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Compact image representation based on variability analysis
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Abstract: Image representation is the most fundamental and important aspect in image classification tasks.
Most existing image representation methods use quite high dimensional feature vectors for image
representation in order to achieve desired performance, which results in an inevitable drawback which is a
classification problem with very high-dimensional feature vectors. Meanwhile, the existing methods have
not considered image variations in image representation. Thus, an image representation method was
proposed to model the variability in image classification. First, a Gaussian mixture model (GMM) was
used to model the low-level visual feature vectors. Then, the sufficient statistics of images were
constructed. Finally, the proposed variability analysis was utilized to decompose the sufficient statistics,

and a compact image representation was obtained by means of partial least square regression. The proposed
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method not only achieves better performance on the public image classification datasets, but also reduces
the burdens of classifier training and feature storage.

Key words: image representation; image classification; variability analysis; factor analysis; partial least

square
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3 ANANTR] ROEEL 25 42 1 B B SIFT R AES 7 R ik 2
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AR ). B P i R A s R B SR
WR A R, B RS IR R VB VR
JEAR A AR AL TR H K, X S BB AR R
AR,

Caltech 256 $ 4l EPY 4 & 29, 780 R &1 4% 1
256 YRR LI K& 1 AT 528 5. ER e i ik
A B TR 4 5 % B8 2 B Bk L 85

%, S BME 5 JEAT 55 h — A W BBk R 1 50 T

R T AR AR B o SRR SRR T A5 (A
47 B DU 75 1 (SPMDOPH X 18 4% 9 47 4y e AE
VOCO7 $ds e -, fifi /Y SPM 43 8 7 ik 2 % )
1X1,1X3 12X 2 {48 J7 =0, 78 Caltech 256 %X
P e A A3 By 2R 1 X 1,2 X2 Fl 4 X4 1 43
Her 2% 5 R IATE Caltech 256 Kud i L B A
B AR M BE T 8 2 B0 2 FF SCHR BT SR . SPM. 43
W M & Baum-Welch 483148 a) &2 i L B
TEASTA] 1) R 4y B b 4 i AR B Baum-Welch 481
. BARE R TS IR T SCmkE 3,22 .

3.5.2 ZEBRZERL5HMN

£ VOCOT7 B4 i T 0 525 38 T BoW A Al
g 2 5 3 LLCY?, Super Vector (SV)OF Al
Fisher Vector(FV)E!, S8 5% F I 2 82 19 2 501 iF
PG NG IEE 192 5100 B AR S I 2 gicdis o B e il
GRBE AT 5 011 %, IF HoAE R 4E A9 4 95218
FUE A7 D0, 2 50 36 Bl 1 8 5 SCilk[3-5 1 iy
— 35, PR S 2 SR L B ORAIE T AL R T AR E
IR 43 25V Rl L A6 7R S 06 18 A% T RE 7R 3R 1 3 LY
BRI LLC R T 25 0004~ 9058 S 4 i) , SV R A
K-means B FEAG RN 024438 K87, FV 3k
 GMM 52507 4:45 3] 256 58 gt ia). Ho,
SV T—BIEX.FV [E B T —Bf —Fr i
5. PLSV i il T — B Al B A9 Baum-Welch ¢
HEE.

F 19 T AE VOCOT $dl 1% b Y 5286 45 57,
AR )& Average Precision (AP) 19 PE#y
eAn, Sy M e 48 A5 R ) 2 mean Average
Precision(mAP) 7, sz ¥4 % 5% FH & 14 81560, 45
Ffm R M R ME SVM 432888, Hoep LLC i1 SV
) S 06 45 SR B SCRk (23 ] P B 45 R L % 45 i SRk
MEE SR BRI VOCOT B8 JE iy 382 5 25 .
SV Fr sk H Y I J2 FEAE 1 38 7 0 4 B2 2 128 481
SIFT HRAF. A SCH IR SClk[23 )b iy S 30 I &, A AT
ST FV. EAERM SR [23 ] FV 145
FIE 61. 69, %45 FLRAE AU 5 —F#1E SIFT Al
2o SPMY ik 240 T L B AT A 2 T SCEk e
VOCO7 b i 53 2 45 . Wi, SCEE i1 5 $ it
TSE F ARG, SR FRATT 2 0 I B R AT R fig ik
ISR 23 PR I EE . NER 1 R T UA
L PLSV 315 T B AEM 4 K45 R oy W2,
i F PLS B9 component B9~ 3k £ & 30, PLSV
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I 245 B AR IEZE B2 A 30, Kokl 5 B LLC, SV
FFV B91/833,1/34 953F11/10 923, 33X H I Hb ki /)
T3 A AR N SRR RRAE A7 it 14 4.
F1 VOCO7 HiEE LN EER
Tab.1 Performance on VOC07 dataset

