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Abstract
We attempt to recover a 2D chromaticity intrinsic variation
of a single RGB image which is independent of lighting,
without requiring any prior knowledge about the camera.
The proposed algorithm aims to learn an invariant direction
for projecting from 2D color space to the greyscale intrinsic
image. We notice that along this direction, the entropy in the
derived invariant image is minimized. The experiments con-
ducted on various inputs indicate that this method achieves
intrinsic 2D chromaticity images which are free of shad-
ows. In addition, we examined the idea to utilize projection
pursuit instead of entropy minimization to find the desired
direction.

1. Introduction
It has been investigated that many vision algorithms includ-
ing image segmentation, object tracking or recognition may
fail due to some specific illumination conditions [1][2][3].
To illustrate, shadows are the result of changes in light-
ing conditions in images which can cause some difficul-
ties in the aforementioned set of algorithms. Hence, the
problem of removing shadows from color images has stim-
ulated increasing interest in the field of computer vision.
One of the suggested solutions is based on the observation
that greyscale intrinsic images extracted from the original
color ones do not contain any shadows because they are not
dependent on illumination conditions.

In [2], after generating a 2D chromaticity color map from
the original image, they acquire a 1D illumination invari-
ant image in which shadows are removed using the prior
information about the camera. Afterwards, with the help
of inverse conversions and shadow edges extracted from
the source, they reconstruct a full color, shadow free im-
age. This report is based on the method proposed in [3] that
eliminates the need to calibrate camera. Instead, we seek
the best direction for the projection line through minimizing
entropy in the resulting greyscale image. Furthermore, the
idea of using Independent Component Analysis (ICA) and
projection pursuit to obtain the invariant direction is also

discussed.
The rest of this report is organized as follows: in sec-

tion 2, we study the details of the algorithm. Section 3 pro-
vides the results for a number of experiments and finally,
the complete method is summerized in section 4 along with
some suggestions for future work.

2. System Model
As stated in the previous section, our main goal in this
project is to remove shadows from images through produc-
ing a greyscale intrinsic image. Note that our method as-
sumed that camera sensors are fairly narrow-band or we ap-
plied spectral sharpening on them to simulate narrow-band
behavior [4]. The light present in the images also should act
similar to a Planckian light, such as daylight. In the follow-
ing parts, we describe the steps of the algorithm in detail.

2.1 Geometric Mean 2D Chromaticity Space
Following the arguements and proofs in [3], at first we need
to map the 3D original image to a 2D space. In order to
accomplish this goal, we divided three color channels by
the geometric mean 3

√
R×G×B. Thus the chromaticity

would be:
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If we take the log of the above equation, we get:
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Figure 1: Inuition for using entropy minimization

However, we still have three components for the color space
which should be projected into a proper plane to get a 2D
representation of chromaticity. To accomplish this conver-
sion, we form a plane {χ1, χ2} such that straight lines in the
color space ρ, each related to a single surface in the origi-
nal image, remain straight in this plane[3]. As a result, if
we plot 2D log-chromaticities, a pattern of parallel lines is
identifieble that enables projection onto a line to derive an
illuminant invariant image.

2.2 Entropy Minimization

To recover the greyscale intrinsic image, we require to learn
the invariant direction in which the straight lines in the 2D
chromaticity space mentioned above, point in. According to
the observation in [3], the right invariant direction is the one
that minimizes the entropy of the greyscale image. As illus-
trated in Fig. 1(b), if we project onto a line which causes
the entropy to be larger than the minimum, then the distri-
bution of pixels along this line is not aggregated in a set
of points. In other words, the desired line is perpendicular
to the 2D log-chromaticity straight lines, leading to sharp
peaks for corresponding surfaces after projection to 1D, as
in Fig. 1(a). Regarding the concept of entropy, these sharp
peaks can be associated with small values for entropy.

To formulate this observation into algorithm steps, we
require to iterate through every possible projection direction
and select the one that minimizes the entropy. Accordingly,
for angles θ = 0◦..180◦, we produce the greyscale image I
from 2D chromaticity color map by:

I = χ1 cos θ + χ2 sin θ, (3)

Next, for each angle, we compose histogram of the middle
90% of data with the intention to remove outliers. The bin
width differes for every θ and is established using Scott’s
Rule [5]:

bin width = 3.5std(I)N(I)1/3, (4)

and we calculate the entropy for each angle by

η = −
∑
i

pi log pi, (5)

with the height of the i-th bin denoted as pi, to determine
the minimum value.

