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Abstract: As a classic subject in computer vision and image processing, pedestrian detection has a wide range of
applications to intelligence driving and video monitoring fields. However, most of pedestrian detection methods
based on visible or infrared images have no satisfying result in some complex environments or situations, such
as rain, smog, occlusion, variation of illuminance and target scales, no matter in terms of detection accuracy or
speed. This paper analyzes and finds out that, pedestrians usually have quite different characteristics in visible
and infrared image, and which have their own advantages in different environments. Therefore, combining
fusion and multi-scale technology, a real-time multi-scale pedestrian detection algorithm suitable for complex
environment named FPDNet (Fusion Pedestrian Detection Network) is proposed. The detection framework is
consisted by three main modules: feature extraction backbone network, multi-scale detection network and
decision-level fusion network. The proposed method is able to extract multi-scale pedestrian characteristics
under visible or infrared background adaptively. Experimental results prove that the detection network has
good adaptability in complex visual environments, and can meet the demands of practical applications to
detection accuracy and speed.

Key words: Pedestrian detection; Complex environment; Adaptive extracting; Multi-scale; Decision-level fusion

Vol. 43No. 7
Jul. 2021

1 3|5
A7 NAG I & 78 AR AT AN B A% o 2 AL AT N B b,

WehmEH: 2020-06-01; SR EHA: 2020-12-015 R4 HAR: 2021-03-31
*EEEHE: B wnzhou@shmtu.edu.cn

FREWH: EHFRERBFEIES (61404083, 52071200), HEH L5
Bl H4x(2015M581527), T LM S RS H K H SR8 =JT
TR 72 AT (2021 KF010)

Foundation Items: The National Natural Science Foundation of
China (61404083, 52071200), China Postdoctoral Science Founda-
tion (2015M581527), The State Key Laboratory of ASIC & System
(2021KF010)

FE VT BN SE AU — A% Gt (H SR 3 2 (14
5. REEI AR RE, AT NASIERARESCA $E
K, OB AE PR A G Th A T BRI, 3R
197 k2 oDl IS TE R Z N T
BERL I, BlanEzh B R, ANigiih. 7 AR
B AT NERER S AT NATRNENE 5510, AT A
DAL Ay — D EEIA RS 7 —TC
=, A EARER .

AT NAGLIN A — B 32 2L e RFAE SR O H b 702K
PRAPIIB T ALK AT NS ISR X P B 50 7
AT . E B T TR BUT NRHIE (B HEEE


http://radars.ie.ac.cn/CN/10.11999/JEIT200436

2064 B 7 5

& B

IS 43 %

NGFGUHR TR FRHIE), SR 5 R X SRR R I 25
U as e TR . THRHURHIE A W WISIFT ¥
sl bk 77 1) B 7 Pl (Histogram of Oriented Gradi-
ents, HOG)%, THRHIE/ 248, 0035 m & H10
(Support Vector Machines, SVM). &N 2T+ 7574
(Adaptive Boosting, AdaBoost)fEHLAHE(Ran-
dom forest, RF)%F. XFA Tk T 3h & H
X, AR, EER, MREERES, A
WHIUAR, HFTRIEN T 5 52 RS A RA
IRGFREFRE . T DL R, (EGT7E TR fE
JEE 38 e RERf 1 7 TR S oV A S B B FH P 3145 2 AT
=NiES

FETURE 2 210 H bR I 5L AR R AETHR L
PGEAT S5 T AT T B RO, KR B b4
TR EE AR R . B TR A ) B0AT AN R A
B EE TP

(1) P 20 Aar I R0 - R A i 2 23 g P A B
B SB1BBAE e XA, S 20 BOWH i iz [X i
LA 2K X FREER AL ZR-CNNP R
HI%%, WR-CNN, Fast R-CNNI"/flFaster R-
CNNIMEE o b b 5 Tk 0 X 45 1) B0 EROR NS B2
L, BRI EE R, RS, AR 2 S
JSE FH PRI Bk 5o

(2) BRI AR . — i T (B0 U R i 38) o 1))
AR 7, BAREIERAESE I 2% . 1 FHAE R
VAR5 R 28 PN EB 7 o 1% BVE A A A i (X
B, BEHMEBEEMANGREML . 25 YiE
R FHEAS S, IR X B fig i FHEREAT F0), FL
HALHE 0 T L A AR B S AR A AT
Al XTI FHER) AL B AT EH . ORI RE A
YOLOFIE TMAISSDISI By, B far il SVE 4T i
eI XA X — AT AL B A, AT R =
TIHETIREE S I B ARRL SRR R T, tEs)
TAT NI A ) S o

