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Multi-target Detection Technology in Infrared Image
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Abstract: In order to solving the problem of multi-target detection of infrared image in urban background by
traditional methods, migration learning technology is used to migrate the target detection framework of visible
light in deep learning to the infrared domain. A model is built by the method. The models small target detec-
tion performance is very good, and the average precision mAP (IoU=0. 50) of the test set is 0. 858 on the pro-
duced test set. A preliminary study of the relationship between training data and model detection performance
was also conducted. Two training sets of large data volume and small data volume were produced, the model
was trained, and then tested on the same test set. The average precision mAP (IoU=0. 50) of the small data
set is 0. 615. The experimental results show that the diversity, quantity and quality of the data will affect the
quality of the model.

Key words: transfer learning; deep learning; infrared image; target detection; multi-target

Wi B 2019-06-12
EE®N: A AEQ980-), B, JTRBHEA, #HIi, TENEFXLFEEGLAETEANHAR.
E-mail; linhs 1hs(@163. com

INFRARED (MONTHLY)/VOL.40, N0.7, JuUL 2019 http: //journal.sitp.ac.cn/hw



FA0KE, BT

. A 27

0 5%

M T AT GG R 5. ARG R S5 H
A0 A BREEIE PR A (4 K A% TAE B
KW ST RE TR . B4, R
SIOAERE S R, DR, 2T AMEG B AR
ARZ B & E IR M T, TRk E B R
BT TR — 1, SR\
B RN AR, A, WK
L H R A Ay L B % R 9 &
B, THSHEE, eNEREFEREY
Folfi LT AMBIGHL. B, BRSSO 5t R r
YR B bk ) E A 8 L

AW NCRCRER T o811 E s 3 N B2 0 A=
L AR XA T RS S 9 20 M R BT 1
FERPUT BAL ., LS LT SRS B bR Gy
Wk B e /N bR CEE bR L, T L
AR AR AT T

Bt H AR BRI R . TR 2 ) 7 R % b
BRATIRAS T 51 A TE H . 78 H BRI
EL s NS0y o ISP
(R, SRR, B A BB
SEEIEEAT A, AEEAT TR, i
SeAuis . TRBEE AR T R B AELT A
AU AR A . T LOAMIAR S AT IO S

HA—E R ARIE, AR EE 2= S B i #8 48
HET RT3

ERFPEN TIRZHETIRES W ERE
YOLO

FRAS I ) 3, 40 Faster-RCNN B

A, B KR S AR T OGRS . SCiEk (7]
W VR 24 2 P20y Ry B bR, H2 H
TR 2R BI T H, B AR X3R04 BUE
RMRAEG L. AU AT S, UATA
A0 FE BTN G, I 24 ) T i i
B2 2 ik vl DB MR B AR 7 5T )
LLANEHMR Z BARR I p, JERRIESRER . H s
. BARRGE— B —A M %, S 5 v
(1 B ARk

1 A8 & A

1.1 WHESETANMEREBE RS

AT UL AR 28 G5 R A 10 2 W A B 33 1 ]
HAF B s LANR R G R AR R IR & K
PR S B IR I £r A1 RS b W A Y i 2%
RS, MG EE .

] — Y 5 i ] D R R 2 Ak & an 1A 1
fiin. ATAER], 204G R AR 4 84 1T
Mg EfER, mMEssTha AN, A%, A
WEINER RENEEAIEA L, SRERYE
BIRA—FE, RSP —FE,

K 2w, ASCRL s R AR R/ H bR B
. FEEME T iR Bk, S HE R R R
JE 5,

Kl 2 HArBE . 24 His 57—
. HARS s AR SR L 3 AR IS LY
., K 2(b) s, WA HERSEE—R, HE
FEA—FE, BRFREARRE; 55 3 A/NER
SEAE—R, P AT Y

Bl 1 ] LIRS 2o A R

http: //journal.sitp.ac.cn/hw

INFRARED (MONTHLY)/VOL.40, N0.7, JuL2019



28 AR

A 2019 £ 7 A

(a) L4

(b) A 5MEE2

2 BRI T LA

XA ZAB I 1Y H AR AS I [ 8 SRk 11 4% 52
SEAR A NER 7N il o7 DY 25 VS | A NS =
BT ATREE 7 > R ff e i A [R) L
1.2 EFREZFINBIRGNEZ

