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ABSTRACT
The Bag of Visual Words (BoV) paradigm has successfully
been applied to image content analysis tasks such as image
classification and object detection. The basic BoV approach
overlooks spatial descriptor distribution within images. Here
we describe spatial extensions to BoV and experimentally
compare them in the VOC2007 benchmark image category
detection task. In particular, we compare two ways for tiling
images geometrically: soft tiling approach—proposed here—
and the traditional hard tiling technique. The experiments
also address two methods of fusing information from several
tilings of the images: post-classifier fusion and fusion on the
level of a SVM kernel.

The experiments confirm that the performance of a BoV
system can be greatly enhanced by taking the descriptors’
spatial distribution into account. The soft tiling technique
performs well even with a single tiling mask, whereas multi-
mask fusion is necessary for good category detection perfor-
mance in case of hard tiling. The evaluated fusion mecha-
nisms performed approximately equally well.

Categories and Subject Descriptors
I.4.8 [Image Processing and Computer Vision]: Scene
Analysis—Object recognition

General Terms
Measurement Performance
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1. INTRODUCTION
In supervised image category detection the goal is to pre-

dict whether a novel test image belongs to a category defined
by a training set of positive and negative example images.
The categories can correspond, for example, to the presence
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or absence of a certain object, such as a dog. In order to
automatically perform such a task based on the visual prop-
erties of the images, one must use a representation for the
properties that can be extracted automatically from the im-
ages.

Histograms of local features have proven to be powerful
image representations for image classification and object de-
tection. Consequently their use has lately become common-
place in image content analysis tasks (e.g. [11, 18]). This
paradigm is also known by the name Bag of Visual Words
(BoV) in analogy with the successful Bag of Words paradigm
in text retrieval. In this analogue, images correspond to doc-
uments and different local descriptor values to words.

Use of local image feature histograms for supervised image
classification and characterisation can be divided into several
steps:

1. Selecting image locations of interest.

2. Describing each location with suitable visual descrip-
tors (e.g. SIFT).

3. Characterising the distribution of the descriptors within
each image with a histogram.

4. Using the histograms as feature vectors representing
the images in a supervised vector space algorithm, such
as SVM.

Figure 1 schematically shows these steps of the BoV pipeline.
In its basic form the BoV approach loses all information

about the interest points’ spatial distribution within images.
However, many image categories are such that such spatial
structure could be useful in their detection. A common ex-
tension to BoV is to geometrically partition all the images
with the same tiling pattern. Each part is then described
with a separate histogram and the image dissimilarity is for-
mulated as the sum of the dissimilarities of corresponding
tiles. A further extension that makes the approach signifi-
cantly more useful is to combine the information obtained
by the use of several different tiling masks, such as in the
spatial pyramid technique of [6].

In this paper we experimentally compare various spatial
extensions to BoV in a concrete image category detection
task defined in the VOC2007 benchmark. We partition the
images with various alternative geometric masks. Here we
denote this traditional technique as hard tiling. We also
introduce the technique of soft tiling, where each interest
point is assigned simultaneously to several spatial tiles, to
each in varying degree. This is analogous to the soft his-
togram technique in codebook space that we have found to



Figure 1: Steps in the supervised BoV pipeline

be useful in [15]. Furthermore, we consider fusing informa-
tion from various combinations of masks—corresponding to
different resolutions—and histograms of different sizes with
which the individual tiles are described. For the fusion we
employ two alternative techniques: multi-scale kernels (sim-
plified version of [8]) and post-classifier fusion by Bayesian
logistic regression.

The rest of this paper is organised as follows. In Sect. 2
we outline our BoV implementation. The considered spa-
tial extensions to BoV are described in Sect. 3. In Sect. 4
we first detail the image category detection task and exper-
imental procedures we subsequently use for experimentally
comparing the spatial techniques in the rest of the section.
In Sect. 5 we summarise the paper by final conclusions.

2. BASELINE BOV SYSTEM
In the first stage of our implementation of the BoV pipeline,

interest points are detected from each image with a com-
bined Harris-Laplace detector [9] that outputs around 1200
interest points per image on average with the images used
in the current experiments. In step 2 the image area around
each interest point is individually described with a 128-
dimensional SIFT descriptor [7], a widely-used and rather
well-performing descriptor. In step 3 each image is described
by forming a histogram of the SIFT descriptors. We deter-
mine the histogram bins by clustering a sample of the inter-
est point SIFT descriptors (20 per image) with the Linde-
Buzo-Gray (LBG) algorithm. In our earlier experiments [14]
we have found such codebooks to perform reasonably well
while the computational cost associated with the clustering
still remains manageable. In our system we use histograms
with sizes ranging from 128 to 16384.

