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Abstract

Visual-based automatic product image
classification is a great need and chal-
lenge work for e-commerce field. Pre-
vious work tested few number product
categories with one or two descriptors.
For the task of product classification over
large number categories, we employed
kernel-based SVM classifier combining
multiple features, including one global
descriptor and three complimentary local
descriptors. Furthermore, we investigate
four ways to combine discriminative fea-
tures for SVM classifier. Experiments on
the product image dataset (PI 100)
showed the performance improved signif-
icantly by features fusion.
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1. Introduction

We investigate the problem of visual-
based automatic product image classifica-
tion for e-commerce, which has potential
use in product tagging[l] and tagging-
based image searching [2]. Just as the
saying goes, “One picture is worth a
thousand words”, product tagging with
human is not only labor-intensive but also
hard to be accurate and complete [11].
Consequently, it is a great need of e-
commerce development to achieve visual-
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based automatic product image classifica-
tion.

In this paper, we aim for categorizing
images automatically by the product types
(i.e., such as piano or guitar) or by some
subtle distinctions (such as pointynesss or
non- pointyness of toes). It is one specific
application of content-based image classi-
fication, most methods of which mainly
use supervised learning methods, combin-
ing underlying feature-based modeling
with intermediate semantic analysis to
achieve classification results [3-7]. Al-
though our tasks are often with tamer pic-
tures than natural images (where the ob-
ject dominates the image and there is little
background clutter), it is still a challeng-
ing problem for the large number of cate-
gories and intra-class variations. Ref. [1]
explored the feasibility of tagging prod-
ucts through supervised image classifica-
tion. They achieved accuracies between
66% and 98% on 2- and 3-classes classi-
fication tasks. Ref. [11] proposed a fast
supervised image classifier which is
based on class-specific descriptor and Im-
age-to-Class distance and achieved 84%
for 30 product classes. However, such a
small number they tested was far from
real application. In fact, for a large num-
ber of classes, single descriptor cannot be
optimal in all situations to alleviate the
effect of intra class variations. Moreover,
the importance of different types of fea-
tures varies with from task to task. It may
require a proper combination of relevant
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features to yield a good representation.
Bosch etc [3] made state-of-the-art per-
formance on Caltech101 object classifica-
tion test with combining linearly two lo-
cal descriptors (PHOW and PHOG) and
spatial pyramid kernels. As an extension
of the pioneer work, we employ one
global descriptor (GIST [4]) with three
complimentary local descriptors (shape
descriptor PHOG [5], appearance descrip-
tor PHOWJ[6], texture descriptor P-
LBP[7]) as the image representation set.
Furthermore, we investigate the ways to
combine  discriminative features with
diverse type of kernels for Support Vector
Machine (SVM) classifier. Kernels define
(possibly nonlinear) similarities between
data points and allow abstracting learning
algorithms from data, and different ker-
nels generate different structures in the
embedding space. We intend to construct
a number of kernel matrices correspond-
ing to each specific type of image feature.
Consequently, combining features is
equivalent to fusing kernel matrices. We
tested four methods to combine the ker-
nels for boosting the performance (see
Part 3). The algorithms are tested on pub-
licly available product datasets PI 100
and exhibit good performance.

The rest of our paper is organized as
follows. Section 2 describes the image
representation with multiple features
(GIST, PHOG, PHOW, PLBP), while
Section 3 gives details of SVM Classifier
with the multiple kernels combination.
Experiment setup and typical results are
described in Section 4. The final part
concludes with suggestions for future re-
search.

2. Image Representation

None of the feature descriptors have the
same discriminative power for all classes.
For example, shape may be a good fea-
ture to distinguish between cars and air-
planes but it is not good to distinguish be-
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tween horses and zebras [3]. It is better to
adaptively combine a set of diverse and
complementary features (such as the
global and local, appearance, shape and
texture) to discriminate each class from
all other classes.

