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ABSTRACT

A shadow is created when an object lies in the path of a light source. Shadows are castby the occluding object,
or the object itself can be shaded; a phenomenon known as “self-shading”. Du€ to the difference between the
light intensity reaching a shaded region and a directly lit region, shadowsfare often characterized by strong
brightness gradients. While non-shadow regions are illuminated by both direct (e.g., suflight,*flashlight) and
diffuse (e.g., skylight, fluorescent, incandescent) light sources, shadow, regions are only illuminated by)diffuse
light. The change between shadow and non-shadow regions isghus not only a brightness differencegbut a color
one as well. In outdoor scenes, for example, the lit areas are\illuminated by sunlight and skylight, while the
shadow regions are illuminated by skylight alone, which creates a bluish color‘cast. This property of shadows,
together with the fact that a certain color can existdngbeth lit and shaded objects, makes them problematic in a
number of different computer vision applications such“@s tracking, object (or peaple) recognition, and white
balancing. In image manipulation or compositing, shadows are often unwanted artifacts that are unavoidable
due to image capture conditions (e.g., photographs taken in an Urban,environment). While shadow compositing
and removal has dramatically improved in recent years, automatic shadow detection is still a challenge and
requires additional assumptionsyer. information. We have presented a method of shadow detection and removal
based on two dimensional chromaticitymbased intensity ratios which gives good results in detecting and

removing of cast shadows in a stilllimage.
Keywords: Ghromaticity, Gray Seale, Morphofogical, Removal, Shadow Detection, Etc.
I INTRODUCTION

1.1 Foreground Object detection and shadow

Color is the prominent visual“features used for object detection and tracking in the robotic vision and machine
perception systems. Visual object tracking is a process of continuously estimating the state of an object in an
image given prior states from previous frames. The state of an object can be position, velocity, shape, size and
so on. Object tracking can be difficult due to noise, partial or full occlusions, complex object motion, and shape
and illumination changes. In order to deal with these difficulties, object tracking algorithms require robust
measurements which can describe the appearance of objects correctly when the environmental conditions
change. Therefore foreground object detection becomes a fundamental step in many image analysis applications,
such as automated visual surveillance, video indexing, and human machine interaction. Many methods for
foreground object detection have been proposed such as background subtraction, optical flow and temporal
difference [1]. However, foreground object detection techniques are often affected by factors such as shadow,

illumination changes and noise, etc. Especially, the shadow may cause many problems in object localization,
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segmentation, detection and tracking. Furthermore, other problems may also be caused, e.g., objects may be

merged, object shapes may be altered, the background may be misclassified as foreground and missing objects

[2]. Therefore, the accurate detection of a moving object and the acquisition of its exact shape by eliminating

shadows have a great effect on the performance of subsequent steps such as tracking, recognition, classification,

and activity analysis.

1.2 Observations for reliable shadow detection

Human visual system [18] seems to utilize the following observations for reliable shadow detection:

Shadow is dark but does not change significantly neither the color nor thedexture of the background
covered [19].

Shadow is always associated with the object that cast it and to thé behavior of that object (e.g. if a
person opens his arms, the shadow will reflect the motion and the shape ofithe person).

Shadow shape is the projection of the object shape on the/ackground. For an extended lightysource
(not a point light source), the projection is unlikely to be perspective.

Both the position and strength of the light sources are known.

Shadow boundaries tend to change direction according-to the geometry-of the surfaces on which they

are cast.

1.3 Shadow Variant Features

The important shadow variant features cHosenby different scholars are as follows [20]:

(@)
(b)
(©)
(d)
(€)

Intensity Difference: Since shadows are expected to be relatively dark, the statistics about the intensity
of image segments \in, neighboring pixels measure the intensity difference using their absolute
differences. In neighboring segments the difference of intensity values are measured. Also the feature
vector with the averaged'intensity value'and the standard deviation are taken into account.

Illumination changes: This.chan@e in a single’image can be modeled by a linear transformation [14] of
diagonal-offset model. The five basic types of the illumination changes can be defined [15], as follows:
Light intensity.changes,

Light intensity shifts,

Lightjintensity changes.and shifts,

Lighticoler changes and

Light color change and shifts.

Local Max: In a local patch, shadows have values that are very low in intensity; therefore, the local
max value is expected to be small. On the contrary, non-shadows often have values with high
intensities and the local max value is expected to be large.

