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Abstract. Mean shift still belongs to the intensively developed image-
segmentation methods. Appropriately setting so called bandwidth, which
is richly discussed in literature, seems to be one of its problems. If the
bandwidth is too small, the results suffer from over-segmentation. If it
is too big, the edges need not be preserved sufficiently and the details
can be lost. In this paper, we address the problem of over-segmentation
and preserving the edges in mean shift too. However, we do not aim
at proposing a further method for determining the bandwidth. Instead,
we modify the mean-shift method itself. We show that the problems
with over-segmentation are inherent for mean shift and follow from its
theoretical essence. We also show that the mean-shift process can be
seen as a process of solving a certain Euler-Lagrange equation and as a
process of maximising a certain functional. In contrast with other known
functional approaches, however, only the fidelity term is present in it.
Other usual terms, e.g., the term requiring a short length of boundaries
between the segments or the term requiring the flatness (in intensity)
of the corresponding filtered image are not present, which explains the
behaviour of mean shift. On the basis of this knowledge, we solve the
problems with mean shift by modifying the functional. We show how
the new functional can be maximised in practice, and we also show that
the usual mean-shift algorithm can be regarded as a special case of the
method we propose. The experimental results are also presented.
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1 Introduction

Mean shift was firstly presented in [10]. In this original version, the input data
points iteratively move towards the places with higher point densities until the
process converges or is stopped. For determining the new position of each point,
a density estimation is used. The new point positions determined in one iteration
step can be used for estimating the density in the next iteration, which can be
viewed as blurring the original dataset. Hence, this version of algorithm is now
called blurring mean shift [1,2]. In [2], the mean-shift method was revisited and
the algorithm was presented that is now usually known simply as mean shift (if
it is necessary to distinguish it from blurring mean shift, we will use the term
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standard mean shift in this paper). In comparison with blurring mean shift,
standard mean shift always computes the densities from the original unmodified
dataset.

Comaniciu and Meer studied the mean-shift algorithm deeply in [3] and other
papers in which they also addressed the problem of proper bandwidth selection.
A fixed bandwidth is the simplest choice. The problem, however, is that it is
not suitable in all situations. Properly estimated bandwidth should preserve the
details and, at the same time, it should not lead to over-segmentation in the
big flat areas (i.e., the areas that are constant in brightness or colour). Simply
speaking, a small bandwidth is needed if small objects and the details are to be
detected and vice versa.

In [6], variable bandwidth mean shift was presented. Two types of bandwidth
estimators were proposed. The balloon density estimator uses a different band-
width for each estimation point. Unfortunately, the experiments proved that the
balloon estimator does not provide too much better practical results than the
fixed bandwidth estimator. The sample point estimator seems to be better since
it selects a different bandwidth for each data point (not only for each estima-
tion point). Several methods for determining the bandwidth were mentioned in
[4]. The first method is statistical; it minimizes the asymptotic mean integrated
square error. The optimal bandwidth is defined as the bandwidth that achieves
the best compromise between the bias and variance of the estimator. The second
method is based on the stability of decomposition; it takes the largest bandwidth
range where the decomposition has the same number of segments. In the third
approach, the inter-cluster and intra-cluster variability is taken into account. In
[7], the problem of setting the appropriate bandwidth is studied in the context
of object tracking in video sequences. An effective approach to local bandwidth
selection is presented in [5]. For each data point, the method estimates the
covariance matrix that is most stable across various scales. The analysis is unsu-
pervised and the only assumption is that the range of scales is known at which
the structures of interest appear.

Another approach, which can be found in literature, is to use a relatively low
bandwidth, to reconcile with the over-segmented result of mean shift itself, and
to use a post processing step in which the small clusters created by mean shift are
connected together afterwards. Various heuristics can be used for this purpose
[4]. The hierarchical approaches can also be regarded as a solution for reducing
the problem of over-segmentation. In [8], a hierarchical mean-shift method was
presented for processing the video sequences. Several mean-shift computations
were used, each with a different bandwidth. In the first stage, a small bandwidth
was used producing an over-segmented result. The output from this first stage
(the attractors of segments are weighted according to the number of data points
that converged to them) was then used as an input for the next stage. If a
suitably large bandwidth is used in the final stage, over-segmentation can be
reduced. It seems that the hierarchical approaches to mean-shift stay popular
also in recent years [14]. We also note that they can reduce the computational
time.
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From what was stated before, it follows that determining the bandwidth is a
serious problem that cannot be considered as satisfactorily solved. If the band-
width is too small, the results suffer from over-segmentation. If it is too big, the
details are lost. The problems are illustrated in Fig. 1.

