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ABSTRACT

In this paper, we propose a robust duality of CNN(Du-CNN) method which can classify the target and clutter in
coastal environment for IR Imaging Sensor. In coastal environment, there are various clutter that have many
similarities with real target due to diverse change of air temperature, water temperature, weather and season. Also, real
target have various feature due to the same reason. Thus, the proposed Du-CNN method adopts human’s multiple
personality utilization and CNN technique to learn and classify target and clutter. This method has an advantage of
the real time operation. Experimental results on sampled dataset of real infrared target and clutter demonstrate that
the proposed method have better success rate to classify the target and clutter than general CNN method.

Key Words : Infrared Image(%] 2|4 <34}), Convolutional Neural Network(3Hd5417d ™), Target Classification(32] %),
Machine Learning(”7]7€}%5), Multiple Personality(F}<172)
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Table 1. IR image divided into 10 label

Label Name Class IR Image
w g

1 Approaching Target| Target u
BT
3 Mox:li“;lrgg;way Target ﬁ
| | |
5 Still Target Target
6 Negative Target Target -
7 Ne; gatﬁil}/aer gl;/ioving Target -
8 Sun glint Clutter -
9 Negative wake Clutter
10 Natural state Clutter
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Table 2. Different classification in clutter image

IR Image | 3 Label | 10 Label (f1 Léﬁﬂ)
| Clutter Target Clutter
s 0.9950 0.6861 0.6388
Clutter Target Clutter
% 0.6724 0.6214 0.7951
e Clutter Target Clutter
E 0.9783 0.5702 0.9907

Table 3. Different classification in target image

3 Label
IR Image 3 Label 10 Label (+1 CNN)
Clutter Target Clutter
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. Clutter Target Clutter
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Table 3= E|ZE dHolH F F 7lo &3 7l
8l A, 35 labelgeoll whef M= ThEA e A3
E YeRa vk A HA 92 label 1022 U7
762 / = A 2874 8k3 %] A20d A6E (2017 129)

AE e AR T FHANWAIRE label 37+ CNN
TS TS Aede FYHE ZX fdgoh
HA] GAE o7 IA R label 1022 U3lS ofwt
¥FHog BFsich

3. Du-CNN2 0|85t 83} Z&{g &

2o M= A2 YE labeld] =2 g53F 2ytE 7}
7} g15kITh Table 2, 39149k o] d7Fx]2] CNN
TZE ol&3shd, 12 g diEiA gulE Ads
she A% & Rbdd ZEE ddAdE 4 =2
TE A= AS & 5 A

olgAl xA¥ ZejHo Fiolgke Ze FAl
e A= D}% label®] = 53t AAE & o]
|31, QIzto] g 7FA] FAe] tisl A-g-ol wek v

&gk AlokR viEtEE 55 CNNell 483 5 3lo],
FAY ZHE el ol ohde Alzte] F3hE
AR 23E 79 ¢ itk 283 A2 oE
label = 5% CNN 3= 242 vz gae
Z1A19] el olgtar & 4 317] wiEe] Tao Yang
o] =il YAlE A Zol, shd 77t 54

71419 “machinality”2}txt 3} TH
“machinality” % ©]§°]% CNN %
of CNN”, &¢]A] “Du-CNN”e]2} &}2Th.

3.1 Du-CNNE o| &8¢t sy
AI9Fe= Du-CNN& ©]-8-3F St

o}#ll Fig. 8
7} 2t} Du-CNNO| A= 107 labeld} 370 label2 3h<5
¥ machinalitys AFE3IITE 2 =il = Fig. 89

(@)%} #o] label 10702 5% machinalityS complex
machinality(1Z)2} 3HaL, (b)2F 2] label 3712 35l
machinalityE simple machinality(A/,) 2k3l 3}2lt}.
A4S layer 79} TAS A= Table 49F 20|
ARFE FAIUA HAES S,

4% ol F7t EFE SR 9 error rate”}
S7F8kaL overfittinge] A TE. CNNO| TS S84
overfittingS WA|at1 AFEE Fol= WAL i
W 1gelA AR A go] ANTo E
2% AlA Processord] QXS 1S
S 584 &3 Du-CNN B2e 483
Z7ke Assieln YRS Folt 3
el

F_>.i

i
Hy
2
rl
Y
flo
ul
oft
dy
N



#9)4
®m:l ﬂ ﬂ m=1 D ﬂ
e -
m*ZD - ﬂ ®m_:§D -0
Complex
Machinality : . :
Gateway 6 : :
m=
[39) ®ﬂﬂ ~[ oo
m=12
28x28 I ® :D = —
Input Conv. Pooling Conv. Pooling
Image l Layer] Layerl Layer2 Layer2
® m ID ﬂ m 1 N U—
Simple _ _/ m—
Machinality m 7ﬂ U = 3D - Ujll
Gateway %
m—6ﬂ ﬂ
m=12
®—[ - |] —

(a)

Label 1
Label 2

Label 10

(b)

Label 1
Label 2

Label 3

Fig. 8. Learning structure of Du—CNN, (a) complex

machinality(

M), (b) simple machinality(AZ,)

