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Abstract—This paper presents an image feature extraction
algorithm that enhances the object classification accuracy in
the spatial pyramid matching (SPM) framework. The proposed
method considers the spatial statistics of the feature vectors
by calculating the moment vectors. While the original SPM
algorithm captures the spatial distribution of the image feature
descriptors, the proposed algorithm describes how such spatial
distribution is variant. The experiments are conducted using
two state-of-the-art SPM-based methods for two commonly used
datasets. The results demonstrates the validity of our proposed
algorithm. The cases where the proposed algorithm works well
are also investigated. In addition, it is demonstrated that the pro-
posed feature and adding more layers improve the classification
accuracy in different situations.

I. INTRODUCTION

This paper proposes additional features for the SPM-based
image recognition, which use the statistical information among
the feature vectors in sub-regions. In conventional SPM, the
input image is divided into 1x1,2x2,4x4 sub-regions. And
the features are extracted from each sub-region. Although
the spatial distributions of the local descriptors are somehow
encapsulated in the spatial pyramid structure, the statistical
information such as variance among the sub-blocks has not
been used so far. We demonstrate such spatial statistics helps
us to improve the classification accuracy. The proposed feature
has different effects from adding more layers. Therefore, it is
also possible to combine them to achieve better classification
accuracy.

Experiments were conducted using sparse coding SPM (Sc-
SPM) [1] and locality-constrained linear coding SPM (LLC-
SPM) [2] for Caltech-101 [3] and Caltech-256 [4]. The results
demonstrate that the proposed feature representation outper-
forms the conventional SPM-based approaches. In addition,
the proposed method is better than simply adding one more
layer of 3x3 when the intra-class variance is relatively small
(i.e., the Caltech-101 dataset). And, it is comparable to the
additional layer approach even when the intra-class variance
is large (i.e., the Caltech-256 dataset). It is also demonstrated
that the proposed features work very well in some cases
although the averaged classification accuracy improvement
seems small. The proposed feature can be incooperated into
other algorithms as long as they extract features from multiple
sub-regions.

The organization of this paper is as follows. Related works

are summarized in Section II. In Section III, the proposed
feature extraction algorithm based on the spatial statistics is
described. The experimental results showing the validity of
our algorithm is demonstrated in Section IV. An application
example is presented in V. The concluding remarks are given
in Section VI.

II. RELATED WORK

Bag-of-features (BoF) representation [5], [6] in conjunction
with spatial pyramid matching (SPM) [7] is a de facto standard
approach for image classification and object recognition. In the
BoF representation, local appearance descriptors are extracted
using such as scale-invariant feature transform (SIFT) [8],
histograms of oriented gradients (HoG) [9], etc. and they are
encoded and pooled to form a feature vector. If the feature
vector is generated only for the whole input image, information
of the spatial layout of the descriptors is discarded. On the
other hand, if the input image is partitioned into small pieces
of sub-regions and the feature vector is generated from each of
them, spatial-layout-aware feature vectors would be generated
but at the same time they would be too sensitive to spatial
variations. To overcome this problem, the SPM was proposed,
which partitioned the image into increasingly fine-grid sub-
regions and extracted histograms of local descriptors in each
sub-region. The concept is shown on the left half in Fig. 1. In
the SPM, the global feature was captured in the coarse-grid
histograms and local spatial information was described in the
finer-grid histograms.

After the success of the BoF model with the SPM, a
lot of techniques have been proposed to enhance the image
classification accuracy. For the BoF representation, instead of
doing hard voting [5] using vector quantization (VQ), soft code
assignment techniques were developed using Gaussian mixture
model (GMM) [10], distance-in-feature-space-based soft code
assignment [11], code word uncertainty (UNC) model [12],
and so on. Yang et al. [1] demonstrated that the sparse coding
(Sc) with max pooling outperformed conventional histogram-
based feature generation (i.e., average pooling). Then, locality-
constrained linear coding (LLC) [2] was proposed to ensure
that descriptors that were closer in the feature space were
assigned similar code words whereas the sparse coding did
not guarantee such constraint.
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Fig. 1. Concept of the proposed feature extraction method.

