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Abstract

Visual categorization is fundamentally important for au-
tonomous mobile robots to get intelligence such as novel
object acquisition and topological place recognition. The
main difficulty of visual categorization is how to reduce the
large intra-class variations. In this paper, we present a new
method made robust to that problem by using intermediate
blurring and entropy-guided codebook selection in a bag-
of-words framework. Intermediate blurring can reduce the
high frequency of surface markings and provide dominant
shape information. Entropy of a hypothesized codebook can
provide the necessary amount of repetition among train-
ing exemplars. A generative optimal codebook for each
category is learned using the MDL (minimum description
length) principle guided by entropy information. Finally, a
discriminative codebook is learned using the discriminative
method guided by the inter-category entropy of the code-
book. We validate the effect of the proposed method using a
Caltech-101 DB, which has large intra-class variations.

1 Introduction

Intelligent mobile robots should have visual perception
capability akin to that provided by human eyes. Let’s as-
sume that a mobile robot is put in a strange house environ-
ment. It will wander the house and categorize each room
as a living room, kitchen, or bathroom. Additionally, it will
categorize novel objects such as the sofa, TV, dining table,
or refrigerator. As we can see in this scenario, the two ba-
sic functions of an intelligent mobile robot are categorizing
places and objects for automatic high-level learning about
new environments. In the current state-of-the-art, topologi-
cal localization remains at the level of image identification
or matching for a specific environment [9,13]. Object iden-
tification (recognition) of the same objects is almost ma-
tured due to the robustness of local invariant features such

Figure 1: Examples of surface markings for a cup category.

as SIFT and G-RIF [7, 14]. Currently, the categorization of
general objects is an active research area in computer vi-
sion [6, 15].

However, visual categorization is a very challenging
problem due to large intra-class variations. Among many
sources of them, such as geometric and photometric varia-
tions, surface markings are dominant. Fig. 1 shows several
cups. Note the various surface markings at the interior re-
gions of the cups. The effect of surface marking is much
larger in man-made objects than in animals or plants due to
creative design for beauty.

To our best knowledge, there has been no work published
on the reduction of surface markings in object categoriza-
tion. Most researchers have focused on how to minimize
intra-class variations of object shape. We can summarize
the current object representation approaches as shown in
Fig. 2. As the strength of a geometric relation is weaker,
the amount of intra-class variation is smaller. At the same
time, the discrimination power is reduced. PCA can repre-
sent whole objects directly and is very weak to geometric
variations [12]. The constellation model of visual parts can
handle geometric variations more flexibly [6, 16]. Flexible
shape samples can represent large variations of shapes [2].
Bag of words, derived from document indexing, is a very
robust method to visual variation because it considers no
geometrical relations [3]. Texton, which is a more gener-
alized version of bag of words, can categorize textured re-
gions such as sea, sky, and forest [20]. A compromise of
both extremes is the implicit shape model, which assigns
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Figure 2: Summary of object representation schemes in terms of
geometric strength and intra-class variation.

pose information for each codebook [11].

In this chapter, our object representation is based on the
bag of words approach to take advantage of its simplicity
and robustness to large geometric variations. However, we
focus on reducing surface marking problems during visual
word or codebook generation. Our key idea is twofold: One
is to apply intermediate blurring to extract important object
shape information. It is motivated from cognitive experi-
ments showing that human visual systems can categorize
blurry objects very quickly [1]. The other is based on infor-
mation theory. Entropy of a hypothesized codebook among
training instances should be high for surface marking reduc-
tion, and entropy among different categories should be low
for discrimination.

