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Abstract. The standard bag of visual words model model ignores the
spatial information contained in the image, but researchers have demon-
strated that the object recognition performance can be improved by
including spatial information. A state of the art approach is the spatial
pyramid representation, which divides the image into spatial bins. In this
paper, another general approach that encodes the spatial information in
a much better and efficient way is described. The proposed approach is to
embed the spatial information into a kernel function termed the Spatial
Non-Alignment Kernel (SNAK). For each visual word, the average posi-
tion and the standard deviation is computed based on all the occurrences
of the visual word in the image. These are computed with respect to the
center of the object, which is determined with the help of the object-
ness measure. The pairwise similarity of two images is then computed by
taking into account the difference between the average positions and the
difference between the standard deviations of each visual word in the two
images. In other words, the SNAK kernel includes the spatial distribution
of the visual words in the similarity of two images. Furthermore, vari-
ous kernel functions can be plugged into the SNAK framework. Object
recognition experiments are conducted to compare the SNAK framework
with the spatial pyramid representation, and to assess the performance
improvements for various state of the art kernels on two benchmark data
sets. The empirical results indicate that SNAK significantly improves the
object recognition performance of every evaluated kernel. Compared to
the spatial pyramid, SNAK improves performance while consuming less
space and time. In conclusion, SNAK can be considered a good candidate
to replace the widely-used spatial pyramid representation.
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1 Introduction

Computer vision researchers have recently developed sophisticated methods for
object class recognition, image retrieval and related tasks. Among the state of the
art models are discriminative classifiers using the bag of visual words (BOVW)
representation [18,20] and spatial pyramid matching [12], generative models [6]
or part-based models [11]. The BOVW model, which represents an image as a
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histogram of local features, has demonstrated impressive levels of performance
for image categorization [20], image retrieval [15], or related tasks. The stan-
dard bag of words model ignores spatial relationships between image features,
but researchers have demonstrated that the performance can be improved by
including spatial information [12,16,19].

This work presents a novel approach to include spatial information in a simple
and effective manner. The proposed approach is to embed the spatial information
into a kernel function termed the Spatial Non-Alignment Kernel, or SNAK for
short. The proposed kernel works by including the spatial distribution of the
visual words in the similarity of two images. For each visual word in an image,
the average position and the standard deviation is computed based on all the
occurrences of the visual word in that image. These statistics are computed
with respect to the center of the object, which is determined with the help of
the objectness measure [1]. Then, the pairwise similarity of two images can be
computed by taking into account the distance between the average positions
and the distance between the standard deviations of each visual word in the
two images. This simple approach has two important advantages. First of all,
the feature space increases with a constant factor, which means that it uses
less space than other state of the art approaches [12]. Second of all, the SNAK
framework can be applied to various kernel functions, thus being a rather general
approach. Object recognition experiments are conducted in order to assess the
performance of different kernels based on the SNAK framework versus the spatial
pyramid framework, on two benchmark data sets of images, more precisely, the
Pascal VOC data set and the Birds data set. The performance of the kernels is
evaluated for various vocabulary dimensions. In all the experiments, the SNAK
framework shows a better recognition accuracy compared to the spatial pyramid.

The paper is organized as follows. Related work on frameworks for including
spatial information is discussed in Section 2. The Spatial Non-Alignment Kernel
is described in Section 3. All the experiments are presented in Section 4. Finally,
the conclusions are drawn in Section 5.