In the final fourth step the descriptor histograms of both
training and test images are fed into supervised classifiers,
separately for each of the 20 object classes. We use weighted
C-SVC variants of the SVM algorithm, implemented in the
version 2.84 of the software package LIBSVM [3]. As the

kernel function g we use the exponential χ2-kernel

gχ2(x,x′) = exp
`

−γdχ2(x,x′)
´

(1)

with the χ2 distance given by

dχ2(x,x′) =
d

X

i=1

(xi − x′

i)
2

xi + x′

i

. (2)

The free parameters of the classifiers are chosen by a
search procedure maximising cross-validation performance
in the training set. Details of the SVM classification stage
can be found in [13]. The first row of Table 1 summarises
the performance of the basic BoV implementation for differ-
ent codebook sizes in the image category detection task of
Sect. 4.1.

In some techniques we propose to fuse together several dif-
ferent histograms. To provide comparison reference for these
techniques, we consider the performance of post-classifier fu-
sion of the detection results of the histograms in question.
For classifier fusion we employ Bayesian Logistic Regression
(BBR) [1] that that we have found usually to perform at
least as well as the other methods we have evaluated (SVM,
sum and product fusion mechanism) for small sets of similar
features.

2.1 Speed-up Technique
For the largest codebooks, describing images with his-

tograms becomes impractically time-consuming if implement-
ed in a straightforward fashion. This is because determining
the nearest histogram bin is an operation linear in the code-
book size. Therefore, a speed-up structure is employed to
facilitate fast approximate nearest neighbour search. Such
structures have been used also earlier, e.g. in [10]. There the
authors ended up using the hierarchical speed-up mechanism
both in codebook training and nearest neighbour search. In
our approach we train the codebooks without approxima-
tions. This is naturally more time-consuming, but provides
somewhat more accurate results.



Our speed up-structure for a given trained codebook is
formed by creating a succession of codebooks diminishing in
size with the k-means clustering algorithm. First invocation
of the algorithm takes the N original codebook vectors as
input and partitions them into clusters whose number is N

divided by a shrinking factor s. The resulting cluster centers
are used as input to the next invocation of k-means. This
is repeated until the clustering produces only a few cluster
centers.

The structure is employed in the nearest-neighbour search
of vector v by first determining the closest match of v in the
smallest of the codebooks. Then v’s approximate best match
is located in the next larger codebook. This is done by lim-
iting the search to nu codebook vectors of the larger code-
book that are closest to the codebook vector of the smaller
codebook. This way a match is found in successively larger
codebooks, and eventually among the original codebook vec-
tors. The last search is performed among a different number
nb of codebook vectors. The time cost of this search algo-
rithm is proportional to the logarithm of the codebook size
(for constant nu and nb). According to our experiments,
the approximative algorithm is nearly as accurate as the full
search in terms of mean square quantisation error.

2.2 Soft Histogram Technique
Histograms with different number of bins encode the vi-

sual information in descriptors of interest points with dif-
ferent granularities. In another study [15] we have com-
pared some alternative methods for synthesizing histogram-
like feature vectors that combine the information from differ-
ent levels of granularity. The most effective approach among
the investigated ones was found to be the soft histogram

technique that was proposed also in [12]. In hard clustering,
the descriptor of each interest point is assigned to exactly
one histogram bin, the bin found by the nearest neighbour
search. In contrast, in the soft histograms the increment is
distributed among several neighbouring histogram bins, in
proportion to their similarity to the interest point descrip-
tor.

Table 1 demonstrates the performance gain due to the soft
histogram technique that was combined with the speedup
technique. It is worth mentioning that one of the other
methods investigated in [15] was the descriptor-space ana-
logue of the spatial multi-scale kernel method of Sect. 3.2,
closely related to the pyramid match kernel of [5]. The
performance gain over single granularity due to this multi-
granularity kernel method was less than half the gain brought
by the soft histogram method. As we considered the gain
due to soft histograms to be substantial, the technique was
applied in all the experiments comparing different spatial
techniques. The compability of the soft histogram technique
with the evaluated spatial techniques was later confirmed
with a separate set of experiments (Section 4.4).