Regarding the SPM, partitioning strategy and weight as-
signment to sub-regions are often discussed. For instance,
the pyramid structure of 1x1,2x2,4x4 is employed in [1],
[2], [7] while 1x1,2x2,1x3 is also popular [13], [14], [15],
[16]. Lazebnik et al. [7] used a pyramid match kernel to
calculate the weights for each level of spatial pyramid. In
[17], pyramid kernel learning was proposed to obtain the
optimal kernel fusing weights from multiple scales, locations,
as well as codebooks instead of doing the brute-forth search
as in [18]. Harada er al., on the other hand, proposed a
discriminative spatial pyramid representation, which formed
the image feature as a weighted sum of semi-local features
over all pyramid levels [19]. Besides, simply concatenating
the feature vectors is also frequently used [1], [2].

Previous works that consider the spatial distribution of the
descriptors more in detail [7], [17], [18], [19] use only the
SPM structure and assign weights to the sub-regions. The
difference of our proposed algorithm is the spatial variance of
the features are statistically analyzed and used as additional
features.

III. FEATURE EXTRACTION BASED ON SPATIAL STATISTICS
A. Feature extraction algorithm

The concept of the proposed algorithm is illustrated in
Fig. 1. In addition to the conventional SPM-based features,
statistical information from the Ist order moment (mean)
vector up to the nth order moment vector is extracted for
each layer of the spatial pyramid. For instance, in the layer of
level 2, the average (lst order moment) vector is obtained
by averaging the 2x2 = 4 feature vectors. Note that the
moments are calculated for each layer considering all the sub-
regions in the layer, not in each sub-region. The dimension
of the moment vectors is same as that of the feature vectors
extracted from the sub-regions, e.g., the codebook size. The
SPM-based features and the extracted moment vectors are
then concatenated to form a final feature vector of the input
image. Using the moments in the feature vectors is common
in image retrieval [20], image classification [21], and so on.
However, such spatial statistics has not been discussed in the
SPM framework so far as far as the we know.

The proposed spatial statistics contributes in two ways.
First, such statistics analyze how the extracted features (i.e.,
the response to the codebook) are spatially variant. Although
the local spatial information is embedded in the conventional
hierarchical spatial pyramid, how such information is variant
among the others is not captured. The other contribution is its
non-linear feature representation of the extracted SPM-based
features. In most cases, a linear SVM is used for the clas-
sification because both the number and the dimension of the
feature vectors are very large. By adding non-linear features
and projecting the feature vectors to a higher dimensional
space helps the SVM to define better hyper-plain in many
cases. One might argue that such non-linear projection is
not mathematically optimal. However, even when a non-linear
SVM is employed, users have to conduct try-and-error-based
kernel selection from Gaussian kernels, polynomial kernels,
and so on along with optimal parameter setting.

The dimension of the generated feature vectors is

(12 + 22 + 4°)B + 2mB

for the 1x1,2x%x2,4x4 configuration where m is the number
of moments and B is the codebook size. The extra memory
usage and computational cost are the penalty we have to pay.

B. The cases where the proposed algorithm works better

One might think that it is apparent that the performance
would be improved if we use more features such as an
additional layer of 3x3' or 8x8 sub-blocks to the origi-
nal SPM. Hereafter, we call SPM (1x1,2x2,4x4), SPM
(1x1,2x2,4%x4,8x%x8), and SPM (1x1,2x2,3x3,4x4) as 3-
layer SPM, 4-layer SPM, and additional-layer SPM, respec-
tively. In fact, as demonstrated in Section IV, the averaged per-
formance improvement of our proposed algorithm as compared
to such approaches seems relatively small. However, there
are some cases in which the proposed algorithm works much
better than the original SPM and the SPM with additional
layers. Here, we classify such cases into three categories.

