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Abstract
To achieve a correct colour image segmentation in the pres-

ence of shadows is still a challenge. The varying object shapes
in a scene provoke several effects in an image such as shadows,
shadings, and highlights. This physical effects produce strong
edges on an image that are not considered for human segmen-
tation. These edges are detected by the current segmentation
methods. This paper analyze the capability of the Ridge-based
Distribution Analysis method (RAD) to perform a correct seg-
mentation in the presence of shadows. RAD is based on the idea
that the representative colour of a shadow and the representative
colour of the object affected by this shadow share some spatial
properties. RAD finds this relationship assigning one colour for
an object even when this object is affected by shadows. This
analysis is done on different chromatic spaces to determine the
one that fits better to RAD. Results achieved point out that RAD
is able to perform a correct segmentation in the presence of self
and cast shadows.

Introduction
A common problem in Computer Vision when dealing with

colour images is the presence of shadows. Shadows, as well as

shading and highlights, are mainly caused by the varying object

shapes. These physical effects cause strong edges in an image

which are detected as an object edges for current segmentation

techniques. Commonly, the edges caused by shadows are not

considered for a human when segmenting as the Berkeley seg-

mentation benchmark [1] stands out. Figure 1 shows some ex-

amples of that. The cast shadows of the car, the horses and the

man on the floor would be detected by current segmentation al-

gorithms. When asking a human to segment this images, these

shadows are not considered, as can be seen in Figures 1b,d,f.

The same happens with self shadows on the cars, horses, and the

clothes of the man.

In this paper it is studied the capability of a Ridge-based

Distribution Analysis technique (RAD) to cope with shadows on

real images. According to the the classical classification of seg-

mentation techniques [2], [3] RAD is a full feature based seg-

mentation technique. Hence, RAD does not exploits the im-

age spatial coherence to perform the segmentation. This method

finds the dominant colours of an image represented on its his-

togram by means of a set of topological operations. The main

idea of RAD is that a colour of an object is modified for the phys-

ical effects as well as acquisition conditions and image compres-

sion. Due to all these effects, one colour of an object appears as

a more or less elongated shape on the image histogram [4]. RAD

can extract a dominant colour of a histogram independently of its

shape.

The goal of this work is to evaluate the possibility of using

the colour histogram of an image to perform a segmentation that

is robust to shadows. A shadow occurs when an object partially

or totally occludes direct light from a source of illumination [5],

[6]. Shadows are commonly divided in self shadows (the shadow

in a portion of an object) and the shadows projected by an object,

(a) (b)

(c) (d)

(e) (f)
Figure 1. (a,c,e) Original images with a strong cast shadows. (b,d,f)

Human segmentations where the shadows are not considered.

named cast shadows. Every type has its own singularities. Self

shadows are commonly associated to soft shadows with fuzzy

borders, whereas cast shadows are associated to sharp borders,

and are usually treated separately [5]. A useful segmentation

method should treat both kind of shadows at the same time to be

used on real images.

The rest of this paper is organized as follows: first we ex-

plain the motivations of our method. Afterwards, we explain the

Ridge based Distribution Analysis technique (RAD) used to seg-

ment an image in terms of its representative colours. After that,

we illustrate how RAD is able to avoid problems when segment-

ing in the presence of shadows. Next, the performance of RAD

on the RGB and the normalized RGB spaces is analyzed. Finally,

we present the conclusions of the current work.

Changes on chromaticity and intensity in the
presence of shadows.

Although some segmentation approaches assume that shad-

ows imply only a change in intensity, in many cases, there is

also a change in chromaticity. Furthermore, it is demonstrated

that outdoor shadows in nature have a dark bluish component

[7]. This effect is caused by the bluish component of the ambi-

ent light. On indoor scenes, the bluish component of the light is

replaced by the colour of the artificial light source. Additionally,

reflections with other objects present in the scene can have an
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influence on the colour of shadows.

Since intensity changes in the scene can be assumed to have

an almost linear effect on the histogram, we propose to change

the representation of the image and deal exclusively with its

chromaticity. Nonetheless, the potential error introduced when

the image representation is transformed to an intensity invariant

space, should be considered. A parametrization of the behaviour

of a colour along intensity changes on the RGB space is intro-

duced in [8].

The main idea is that shadows share a chromatic tendency

with the objects/surfaces even in the case of strong shadows. As

we will show in this paper, RAD is able to find this tendency.

Furthermore, it is also tested the behaviour of RAD on an in-

tensity invariant space such as the normalized RGB (rgb) space.

The advantage of rgb is that, on it, we just have to deal with chro-

matic changes, instead of both chromatic and intensity changes

as happens on RGB space.

Capturing the shared chromaticity of shad-
ows and surfaces using RAD

Representative colours in an image are represented by high

density clouds (of an arbitrary shape) in a d-dimensional colour

histogram. To capture this information, we use a Ridge based

Distribution Analysis method (RAD) successfully used in topo-

logical maps segmentation [9] and texture segmentation [10].

