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Correcting the Geometry and Color
of Digital Images

M. Jackowski, A. Goshtasby, Senior Member, IEEE,
S. Bines, D. Roseman, and C. Yu

Abstract—A unified method for correcting the geometry and color of
digital images is presented. The method uses a color chart with a
prearranged array of known color patches. Using the true geometry
and color of the chart and geometry and color of the image of the chart,
transformation functions that describe the geometry and color
characteristics of the camera are determined. The transformation
functions are then used to correct the geometry and color of obtained
images. Experimental results of the proposed method on images
acquired under different scene illuminations and camera settings are
presented and evaluated.

Index Terms—Geometry correction, color correction, approximation,
parametric surface, rational Gaussian surface.

+

1 INTRODUCTION

A digital image is a projection of a scene onto a plane after being
digitized into discrete pixel positions and intensities. A vision
system uses the positions and intensities of the pixels to interpret
the scene. Inaccuracies in pixel positions and intensities will mis-
lead the vision system; therefore, it is crucial that an image’s ge-
ometry and color are corrected before it is analyzed.

Geometry and color distortions in an image can be the result of
camera or environmental factors. A camera’s sensor may displace
red, green, and blue color values, and an imperfect lens may dis-
place the image pixels from their true positions. Inhomogeneous
scene illumination or use of a nonwhite light will change true
scene colors, and atmospheric turbulence will displace image pix-
els from their true positions. Chromatic aberration in a camera’s
lens projects the three color bands differently, causing misregis-
tration between the bands and distortion of image colors.

To correct the geometry and color of images acquired by a
camera, an image of a scene whose geometry and color are known
is obtained. Then, two sets of transformation functions are deter-
mined: one set relating the ideal image geometry to the obtained
image geometry, and another set relating the true colors in the
scene to colors in the image of the scene. These transformation
functions are then used to correct the geometry and color of sub-
sequently acquired images.

The position of a pixel in an image is represented by its x and y
coordinates, while the color of a pixel is represented by its red,
green, and blue values. Two transformation functions are, therefore,
needed to correct an image’s geometry, while three transformation
functions are needed to correct an image’s color. Since these trans-
formation functions represent distortions introduced by both the
camera and the environment, new transformation functions have
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to be determined every time the parameters of either the camera or
the environment are changed.
In many vision applications, it is necessary to standardize an

imace to a theoretical image obtained by a known camera svstem

mage ¢ a thegrefical image opiamec Dy a xnown camera sysiem

and under a known scene illumination. We will describe our pro-
cedure, assuming that the parameters of the camera and scene
illumination are fixed and only the contents of the scene change
from one image to another. For applications where the parameters
of the camera and/ or scene illumination change from one image to
another, the procedure described here should be repeated at a
number of camera and illumination settings. The parameters of the
transformation functions that correct the geometry and color of a
particular setting of the camera and illumination can then be esti-
mated from the parameters of the transformation functions that
correct the geometry and color of images obtained at known set-
tings of the camera and scene illumination. Willson [42] discusses
this procedure in detail.

In the following, existing geometry and color correction tech-
niques are reviewed in Section 2, and a unified method for stan-
dardizing the geometry and color of digital images is introduced
in Sections 3 and 4. Experimental results evaluating the proposed
method are presented in Section 5, and concluding remarks are
made in Section 6.

2 BACKGROUND

Many image analysis programs use the positions of image features
to make decisions. In these programs, it is crucial that obtained
images are corrected for geometric distortions. Image geometric
distortions result from lens nonlinearities [36], sensor nonlineari-
ties [11], or environmental factors such as atmospheric turbulence.
Image distortions from lens nonlinearities result from a lens’s ra-
dial and/or tangential distortions [5]. A lens’s radial distortion
causes image points to displace from their true positions towards
or away from the image center, while a lens’s tangential distortion
causes image points to be displaced in the direction perpendicular
to the line connecting them to the image center. A straight line
passing through the image center will stay straight (although it
may stretch or shrink) under the radial distortion, but the same
straight line will become curved under the tangential distortion.
Radial distortion results from imperfect lens design, while tangen-
tial distortion results from decentering of the lens elements during
manufacturing of the lens.

