 Je7E K6 R 14
s — 2R G BRINAE B L KR A28 S, 24 ik
B = B ASIUAE M it e WEES B TR T
WAL LS RS D, [ 4 B P4
SRIHE M (S KT EE B N, rRIHE
WK MR . NMS 533 w1 i K ] 0 il 2 K A 4T A
BRI o % TR FPIE O, W — A AT
YA s PR T e DX, TR 5 SO 1 W M g e T 2k
ST FEEAR BB 5 1Y - 9 8 B2 (average precision, AP)
TEF S HE B9 A I 2§ ( Girshick, 2015; Ren %,2017;
Dai 55,2016 ) H7, NMS [K] Jhy # A b 9 7015 2 5 ot i
T A B A R A (R AE 5 B AR i g 5ch
NMS FiEEAE 2 R BT N iR K, X, Bodla 48 A
(2017) 11 Soft-NMS .32, fift e T NMS Hyk i 47
FER IR, FH— R /N — 8 B 3 B AR A 1 43
B, MR AR AE 1) 7 B g s il % B 1 ety
R, ARZE ML AR IRIE R ) 4
SR AR ASHIAE B ATV R AEAT NIRK I

EFXAE G5 NMS FI Soft-NMS 55 8 775 F 15 46 7]
FI S SO — Rl NMS B0 [ 28 SR ER
il A HER) TS5 r FIAHUEE B & m R X
SIXPAHEZ SR TR — N IR SE 7, F
T, RAZIRSAREA . A2 SRBE AR BE m 2 SN

m = e( (1-21) xdxy+A xdw+A xdh)

by = () ()
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dw = w’—l
w
h/

dh = | 7
. (7)

K, w,y,w,h 530 FRAE B o AR bR SR R
B TR AS o i HABAE , ',y ' B FTHE
JPBAF @ WA A3 e K B TUMAE , ||« || 7n L -T04K,
A FIR— IS EASCRE L = 0.3, &EH
JER R 3 AR 22 BN ASURT, 2 7 1 A A DA 1) A
IR,

WCHERY NMS B3 i B LB

B ACAE D, A E S, MM R RE T,

i 25 RSN EK L,

1) EFEAF53 S > 0.5 RAE D, MR 45 BA 31 Q
R S He kT HET

2) MRHE (7)) IHHEHDF S Q T 1 AMHE S I
AHER B r AARRIE R m;

3) MBRHEF BRG] Q HEZH r > 0.3 HT&
HyBAF B R BIHE

)RS B AR R m KT
T, B SR r <0. 5B B4 (0.3 < r < 0.5
Hom > T,))HIHE;

5)% B 18 RAEE N B T HEY BB Q@ 1Y
LR R R CHRF S Q s 1 SHERS 3 21 i i
G L,

6) WAHEF BAF Q@ Ry 7S, AR [l i i1 51 3% L,
HMEZLHE2)—S5),

3 KBERSHH

3.1 TRHW|RLBSHEE
SCIGTEVRIE 2% S HESR Caffe AT, SLHF &
A ubuntul4. 04 #24E RS HI NVIDIA GTX 1080GPU
i ResNet-101 7E ImageNet il 26 Il 2k pO R A | 3 ot
K] A% #E R AL A BE R BE (stochastic  gradient
descent,SGD) # 1 7o BN s il i . P EE IR IER B K
IN BRI 2 B N MEZE (FF Caltech FUPE4E I
N = 600 f82) , ASCX RPN #EA7 3008 , 76 1125
By BEAE B 300 1~ proposals , 2R J5 #ii A £ R-CNN
Gr2eh SR ATET—2PAEAAE S/ N A B e ) R 7R
19124 B S [l A% 4 v B AUE G20t 46 R 22 I 4%
o R ESEME T = 0.3 FIAMEME T, = 0.8 1

B AB I 7 ¥ X0 FOMAE AT Rl . BT 40 k it
K223 0001, J7 30 k LR 221 % 0.000 1,
it 0.9, B EECN 0.000 5,

Sl Caltech JEMESUIEAE . Caltech %dE 5
F A BREAR AT 19 20 250 000 IR VR 410, 43 9%
N 640 x 480 182K, 434 11 #43, Bl set00 - setl0,
set00 — set05 NI ZrEE , set06 — setll KM 4E, 5C
KB 54 145 g =AW E 1 T ANBYER, 1%
30 1YL, 32 487 i PR AE il 4 4
10 829 WRIEGAEJ S ESE , 10 829 i 5 A il ik
£, XFERERE LR UE I 2R CNNs (804 & 70 e, Skt
B 7 BRI Wi ok B AU TUAR . LB Caltech %X
PrE 5L 3 il PASCAL VOC ( pattern analysis, statisti-
cal modeling and computational learning visual object
classes ) B{4li4E ( Everingham 4§ ,2010) W & LAY 5 92:
RAFAGAT NS ALY 1) 25
3.2 SRWITFMriEtR