Fig. 1. An example of mean-shift over-segmentation (the results of mean-shift filtering
are shown): A synthetic image with the areas of constant brightness with Gaussian noise
added (left image) was processed by standard mean shift (middle image) and blurring
mean shift (right image) with a certain value of bandwidth. In this case, both versions
led to over-segmentation, i.e., the particular expected image segments were broken into
smaller areas whose sizes were determined mainly by the chosen value of bandwidth,
not only by the properties of image. At complicated places, e.g., at the places where
the areas with substantially different dimensions touch in image, it is not possible to
find the value of bandwidth giving the ideal expected results.

A new understanding of the mean-shift algorithms from the information-
theoretic point of view was presented in [12]. It was shown that mean shift
minimizes the Rényi entropy; the problems of over-segmentation were not ad-
dressed. In [11], Mrázek et al. aimed at establishing relations between a number
of widely-used nonlinear filters for digital image processing. They propose a cer-
tain unifying framework whose general idea is that the majority of image filtering
algorithms can be viewed as algorithms minimising a functional consisting of a
data and a smoothness term. For evaluating the contribution of each term at a
certain point (pixel), the influence of its neighbouring points can be taken into
account, which is done by suitably chosen functions. For illustrating the ideas,
the known algorithms are used (new algorithms are not presented). The ideas of
bilateral filtering [13,9] are followed.

In this paper, we address the problem of over-segmentation and preserving the
edges in mean shift. We do not aim at proposing a further method for adaptively
determining the bandwidth. Instead, we modify the mean-shift method itself. By
showing that the mean-shift process can be seen as a process of solving a certain
Euler-Lagrange equation and maximising a certain functional, we show that the
problems with over-segmentation are inherent for mean-shift and follow from
the content of the functional since, in comparison with other functional-based
approaches, it only contains the fidelity (data) term. Other usual terms, e.g., the
term requiring a short length of boundaries between the segments or the term
requiring the flatness of the corresponding filtered image are not present explic-
itly, which explains the behaviour of mean shift. On the basis of this knowledge,
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we solve the problems with over-segmentation and edge preserving by modifying
the functional. We show that the usual mean-shift algorithm can be regarded as
a special case of the method we propose. We also present a method how the new
functional can be maximised in practice.

The paper is organised as follows. In Section 2, it is shown that the mean-shift
algorithm can be viewed as a method of maximising a certain functional. The
functional is also discussed from the point of view of the classical functional-
based approaches, which clarifies the roots of the problems with mean shift. In
Section 3, a modified mean-shift functional is introduced, and a method of its
maximisation is proposed. Section 4 is devoted to the description of experimental
results. Section 5 is a conclusion.

2 Mean-Shift Algorithm from a Variational Point of View

In this section, we show that the classical mean-shift algorithm can be seen as
the process of solving a certain Euler-Lagrange equation and as the process of
maximising a certain functional. This view will be useful for introducing the new
method in the next section.

In the mean-shift algorithm, a set of given points is processed. During the
iterations, every point moves from its original position to the position where
the density of points is locally maximal. The densities can be determined either
with respect to the original positions of input points (standard mean shift) or
with respect to the positions obtained from the previous iteration (blurring mean
shift). In image processing, the coordinates of points may be divided into the
space part and range part, denoted by x and r, respectively; x ∈ R2, r ∈ R for the
grey-scale images, or r ∈ R3 for the colour images. The input image can be seen
as the set {(xi, ri)}ni=1, where n stands for the number of image points (pixels).
For each (xj , rj), the mean-shift algorithm computes the final position reached
during the iterations (attracting point or attractor), denoted by (χ(xj), ρ(xj));
χ : R2 → R2, ρ : R2 → R for the grey-scale images, and ρ : R2 → R3 for the
colour images. The set of input points {(xj , rj)} that move to the same attracting
point (χ(xi), ρ(xi)) forms a cluster (an image segment). The set {(xi, ρ(xi))}ni=1

creates a mean-shift filtered image.
A different nature of space and range coordinates is often reflected by their

different scaling in the formulas for computing the distance. For simplicity and
without loss of generality, we suppose in this paper that the appropriate scaling
is achieved by properly selecting the intervals in which the range coordinates can
vary in the input images. Therefore, no selective scaling of the space and range
coordinates and distances is used in the formulas that follow. Only the global
scaling that is common both for the space and the range coordinates is used as
will be explained later.