2 Related Work

Several approaches of adding spatial information to the BOVW model have been
proposed [9,10,12,16,19]. The spatial pyramid [12] is one of the most popular
frameworks of using the spatial information. In this framework, the image is grad-
ually divided into spatial bins. The frequency of each visual word is recorded in
a histogram for each bin. The final feature vector for the image is a concatena-
tion of these histograms. To reduce the dimension of the feature representation
induced by the spatial pyramid, researchers have tried to encode the spatial
information at a lower level [9,16]. Spatial Coordinate Coding scheme [9] applies
spatial location and angular information at descriptor level. The authors of [10]
model the spatial location of the image regions assigned to visual words using
Mixture of Gaussians models, which is related to a soft-assign version of the
spatial pyramid representation. A similar approach is proposed in [16], but the
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change is made at the low level feature representation, enabling the model to
be extended to other encoding methods. It is worth mentioning that in [10],
the spatial mean and the variance of image regions associated with visual words
are used to define a Mixture of Gaussians model. In the SNAK framework, the
spatial mean and the standard deviation of visual words are also used, but in
a completely different way, by embedding them into a kernel function. Another
way of using spatial information is to consider the location of objects in the
image, which can be determined either by using manually annotated bounding
boxes [19] or by using the objectness measure [8,16].

3 Spatial Non-Alignment Kernel

A simple yet powerful framework for including spatial information into the
BOVW model is presented next. This framework is termed Spatial Non-
Alignment Kernel (SNAK) and it is based on measuring the spatial non-
alignment of visual words in two images using a kernel function. In the SNAK
framework, additional information for each visual word needs to be stored first
in the feature representation of an image. More precisely, the average position
and the standard deviation of the spatial distribution of all the descriptors that
belong to a visual word are computed. These statistics are computed indepen-
dently for each of the two image coordinates. The SNAK feature vector includes
the average coordinates and the standard deviation of a visual word together
with the frequency of the visual word, resulting in a feature space that is 5 times
greater than the original feature space corresponding to the histogram represen-
tation. The size of the feature space is identical to a spatial pyramid based on
two levels, but it is roughly 4 times smaller than a spatial pyramid based on
three levels.

Let U represent the SNAK feature vector of an image. For each visual word
at index i, U will contain 5-tuples as defined below:

u(i) =
(
hu(i),mu

x(i),mu
y (i), su

x(i), su
y (i)

)
.

The first component of u(i) represents the visual word’s frequency. The fol-
lowing two components (mx(i) and my(i)) represent the mean (or average) posi-
tion of the i-th visual word on each of the two coordinates x and y, respectively.
The last two components (sx(i) and sy(i)) represent the standard deviation of
the i-th visual word with respect to the two coordinates x and y. If the visual
word i does not appear in the image (hu(i) = 0), the last four components are
undefined. In fact, these four values are not being used at all, if hu(i) = 0.

Using the above notations, the SNAK kernel between two feature vectors U
and V can be defined as follows:

kSNAK(U, V ) =
n∑

i=1

exp (−c1 · Δmean(u(i), v(i))) · exp (−c2 · Δstd(u(i), v(i))),

(1)
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where n is the number of visual words, c1 and c2 are two parameters with positive
values, u(i) is the 5-tuple corresponding to the i-th visual word from U , v(i) is
the 5-tuple corresponding to the i-th visual word from V , and Δmean and Δstd

are defined as follows:

Δmean(u, v) =
{

(mu
x − mv

x)2 +
(
mu

y − mv
y

)2
, if hu, hv > 0

∞, otherwise

Δstd(u, v) =
{

(su
x − sv

x)2 +
(
su

y − sv
y

)2
, if hu, hv > 0

∞, otherwise

where mx, my, sx, and sy are components of the 5-tuples u and v. If a visual
word does not appear in at least one of the two compared images, its contribution
to kSNAK is zero, since Δmean and Δstd are infinite.

It can be easily demonstrated that SNAK is a kernel function. Indeed, the
proof that kSNAK is a kernel comes out immediately from the following obser-
vation. For a given visual word i and two 5-tuples u and v, the equations below
represent two RBF kernels:

exp (−c1 · Δmean(u(i), v(i)))
exp (−c2 · Δstd(u(i), v(i))),

and their product is also a kernel. By summing up the RBF kernels corresponding
to all the 5-tuples inside the SNAK feature vectors U and V , the kSNAK function
is obtained. From the additive property of kernel functions [17], it results that
kSNAK is also a kernel function.

