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Design of a SIFT based Target Classification Algorithm robust to
Geometric Transformation of Target
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Abstract

This paper proposes a method for classifying targets robust to geometric transformations of targets such as rotation,
scale change, translation, and pose change. Targets which have rotation, scale change, and shift is firstly classified
based on CM(Confidence Map) which is generated by similarity, scale ratio, and range of orientation for
SIFT(Scale-Invariant Feature Transform) feature vectors. On the other hand, DB(DataBase) which is acquired in
various angles is used to deal with pose variation of targets. Range of the angle is determined by comparing and
analyzing the execution time and performance for sampling intervals. We experiment on various images which is
geometrically changed to evaluate performance of proposed target classification method. Experimental results show that
the proposed algorithm has a good classification performance.
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center of target.

2R s 2ol N b, slsh 2o Hge
7} Zelzol faake] 2 (D 2ol NASl 54 we 3
2 Qe
Classl= {(f1,17cl,1)>(f1,2701,2)7 “'7(f1,m,701,m1)}
Class2= {(f2,1702,1)7(f2,2702,2)7 "'7(f2,m2762,m2)} 1)
ClassN= {(fN,]vCN,])a(f]v;gacj\;g)a 7(f1\(,n‘vacm,n‘\,)}

o714 miz i-th @32e) DBGRIN e S
o] 7jro 1E‘r(1<z<N) fi5 i-th 929 DBIY

oA A& j-th SIFT Ex] W2 el <j<m,),
o, £,9 DA BAFR ARAole] 4o AE
e Aol

4 GalE 4 @ 2o SAUME JFe Ak
4294 DY} ge] EAFA 0] el Aol A
%) wiel EHel FHAAE AP £FHA ek

Input {fj,n,pfm 9 s fin ,,,M} (2)

Mz EY EF 22(F2 HA

o =olo] HolE flEiA SIFT 574 W feo}
@ g 7b) Aelg et 2ol v,
L Scl(f) = fol =A<
Ori(f) @ feol 2<lgelA
30X, (F)ek v, (f) © fol 7k, A= $1A

3.1. 5% wejo| M

hput AT Y= 5 AEES B} E oA
B 2ZH o] Zol4 DBS §HIREAMY Aol
FAE, 279 W), 2 9 5o neldld =

117



2X| SAlAH 55

o

rr
Ho
Ral
N
Q
o
<
o
N
©
z
o

4o AuE 74 54 WEE A

v 1 -1

A4 GAES Fe 54 WE
2lH et A2 S AREETE A=l oA AdE s
574 WE J3HD, (hput))S 2 ()3 2ol 7Hd FAre

DBe &3 wE|ele] Aog FIH AT

D,(ﬁzput) = {(fin,ﬁf’i,/v,)' ” fin,j_fi,k H < :Z—;l

andk:arg minc ” fiuﬁj_fi.r: H } (3)

A71A i, g, c® WSE 1<i< N, 1=<j<m,,

1<e<m,; otk X3 A T,& Fol A7t 2 54

HEE AT AFANA T, 1600008 AR

o] %< & vidd stazglel Ag £xE ol&ste] mY
AalE> ol

T2 54 e 27U vE AErjEe R AFEEth

D, (hput) F3> 98 93] 54 et DB 44 5

g OMER AR SRS AR 7H7) dite] 24 i

vtth DB 7ol SAWE o] 2l tig 48 o] 5

A

(<3}

=

7]

thoajgol obd Ao mNH FEE 5
HE B frARHAl vrEbr] e, 2
o2 sttt 2AY wlol osjA A
2 wE QAIHDS, (hput))L TS 2 (4)h

-DS; (]nPUt) = {(fy’,n>j7fi‘k)‘ (fy',nﬁffi,k)E-Dj(]nPUt)

and avr, —0.1 < Scl(fmrj)/Scl (fip) <avr,+0.1} @

A7 avr = =AY B9 Fitolth EHe ALE A}
AARZ I3 JpdE, aqur, & 7 Wl D, (hput) A W
of WE dolHE e e, 2 Bl WeE AT
st aur, & Tt F O AL ARE A& F
AEAL FTEATE el 1 /%ol gol Ae) W
st web ALk webd ool Walh 27
ore 54 wEES Aed. odeole] Mol elaA
AeE ozl 47 wlE AN DSO, (hput))S o 4 5)9F

o] e,
DSQ(MPUt) = {(fml,jvfiﬁk)' (fin,]'vfi,k)EDS;(MPUt)
and |Ori(f,, ;) —Ori(f; )< T,}

