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HE FEt4 FPN 1 Faster R-CNN BT A4 M & 3%
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(1. ﬁd‘l‘lﬁﬁ%jﬁ%)\iﬂ&%ﬁﬁﬁﬁ 5500255 2. 5N B KA B B2 515 B TR B, 51 FH, 5500255 3. 63K
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B OE A S REAAAKLDG P A, KR E— K T kb 4422 F % W % (Feature pyramid
networks, FPN) #= Faster R-CNN (Faster region convolutional neural network) #5 47 A ¥ 5L % . & %,
st FPN #e X 3% # 3L W % (Region proposal networks, RPN) # 47 @k & ; X J& , 3 FPN #= Fast R-CNN i# 47
AR, /E Caltech## & KITTI# ¥ & A= ETC 4 3% %&£ £ 5 %) 3F @k & FPN A= Faster R-CNN #9547 A
Ml Bk 34T R A 9K, 3% L 0k & Caltech 248 & (KITTI# #% £ A ETC 44 % L 49 mAP (mean
Average Precision) 2 AL 3] 69.72%, 69.76% #289.74% . 5 Faster RRCNN A , % Lk R F T 47
A A, B % ROEAT AN M 64 5] A B b 3R A T 48 it & a9 4l 2R

FEEIR . BAES F ML R IR E N % ;Faster R-CNN; % R E AT A4 M|

FESES: TP391.41 X FRERD A

Pedestrian Detection Algorithm Based on Fusion FPN and Faster R-CNN

Wang Fei!, Wang Lin®, Zhang Ruliang?, Zhao Yong®, Wang Quanhong’

(1. College of Humanities &. Sciences, Guizhou Minzu University, Guiyang, 550025, China; 2. College of Data Science and
Information Engineering, Guizhou Minzu University, Guiyang, 550025, China;3. School of Electronic and Computer Engineering,

Shenzhen Graduate School Peking University, Shenzhen, 518055, China)

Abstract: Aiming at the problem of multi-scale pedestrian detection, a pedestrian detection algorithm
based on fusion feature pyramid networks (FPN) and faster R-CNN (Faster region convolutional neural
network) is proposed. Firstly, FPN and region proposal networks (RPN) are fused. Secondly, FPN and
Fast R-CNN are fused. Finally, the pedestrian detection algorithm with fusion FPN and Faster R-CNN is
trained and tested on Caltech dataset, KITTI dataset, and ETC dataset, respectively. The mAP (mean
Average Precision) of this algorithm reaches 69.72% , 69.76% and 89.74% on Caltech dataset, KITTI
dataset, and ETC dataset, respectively. Compared with Faster R-CNN, this algorithm not only improves
the pedestrian detection accuracy, but also obtains satisfactory detection effect on the problem of multi-
scale pedestrian detection.

Key words: feature pyramid networks; region proposal networks; Faster R-CNN (Faster region convolu-

tional neural network); multi-scale pedestrian detection
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[l

VT AE R, Bl G IR FE %% 2] (Deep learning, DL ) 33X IR W 19 2458 , 15 AL o S5 48l 328 ¥ >R FH R B2 2% > B8
ERATSE BARK . 2013 4F , Sermanet S5 UR HY — Fif 3 F 35 B 248 I 4% (Convolutional neural networks,
CNN) Yy OverFeat $ 3% , %55 vk T 2R FH W8 5 ok 92 BUXE H AR 09 & LK . 2014 4F , Girshick 242 1 R-
CNN(Region convolutional neural network)5 7% . %53 % 1 56 % H 2% 5 M 48 K (Selective search, SS)BIHA
FE & P42 2 0004~ 1] A0 & H b a9 45 5k IX 3, B %K X 35k (Region of interest, Rol) ; 8K J5 1 iX 48 Rol
JEAE BN 58— K/ (227 X 227) , I 4% 388 45 CNN BEAT R7AE 42 5 5 5 48 52 B3 19 e AiF 2% A SCHF ) 12 0L
(Supported vector machine, SVM)43254% , LL3RF31Z Rol (A2 . 20154F , Girshick 2544 i Fast R-CNN
BVE AR e SR FH SS SR DUJF AR R rh AR B 2 000 4> Rol, 28 J5 X 4 iR G e AT B AU 19 31048
UREAIE (8], 5 J5 0 FH R R DX 3l Ak J2 DA A5 BRURRAIE 1] v 488 BB A i S8 HE (R RRAE ) 3 0 2015 4F , Ren 550
1 H Faster R-CNN & #: |, 1255 1k ok Y IX 3k #1802 (Region proposal network, RPN) &AL SS & 1k ik 17
i e HE e , (A& A H ARSI 52 B0 1 0 3 0 1) TH 58 o TR A ) H B A I ) LR A IR g A L B B
HARFHMZE YOLOM(You only look once) FT SSDFI( Single shot multibox detector) P Fli 532