An interesting remark is that kSNAK can be seen as a sum of separate kernel
functions, each corresponding to a visual word that appears in both images.
This is a fairly simple approach, that can be easily generalized and combined
with many other kernel functions. The following equation shows how to combine
SNAK with another kernel k∗ that takes into account the frequency of visual
words:

k∗
SNAK(U, V ) =

n∑

i=1

k∗(hu(i), hv(i))·

· exp (−c1 · Δmean(u(i), v(i))) · exp (−c2 · Δstd(u(i), v(i))).

(2)

Equation (2) can be used to combine SNAK with other kernels at the visual
word level, individually. Certainly, using the above equation, SNAK can be com-
bined with kernels such as the linear kernel, the Hellinger’s kernel, or the inter-
section kernel. Moreover, being a kernel function, SNAK can be combined with
any other kernel using various approaches specific to kernel methods, such as
multiple kernel learning [7].

3.1 Translation and Size Invariance

Intuitively, the SNAK kernel measures the distance between the average posi-
tions of the same visual word in two images. SNAK can be used to encode spa-
tial information for various classification tasks, but some improvements based on
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Fig. 1. The spatial similarity of two images computed with the SNAK framework.
First, the center of mass is computed according to the objectness map. The average
position and the standard deviation of the spatial distribution of each visual word
are computed next. The images are aligned according to their centers, and the SNAK
kernel is computed by summing the distances between the average positions and the
standard deviations of each visual word in the two images.

task-specific information are possible. One such example is object class recogni-
tion. If the objects appear in roughly the same locations, the SNAK approach
would work fine. However, this restriction may be often violated in practice. Any
object can appear in any part of the image, and a visual word describing some
part of the object can therefore appear in a different location in each image. Due
to this fact, SNAK is not invariant to translations of the object. If the object’s
location in each image is known a priori, the average position of the visual word
can be computed with respect to the object’s location, by translating the ori-
gin of the coordinate system over the center of the object. The exact location
of the object is not known in practice, but it can be approximated using the
objectness measure [1]. This measure quantifies how likely it is for an image win-
dow to contain an object. By sampling a reasonable number of windows and by
accumulating their probabilities, a pixelwise objectness map of the image can be
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produced. The objectness map provides a meaningful distribution of the (inter-
esting) image regions that indicate locations of objects. Furthermore, the center
of mass of the objectness map provides a good indication of where the center of
the object might be. The SNAK framework employs the objectness measure to
determine the object’s center in order to use it as the origin of the coordinate
system of the image. The range of the coordinate system is normalized by divid-
ing the x-axis coordinates by the width of the image and the y-axis coordinates
by the height of the image. For each image, the coordinate system has a range
from −1 to 1 on each axis. Normalizing the coordinates ensures that the average
position or the standard deviation of a visual word do not depend on the image
size, and it is a necessary step to reduce the effect of size variation in a set of
images. The SNAK framework is illustrated in Figure 1.

4 Experiments

4.1 Data Sets Description

The first data set used in the experiments is the Pascal VOC 2007 data set [5],
which consists of 9963 images that are divided into 20 classes. The training and
validation sets have roughly 2500 images each, while the test set has about 5000
images. This data set was also used in other works that present methods to
encode spatial information [10,16], thus becoming a de facto benchmark.

The second data set was collected from the Web by the authors of [11] and
consists of 600 images of 6 different classes of birds: egrets, mandarin ducks,
snowy owls, puffins, toucans, and wood ducks. The training set consists of 300
images and the test set consists of another 300 images. The purpose of using this
data set is to assess the behavior of the SNAK framework in the context of fine-
grained object recognition. The Birds data set is available at http://www-cvr.
ai.uiuc.edu/ponce grp/data/.

4.2 Implementation and Evaluation Procedure

In the BOVW model used in this work, features are detected using a regular grid
across the input image. At each interest point, a SIFT feature [14] is computed.
This approach is known as dense SIFT [3,4]. Next, SIFT descriptors are vector
quantized into visual words and a vocabulary (or codebook) of visual words is
obtained. The vector quantization process is done by k-means clustering [13],
and visual words are stored in a randomized forest of k-d trees [15] to reduce
search cost. The frequency of each visual word is then recorded in a histogram
which represents the final feature vector of the image. A kernel method is used
for training.