Smoothness: Shadows are often a smoothed version of their neighbors. This is because the shadows
tend to suppress local variations on the underlying surfaces [13]. The method subtracts a smoothed
version of the image from the original version. Already smooth areas will have small differences where
as highly varied areas will have large differences. To measure the smoothness, the standard deviations

are used from neighboring segments.
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o Skew-ness: Several statistical variables (standard deviation, skew-ness and kurtosis) are used to
measure the shadow. This shows that the asymmetries in shadows and in non-shadows are different and
good cues for locating shadows. This odd order statistic is also found to be useful in extracting
reflectance and gloss from natural scenes. The shadow invariant features chosen for shadow analysis ae
given as follows:

e Cradient Similarity: In the image-formation, transforming the image with a pixel-wise log
transformation makes the shadow an additive offset to the pixel values in the scene. To capture this
cue, measure the similarity between the distributions of a set of first order derivative of Gaussian filters
in neighboring segments of the image. This similarity is computed using thedxl norm of the difference
between histograms of gradient values from neighboring segments.

e Texture Similarity: It is observed that the textural properties of suffaces change little across shadow
boundaries. The textural properties of an image region are meaSured using the method*withfa bank of
Gaussian derivative filters consisting of 8 orientations and/3yscales and“then, clustering is applied to
form 128 discrete centers. The primary difference is that distortiomvartifacts in the darker portions of the
image and which lead to a slight increase in the number of lower-index Textron’s. They are indicated
by more blue pixels.

Il LITERATURE REVIEW
Some shadow detection reviews have beendreported<in the literaturey,[2-4], from the views of physical,
geometrical, and heuristic techniques. Most'of the real-time shadow detectionitechniques work at pixel level and
use color information for shadow detection directly or indirectly, Wholly.erpartially. Shadow detection methods
can be categorized into two kinds: statistical based and video features based. The statistical methods use models
that are often acquired by learning, to segment the shadew from foreground, through statistical analysis of the
features of target pixel in illumination andyshadow [5-8]. However, the video data used for learning is usually
hard to obtain. Thes other kind of\ shadow detection, methods use video features, such as geometric, color,
gradient and brighthess, etc. These\methods are mare general than those by learning. The methods based on
image features can. beyfurther divided into the following four categories [2]: color based, light physical
characteristics based, geometric relations based, and texture based. The color based method is mostly on the
basis of a single pixel and is‘ecombined with color information to test the shadow that makes certain assumptions
about the shadow properties:

(@) ashadow darkens the background area on which it falls;

(b) ashadowsalls,onthe background plane;

(c) ashadow changes luminance of an area more significantly than color [9].
If these assumptions are not satisfied, the accuracy of color-based approaches for shadow detection will
decrease obviously. For example, if some parts of the foreground object are darker than the background, they
would be detected as shadow easily. Light physical characteristics based methods are usually linear attenuation
models of the light intensity, which has the assumption that illumination source produces pure white light. In
outdoor environment, the main light source is sunlight (white) and the reflected light comes from the sky (blue).
Generally, other light sources are influenced by sunlight. If sunlight is blocked, the effect of reflected light from

the sky increases, and the Chromaticity of shaded region is shifted toward the blue component.
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Bhanu et al. [10] presented a dichromatic model that takes into account two light sources to predict the color
changes of the shaded region better. Further work is to consider a variety of different light intensity conditions,
and build a more general nonlinear attenuation model to adapt to the indoor and outdoor scenes [11, 12]. These
methods still use the chromaticity characteristics, and if the foreground color is closer to the cast shadow, there
would be some mistakes. Geometric feature based methods mainly consider that under certain light source,
shape and size of shadow, position relationship between objects, and segment shadow from foreground can be
ensured. These methods do not need background model, however they need detailed shape information and
other information of foreground targets. Therefore, these methods can only detect specific objects, meanwhile
they need position relationship between objects and shadow. In the case of multiple shadows and multiple
objects, these methods do not work well. Texture based methods assume that the texture of shaded region is
invariant. These methods generally include the following steps: (1) detect foreground with'shadow; (2) classify
foreground as either foreground or shadow based on the texture correfation, Ifytexturefof candidate area is
similar to that of background, it may be misclassified as the shadow. Shadow“detection methods based on
texture are effective without color information and robust tofifluminatien changes.“However, they need to
compare adjacent pixels, and the complexity is high. The intensity variance of pixel is not only related to the one

in previous frames, but also related to the adjacent pixels in the'saméframe.