3. SPATIAL TECHNIQUES
In this section we describe methods for exploiting the spa-

tial information in the interest point descriptors. We con-
sider doing this by tiling the image area into several tiles,
forming separate histograms for each tile and then concate-
nating the resulting histograms. The tilings—schematically
shown in Fig. 2—divide the image into 2×2, 3×3, 4×4, 5×5
or 6 × 6 rectangular tilings. We consider also 5-part (cs-5)
and 10-part (cs-10) center-surround tilings. The remainder

of this section details two techniques that can be used as
components in the previously outlined framework for using
spatial information.

3.1 Soft Tiling
Analogously to the soft histogram bin determination in

connection with image-wide global histograms (Sect. 2.2),
we can assign the interest points not only to one spatial im-
age tile (traditional hard tiling) but several ones with vary-
ing degrees (soft tiling). The soft tiling can be presented
with spatially varying tile membership masks. Here we have
normalised the memberships of each image pixel to sum to
one.

Figure 3 shows some membership masks that are smooth-
ed versions of the rectangular 2 × 2, 4 × 4 and the center-
surround tilings. The dark areas of the images correspond to
large membership degrees. The left side of the figure shows
the membership masks of the 2 × 2 tiling and the masks of
the diagonal tiles of the 4×4 tiling. On the right some masks
of the 5-part and 10-part center-surround tilings are shown.
The remaining center-surround masks follow by symmetry
operations.

The tiling masks have been devised to resemble the cor-
responding hard tiling masks. The rectangular tilings were
smoothened by placing a Gaussian in the center of each tile.
The 5-part tiling was as a radial function modulated by an
angular part (except for the center tile). We used logistic
sigmoid as the radial function and a Gaussian as the angular
one.

3.2 Multi-scale Kernel
In this technique the kernel of the SVM is extended to

take into account not only a single SIFT histogram H , but
a whole set of histograms {Hi}, Hi being the concatenation
of histograms describing the tiles of resolution i. To form the
kernel, we evaluate the multi-scale distance dms between two
images as a weighted sum of distances di in different spatial
resolutions i:

dms =
X

i

widi, wi = N
1/K
i , (3)

where di is the χ2-distance between histogram concatena-
tions resulting from tiling i of Ni tiles and wi is the corre-
sponding weighting factor. Here K is a free parameter of the
method that can be thought to correspond to the dimension-
ality of the space the histograms quantise. Value K = ∞
corresponds to unweighted concatenation of the histograms.
In most of the experiments we evaluate two weighting vari-
ants, namely K = ∞ (flat weighting) and K = 2 (corre-
sponding to the dimensionality of the image grid). We do
not make a serious attempt to devise a method for selecting
the value of K from the data. The distances are used to
form a kernel for the SVM by

gms = exp(−γdms). (4)

This multi-scale kernel method is essentially the same as
the one of [8] with the exception of the simpler form of
weighting the resolutions employed here. In [8], the weights
were learned from the training data. Both these methods
largely resemble the spatial pyramid method of [6] that
adapts pyramid matching method of [5] to spatial domain.
Also there the image similarity is a weighted sum of similar-
ities of histograms of different spatial resolutions. However,



Table 1: MAP performance of the baseline BoV system for histograms of different sizes in the VOC2007
image category detection task detailed in Sect. 4.1, both with and without the use of the soft histogram
technique

128 256 512 1024 2048 4096 8192 16384
baseline 0.357 0.376 0.387 0.397 0.400 0.404 0.398 -
soft - 0.385 0.406 0.419 0.435 0.438 0.448 0.451

2 × 2 3 × 3 4 × 4 5 × 5 6 × 6 cs-5 cs-10

Figure 2: Tiling patterns for partitioning the image area.

2 × 2: cs-5:

4 × 4: cs-10:

Figure 3: Membership masks of some spatially smooth tilings

they use histogram intersection as the similarity measure.
Experiments (e.g. [2]) show that an exponential χ2-kernel
reflects histogram similarity better than a kernel based on
histogram intersection in the present application.

4. EXPERIMENTS

4.1 Category Detection Task and Experimen-
tal Procedures

In the experiments we consider the supervised image cat-
egory detection problem. Specifically, we measure the per-
formance of several algorithmic variants for the task using
images and categories defined in the PASCAL NoE Visual
Object Classes (VOC) Challenge 2007 collection [4]. In the
collection there are altogether 9963 photographic images of
natural scenes. In the experiments we use the half of them
(5011 images) denoted “trainval” by the challenge organis-
ers. Each of the images contains at least one occurrence of
the predefined 20 object classes, detailed in Table 2, includ-
ing e.g. several types of vehicles, animals and furniture. The
presences of these objects in the images were manually an-
notated by the organisers. Figure 4 shows some examples of
the images and objects. In many images there are objects
of several classes present. In the experiments (and in the
“classification task” of VOC Challenge) each object class is
taken to define an image category.

