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Abstract. In recent years, various Mean-Shift methods were used for
filtration and segmentation of images and other datasets. These methods achieve good segmentation results, but the computational speed is
sometimes very low, especially for big images and some specific settings.
In this paper, we propose an improved segmentation method that we call
Hierarchical Blurring Mean-Shift. The method achieve significant reduction of computation time and minimal influence on segmentation quality.
A comparison of our method with traditional Blurring Mean-Shift and
Hierarchical Mean-Shift with respect to the quality of segmentation and
computational time is demonstrated. Furthermore, we study the influence of parameter settings in various hierarchy depths on computational
time and number of segments. Finally, the results promising reliable and
fast image segmentation are presented.
Keywords: mean-shift, segmentation, filtration, hierarchy, blurring.

1

Introduction

Mean-Shift (MS) is a clustering algorithm that appeared in 1975 [6] and is used
for data ﬁltration and segmentation up to now. Mean-Shift seeks for the position
with the highest density of data points. These groups of points are called clusters
(segments). Mean-shift is not only used as a statistical tool, but also as a method
for image segmentation, object tracking [5], etc.
Recently, a lot of new Mean-Shift variations have been developed. These methods use various approaches to improve the original idea. In 1995 MS was revised
by Cheng [2] and in 1999 and 2002 by Comaniciu [4,3]. One of the most interesting variations of MS is Blurring Mean-Shift (BMS) that appeared in 2006 [1].
It has been proved that BMS has a lower number of iterations per data point
and, therefore, a higher speed. As for stopping conditions, it is more diﬃcult
to apply the Gaussian kernel because it is not truncated. However, using the
truncated kernels as Epanechnikov makes it possible to ignore data that are too
far away from its center. Even with such advantages, BMS is still slow and not
appropriate for general use.
In 2009, P. Vaturri and W.-K. Wong presented Hierarchical Mean-Shift [8]
based on an idea of eﬀective application of multiple Mean-Shift ﬁltrations with
variable kernel sizes. Computational time of the Mean-Shift method is strongly
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dependent on the number of input data points and on the size of the Mean-Shift
window (kernel size). The ﬁrst step is to use MS with a small kernel window
to get a lower number of small segments in a short time. These segments are
considered as data points with the weight that is equal to the number of data
points they represent. In the next hierarchical step (stage) the number of data
points is reduced due to preprocessing (previous stage). This allows us to use a
greater kernel without the unwanted increase of computational time. The number
of hierarchical steps is not limited. In each step, a new level of hierarchy with
greater segments is created. The paper is organised as follows. In Section 2, we
introduce the reader to the original Mean-Shift method. Section 3 is devoted
to the Blurred Mean-Shift version. A new approach (algorithm) is presented in
Section 4. The experiments are presented in Section 5.

2

Mean-Shift
N

Consider X = {xn }n=1 ⊂ Rd as a dataset of N points in the d-dimensional
space. Although the characteristics of these points are not limited, we focus on
the images and, therefore, these points are the set of pixels in processed image.
We deﬁne the kernel density estimator with a kernel K(x) as

 
N
 x − xn 2
1 

p(x) =
K 
(1)
 σ  ,
N n=1
where x is a processed data point (pixel), xn is a data point in neighbourhood
of point x and σ is a bandwidth limiting the size of neighbourhood (radius). We
can distinguish between two types of the radii in images. The ﬁrst one, denoted
by σs , is a radius in the spatial domain (for example, a circle with the radius
of 20 pixels). The spatial radius is mostly identical for x and y-axis, so we need
only one σs . The second radius, denoted by σr , is a radius in the range domain
(colour or intensity). If the grey-scale images are processed, only one σr is used,
whereas, in the colour images, three diﬀerent quantities σr may be required,
each for one colour channel. In most cases, the same radius is chosen for all
three channels, so σr is simpliﬁed to one value. We can choose from many types
of kernels K(x). The simplest is the uniform flat kernel that takes the value of
1 (full contribution of pixels) for the whole area of searching window (area of
kernel). This kernel is deﬁned as follows

1, if x ≤ 1
K(x) =
.
(2)
0, if x > 1
The second most common kernel is the Epanechnikov kernel. It minimizes the
asymptotic mean integrated square error, therefore, it is an optimal kernel. The
Epanechnikov kernel is deﬁned by the following equation



1, if 1 − x2  ≤ 1
K(x) =
.
(3)
0, if x > 1
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The Gaussian kernel is very popular, nevertheless, it has some disadvantages.
σs does not limit the size of searching window but it modiﬁes only the shape
of Gaussian curve. The computation is carried out for all data points (pixels in
the image). Therefore, the use of the Gaussian kernel is very computationally
demanding and the only way to achieve a better speed is to truncate the kernel.
Fortunately, because of small contribution of distant pixels, the truncation has
only a small inﬂuence on the quality of segmentation. The Gaussian kernel is
represented by the equation
1

2

K(x) = e− 2 x .