SR, AT AN A 9 R A2 H BT E A e
GEANRE S 2B R TR MR . — 2R 22
HRIEL, ANERAMRKEER] WOGIL 2L L AME KA 15 BT
M LIRS A NI R BCR . H & AR TS T 2 iE W
RS . R7K. KA. DI BEAR S OLAR 2 18 i nT
DOGEAE AT N BB AR I EBRIANE 1, T
LLAMEG BT DL e A O BB R R, H
TERIRAT NFHIEF & A BB E R, ha's
;LR AR SO . AT N BRI 2 REAR
AN RSHAT N EARRIN . 437 504 RN AR AEA
FRSFIAT N, 8B AT N B RS BUN. 7
HERACHANMA, il &8 52 IR AT NRFIE 2 52

KO 2B SR e T, e FEURR.
TRAS, XGRS 2 R R M A OR TSN BBk
Rl ASCUAS A5 T 12 RBEAT N H bR il
b SN PSE  T E S gl WA o S AR AN S A
S, SEREFIMERERGBRIEAREH
TR LT AR A 4R R A AT AR I R 2%
(FPDNet).

ASCHTHE 515 BA LUR LA J7 TH R
BIFT: (1) Wil I8 7 — AN PR ECE T
PRIZ, 465 Bk 22 G5 M (1) | T At DX 4 T 4 8
MWALE, $m 7 ST AR IR (2) 7EM
gkl g5k iR 2 RBERT A AR, SRRAT A B
PR AE, JRH B T /N RSHT N B AR R
B (3) HIRmEA AT WA EBERE, M
RIRPLE FE TR NUAT N HARRRAE, 1A 2
TEZ AR F I rh o B k.

2 ANEHBEZE

ASCHE B fbA AT ARSI R 28 FPDNet T2 HE
BN LR AT WG ATZL A PR 5 Hh 22 RS A6 ]
BRFFE R R G, 4ol th SRR A 1 3 i
LRSS R . 2 R Z:, X 82 HRHE
FEEUE T WX 245 F0 22 ARG W0 A Bl Ay B (1 DL FE12)
[A] L AN B9 P 245 1) AR B R AR AE 2 T
%, ZRERNAE B R RRE 35 .

2.1 FHERBE T M

W E—/NERTR, OB INR FE A ) M 4 B
B BRI AR . FOB RS L LYOLOS
EHAT ROV R, HYOLOvV3RRAS Al LE i 58 K i
GPUSZILSER, H ARk, 7E47 AW L o5 A 0 &
%A . (HYOLOv3{E H ) Darknet-53 M 45 H- AN id
B BRI AR ARSI, 3 TR R T AR B R 485 45 A
1 RO 25 S SIOR FE A1, 3K T I i AR 1 B )
B, BEINT BARATRRES B BRI R, T
HTME, S50l 2 2 S BRI g2 24k,
3w i N B ) TR R, R N 2 A
YOLOv3-tiny!" AYOLOv3KIKsfai A<, HiT1s
H7THEADKERZ, SNEREE TR, A,
YOLOv3-tiny ta il A% FE A1 N FEAFR G 3 o £Hxfix L
AR, AT T — A Sk SR 28 W 25 HE 22 1
AT NS DAL (R AE FREN N 2%, o 7 A IS P
MBEIURENT G IR ZRFIESEHCE T P 4%
Iy N TR 25 F0 4 - it AL 21 (Spatial Pyramid
Pooling, SPP) W45 AN 7

(1) F T a2 B T30 2 DAResNet 2
NEER, BRI 2 B AR BT E 3 R . X TR G



T JEBEE . BRI T 2 REEAT N SER A 777 2065
EANEL RS
af Ly E &
; T %’RF’
FFE
"*%%
R
PR il
T 4N ENE FEAESRECE TP 4% g T g
’ FHAIE
—SPP>— | —» /%
: ERE S

& 1 FPDNet il ZHE &

416x416
\ 208x208
%5 H2Xx52
ﬁ 13x13
R || &> EF>
<+
2 BT 4%

5x5 9x9 13x13

A SRR T 2

AV
=> 7/ => e
45
ES
fERE
ETE
PP IR
J N ~ J
EFNET Rl

2 % RUBER 00 o) 2% PRy 45740 ]