Methods for correcting image geometric distortions already
exist in the literature. Green et al. [11] used composite affine trans-
formations, while Goshtasby [7] used Bézier patches to correct
image distortions. Tsai [37], Lenz and Tsai [24], and Weng et al.
[41] used iterative methods for correcting image distortions from
lens nonlinearities. Since lens distortions cause straight lines in a
scene map to curves in obtained images, Echigo [4] and Wang and
Tsai [40] used this property to correct image geometric distortions.
These methods are global, and, although they can compensate for
lens distortions well, they cannot accurately model sharp distortions
from sensor nonlinearities and atmospheric turbulences. A method
is introduced in this paper that uses elastic transformation functions
to represent a wide range of geometric distortions in an image.

Many vision systems use color as a feature for object recogni-
tion. For instance, spectral information in multiband aerial or sat-
ellite images has been used to classify image regions into roads,
vegetation, and water [28]. Although surface colors can be charac-
terized independent of scene illumination [1], [13], [25], many al-
gorithms depend on absolute image colors that are influenced by
scene illumination [34]. Vision systems that use absolute image
colors in decision making lose their effectiveness when either a
scene’s illumination is changed or a camera’s sensor inaccurately
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records colors. To improve the accuracy of such systems, the colors
in acquired images should be corrected before use.

Attempts to correct image colors have been made before. Ex-
isting methods can be categorized into

ethods can be categorized
1) white-point mapping,

2) illumination estimation, and
3) lookup tables.

White-point mapping involves forcing the white point of the re-
corded image to the ideal white point. In this method, typically, a
white reference card is imaged and the value at each band is ad-
justed in such a way that all three bands have the same value [33].
In the illumination estimation method, the chromaticity of the
scene illumination is determined either directly or indirectly and
used to correct image color. Lee [23] describes a method for esti-
mating the scene illumination using specular highlight of the sur-
face reflections. Knowing the spectral reflectances, Vrhel and Trus-
sell [38] developed a method to correct image colors based on
principal-components analysis.

In the lookup table approach for color correction, a table is pre-
pared that contains, for a number of image colors, corresponding
true colors. If a color that is being reproduced is not in the lookup
table, it is estimated by interpolating or approximating the colors
in the table [16], [19]. The method introduced in this paper can be
categorized as a lookup table method, although no lookup tables
are explicitly created. We determine three transformation func-
tions, using a number of image colors whose true values are
known. The transformation functions are then used to estimate, for
each color in an image, its true color.

The choice of transformation functions plays a major role in the
color-correction accuracy. If the color characteristics of the input
and output are known, suitable transformation functions can be
selected. However, because such information usually is not avail-
able, the selected transformation functions should represent a
wide range of color distortions.

Hung [16], [17] and Kang [20] used polynomials to relate ac-
quired colors to the desired one. Polynomials are global functions
and will spread local distortions over the entire color space. Input
and output devices that possess sharp nonlinearities require lo-
cally sensitive functions that can represent such high variations.
Kang and Anderson [21] used neural networks to model the trans-
formation functions for color correction and reported improved
accuracy over the polynomial method. Transformation functions
that use information about the physical characteristics of the input
and output devices have also been used [2], [14], [15].

A method proposed by Kanamori et al. [18] determines a digi-
tal approximation to the transformation functions, using a grid of
9x 9 x 9 uniformly spaced colors. For acquired colors falling on
grid points, the true colors are immediately obtained from the
table. For acquired colors not falling on grid points, true colors are
estimated by interpolating the true colors at the vertices of a tetra-
hedron containing the color under consideration. This technique
can represent an input or output device’s color characteristics well,
but it requires the use of nine color charts, each containing an ar-
ray of 9 x 9 color patches.

Color distortions occur if the three color bands in an image
have slight geometric differences [42]. Usually, a color picture is
obtained with a single lens by alternately placing three bandpass
filters in the optical path of the camera and obtaining three images
with the same lens. Color distortion from chromatic aberration
results from the fact that the index of refraction of the lens varies
as a function of the wavelength. The difference in indices of re-
fraction from different colors causes different wavelengths of light
to be bent by different amounts. For instance, a thin lens with inci-
dent white light will cause the blue component to focus closer to
the lens than the red component will [42]. Therefore, to eliminate
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or reduce the geometric difference between the bands in a color
image, we will first correct the geometry of the three color bands
independently, and then correct the image colors.