2.1. GIST (Global descriptor)

Humans can recognize the gist of a novel
image in a single glance as they use glob-
al scene factors before analyzing the im-
age in detail. The Global descriptor GIST
[4] consists of a set of perceptual dimen-
sions (naturalness, openness, roughness,
expansion, ruggedness) that represent the
dominant spatial structure of an image.
These dimensions may be reliably esti-
mated using spectral and coarsely loca-
lized information. To compute the color
GIST description the image is segmented
by a 4 by 4 grid for which orientation his-
tograms are extracted. Our implementa-
tion takes as input a square image of fixed
size and produces a vector of dimension
960.

2.2. PHOW (Local appearance de-
scriptor)

The descriptor consists of visual words
computed on a dense grid, which will be
referred to as appearance. It works by
partitioning the images into increasingly
fine sub-regions and computing histo-
grams of local features found inside each
sub-region. The local features are ex-
tracted with dense sampling and
represented with SIFT descriptor. To
cope with empty patches, we zero all
SIFT descriptors with L2 norm below a
threshold (200). The K-means clustering
is performed over 10 training images per
category selected at random; we thereaf-
ter created a 200-elements vocabulary.
Therefore, an image is represented as a
Pyramid Histogram Of Words (PHOW)
descriptor. In our experiments, the sam-
pling interval was set to 8 pixels, each
16x16 pixel block formed a 128-
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dimensional SIFT feature vector. The op-
timal setting of pyramid level L is 3,
which followed Ref. [6]. The PHOW is
normalized to sum to unity taking into
account all the pyramid levels.

2.3. PHOG (Local shape descriptor)

Histogram of Orientated Gradients (HOG)
[8] is a useful shape descriptor which is
based on evaluating well-normalized lo-
cal histograms of image gradient orienta-
tions in a dense grid. HOG has taken the
spatial distribution of the image into ac-
count. However, it is ignored that the
combination at different spatial scales has
a space effect on the performance of re-
trieval and classification. In view of this,
Bosch etc [5] proposed the PHOG de-
scriptor which is captured by titling the
image into regions at multiple resolutions
and consists of a histogram of orientation
gradients over each image sub-region at
each resolution level. Followed Ref [10],
the number of bins K was set to 40, and
the pyramid levels was set to 3 (in fact,
the performance was found not to be very
sensitive to the value of K). The PHOG is
normalized to sum to unity, which en-
sures that the images with more edges are
not weighted more strongly than others
[10].

2.4. PLBP (Local texture descriptor)

Local Binary Pattern (LBP) is a simple
yet very efficient texture operator which
labels the pixels of an image by thre-
sholding the neighborhood of each pixel
with the value of the center pixel and
considers the result as a binary number
[7]. The original LBP operator forms la-
bels for the image pixels by thresholding
the 3 x3 neighborhood of each pixel with
the center value and the values of the pix-
els in the thresholded neighborhood are
multiplied by the binomial weights given
to the corresponding pixels. Finally, the
values of the eight pixels are summed to
obtain the LBP number for this neighbor-

hood. The 256-bin LBP histogram com-
puted over a region is used for texture de-
scription. LBP is invariant against any
monotonic gray scale transformation and
has characters of computational simplici-
ty. However, the original LBP descriptor
hasn't taken the spatial distribution into
account. To overcome the challenge, we
borrowed the idea of pyramid representa-
tion from PHOW [6] and PHOG [5] to
build the pyramid spatial LBP (PLBP). In
view of the trade-off between the effec-
tive and compute efficiency, the pyramid
level was set to 2 in our experiments.

3. SVM classifier with multiple ker-
nels

For a given test image the learned clas-
sifier has to decide which class the image
belongs to. Support vector machines
(SVMs) are considered a good candidate
from many learning choices (decision
trees, neural networks etc.) because of its
high generation performance without the
need of a-prior knowledge. In support
vector machines (SVMs), the data repre-
sentation is implicitly chosen through the
so-called kernel K (x;; x;), which implicit-
ly maps examples x to a feature space
given by a feature map @ (X). via K (xi;

Xj) =®(Xi)*q)(xj) . This kernel defines
the similarity between two examples xi

and xj. Through the ‘kernel trick’, class-
fiers can be learnt and applied without
explicitly computing @ (X). The only re-
quirement is that K must be a positive de-
finite (PD) function, which guarantees the
existence of a feature map.