In the experiments the 5011 images are partitioned ap-
proximately equally into training and test sets. Every ex-
periment is performed separately for each of the 20 object
classes. The category detection accuracy is measured in

Table 2: The 20 object classes of VOC Challenge
2007

aeroplane bus dining table potted plant
bicycle car dog sheep
bird cat horse sofa
boat chair motorbike train
bottle cow person tv/monitor

terms of non-interpolated average precision (AP). The AP
values were averaged over the 20 object classes and six dif-
ferent train/test partitionings. The average MAP values
tabulated in the result tables had 95% confidence intervals
of order 0.01 in all the experiments. This means that for
some pairs of techniques with nearly the same MAP values,
the order of superiority can not be stated very confidently
on basis of a single experiment. However, in the experi-
ments the discussed techniques are usually evaluated with
several different histogram codebook sizes and other algo-
rithmic variations. Such experiment series usually lead to
rather definitive conclusions. Moreover, because of system-
atic differences between the six trials, the confidence inter-
vals arguably underestimate the reliability of the results for
the purpose of comparing various techniques. The variabil-
ity being similar for all the results, we do not clutter the
tables of results with confidence intervals

4.2 Individual Tilings
In the experiments of this section we compare the im-



Figure 4: Examples of VOC Challenge 2007 images and their annotations

age category detection performances the hard and soft tiling
techniques achieve when the image area is partitioned with a
single geometrical tiling mask. In Table 3 we show the MAP
performances for both techniques, and several different tiling
masks. For the table we described each tile with 2048 bin
soft histograms. Figure 5 illustrates the same results.

It can be noticed that soft tiling results in significantly
larger MAP values. Moreover, whereas the MAP for the
hard tilings start to diminish for finer tilings, the same effect
is only barely noticeable for the soft tilings. This could be
attributed to the soft tiling technique effectively integrating
information from coarser resolutions into finer ones. Table 3
also shows that each of the individual soft tilings outper-
forms the corresponding image-wide (global) histogram by
a wide margin. For the hard tilings, this is not the case.

We also performed similar experiments with a range of
histogram sizes. Similar observations as made above in the
case of 2048-bin histograms can be made also from the re-
sults of these experiments, detailed in Table 4. Each entry
of the table shows performance of hard tiling (h) followed by
that of soft tiling (s). Generally, we obtained our best results
with the largest codebooks we tried, i.e. 8192 for the coarser
tilings. Earlier it has been reported [16] that finer tilings
would be best described with smaller codebooks (i.e. his-
togram granularities). We surmise the explanation to lie—
in analogy with the spatially soft tiling—in the granularity-
integrating nature of the soft histogram technique. With
these larger codebooks, the highest MAP obtained with the
soft tiling technique was 0.476, shared by cs-5 and cs-10
tilings (other tilings not far behind). For the hard tiling,
the highest MAP was 0.443.
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0.390

0.400

0.410

0.420
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0.440

0.450

0.460

0.470

0.480

global 2X2 cs-5 3X3 cs-10 4X4 5X5 6X6

Tiling mask

M
A
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Figure 5: MAP performances of the spatially hard
and soft tiling techniques with codebook size 2048

4.3 Fusion of Tilings
In the previous section we clearly saw the spatially soft

tiling to be more accurate when image area is partitioned
with a single tiling mask. However, in practice there is no
need to limit oneself to use a single tiling mask, but informa-
tion from several tilings can be fused together. In the experi-
ments of this section, we consider two fusion approaches: the
multi-scale kernel technique of Sect. 3.2 and post-classifier
fusion based on BBR.

For the across-scale fusion one needs decide 1) which set
of tilings one combines, and 2) with how many histogram
bins each tile is described. There is no clear practical guide-
line to answer these questions. We thus experimented with
numerous alternatives. In Table 5 we report the category
detection MAP for some of them when information from dif-
ferent tilings have been combined with both the multi-scale
kernel technique and post-classifier BBR fusion.