I
2
ol

P

ot %O
G

5)

AgelA T,= 155 AHgshgin,
olsh & & N9 BE Classol H&3to] 2t 2|
2 vt} 54 9 4% DO (put) & AT,

3.2. Confidence Mape| d4Mn B &
AdE 54 A DSO, (hput) & ©]-&3to]
7z gavt 24 Y THsAE T
CM(confidence map)S A3t ¢ &
Adshe W oS 2k
(fm,jvfiﬁk)ﬂ' DSQ’(MPW) A3t sk s
fipSh S0 Ao s dehdE ¢, =(q
wAgste]  f, ol dEEE EHe ddH
icin,]‘:(idm’jvieinyj)’;% e 2 6 2 M3 2

ot

el
2
ES ofs
-

o

o |
o %
o X o (B

N

M)
)
4
ox

SCI (fLILJ)

d,, . =d,,x )

ing i,

—~
(@)}
=

118

iein,j:ei,k_(Ori(fin,j)_Ori(fi.,k)) (7

o= e SAH [0 ARk F4F A SA

AR e;, & 018t 1 el AoA F4 1A

(ecp, ; * Estimated Center Point)& th& 4 (8) B (9)%}
o] Aogint

J’ecpi,j =X (fzn7) +cos (ieinni)di"’f &)

pos

Yecp; ;= Y, (fmj) +Sin(i€in,j)din,j )]

pos
HEA 0w F4E Aoy SHAAA Teep, ;, ecp; & ©
&3t OM & v 4 (10)2 2ol A gt

(a—"ecp; ;)" +(b="ep, ;)*

My, —

2% (avr, xmargin)® (10)

CM,(a,b) =
j=1,
selected f;,,. ;

A7 a,be 3o AXE YEITh JH QY 27
7F Mx NY o, a,b2] HE 1<a< M, 1
S OME ep 7t AFAN e A9 sa ghol
2 e AT 217k Be e E49 7
b 255 49 ecp,, ol AR} Tk

S

ol =

g 3y

[=}
SEYE=S

(using SIFT) DB @A

[=N=)
SHuE=EE
(using SIFT)

P —
Selection c 1 ‘

reliable Feature
aboutClass1 | M

[ .

1 Confidence
Map 4 |

Finding Maximum Confidence Value
{ MCVy, MOV, )

Target is
NOT
recognized

lYes

Let n = max arg MCV,

n-th Target is recognized

a7 30 ARke x4 EF gaEs

Fig. 3. Proposed target classification algorithm.



]
2
10
N

Zp Zefenitk CM & F-8kal Zbzte] s|=Eiflo] HY
e MCV,(Maximum Confidence Value)Z 72]3it}
MOV e s ol&3dte] 2 (1) el %HE ERFdh
AAH A daugFe] EEEE I 3o YeERAITE

Let n=arg max, (MCV}),
n—th Class ifMCV, > Ty (11)
No Target

Result = { .
otherwise

(a)

(c)
32 4. 48 G4 o (a) A3 9, (b)) EF 494, (o)

w7 2 At A 94

Fig. 4. Examples of input images : (a) tank images, (b)
truck images, (c) backgrounds and other vehicles.

:,_F'é 5+ 37]';(] Og}g— j-%oﬂ EH?J.’ MCV;ankv MCV;ruck
e agza el 238 5(a)] 36W Wz A
MCV, ., ¢ MCV,,, 2 #kol vlZz8hA veldtt o] A
2k} EoA] Bl5zg o] YERA L of gl Al
Al AdeE 54 wEle] sgr) 2] wiitelth. 11 5(b)e
He EY gy agdA esle mev,,,, o #el
MCV,, 2 #FE o #ZA vehs F$= 2Asx| g

el Y gae] Be MOV, #e e AL 2

ofr
1o
M

f L

H

rot

of Zelst SIFT 7|ute] E& &7 213l

b
nz
x

AT

S ooleh 29 B(e)e] Quk Wl B Ak Ade) 4k 1%
oA ME F gho] mF A vehta ol MOVgte] A
ol AA3E nelwch