1) Case 1: Objects are shifted from the center: Although
objects seem to be placed in the center of the images, it is
not always true. In some cases, the objects are simply shifted
from the center and placed in the upper half or lower half of
the images as shown in Fig. 2(a). In other cases, although the
objects are aligned in the center, the the characteristic features
may exist in different sub-regions. For instance, in Fig. 2(b),
the black spots of the wild cats exists in the upper half in
the left image but they are in the left half in the right image
depending on the posture of the wild cat. The conceptual
comparison of the generated feature vectors is shown in Fig.
2(c). In the original SPM method, the generated feature vectors
are totally different because the the descriptors are in different
sub-regions. On the other hand, the spatial statistics (i.e., the
moment values of the sub-regions) is the almost the same.

2) Case 2: Background features are uniformly distributed
over the image: Since the images usually contain not only

Ithough it is recommended that the [-th layer have 2!—! x 2!—1 sub-blocks,
it is also possible to add such a layer.
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Fig. 2. Case 1: the proposed works better when the objects are shifted from the
image center. (a) The objects are simply in different regions. (b) The objects
are almost in the center of the image but the characteristic features are in
different regions. (c) Generated features in such cases where ”A” represents
the code assigned to the descriptors.

the target objects to classify but also unrelated background,
the descriptors extracted from the background region can be-
come a noise to degrade the classification performance. When
the background images have uniformly distributed texture as
shown in Fig. 3(a), the moments for the codes in background
would become close to zero as explained in Fig. 3(b) and
yield no information while some meaningful information is
extracted from the moments for the foreground objects.

3) Case 3: Image similarity/dissimilarity is enhanced:
Adding another layer such as 3x3 sub-blocks tries to cap-
ture the distribution of the descriptors with different spatial
coarseness. On the contrary, the proposed spatial statistics
provides different aspect of of the spatial distribution of the
descriptors. The similarity or dissimilarity of the images can
be enhanced in some cases. This also means that if the intra-
class variance is large, the proposed work would not contribute
to the performance improvement.

B
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Fig. 3. Case 2: the proposed works better when the background texture is
uniform. (a) Sample images. (b) Generated features in such cases where A”
and "B” represent the code assigned to the descriptors of the foreground
objects and that to the background, respectively.

C. Combining multiple approaches

The additional-layer SPM, on the other hand, considers a
finer level of details. It works better than the SPM + spatial
statistics in a different situation: when the object in the image
is well aligned. Since the conditions where the additional-layer
SPM works better and those where the SPM + spatial statistics
works better are different from each other, it is also possible
to combine the multiple approaches. One possible approach is
comparing the confidence values yielded from the classifiers
as proposed in [22].

IV. EXPERIMENTAL RESULTS
A. Experimental setup

In this paper, two state-of-the-art approaches are employed:
ScSPM [1] and LLCSPM [2]. Note that the proposed algo-
rithm is general and can be applied to any other approaches
as long as they extract feature vectors from sub-regions such
as the spatial pyramid framework. The proposed algorithm
has been implemented based on the source codes available
on the authors’ project page’ in order to purely focus on
the difference between the original SPM and our proposed
method. Our proposed work is also compared with the SPM-
based method with an additional layer of 3x3 and 8x8
(only for Caltech-101 dataset due to the limitation of the
computational resources). The parameter for the constraints
violation (C) is optimized for each case.

Our descriptor extraction followed the one in [1]. Namely,
the SIFT descriptors extracted from 16 x 16 pixel patches were
densely sampled from each image on a grid with step size of 6
pixels. The images were all preprocessed into gray scale. Note
that the local descriptor used in [2] was HoG [9] but in this
paper SIFT is employed because the source code mentioned
above also assumed SIFT. A simple linear SVM was used as
the classifier.

Zhttp://www.ifp.illinois.edu/ jyang29/resources.html



The order of the moment n was set up to 6. And all the
possible combination of moments were tested. In the combi-
nation method, the accuracy for each class was investigated
using the test data by an one-leave-out method and the most
probable class was taken.