The choice of the kernel largely influ-
ences the performance of the algorithm,
and it is imperative to choose a suitable
kernel for a given learning task. The sin-
gle kernel types we tested are as follows:
(1) Linear kernel
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k(h,h"Y=h"h"; (1)
(2) Gaussian kernel

ke(h, 1) = exp(— | h—h'|[" /25%)
(Foro >0); (2)

(3) Chi-square kernel
k(h,h")=exp(—yy°(h,h')/d) 3)

ho—h ')
2h,h'= _(k k
rhhy=3, Thh

(3) Intersection kernel

k(h, i)=Y min(h,,h") (4)

Where /1, ,h," are two bins of feature

distribution function (i.e. histogram) h
and h', the band-width d is set to the mean
chi-square distance between all pairs of
training samples. In total 4 features are
used, each with pyramid levels except
global descriptor GIST. Therein, nine fea-
ture kernels are obtained with four kernel
types.

Four modes are implemented to com-
bine the kernels for boosting the perfor-
mance.

(1) Global kernel selection (GKS). For
each specific task, all the classes have the
same weights, the best (global) kernel is
automatically identified by the fivefold
cross-validation.

(2) Global kernel linear combination
(GKLC) .The combining kernel is set as
follows.

k)= d K (hg ) )

Where dj is the weight of the specific
kernel corresponding to the feature f and

472

its pyramid level 1. In this case, all the
classes have the same weights for a par-
ticular kernel. This means that we only
need learn L (the number of kernels) pa-
rameters regardless of the (large) number
of categories. Nevertheless, hand-tuning
kernel parameters can be difficult. Mul-
tiple Kernel Learning [9] (MKL) seeks to
address this issue by learning the linear
combination kernel from training data.
We use the open MKL software (Sim-
pleMKL  Toolbox, http://  asi.insa-
rouen.fr/enseignants/ ~arako to
m/code/mklindex.html) to learn an optim-
al combination of kernels, each of which
captures a different feature channel.

(3) Class-specific kernel selection
(CSKS). In this mode, the 'best kernel'
varies from class to class. Instead of
searching a global best kernel, we select
specific optimum kernel for each specific
class by the fivefold cross validation..

(4) Class-specific kernel linear combi-
nation (CSKL).

k() =3 dyK () (6)

Different categories will require the
different combination of descriptors to
distinguish them. Instead of learning
weights common across all classes, the
weights are learnt for each class separate-
ly to optimize classification performance
for that class. It is necessary to learn N
(the number of categories) times parame-
ter values than the global combination
mode. We also use SimpleMKL Toolbox
to get the optimum kernel combination
for each specific class. For above all, we
resolve multiclass decisions by using one-
versus-one classifiers.

4. Experiments

4.1. Image data set
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We tested our algorithms on Microsoft
research's product image categorization
data set (PI 100), which was collected
from the MSN shopping web site http://
shopping. msn. com / ). PI 100 contains
ten thousands low resolution (100x%100)
images in 100 categories, each image
contains a single object or one dominant
object in relatively stable forms, just as
most product images appear on the Web.
Table 1 shows some sample images from
PI 100.The experiments were performed
on an Intel Pentium CPU 2.66GHz com-
puter running Windows XP and MAT-
LAB7.1 with IGB RAM. The LibSVM
implementation and the SimpleMKL
Toolbox are used to train the classifier. In
this experiment, we split the total images
of each category into two sets: 10% as the
query set, 15%, 30% as the training set,
respectively. All experiments are repeated
ten times with different randomly selected
training and testing images, and the aver-
age of per-class recognition rate is rec-
orded for each run.