Maximum Confidence Values

h
non H [
[] ) 1 )
' noa \ oy My,
A HEH A H HETE! sk
" ] TR LY, AT
T ¥ Ty
SRR R —
" n [N
) gy ot AR BY
R A ERW ~ vy bl nicke
PSS AAR TG B 50 &
M
o
1 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 41 43
gy s
30
§25
=
ém A
15— mme=—
8 A H n o
10 A
. MCV, .
s |
= n
N A~
AT ~ -
0
1 3 5 7 9 11 13 15 17 18 21 23 25 27 29 31 33 35 37 39
Hy HS
30
§25
=
gzn
15— ———_—
8 MV,
10
. MCV,
s 5
AY
\ o ~ P -
0 2, ) -
1 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 41
YA HS

a8 5 7F 9 el mE MOV = vlal
(a) A=} 92 aFol digt MCV 8=, (b) E= 94
gl digk MOV 1 E, (o) v 2 Ak 2R 3
I%] HE MOV =,

Fig. 5. Comparison of MCV graphs for each image
groups : (a) MCYV graph for tank image group, (b)
MCYV graph for truck image group, (c) MCYV graph for
background and other vehicle group.

a9 6L AR 1F YA
el Aes v



2x|S5A 2

=

ro
I

3| ==&X 2010, Vol. 20, No. 1

wo] sjgee}l 20" HAO R AT P wle] sfge] o]
7F 20° 9} 30° Alole] AolmiT)y AE] Atks AL O 4
otk A AZE 717 o) Zo}x]ui 28] A|7ko] M ]?fH
A Z=rleleg A= 10°
(trade-off) 2.2 A3l DBE A3+t

3 B A7) skl we e 248 S8l

a9 7

I 2 8ell A7 3t A7) [LPEP 4gs) vide 54
o] Agel WaE aezz Gehyach Ade ALgR 9
2 gAe A W 10719 AR 3ol AESE 1)
H 540 A5 ol59] Higho® Ak 17 7oA
-30°~30° Abol & 3° ztA o A WaE & Gl

A selth. 15"~ 15" 548 HHe] Aol 54 7
7‘%8%%—?% . EIU8.Q_ /2.}./] i7]‘?}% ?J‘cl)‘]
Aol e dahg ek wA 57 e

=
AL BT EHH XS] Agrt 7] wgel
= A AZelyA @71 wiEel 50%~200% 2]
s F3 2% akgltk 70%~140% 2rolel A
A

W EE of B X rlr o
ol N o> [0 O ot
J1rnr5£ﬁ£;Hué

N

10 20 30 40

a8 6. DBOl A% e e R3] wHE 549

Fig. 6. The number of correctly matched features
according to sampling unit for DB.

45
40
35
30

23 ‘A‘, ‘

20

15 A
10 I‘/
F

g3 Y E §¥ol A

30
27
24
21
18
15
12
9
[
3
0
3
[
9
12
15
18
21
24
27
30

a8 7. F47el wE 4ae wgn 540 A%
Fig. 7. The number of correctly matched features
according to rotation changes.

120

40

:.L-ss

S _.,V/W

RO 35 / \

b, / \

® / AN

T 10 / \

T / ~N

gﬂ—./...........\....
EEELEELEEELELEELEEELEE L E
FERBISISES885% 3R

372

a8l 8. A7]el wE AEs] wAd 54 s

Fig. 8 The number of correctly matched features

according to the scale changes.