2 Background of bag of visual words

The term visual words originated from linguistics [5].
A paragraph consists of a set of words. Likewise, we
can think of a scene or an object as composed of visual
words. Recently, the bag of visual words approach has
shown very promising results on visual categorization prob-
lems [3, 4, 15, 20]. Although it is a very simple represen-
tation, it can handle large geometric variations because it
discards geometric relationships among features. The basic
steps for the bag of visual words approach are visual word
generation, histogram building, and classifier learning. The
key issue of the visual word-based classification is how to
learn the optimal set of visual words, or codebook. Csurka
et al. selected the optimal set of visual words by k-means
clustering [3]. The size of k is empirically selected by cross
validation of the training set. Winn et al. proposed a pair-
wise feature clustering method that maximizes inter-class
variation and minimizes intra-class variation [20]. Previous
approaches do not consider surface marking problems for
optimal codebook generation.
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Figure 3: Overall categorization system for surface marking ro-
bustness. Intermediate blur and stage 1 blocks provide key roles
for the reduction of surface markings.

3 Robust categorization to surface markings

3.1 Overall categorization system

The proposed object categorization system is composed
of feature extraction, codebook generation, and classifica-
tion, as shown in Fig. 3. First, we extract dense features
after intermediate blur. Then an intra-class codebook is
learned using the model selection method of entropy-guided
MDL (minimum description length) as the intra-class train-
ing set. These intra-class codebooks are further learned in
a discriminative way using entropy-guided codebook selec-
tion as the inter-category training set. Then each training in-
stance is represented by histogram using the optimal code-
book learning. Finally, classification is conducted using ei-
ther SVM (support vector machine) or NNC (nearest neigh-
bor classifier) by varying distance metrics. The most impor-
tant blocks for surface marking reduction are intermediate
blur and stage 1. Details of the system are explained in the
following sub-sections.

3.2 Information theoretic parameter se-
lection for features

The first issue in the bag of visual words approach
is how to extract local features. Direct application of
sparse scale invariant features such as SIFT [14] and
G-RIF [7] to Caltech-101 DB (available at http://www.
vision.caltech.edu/htmlfiles/archive.html) shows very dis-
appointing results: a 26.8% correct classification rate us-
ing 15 images for training and 15 images for testing (using
Berg’s evaluation method [2]). So, we need to find an opti-
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Figure 4: Evaluation of feature parameters (blurring, region size,
sampling interval) in terms of intra- and inter-category differences
of entropy.

mal set of feature parameters, such as level of blur, location
of sampling points, size of region, and image scale.

Motivated from the basic constraint (maxVar(inter-
class)/Var(intra-class)) and entropy in information theory
[17], the codebook (F ) should have high entropy (H(C|F ))
within a category , and low entropy among categories. For
the evaluation, we used a PCA-GRIF descriptor (5-dim) and
calculated entropy in a partitioned feature space. For a given
partition A = {Ai}, entropy is H(A) = −∑

i pi log pi

where pi is the relative bin count. We set the partition as
10/cell and used 10 selected categories. Due to the proper-
ties of the Caltech DB, we set the scale as fixed. The final
parameter is selected at the value where the difference of
inter-category entropy and intra-category entropy is maxi-
mized. Fig. 4 shows the evaluation results. According to
the maximum value, we set the blurring level as σ = 4

√
2,

region radius as 26 pixels, and the sampling interval at 20
pixels.

Finally, we also evaluated the edge sample and dense
grid sampling types with the optimal feature parameters.

Figure 5: Evaluation (confusion matrix) of sampling type: (left)
edge sampling, (middle) grid sampling, (right) edge-grid sam-
pling. Edge-grid sampling shows better performance.

High entropy

low entropy( | )iH C F

High entropy

low entropy( | )iH C F

Figure 6: Observation for repeatable parts (high entropy) and sur-
face marking parts (low entropy).

The evaluation was conducted using conventional k-means
clustering for codebook generation and bag of visual words
framework with an NNC classifier for segmented objects.
The edge-grid sampling shows upgraded performance as
shown in Fig. 5. So, we used edge-grid sampling with the
selected feature parameters.

3.3 Stage1: Intra class codebook genera-
tion (generative)

In stage 1, we have to minimize intra-class variations.
The main cause of large intra-class variation is surface
markings, which have various patterns for object instances.
As shown in Fig. 6, the surface markings can be removed
by finding repeatable parts or high-entropy parts.