2.3 3-Vector Representation
The final step of the method involves converting the
greyscale intrinsic image back to a 3D representation for
visualizing the results. To accomplish this, we form a 2x2
matrix Pθ as the projector for the candidate angle θ and uti-
lize that to obtain 2-vector χθ as:

χθ = Pθχ (6)

Employing this 2D representation, we estimate the 3D color
space and afterwards add a constant extra light to all pixels
to retreive the original chromaticity [3].

2.4 Algorithm Steps
To sum up, we present the algorithm to reconstruct the
greyscale intrinsic image in a number of explicit steps:

1. Project the original color image into a 2D log-
chromaticity space.

2. For θ = 0◦..180◦

(a) Project the 2D representation of the image onto
the line defined by the direction θ to retain a 1D
greyscale image.

(b) Calculate the entropy for pixels in the resulting
greyscale image.

(c) Select the angle that ensures the minimum en-
tropy.

2.5 Independent Component Analysis and
Projection Pursuit

The major purpose of the algorithm in [3] is to identify a
line achieving a set of sharp peaks which are well-seperated
from each other after pojection rather than attaining an
outspread distribution for pixels. This concept can also
be modeled by applying Independent Component Analysis
(ICA) to the 2D log-chromaticity representation of the im-
age.

The general definition for ICA concerns estimating a lin-
ear representation for the given mixed signal such that the
components are statistically as independent as possible [6].
An alternative comprehension for ICA is maximizing the
nongaussianity present in the data. Indeed this is one of the
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ICA estimation principles which states that each local max-
ima of nongaussianity in the given data with the constant
variance, corresponds with one of the independent compo-
nents. The preceding principle connects ICA with another
method named projection pursuit which also has the objec-
tive to detect maximally nongaussian linear combinations
of the data. In other words, the directions for projection
pursuit are another interpretation for the independent com-
ponents resulting from ICA.

Reconsidering the problem of verifying the correct in-
variant direction, we notice that recognizing the aforemen-
tioned set of peaks can be explained as maximizing the
nongaussianity which is the intention of projection pursuit.
Thus, a substitute for entropy minimization used in this
project could be a robust implementation of ICA in [7] to
learn the projection pursuit directions.

3. Experiments and Results
To evaluate our algorithm, we did three rounds of experi-
ments. At first, we tried the algorithm for the data from [3]
and extracted both the greyscale and L1 chromaticity invari-
ant images, shown in the last two columns of Fig. 2. As we
can see, the method is quite successful in this round as the
results are nearly shadow free.

The second time, we looked at the outputs of performing
the approach on some JPEG images from unknown cameras
which are provided in Fig. 3 (the dataset from [8]). We
note that shadows are not removed as well as the previous
case. It seems that a number of processing operations, e.g.
compression in these images causes the procedure to fail
since the assumptions made in the beginning of section 2
do not hold.

Finally, we investigate the idea of using projection pur-
suit instead of entropy minimization on the same set of im-
ages from Fig. 2. We used the first independet component
of the 2D log-chromaticity to create the greyscale intrinsic
images which are presented in the middle column of Fig. 4.
The right column is repeated from Fig. 2 to compare two
approaches. We notice that projection pursuit can work as
effective as entropy minimizaion but is better in terms of
performance; for instance, learning the invariant direction
with entropy minimization takes almost 60 seconds for an
original image of size 2048 × 1152 pixels while projection
pursuit accomplishes the task in 10 seconds.

4. Conclusions
In this project, we implemented the algorithm demonstrated
in [3] to reconstruct a greyscale and then an L1 chromatic-
ity illumination invariant image through entropy minimiza-
tion with the aim to remove shadows from the original im-
age. One of the crucial properties of suggested method is its
independence on any specific information about camera or

Figure 3: The result of applying entropy minimization
method on JPEG images: columns show original image, L1

chromaticity image and intrinsic greyscale image.

Figure 4: The result of applying projection pursuit method:
columns show original image, intrinsic greyscale image ob-
tained from projection pursuit and entropy minimization.
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Figure 2: The result of applying entropy minimization method on data from [3]: columns show original image, L1 chro-
maticity image, intrinsic greyscale image and invariant L1 chromaticity.
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image. We also looked into projection pursuit and ICA to
distinguish the invariant direction and came to this conclu-
sion that it can be a replacement to entropy minimization.

Future work could concentrate on improving the ap-
proach to also work on JPEG images. Also it may be pos-
sible to enhance the reconstructed RGB shadow free image
following the notion of projection pursuit.
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