B. Overall Performance for Caltech-101 Dataset

The Caltech-101 dataset [3] contains 9,145 images in
101(+1 for background) classes including a variety of objects
(animals, vehicles, flowers, etc), with large variance in shape.
On the other hand, the position, orientation, and size of
the objects are roughly aligned. The number of images per
category was from 31 to 800. The images were resized to be
no larger than 300 x 300 pixels with preserved aspect ratio. We
mostly followed a common testing procedure as in: 30 samples
were randomly picked up from each class and the rest of
them were used for testing. This process was repeated 5 times
and the performance was measured by using average accuracy
over 102 classes (102 accuracy values were averaged). The
codebook sizes were set as 1,024 for Sc and 2,048 for LLC,
respectively, by following the settings in [1], [2].

The performance comparison between the SPM and the
proposed method is shown in Table I. The classification
accuracy is not from the papers [1], [2] but is obtained by
running the authors’ source codes. It is shown that the SPM +
spatial statistics works better than the 3-layer SPM (by 1.8%
for Sc and 2.2% for LL.C) and the additional-layer SPM (by
0.8% for Sc and 0.7% for LLC). It is even better than the
4-layer SPM (1x1,2x2,4x4,8x%8) by 0.5-0.6%. In fact, the
4-layer SPM is only 0.2% better than the additional-layer SPM
even though the feature vector dimensions are very different:
30B for the additional-layer SPM and 73B for the 4-layer
SPM. This indicates that the proposed feature grabs another
aspect of the spatial distribution of the descriptors and is
different from simply adding extra SPM layers.

We applied Welch’s t test to determine the statistical
significance of the differences. In Sc, both additional-layer
SPM (1x1,2x2,3x%x3,4x4) and SPM + spatial statistics were
better than the original SPM and the difference is significant
(p < 0.05). The difference between the additional-layer SPM
(1x1,2x2,3%x3,4%x4) and the SPM + spatial statistics were
marginally significant (p < 0.1). It can be observed that
although the dimension of the feature vectors in our pro-
posed work is slightly smaller than the additional-layer SPM
(1x1,2x2,3x3,4%x4), we can achieve better classification
performance. In LL.C, the difference between the original SPM
and the other two is statistically significant (p < 0.01). The
difference between our proposed method and the additional-
layer SPM (1x1,2x2,3%x3,4x4) is also statistically signifi-
cant (p < 0.05).

Table II shows the performance comparison with recent
related works. We can observe that the proposed work out-
performs even some of the state-of-the-art works [19], [23],
[24], [25], [26]. Although there are some works that yields
better accuracy than ours such as [27], [28], [29], they also

TABLE II
CLASSIFICATION RATE (%) COMPARISON ON CALTECH-101. THE
RESULTS WITH (*) WERE OBTAINED BY EXECUTING THEIR SOURCE CODE.

Algorithm | Accuracy
SPM [7] 64.40+0.80
Caltech-256 [4] 67.60
NBNN [30] 70.40
ML+CORR [31] 69.60
Kernel Codebook [12] 64.14+1.18
ScSPM [1] 73.240.54
*ScSPM [1] *72.1
LLCSPM [2] 73.44
*LLCSPM [2] *71.2
Code Relation [23] 74.25
D-SP [19] 67.2140.67
LC-KSVD2 [24] 73.60
RLDA [25] 73.740.8
Hie Sc [26] 74.00
Proposed

ScSPM + spatial statistics 73.9
LLCSPM + spatial statistics 73.4

employ the SPM framework. Therefore, we believe that our
algorithm can also be incooperated into such approaches.