HBRAMEM L, HEN AT, 5B FRHAE S
H(x) =z, AMESEMS . A ST R 6 4 (1 4%
O JEVRE 2 K I 45 1 B HE 0 R 1E S LS (Tdentity
Mapping) Fl%% 2 W4t (Residual Mapping) % #43
Bl H(z) =+ F(z), M%K% B AR,
ST R AR AN ZE F (o), BRIk, 4%
TRAINZR 7 [l 2 LB A WS iR, AT
BEMIEL T, BIRZEF (2)i@Eil T2,

BT IERE K SR TR, PS54
H416x416x3, HEConv(HMZ), Max (ki
E)FRes(FR 2 2) . LEIUE1HINS, 4, 255 7%

3 BTSRRI

T A BRI B REL, Res |2 AT PREEE 12 £
F . ResNet4h# AT ARG 42 i 456 5 (0 A% 4%, JiE
G ZRrh R AERR EL T R B AR . FOR B AR 22 0 2%
I BN ECN 1B BN SR, ML B 5 Nt T4
TBG a2, SR RTRGEIE R
J7 S EEANENGR e X FRUNZRTT U R T AR
JEAE R 28 AR I 5 S B R AFE R R L, — e R
EOR TR B RISEBNE, BEAR T HARFRIE S 3] 3
FEo JFHMRIFATLUE I, 28 TR 2S5
RSB, UL RE S SO S, AR B A R 25 )1
SR -

(2)& T EMBAZE: XAl TYOLOV3Z:#1EKF
AESRHX 2% 2 Ja ELRGEFE TN M 2%, 10 20 1 A —
JZEAR EX 5K IR 2 5 T I RFAE SR AL, A SCAE
HTEMMNZ LG, SIA—AET LR (SPP),
ASR i LA IS o T DAKE BB MR 240 (4 )2
RN BREIR I IFAEFTA SRR B R B AL -

wnE4fR, SPPEH3 MR KIBLEAE M, &
SOREIHLAR S W 28 A5 Y A 2 BB K/ BT 5 %5,
9x9M13x13. EARILHILRT, Py iX A F R



2066 B 7 5 F

2 %

43 %

® 1 FTEMMNEEEE

HEXH KB BRE BRERN RREEE RN
Conv 64 TXT/2 208208
Max 2x2/2 104x104
Conv 64 3x3/1
3 Conv 64 3x3/1
Res 104 x104
Conv 128 3x3/2
Conv 128 3x3/1
Res 52x52
Conv 128 3x3/1
3 Conv 128 3x3/1
Res 52x52
Conv 256 3x3/2
Conv 256 3x3/1
Res 2626
Conv 256 3x3/1
4 Conv 256 3x3/1
Res 26x26
Conv 512 3x3/2
Conv 512 3x3/1
Res 13x13
Conv 512 3x3/1
2 Conv 512 3x3/1
Res 13x13
PN
>§ﬂﬂﬂk
% 13><1,3 \% 13x13 \% 13;13
T A A a
%5%) : 9x9 :% 13%13
N . b
NEELSER
A FN

4 SPPJZ45H)

RO R 2l i SRR A AT 45 R X5F, A
HAMFERN R SRR T & 05 1 4
L EEREE RN T — BRI . 2% AA
(5] ) 2 18] ROBEXHRFAE B BEAT AL SR I, LS,
%2 AfE Bl B RIS ER A, fedt— Dt
AT N HARBRIAE L, S 1 SRR B R
2.2 ZRETAEN

AT AN (8 — M RAE T ASFRLRSE, JER AN
FOTAT N ERRROAEIN . i T R 5 R AR ) = 1
AEAAREEE 5 H P R R B AR IR, D EAR

REIEAS 4R HL, T 2 S BURAARR 2R R . 78
ERACI A, 38 SCRFIE A2 48 X 2015 50RTE bRt 5L
GE e W T BRI LE R UL, AN [R] AR X 28 I BE X
AN R 2 VR BIARFAE , - 20T FEE A 5 25 5 75 4 R
(R S8 2221, o3 AR AR 2 D0 2% U] 2 3] 1)
B2 HRAE SURFIE . P55 /MT N B AR, BF/AR
FERIRHIE B R VB3R PR TR I 5 B, 1B FREK
B KRB (RRRAE P 3R AT 0T, B4R AIE )2 2 18] )
A BRIEASCRA 73N AR REE(13x13, 26
2681104 x 104) RRFAE BIR BEAT AT AR .t &5
Fim, ARSCAME T A B2 R 2IRHER, JF
SHE T IR ERFEIEAE . PRI N 2% TR 2
HORAFIRFIE IR, 4 S M 2 % 2 1 R AE T %
Bk, BRI ZRFE XS AT A B AREFAE A g
oo XM, FRFEIRIE T 2 1 E
BRI, R R R 2 O REAE B af P
SAFELM H br 5400 S B BRI 5 i
3/l (anchor) SR ITI H AR (& EAE(S B (BLFE O
ARARALE, MER SRR 1A HAR B S FEEM
ERRBIMR, HJE ORIl &5 =, @
T AR O A 0] 7 V5 2 e Al 45