Three kernels are proposed for evaluation, namely the L2-normalized linear
kernel, the L1-normalized Hellinger’s kernel, and the L1-normalized intersection
kernel. The norms of the kernels are chosen such that the γ-homogeneous ker-
nels are Lγ-normalized. It is worth mentioning that all these kernels are used in

http://www-cvr.ai.uiuc.edu/ponce_grp/data/
http://www-cvr.ai.uiuc.edu/ponce_grp/data/
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the dual form, that implies using the kernel trick to directly build kernel matri-
ces of pairwise similarities between samples. An important remark is that the
intersection kernel was particularly chosen because it yields very good results
in combination with the spatial pyramid, and it might work equally well in the
SNAK framework. The kernels proposed for evaluation are based on four dif-
ferent representations, three of which include spatial information. The goal of
the experiments is to compare the bag of words representation with a spatial
pyramid based on two levels, a spatial pyramid based on three levels, and the
SNAK feature vectors. The spatial pyramid based on two levels combines the
full image with 2 × 2 bins, and the spatial pyramid based on three levels com-
bines the full image with 2 × 2 and 4 × 4 bins. In the SNAK framework, the
linear kernel, the Hellinger’s kernel, and the intersection kernel are used in turn
as k∗ in Equation (2). Note that SNAK can also be indirectly compared with
the approach described in [10], since the results reported in [10] are very similar
to the spatial pyramid based on three levels.

The training is always done using Support Vector Machines (SVM). In the
second experiment, the SVM classifier based on the one versus all scheme is
used for the multi-class task. The objectness measure is trained on 50 images
that are neither from the Pascal VOC data set nor from the Birds data set. The
objectness map is obtained by sampling 1000 windows using the NMS sampling
procedure [2].

The experiments are conducted using 500, 1000, and 3000 visual words,
respectively. The evaluation procedure for the first experiment follows the Pascal
VOC benchmark. The qualitative performance of the learning model is measured
by using the classifier score to rank all the test images. In order to represent the
retrieval performance by a single number, the mean average precision (mAP) is
often computed. The mean average precision as defined by TREC is used in the
Pascal VOC experiment. This is the average of the precision observed each time
a new positive sample is recalled. For the second experiment, the classification
accuracy is used to evaluate the various kernels and spatial representations.

4.3 Parameter Tuning

The SNAK framework takes both the average position and the standard devi-
ation of each visual word into account. In a set of preliminary experiments
performed on the Birds data set, the two statistics were used independently
to determine which one brings a more significant improvement. The empirical
results demonstrated that they roughly achieve similar accuracy improvements,
having an almost equal contribution to the proposed framework. Consequently,
a decision was made to use the same value for the two constants c1 and c2 from
Equation (1). Only five values in the range 1 to 100 were chosen for preliminary
evaluation. The best results were obtained with c1 = c2 = 10, while choices like 5
or 50 were only 2− 3% behind. Finally, a decision was made to use c1 = c2 = 10
in the experiments reported next, but it is very likely that better results can be
obtained by fine-tuning the parameters c1 and c2 on each data set. An important
remark is that c1 and c2 were tuned on the Birds data set, but the same choice
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Table 1. Mean AP on Pascal VOC 2007 data set for different representations that
encode spatial information into the BOVW model. For each representation, results
are reported using several kernels and vocabulary dimensions. The best AP for each
vocabulary dimension and each kernel is highlighted in bold.