AT AW 28 ) A A 0 — AR o AT RN B R A SN DL B — R R TR A
AT AR L . 2013 4F, Ouyang 254 H Joint deep 55 , 1% 580 10 B 41 ARG I A4 495 11E 12 L A8 JE 4k
B GE P AL A A A L — NS IR E S ST HESL . 2016 4F , Zhang SEUME T — B 45 & RPN Fl RF
(Roosted forests) i47T AA I B3, 12 5805 A 20 e Ik T R-CNN T A7 AR I iy 795 A4~ BRI < 4k 380 /0N 55 f51)
B REAE BRS04 43 BE RN L R B 2 T T2 E B 1 51 S 5 mE o 2017 4F , Mao 551042 1 —Fh HyperLearner
W 2% R, FLIE B 2 S AT AR I DA B 4 o W A AN RRAIE o 38 i 22 A 55 U 2, L BB A8 R 45 REAE H A B
A Hit v A U R R T AN T B A A HE B A

E1 et 22 N AT AR I B 1] 8T, AR SC X R AT 4 72 3 R 26 11 (Feature pyramid networks, FPN) 1 Faster
R-CNN A7l 4, 32— Fh 56 F il & FPN Al Faster R-CNN A9 47 A 432

1 X F Faster R-CNN 947 A&

BT Faster R-CNN AT A fr) 5 A 19 28 25 ) [T A 18T 17, 2% I 45 45 ) 1 g A2 — IR AL 35 A7 N
AR R AT N A R85 2 L SAE . RPN A= il 300 A i Xl iy A 25 47 A 4G T 19 2% Fast R-
CNN, % J& 2] RPN #l Fast R-CNN [ 45 (4 iy 38 70 #8 K F 45 18 BUZ AT R AR 1. P, B 45 4514
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Fig.1 Overall network structure diagram of pedestrian detection based on Faster R-CNN
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3% A 48 G5 — )il — > 45, (#1453 RPN Fll Fast R-CNN ¥ 12 2 80t 52 | g &8 1 — > 0% 21 35 14 F b
A 1000 [0 245 5 4
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M, F T RS R AR SRR 323 W 45 A AlexNet, GoogleNet, VGGNet, ResNet fil DenseNet, Zi&
e W 2% 14 52 2 T LA B A 2R BB AR SCR T VGG 16 R 28 3k 2 B IR 44 R, B SR 7 TmageNet 504 45
T I 25 (4 AUAELAE Ry 0 06 B A D99 26 )11 5
1.2 REEIUME

Faster R-CNN i 1] CNN B 42 £k Bl % I, 3% W 48 FR 2 o RPN AN 2 s o 7E RPN H B i —
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A 3 DX I Y A5 e I T % HR T 300 A4~ A B AT B2 X %
NG R 8% v Fig.2 Region proposal network
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2 FFEEFIEMLE