O G

DDIZI D[][I Jal

(1) i
’fﬁ%‘ﬁﬂ‘]ﬁ%{ (2) T EAEE
(3) T

o I

B 5 2 Rk

2.3 ETAIILAFLIMEIRAVRRRE S 1

ARG ERAE G Z R AT H R AR 500
T~ REECONAER L S HARBURAEAS 2 U204
GA G ZOCIR ARG . 25 55 55 IR IR,
A DU R HBGESE I . A3 7870 R AT WG AL
SREG S BRI R SRR SRRL & 105
RSEBLM B & AT NS B B AN, T2 A
ZAME RIRAVETTRAE, A 4y AR A ] EE
P RERAM IR H AR, DAOREZ AT A HARFE R 2%
M AR A U0 HER . PR SRR S AR T VR B
MR ZORAR, IF H R RIUFISE PEATARH5 1,
T UL SE 4 1 e i B — AR ARG IR IR 2 . ASCHET
RARL A AT N H FRAS I 7 3% 0 B AR R a0 1K 6
I

MIEI6H AT LA B, 22 i SR L 4 5 25 )1 2k



7

PR AT T % R AT NSRRI i 2067

K 6 2T AR A 9 F AR RS

75 BB APAL I KRR RS, RS
J2 RPN ARST 1) 73 RAS BT (4 LA R FH Soft-
max*1732, W) PR, ¥ BA fm R
A E LS AE TN FAE R AR SR, et
e SRR A RS I K 45 SR o S rhp g L R T
B, w2 N MR TN, Ron S, JRR
IrRECH o BT DRSS R SR R B
LS 2 P B R B B AN, BT — 35
FIRT WO BRZL AP MR AT A AGril 25 58 BAsfag e, 1
HIGESCEL, BSEBERR, e A2 S AR ) 75
Ko IXEEHRIAT NACINTE 2228 5 PR 58 v f) S o
FBL5E T Ao

(1)

p:

et
> e
J

3 I

3.1 XLWIME

A SCHT S RS E I B NIntel 17 8700k AL
#%. NVIDIA TITAN XP &F. 64 GB RAMMIRS
2%, I N Ubuntul6.04 54t DarknetHEZE,
3.2 BiEE

SEZU6 AT SR T 0 RN IR B 3 E R IE T
KAISTPAT NELH B, 280 & 7 el .
SRR WA @SS, FHAET TEENA
RAK S TR TS, ReRR4 K2 HsLhr
AR SRR R A . AT NS Bk
BARM, 17 NHFW5 N3FRE, BIKT80% %
IR REAT NHFR, 30~8018 K2R~ 47 A H
FRAIARLE DB N T 3018 R /MR SHAT N B bR 1%
B FE 4y Nset01~set09 FL9ANFEEAN I E 24 IR 45
N2 R EAT NG 72 755K, AR IR %
FEVERIRTHIR R, AR, KRR A,
ASCIREL T set05 Fset09 ST A4 & H (Al WL Y6 FI 2L 4k
BUGVE R BIEREA, FHAIBR T HAP S mAR
SRR B S 2783 MG, I ZREE AN IR A
FEA ()53 e EL BN 73

3.3 IS AR

A SCAEFPDNet fa il LA AR A 1 34N IREE Y
Hbrt 2, RFamlni3B i <1385, 26155 x
2618 ZANOME R X 1048 K. X TR MEMZE, 7
B FH 3R R4S, BPILOR RHIGEAR, g R
ek N UG ) B 510 FAE 2 5 (SRR AT N B F5 .
TENGRERIAT, B e s CEAniE 7 il FAE 208
£, FK-means® IS EyLEG BT U6 fo#F8 R~ A1
EE A, EL A 2 AT 1 o R 5 R 2T 7 o

*® 2 REENEENSESR

BRURRT(BR) (BE ®BE) EE ®BF) &E ®BEF)

13x13 (41,103) (53,138) (77,205)
26%26 (30,74) (30,94) (35,84)
104x104 (20,30) (20,51) (27,61)