FUET, fEnl WOG RS H bkl Jr i, 5T
TREE 22 S ) AR I AE SR 2 A W28, X
R A 240 0 B 2 XA T HE 2 T

P 2 A I AE 28 4 & — A T Xl L
() T0 Ak BRD BR B S e MR R DX I, AR
AT/, WM ESA Faster RCNN, Mask
RCNN M4
B2 RS I HE 2 SR [l 091 69 O ik BB N
AR A B AR R AL E DL KRR, IR
FH R AR 1 7 125 B30 AN ) R 1 4 ARG AR
#ﬁﬁﬁ IER R C RN N R & P

. WHEILEA YOLO, SSD M4,

— RN, P R T HE B A R
R R, R GI T 3 Mokt
] — B4 T N ZRas R, AT LLE B, 7EH
A AU 2k 45 144 . Faster RCNN A9 RS B A1 Xt
W&, FrAARSCH ] Faster RCNN B i i)l 25
BRI AT IR Ik

# 1 MS COCO F #9445 R

K Ty v Speed/ms mAP
Faster RCNN 58 0. 28
Mask RCNN 79 0. 25
SSD 42 0. 24
INFRARED (MONTHLY)/VOL.40, N0.7, JuUL 2019

HTREFIWOIIAEER L Er A
Mﬁ&
2.1 EREY

Sk [11] AT M w . A
— MR D, fl—A% 2045 T.. —4 BHisik
D, Fl—A2:J4E 55 T, T#2E > i H il fd
HFE D, 0 T, by iR 5 B 38 & 78 H A5 3l D,

T PR fr (o BE T UMK 3D,

:%i ________ } {%&___ﬂ
| | |
| | |
|

K3 ek

HARBNASCH) A ARK AR 55 . IR AT 55
TE S HE TR B PR MS COCO 19 H F £
. ARSI 55 € X 56T /N 2L A 8 I
(9 H AR

FGER HLA o 2 Ak T i — 4> BB R
2 YNGR A0 Hh o 250 A () A R AR =5 T
. R B EAAMRER A o TE RS 5 > W SE
TR —FEAMBR R, IR AR s n] REAE A [F)
FRFAE 25 18] T s B S S ] f) Bl o0 At
ZLA0 B 5 AT WL AR AT el 1 e AR i A

http://journal.sitp.ac.cn/hw



FA0KE, BT

Hinfs B T ag ., BA—a i pE. Frld
0 3 PEAT 55 KA 0 I 2 R R 40 4 Ak B B AT
S M % S, SEITESE] B AR k0 FRIE AR
BOEBEITH.
2.2 IfEm#e

A TAERBME 4 rac, B, BUb
TYI B W 26 280, TR M4, 479
ik, RJE . LA BRI 25 50 38 I 25087 N
2%, MR YIZEi R, AT B AR AE, H T
55 R FH LA G I3k 4 Xo) 4 3RS 7Y 3
T, 15 2 25

DO 28 11 225 1 o e e o TR A R 22 TR0 4%
P2 MR B HRAE

TR BE A FRP 28 I 268 A R A1 2 U7 T 4 ik ]
FABR ", a1 VGGNet™ | ResNet | In-
ception ' AE AT EE KL A AE I AF (1 BG40 2 L 3%
HORTF NG B ST

SCERL17-19 J 42, AR H T WAk 19 5 i

. A 29
rﬁﬁ }r Bﬁﬁ-?
| X |
| THGEEEE| ||| SRR
R R B [N (|

TSRS
il R e |
| |
rﬁg 11 |
: RS :: 21 %5 :
| | |
| | |
| ey Ll VIt
| I |
| |E==sss=a
| |
| TR |
L - - _ _ _ ]

K4 TAEGRE

Xof 4 B 45 B ORGP AR B AT B i, SR
MEAER, AR5 LA T R I 20 7R W 45 42

(b) LT5M B BRI PR FT 3R
5 TRRAEE R . ZEIL N LT EIR . A TN AR AT A2

http: //journal.sitp.ac.cn/hw

INFRARED (MONTHLY)/VOL.40, N0.7, JuL2019



30 . A

2019 24 7 H

HSURY 2 WOR 0 4 B R AE

A SCHI TR B 2 B R 28 ) 45 % 21 A1 | 4R
PEEURRE . SR J5 A I T8 & B R 48
BRI, S5 5 iR, 4060 KR
FKERN G E TR X, 5 REH, H
B T 28 4 BCZT A1 AR I R S A = A R0 .