Table 4. Loss—function of each layer level

fully—
connected 10 Label 3 Label
layer level
i
‘\\ o\
3 o8} \ " ‘,\
: \ X: 2001 \ X: 2001
" \ v: 0.08963 . viomr
- ko }
\
X: 2001
Y: 03775
4 4\ ¥: 2001 o | /J
U S Y:01825 \ .
SOG ‘ b [

mpAEe 2 9o whik o)W machinality®] ¥
o]-gat=rte] ZA7E dold=H, ol 7 machmahty
o] BEAE Ak & 4 Stk labels 107H= b
/\1 8+5 3t complex machinalityfq A= 249 29
AN $2 o)Ese B
}57&,, —,—Oﬂfﬂ 2 ol Fdte=

zgz] 3ol ﬁ@, HittE T 2e7F v 94 4
A dohag £ ste A9 1% 24, 'A”‘%”i“‘}
A @ 2elE, wH0] AL 3
AAd oz dhgsls FeE, 013741
oA el 1) A, A3 o
o7 thekek ol tiEix= LA Zé%hﬂ' et

ﬁ
o
[0
o
S
1r

i#
A

m & on

)

S 913} Hybrid Machine Character 7]%F2] Du-CNN A2 7|

BAW, Wge] Fele A BHOoE ewusAL
7 whe] A= Ak 53,1197 Aoy &
ol A, complex machinality”} Q-+t 598471 34 &
- A3H= Table 59F 2tk
Table 5. Result of complex machinality
IR Image
Target Target
0.8722 E 0.6214
Target g Target
0.6861 b 0.6881
-..;,-. | Clutter - Clutter
- 0.2987 0.2987
Fail Clutter Clutter
(5,984) 0.4074 = 0.7259
Clutter Clutter
0.1155 n 0.4102
Clutter Clutter
0.2740 = 0.7671
Clutter Target
0.2709 E 0.5702
Table 6. Result of simple machinality
IR Image
Target -.;,'. | Clutter
0.6385 = 0.9896
Clutter Clutter
= 0.4988 - 0.9837
= Clutter E Clutter
Fail 0.9977 0.9858
(5.272) u Clutter "* ' Clutter
: 0.9267 | BEEE | 0.9743
Clutter Clutter
= 0.9838 0.9711
. Clutter
a 0.9896

3] #2098 Al62(2017d 12€) /763



HhHof| simple machinality= WICHETE &2%=7} H&
A, v Se7h w2 9 ¥4, SeE, o)¥
37 label 2 THra}A L}%OW _HJl HH%

S=ApE 2 °o =

Nl lo X op

AT, WG & t

A & °§*&°ﬂ A= ehdshs A9t 2
At 53,119719] T4t A delg Foll A, simple
machinality7} ST 527271 G4 T LH-E Table
67 2tk

3.2 Du-CNNS 0| &st 72 W

AQtel= Du-CNN< ©]-8-3F -2 107) label
2 e 2o A 38 labelE WHE Y A
% 5 Ol&oPL H“”Olﬂ} Hiee] &4 dueas

Zhats

a1, 4ol

complex machinalityﬂ -L}r)ﬁ} AWE o]&3t
Wadd v westA Adske
machinality”} #ehst A3E o] &3ttt XA TR} o
FAA WA ] P Fig. 99F #Zo] EA P A
tget FAS Eod MG bgokel ATAY] Ao
= ARteiA gt o] AEA7] ztolE 9t
FE TESk7] 91$ threshold® A7 oH, g9 Y
I bgP g A = FY37] wtoll threshold”} 0

ﬂl

tg
b b
g (Target) g

Background

Fig. 9. Target and background area

L=Du(D, L= {target, clutter} ,

M. (D) if (,um—ubg) <0

Du([) = {A/];([) if (/Ltg—.ubg) >0 2)

764 | S A7) 88| A] A20E A6 (20174 129)

o714 L
Goltk. Dt A4 12 AFom wob
BE TR DIONTES vehich 1elw g,
iy 27 EAe] sy Hitgst A
A7) B AT, 7, 2 A
™ complex machinality= Sh5¥ M, T3 &
oA u, J7} ubgilﬁl- =¥, simple machmalltyi
P22 g

Ir r1o
=5
2
i)
Ll
i)
o
il
-
A
_0|L
rlr
B

N
I,

l

Complex
Machinality
Gateway

Simple
Machinality
Gateway

| Convolution Laver (3% filter. 6) | | Convolution Laver (5x3 filter. 6) I

| Max Pooling Layer | | Max Pooling Layer I

| Convolution Layer (33 filter, 12) | | Convelution Layer (33 filter, 12) I

| Max Pooling Layer | | Max Pooling Layer I

| Fully-Connected Layer | | Fully-Connected Layer I

| Fully-Connected Layer | | Fully-Connected Layer I

| Simple Machinality Output | | Complex Machinality Output I

YES
8> output

A 4
| Correct Target |

Fig. 10. Classification structure of Du—CNN



Aol ol XY x4 SEH TS 1% Hybrid Machine Character 7]%+2] Du-CNN A 7]

