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ABSTRACT

Shadows are often integral parts of natural scenes and
their identification is an important task in image anal-
ysis. In this paper, we propose an algorithm for recog-
nition of shadows cast by objects on the scene’s back-
ground. The proposed approach is based on the use
of color information by means of photometric invariant
color transformations. The method is divided into two
levels: first, object and shadow edges are extracted from
the RGB components and only object edges from the in-
variant features; then, edges are filled and the obtained
masks are combined to extract shadow regions. Simu-
lation results show that the proposed algorithm is ro-
bust and efficient in detecting shadows within a set of
assumptions on the scene that makes the method’s ap-
plicability wider than that of state-of-the-art methods.

1 INTRODUCTION AND RELATED WORK

Shadows are generated when objects occlude light from
a source of illumination. They are a frequent occurrence
in images. The identification of shadows in computer vi-
sion is an important task which has received relatively
limited attention. On one hand, shadows are a valuable
source of information about the shape and the relative
position of objects in the scene represented in a digital
image, as well as about the characteristics of surfaces
and light sources. On the other hand, their presence
may hinder the performance of object segmentation and
interpretation systems for applications such as satellite
imaging and image databases that require the identifi-
cation of objects. A shadow often has the same effect
as a segmentation error on the performance of such sys-
tems. Moreover, the information about the shape and
the color of segmented objects may be distorted by shad-
ows. Shadows should be therefore identified in order to
provide a correct description of the scene.

Two different approaches can be found in the litera-
ture in the field of shadow detection in still images. The
first is based on models of the scene and the illumina-
tion, the second on shadow properties.

The first approach comprises methods which are de-
signed for specific applications, such as aerial image un-
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derstanding [3, 7, 10, 15], surveillance [9] and image
rendering [14]. They exploit a priori knowledge of the
three-dimensional geometry of the scene, the objects,
and the illumination. These geometry-based approaches
have two major limitations. Simple rectilinear models
can be used only for simple objects, as for instance build-
ings and vehicles. In addition, the a priori knowledge of
the illumination and the 3-D geometry of the scene is not
always available. These techniques are therefore only
applicable to the specific application they have been de-
signed for.

The second approach overcomes these limitations by
exploiting shadow’s geometry, intensity and color prop-
erties. Luminance is exploited by analysing edges [16],
histograms [11, 13], or texture [1]. Both geometry and
luminance are exploited in [8]. Here, a shadow identifi-
cation and classification algorithm for gray-scale images
is presented. The method is based on the analysis of
shadow intensity and geometry in an environment with
simple objects and a single area light source!. Only
simple scenes, without occlusions between objects and
shadows, are considered.

A physical-based approach to distinguish material
changes from shadow boundaries in chromatic images
is presented in [5]. In [2], a method that uses color ra-
tios for analyzing edges with regard to whether they are
due to a shadow or a material change is described. A
system that combines color information and geometry
information to detect cast shadows is described in [4].
The method is applicable to more complex scenes when
compared to those analyzed in [8], but it presents a very
strong limitation that makes it impossible to use to au-
tomatically recognize shadows. An active observer is in-
troduced who is allowed to cast its own shadow. From
this shadow the direction of the light source is empir-
ically calculated. By using this information, shadows
are confirmed among the extracted candidate shadow
regions.

The approach we present in this paper allows to ex-
tend the range of applicability of the work of [8] and [4]

1 An area light source is a source of illumination presenting a
certain extent (in contrast to a point light source).



and overcome some of their limitations, as regards illu-
mination conditions and the need of an active observer.
It is based on shadow properties, and shows how the
invariance properties of some color transformations can
be easily exploited to extract cast shadows in digital im-
ages. It is also applicable when no a priori knowledge
of the scene is available and when objects of different
types are present.

The paper is organized as follows. In Sec. 2, the pro-
posed shadow detection method is described. Experi-
mental results are presented in Sec. 3, and in Sec. 4 we
draw some conclusions.

2 PROPOSED METHOD

We propose a system which detects shadows cast by
objects on the scene’s background by using color in-
formation. Assumptions on the scene are considered.
Shadows are assumed to be cast on a flat, or nearly flat,
nontextured surface. No restriction to the number of
light sources and their extension is considered, as long
as generated shadows remain simple and do not inter-
fere with each other. Objects and shadows are supposed
to lie within the image. The method is applicable also
in the case of occlusion between objects and shadows.

Color information is exploited by considering color
features that show invariance properties with respect to
changes in the illumination conditions, that is to shad-
ows and shading. They are introduced in Sec. 2.1.

The method can be divided into two levels. First,
object and shadow edges are extracted from the image.
Then, edges are filled and shadow regions are extracted.
Section 2.2 describes the two levels of the detection pro-
cess.

2.1 Invariant Color Models

Photometric invariant color features are functions which
describe the color configuration of each image point dis-
counting shadings, shadows and highlights. They are
invariant to a change in the imaging conditions, such as
viewing direction, object’s surface orientation and illu-
mination conditions.

Among the traditional color features, normalized rgb,
hue (H) and saturation (S) are shown to be invariant to
shadows and shading considering dichromatic reflection
and white illumination [6]. In addition to these well-
known color spaces, new invariant color models, ¢icac3
and l4l5l3 are also proposed [6].