XfF 22 ROBEAT AR 0 £ 0] R0, 4% 58 04 5 05 J2 S b o — i PRI 1) 4 7 B, SR 3 ot 3 BRUREAIF SR A
FRAE & 73 5 e A — 2R AR B b A 0 Cln &) 4 () ), Fel SR TH TR 85 AR . Bl 26 I 2% 11
PALT BAE 5 — AR AE B AT W0 Can & 4(b)) , BB S AR AT B A B9 RO (B 6 TN AT AL
TR KL FM AR T E R R4 FH . SSD R ML 2 HAE & E 37 (i 4(e)), /T
i ) R A2 A R AT, SSD 3 5 I CNIN Hi i) i J2 T B 4l & 7 35, ) BF R A8 05 B 17 L2, LA 43 il
FlBCRE— 2 R AEEAT 25 R o SSD AR A0 i 23 B A A AI0)Z R AE T3k 2 2 00 TG /N A AT LA
+rEE ., FPNMAH A i E %1 (Bottom-up pathway) . A i F #4% ( Top-down pathway) LA % f#
] % 4% (Lateral connections) i J7 20 (A& 4 (d) )B4 B 32 i AR B A & 2 R AE 5 8 20 B AT
SUAE SRR R IR 25 A A — i 59— RUE T MR AE B304 14> £ 8 198 UE E .
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FEA RS A PR AE R O TR TR AR L 7E G R B —AS 1 X 1B B Z T 7= A SofURE 6 2 9F
RE ., &Ja, T EEENE I E LI —4 3 X 3R, T2 4 A A, LU > E SRRy
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AL e BB R IR 4 78 — R AR U T
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3 Bi& FPN #1 Faster R-CNN B4T A
%
Faster R-CNN & % ff RPN fll Fast R~ @5, *@EHL@f%ﬁéxn*ﬁmﬁﬁﬂgR%
B Fig.5 Diagram of building top -down pathway and lateral
CNN #4 i, %} FPN I Faster R-CNN # 17 fill &
i, AT LUK FPN 23 50 A 8] RPN A Fast R-
CNN
3.1 Fi& FPNFIRPN
RPN RBTEZ M 3 X 3MYM & E VAl — A/ N 7 N 2%, [a] I 7 B RUJEE 139 4 BRURHIE 18 19 THOAR $hA T B
PrEl Al B AR ZHE 6 50 S ARG FAE L o B R A 3 X 3BERUZ FIPIA T3 28 mIHM L X 1
BRI R 4 S ER . HARECAE B AR bR ofE L S s SAE 815 H AR 2 AR A T — 2 BR Ry 5 19 2 5 HE E
SCHY o B BT 24 BUE SO B RORARE L, LB 36 A AR B9 H bk
A SO FPN & A8 REE R AIE 18] Ui W RPN 7ERFE 4 55 19 554> S 90 BRI — 4> —#E i
Ko BT RMAERG A B FEFERNE—ADOLE B LW I, BT AR E KT LA 2 RE R
Mo AR, AR SO — ARG B — D R R i o TEIB UL { Py, Py, Py, P BT X B B4 5l A 80 R
{64%,128%,256°,512° )0 ASCAPSRAE X 3R T H{1:1,1:2,2: 1}, R AE & 3 h A 124 05
Y 23 Fi o, A S0 1 B % (Intersection over union, IoU) K F 0.7 B9 4 4E IEREAS , /NTF 0.3 19 245 4E
BEAS . T FPN Z A S8k = ol i A7 J2 9OR A AR LB i SR L
3.2 FiA FPN#Fast R-CNN
Fast R-CNN % H Rol pooling layer & 48 IURRAE , 38 & 7F B RO FRAE B L $AT . SR B
FPN — i J IR 4 5 Z AL AN W] RO 19 Rol 73 BL 45 4 38 55 9 . 7EIB X b, AT DL i =X (1) 6 58 B wo 11
1o BE (RS A S A9 26 ) B Rol 43 Bt 45 4 1F & I35 M S 90 P, BV
k= | ko + log,(Vwh /224)] (1)
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640 X 480, iR J& 30 Wi/s. ZEIEEARE T 29 250 000 Wi, 350 000 N HEIEAE , 2 300 47 A, Hifw & 11
A FHE(Set00 ~ Setl0), 64 F 4 (Set00 ~ Set05) FAVE I ZR5E , Tl 4 09 1 5 FE M R4 VIl 2 it 42
L E T AR B o IR ENZAT AN EE 42 2 MU0 2, % 22 5 W PR 2 0] 00 R BLRE Lo B K, A S 4y
SITE N 2B DU AR 1 (R] BR 3 Tt B 1 S AR I 2R 45 i S . AR SOy I 2k R R 42 782 I, Tk
B 4 024 1 o

£ Caltech B4 4 (9 U 2R 45 L EAT VN R K 00 B 2 21 8% 22 Oy 0.000 2, 4 25 A8 ik ] 50 000 ¥k
I, 2 ] 345 54 0.000 02, 4k 25 3% 48 20 000 K% ; 3
0.9, BCE % 0.000 1.

ARICEEAE Caltech B8R4 M4 11 mAP

F£1 Caltech Z#IEE MK T L LI ER

Tab. 1 Caltech dataset test comparison experiment

g 1B AR 2 R A RO S result —

#9:5 Faster R-CNN, SSD 1 PVANE T 54807 Algorithm st cete mAP/%
HEAT T e, i L AT, AR SO 7E Caltech B0 ——— o -
LI I mAP L PVANET 5955 0.62%, SSD 4024 59 59
H SSD ¥k 51 10.13%, e Faster R-CNN %59 & PVANET 4024 69.10
1.15%. ARk 4024 69.72

4.2 KITTIHEEWXWERS S

KITTIEHE A i 7 A81 MR I 2 [EI5 A 7 518 e il 3 Al A5 by i, 3 40 3 ¥ %42 (Car) A7 A (Pedestri-
an) fl {474 (Cyclist) % B RS .t FI0R EHSR B A 45 58 br A5 8, Bore R AT I 2k Rt 75 2000 7
A8 1 i I 25 145 4 SRy N Rl 3 9 35 4 o A SCR I 2R BTG 3 740 g, K S 3 7411 .

