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Abstract— Automatic classification of motion pictures
has many application areas and one prominent case is
image search based on user query. In this particular
application, the users intention for query is difficult
to identify at the semantic level because image search
algorithms generally exploit only features of images. In
order to address this issue, we propose, in this paper,
an automatic image classification algorithm applicable
to synthetic and real motion pictures so that a users
intention can be fully reflected in the image search
and classification. Feature-based or edge-based histogram
descriptors produce poor results when applied to clas-
sification of synthetic and real images because this is
inter-class classification. The algorithm proposed in this
paper obtains feature vectors of color distribution pattern
in motion pictures to classify synthetic and real images.
In our experiment, the proposed algorithm was able to
classify images with the accuracy standing at around
74%.

I. INTRODUCTION

The majority of image classification algorithms
are intra-class classification methods and use low-
level visual features or text features to distinguish
images in different categories, such as shots of
mountains, beaches, sunset scenes or urban land-
scapes [2].

Existing work [, 2] generally does not dis-
tinguish similar images with different semantic
meanings. Similar images are put into the same
categories and it is hard to provide a service
that fits the user query that has different semantic
intentions. Hence, it is necessary to implement a
classification method tailored for semantic classi-
fication. One example of classification within the
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same category is distinguishing synthetic images
and real images. Lienhart and Hertman [3] was
among the first to explore this topic; their algo-
rithm distinguished graphical images and photo-
like images, which were further classified into
true photos and ray-traced/rendered images. Other
image classification algorithms such as SIFT (scale
invariant feature transform), SURF (speeded-up
robust features), BRISK (binary robust invariant
scalable keypoints), and GLOH (gradient location
and orientation histogram) are feature-based de-
scriptors [4} 6} 7, |10]; HoG (histogram of oriented
gradients) exploits edge histogram-based features
[5]. Existing feature descriptors show great perfor-
mance for distinguishing images of different cate-
gories but not for images within the same category.
This weakness is caused by the fact that image
descriptors are based on object edges. There have
been attempts to improve on this weakness by an-
alyzing images through CBIR (content-based im-
age retrieval) [8] and Garbarinos work [9]], which
exploits textual feature. In this paper, we propose
an algorithm for both synthetic and real images
by combining widely used feature descriptors with
color patterns and feature distribution analysis. We
chose four image classes of an apple, a human
face, landscapes and buildings, all of which can
be processed with binary classification. With the
proposed algorithm, it is possible to implement a
search/classification system that can meet the user
query at the semantic level.

II. PATTERN FEATURE EXTRACTION

In this paper, we propose a pattern-based feature
extraction algorithm that classifies both synthetic
and real images. Unlike feature descriptors and
histogram-based features, pattern features of im-



ages consider the distribution of pixel strengths
within local regions. Such pattern data is based on
the type of color distribution and local texture data
and this produces improved classification results.
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FIG 1: An illustration of the overall structure of
the proposed algorithm.
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A. Two-dimensional Pattern Extraction

The input images have been entered as an m X n
tensor I.€ N™*"*3_ then converted to black-and-
white color scheme yields I,€ N™*". To find the
pattern vector V, for I,€ N"™*" a kernel array
set fi, € {fu1, fwas--., fwe} is defined. Here, w
is the parameter for the size of the kernel, and
it can be in four different forms. Equation (1) is
an example when w=3 for 2-dimensional pattern
extraction kernel.
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In order to reflect a wide range of characteristics
in the images, first-order differential image VI,
for the black-and-white image I, is calculated.
Let the first-order differential images of /, in the
horizontal and vertical directions be (I, ,,/,,)then
the change of pixel at each pixel coordinates (u,
v) for (Iy.,14,) 1s defined as follows:

1, . (u,v)=14(u,v)-Iy(u+1,v)

Iy o (u,v)=Iy(u, v)-Iy(u,v + 1)

Pixel strength at coordinates (u, v)is denoted by
I,(u,v) Here, the first-order differential image can
be defined as:

Vi,

In order to obtain pattern features from two images
of I, and VI, f,, is applied, which can be in one
of three different forms. The first form is applied
to the i th element of f,,, or f,; as a convolution
calculation:

= Ig,w+[g7y

bii=1Iy* fui (2)
b2,z’ = VIg * fw,i (3)

The term b; is the convolution calculation result
for the ¢th kernel defined within the range of 1 <
1 < 6. Following equations (2) and (3), the feature
vector vy (u, v)=[b11, ..., brsbo, ..., bos] | is ex-
tracted on the pixel at coordinates (u,v). With the
type of kernel and input image, we obtain s=6.
Secondly, f,, is used for extracting the statistical
parameters for the ith element f, ;. The term
bsi(u,v) is defined as the weighted average for
pixel I, on coordinates (u,v) in the kernel matrix
fwi- Next, the term by;(u,v) is the weighted
average for pixel VI, on coordinates (u,v) in the
kernel matrix f,;, and it is used for extracting
feature vector vo(u,v). The third form of pattern
extraction for the ith element f,; in f,, is also a
statistical parametric form. The term bs;(u,v) is
defined as the weighted standard deviation for the
pixel I, on the kernel matrix f,; on coordinates
(u,v). We also define b,,(u,v) as the weighted
standard deviation for the pixel VI, and this is
used to extract the feature vector vs(u, v). In short,
the algorithm performs /. — I, black-and-white
conversion for the two-dimensional input image /..
and produces the first-order differential image VI,
in order to extract pattern features.

