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Abstract It has been needed to recognize objects in videos and attach tags automatically so as to categorize and
search a large amount of videos on the Web. Recently, generic object recognition has been studied for still images
actively, but not almost for videos. As for the generic object recognition in a video, it is important to make use of
the features from various frames involved in the video efficiently. In this paper, we propose a method of recognizing
generic objects in videos by combining BoF of each frames and motion features of consecutive frames. Experimental
results showed the effectiveness of integrated use of motion features.
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# 2 Confusion Matrix

e Rk bicycle bus car cat cow dog horse motorbike person sheep | &t
bicycle 3 2 2 1 6 0 1 1 2 22
bus 0 3 8 1 6 0 0 1 2 0 21
car 0 1 22 1 1 0 0 0 0 0 25

cat 0 1 5 5 4 3 0 0 2 3 23
cow 1 1 2 4 12 2 0 1 1 2 26
dog 0 0 3 1 1 16 0 0 1 1 23
horse 0 1 2 4 8 5 0 0 1 3 24
motorbike 1 3 1 2 4 0 2 3 0 22
person 1 1 1 4 3 1 0 0 6 3 20
sheep 0 0 3 1 8 2 0 0 2 4 20
it 6 13 51 25 48 41 0 5 19 18 226

(a) w=0 (BhXHEF, FilE 32.3% )
R fa bicycle bus car cat cow dog horse motorbike person sheep | &t
7
bicycle 7 0 1 1 2 1 5 0 0 22
bus 0 6 8 0 0 0 0 6 1 0 21
car 0 0 24 0 0 0 0 1 0 0 25
cat 0 1 5 2 3 7 0 0 4 1 23
cow 0 2 2 1 7 6 0 4 2 2 26
dog 3 0 2 5 2 9 0 1 1 0 23
horse 1 0 3 4 2 5 2 4 2 1 24
motorbike 3 1 1 2 1 3 1 7 3 0 22
person 3 0 2 4 1 4 0 0 5 1 20
sheep 0 0 4 1 2 5 0 1 3 4 20
Ak 17 10 56 20 19 41 4 29 21 9 226
(b) w = 0.2 REFE, BSFHE+ BoF R, k¥ 32.3% )

IS . . -

A bicycle bus car cat cow dog horse motorbike person sheep | &t
bicycle 10 0 0 0 1 1 3 0 0 22
bus 4 6 4 0 0 0 0 7 0 0 21
car 1 3 19 0 0 1 0 0 1 0 25
cat 0 0 3 3 2 13 0 0 2 0 23
cow 1 3 1 0 4 9 1 4 2 1 26
dog 4 0 2 4 4 7 1 1 0 0 23
horse 4 2 7 0 0 2 1 6 1 1 24
motorbike 2 1 8 0 1 1 1 5 3 0 22
person 2 0 4 4 0 6 0 2 1 1 20
sheep 4 0 2 1 1 7 1 1 1 2 20
Bk 32 15 57 12 12 47 6 29 11 5 226

(c) w =1 (BoF #D 7, Ri#% 25.7% )