C. Detailed Analysis for Caltech-101 Dataset

If only the average accuracy is considered, the performance
improvement of the SPM + spatial statistics seems relatively
small. However, the SPM + spatial statistics works much
better than the 3-layer SPM and the additional-layer SPM
(1x1,2x2,3%x3,4x4) in some classes. Actually, there are 12
classes where the proposed algorithm works more than 5%
better than the other two approaches and there are three classes
where it works more than 5% worse out of the 102 classes.
Such classes and the performance comparison are summarized
in Tables IIT and IV. And sample images are shown in Figs. 4
and 5. For instance, Fig. 4(a) and Fig. 4(1) correspond to the
case 1 in Section III-B and some images in Fig. 4(b), Fig. 4(e),
Fig. 4(f) and Fig. 4(i) correspond to the case 2. The objects
in Fig. 4 have less intra-class variance in their appearance
as compared to the other classes. For example, inline skates
(Fig. 4(d)), metronome (Fig. 4(g)), and musical instruments
(Fig. 4(c) and Fig. 4(j)) are non-rigid industrial products and
the objects in the same class look very similar to each other.
Even the wild animals such as platypus (Fig. 4(i)) and wild
cat (Fig. 4(1)) have very small intra-class variances in their
textures.

On the other hand, the images in the butterfly class in
Fig. 5 are very different from each other in terms of texture
although they are all butterflies. In the case of camera and
tick classes, the intra-class variances do not seem very large,
but they contain a few groups of clearly different appearances.
For example, the images in Fig. 5(b) can be classified to two
different sub-classes: compact camera and single-lens reflex
(SLR) camera. If such different sub-classes are mixed in a
single class, the performance of our proposed algorithm would
be degraded.

In order to clarify the advantage and disadvantage of the
SPM + spatial statistics, we conducted further experiments



TABLE I
COMPARISON BETWEEN CONVENTIONAL SPM AND PROPOSED METHOD USING THE CALTECH-101 DATASET. (*)THE RESULTS OF SCSPM AND
LLCSPM WERE OBTAINED BY EXECUTING THE SOURCE CODES DOWNLOADED FROM THE AUTHORS’ SITES, NOT FROM THEIR PAPERS.

3-layer SPM additional-layer SPM 4-layer SPM SPM
(1x1,2x2,4x4) (1x1,2x2,3x3,4x4) (1x1,2%x2,4x4,8x%x8) + spatial statistics
Sc [1] *72.1 73.1 73.3 73.9 (with 2nd, 4th, 5th and 6th moments)
LLC [2] *71.2 72.7 72.9 73.4 (with 1st, 3rd, and 6th moments)
TABLE V
PERFORMANCE IMPROVEMENT OF SC BASED ON WHICH MOMENTS TO
USE.

Used moments | Accuracy

2,4,5,6 73.9
1,5,6 73.8
123 73.6
2,5 1.7
2,3,4,5,6 71.6
1,2 71.5

using the camera class. We split the images into two sub-
classes: compact camera and SLR camera as shown in Fig. 6.
Then, the three classifiers (3-layer SPM, additional-layer SPM
and SPM + spatial statistics) are re-trained. Note that the task
here is only 2-class classification. The results are demonstrated
in Fig. 7. The figure shows the classification accuracy as a
function of the number of training data for each class. It can
be observed that the SPM + spatial statistics always works
better than the other two and also the performance difference
becomes more obvious when the training data are increased.
For example, when the number of training data per class is
5, the accuracy is 78%, 79%, and 83%, respectively. If the
number of training data is increased up to 15, the accuracy
is 81%, 82%, and 88%, respectively. The results support our
claim that similarity and dissimilarity of images are enhanced
(case 3 in Section III-B).

The condition for the additional-layer SPM to work better or
worse than the other two approach is simple. Since it considers
the distribution of the descriptors more strongly, it works better
when the objects are well aligned and vice versa. Some sample
images are shown in Figs. 8 and 9. It is observed that the
orientation and/or the size of the objects are different from
each other in Fig. 9.

Table V shows how the image classification accuracy is
affected by the spatial statistics. When the moments are
not properly selected, the performance would become worse
than the original SPM. Which moments contribute to the
performance enhancement was not clear.

D. Caltech-256 Dataset

The Caltech-256 dataset holds 30,608 images in 256 cat-
egories with much higher intra-class variability and higher
object location variability compared with Caltech-101. Each
category contains at least 80 images. Same as in IV-B, all the
images were resized so that they are no larger than 300 x 300
with aspect ratio being preserved. We trained a codebooks
with 4,096 bases. The number of training data was 30 for

Fig. 6. New definition of the two camera classes: (a) compact, (b) SLR.