The quantities χ(xj), ρ(xj), i.e., the coordinates of the attracting point for
xj can be seen as values of continuous functions χ(x), ρ(x). The functions are
supposed to be defined everywhere in the area of the expected corresponding
continuous image, i.e., not only at the positions xj of particular input samples
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(pixels). From the point of view of the method we propose in the next section, it
is essential to show that the classical mean-shift process of finding (χ(xj), ρ(xj))
can alternatively be seen as a process of maximising the following functional

F (χ(x), ρ(x)) =

∫

Ω

n∑
i=1

k
(‖(xi, ri)− (χ(x), ρ(x))‖2)dx

=

∫

Ω

n∑
i=1

k
(‖xi − χ(x)‖2 + ‖ri − ρ(x)‖2)dx , (1)

where Ω ⊆ R2 stands for the area of space coordinates where the corresponding
continuous image is defined, and k(·) is a kernel profile that is used for estimating

the density. Various kernel profiles can be used. The profile k(z) ≡ e−z/(2σ2) can
be regarded as especially popular and it has also been used in this work. The
scaling parameter σ is often referred to as a bandwidth.

It can be easily shown that the Euler-Lagrange equations corresponding to
Eq. (1) are of the form (k′ stands for the derivative of k)

n∑
i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2) [xi − χ(x)] = 0 ,

n∑
i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2) [ri − ρ(x)] = 0 . (2)

Rewriting the above two equations into one, and taking into account that only
the values for x = xj are to be computed, we have

(χ̃(xj), ρ̃(xj)) =

∑n
i=1 k

′ (‖(xi, ri)− (χ(xj), ρ(xj))‖2
)
(xi, ri)∑n

i=1 k
′ (‖(xi, ri)− (χ(xj), ρ(xj))‖2) . (3)

The sought value of (χ̃(xj), ρ̃(xj)) can be found in the iterative process that is
outlined by Eq. (3). On the right-hand side, the values known from the previous
iteration step are used; the new values (denoted with the tildes) on the left-hand
side are then computed by making use of Eq. (3). The initial values are the
positions and the brightness (or colour) in the original image, i.e., χ(xj) = xj ,
ρ(xj) = rj at the beginning. It can be easily seen that the formula from Eq. (3)
describes the known mean-shift process.

The problems of mean shift that were outlined in Fig. 1 can now be seen more
clearly. The functional in Eq. (1) only contains one term that resembles so called
fidelity (data) term known from the variational approaches. No other usual terms
ensuring, for example, a short length of the boundaries between the segments
are present. One of the main problems can be seen if mean shift processes big
flat areas in images (i.e., big areas with nearly constant brightness or colour).
Even small disturbances of brightness may create unimportant density maxima
that give rise to unwanted attractors and image segments. In the next section,
we show how this behaviour can be improved.
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3 The New Method

Say that we are expecting a certain limited number of segments in image. In
an ideal case, we would expect the same number of attracting points resulting
from the mean-shift process. It follows that in the functions ρ(x) and χ(x),
we would also expect the same number of continuous flat areas, i.e., the areas
where the gradient size of all the components of mentioned functions is equal to
zero. In usual mean shift, however, one real image segment is often created by
more than one mean-shift clusters. It means that the real image segments are
often unintentionally split into more sub-segments created by mean shift, which
requires their connecting in a post processing step.