YINZR I 45 (1) 45 ¥4 R F 42 3L (%) Faster RC-
NN #ERIZEH , E 6 fis,

RPNZ FHER G R

—

softmax

regression

1534 X B AR U

softmax

regression

H AR5 H ARG E

6 VIR 25 1y 4544

RPN Z M T # e it H by X 8, % )2 18
b softmax I W fi 3% X S J& T A e 804 1 &=
[ B ) P 1m0 05 7 kA HAR RO &

i 328 X 3l 412 I Wi B i A 1) R E K4k A
RPN JZi% i R e ik H AR5 B, 55 X fF
B PR MU TR DRy R AR B s s R A 2R E
FE BhRZEH]; HXARIEZE, A E
FRLE

W Grid A b o 240t 2% ok B0 A 2 52 3L
$1Oe . TTAE U 5 2% pR U A9 J& Smooth
L1 loss,

3 LBER
3.1 KA
3.1.1 IR

R T tensorflow HEZRSZF, 7 Ubun-
tu ] Python #E47525 . Il &k H CPU
A Intel i7-7700K, GPU & Nividia GTX 1080,

INFRARED (MONTHLY)/VOL.40, N0.7, JuUL 2019

WAE R 16 G B9 & L. I ZRad 72 Rk ARG

GPU .,
3.1.2 %A%

I 25 A5 1 ) S50 Faster RCNN #8587
MS COCO ##is 4 T Ul 25 15 31 1Y 25 S 2E 1700 4
ks AR SR F AT LA SGD I H. 4 il iz
¥ 1 Momentum 595, R EUE 0. 9; WIIH2¥
2JF A 0.00001; Batchsize % & R 15 J& 1%L
PR 20000,
3.1.3 #3E4E

3E 1R (FLIR) 2 ] 42 1t 1) 21 4 1 15 85 35
LA TIRZLNVNE R, 7] LLRERIINZR R0
IR WAN S L vy a1 N7 N P €7 < S [ % e s
TEEPAE 4, 2k 14000 SR RS, Hodafy i R
PREERA 9214 7K. xEHRE . AnEaE
28151 >, JRAMIEE R 46692 i,
3.1.4 GHEA

R T AN R, FRAT B ST T
I, IR TCRUEE . R R AR /)
H AR R DI 5 B840 19— 38 43 AR SCIEMR 1 K/
b 640 X512, FHRLTAMINE FRE L HAR Y
DN 1wy RS R ] RS SR FRAE 393 MR R LT
J/NERR) o AT USRI B B R /IR 5 AR
s, ASCHEAT TR SR, —RIIZRAEA
FER /N CF AR TS A, — IR AR B R
CRRRBEH B, B8 A I ZRAEAS rh 4 & A Y
Bl 352, IRAEGE N 1034, PIAZE R EL
WK, B B R YIZRFEA P4 & N3k
1o 17335, ARG WA R 19419, P28
()55 i 22 5/
3.1.5 MRAEA

R TR B AR, FRATT NSk £
B s/ NERE L, TR E AW 22 5§
AL R, ARSI .
3.2 XWHRESW

# Faster RCNN 7£ MS COCO B4 Tl
AR R AR | 2t Y AR AN I A5 3] ) A A5
A FIRERY B R AR SR AT HARAG TN, 35 A il
R 8 9 s, Killgs R BR T HAR

http: //journal.sitp.ac.cn/hw



F40%, B TH ¢ hb 31

K7 AR 1 s 1A

(a) TARFEAR AR I 45 1

(b) PRBEA 2[RRI 25 2R

(c) BBURE A TR T4
B8 MNKFEA KA, . 21k Faster RONN FUiIl R AU I 4528 A7 i) B ARGl 245 24