B4 PR %S 23T QoM npA Q4@ 9
o AF(TPISH A shb B2 A4@ Gge] A%
(FP)E o] &gt Alx=®lol Aeg 717 Hsiae
TP#-2 Huislsla, FPgke FAstsllolr gk 18y o
T a2 AR o] &HREA ] Aol 7] el XA-gt e
HA(trade-off) = A&lof sttt & =A== TP FP
o AA3 gBFHE 2] A8 AFEEE F—measure [12]
& Teke e o A 12)9F Zrh

2 X Recall X Precision

Fomeasure = Recall +Precision (12)

oJ7\X Recall = TP/nP, Precision = TP/(TP+ FP)
ol npPe 7 Fzdl &3 F49 F Jlgolth

a9 99+ 19 109 Recall —Precision ZLE|Z9} T
of ME F—measure 1IEZE YERNATE A7 T
7} 259 Wl F—measure3te] Hh7F HE2 A4 E A3
ANX L] Tyoits 252 G

Recall-Precision

Recall
[=]
wn

a T T T T 1
a 0.05 01 015 0.2 0.25

1-Precision

12 9. Recall —Precision ZL#]=.,
Fig. 9. Recall —Precision Graph.



F-measure
1
0o W .
08 ~ N
07 S
06 —\“
05 \=‘ﬂ\n
g 04 \
2 03
g
g 02
€0l
o -
0051152253354455556657 756 850 9510
Thcw
3% 10. Tyl W2 F—measure.
Fig. 10. F—measure for Ty
Ak o] B Ada) S8 54 34
AA] @& SIFT SHWE Atolo] Faeitet 7eE o
3 4B} Aok YUl ANES &
e Aol we) 4ol tadl e AL 9

H

ol A AElEl= EAA L Mgt 5] At
7] wiEolt} Fol HAAE $3 B BEF AlAEHS
o2 A Eg Ay A7k Fa% a4V ¥
3y NS 3 1oA] AA GAellM ] A Eoll ol LhEl

N
>

id
o
Uz ELR o
>, 32 o
e AL o2 S oo M

o
o
.

=

3 L SIFTSF AR 257 el A4 E
Table 1. Recognition rates of SIFT and proposed
classification method

T,\i__rETHLm

ST °r SIFT At Wy
A2y 933 % 978 %
Egdid 846 % 92.3 %

bl 2 . ,
olulxer oA} 905 % 929 %
A 3 89.7 % 94.4 %
(A AYAITH (043 s) (055 s)

5. 2 &

CCD AMZRE A5 ge A8 % &
ofo] ZiA] ke WAYE FAolm, 9l
of A% Q14 Azdle] 4B
A=A OCD G4l ®A
2 g 49 540l v
R AERELTE
¥ 54 MEE dego
1=]

=
NE E
3]

s

ot

I

e J
o,

T

o

ok

=
%0,

EE RN W T = T

7] 99l e AwdA A58 4Y G ol g A,
7 @Ak Ee] MCVEES W 43 s Hzelg 3

9l sheith DBe] AE Aol whE 4% mlaeld 20
ol el AEY WA Pl 33 MFE 59| 5
A3 Zols AL slstda, Adel AgR 94
oM 107 Ao DBE FASHE Zlo] 443 wal
o g gael mv)sh 9] Wshe] me L Fe] A
5 AvE A 279t se] = WakA Aol =)
e o 4 99tk A A e 7 Adeln 2
75k 8lde] Wbk 2 e 4 el Als Az
=408 AL AR L SIFT SHUE Aol 43
riot AelE ol g3 ANE} AT AueZe] A4 E 1
WE B AGH BA BRF 0l 94 A5 nAS
=1

o O

ol
o
pach
—E‘ =

[1] B. Bhanu, “Automatic target recognition: state of
the art survey,” IEEE Trans. Aerosp.
Electron.Syst. Vol. 22, no. 4, pp. 364-379, 1986.

[2] S. Belongie, J. Malik, and J. Puzicha, “Shape
Matching and Object Recognition Using Shape
Contexts,” IEEE Trans. Pattern Analysis and
Machine Intelligence, Vol. 24, no. 4, pp. 509-522,
2002.

[31 S. G. Sun and H. W. Park, “Invariant feature
extraction based on radial and distance function
for automatic target recognition,” Proc. IEEE
Int. Conf. Image Processing, Vol. 3, pp. 345-348,
2002.

[4] D. Zhang and G. Lu, “Review of shape repre-
sentation and description techniques,” Pattern
Recognition, Vol. 37, pp. 1-19, 2004.