In Wu et al. [23], users are asked to submit a quadmap €entaining shadow, non-shadow, and penumbra regions
of similar textures. Simplifications of theseqUser requirements are foclised towards reducing the time spent
selecting shadow and non-shadow regighs:<Wu, and Tang [24] employ user-supplied context that indicates
candidate shadow regions. Arbel and Hel-Or’s method 217 allows a'shadow mask to be calculated using only a
few keypoints, and Shor and Lischinski [22] propesed, reducing external information to one user-supplied
keypoint per shadow region. Instéad of “growing” a shadowiegion based on a few keypoints, Drew and Reza
[25] calculate invariant images hased“on a'few selected patches in the image. While these detection algorithms
can provide very accurate results for still“imagespant deliver good subsequent shadow removal, their
requirements ar€ strengly dependent on'the complexity of the image. Moreover, even minimal user interaction
prevents a detection algorithm to betincorporated in a fully automatic workflow, such as in-camera image
processing. This paper<presents a featurey” named chromaticity based local intensity ratio, which reflects

illumination invariance. The'experimental results demonstrate that this feature is robust to illumination change.

111 PROPOSER WORK

This section describes the basic steps carried out in our algorithm of shadow detection and removal which uses
two dimensional chromaticity properties of RGB color space. Before that a brief discussion has been done about
color spaces. A color histogram depicts the color distribution of the objects in a specific color space, e.g., RGB,
HSV, YCbCr [16]. Therefore, the color constancy of color spaces determines the color invariance properties of
color histograms. As our proposed work uses RGB color space, there is a brief review regarding RGB color
spaceThe RGB color space has three channels: red, green, and blue. A histogram can be derived by calculating
the number of pixels that have colors in a fixed range which depends on the number of bins. The RGB
histogram has no illumination invariance properties [17]. As in our proposed system the inputs are RGB color
images having cast shadows by an object in it, the outputs are evaluated in the form of object wise shadow

detected region along with shadow removal. Below are the steps that are involved in the algorithm
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Algorithm used

1. Read RGB image in mat lab workspace.

2. Convert image to double precision for fast calculations.

w

For pixel i=1 to m* n where m and n are number of rows and columns in the image. Do the steps
given below.

Calculate geometric mean.

Evaluate chromaticity in red direction as Red / G. Mean.

Evaluate Chromaticity in blue direction as Blue/ G. Mean.

N o g &

Evaluate two-dimensional chromaticity by plotting one dimensional icity in Red and Blue
directions in orthogonal direction.
8. Evaluate a projection line orthogonal two both red and blu i ity’s by varying

the angle of the line

9. Project both chromaticity values on this orthogo scale
image.

10. Vary the angle for another projection line and ex

11. Do this for a few directions and apply morpholo ilation and erosion and

detect shadow region
12. Applying labeling command ap
13. Mark out the shadowed objec
non-shadow region
IV RESULTS AND DISCUSSIONS
ious images in both

The evaluations were done thro ative and qualitative methods. The benchmark

images are tested and results are eS. The results at various stages of the algorithm has

Step 2) Image after shadow removal
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In comparison to Guo et al.[26] Our method gives better result in shadow detection for images having cast shadows of single

object.
Below are the results for Guo et al.[26] and presented work in terms of shadow detected area.

In comparison to Guo et al. [26],

Y

Figure 5.18: test images

His results for images below detected the shadow region as beloa

f shadow!tection by Guo et al.[26]

Y 4
Figure 5.20: results of shadow detection by presented scheme.

It is clear from above that our technique gives better results in shadow detection than Guo et al. [26] when a

single object casts shadow in an image.

V CONCLUSION

To detect foreground without shadow, this paper presents chromaticity based intensity ratio according to

illumination model, and proves its illumination invariance. Filling methods are introduced to deal with holes in
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foreground object,and morphology method is also used to remove scatter shadow that is falsely detected as

foreground. Experimental results demonstrate that the proposed method can eliminate shadow on foreground

effectively. However, the foreground may be easily detected as background if it is similar to background or

shadow.
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