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ABSTRACT

To classify the vehicle targets automatically using thermal images, there are usually two main categories of
feature extraction method, local and shape feature extraction methods. Since thermal images have less texture
information than color images, the shape feature extraction method is useful when the segmentation results are
correct. However, if there are some errors in target segmentation, the shape feature may contain some errors, then
the classification accuracy can be decreased. To overcome these problems, in this paper, we propose the
segmentation reliability estimation method for target classification. The segmentation reliability can be estimated by
using the difference information of average intensities and edge energies between the target and the background
area. The estimated segmentation reliability is applied in the decision level fusion method of classification results
using both shape and local features. Experiment results using the thermal images of the vehicle targets (main battle
tank, armored personnel carrier, military truck, and an estate car) show that the proposed classification method and

the segmentation reliability estimation method have a good performance in classification accuracy.

Key Words : Image Segmentation(%d4+&), Local Feature(X]%57), Shape Feature(3 El5-7)), Segmentation Reliability

(B& A2 %), Target Classification(3E %] #5)
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Fig. 2. Segmentation reliability estimation method

ol

A
il

R

X

oo

—_
o

el

i
1H
™
<
o
il
"
el

il

el
mE
i

j—

B

%7
M
@

EEEERRREEE
HERE, NS}

o

P, gk A1), @

o

o] ¥l %%

]

=

Al

ey 9,}- Mbgl-
)
2

dqel A7l
7

]b(xvy) =l

Local Feature
Extraction

A1320173 29)

Classification
(Support Vector Machine)

al

=
il

Input Image Sequences
Image Segmentation
(Background Modeling)
Decision Level Fusion
(based on Segmentation Reliability)
Classification Result

Shape Feature
Extraction

g+3] %] A20

I

=}

rel

Rseg
Proposed target classification method based

on segmentation reliability

b Al )

i

st ek

S
Segmentation

Reliability Estimation

ks)

Fig. 1.
42/

A%




gutHow FHow RI ¥ oJoo] HjHowr H
@ 8 golat ) Aol Bol & A% 29d 2
A5 Yehle £ 235 v B 5 9o,
¥4 993 Wi g9 "9y Aoz E A9 3
A e o A3t 848 ousith wEbA] Alots)
E oM E 34 23 352 YehuE AER
u7] zolE &gtk oheo 4 3)3 ol Bt
7] zpololl 93k wA B3 NHE(R)E 4o ot
1 if = m|> D,

R =1 [m—m) . ©)
— otherwise
D,

olwl, D, & FF wr)eh Wi wr] xfolo] Hy
S e, By gk Bk 2ozt & A% 33 1w
o7 FEela, arv 2 A Wit gk b BlE
< o] &ste] YEMIGITE AFA R R F 0 < R,

=
< 19 WAE %S Hanh

f

Histograms of the Intensity Difference
between Target and Background area

I ntensity Difference Histogram
— =~ Fitted Curve (Gaussian)

Mean: 163.26
Std.: 97.82

Number of hits

300 400 500

Intensity Difference
between Target and Background area

Fig. 3. Histogram analysis results of intensity difference
between the target area and the background
area

Fig. 39l= D #k& ARtslr] ffsto] F4o] A8

2

A el wrieh w7 dde] Byl Aol= 19 Fig.
339 Z& BxE 7AW, X5 gaussian kemnelS ©]

gk curve fitting A%} 1 183.267 ETHAF 97.82
TR Ao FAEAT oo meh B m=EellA
A W] Afols gy ow =
a7] 9Jste]l D, %2 1832608 #Hgate] APLS 5
it

A jFeh=

flr e oo

1 N,
Hye = WE | v4($i7yi) |

ei=1

®)

Vi(zy) e B4 94 xyedlde ¥r] e
Vi(z,y) T W73 Ayl

% A4 0 £E ehin

Quom wHom ¥ B AANS wHew
2 8 PR A4 aAdUAE gel BE Ao}
wol & 4% 9 AANS el 2T 248
FRgckn # & Qon, g $e o 43F @
Ae elulgic, ntebAl Alkeks Whel e A B
& NS ekl AR AR U zol
ek o ©% ol AAF AuA

3T

1 1f|ufﬁ_p’bﬁ|>5(’
R = e Mpe
¢ |ut —Hbe| otherwise ©
'D(’
olml, D, S FH AAREE A} w7 oL

o FAL 9 el 7) 288 A A20E A1E(2017'd 29) /43



o
T
offl
ro

A zpele] Bats YEhlH, B gk Bk 2ot 2
A9 1 goz FEsa, ang 4 39 B
gk ] WlES o8k YRtk At os R,
He 0 < R <19 HWAES JHHES F5i

Histograms of the Energy Difference
between Segmented boundary and Background area
: : ‘ : : [N Erergy Difierence Histogram

= =~ Fitted Curve (Gaussian)