W sk 72 A A SCAE FH () 2 B AT B2 T Bk,
WENIIR# 2% N0.001, B)&E (momentum)A
0.9, M E I (decay)H0.005, LA/ (batchsize)
N16, fFH0.001 #9252 AR 12000
K, ARG FEH0.0001 152 21 &AL EI18000 IR, B
J& F10.00001 127 2] 2R 3% A F]20000 XK. EAFEAR
IIOU)(Intersection Over Union) i & 790.5, R
KT U RME R B R IEREAR, 7508 N A
3.4 SLWHERSDH
3.4.1 SET AT RNHKIINE GBI E SRR

R EMERM L

N T R EWAIE B AR SCHR 1 R AR L
P, BRSSO DN 45 R 5 T AR B A
M2t FHEAT XL . FRATTFE B 46 P I T 4R B
FARF A B A AT = T2 RET AR
%o AREEETHIR, KA ET7(@). E70)HH
TN, K. ARSI BER#EE, IFEHE
BRI EI7(c) AT N BB, BARRHEA
B, SECLHEA. BEI7(d) AT N B AR RS IR,
YE R .

KIS~ T X B 7 Ll G s L AR o 4T 4 M
HATAT AR 25 5, HdE8(al), (b1), (cl),
(d1) TR WG AT AR S R IE, E8(a2),
(b2), (¢2), (d2) NFE T HIXT L oM EUR 147 A ARG I &5
FHE, K8(a3), (b3), (c3), (d3)NFETASCHEH FIFPDNet
FRRGL 0 225 SR P

FH Pl 8 [ — 1l PR 5 () b B R o LS,
— AT NI XAT N B AR5 E — e REm LR, @
ARG DN BE 6% 3E B 2 RS I A8, BUAS T A 5 R
P8 (al) W] WL G A A I H N B A )/ H



543 %:

(b) HRRRAA—

B 7 4@ AT NS I S48 1

a) BT WG 45 b) AT WA I 45

(a2) 7 (a) ILLAMRS I 45 SR

(c) RN

o) AT W eAs I 45 ) B7(d) fR] B ker il 2

) BE7() LA I 25 5

(c2) ) L AN &5 (d2) E7(d) LT st 5

a) A SO I 45
( ) ] ( SoRIEEES

(b) B7(b) KT

(b3) FE7(b) 1A SR LS S

(c3) 7 (c) A TR S5 2R (d3) FE7(d) i 4 SCAG I 25
(c) BET7(c)Rim g R (d) E7(d)m g3

P 8 FilAr Kl R

bro EI8(b2)FEIR(c2) LA EE h s A T — )
Bz, 1RA B REEKR, BOAHERET()E
IR GE R, AN 2 AT WIS A2 2040 BRI A I H
T AR, (HASME R R
34.2 5HMETRENEEERNIER LAELE
ST
ALK HmAP (mean Average Precision)fi b
S H bRFE IR B, fps(frame per second ) AERFFP

AT i ds, AR H ARk I S ﬁ(z)%nfﬁ(B)ﬁﬂ
mAPHTHE AR, o AP IR B — 5 R I RS

s RSB 5 B A KRBT A B AR 1 80
n RN BRI A HARIECR ;. 8RR AR P

T, A HREEMR, L1, B0 MR
ATJA B AR A AR B . o3 Rom 3 — 2851
QrRERN BB E. mAPHEANTO~1208, 4
TR 712 SV (ARG WA P v

1 <. R;
== L= (2)
Rj:1 J
mAP = > AP(g (3)
\QR| ol

%35~ T ACF+T+THOG?, HalFus+TSD-
CNNP7 TSDCNN-+Adal2®, SSD, YOL0v3$u
YOLOv3-tiny 5%k 5 A FPDNet 2 R FEfil &1



FRI S . SRR 2 U AT NS Rl i

2069

BT
= 3 MFIERIRILLER T
T mAP (%) FPS
ACF+T+THOG 71.49 32
HalFus+TSDCNN 88.24 2.5
TSDCNN+Ada 89.03 1.3
SSD 88.01 42
YOLOvV3 91.35 45
YOLOv3-tiny 80.57 155
FPDNet 91.29 68