TABLE VII
CLASSIFICATION RATE (%) COMPARISON ON CALTECH-256. THE
RESULTS WITH (*) WERE OBTAINED BY EXECUTING THEIR SOURCE CODE.

Algorithm | Accuracy
Caltech-256 [4] 34.10
Kernel CB [12] 27.17
ScSPM, [1] 34.02
*ScSPM, [1] 34.0
LLCSPM [2] 41.19
*LLCSPM [2] *35.8
D-SP (tr=15), [19] 30.24
LR-Sc+SPM (tr=15), [27] 35.31
Proposed

ScSPM + spatial statistics 39.0
LLCSPM + spatial statistics 36.3

each object class.

As shown in Table VI, the performance of our proposed
method is better than the original 3-layer ScSPM and LLC-
SPM even with the Caltech-256 dataset. It is improved by 5%
in the Sc case and 0.4% in the LLC case, respectively. How-
ever, the performance is equivalent to that of the additional-



CLASSES IN WHICH THE SPM + SPATIAL STATISTICS WORKS MORE THAN 5% BETTER THAN THE OTHER TWO APPROACHES.

TABLE III

3-layer SPM additional-layer SPM SPM
(Ix1,2x2,4x4) (1x1,2x2,3x3,4x4) + spatial statistics
ceiling fan 64 64 71
crab 42 41 49
garfield 75 75 84
inline skate 60 80 88
lotus 48 48 53
mandolin 77 77 84
metronome 80 80 94
octopus 24 36 43
platypus 45 55 81
saxophone 66 66 76
schooner 68 68 74
wild cat 35 30 41
TABLE IV
CLASSES IN WHICH THE SPM + SPATIAL STATISTICS WORKS MORE THAN 5% WORSE THAN THE OTHER TWO APPROACHES.
3-layer SPM additional-layer SPM SPM
(Ix1,2x2,4x4) (1x1,2x2,3x3,4x4) + spatial statistics
butterfly 60 59 53
camera 82 83 74
tick 84 86 79
TABLE VI

COMPARISON BETWEEN CONVENTIONAL SPM AND PROPOSED METHOD USING CALTECH-256 DATASET. (*)THE RESULTS OF SCSPM AND LLCSPM
WERE OBTAINED BY EXECUTING THE SOURCE CODES DOWNLOADED FROM THE AUTHORS’ SITES, NOT FROM THEIR PAPERS.

additional-layer SPM SPM

+ spatial statistics

39.0 (with 1st, 3rd, 4th, and 6th moments)
36.3 (with Ist, 2nd, and 5th moments)

3-layer SPM
(1x1,2x2,4%x4) (1x1,2%x2,3x3,4x4)
Sc [1] *34.0 39.1
LLC [2] *35.8 36.6
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Fig. 7. Classification accuracy of compact cameras and SLR cameras as a
function of the number of training data. Three algorithms are compared.

layer SPM (1x1,2x2,3x3,4x4). No statistical significance
was observed between the two approaches. This is because
the objects in the images are not aligned well and there
are large intra-class variations. Not only that the appearance
of the objects are different from each other, but also there
are sometimes unrelated objects in the background, multiple
objects in a single image, and so on. Such noise makes spatial

statistics less informative than the Caltech-101 case. The 4-
layer SPM (1x1,2x2,4x4,8x8) was not evaluated for this
dataset due to the limitation of computational resources.

The comparison with previous works is shown in Table
VII. Same as the experiments in Caltech-101, there are some
algorithms which perform better than our algorithm [28], [29].
We would like to emphasize that it is not fair to compare
our work with such approaches because the algorithms are
totally different. As shown in Table VI, the proposed algorithm
outperforms the baseline approach (3-layer SPM).