Based on this relation of entropy and surface markings,
we can conduct model selection using MDL more effi-
ciently. The MDL criteria can provide an optimal code-
book in terms of fitting distortion and model complexity, as
shown by [18]
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Algorithm 1 Class-specific codebook generation
Given: category-specific local features

Goal: make codebook

Step 1. Extract edge-grid features for

each category.

Step 2. Make initial codebook using

appearance-based clustering [8].

Step 3. Starting from this initial

codebook.

Evaluate MDL

If MDL is minimum, stop.

Else

Remove one codebook that has lowest

entropy. Go to 1.

Λ̂(X, θ) = argmin
{
− logL(X, θ) +

K(V + 1)
2

log N

}

where L is likelihood of data fitting, X is training features,
θ is parameters (mean and var for codebook), K is the num-
ber of codebook, V is the number of parameters per code-
book, and N is the number of features. Fig. 7 shows the
MDL model selection curve and the properties of the se-
lected codebook. Note that our codebook can find semanti-
cally meaningful parts for the training instances regardless
of various surface markings.

The key point for surface marking reduction is to remove
codebook candidates that have low entropy. An initial code-
book is generated using two steps of agglomerative clus-
tering (bottom-up) and k-means clustering (top-down) [8].
The detailed algorithm for intra-class codebook selection is
shown in Algorithm 1.

3.4 Stage2: Inter class codebook genera-
tion (discriminative)

Given the category-specific codebooks learned in stage
1, we have to select a discriminative universal codebook for
bag of visual words-based classification. We can obtain a
discriminative codebook (Fopt) by maximizing the poste-
rior of class labels given training examples and a hypothe-
sized universal codebook. The key point in this approach
is to select a removable codebook using the inter-category
entropy of a codebook that has large entropy (ambiguous
codebook). If we define {F} as a hypothesized universal
codebook, Ic

i as the i-th object instance belonging to cate-
gory c,and l as the category label, then the posterior can be
formulated as

6262

(a) MDL graph for airplane category

(b) Examples of selected optimal codebook

Figure 7: Entropy-guided MDL graph and its example parts cor-
responding to selected codebook. Note that similar parts are se-
lected regardless of surface markings.

Fopt = arg max
F

{
∏
c

∏
i∈c

p(l|Ic
i , {F}}

= arg max
F

{log(
∏
c

∏
i∈c

p(l|Ic
i , {F})}

since

p(l|Ic
i ) =

p(Ic
i |c, {F})p(c, {F})∑

c′ p(Ic
i |c′, {F})p(c′, {F}) ,

assume uniform p(c, {F})
Fopt = arg max

F
{
∑

c

∑
i∈c

(log p(Ic
i |c, {F})−

log
∑
c′

p(Ic
i |c′, {F}))}

where p(Ic
i |c, {F}) = p(Hc

i |Hc
M ) ∝ exp (−KL(Hc

i , Hc
M ))

and KL(Hc
i , Hc

M ) =
|F |∑
j=1

(Hc
i (j) − Hc

M (j)) log
Hc

i (j)
Hc

M(j)
)

The posterior criterion in the 4th line of above equation
is used to select the optimal set for a discriminative code-
book. Fig. 8 shows the codebook search algorithm and its
learning graph. Fig. 9 shows the test results using only a
set of the intra-class codebook (|F | = 1062) and the dis-
criminatively learned universal codebook (|F | = 926) for
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Figure 8: Inter-category entropy-guided universal codebook se-
lection method.

Figure 9: Confusion matrix using non-discriminative codebook
and discriminative codebook. (left) Before discriminative learn-
ing, (right) after discriminative learning.

10 object categories selected from Caltech-101 DB.