NG ]R8 e 0 1 i B e 48 SR . 7 A R 1) 4k
T F— R ERIE AT, SEhas R %
B, A SRR 190 248 B 1 T -5 0 A e v A
FETYOLOV3BE R AR ZE AN K, (H A 3ok 5 ) L
YOLOv3f 7 W R4, 76l E7mMkT
YOLOv3-tiny, 1HEYOLOv3-tiny A IS B H e
THBIE10% . 1 LA A TR FR A I 285 SR 5 AR SC B AH
b, TR A FI TRl . 25 R I R
JEE R P 9 5 T IR B, AR IFPDNet 5 H
fib LA B ) B AR A AR b, B A R
R, 25 R B SEBR AR IE AT NG I B A AR
TR FNAER I O R, A SCRIE R E AR
T 07 A SERBRAH AT o
4 H5RIE

ASCHEH T —MREE R A ST o 2 ]
AT N H bR AT s RO i Bk ——Ri A 14T N B A
il X 2% (FPDNet) o A8 SCEVERRE H I RFAE 42 L
T2, RS TR S 50E s 7RI B2 IR AR I &%
Ry BTN BRI, 75 4 4544 R
T2 RERMEAR, JCHKE T /MRSATAEH R
RO AR s g, SRR AT Wos R 4L ok EHE
W EARRHIE ) 2 5, SRSRRL G T AT B R4
BAHRIAT N B (S B, A0 a1t
SEIGEE AR, AN T — 2L A AT AT AR
a, DL A H Al H WL B H bR A %, FPDNet
AR RS B P BRI R4, HE 4% Seid B
PE, 0] DABE I Hb R0 2 A8 55 A s AR B R I 24T
N B Az ) &,

2 % XM

[1]  SAGAR U, RAJA R, and SHEKHAR H. Deep learning for
pedestrian detection[J]. International Journal of Scientific
and Research Publications, 2019, 9(8): 66-69. doi:
10.29322/1JSRP.9.08.2019.p9212.

[2] PRISCILLA C V and SHEILA S P A. Pedestrian detection

- A survey[C]. Proceedings of the 1st International

[10]

[11]

Conference on Innovative Computing and Cutting-edge
Technologies, Istanbul, Turkey, 2020: 349-358. doi:
10.1007/978-3-030-38501-9 _35.

CHEN Runxing, WANG Xiaofei, LIU Yong, et al. A survey
of pedestrian detection based on deep learning[C].
Proceedings of the 8th International Conference on
Communications, Signal Processing, and Systems,
Singapore, 2020: 1511-1516.

LOWE D G. Distinctive image features from scale-invariant
keypoints[J]. International Journal of Computer Vision,
2004, 60(2): 91-110. doi: 10.1023/B: VISI.0000029664.
99615.94.

N, BRE, m e, BT BRI 5 HOG-NMFRHIE 1 P
T ANRTTE]. BT 515 B4, 2013, 35(8): 1921-1926.
doi: 10.3724/SP.J.1146.2012.01700.

SUN Rui, CHEN Jun, and GAO Jun. Fast pedestrian
detection based on saliency detection and HOG-NMF
features[J]. Journal of Electronics & Information
Technology, 2013, 35(8): 1921-1926. doi: 10.3724/SP.J.
1146.2012.01700.

FELZENSZWALB P F, GIRSHICK R B, MCALLESTER
D, et al. Object detection with discriminatively trained
part- based models[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2010, 32(9): 1627-1645.
doi: 10.1109/TPAMI.2009.167.

HASTIE T, ROSSET S, ZHU Ji, et al. Multi-class
AdaBoost[J]. Statistics and its Interface, 2009, 2(3):
349-360. doi: 10.4310/SI1.2009.v2.n3.a8.

BREIMAN L. Random forests[J]. Machine Learning, 2001,
45(1): 5-32. doi: 10.1023/A: 1010933404324.

WRES, XUE, XUk, T RF AR 8 T A0 2 1) KA v L il 1R
PAT AR T D). BT 515 B4R, 2020, 42(6): 1486-1493.
doi: 10.11999/JEIT190606.

CHEN Yong, LIU Xi, and LIU Huanlin. Occluded
pedestrian detection based on joint attention mechanism of
channel-wise and spatial information[J]. Journal of
Electronics & Information Technology, 2020, 42(6):
1486-1493. doi: 10.11999/JEIT190606.

REN Jing, REN Rui, GREEN M, et al. Defect detection
from X-ray images using a three-stage deep learning
algorithm|[C]. Proceedings of 2019 IEEE Canadian
Conference of Electrical and Computer Engineering,
Edmonton, Canada, 2019: 1-4. doi: 10.1109/CCECE.
2019.8861944.