We have evaluated the behavior of all the invariant
features cited above, namely rgb, H, S, cicacs and 11513,
in the proposed shadow recognition system. The best
results are obtained using the ¢jcacs model, that has
been adopted in our method. The ¢;c2c3 color invariant
features are defined as follows:
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for R, G, and B representing the red, green, and blue
color components of each pixel in the image.

c3 = arctan (

2.2 Shadow recognition

The first level of analysis toward the identification of
shadows is the extraction of object and shadow con-
tours. Object and shadow edges are extracted from the
RGB components of the image, which are sensitive to
variations in the illumination caused by shadows. Only
object edges are obtained from the photometric invari-
ant features. In the second level of the analysis, edges
are filled and the difference between the obtained regions
is computed to extract the shadow regions.

2.2.1 Color Edge Detection

Edge detection on the RGB components of the im-
age allows to extract both object and shadow contours
(Fig. 1 (b)). Contours are extracted via a color edge
detector. The edge map is obtained by applying a So-
bel operator separately on the three color channels of
the image. The color edge map results from a logical
OR-connection operation on the three edge maps corre-
sponding to the three color channels.

Similarly, color edge detection is performed in the in-
variant space to extract a map which does not contain
the edges corresponding to shadow boundaries, that is a
map that contains only object edges (Fig. 1 (c)). Con-
tours in the invariant color features, in fact, correspond
to material changes. The color edge map is, as before,
the result of a logical OR-connection operation on the
edge maps obtained with the Sobel operator on each
color component in the invariant space.

To improve edge delineation, a post-processing is ap-
plied on the edge maps. An elimination of isolated noise-
induced edge pixels is performed. This is done by per-
forming a labeling of the edge map and by removing
those labels whose total number of pixels is below a fixed
percentage a of the maximum number of connected edge
points.

2.2.2 Shadow Extraction

In the second level of the analysis, shadow regions are
extracted from the image. The RGB edges are filled in
order to obtain a binary mask that represents object
and shadow regions in the image. The invariant fea-
tures edges are filled in order to obtain a binary mask
representing only objects in the scene. Shadow pixels
are extracted as those pixels which belong to the first
binary mask and do not belong to the second. Finally, a
morphological post-processing (an erosion followed by a
dilation operation) is applied to the final mask to refine
the results.



Figure 1: Edge detection on RGB (b) and photometric
invariants (c).

| | RGB | C1C2C3 |
Imagel | 0.02 0.14
Image2 | 0.05 0.12
Image3 | 0.03 0.09
Image4 | 0.07 0.07
Image5 | 0.03 0.07

Table 1: Value of the thresholds for color edge detection
on the different test images.

3 RESULTS

The proposed method has been tested on different test
images, which respect the hypotheses commented in
Sec. 2. The first columns of Fig. 2 and 3 show a se-
lection of these images. Objects are made of different
materials and present different colors.

The edge detection process on the RGB components
of the image and on the cjcocs features requires the
setting of a threshold 7 for the binarization of the edge
map. The threshold determines the sensitivity of the
edge detector and has been manually determined in this
paper. The values of 7 for the different test images are
shown in Table 1. The values for the invariant features
maps are higher than those for the RGB components. In
the first case, a lower sensitivity of the edge detector is
required to reduce the number of edge points detected,
due to noise, far outside the object contours. In the
second case, a higher sensitivity allows to obtain a map
where edges form as much as possible closed contours.
For the post-processing of the edge maps, the value of
the threshold « described in Sec. 2.2.1 is set to 10% for
all the tests.

The second columns of Fig. 2 and 3 show the shadow
regions extracted by the proposed method for the dis-
played test images, superimposed on the original im-
ages. The results show that shadow regions have been
correctly identified. It is possible to notice that in the

Figure 2: Shadow detection results.

case of Image4, on the dark object on the right, and
Image 5, on the marker in the lower left corner, some
object points have been misclassified as shadow points.
These errors are due to the instability of the invariant
color features for low values of saturation and intensity.
For a correct color edge detection in the invariant space,
in fact, saturation and intensity values have to be larger
than 5% of their total range [6]. Errors in the color
edge detection for Imagej are shown in Fig. 1 (¢). To
overcome this problem, a way to process low-confidence
regions should be investigated, as proposed in [12].

However, thanks to the use of color information, and
not only intensity, the method has correctly distin-
guished in Image4 the dark object from its shadow. This
would not have been possible for techniques that exploit
only luminace properties of shadows for their identifica-
tion.

In Image5 the gray object on the top left corner of
the image has been entirely misclassified as a shadow
region. This is due to the fact that there is a tradeoff
between the amount of invariance and the expressiveness
of the color models. Therefore, the reduced discrimina-
tive power of the invariant features has prevented the
edge detection step to identify the edges of the above
mentioned object.

4 CONCLUSIONS

We described an efficient method for detection of cast
shadows based on the use of color information. In the



Figure 3: Shadow detection results.

first level of the algorithm, edge detection on the RGB
components of the image gives a map that contains both
object and shadow edges. Only material changes, that
is object edges, are obtained by edge detection on the
photometric invariant features. In the second level of
the strategy, the edge maps are filled and combined to
extract shadow regions. The efficiency of this approach
for detection of cast shadows was demonstrated through
application to a number of typical images.

Several directions can be considered to extend the
work described in this paper. The proposed technique
has been designed to detect a particular type of shad-
ows, namely, cast shadows. Other types of shadows such
as self shadows can be detected by exploiting the prop-
erties of invariant color transformations. The detection
of self shadows is important for a correct description of
object color. Another important direction of research
is that of shadow detection in video. In this case, the
additional temporal information can be exploited.
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