Mean . 46847
Std.: 278.53

Number of hits

1400

200 400 600 800 1000 1200

Energy Difference
between Segmented boundary and Background area

Fig. 4. Histogram analysis results of edge energy
difference between the target boundary and
the background area

Fig. 49l D,

€

L

ik w4 3
= A9 Fig. 49
kernel S ©]-&% curve fitting 2
HAp 278535 7HA= AoR
B =idlAs AN AuA XPC’]
A% o FF 7] Astel D,
$3to] A SRS

O Y 1
2o ¥ s

E

e 46847

Br7] Aol Zlwke] Aol AA o |qA| Aol 7k
o AHEE olgle] AF B BY NHR(R)E
4 (% olgste] Aa.
R =aR+(1—a)R, (@]

olm, afk T3 Y B BA 0 < a <1
of WelellA 7histe] A8t Albehs WRelM =
o =058 A8 A9E e,

44 | B2 28783 A A0 A1E(2017E 29)

o
ot

8
ofr
2

w

o >
2

2

[
h
=N

)
T

2t
rot

D

oL M
= A
o
ol
ol
N

o
i~
[0

o

x2

o,
o o

o i
e to

o]
-

&

ot &Y

52~ "1l B =
, s H ]

-7/

1;‘.:]_‘
e
~
> 3

i 1o oX Mz kd
ot

Ml o

i
A

=2

SVM(Support Vector Machine)-<
ALgEIR o, ZF classe] EF #He g dHolHEY
B classS] support vector7te] AT]e] H|Z |l
ARESEGITE 919} ol i © AR v g5 @

o
\I

op rlf

& WA B AHEg now s A3 §4 ¥
WS Hastel 4% S8 ANsgon, 1 wEe
ofgfo] 2ol e AT
Pd(class) RP(class) (1—RS)P,(class) ®)
1714, P,(class)+= decision level fusion®] 4~3§%
54 class?] H& FE 7S Jehdl®, P(dass) <}
Plclass) #2 247t Je] 5AHS o] &3 &/ 2
G539 A EAES o] &3 7 A9 4ES
epdch
Shape Feature Local Feature
SVM SVM
Classification Classification
|2, |2
Decision level fusion
R —

using the segmentation reliability

L2,

Find the most probable class

|

Classification Result

Fig. 5. Decision level fusion method for classification
using the segmentation reliability

B oegeld Adsts W Y B AR
ez s gy] MR BA 28 At A
¥2 ol Ful 540 BF A%E BEH, W



i

22

jze]
e
—_——
fyl
o

ify
-

®
B

—_
o

<0
i

e
i

oy

Bl
B

X

= At

Ko

o
R

"
B

iz

I
~

T
[

oK

!
0
30

2 S,

N
A=

wjr

pu
T

WA Fig. 79l 4 £ AR =7F A4 Yy

75l o

HeEh A

I =

3]
T

Hm_”_

[Rr') Re’ Rs]

[4. 0.913, 0.956]

of whebA

Binary Mask

Gray Image

Fig. 7. An example of the high segmentation reliability

RO 4

Segmentation Case 1, Rg = 0.500

Synthetic Mask Image

"
b

R

HeERAAT

£ U Al de gsE

Fig. 8l

717} ol

71

I s
=
21t} Fig. 99l

Segmentation Case 3, Rg = 0.028

Segmentation Case 2, Rg = 0.027

(R)FE= 210 e} 1

Ly
|

A oAdA 2ol

UERITE B Aol

PN
4

o= el
o=

3

4

i

=
=

i

Segmentation Case 5, Rg = 0.303

Segmentation Case 4, Rg¢ = 0.397

Fig. 6. Segmentation reliability test for synthetic

g71of A ol |qA] Apel 7t

100 = ¥

images

e
i

"
23]
i

o
il

LERASI. o]

e3

W
oo

o g

o
=

B A ut

} S segmentation case 1

2017\d 29)/45

13

il

=)

1% A20



Gray Image Binary Mask

[0.604; 0.886, 0.745]

—
o
- -

~

o=

Gray Image Binary Mask

Fig. 8. Examples of the low intensity difference
between target and background

[Rr') Re’ Rs]

Gray Image Binary Mask

[1. 0.338, 0.669]

Gray Image Binary Mask

Fig. 9. Examples of the low edge energy difference
between target and background

[Rr') Re’ Rs]

[0.344, 0.423, 0.384]

Gray Image

Binary Mask

Fig. 10. An example of the low intensity and edge
energy differences between target and
background

46 / B=7A 28783 A A0 A1E(2017E 29Y)

el EH4o) 9)

Stroll AHESFL, 4007

I=IR=1

Foll&= 23200 A

S HAEZ <)
o] # we} ol
5

g B

A9 Exo 7= HOGYY PHOGHE AME-

Table 1. Target classification results

. lassification
Feature Extraction Method ¢ o
Accuracy(%)
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PHOG™ 82.50
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