FE KIT TLEUE £ I 2R 4 B HEAT IR K 0 B 2 ) F2 15258 S 0.000 25, 4 32 AR Tk 2505 31 50 000 ¥k

L ST sk e 48 e —_—
I, 5 2 %72 99 0.000 025, k£ 2% £ 40 000 ¥ 3) %2 KITTIH RSN bk L2 R

50.9, BB N 0.000 1. Tab. 2 KITTI dataset test comparison experiment
R SCH G E KITTI 0 Ps 4 69 04 48 | 19 results

mAP W3R 2 7R o 7EA [R5 4R I 4R 19 1 2 Number of

F LA CE 5 Faster R-CNN, SSD #1 PVANET Algorithm test sets mAP/%

GRBFT TR MER2ATH, AR SCREE Faster R-CNN 3741 67.27

KIT TS 4 09 L5 A9 mAP L PVANET 5 SSD 3741 60.23

B 1.92%, b SSD &1 5 9.53% , It Faster R- PVANET 3741 67.84

CNN S5 2.49% EXAE 3741 69.76

4.3 ETCHEENIRERS SN

ETC %4l 42 02 — > B 24> %ot 42 20 4 i e i 25l 4, A & ETH %408 42 . TudBrussels 0405 48 Al
4 Caltech 846 48 o A SO Z A0 di S5 A7 41 & 19 B B - (1) ETH £ 48 F1 TudBrussels £4 5 45 &
P15 B A EURECR H gD ETH 808 58 45 28 A i 15 8 1 BSR4 1 804 Wi, 1T TudBrussels £ 4 45 72
PR B A ESR A 508 MR A Bl A7 U 25, W AT RE < 7 AR i LA B4 o (2) % 2 A B dE AT 4l &, 7T
LSS IBCH 45 10 ZRE 0 IXRE R T CNN BEATHRAE 24 ) (S, T Caltech %8 45 A9 €% 40 B R 4
G, R A2 2 B B A v, DRI, A SC L BB Caltech B85 42 1 14> 748 (Set00) #E47T 41 A, I L[] B& 30 i 1t
B, ASCHNZREMSN 2 646 B8, MK EE N 5151

TE ETC 8l B I 2R 4 B AT N 2RIt B 400 1 2~ 2 80E 2 0.000 25, 24 AR K &L 3 50 000 I
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fif, 2% 2 %745 5 0.000 025, 4 2% 1% 4% 30 000K ; 3 £3 ETCMIEENE A S04 R
29 0.9, BUH I8 0.000 1. Tab.3 ETC dataset test comparison experiment re-
AR SCHE M AE ETC $d 6 19 M ik 4 19 mAP sults
g ERUECE ST SN Number of
W3 3R . ALY R e UL A Aot amberol
CH 5 Faster R-CNN, SSD Al PVANET 45 5% test sets
AT T . R 3R, AU B AE ETC 3 Faster R-CNN 515 81.30
P 4 09 3K 4 B mAP [ PVANET 8 3% & SSD 515 89.02
0.42% , H SSD 5 15 £ 0.72% , H Faster R-CNN PVANET 515 89.32
AR SO 515 89.74

B 8.44%

ARSCEE T 3 EE 4 L A AT AR I AL
L IE 6 R . B 6 AT AR SO LA 22 ROBEAT ARG I B4 1] 0 AR A T 45 Ay i 8 B A R L O
FHE B AR AT N AR AT ot L i

: - Vgl . i
(a) 7ECaltech#HE4E FIAT ARMIZCRE  (b) ZEKITTIHWEAE AT ARRCRE (c) FEETCHHRELE - Hykr R E
(a) Pedestrian detection effect diagram (b) Pedestrian detection effect diagram (c) Pedestrian detection effect diagram
on the Caltech dataset on the KITTTI dataset on the ETC dataset

K6 ASCREE BT NG TR

Fig.6 Pedestrian detection effect diagram of this algorithm

5 HRIE

A SCEE N £ ROEEAT AKE I B 3] 8, % FPN Al Faster R-CNN JEA7 Bl $2 1 —Fh 56 T Rl & FPN Al
Faster R-CNN A7 ARG 3% o XL 7E Caltech 504 55 KIT TTAUHE 45 Al ETC %04 45 L9 mAP 4 5
KH) 69.72%,69.76 % F1.89.74% o #E 2 RUEEAT A KM (4 (A1 b, 12 530k AR A5 T 3¢ il 2 1 A 25 2R
R A SRR S T P AT AR A AR TR A 0 ) R, PRI, R — 2 o 0 v T ARG B 1 R E R 25 R
5 RGB EME ATl G, 55803 T IR 24 T (19 3D A7 A AT DA p i )
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