4. Du-CNNZ o|8¢8t #&{1 S8 78 Znt

Table 77} 2|, A3} SHHE FEsbcd AlQtsh
Du-CNN7%E ©]8s¥, 7] © machinality ]
FHFULS o]&sle KT Aol 2 S &
Atk 7FA12] machinalityE ©]-8%F Du-CNN2| 433
A3}, complex machinality®t ©]&38 wHt} AIE
o] °F 376 % %7}3aL, simple machinality™t ©]-& 8-S
W Rk oF 241 % F7HICh

Table 7. Comparison result of classification

Table 8. Result of Du-CNN

IR Image

Clutter

3 0.6385

0.2987

Clutter = Clutter
0.4988 0.9837

Fail Clutter '-;‘ - Clutter
(3.987) E 0.7250 | MM | 09858
Clutter - IEE Clutter

E 0.4102 %-é 0.9743

= Clutter
0.9838

CNN FC il Success| For For
level | level Rate(%) | Target | Clutter
ngﬁﬁ;jz 3 (fgnﬂlf:l) 88.73 | 89.93 | 74.61
ngﬁﬁ;jz 3 (38111212:1) 90.08 | 90.45 | 85.50
Pﬁ(‘,’l‘i‘ﬁ‘;z 3 (gorﬁséfl‘) 9138 | 93.76 | 63.57
pﬁf,’ﬁ,v,;g_zz 3 | Duality | 9249 | 92.87 | 87.91

E3], 34& ZYHZE A28 miss alarm complex
machinality7} 4,9257l, simple machinality”} 4,67071 <
go 717ke] Q1A E-S 89.93 %, 9045 % Tk uk
, A1oFet Du-CNNFZi= 34857 4 44S Fe1H

A, QNAEL 9287 % olUth HE FH

EAOZ A%t false alarm<> complex machinality

1,0737ll, simple machinality”} 6137] 3o.= z+zt

AAEL2 7461 %, 8550 % o]k wkHel, A¢H
gk Du-CNNT-23= 5117 e E IS H4 o2 1
L, A ES 87.91% ot

Table 7°] 3914 A¥IA= CNNO| TS 5EA
91.38 % AL/ A5S NAAAARE, A 749 mse
AlZke] A28 F Tk Wil AlRbeE e CNNe|
S 58X ZFomA 435 ms9] AIFS 48k F

lo Mo fu (B

P

o

54 &

B oA Aeksk Du-CNN FxE ¢l7le] th&el
Ae A2 QA3tn g&For #seE FHES
ZIAS g ARl A2 o EM, 14 S
HE FiEste FAld A838s W des w9
AtteE S APS Fal SaEgith 18al CNNG
T2 B8 sEA ¥ AR R sFskE A
g A AasF ZUHE ALgsiN HIREE =
Ath= AHellA Du-CNNO| S 28 4 Qlrh =3
AR of}t thekek 1A Y] vedd
A 7NASES A&k Zo] 7hseith g 4
el tisl EH, FRe HelE, 1% 5 @A Foizl
etolut At weEl 2244 02 F machinaritys 3L
AstHA AHsiA AT oS 83 s
Ae g Aolth ¥ =l Ak Du-CNNE
A o2 vl A ZIAISE WS HAE HHAIA
wriehd, Z1AIskEe] thsl Bl JEAds Hel o
T UE Bojet 7lgith

References
[1] H. Zhang, Z. Zhao and F. Xiao, “Robust Detection

Method of Small Targets in Sea-Clutter via Improved
Fast Clustering Segmentation,” 10.1109/IHMSC.2016.

S TALE 7|4 8hE] 2] 41209 Al63(2017 12Y9) /765



236, pp. 123-126, 2016.

[2] C. Yang, H. Liu, S. Liao and S. Wang, “Small
Target Detection in Infrared Video Sequence using
Robust Dictionary Learning,” Infrared Physics &
Technology, Vol. 68, pp. 1-9, 2015

[3] S. Qi, J. ma, H. Li, S. Zhang and J. Tian, “Infrared
Small Target Enhancement via Phase Spectrum of
Quaternion Fourier Transform,” Infrared Physics &
Technology, Vol. 62, pp. 50-58, 2014.

[4] Hiroshi Tasaka, “Everyone has Multiple Personality,”
Kobunsha Co. Japan, 2015.

[5] K. Simonyan

and A. Zisserman, ‘“Very Deep

766 / =AY )88 A] A20E Al62(2017 129)

(6]

(7]

(8]

Convolutional Networks for Large-Scale Image
Recognition”, arXiv, 2014.

A. Kirizhevsky, I. Sutskever and G. E. Hinton,
“ImageNet Classification with Deep Convolution
Neural Networks,” In Pro. NIPS, 2012.

S. Bell, P. Upchurch, N. Snavely and K. Bala,
“Material Recognition in the Wild with the Materials
in Context Database,” CoRR, abs/1412.0623, 2014.
Tao Yang, “Application of Computational Verbs to
Feeling Retrieval from Texts,” International Journal
of Computational Cognition, Vol. 4, No. 3, pp. 28-

45, 2006.