(4)

The density gradient estimator, denoted by k(x), is deﬁned as follows
k(x) = −K  (x).
as

(5)

Therefore, we can rewrite the Epanechnikov kernel for mean-shift computation

1 − x, if 0 < x < 1
K(x) =
.
(6)
0, otherwise

The mean-shift vector represents the change of position for each data point
(pixel in the image). Data used for computation remain unchanged in all iterations of mean-shift. The goal is to ﬁnd an attractor. Attractor is a point to which
all “similar” data points from a searching window converge. At such a point, the
density of input data points takes its local maximum. All pixels that converge
to one attractor form a cluster (segment). The mean-shift vector is represented
by the equation


N
 x−xi 2
i−1 xi k
σ

− x.
(7)
mσ,k (x) = 

N
 x−xi 2
i−1 k
σ
The ﬁrst term on the left side is a new position of x computed by all adequate
data in the searching window; the second term is the former position of x.

3

Blurring Mean-Shift

Blurring Mean-Shift (BMS) is an another method with a slightly changed equation leading to a signiﬁcantly diﬀerent method of computation. MS does not
change the original dataset (it moves the data points, however, the computation
is done with original data). As a result, it evolves slowly to the local density
maxima. BMS changes the dataset in each iteration with computed values. As
source data for each iteration, the data modiﬁed in the previous stage are used.
It is proven that BMS has faster convergence in comparison to MS. The main
advantage of BMS is that it reduces the number of iterations, despite that the
number of input points remains the same. The equation of BMS can be written
as


N
 xm −xi 2
i−1 xi k
σ

− x.
(8)
mσ,k (x) = 

N
 xm −xi 2
i−1 k
σ
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BMS has several more advantages. After each iteration, for example, there is a
visible progress in ﬁltration. If the pixels that should form one cluster are close
enough, without any pixel that should not be in the cluster, all these pixels will
be grouped in the next iteration. Original MS does not have this feature and it
iterates slowly till all the data points reach the common convergence point. This
often leads to long computational times. BMS has a tendency to form clusters
whose size is similar to the size of searching window, therefore, the number of
clusters can be approximately predicted. Nevertheless, the shape of these clusters
follows the gradients in the image very well. Many diﬀerent variants of mean-shift
were proposed, such as Evolving Mean-Shift [9], Medoid-Shift [7] and variations
of MS and BMS. In next section we are going to describe our MS variation.

4

Hierarchical Blurring Mean-Shift

We propose a new method called Hierarchical Blurring Mean-Shift (HBMS) that
is based on one of modiﬁcations of Mean-Shift, called Hierarchical Mean-Shift
(HMS). It uses the original MS method, which is applied hierarchically with
various sizes of kernel. First of all, it uses a very small searching window (σs ),
which leads to creation of a large number of little segments representing just few
data points. Because of the small searching window size, mean-shift is processed
relatively quickly. Consider this as an input to the next stage of mean-shift
running with a bigger searching window. Consequently, the segments become
new data points.
From the ﬁrst stage, we obtained a ﬁltered dataset which has lower number
of data points than the dataset originally contained. In the new dataset, each
new data point has a weight that is equal to the number of original data points.
Repeatedly running mean-shift on the dataset with larger searching window
results in signiﬁcantly reduced computational time. The main idea is to reduce
the number of segments and make them bigger in each iteration. MS and BMS
are slow because they use a large searching window from the start. Hierarchical
mean-shift processes data with a smaller searching window in the ﬁrst stage,
which results in faster computation.
Although, HMS is faster than MS and BMS, it is still too slow for large input
images. The main problem is that HMS uses the original MS as a basic algorithm.
MS is not well suited for hierarchical processing since it is slower and produces a
large number of segments. Therefore, each next iteration of HMS has still a large
dataset. Our objective is to use more advanced mean-shift technique, which is
more suitable for processing in hierarchical way.
Our method uses BMS for each step. This is much more eﬀective and signiﬁcantly faster, due to a lower number of iterations per pixel. Another advantage
is that BMS forms more uniform clusters. They are also bigger and less numerous. Knowing that, we can say that BMS decreases the number of iterations per
data point and, moreover, it greatly reduces the number of segments for each
next stages of HBMS, so we can expect a high reduction of computational time.
We will show this in Section 5. The following algorithm shows an example of
implementation in a pseudo code.
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(a) The first stage filtration (b) The second stage filtra- (c) The third stage filtration
tion