RAD treats the histogram as a landscape and apply a set of

topological operation on it. Under this point of view dominant

colours will be represented by ridges on the landscape.

(a) (b)

(c) (d)
Figure 2. (a) Example image with two representative colours: yellow and

black. (b) Segmented image using RAD. (c) Histogram of a). (d) Ridges

found using RAD.

Figure 2a shows an image extracted from [11] with two rep-

resentative colours, i.e., yellow for the object and black for the

background. The yellow colours goes from the right face of the

cube, with shadow, to the highlights of the vertices. All these

amount of colours can be seen on the image histogram shown

in Figure 2c. A correct segmentation should find the coherence

between all these yellow colours to segment the object correctly.

A correct segmentation, using RAD, is shown in Figure 2b. To

achieve this segmentation RAD has found the two ridges de-

picted in Figure 2d. The yellow ridge cover all yellow colours

representative of the cube. It is done because RAD finds the

coherence existing on the yellow shape of the image histogram

(Figure 2b).

RAD is divided in two main steps. First a ridge detection

step is done to join representative colours. Afterwards a cluster-

ing step is performed using ridges found.

First step: ridge detection and extraction
To extract a ridge, first it is applied a ridge enhancement

procedure using the MLSEC-ST operator [12]. It assigns high

creaseness values at the center of elongated objects. When deal-

ing with a d-dimensional colour histogram, this operator will as-

sign a high value at areas with high density compared with its

neighbourhood. The main property of this operator is that it is not

affected by local irregularities typically present in a chromatic

histogram. Hence, the most dense regions have the higher crease-

ness values. MLSEC-ST performs the calculus of the Structure

Tensor to enhance those areas where an either big attraction or re-

pulsion exists on the gradient vector of a d-dimensional distribu-

tion Ω(x) (the image histogram in the current context). Formally

given a symmetric neighbourhood of size σi centered at point x,

namely N(x,σi), we define the Structure Tensor as follows:

S(x,−→σ ) = N(x,σi)∗ (∇Ω(x,σd) ·∇Ωt(x,σd)) (1)

where −→σ = {σi,σd}, and the calculus of the gradient vec-

tor field ∇Ω(x,σd) has been done with a Gaussian Kernel with

standard deviation σd .

If w(x,−→σ ) is the eigenvector corresponding to the largest

eigenvalue of S(x,−→σ ) then, the dominant gradient orientation in

a neighbourhood of size proportional to σi centered at x is:

w(x,−→σ ) = sign(wt(x,−→σ ) ·w(x,σd))w(x,−→σ ) (2)

The creaseness measure of Ω(x) for a given point x, call it

k(x,−→σ ), is computed with the calculus of the divergence between

the dominant gradient orientation and the normal vectors, namely

nk, on a neighbourhood of size proportional to σi. That is:

k(x,−→σ ) = −Div(wx) = −d
r

r

∑
k=1

wt
k(
−→σ ) ·nk (3)

The next step is to performs a ridge extraction algorithm

on the creaseness representation of Ω(x). Ridges extracted will

represent the shape of the dominant colours as can be shown in

Figure 3d.

We argue that these ridges can capture the colours of a

surface in its illuminated and shadowed areas in one unique ridge

(unique representation for both areas) since they share a similar

tendency on the histogram. Using the creaseness representation

of Ω(x), it becomes an easy step to extract the ridges on it. As

a result, we have a set of ridges representing the representative

colours of the image.

Ridge points are divided in Local Maxima (LM), Transi-

tional Ridge Points (TRP) and Saddle points (SP). These points

are defined for a 2-dimensional distribution Ω(x,y) as follows:

LMP(Ω(x,y))= {(x,y)|(‖∇Ω(x,y)‖= 0),λ1 < 0,λ2 < 0}(4)

T RP( f (x,y)) = {(x,y)|
‖∇Ω(x,y)‖ �= 0,λ1 < 0,∇Ω(x,y) ·ω1 = 0,

‖∇Ω(x,y)‖ �= 0,λ2 < 0,∇Ω(x,y) ·ω2 = 0, (5)

‖∇Ω(x,y)‖ = 0,λ1 < 0,λ2 = 0}
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SP( f (x,y)) = {(x,y)|‖∇Ω(x,y)‖ = 0,λ1 ·λ2 < 0} (6)

This definition can be extended to an arbitrary dimension.

Each ridge found is representative of one dominant colour

in an image. Now, we have to assign all colours of an image to

one ridge or another. It implies to perform a clustering of the

histogram to know the portion of landscape represented by each

ridge.

Second step: clustering from ridges found
The final step of RAD is to apply the watershed algorithm

introduced in [13]. The method proposed is more stable and min-

imizes oversegmentation compared with the gradient-based wa-

tershed algorithms [14]. It is based on the idea of immersion. In

our case, the immersion process begins on all ridge points found.

The clusters resulting divide the histogram in as many regions

as ridges found. All colours falling in the same cluster will be

represented in the segmented image with the same colour. This

colour is the mass center of the cluster. An example of colours

found is shown in Figure 2b.