Representation Vocabulary Linear L2 Hellinger’s L1 Intersection L1

Histogram 500 words 28.59% 39.06% 39.11%
Histogram 1000 words 28.71% 42.28% 42.99%
Histogram 3000 words 28.96% 45.23% 46.97%

Spatial Pyramid (2 levels) 500 words 31.17% 44.21% 45.17%
Spatial Pyramid (2 levels) 1000 words 31.38% 46.94% 48.27%
Spatial Pyramid (2 levels) 3000 words 31.85% 49.21% 50.78%

Spatial Pyramid (3 levels) 500 words 38.49% 45.20% 47.66%
Spatial Pyramid (3 levels) 1000 words 39.59% 47.87% 49.85%
Spatial Pyramid (3 levels) 3000 words 40.97% 50.37% 51.87%

SNAK 500 words 42.56% 47.39% 49.75%
SNAK 1000 words 44.69% 49.54% 51.99%
SNAK 3000 words 45.95% 52.49% 54.05%

was used on the Pascal VOC data set, without testing other values. Good results
on Pascal VOC might indicate that c1 and c2 do not necessarily depend on the
data set, but rather on the normalization procedure used for the spatial coordi-
nate system. It is interesting to note that the two coordinates are independently
normalized according to Section 3.1, resulting in small distortions along the axes.
Two other methods of size-normalizing the coordinate space without introducing
distortions were also evaluated. One is based on dividing both coordinates by
the diagonal of the image, and the other by the mean of the width and height
of the image. Perhaps surprisingly, these have produced lower average precision
scores on a subset of the Pascal VOC data set. For instance, size-normalizing by
the mean of the width and height gives a mAP score that is roughly 0.5% lower
than normalizing each axis independently by the width and height.

In the Pascal VOC experiment, the validation set is used to validate the
regularization parameter C of the SVM algorithm. In the Birds experiment, the
parameter C was adjusted such that it brings as much regularization as possible,
while giving just enough room to learn the entire training set with 100% accuracy.

4.4 Pascal VOC Experiment

The first experiment is on the Pascal VOC 2007 data set. For each of the 20
classes, the data set provides a training set, a validation set and a test set. After
validating the regularization parameter of the SVM algorithm on the validation
set, the classifier is trained one more time on both the training and the validation
sets, that have roughly 5000 images together.

Table 1 presents the mean AP of various BOVW models obtained on the test
set, by combining different spatial representations, vocabulary dimensions, and
kernels. For each model, the reported mAP represents the average score on all the
20 classes of the Pascal VOC data set. The results presented in Table 1 clearly
indicate that spatial information significantly improves the performance of the
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BOVW model. This observation holds for every kernel and every vocabulary
dimension. Indeed, the spatial pyramid based on two levels shows a performance
increase that ranges between 3% (for the linear kernel) and 6% (for intersection
kernel). As expected, the spatial pyramid based on three levels further improves
the performance, especially for the linear kernel. When the 4 × 4 bins are added
into the spatial pyramid, the mAP of the linear kernel grows by roughly 7− 8%,
while the mAP scores of the other two kernels increase by 1 − 2%. Among the
three kernels based on spatial pyramids, the best mAP scores are obtained by the
intersection kernel, which was previously reported to work best in combination
with the spatial pyramid [12].

The best results on the Pascal VOC data set are obtained by the SNAK
framework. Indeed, the results are even better than the spatial pyramid based
on three levels, which uses a representation that is more than 4 times greater than
the SNAK representation. The mAP scores of the Hellinger’s and the intersection
kernels based on SNAK are roughly 2% better than the mAP scores of the same
kernels combined with the spatial pyramid based on three levels. On the other
hand, a 4 − 5% growth of the mAP score can be observed in case of the linear
kernel. Among the three kernels, the best results are obtained by the intersection
kernel. When the intersection kernel is combined with SNAK, the best overall
mAP score is obtained, that is 54.05%. This is 2.18% better than the intersection
kernel combined with the spatial pyramid based on three levels.

Overall, the empirical results indicate that the SNAK approach is signifi-
cantly better than the state of the art spatial pyramid framework, in terms of
recognition accuracy. Perhaps this comes as a surprising result given that the
images from the Pascal VOC data set usually contain multiple objects, and that
SNAK implicitly assumes that there is a single relevant object in the scene, due
to the use of the objecteness measure. The SNAK framework also provides a
more compact representation, which brings improvements in terms of space and
time over a spatial pyramid based on three levels, for example.