SIS FH AR i R — 13 [ % ( precision-recall , PR)
£k 285 BE (mean average precision, mAP) Fl i
PAENE A ISR PN 8 R o

KEH0A P s IEH0 U IEREA A IEAEAS |5
BRI EREA R e, B

Ty

T, + F, (8)
U, T, (true positives, TP) K IEAEAS IE A7 51
HIEREAS, BT NFEAS U g A7 AREAS F ), (false
positives, FP) K78 AL A F R R 0 IEFEAS H)
AT NREARBUI AT NFEA

H IR R R BRI IEREAS B IEREAS
FFAEREA Y HE ], R

P =

S (9)
T, +F,

i, F (false negatives, FN) 78 IEFEAEE 121
R OREAS | BT AREAS U 9 ARAT AREAS

P A s PO E 5 LS (B AR R, 1 2R
/0N T AR AR Y AR P R
3.3 IRERSHM

SRS AT I 2R B R 10 000 IR
RS BE ARl R AR (AN 1 s, T LA
B BEE AR N, BBORS BEE A BT TR
70 000 VKT IR E| TS 78 80 000 WS & #i N, A
SCHEBGERECH 70 000 YR A I ZRB AR 7 50E




$26% /551088 /2021 F£10 B

XNHEE, EFE, BB / o R-FCN BEIFINRETAET

R-FCN R At AR R (g )1 24t 2 A R N 18] S
B, mES KA B b SoHnT g0, BRI 207 4R
i (2 8 24K . 24 2R3 40 000 YRE, 2#
> EIEDH 10% AR AB I B BE 980 7E 70 000 Y
PURAE B T P52 BRI EGA 2 80 000 I, 27>
R 10% | WURAE TG T B iR EERK
PRI, I ZRade AR B0 B e, 45 ] R 3k B 0
FEHRRAEAFEE (Wang 45 ,2015) .

AR FERH 25 RS BE & 2 B, LA
ResNet-101 BIE G A SO | B SR M L ResNet-50
12 0. 024 s, [HAGIRG B L ResNet-50 & 7.29% , R
B EEGEEL ResNet-101 B A 2Rl M 4% |

®1 ARERRHEHEEE

Table 1 Precision value of different iterations

xR2 AEEMNERITAGNIEE
Table 2 Pedestrian detection accuracy of

different backbone networks

FLpilt o 264 KGR/ % W/ (s/ 1)
ResNet-50 70. 69 0. 062
ResNet-101 77.98 0. 088

HEAUEL K/ %
10 000 49. 82
20 000 60. 66
30 000 65.33
40 000 72. 18
50 000 76.99
60 000 77.54
70 000 77.98
80 000 75.49
90 000 75.13
100 000 74. 14
110 000 74.24
120 000 73.32
T IR B gl

30 R-FCN

2.5+ A

20F

0 20000 40000 60000 80000 100 000 120 000
ERUH

K5 AR R

Fig.5 Loss values for different methods

T L AR 25 8 2 2R

R TEUEA SCR R PERE, £ Caltech U4 4
(AT NEBE R 20 ~ 80 14 %) v, 5 B Be s I #5%
f] Faster R-CNN %15 | B Fy B I 25 1 (19 SSD
% Kuang %5 A (2018) A947 AKE M35 7% | Lin % A
(2019b) 94T AR 453 | Yang 55 A (2020 ) & T
R-FCN g{cat fy G I B0 ok Al 1 2 46 N (2018) J&F
R-FCN St G 55 2 2 A4 7 e 00 RS B2 X)L | 445 SR
F3 PR, ATUEH,E/NEAT AR L kol 5
PR 5A 1k RS B ¢ Faster R-CNN, SSD | Kuang % A
(2018) 4] 18 18 45 N (2018 ) By )7 e 20 Wl 5 1
3.29% . 2.78% .5.68% F1 1.88% . % Liu % A
(2019b) FI Yang %5 A (2020) Y9 77 1 20 B B T
1.97% H10. 45%

x£3 FAETARNE LML R
Table 3 Detection results of different

pedestrian detection algorithms

N7 K/ %
Faster R-CNN 74. 69
SSD 75.20
Kuang %% A\ (2018) 72.30
Liu 48 A (2019b) 79. 67
Yang %5 A (2020) 78.43
el % A.(2018) 76. 10
AL 77.98

TE O P SRR L4 5

AR5 A WA NGRS BE a3k 4 fis, 1]
PIFEH,1) OHEM %t Caltech it 2B, S8 T
7.38% FIERTF, A Caltech BiEAU & T R E 242
Ha T IR E L6, o7 L FE4» A H OHEM, 2) 78
ResNet-101 [ convS BB R W R TE HFUZ,
MERUZIEE T 0.89% , 3) fli F £ B AR A6 I 45 44
AT DS IS 2 800 2. 50% . 4) FIFH [ 28 SR 0
M KAGMEN BEAT TALIE , OGS0 NMS Bk A T
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1. 67% Mk,