In the table each pair of rows corresponds to a certain
combination of tilings. On rows labeled “hard” and “soft”,
the histograms have been collected employing either hard
or soft tiling, respectively. For each tiling combination, the
included tilings are shown in the “Contents” field of the ta-
ble. In this field there is a column for each tiling. If the
tiling is included in the combination the number in the col-
umn indicates the size of histograms used to describe the
tiles of that tiling. The four rightmost columns of the ta-
ble list the MAP performances achieved by combining the
tilings. The columns “K = 0” and “K = ∞” display the
MAP values obtained by the multi-scale kernel technique.
The columns “BBR” and “indiv.” are included for compari-
son. The column “BBR” shows the MAP value obtained by
the post-classifier BBR fusion of the resolutions. Column
“indiv.” indicates the category detection MAP achieved us-
ing the best one of the individual tilings alone.

What comes to selection of tilings to be fused, our conclu-
sion from the experiments is rather vague: it seems useful
to let the tilings have some redundancy, but not too much.
Of the individual tilings, the center-surround tilings seem
to perform rather well in comparison with the rectangular
tilings.

On the issue of describing the tiles of a single resolution
tiling we can be more definite: in our experiments with soft
histograms it was useful to describe each tiling with the
largest of the considered codebooks. In practice, this means
that the tiles of coarser partitionings—such as 2 × 2— can
be described with larger histograms than the tiles of finer
resolutions (e.g. 6× 6), as the storage requirements for full-
size histograms with the finer tiling masks may become pro-



Table 3: MAP performances of the spatially hard and soft tiling techniques with codebook size 2048
spatial tiling
tiling global 2 × 2 cs-5 3 × 3 cs-10 4 × 4 5 × 5 6 × 6
hard 0.435 0.435 0.441 0.430 0.421 0.417 0.406 0.396
soft 0.435 0.456 0.469 0.467 0.472 0.469 0.468 0.463

Table 4: MAP performance with a larger variety of soft histograms employing both hard (h) and soft (t)
spatial tiling

tiling
global 2 × 2 cs-5 3 × 3 cs-10 4 × 4 5 × 5 6 × 6

h/s h/s h/s h/s h/s h/s h/s
bins 512 0.406 0.419/0.433 —/0.452 0.422/0.446 0.409/0.453 —/0.453 0.400/0.453 0.391/0.451
/tile 1024 0.419 0.430/0.449 0.436/0.462 0.430/0.458 0.419/0.463 0.415/0.462 0.405/0.462 0.397/0.458

2048 0.435 0.435/0.456 0.441/0.469 0.432/0.467 0.421/0.472 0.417/0.469 0.406/0.468 0.396/0.463
4096 0.438 0.437/0.457 0.439/0.472 0.431/0.470 0.421/0.472 0.416/0.472 —/— —/—
8192 0.448 0.440/0.466 0.443/0.476 0.432/0.475 0.396/0.476 —/— —/— —/—

Table 5: Combining information from several resolutions with either multi-scale kernel or BBR fusion mech-
anisms

Contents tiling MS kernel BBR indiv.
global 2 × 2 cs-5 3 × 3 cs-10 4 × 4 5 × 5 6 × 6 K = ∞ K = 2

128 128 128 hard 0.411 0.405 0.407 0.384
soft 0.408 0.391 0.415 0.417

128 128 128 128 128 hard 0.415 0.416 0.412 0.390
soft 0.419 0.404 0.420 0.420

2048 128 128 hard 0.437 0.449 0.450 0.429
soft 0.443 0.447 0.452 0.429

2048 128 128 128 128 hard 0.431 0.450 0.451 0.429
soft 0.439 0.448 0.457 0.429

2048 512 512 128 128 hard 0.445 0.462 0.457 0.429
soft 0.457 0.461 0.459 0.447

16384 512 512 hard 0.459 0.469 0.465 0.448
soft 0.470 0.472 0.474 0.451

16384 4096 8192 2048 2048 2048 1024 512 soft 0.477 0.474 0.480 0.476
16384 8192 2048 soft 0.479 0.471 0.480 0.476
16384 8192 2048 1024 soft 0.481 0.472 0.483 0.476

8192 2048 soft 0.476 0.476 0.478 0.476

hibitive. For comparison, in the spatial pyramid approach
of [6] all the tiles of different resolutions are described with
a histogram of the same size.

By comparing Tables 3, 4 and 5, it can be seen that when
using the spatially soft tiling, the performances of the indi-
vidual tilings come much closer to performances of the com-
bination of tilings than by using hard tiling. There probably
is much more across-scale redundancy in the histograms of
the soft tiling technique. What hints to this direction is that
the BBR fusion performance of the hard and soft tiling is not
very different, although the soft tiling seems to consistently
perform somewhat better. This point remains somewhat
vague as we do not directly measure the redundancy of the
classification scores of different tilings.