4.5 Birds Experiment

The second experiment is on the Birds data set. Table 2 presents the classifica-
tion accuracy of the BOVW model based on various representations that include
spatial information. The results are reported on the test set, by combining dif-
ferent vocabulary dimensions and kernels.

The results of the SNAK framework on this data set are consistent with
the results reported in the previous experiment, in that the SNAK framework
outperforms again the spatial pyramid representation. The spatial pyramid based
on two levels improves the classification accuracy of the standard BOVW model
by 3 − 4%. On top of this, the spatial pyramid based on three levels further
improves the performance. Significant improvements can be observed for the
linear kernel and for the intersection kernel.

The spatial pyramid based on two levels shows little improvements over the
histogram representation for the vocabulary of 3000 words, and more significant
improvements for the vocabulary of 500 words. The certain fact is that the
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Table 2. Classification accuracy on the Birds data set for different representations that
encode spatial information into the BOVW model. For each representation, results are
reported using several kernels and vocabulary dimensions. The best accuracy for each
vocabulary dimension and each kernel is highlighted in bold.

Representation Vocabulary Linear L2 Hellinger’s L1 Intersection L1

Histogram 500 words 59.67% 72.00% 70.00%
Histogram 1000 words 64.67% 78.33% 71.00%
Histogram 3000 words 69.33% 80.33% 74.67%

Spatial Pyramid (2 levels) 500 words 62.67% 75.67% 74.00%
Spatial Pyramid (2 levels) 1000 words 66.67% 79.33% 74.33%
Spatial Pyramid (2 levels) 3000 words 69.67% 81.00% 77.00%

Spatial Pyramid (3 levels) 500 words 68.33% 76.67% 76.00%
Spatial Pyramid (3 levels) 1000 words 70.33% 80.67% 78.00%
Spatial Pyramid (3 levels) 3000 words 73.00% 82.67% 79.67%

SNAK 500 words 69.33% 79.00% 76.33%
SNAK 1000 words 71.67% 80.33% 78.67%
SNAK 3000 words 72.33% 83.67% 81.33%

spatial information helps to improve the classification accuracy on this data
set, but the best approach seems to be the SNAK framework. With only two
exceptions, the SNAK framework gives better results than the spatial pyramid
based on three levels. Compared to the spatial pyramid based on two levels,
which has the same number of features, the SNAK approach is roughly 3 − 5%
better. An interesting observation is that the intersection kernel does not yield
the best overall results as in the previous experiment, but it seems to gain a
lot from the spatial information. For instance, the accuracy of the intersection
kernel grows from 71.00% with histograms to 78.67% with SNAK, when the
underlying vocabulary has 1000 words. The best accuracy (83.67%) is obtained
by the Hellinger’s kernel combined with SNAK, using a vocabulary of 3000
visual words. When it comes to fine-grained object class recognition, the overall
empirical results on the Birds data set indicate that the SNAK framework is
more accurate than the spatial pyramid approach.

5 Conclusion and Future Work

This paper described an approach to improve the BOVW model by encoding
spatial information in a more efficient way than spatial pyramids, by using a
kernel function. More precisely, SNAK includes the spatial distribution of the
visual words in the similarity of two images. Object recognition experiments
were conducted to compare the SNAK approach with the spatial pyramid frame-
work, which is the most popular approach to include spatial information into the
BOVW model. The empirical results presented in this paper indicate that the
SNAK framework can improve the object recognition accuracy over the spatial
pyramid representation. Considering that SNAK uses a more compact represen-
tation, the results become even more impressive. In conclusion, SNAK has all
the ingredients to become a viable alternative to the spatial pyramid approach.
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In this work, the objectness measure was used to add some level of translation
invariance into the SNAK framework. In future work, the SNAK framework can
be further improved by including ways of obtaining scale and rotation invariance.
Ground truth information about an object’s scale can be obtained from manually
annotated bounding boxes. A first step would be to use such bounding boxes
to determine if it helps to compare objects at the same scale with the SNAK
kernel. Another direction, is to extend the SNAK framework to use the valuable
information offered by objectness [1], which is only barely used in the current
framework.
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