*4 AEAEFENITAGNEE
Table 4 Pedestrian detection accuracy of

different combination methods

Jrik W

(s/18)

R-FCN 65. 88 0. 086
R-FCN + OHEM 73.26 0. 086
R-FCN + OHEM + DCNv2 73. 81 0. 087
R-FCN + OHEM + Multi-paths 75. 42 0. 087
R-FCN + OHEM + DCNv2 + Multi-paths ~ 76. 31 0. 088
R-FCN + OHEM + DCNv2 + 77. 98 0. 088

Multi-paths + B-NMS

E IO AR 25 B B A2 2R

ARIHE T EN T AR PR f 2 ikl 6 Fr

~o WTLAEH 1) 7€ ResNet-101 f4) convS [ Btk A
AR T A R L D n 5 F0 4 FE2 A T Ay o A o3 T
1552 ) SR 22 ARG I L SR A o B AR AG I /N RS A
ARG ASCRA B B 388 55 53) SR AR IR 45 TR R 1Y
Bk Ay R AL 55 NMS Fl B-NMS #4743, B-
NMS ARG IR S B 45 4 ) PR 9 R-FCN 5386 X6/
RFAT A U A S 42 T, Ul BH T etk Jy ik
FA 2

-- R-FCN

-+ R-FCN+OHEM

— R -FCN+OHEM-+DCNv2

R-FCN+OHEM+Multi-paths

-+ R-FCN+OHEM+DCNv2+Multi-paths
R-FCN+OHEM+DCNv2+Multi-paths+BNMS

0 02 0.4 0.6 0.8 1.0
i

6 AIFLATEMAT AR PR fHZX 1L
Fig.6 Comparison of PR curves of pedestrian

detection with different combination methods

R R I 7 fros, ol g A B, 1) A
K7 (a) HRERISE 7(b) Al AR LB BUSIACR X L

ALV Y TR 2E 2K 1Y convs B B A AT AL T 45

(i) JREAR-FCN
B 7 K R Lt

Fig.7 Comparison of different detection effects

() A3

( (a) conventional convolution; (b) deformable convolution
(¢) single-path; (d) multi-path ; ( ) traditional NMS;
(£)B-NMS; (&) Soft-NMS (h) B-NMS;

(1) the original R-FCN; (j) ours)

BUZ | AT DU Rr ik 2 OO e af (6] B AU
Sy BRI, i il 1 Al 28 4 BRZ AR ML
BUZ AT LA 8 s AT AR LR ;2) L 7 (¢) B
ARSI T (d) Z AR R ISR X LR LA Y 7
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ResNet-101 1Y conv4 JZ2 J5 s Il—A~ 87 A0 A7 & BUSAS:
L5 convS J2 5 B ERBUBAS 3 BRI, T L4
I /NRSEAT NIRRT IS B, AT AR i a4 1
UL, 2 AR AN 72, o] LASR R AT ARG
B, 3) MK 7 (e) 1545 NMS 5 & 7(f) B-NMS 1K
MRCRXT G, B 8 7 (g) Soft-NMS 5 & 7 (h) B-NMS
(R ISR T T LA R B 25 5w x5 42k
W FAEAM S AT AL AE , B 3 238 TR o0 B G
ST RIS . 2 225 T A 2RI
FEAR KAELID IR, AT LA g A 7 ARG I o ) 15 A
% 4) N 7(0) 5 A R-FCN 518 7 () A U 46
DZSCRXT AT DU A SCH R 8 T IR a3k v
XN AT A7 A 10 T R I 42, L ARG OKS J5EA BT
Tt

4 & it

EEXHAT NRGT /N AME 2278 5 i 5 30 A
TR ARAR 5] 3, A SCHE R-FCN #E8 JE Atk | 247 2k
b, P —F et R-FCN AR ) /N RUEE 47 A
B, W AR BB E B, o TR IR R
EBCAS Y Ay [R]85 — 2% 4%, 7F ResNet-101
(1) convd 2 J5 I— 207 US43 R 5 T s (o7 1 A
ARy EII RO S RGN 2 ROBEAT A, e T/ R
AT NI 25 g AEC 0] R ; 38 2ok ok A% G2 NMS BBk,
P [ 28 SR A AR (BB B A e T AT AR
K@, SERfEfT NEPE4E Caltech B iEFTIFAY , 45
R, et A LR R-FCN B 5 ARSI
KA R KT, AEAR 53 HE R 1 SRR 05 A7 A B AT
NIRRT, 5 HA R Faster R-CNN | SSD
Bk N HAIE T R-FCN et i 46 0 B3 40 Eb , AR S
TR RE A AR 0 U S D /N RUBE AT G DK B A T
T TR 5 A T AR S A L S DR BN 25
FH AT ARG

ARSI BOR L Z AT SR AR ORS B AT 4y
Tt ABTE NBUR 2 1 52 24 5 T AT AR I RICR B
%, TN ISR SR E NEE 2 5 N AT
NGRS B 23 SR I AT
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