With set operations of f,, kernel matrix on
the converted input image [, and VI, pattern
vector set V € {vy,va,...,Vi} is obtained, where
k is the total number of feature vectors for the
input image I. and the i th element of set V
is v; =[b1,by,...,bs]". The letter s denotes the
dimension of each feature vector. If we follow the
kernel matrix of equation (1) in this case, a feature
vector set V with k=3 and s=12 is produced.



B. Three-dimensional Pattern Feature Extraction

The three-dimensional pattern feature extrac-
tion is performed on the color input image /..
Following the same principles as in the two-
dimensional pattern feature extraction, we define
a three-dimensional kernel trifocal tensor set f; €
{for1:fi2 -5 fig}> which is an extension from the
two-dimensional kernel in equation (1), in order to
find the pattern vector set V' for the input image
I.. The extended three-dimensional kernel tensor

' | as an extension from the kernel matrix f, ; in

q7
equation (1) is defined as follows:

1 -1 1 -1 1 -1
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The index i in the trifocal tensor f; ,; denotes
the matrix plane within the tensor and it consists
of extended f,, — f; as in equation (1). The first-
order differential image VI. can be defined as
follows for each color plane I.,, I.4, I.; in the
color image I.:

vjc,'r= c,r,x +]c,'r,y
Vieg=lcgatlegy
VIc,b=Ic,b,ac"'Ic,b,y

Here, VI.,, VI., ,and V., denote the first-
order differential image on each of the RGB color
planes. The equation to extract a pattern feature
vector set V' from a three-dimensional image
I. and VI, extends the equation for the two-
dimensional image. Similar to the two-dimensional

case, vfl(u, U) = [b771, e ,b7’s, b&l, R ,b&S]T
is found with b;; and bg;; vi(u,v) =
|:b971, Ce ,b975, b10,17 . ,b1075} with bg,i and

blO,i; Ué(U, U) = [bu,l, cee ,bn,s, 512,17 ceey le,s] '
with by;; and b;2,;. Following the type of kernel
and input image, we obtain s = 12. The three-
dimensional input image /. is processed to obtain
V1. similarly as in processing two-dimensional
pattern features, and a pattern vector set V'
€ v,0h,...,v; is extracted by performing set
operations with f; kernel tensor set on the input
image I. and VI.. The ¢ th element in V’, is
defined as v, = [bl,bg,...,bs]T; following the

kernel matrix of equation (1), we obtain a feature
vector set V' where k=3 and s=12.

III. IMPLEMENTATION OF PATTERN
FEATURE-BASED CLASSIFIER

From the feature vector sets V' and V' extracted
from the input image dataset, we implemented an
SVM classifier, which is defined as a Lagrange
optimization problem as in equation (3), which
finds a hyperplane with maximum margins:

max, L(a) =
n 1 n n
e 3 S e K0
i1 =1 j=1

S.t. ya:0,0gaiS%(f’ﬁ)

The class label variable y in this paper satisfies
y € {1,1}; b is the feature vector of extracted
pattern features.

IV. EXPERIMENT AND ANALYSIS

To test the performance of our proposed algo-
rithm, we downloaded from the Internet images
of apples, people, landscapes, and buildings to
distinguish synthetic and real images. In [Figure
2], examples of the images selected are shown.

(<€) (d)

FIG 2: four kinds of synthetic/real images for
image classification (a) apple, (b) face, (c) land-
scape, and (d) building

For algorithm evaluation, we collected 100 files
for each category of synthetic and real images
each and performed a 5-fold cross-validation. We
trained our classifier with 80 synthetic and 80 real
images for each category and tested the classifier
with 20 synthetic and 20 real images. We made 21
different compositions of training and test images



for experiment and calculated precision and recall
values:

Here, tp, fp, and fn denote true positive, false
positive, and false negative, respectively. In [Table
1], precision and recall results for each category
are shown.

o . _ tp
precision = T
recall = P
apple real synthetic | precision
real 144 66 | 0.686
synthetic 137 73 | 0.348
recall 0.512 0.525 | 0.517
0.519
face real synthetic | precision
real 189 21 | 09
synthetic 89 121 | 0.576
recall 0.68 0.852 | 0.738
0.766
landscape real synthetic | precision
real 127 83 | 0.605
synthetic 139 71 | 0.338
recall 0.477 0.461 | 0.471
0.469
building real synthetic | precision
real 169 41 | 0.804
synthetic 124 83 | 041
recall 0.577 0.677 | 0.607
0.627

TABLE I: precision-recall by category.

V. CONCLUSION

In this paper, we proposed a classification
method for images in the same category. Exploit-
ing pattern features (texture) showed improved
classification accuracy over other classification
methods based on points and edges. In our future
work, we will advance from the current form of
kernels and extract more detailed feature extraction
and different types of statistics data for localized
areas in images.
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