3.5 Distance metrics and classification

After histogram building from the discriminative code-
book for all the training instances, we have to learn classi-
fiers with certain distance metrics. We can summarize these
as follows.
Distance metrics:D(Ht, Hm)

- Euclidean distnace:
D(Ht, Hm) =

∑
i (Ht(i) − Hm(i))2

- KL-divergence:
D(Ht, Hm) =

∑
i (Ht(i) − Hm(i)) · log (Ht(i)/Hm(i))

- Intersection:D(Ht, Hm) =
∑

i min (Ht(i), Hm(i))
- χ2 distance:D(Ht, Hm) =

∑
i

(Ht(i)−Hm(i))2

Ht(i)+Hm(i)

Classification
- NNC is the simplest classifier because it requires no

specific learning method. Each training histogram is re-
garded as a single prototype. So, for an unknown test his-
togram, a category label is assigned with the nearest proto-
type in the model database.

- Support vector machine (SVM) [19] can learn classi-
fication boundaries from training samples. It has been the
most powerful classifier until now. Recently, a kernel-based

Table 1: Summary of classification evaluation using a gen-
erative codebook (GC).

Method # of GC Eucl. KL-div Inters. χ2

NNC 1,036 71.3% 78.0% 76.6% 77.3%
SVM 1,036 74.0% 74.6% 76.0% 76.0%

Table 2: Summary of classification evaluation in terms of
classifiers, distance metrics, and type of codebook.

Method type # of CB Eucl. KL-div Inters. χ2

NNC GC 950 75.3 79.3 78.0 77.3
NNC GC 513 70.6 77.3 76.6 78.0
NNC DC 348 66.0 81.3 73.3 74.0
SVM GC 950 74.6 74.6 78.0 75.3
SVM GC 513 74.6 74.0 75.3 75.3
SVM DC 348 68.0 66.0 72.6 70.6

SVM was introduced that can learn non-linear classifica-
tion boundaries for complex data. In the extended Gaussian
kernel, we can use the distance metrics described above.
In the experiment section, we will compare these classifi-
cation methods using codebooks that are robust to surface
markings and discriminative.

4 Experimental results

We evaluated our categorization system using a Caltech-
101 DB. It consists of 48 man-made objects and 53 animals
and plants. In initial experiments, we selected 1 human
face and 9 man-made objects, such as airplanes, cameras,
cars, cell phones, cups, helicopters, motorbikes, scissors,
and umbrellas, which have large intra-class variations due
to surface markings. We randomly selected 15 examples
for each category and tested 15 unlearned cluttered exam-
ples. The first experiment was conducted using codebooks
obtained from stage 1 learning, which is fully generative
and robust to surface markings. Table 1 shows the clas-
sification results (confusion matrix) using NNC and SVM
with the different distance metrics. In this test, NNC with
KL-divergence showed the best classification results. DAG-
SVM for multi-category classification was worse than SVM
(One vs. Rest SVM).

In the second experiment, we evaluated the performance
of classifiers for a discriminative codebook (DC). Note that
the NNC classifier with KL-divergence using DC showed
the best performance (Table 2). The SVM classifier does
not show merit because we used a small set (15) of training
samples for each category.
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Figure 10: Extended experiment for the whole Caltech-101 DB
using NNC-KL div. classifier with DC.

Based on this finding, we extended the experiment to the
whole database. We selected the NNC classifier with KL-
div. distance. The DC was learned from each category-
specific GC. The average classification of our system was
48.58% for a cluttered test set. The current state-of-the-art
for the same database using the bag of visual words (single
level, L=0, 15 training) shows 41.2% [10]. Most incorrect
classifications are for animals and plants.

5 Conclusion

In this paper, we presented an object categorization
method focusing on surface markings in the bag of visual
words framework. We can minimize the effect of surface
markings based on the entropy of the codebooks. High en-
tropy in the intra-class codebook can remove surface mark-
ing parts (low entropy) in stage 1 learning. Additionally, a
discriminative codebook is also selected from the category-
specific codebook guided by the entropy of the inter-class
codebook. The high entropy codebook is removed first be-
cause it gives ambiguous class labels. Finally, we evaluated
those codebooks using NNC and SVM classifiers with dif-
ferent distance metrics. With the optimal set of features,
codebooks, and classifiers, we can get upgraded perfor-
mance in the bag of visual words framework. This work
for codebook selection and classification can be applied to
other complex categorization methods.
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