In general the multi-scale kernel often slightly outperforms
the post-classifier fusion by BBR when the tilings are de-
scribed with small histograms. The situation appears to
be the opposite when tilings are described with larger his-
tograms and the overall MAP is consequently higher. Yet,
the differences are not large. Both resolution-fusing tech-
niques clearly outperform the best of the individual resolu-

tions for small histograms. However, for larger histograms,
the performance is not that greatly improved by fusing sev-
eral resolutions. For comparison, [17] reported a slight ad-
vantage of SVM-based fusion over multi-scale technique of [6]
for rather small tiling combinations. We tried also SVM-
based fusion for some of the combinations, but BBR pro-
duced better results here.

The soft tiling technique does not seem to be as compati-
ble with the multi-scale kernel technique as the hard tiling.
Especially the weighting of resolutions seems to be prob-
lematic. For hard tiling, the weighting parameter K = 2
often brings notable improvements over the unweighted case
(K = ∞), whereas for soft tiling the advantage is often only
slight. This impression is backed up by Figure 6 which shows
the results of a more extensive evaluation of the weight pa-
rameter K for one combination of tilings. For hard tiling, we
observe a clear peak of performance around K = 2, whereas
for soft tiling a broad range of weight parameters K resulted
in similar performance.
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Figure 6: The effect of weight parameter K on the
MAP performance of the multi-scale kernel tech-
nique for both hard and soft spatial tiling

4.4 Combining Spatial Techniques with Soft
Histograms

In the above experiments we have combined information
from several spatial scales, each scale being described with
histograms that have been smoothed in SIFT space with the
soft histogram technique. As mentioned in Section 2.2, this
technique has been found to be useful as such. It can still
be asked whether it is useful to combine the SIFT space
soft histogram technique with spatial multi-resolution tech-
niques, as we have thus far assumed. The results in Ta-
ble 6 indicate this to be indeed the case. The soft histogram
technique significantly improves the performance of spatial
multi-scale combinations, both with soft and hard spatial
tiling.

5. CONCLUSIONS
In this paper we have described and evaluated spatial lo-

cal feature histogram techniques for the purpose of image
category detection. The experiments confirm that the per-
formance of a BoV system can be greatly enhanced by taking
the descriptors’ spatial distribution into account. The com-
ponent techniques we have addressed are the partitioning
the images with geometric tiling masks, and the fusion of
the information obtained employing several different tiling
masks.

The techniques can be seen as analogues of the techniques
we have investigated earlier [15] for combining information
from different descriptor space granularities. The spatial
techniques discussed here are otherwise similar, but deal
with information on several spatial scales. According to
our observations, the two different multi-scale spaces are
orthogonal in the way that the techniques can be usefully
combined. However, even though the two scale spaces are
analogous in the sense that they can be addressed with tech-
niques based on similar ideas, they may still play a different
role on conjunction of visual tasks. The spatial relation-
ships in the 2D image plane have natural semantic meanings,
whereas the descriptor feature space is an artificial construc-
tion without such straightforward semantic interpretations.

Of the tiling techniques, spatially soft tiling appears to be
a useful technique even in the case of a single tiling mask.
For applications where ultimate accuracy is not necessary,
the image category could possibly be determined on basis of

a single soft tiling mask. This can be contrasted with the use
of spatially hard tilings where fusion of several resolutions
is an essential prerequisite for good performance.

By fusing information from several spatial scales, the per-
formance of a system employing hard tiling greatly improves,
whereas in the case of soft tiling the improvement is only mi-
nor. However, even when performing multi-scale fusion, the
soft tiling technique provides some performance advantage
over hard tiling. In the experiments, we did not observe es-
sential differences in performances of multi-scale kernel and
post-classifier BBR fusion methods. This might be an in-
evitable result as early and late fusion mechanisms have not
generally been found to be superior to one another.

The performance gain obtained by fusing soft tilings of
multiple scales makes the situation different from the one we
encountered in conjunction with the descriptor-space tech-
niques in [15]. There the further fusion of analogous soft
histograms only degraded performance. This might be a
manifestation of differences of the two scale spaces. Alter-
natively, this might be an indication of the form of the tile
membership masks being suboptimal. This would be no
surprise as the mask shapes were not optimised in any way.
Specific issues that should be addressed are the overlap of
the tiles, sharpness of the borders and form of the decay.
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