In the new method, we not only require a big total density as in usual mean
shift, but we also add into the functional the terms expressing the requirement
that the resulting number of attracting point should be low. This can be done
by measuring the area in which the functions ρ(x), χ(x) are flat. For brevity, we

use the notation g(z) ≡ e−z/(2ν2), h(z) ≡ e−z/(2τ2), where ν and τ are chosen
constants. We introduce the functional that can be written in the form of

F (χ(x), ρ(x)) =

∫

Ω

n∑
i=1

k
(‖(xi, ri)− (χ(x), ρ(x))‖2) dx

+λ

∫

Ω

g(‖∇χ(x)‖2) dx+ μ

∫

Ω

h(‖∇ρ(x)‖2) dx . (4)

We start explaining the rationale behind the new terms in Eq. (4) from the last
term on its right-hand side. Let us firstly consider only the grey-scale images
(colour images will be discussed later). We can see that the value of h(‖∇ρ(x)‖2)
is 1 if the gradient size ‖∇ρ(x)‖2 is zero. For non-zero gradient sizes, we have
h(‖∇ρ(x)‖2) < 1. It follows that the last term in Eq. (4) can be understood
as a term measuring the area where ρ(x) is flat. The parameter μ determines
the weight with which this new requirement is combined with the requirement
of maximum density. The term with g(‖∇χ(x)‖2) is constructed in a similar
way; λ is a weight of this term. We note that χ(x) is a vector function with two
components (one for each space coordinate); as the square of the gradient size of
χ(x), we take here the sum of the squares of the gradient sizes of its particular
components. In the case of ρ(x) for colour images, we proceed in a similar way.
We recall that both new terms in Eq. (4) require that the points from big image
areas creating one image segment move to one attracting point. Clearly, since
we require big total density and big flat areas in ρ(x) and χ(x), the functional
is to be maximised.

We use the notation g′(z) ≡ dg(z)/dz, h′(z) ≡ dh(z)/dz, x = (ξ, η), ρξ(x) =
ρξ(ξ, η) ≡ ∂ρ(ξ, η)/∂ξ = ∂ρ(x)/∂ξ, ρξξ(x) ≡ ∂2ρ(x)/∂ξ2, ρη(x) ≡ ∂ρ(x)/∂η,
ρηη(x) ≡ ∂2ρ(x)/∂η2. From Eq. (4), the corresponding Euler-Lagrange equations
for the sought functions ρ(x) and χ(x) can be derived in the following form

n∑
i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2) [xi − χ(x)]
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+λg′(‖∇χ(x)‖2) [χξξ(x) + χηη(x)] = 0 , (5)

n∑
i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2) [ri − ρ(x)]

+μh′(‖∇ρ(x)‖2) [ρξξ(x) + ρηη(x)] = 0 . (6)

It can be seen that for λ = μ = 0, the equations are the same as in the case
of original mean shift (compare Eq. (2)). For brevity, we also introduce xL ≡
(ξ − 1, η), xR ≡ (ξ + 1, η), xB ≡ (ξ, η − 1), xT ≡ (ξ, η + 1). The values of
χξ(x), χξξ(x) can be approximated by the differences χξ(x) = [χ(xR)−χ(xL)]/2,
χξξ(x) = [χ(xL)− 2χ(x) +χ(xR)]/2 (the derivatives of ρ(x) can be expressed in
a similar way). The equations (5), (6) can now be rewritten into the following
form [

n∑
i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2)+ 2λg′(‖∇χ(x)‖2)

]
χ̃(x)

−1

2
λ(g′(‖∇χ(x)‖2) [χ̃(xT) + χ̃(xL) + χ̃(xR) + χ̃(xB))]

=
n∑

i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2)xi , (7)

[
n∑

i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2)+ 2μh′(‖∇ρ(x)‖2)

]
ρ̃(x)

−1

2
μ(h′(‖∇ρ(x)‖2) [ρ̃(xT) + ρ̃(xL) + ρ̃(xR) + ρ̃(xB))]

=

n∑
i=1

k′
(‖(xi, ri)− (χ(x), ρ(x))‖2) ri . (8)

Eqs. (7), (8) are the equations obtained for a typical point lying inside the
image (i.e., not on the borders). For the points on the border, the corresponding
equations can be easily deduced in a similar way; the only change is that the non-
symmetric formulas must be used for computing the differences on the borders.
If the equations are written for all pixel positions xi, linear systems of equations
are obtained from which the values of ρ̃(x) and χ̃(x), respectively, can be solved
for all x = xi (the values of ρ(x) and χ(x), i.e., the values without the tildes
that appear in k′(·), g′(·), and h′(·) are taken from the previous iteration). For
the grey-scale images, ρ is a scalar function; for the colour images, it is a vector
function with three colour coordinates. For the grey-scale images as well as for
the colour images, χ is a vector function with two spatial coordinates. It follows
that in each iteration step, three or five systems of equations are solved for the
grey-scale and colour images, respectively.