E. Discussion

So far, we discussed our spatial statistics in the spatial
pyramid framework because it is one of the de facto standards
in object recognition. Some of the state-of-the-art works
propose “post-SPM” spatial pooling. For example, in [32],
[33], receptive field learning with overcomplete rectangular
bins is used instead of simply dividing the input image into
2x2, 4x4, and so on. As mentioned in IV-A, the proposed
algorithm is a general idea and we believe that it can also be
incooperated into such sophisticated algorithms.

The extra cost for calculating the spatial statistics is negli-
gibly small as compared to the SIFT feature description and
code assignment. This is one of the advantages of the proposed
work because most of the state-of-the-art algorithms requires
a large amount of computation. The memory usage is also
smaller than the additional-layer SPM (1x1,2x2,3x3,4x4)
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Fig. 4. Sample images of the classes where the SPM + spatial statistics work more than 5% better than the other two: (a) ceiling fan, (b) crab, (c) garfield,
(d) inline skate, (e) lotus, (f) mandolin, (g) metronome, (h) octopus, (i) platypus, (j) saxophone, (k) schooner, (1) wild cat.

and the 4-layer SPM (1x1,2x2,4x4,8x8) while achieving
better results. This is a non-trivial matter when the size of the
data becomes quite large.

As shown in the previous section, the proposed work does
not work well when the intra-class variation is very large
(though it is still better than the original SPM). From this point
of view, the proposed feature representation would work well
with such classifiers that can respond to specific exemplars
[34].

V. APPLICATION

In this section, another application is demonstrated. Re-
cently, an avatar CAPTCHA (completely automated public
Turing test to tell computers and humans apart) system [35],
which asks users to classify human faces and avatar faces,
have been proposed. The object recognition/classification such
as face classification is more challenging task than character
recognition, but humans can intuitively solve the problem. In
[35], 63% of the users successfully classified 12 human/avatar
faces and more than 90% of the users showed positive response
to the system. Sample images of their human/avatar faces are
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Fig. 8. Sample images of the classes where the additional-layer SPM (1x1,2x2,3x3,4x4) work more than 5% better than the other two: (a) beaver, (b)

crocodile head, (c) lamp.

Fig. 9. Sample images of the classes where the additional-layer SPM (1x1,2x2,3x3,4x4) work more than 5% worse than the other two: (a) binocular,

(b) hedgehog, (c) strawberry.

shown in Fig. 10.

Conventional approaches consider how real images and CG
images are “statistically” different. Therefore, they are mainly
based on low-level features. On the other hand, since the
texture of faces is different, object classification approaches
can also be applied to human/avatar face classification. In par-
ticular, as discussed in III-B, the proposed algorithm enhances
the similarity/dissimilarity of the input images.

The proof-of-concept experiments were conducted with 50
avatar face images and 50 human face images [35]. The
avatar faces were collected from virtual communities such
as Entropia Universe and Second Life. In our experiment, k
images were randomly sampled from each class for training
and the rest were used for testing. k£ was changed from 1 to
40. This procedure was repeated 100 times and the average
accuracy was calculated. The proposed algorithm is compared
with two different method: one is a simple SVM-based method
using the raw pixel values and the other is ScSPM [1]. It is

shown that the proposed algorithm rarely fails in distinguishing
human/avatar faces. For more details, please refer to [36].

VI. CONCLUSIONS

The paper presented a feature representation algorithm
using spatial statistics for SPM-based image classification. By
calculating the moments of feature vectors in sub-regions in
each level and concatenating them to the SPM-based feature
vectors, spatial variances of the feature distribution were con-
sidered. Experimental results using Caltech-101 and Caltech-
256 have demonstrated that the proposed feature extraction
algorithm can improve the classification accuracy as compared
to the original 3-layer SPM. The proposed algorithm was
more effective than simply adding a layer for Caltech-101 and
comparable to it for Caltech-256.

Although the averaged performance improvement over the
additional-layer SPM seems limited, the proposed method
worked more than 5% better in as many as 12 classes while
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Fig. 10. Sample images: (a) avatar, (b) human.
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it worked more than 5% worse only in three classes for the
Caltech-101 dataset. We also clarified the cases where the
proposed algorithm works better.
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