http: //journal.sitp.ac.cn/hw INFRARED (MONTHLY)/VOL.40, N0.7, JuL2019



32 e b

2019 4£ 7 H

F14) ARG Y EE ARG TR 236, 47 A ATE ) Sk 7S [ (1
BN 0.5, KR T 0.5 KA T BN,
S FERKM BN, BRI E 4, H
b 91 2 7R G ) ) H A 44

MIE 8 HRT LA B T A A
PEATREI . A —E RO, BRI A R 5 ]
DI AR AT — e P AR R . {8 T 4 0
P e, iR EEA 1A 3 AR B0 A F
A, MNEKFEAR 1. 2, 3 IR IR LAY N4

vy

i X
s

BEARINE] . Rl BN B AR

R . B B R I RE ST AR 4. /D
FIbm A 0 B8 0 S . QnaeEAS 1 Fp, A
B A R 1 NI ZASE Y ) Rl T ) O 2 [

M9 Al DU . B AR KL I BE T
A B ZRRR Ay B4R T, (A dif 2 B
BAE R ) M B R O [ e R LG TR BT
HoN AR ae S22, Mg b, ATk
KBRS A 22 I B DN AR A 1S D0, AR

(a) PIRARE A 1R RS 25 SR

(b) MR A2 AR I 25 51

AP MO 4

LW

(c) B BRRE A3 HURL I 45
9 MIAAEA ORISR . ZE X N BER A BRI AS SR . AT OB B G 45 2R

INFRARED (MONTHLY)/VOL.40, N0.7, JuUL 2019

http://journal.sitp.ac.cn/hw



540 %, BT

. A 33

EARRIN AR, 48 A AT 4255 oAt B Ar o A5 DU
IR . XNIZSR I GREAR BN, R B FEAS
RKEHRELEZ . NWEGEE DR .

P 2 2RO VA E DA I g AR
mAP (IToU=0. 50) /= ToU BI{E N 0. 5 i i
PIER 2, mAP (IoU=0. 75) %/~ ToU H {4 K
0.75 B W - ¥ i R, T LALE 2], A RS
19 Faster RCNN Fi Il Zh A A, A A 1) mAP
(IoU=0.50) &8 T 7 i, mAP (IoU=0.75)
KE T 14 450 B, BEAD B ) mAP (IoU =
0. 5032 T 10 %, mAP (JoU=0. 75) B J& ik
BT 24 50U L

MELESZE R F . RAER = ik
LA EMG i 2 X B AR A DI HE 22 Faster RC-
NN E# BNLLAMEIR A B Ay e i 802 7T 47 /9
T HLE A A SN2 LUS . ARG/ H AR
K f Rg 4R TE s IR, IR 5ot
SRR B . — RO UL, YINZRBUHE 1
Kz, Bz, B RRINIRCR PR T

F2 MK A M K 4

mAP mAP
\/T\‘Tll N
Ha ik (ToU=0. 50) (ToU=0.75)
Faster RCNN 0. 0807 0.0178
AL A 0.615 0. 256
R B 0. 858 0. 434
4 %KiE

ASCE XL G 7 B ME LA R ek T 1 R R A
ShEMG 2 B BRI A ) R, BT — 3k IR
JE 22 S P LL AN EGIN AR RS J7 3 . #E BT 4L
HNEMR B AR SR IERE b SR TR 24 2] 7 i
0T UL S i P =X B bRk DUAE 22 Faster
RCNN £ 8 B0 SMNEMG S8, RIS HL 3R T AN
YINZAAR R G  5 5L

ARSCEERFT, T LGE S E RS2 S ik
FEURBE 2 > b 0 B b R 0 AE 2R A 2R [R] 4
B, R, fEUIGRad R, B Y s R R
BT, BIEM 2. BURr S0 . BRI
AR AR s R AR A A IR

http: //journal.sitp.ac.cn/hw

£ % 3k

(1] X0, sk oMAR G S ER A B R AR [M].
et BhaE it At 2016

(2] FfR. FETWE 2 Lo RS U I BAR
WH5¢ (D1 bl R B b R ) BEOF
5T, 2017.