Shadow study
The aforementioned ridges are a useful tool to cope with the

shadow behaviour in terms of intensity and chromaticity. Figure

3 shows an example of a shadow related to changes in intensity

and chromaticity. It can be seen a ridge representative of the

shadow of the man (the darkest one) and the ridge representing

the brownish floor (the elongated brownish one) in fig. 3c. Note

that there is a change in both intensity and chromaticity because

the two ridges do not fall in the same straight line. Using these

ridges, the segmented image is shown in Figure 3d, where the

shadow can be clearly seen. To join these two ridges in one ridge

representative of the whole floor, we need an slight increase of

σd . Figures 3e depicts the ridges obtained by RAD with a higher

σd value. In this case, there is just one ridge representative of the

whole floor. The segmented image using these ridges is shown in

Figure 3f. Thus, this is an example of how RAD is able to capture

the relationship existing between a shadow and an object.

Even with this strong shadow RAD can finds an existing

relationship between representative colour of the shadow and

the representative colour of the floor. Nonetheless, we need to

change σd to join this two representative colours. The idea here

is to apply the same method but on an intensity invariant colour

space, to achieve the same results but without tuning the para-

meters of the MLSEC-ST operator. The simplification resides in

the fact that chromatic changes are lower in distance than inten-

sity changes (see figure 3b). Since intensity changes are implic-

itly treated in the image transform, it becomes easier to find one

colour for a shadow and a surface.

Results in chromatic coordinates.
We make a simply transformation from gamma corrected

RGB to normalized RGB (rgb) by dividing each RGB channel

by the sum of all channels. This transformation yields a rep-

resentation of the image invariant of the intensity. There ex-

ist some other possible transformations, but the results achieved

with rgb are representative enough for our current purpose. Fig-

ure 4 shows an image, its rgb representation and its representative

colours found using RAD. Figures 4d shows its RGB histogram

and 4e its rgb histogram. note that all information is represented

in a plane.

The better results obtained using an intensity invariant rep-

resentation instead of the RGB space are illustrated in Figure 5.

The same values of σi and σd had been used for all images. It

(a) (b)

(c) (d)

(e) (f)
Figure 3. (a) Original image. (b) histogram of a). (c) Darkest and brown-

ish ridges illustrate a change in both intensity and chromaticity. (d) Rep-

resentative colours of c). (e) and (f) representative colours capturing the

relationship between darkest and brownish ridges depicted in b)

(a) (b) (c)

(d) (e)
Figure 4. (a) Original RGB image. (b) rgb representation of a). (c) Dom-

inant colours obtained using RAD. (d) RGB histogram of a). (e) rgb his-

togram of b).

is shown the original image, its RGB representative colours and

its rgb representative colours. In Figure 5b RAD finds a bluish

colour for the shadows. This colour is found for some pixels

just below the grass. When finding representative colours on the

rgb representation of Figure 5a, there are no colours related with

the shadows as Figure 5c shows. Note that the shadows affect

the floor and also the grass. A similar effect occurs with Fig-
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ure 5d. In this case, RAD finds two representative colours for

the floor between the green plants. When applying RAD on the

rgb space, there is just one colour found for the floor, as illus-

trated in Figure, 5f. Finally, Figure 5g shows another example

of a shadow that affects two different surfaces. The RGB repre-

sentative colours assign one colour for the shadow. In this case,

when applying RAD on the rgb representation of the image, the

shadow has been detected as a different colour than the floors.

There is one colour for the part of the shadow affecting the grass

and another one for the floor. In this case, we need to change

once σd to yield the results depicted in Figure 5j. Hence, the

segmentation on the rgb yields better results than the segmenta-

tion on the RGB. However, as illustrated with this last example,

it can be needed to change the parameters to achieve the good

segmentation even in the rgb space. Nonetheless, RAD is able to

achieve the correct segmentation

Images depicted in figure 4a and 5a has been downloaded

from internet whereas image 5d belongs to the COREL database

and 5g has been already used in [15]. Note that 4a, 5a and 5g

are an examples of strong shadows, whereas 5d is an example of

soft shadows. In both cases the method is able to yield a correct

segmentation with the same parameters.

This results illustrates the idea that RAD performs better

in an intensity invariant space. It happens because the coherence

existing between all colours that compone a representative colour

exist in both RGB and rgb spaces.

Conclusions
In this paper we have introduced the capability of RAD to

segment in the presence of shadows. Results obtained point out

that RAD is able to find a chromatic coherence between a shadow

affecting an object and the colour of the object. RAD yields cor-

rect segmentations in both RGB and rgb colour representations

of an image for cast and self shadows. However, results obtained

using rgb improve the performance of the method. It happens

because on the rgb space we just have to deal with chromaticity.

Hence, the analysis of the chromatic information of an image us-

ing RAD provides a segmentation tool robust against most of the

(soft and strong) shadows.

Using the same values of −→σ , RAD yields a correct segmen-

tation in most of the cases. In those cases where it does not hap-

pens, it should be found a way to decide a new value of σd .
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