PAN Meiyan, CHEN Jianjun, WANG Shengli, et al. A
novel approach for marine small target detection based on
deep learning[C]. Proceedings of the IEEE 4th International
Conference on Signal and Image Processing, Wuxi, China,

2019: 395-399. doi: 10.1109/SIPROCESS.2019.8868862.


http://dx.doi.org/10.29322/IJSRP.9.08.2019.p9212
http://dx.doi.org/10.1007/978-3-030-38501-9_35
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.4310/SII.2009.v2.n3.a8
http://dx.doi.org/10.4310/SII.2009.v2.n3.a8
http://dx.doi.org/10.1023/A: 1010933404324
http://dx.doi.org/10.1023/A: 1010933404324
http://dx.doi.org/10.11999/JEIT190606
http://dx.doi.org/10.11999/JEIT190606
http://dx.doi.org/10.11999/JEIT190606
http://dx.doi.org/10.1109/CCECE.2019.8861944
http://dx.doi.org/10.1109/CCECE.2019.8861944
http://dx.doi.org/10.1109/SIPROCESS.2019.8868862
http://dx.doi.org/10.29322/IJSRP.9.08.2019.p9212
http://dx.doi.org/10.1007/978-3-030-38501-9_35
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.3724/SP.J.1146.2012.01700
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.4310/SII.2009.v2.n3.a8
http://dx.doi.org/10.4310/SII.2009.v2.n3.a8
http://dx.doi.org/10.1023/A: 1010933404324
http://dx.doi.org/10.1023/A: 1010933404324
http://dx.doi.org/10.11999/JEIT190606
http://dx.doi.org/10.11999/JEIT190606
http://dx.doi.org/10.11999/JEIT190606
http://dx.doi.org/10.1109/CCECE.2019.8861944
http://dx.doi.org/10.1109/CCECE.2019.8861944
http://dx.doi.org/10.1109/SIPROCESS.2019.8868862

2070

G

¥k

43 %

(12]

(13]

(14]

(15]

[16]

(17]

(18]

(19]

20]

(21]

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and
semantic segmentation[C]. Proceedings of 2014 IEEE
Conference on Computer Vision and Pattern Recognition,
Columbus, USA, 2014: 580-587. doi: 10.1109/CVPR.
2014.81.

GIRSHICK R. Fast R-CNN[C]. Proceedings of 2015 IEEE
International Conference on Computer Vision, Santiago,
Chile, 2015: 1440-1448. doi: 10.1109/ICCV.2015.169.

REN Shaoqging, HE Kaiming, GIRSHICK R, et al. Faster R-
CNN: Towards real-time object detection with region
proposal networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39(6): 1137-1149.
doi: 10.1109/TPAMI.2016.2577031.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: Unified, real-time object detection[C].
Proceedings of 2016 IEEE Conference on Computer Vision
and Pattern Recognition, Las Vegas, USA, 2016: 779-788.
doi: 10.1109/CVPR.2016.91.

REDMON J and FARHADI A. YOLO9000: Better, faster,
stronger[C]. Proceedings of 2017 IEEE Conference on
Computer Vision and Pattern Recognition, Honolulu, USA,
2017: 6517-6525. doi: 10.1109/CVPR.2017.690.

REDMON J and FARHADI A. YOLOv3: An incremental
improvement[J]. arXiv: 1804.02767, 2018.

LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: Single
shot multibox detector[C]. Proceedings of the 14th
European Conference on Computer Vision, Amsterdam, The
Netherlands, 2016: 21-37. doi: 10.1007/978-3-319-46448-
0_2.

HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al.
Spatial pyramid pooling in deep convolutional networks for
visual recognition[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2015, 37(9): 1904-1916.
doi: 10.1109/tpami.2015.2389824.

HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al. Deep
residual learning for image recognition|[C]. Proceedings of
2016 IEEE Conference on Computer Vision and Pattern
Recognition, Las Vegas, USA, 2016: 770-778. doi:
10.1109/CVPR.2016.90.

LIU Weiyang, WEN Yandong, YU Zhiding, et al. Large-
margin Softmax loss for convolutional neural networks[C].

Proceedings of the 33rd International Conference on

22]

[23]

[24]

[25]

[26]

[27]

(28]

Machine Learning, New York, USA, 2016: 507-516.
HWANG S, PARK J, KIM N, et al. Multispectral
pedestrian detection: Benchmark dataset and baseline[C].
Proceedings of 2015 IEEE Conference on Computer Vision
and Pattern Recognition, Boston, USA, 2015: 1037-1045.
doi: 10.1109/CVPR.2015.7298706.