Even though we solve the systems of equations, the whole process is still
iterative, i.e., the systems of equations must be solved several times. In each
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iteration step, the new values of ρ̃(x), χ̃(x) are solved from the values ρ(x), χ(x)
known from the previous step. Thanks to discretisation, the values of both ρ(x)
and χ(x) are only computed at the places of the original image points xi (i.e.,
the meshes approximating the functions over a rectangular grid are computed).
The initial values coming into the first iteration are ρ(xi) = bi and χ(xi) = xi.
The size of the equation systems is equal to the number of pixels in the input
image, i.e., the systems are big. Fortunately, as follows from Eqs. (7), (8), they
are also sparse with only five non-zero elements in one row. Therefore, they can
be solved effectively.

For completeness, we note that the original mean-shift algorithm can also
be seen from the same point of view. However, due to the choice λ = μ = 0,
the matrices of the systems reduce to diagonal matrices in this case, which is
why the original standard mean-shift algorithm can solve each point separately.
After reaching the convergence for xi, the values ρ(xi), χ(xi) are computed, in
fact, also in this case. Nevertheless, since the derivatives χξξ, χηη, ρξξ, ρηη are
eliminated by setting λ = μ = 0, it is not necessary to think about the values
achieved by mean shifting as about the functions. We regard this consistency
with the original mean-shift algorithm as theoretically important.

4 Experimental Results

The method we propose was implemented in the version corresponding to stan-
dard mean shift as well as to blurring mean shift. For solving the sparse equation
systems, the SuperLU library was used. Firstly a synthetic image containing only
a theoretical edge was used (Fig. 2). The brightness across the edge was mod-
elled by the expression A

2

(
1 + 2

π arctan
(
z
ε

))
, where A stands for the amplitude,

and ε determines the slope of edge. Relatively big amount of Gaussian noise was
added. In this case, we theoretically expect that only two segments will be found
in the process of image-segmentation. Therefore, we would also expect only two
attracting points as a result of mean shift: one for all the pixels from the darker
area, and the other for the pixels from the brighter area. Properly speaking,
the bandwidth could be chosen high for this test image since we do not expect
any small details. In this case, however, we used not so extremely high value of
bandwidth in order to better illustrate the problems that usually occur in the
real-life images. The results of mean-shift filtering are depicted in Fig. 2 both for
the usual mean-shift algorithm as well as for the method we propose. As can be
seen, the new method behaves in accordance with the theoretical expectations,
i.e., two areas with nearly constant brightness are found. In the case of usual
mean shift, the expected image areas are broken into more mean-shift clusters.
In Fig. 3, the positions of the mean-shift attractors (space part) are shown for
the same test image (in the new method, the position of attractor for each xi

can be easily obtained as (χ(xi), ρ(xi)). The intensity of black colour in images
indicates the number of the original data points that have moved to particular
attractors. In Fig. 4, the results can be seen that are provided by the new method
for the introductory image from Fig. 1.
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Fig. 2. Segmenting the image containing only an edge with Gaussian noise added (left
image). Unwanted artifacts can be seen in the result of mean-shift filtering provided
by standard mean shift (right image), which also indicates over-segmentation. The new
method, in contrast, provides two big flat areas of constant brightness (middle image).

Fig. 3. The mean-shift attracting points for the test image from Fig. 2 (see text for
information on how these images were exactly obtained). Many attracting points (i.e.,
many segments) are present in the result of standard mean shift (right image). In the
new method, the attracting points are concentrated mainly into two places (points),
which corresponds to the theoretical expectation (left image).

Fig. 4. The results provided by the proposed method for the image from Fig. 1. The
new method was used here in two variants: In the variant corresponding to standard
mean shift (left image), and in the variant corresponding to blurring mean shift (right
image). The results for original mean shift have already been shown in Fig. 1.