[6] K. Mikolaiczyk and C. Schmid, “A performance
evaluation of local descriptors,” IEEE Tran. on
Pattern Analysis and Machine Intelligence, Vol.
27, no. 10, 2005.

[6] D. G. Lowe, “Object Recognition from Local
Scale- Invariant Features,” Proc. Seventh IEEE
International Conf. Computer Vision, Vol. 2, pp.
1150-1157, 1999.

[7] K. Mikolaiczyk and C. Schmid, “An Affine
Invariant Interest Point Detector,” Proc. Seventh
European Conf. Computer Vision, pp. 128-142,
2002.

[8] K. Mikolaiczyk and C. Schmid, “Scale and
Affine Invariant Interest Point Detectors,” Int. J.
Computer Vision, Vol. 60, no. 1, pp. 63-86,
2004.

[9] Y. Ke and R. Sukthankar, “PCA-SIFT: A More
Distinctive  Representation for Local Image
Descriptors,” Proc. Conf Computer Vision and
Pattern Recognition, Vol. 2, pp. 511-517, 2004.

[10] D. G. Lowe, “Distinctive Image Features from
Scale- Invariant ~ Keypoints,” International
Journal of Computer Vision, Vol. 60, no. 2, pp.
91-110, 2004.

[11] S. M. Pizer, E. P. Amburn, J. D. Austin, R.

121



SRR SA A

— =

Lo

3| ==&X 2010, Vol. 20, No. 1

Cromartie, A. Geselowitz, T. Greer, B. T. H.
Romeny, and J. B. Zimmerman, “Adaptive histo—
gram equalization and its variations,” Computer
Vision, Graphics, and Image Processing, Vol
39, no. 3, pp. 355-368, 1987.

[12] S. Agarwal, A. Awan, and D. Roth, “Learning
to Detect Objects in Images via a Sparse,
Part-Based  Representation,” IEEE  Trans.
Pattern Analysis and Machine Intelligence, Vol.
26, no. 11, pp. 1475-1490, 2004.

N RE A W

ol 3] € (Hee-Yul Lee)

2005\ : AE gl 8t <
2007 - AE gl 8ty MAF £<
2008 ~ & A - AEstal W A3-Ea

EAREI

#AEoF ATR A", 217 3|2
Phone  :010-2511-5608
E-mail :hy_lee@ee.knu.ac.kr

4 & &#(Jong-Hwan Kim)
2007 : AE e AR 7 HFE
T &4
2007 ~&A : BEWE HdAska)
A A

AR ok 1 ATR A28l A3 =
Phone  :010-9389-8567
E-mail :kimjonghwan@ee knu.ackr

2 Ml &(Se-Yun Kim)

2005 : AR s T AR 77 EE
3 SH é"d
i 20074 ATt AAFEI} AL
L =4
2007 ~ 33}

Ax: ABmea Az
11} al

N

A EoF : Machine vision, € ¢12]
Phone  :010-8573-5577
E-mail :sykim@ee.knu.ac.kr

122

& ¥ x| (Byung-Jae Choi)
1987 : AB- g8t Ax}FEa F3hA}

= 1989 : e 4 AR TN
- T AL
1998 : =t slr) e A7) At
Fopaba}

1999 ~ & A : )Pk ARl W

ARk A2, AFAT o E L 4§, vholAnE

o]

2AA S&
Phone  :053-850-6635
Fax 1 053-850-6619
E-mail :bjchoi@daegu.ac.kr

2 A& (Sang-Ho Moon)
19824 : %‘%ﬂhﬁ ﬂx}”ﬂﬂ} F8}
1984Lﬂ

199541~ 94 £ vt gt mojels) m

T o} 1 FFE LAz, Heln|To]
Phone  :053-650-9653
E-mail :shmoon@ync.ac.kr

8k 2l & (Kil-Houm Park)

1982/ : BB skaL AA-g st} Fehab

19841 @ g3}t 7| %9 A7) [ RSk
F A AL

1990 : St er|ed A7 AE- st

—E’—é‘l—lﬂ]—/\}.
1999 ~ A : Sk 24171758
Foy s

WAk 1 g zAE, HER1Y, AU

Phone  :053-950-5549
Fax : 053-950-5505
E-mail :khpark@ee.knu.ac.kr



