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Abstract

Current feature-based object type classification methods information of texture and shape based information de-

rived from image patches. Generally, input features, such as the aspect ratio, are derived from rough characteristics

of the entire object. However, we derive input features from a parts-based representation of the object. We propose

a method to distinguish object types using structure-based features described by a Gaussian mixture model. This

approach uses Gaussian fitting onto foreground pixels detected by background subtraction to segment an image patch

into several sub-regions, each of which is related to a physical part of the object. The object is modeled as a graph,

where the nodes contain SIFT(Scale Invariant Feature Transform) information obtained from the corresponding seg-

mented regions, and the edges contain information on distance between two connected regions. By calculating the

distance between the reference and input graphs, we can use a k-NN-based classifier to classify an object as one of

the following: single human, human group, bike, or vehicle. We demonstrate that we can obtain higher classification

performance when using both conventional and structure-based features together than when using either alone.
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Fig.1. Example of GMM fitting for detected pixels.

2, DOoooboooooog
gooobobooobooboooooboboooooDo
gboboooobooboboboooooobobooo
gbooooboooobooboooboobooooboo
gbobooooooboboboooo sirTOOOOO
gboooooboboooboooooobooooboo
gobooboobogboooo

02]10 000000 oooooood ooooo
goooboooooobbooobboooooobooo
000000o0DOo®®oooo000on (we)0O0OO I
0 & = {u,v,;}70000000000000 & =
{a5,0, = (1, £,)}5-, 0000002000000 (1)
0000000000 EM(DAEM:Deterministic Anneal-
ingEM) 000000 00000000000000
ey, 0o0ooog

®rp = argmax Y (a; - pi(lp;, 35))
j=1

Pl By) =~
T Venrs|

exp {—3 (@ — ) = @ — ) b ()

pj(xlp;, ;) 0000 p,000000 £, 0000¢, =
{#,,%,})000000000040 DAEMOOOOOD
0000D0000000000 40000000000
O0DEMODOO0O00000000O00000000000
000000000000000q, 000000a; > 00
> ,e;=100000010040000000000
000®,,000003000000000020000
00 (uv,0) 000000000000000000000
00000000000000000000000000
000000000000000

0000000000 &, 00000000 «000
0000 ¢,00000000000000000000
oooo

C; = arg mlaxpl(mkﬁl) ......................... (2)

02c0000000000DO0OO0OO0OODOOOO
gobobooboboobuoobobbobdd Mean-

Gaussian
Detected Region  Distribution  Segmented Image

. r
single

human

human
group

A
|
Yo

vehicle ﬂ"

A

y
Y
2

(a) (b) (c)

02 GgMMOOOOOOOOOOOOO
Fig.2. Examples of GMM-based segmentation.

(a) Proposed Method (b) Mean-Shift
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Fig.3. Segmentation examples of proposed method and
Mean-Shift
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Fig.4. Weighted orientation histogram.
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Fig.5. SIFT feature extraction.
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Fig.6. Feature extraction.
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Fig.7. Outline.
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Fig.8. Graph description.
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Table 2. Confusion matrix(a = 0.1)
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SH | HG | BK | VH | correct | rate[%)]
SH |172| 24 | 16 1 172 80.8
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VH | 7 0 0 | 212 212 96.8
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Fig.9. Example of video image.
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pattern (single human and bike).
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Fig.11. Example of object classification.
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