KANUNGO T, MOUNT D M, NETANYAHU N S, et al.
An efficient K-means clustering algorithm: Analysis and
implementation[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2002, 24(7): 881-892. doi:
10.1109/TPAMI.2002.1017616.

BOTTOU L. Stochastic gradient descent tricks[M]. Neural
Networks: Tricks of the Trade. 2nd ed. Berlin Germany:
Springer, 2012: 421-436. doi: 10.1007/978-3-642-35289-8 25.
RAHMAN M A and WANG Yang. Optimizing intersection-
over-union in deep neural networks for image
segmentation[C]. Proceedings of the 12th International
Symposium on Advances in Visual Computing, Las Vegas,
USA, 2016: 234-244. doi: 10.1007/978-3-319-50835-1 _22.
KROTOSKY S J and TRIVEDI M M. On color-, infrared-,
and multimodal-stereo approaches to pedestrian
detection[J]. IEEE Transactions
Transportation Systems, 2007, 8(4): 619-629. doi: 10.1109/
TITS.2007.908722.

LIU Jingjing, ZHANG Shaoting, WANG Shu, et al.

on Intelligent

Multispectral deep neural networks for pedestrian
detection[C]. Proceedings of 2016 British Machine Vision
Conference, York, UK, 2016: 73.1-73.13. doi: 10.5244/
C.30.73.

KONIG D, ADAM M, JARVERS C, et al. Fully
convolutional region proposal networks for multispectral
person detection|[C]. Proceedings of 2017 IEEE Conference
on Computer Vision and Pattern Recognition Workshops,
Honolulu, USA, 2017: 243-250. doi: 10.1109/CVPRW.
2017.36.

T Lo, 19824F/L, BIBUR, WIFLITRONEGAREL. BBRATHER

ARRG. NTHERE.

PARERE: L, 199554, iR, WRIETT IR R R A S R AR B
twER: B, 197254, BIHER, WD v B R REASE RS

5 BIE S B e AR

TS RO


http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/ICCV.2015.169
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/CVPR.2016.91
http://dx.doi.org/10.1109/CVPR.2017.690
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1109/tpami.2015.2389824
http://dx.doi.org/10.1109/tpami.2015.2389824
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2015.7298706
http://dx.doi.org/10.1109/TPAMI.2002.1017616
http://dx.doi.org/10.1007/978-3-642-35289-8_25
http://dx.doi.org/10.1007/978-3-319-50835-1_22
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.5244/C.30.73
http://dx.doi.org/10.5244/C.30.73
http://dx.doi.org/10.1109/CVPRW.2017.36
http://dx.doi.org/10.1109/CVPRW.2017.36
http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/ICCV.2015.169
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/CVPR.2016.91
http://dx.doi.org/10.1109/CVPR.2017.690
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1109/tpami.2015.2389824
http://dx.doi.org/10.1109/tpami.2015.2389824
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2015.7298706
http://dx.doi.org/10.1109/TPAMI.2002.1017616
http://dx.doi.org/10.1007/978-3-642-35289-8_25
http://dx.doi.org/10.1007/978-3-319-50835-1_22
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.5244/C.30.73
http://dx.doi.org/10.5244/C.30.73
http://dx.doi.org/10.1109/CVPRW.2017.36
http://dx.doi.org/10.1109/CVPRW.2017.36
http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/CVPR.2014.81
http://dx.doi.org/10.1109/ICCV.2015.169
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/CVPR.2016.91
http://dx.doi.org/10.1109/CVPR.2017.690
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1109/tpami.2015.2389824
http://dx.doi.org/10.1109/tpami.2015.2389824
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2015.7298706
http://dx.doi.org/10.1109/TPAMI.2002.1017616
http://dx.doi.org/10.1007/978-3-642-35289-8_25
http://dx.doi.org/10.1007/978-3-319-50835-1_22
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.1109/TITS.2007.908722
http://dx.doi.org/10.5244/C.30.73
http://dx.doi.org/10.5244/C.30.73
http://dx.doi.org/10.1109/CVPRW.2017.36
http://dx.doi.org/10.1109/CVPRW.2017.36

	1 引言
	2 本文提出的算法
	2.1 特征提取骨干网络
	2.2 多尺度行人检测
	2.3 基于可见光和红外图像的决策融合检测

	3 实验
	3.1 实验环境
	3.2 数据集
	3.3 训练参数的选择
	3.4 实验结果与分析
	3.4.1 与基于单可见光或红外图像的算法在检测效果上的直观视觉比较
	3.4.2 与其他基于融合的算法在检测指标上的比较分析


	4 结束语

