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An object categorization approach based on randomized visual vocabulary and
clustering aggregation
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Abstract: Considering the problems with the conventional Bag-of-Visual-Words approaches, such as
great time consumption, the synonymy and ambiguity of visual word, and instability of clustering
high-dimensionality image local features, this paper presents a novel object categorization approach based
on randomized visual vocabulary and clustering aggregation. Firstly, Exact Euclidean Locality Sensitive
Hashing (E2LSH) is used to cluster local features of the training dataset, and a group of randomized visual
vocabularies is constructed. Then, the randomized visual vocabularies are aggregated by using clustering
aggregation technique, resulting in Randomized Visual Vocabularies Aggregating Dictionary(RVVAD).
Finally, the visual words histogram is generated according to the dictionary, and the Support Vector
Machines(SVM) are adopted to accomplish image object categorization. Experimental results indicate that
the expression ability of the dictionary is effectively improved, and the obhject categorization precision is
increased dramatically.
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Fig.2 Clustering results by E2LSH and K-Means
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Fig.3 System performance versus E2LSH parameters
Pl 3 E2LSH Z R0 ERE R IR

=8 = one iteration by AKM

—_
(=4
o,

(=}
3

time consuming/s
-

—_

10° 10* 10°

P F HoAls 4 Bl . RNNC+CC Jy 3 A1) F VI 25 A% 1) 28 00 A 2 dictionary size
TE A4 AL S TR L ) e R PO AL T B AL, B T A E R Y X Fig.4 Time-consuming performance of RVVAD and AKM
SRREST. FE OMAP (I AKMASA Jr ik 4 T B K365 . (4 ARTR S ARMURER AL

AKM+VWA+SA J5 il TR ZEE KL M0 K-Means L5, /N TR RO B R Em, =
o AL BE TR B Y TR, e MAP {EAH EE AKMA+SA Jr ik Ag B R 88 &, (0 i 1% 05 15 K B 2804 38 A0 o B ][] S 1
NG CPERY R, H MAP {EAH H RVVAD A 8 K228 . RLSV Jy & A LSH Az il o7 & fUsm) 81, B0l 7 905
PE] ) ) SO AN SCHETR R, e MAP A = TR0 3 RO ik, (EIZ 0 A8 0 W0 58 1) B A R RS SR I BE AL, S5mA
TRELEMRM RVVAD JriEH IR 20 . AR SO A AR A E2LSH 2B BEBEHL AL AL 58 10 14 SE kb SO Lk 47 3R
FAERL, A R AL A B TR A AR, R AIC T B R (14 [R] SCME RNEE SO, 2R R 22 Rl B TR B A b
248 SIFT iz [ 43 A btk FRAR TR B i B ALY, $20 TR i Rk me )y, H MAP (& T H AR LA k.



282 AMZBMFERFRERFER %12 %

B, SR A SCO7 V5 RE 8 1 HAT B0 3RA RE 0 A AL s 1 B, 520% H AR - B RO MERG 3 .
7 1 Caltech-101 i HE 9290455
Tablel Experimental results on Caltech-101

object AKM+SA/% RNNC+CC/% AKM+VWA+SA/% RLSV/% RVVAD/%
Brain 53.60 62.00 59.10 67.80 74.30
Butterfly 40.30 38.20 60.50 49.00 63.40
Ewer 54.80 43.40 43.50 52.60 56.80
Grand piano 68.50 73.30 61.40 56.50 72.30
Helicopter 46.70 64.50 63.70 74.20 75.60
Kangaroo 52.10 70.70 71.90 75.80 78.50
Laptop 65.60 59.80 68.80 66.40 72.10
Menorah 36.10 49.60 56.40 53.50 62.40
Starfish 47.80 60.50 58.00 58.00 63.10
Sunflower 55.40 63.20 60.30 68.50 70.80
MAP 52.09 58.52 60.36 62.23 68.93

WA, g B R — 2D B UE A ST VR AT RO R S HAl U7 57 PASCAL VOC 2007 IR E#EAT H AR 4r 28525,
ZERNER 2 Fin . MR 2 AL, ARSCHR Y RVVAD J5 ik B B R A 3] T 62.10%, i THAL 4 Ry, K5
T ANE TR XS % HARSN M MER R AR O X T 20 A HARKE B, AR SO A 14 A2 5024 v i o7 2 s
WA, P BE T AR SCOTE LR R AR 8 B3R ) SO e SO, F2 U AR AR S 18] S A 45 AR B2 v W e ) B 5%
K BE 1 75 T A AR

2 2 PASCAL VOC 2007 KB 4R scut 4l
Table2 Experimental results on PASCAL VOC 2007

AKM+SA/% AKM+VWA+SA/% RLSV/% INRIA_Genetic?/% RVVAD/%
MAP 58.22 58.90 59.07 59.40 62.10
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Fig.5 Object categorization performance analysis
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