4.2. Results & Discussion

1) The performance of each descrip-
tor with single kernel.

Firstly, we tested the SVM classifier with
each feature at each pyramid levels. The
kernel types we computed include linear
kernel, RBF kernel, intersection kernel
and chi-square kernel. A summary of test
results is listed in Tab.2.

As shown in Table 2, we arrived at the
following review.(i) compared to the his-
togram intersection kernel and chi-square
kernel, linear kernel and RBF kernel per-
formed much worse, which suggested that
the two kernels are not fitted for the his-
togram-based image feature representa-
tion. This also indicates that the perfor-
mance of histogram representation is sen-
sitive to choice of kernel metrics and re-
lies heavily on the classifier. That is, the
superior performance of chi-square ker-
nels comes from the specific nature of the

histogram representation. (ii)The overall

accuracies grow as the pyramid level in-
crease. In general, the spatial matching
plays an important role in boosting prod-
uct classification performance. However,
it is not exactly for each specific class.
For the categories with much inner-
variation (e.g. the Cellphones), high py-
ramid level matching could degrade the
performance [3] . (iii) For the overall per-
formance, the SIFT based appearance de-
scriptor PHOW perform better slightly
than three other descriptors (yet not ex-
actly for each specific image).

helmet

Crib

Curtain

erring

flower

jacket

Table 1: some samples of product image set
(P1 100).

2) Combination of multiple features
We tested four combination methods as
mentioned in part [II, in which chi-square
kernel is selected for its comparative su-
perior performance. A summary of test
results is listed in Tab.3.

! we also tested with combination of several

different kernel types, but the performance of
combination is inferior slightly to that of the
best one.
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Lincar | RBF | mtersec- Chi-
tion square
LO 36 32.4 414 47
PHOG | L1 60.6 49.8 69 71.6
L2 69 53.2 71 77.4

Lo | 39.6 352 44.4 45.8

phgow | L1 61.8 53 70.8 72.4

L2 71 64.4 76.2 78.1

LO | 414 344 60.2 62.4
PLBP

L1 52.4 46.2 72.6 74.4

GIST 71.4 64.4 75.8 76.5

Table 2: Performance (%) of SVM classifier
with single kernel (for RBF kernel:
¢=0.07,C=1000).

GKS | GKLC | CSKS | CSKL

PHOG 77.4 78.8 77.9 78.4

PHOW 78.1 79 79.1 80.8

PLBP 74.4 75.9 76.2 76.8

GIST 76.5 77.4 78.2 78.6

Com-

N 78.1 80.2 79.1 83.7
biantion

Table 3: Result of four combining methods(%).

Table 3 illustrates the class-specific
kernel methods boost the performance
apparently by comparison with the two
global ways, while the performance of
kernel selection is slightly inferior to that
of the kernel linear combination. The ad-
vantage of learning class-specific feature-
weights is that classes have the freedom
to adapt if there is more or less intra-class
spatial variation. The disadvantage is that
the solutions need much more computa-
tion work.

Compared with Ref.[11] which adopted
single descriptor and obtained 84% accu-
racy on just 30 product classes, our algo-
rithm achieved similar performance on
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much more categories through features
combination .

5. Conclusion

The first contribution of the paper is the
image representation combining both lo-
cal and global as well as appearance,
shape and texture based features, thereby
a versatile product representation is de-
rived. Moreover, a series of experiments
have shown the properties of each single
kernel type and their combining approach
which yielded competitive performance
in the product image classification. As no
single feature is sufficient for handling
diverse intra variation among broad cate-
gories, it is a long way to design more
discriminative robust visual features and
effective ways of fusing various comple-
mentary informative kernels. On the other
hand, it is a potential effective paradigm
to turn some pre-processing choices (such
as the codebook size and the spatial ker-
nel set) into kernel parameters [10]. And
last but not least, for resolving product
classifications over a large number of cat-
egories, there is of necessity to construct
the framework matching human visual
system and embed rich a-prior knowledge
through various ways.
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