(d) The first stage segmen- (e) The second stage seg- (f) The third stage segmentation
mentation
tation
Fig. 1. Example of filtration and segmentation evolving after each stage of HBMS

Algorithm 1. Hierarchical Blurring Mean Shift
1: σ ← {σ1 , ..., σj } , where j = number of stages
2: for i ∈ {1, ..., j} do
3:
repeat
4:
for mi ∈ {1, ..., Ni } do


5:

∀n : p(n|xmi ) ←

 xm −xn  2
i

k 


σi

 xm −x 
 Ni
i
n

k

σi
n =1


6:
ymi ← N
n =1 p(n|xmi )xn
7:
end for
8:
∀mi : xmi ← ymi
9:
until stop
10: end for

2




The problem is to ﬁnd an accurate resizing of the searching window for each
iteration. If we enlarge window too much, and if the number of segments from the
previous stage is still high, the processing in the next stages will take too long.
The greater reduction of data points is, the greater enlargement of searching
window could be done. The size of initial window is discussed in Section 5.

Hierarchical Blurring Mean-Shift

5

233

Experiments

This section presents the experiments with HBMS algorithm. The ﬁrst example
is focused on the comparison between the computational speed of HBMS and
HMS. We examine the idea that the HBMS approach is much faster than the
hierarchical approach to MS (HMS) because BMS is faster than MS. We also
study the eﬀect of acceleration on image ﬁltration quality. We also compare how
the increasing amount of noise inﬂuences quality of image ﬁltering.
As a source image, the famous Lena gray-scale photo in 256 × 256 pixels was
used and for speed tests, original 512 × 512 version and resized versions were
used too. To prove segmentation quality of our method we also used additional
images. The algorithms were tested on a computer with Intel Core i5-M520, dualcore processor, with 2.4GHz core frequency, 4 GB of DDR3-1333 memory and a
64-bit operating system. All tests were run in the single core conﬁguration. The
ﬁrst test examined the speed of HMS and our HBMS implementation using two
and three-stage hierarchy. In the last run, the value of σs was always set to 40.
The two-stage conﬁguration started with σs1 = 5, the three-stage conﬁguration
used σs1 = 3 and σs2 = 9. In all stages, σr was set to 24.
Table 1 has two columns for each tested resolution. The ﬁrst column represents the values of the mean square error (MSE) between the ﬁnal and the
original image. MSE shows the intensity diﬀerence between the original and the
ﬁltered image. The smaller the error is, the better is the correspondence between
the original and the ﬁltered image. A good segmentation has small granularity
(number of segments) and concurrently small intra-segment intensity variance
(MSE error). The second column represents the time taken to complete the
computation. MSE is computed as follows
M SE =

M N
1 
(G1 (i, j) − G2 (i, j))2 ,
M N i=0 j=0

(9)

where G1 and G2 are images to be compared, indexes i and j stand for pixel
coordinates and M and N represents width and height of image.
The results were surprising. We achieved smaller MSE error especially for
higher resolutions if BMS was used as a base for hierarchical segmentation.
Table 1. Comparison of speed and MSE depending on resolution
64 × 64
MSE t[s]
MS
145 15
HM S2 200 0,7
HM S3 317 0,45
BM S
209 4,5
HBM S2 232 0,4
HBM S3 284 0,3

128 × 128
MSE t[s]
149 100
206 4,6
263 1,7
212 35,5
197 1,4
216 0,9

256 × 256
MSE t[s]
307 1516
228 50
196 10,5
161 138
203 6,2
171 3,6

512 × 512
MSE t[s]
252 12207
219 425
162 60
152 1085
162 33
151 20

1024 × 1024
MSE t[s]
172 4310
127 313
111 156
111
76

1536 × 1536
MSE t[s]
91
358
95
176
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Fig. 2. Computational time with respect to image resolution