Method LLC S\ FV PLSV
codebook 25K 1024 256 256
Feat. Dim. 25K 1048 576 327 680 30
plane 71.05 74.32 74,27 78.85
bike 62. 85 63.79 65.68 67. 64
bird 47. 40 47.02 51.53 53.23
boat 67.67 69. 44 70.78 72.95
bottle 25.21 29.06 30.79 28. 81
bus 62.70 66. 46 70.10 71.98
car 77.02 77.31 77.96 80. 24
cat 59.59 60. 18 62.70 62.71
chair 54.24 50. 19 55.52 54,22
CcOwW 45. 27 46. 46 51.40 50. 37
table 51.56 51. 86 57. 87 55.31
dog 44, 24 44,07 44,95 45. 64
horse 77.52 77.85 76.94 79. 34
motorbike 67.05 67.12 67.71 69. 50
person 83. 29 83.07 83.57 84.51
plant 27.57 27.56 32. 34 32.03
sheep 45.73 48. 50 45.13 51. 87
sofa 53.62 51.10 55. 54 55.85
train 76.01 75.50 79.72 81.18
tv 52.32 52. 26 57.55 55.54
mAP 57. 60 58. 16 60. 60 61.59

KT YE FV £ VOCO7 B E I BB &£
PERE » I HAEAH T ) ve S B 1] AN BT M i L S5 L
BT PLSV #l FV 7E A [/ L 5 5 8 18] A 80T 19 7
BE. WA 4 Fr7s . 24 codebook size 3 B, P #p 5 1&
IPERE R 2 I BT H. 72/ codebook size 1Y 1
SR LFV BMPEREZ LT PLSV. BiE codebook size
FHE K, PLSV B hiiE 75 FV Z 280, 9f A
TE codebook size iy 128 Bf#Eid T FV AP HE. 24
codebook size iy 256 Bf,PLSV By PERE & HH FV ¥
IT—~ 5. X FE B PLSV £ K codebook size A%
TEMET FV. X — QW IEAAF S PLS AR, B2y
3 78 [ LA 7™ B )RR I 119 2 B 2 3 R T AR AR 1)
), PLS A8 78 4 & 4% H Ve AR, a6 1T S5 I Y
IR,
R T RAIE PLSV A 8k iR 0 e 5 —
A FRBAEFE Caltech 256 4T T AL L. iR
543 5K A BE ML EL 15,30 1 45 ASREAR AT IS5,

61 P

57
53
51 / /
49
4 / —— PLS-Vector
4 =&~ Fisher Vector

45 T T T T

16 32 64 128 256
4 A codebook size T B4 21 gk

Fig. 4 Performance under different codebook size

AR A REA AT I Oy 2L T
1E Caltech 256 %4l P L S HARM N ILAF ik H
TEEAR A A IEVE B T PLSV J5 ik 2 Ah, HoAlb
i S s A5 R B0k B R 3C. PLSV — 38l 1 5
U 45 2R o3 28 BOKS JRE R B o 25 19 S (Lt Ab
PLS i H # component 4~ %% & 20. K I, &% & Y
PLSV WL 1) 5 4E B2 ALy 20 4k, HAh 7 1 e 2 4%
YRR AIE 1 £ 1 48 B2 7T 2 LA UG SR, PR o 24
T T B S 6 AT SR P B B — B STE'T A O JiE J2 R AIE
T I8 T AR AR FH R B9 IR J2 R AR AT 52 5

2G0T A S 45 R, PLSV TE T A 1Y
codebook size T #REUAS T B AERY 0 25 PERE. LH 5 H
BT 2561 BE f £/ Improved Fisher Kernel (IFK)
FHEE PLSV 9 PEREUAT T 2 25 B9 $2 TF. JF BL7E I 2%
FEARKCH 30 WF L, PLSV Bk REAS R L T 25 i Sk
R R B b i NN 42, 7 By Scue 4 51 %07 48
15 R R FRAEA A T

& 2 Caltech 256 HIEE LS RER
Tab.2 Performance on Caltech 256 dataset

Il ke A 5L
Sy vk
15 30 45
Kernel Codebook-'?! — 27.200.4) —

EMK (SIFT)L%- 23.2(0. 6)
Standard FK (SIFT)[ 25, 6(0. 6)

Sparse Coding (SIFT)HL'- 27, 7(0.5)

30.500.4)  34.4(0.4)
29.0€0.5)  34.9(0.2)
34.000.4)  37.5(0.6)

Baseline (SIFT)2! — 34.1€0. 2) —
NN (SIFT)L?. — 38.0(—) —
NN — 42.7(—) —

IFK (SIFT)-*J
PLSV (SIFT)

34.7(0.2)  40.8(0.1)  45.0(0.2)
38.4(<C0.1) 45.3(<C0.1) 49.0(<20. 1)
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[6] 1 5, PLSV il o Xof [ 45 AT A8 1 R A7 G B , 7 7] A8
PRV AE 25 18] oh 6T R B 38 4 g3 E s kA7 40 A, JF B
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