The results of the tests with real-life images are shown in Figs. 5, 6, 7. In
all cases, the results for usual mean shift as well as for the new method were
obtained with the same value of the bandwidth σ, i.e., the differences that can be
seen in the resulting images are only caused by the new terms in the functional
from Eq. (4). The standard version (i.e., not blurring) of mean shift was used in
both cases. In all results, we can see (Figs. 5, 6, 7) that the new method gives
the results with bigger areas of constant or nearly constant brightness (better
filtration properties), which also means a lower number of mean-shift attractors
and, therefore, a lower extent of over-segmentation (assuming that segmentation
is a goal of computation). The size of images was 481× 321 pixels. The results
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Fig. 5. The results of the mean-shift filtering of a noisy real-life image (left image).
The big areas with constant brightness can be seen in the result of new method (middle
image), which differs from the result provided by standard mean shift (right image);
see the unwanted spots (i.e., image segments) on the sky and building.

Fig. 6. A real-life image from The Berkeley Image Segmenation Database. Detecting
the dirt on watter probably is not a goal. For usual meanshift, however, the dirt creates
difficult conditions since it gives rise to uninteresting but really-existing density maxima
(right image). Thanks to the flattness condition in the new method, the unwanted max-
ima can be suppressed, which leads to better filtration/segmentation (middle image).

Fig. 7. Another real-life image in a similar spirit (from The Berkeley Image Segmena-
tion Database again) (left image). The results of filtering from usual mean shift (right
image) and from the new method (middle image) are shown. The new method provides
better filtration in the area of grass and sky, and, at the same time, the animals and the
tree are preserved with the same precision as in original mean shift. We may note, for
example, that the sky in the result from the new method does not have absolutely con-
stant brightness, which corresponds to the theoretical expectations (the small gradients
are not penalised as much as the big ones).
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shown for the new method were obtained after 10 iterations. The computation
of one image took approximately 10 minutes on a single core computer. Some
further details can be found in the captions below the figures.

5 Conclusions

The problem of over-segmentation in mean shift was addressed in this paper.
In contrast with other known approaches that aimed at ingeniously determining
so called bandwidth, we proceeded in a different direction. We showed that the
mean-shift process can be seen as a process of maximising a certain functional in
the way that is similar to that one known from the functional-based approaches
to image filtering and segmentation. We showed that the problem is that the
functional corresponding to usual mean shift only contains one term that can be
regarded as most similar to the fidelity term known from the functional-based
approaches (see also [11]). Other usual terms, e.g., the term requiring a short
length of boundaries between the segments or the term requiring the flatness (in
intensity) of the areas in the resulting filtered image are not present explicitly.
On the basis of this knowledge, we proposed a modification of the original mean-
shift functional by adding new terms that explicitly require the flatness of areas
and a low number of attractors. For the functional modified in this way, it has
proven to be possible to find the corresponding Euler-Lagrange equations that
can be easily solved. Similarly as original mean shift, the new method also leads
to an iterative solution. In each iteration step, a big sparse system of equations
must be solved in the method we propose. We also show that usual mean shift
can be regarded as a special case of the new method. In the case of usual mean
shift, the matrices of the equation systems simply reduce to diagonal matrices.
We regard this compatibility with original mean shift as theoretically important.

As disadvantages of the method, the following should be mentioned: Although
the effective methods now exist for solving the big equation systems, the time
complexity of the new method is higher then is the time complexity of original
mean shift. We note, however, that the time needed for solving the equation
systems is partially compensated by the fact that, in the new method, the band-
width can be usually chosen lower since the work connected with ensuring the
flatness is done by solving the equations. In usual mean shift, on the other hand,
the flatness is only achieved by choosing a sufficiently big value of bandwidth,
which may result in a big time complexity. In the new functional, the new terms
are connected through two constants (λ and μ) whose values determine the
weighs for the criterion of flatness and the criterion of a low number of attract-
ing points. In addition to that, the constants ν, and τ are needed. In order to
obtain the desired results, the constants must be set appropriately, which may
require certain effort or experience. We should also be aware of the fact that by
setting the weights, we are selecting a certain compromise as is also known from
the majority of functional-based approaches.
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