(3] BEHE, PMGESE, WvE, 4. Z0Ahs5 /N B Ania il
AROFFEBUR 5 K S [1]. a5 s AR, 2015,
37(1) . 1-10.

[47] Schmidhuber J. Deep Learning in Neural Net-
works: An Overview [ J]. Neural Networks,
2015, 61 85-117.

[5] Ren S, He K, Girshick R, et al. Faster R-=CNN:
Towards Real-Time Object Detection with Region
Proposal Networks [ J]. IEEE Transactions on
Pattern Analysis & Machine Intelligence , 2015,
39(6):1137-1149.

[6] Redmon J, Divvala S, Girshick R, et al. You On-
ly Look Once: Unified, Real-Time Object Detec-
tion [ C]J. Las Veags: 29th IEEE Conference on
Computer Vision and Pattern Recognition, 2016.

(7] EXFH. MmH, #ik, % . ETRESHRMS
W25 i LE M B AR 5 vk [T, SE#FER,
2018, 38(7): 0712006.

[8] Liu L, Ouyang W L, Wang X G, et al. Deep
Learning for Generic Object Detection: A Survey
[J/OL]. Arxiv: 1809.02165, 2018.

[9] He K, Gkioxari G, Dollar P, et al. Mask R-CNN
[C]. Honolulu: 30th IEEE Conference on Com-
puter Vision and Pattern Recognition, 2017.

[10] Liu W, Anguelov D, Erhan D, et al. SSD: Single
Shot MultiBox Detector [ C]. Las Veags: 29th
IEEE Conference on Computer Vision and Pattern
Recognition, 2016.

[11] Pan S ], Yang Q. A Survey on Transfer Learning
[J]. IEEE Transactions on Knowledge and Data
Engineering , 2010, 22(10): 1345-1359.

[12] Yosinski J, Clune J, Bengio Y, et al. How Trans-
ferable Are Features in Deep Neural Networks?
[C]. Montreal: 28th Annual Conference on Neu-
ral Information Processing Systems, 2014.

[13] Krizhevsky A, Sutskever I, Hinton G. Imagenet

INFRARED (MONTHLY)/VOL.40, N0.7, JuL2019



34

Z.  Ab

2019 24 7 H

[14]

[15]

[16]

[17]

INFRARED (MONTHLY)/VOL.40, NO.7,

Classification with Deep Convolutional Neural Net-
works [ C]. Lake Tahoe: 26th Annual Conference on
Neural Information Processing Systems, 2012.
Simonyan K, Zisserman A. Very Deep Convo-
lutional Networks for Large-Scale Image Rec-
ognition[ J/OL]. arxiv: 1409.1556, 2014.

He K, Zhang X, Ren S, et al. Deep Residual
Learning for Image Recognition [ CJ. Las
Veags: 29th IEEE Conference on Computer Vi-
sion and Pattern Recognition, 2016.

Szegedy C, Liu N W, Jia N Y, et al. Going
Deeper with Convolutions [ C]. Boston: 28th
IEEE Conference on Computer Vision and Pat-
tern Recognition, 2015.

Zeiler M D, Fergus R. Visualizing and Under-
standing Convolutional Networks [C]. Colum-

bus:

JuL 2019

[18]

27th IEEE Conference on Computer Vision and
Pattern Recognition, 2014.

Zhou B, Khosla A, Lapedriza A, et al. Learn-
ing Deep Features for Discriminative Localiza-
tion [C]J. Las Veags: 29th IEEE Conference on
Computer Vision and Pattern Recognition,

2016.

[19] Selvaraju R R, Cogswell M, Das A, et al

[20]

Grad-CAM: Visual Explanations from Deep
Networks via Gradient-based Localization [ C].
Honloulu: 30th IEEE Conference on Computer
Vision and Pattern Recognition, 2017.

Zhang W, Cong M, Wang L. Algorithms for
Optical Weak Small Targets Detection and
Tracking: Review [C]J. Nanjing: 2003 Interna-
tional Conference on Neural Networks and Sig-

nal Processing, 2003.

http: //journal.sitp.ac.cn/hw