(a) M S, t = 1588s

(b) HM S2 , t = 50s

(c) HM S3 , t = 10.5s

(d) BM S, t = 161s

(e) HBM S2 , t = 6.2s

(f) HBM S3 , t = 3.6s

Fig. 3. Segmentation output from each method we compared
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The authors of BMS [1] proved that this method has cubic convergence while
the original MS has only linear convergence, which means that the use of BMS
should lead to faster processing. Table 1 shows that the computation time increases approximately linearly with the size of the image. This means that an
image with a 4-times bigger area is computed in an approximately 4-times longer
time. From the table, it follows that the computation time increases approximately 8-times (or even more) if HMS is used. Therefore, the diﬀerence in
performance is relatively small in the case of small images but it is signiﬁcantly
higher for larger images. For example, a 1 megapixel image is processed in 3
minutes with HBMS, whereas HMS needs more than one hour (2-stage conﬁguration). We use our own implementation of HMS and HBMS.
It might have seemed that the hierarchical approach is helping more to original
HMS than HBMS, however, the diﬀerence is not that signiﬁcant. HMS beneﬁts
from a higher number of stages while HBMS is quite fast even with a lower
number of stages. The speed-up is big enough even with two stages in HBMS,
and it is not necessary to use three or more stages. The more stages used, the
better ﬁltration ability and computational speed we get. The drawback is that
the granularity increases and the segmentation does not seem to be that good.
Using more stages causes creating larger segments with a higher intensity difference of the distant attractors. This increases the probability that the segment
will not be included in the computation because the attractor does not ﬁt in the
searching window even though a large part of the segment is inside this window.
It creates small segments on the borders of large segments, which would not
happen if a larger searching window in the spacial domain was used. We can say
that all of these methods achieved a good segmentation quality, but the main
diﬀerence of using the HBMS is in signiﬁcantly higher speed.
The next test examines the inﬂuence of noise on segmentation quality. Twostage HMS and HBMS is used on the 256 × 256 image. The noise modiﬁes each
pixel in the intensity channel. The noise intensities are ranging from 5 to 70 for
each pixel intensity value. We study the ﬁltration quality (mean square error in
a comparison with the original noise-free image) and the number of segments.
In Table 2, we can see that both HMS and HBMS have an increasing mean
square error with the increasing amount of noise applied to the image. It means
that the images with a high level of noise cannot be ﬁltered with a low spatial
radius. In HBMS, the number of segments does not depend much on the noise
level, although the segments are scattered. The noise is still easily visible in the

Table 2. Influence of noise on filtration error and number of segments

HMS MSE
HMS segm
HBMS MSE
HBMS segm

0
237
60
187
57

5
213
73
187
64

10
221
71
197
51

15
301
54
201
50

20
255
64
213
66

25
243
60
220
51

30
312
69
244
52

35
398
90
287
48

40
458
77
349
67

45
555
76
497
60

50
617
112
613
69

55
745
113
746
61

60
993
166
942
86

65
1163
183
1135
67

70
1299
152
1306
71
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Fig. 4. Influence of noise on number of segments

T he original image

Af ter the f irst stage

Af ter the second stage

Fig. 5. Segmentation output after each stage for the brain image (σs1 = 7, σs2 = 70)
and the images from the Berkeley image database (σs1 = 4, σs2 = 50)
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processed image but it is obvious that the pixels darkened by noise, are grouped
together. The same applies on lightened pixels. In HMS, a stronger noise does
lead to an increased number of segments.
For the illustration of HBMS method capabilities, we provide three additional
images. The ﬁrst image is a medical scan of brain with the size of 550 × 650
pixels. The bandwidth σs1 was set to 7, and σs2 was set to 70 pixels. The range
bandwidth σr remains unchanged with the value of 24 in pixel intensity. After
that, we have chosen two images from the Berkeley image database with the
size of 481 × 321 pixels. The mountains image is the most simple one. The tree
image is more diﬃcult one because it has a very large number of small leaves
and so it could be diﬃcult to merge them into one segment. Both images from
the Berkeley database were segmented with values set to σs1 = 4, σs2 = 50.
The original brain image consists of 357,500 pixels. The dataset was reduced
to 3,594 segments after the ﬁrst stage and 72 segments after the second one.
The computation required 53.8 seconds for the ﬁrst stage and 26.1 second for
the second one.
In the mountains image, HBMS reduced the number of pixels from 154,401 to
2,749 in the ﬁrst stage and 29 segments in the ﬁnal stage. The computation lasted
9.1 seconds (ﬁrst stage) and 6.5 seconds (second stage). The computation took
16.3 seconds. For comparison, the original BMS with the same 50-pixel searching
window lasted 894 seconds and the ﬁnal segmentation had 62 segments.
For the tree image, the number of pixels was reduced from 154,401 to 3,710
segments after the ﬁrst stage and 65 segments after the second stage. For this
case, the execution time was 17.6 seconds.

6

Conclusion

In this paper, we have proposed a new segmentation method based on hierarchical Mean-Shift. Blurring Mean-Shift was used instead of the original MS that has
many disadvantages. The proposed method decreases computational time due to
the use of BMS on which HBMS is based on, and decreases the number of segments. This is why each succeeding stage is faster. The computational time can
reach tens of minutes or hours with large images using the original HMS while
our HBMS method needs only a few minutes and quality is still comparable to
the original HMS, BMS and MS methods.
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