We will use elastic transformation functions in this paper.
Elastic transformation functions are locally sensitive and adapt
well to the local geometry and color characteristics of an image-
acquisition system. By varying the elasticity of the functions, a
wide range of geometry and color distortions can be modeled.

3 GEOMETRY CORRECTION

To correct the geometry of an image, a known grid is placed in
front of the camera and its image is obtained. Because the geome-
try of the grid is known, the distortion at the grid points can be
measured using the coordinates of corresponding grid points in
the ideal and obtained images. At nongrid points, the distortions
are estimated from the distortions at the grid points.

Assuming grid point (X;, Y;) in the distorted image corresponds
to grid point (x; y;) in the ideal image, for i = 1, ... N, we have to
determine two functions f, and f, such that

x; = fA Xy Y, 1)
vi=fXY) i=1 ... N @

If we arrange the coordinates of corresponding ideal and obtained
grid points into two sets of 3D points as follows:

{X;, Y, x):i=1,...N}, 3)
(XY, y):i=1 ... N}, “)

we can then consider £, and f, as two surfaces fitting the 3D point
sets shown in (3) and (4), respectively. Note that, if points were
uniformly spaced, we could have used tensor-product surfaces
such as the B-splines to represent the transformation functions.
But, because of the image noise, not all grid points can be deter-
mined; therefore, the available grid points may be irregularly
spaced. Radial basis functions [31] can be used, but they require
solution of a system of equations. In the following, we will use
rational Gaussian surfaces that, like B-splines, are immediately
obtained by substituting the coordinates of the grid points into the
equation of the surface without solving a system of equations. But,
unlike B-splines, rational Gaussian surfaces can fit to irregularly
spaced points and are elastic. By varying the elasticity of a rational
Gaussian surface, the tightness of the fit can be controlled.

Rational Gaussian surfaces have been introduced in [8]. The stan-
dard deviation of the Gaussians in this representation determines the
stiffness (inverse elasticity) of the obtained surface. The smaller the
standard deviation, the more elastic the surface, thus approximating
the measurements more closely. Too small a standard deviation, how-
ever, will generate a surface that is similar to a piecewise linear ap-
proximation {8] and will treat noise in the measurements as image
deformations, while too large a standard deviation will smooth out
local details and produce surfaces that cannot represent sharp image
deformations. If the image coordinates are normalized such that they
are between 0.0 and 1.0, the standard deviations are typically between
0.01 and 0.1. For the images used in this paper, best accuracy was
achieved when a standard deviation equal to 0.05 was used. The op-
timal standard deviation depends both on the magnitude of noise and
on the sharpness of geometric distortions in an image. The best stan-
dard deviation for geometry correction of images obtained by a cam-
era can be experimentally determined by using a few of the images
and comparing the obtained errors at a variety of standard deviations.

4 CoLOR CORRECTION

To correct the colors of images obtained by a camera, a known
color chart is placed in front of the camera and its image is ob-
tained. If the true colors in the chart and their correspondences in
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the image are known, then three transformation functions can be
determined to relate the three color components in the chart to the
corresponding color components in the image of the chart.

Let us assume that the camera records colors in red, green, and
blue, and the chart contains N homogeneous color patches. Also,
suppose |(r;, g b;) : i =1, ... N| represents the true colors in a chart
and {(R; G; B;) : i = 1, ... N} represents corresponding colors re-
corded in the image of the chart. We need three transformation
functions that can map the three components of colors in the image
to the three color components in the chart. Denoting the three trans-
formation functions by f, f,, and f;, the functions should satisfy

ri=f{(R; Gy By), (5)
& =f(R; G, By), (6)
bi=f(R, G, B), i=1,...,N. @)

If we arrange the true and obtained color coordinates into three
sets of 4D points as follows:

[(Ry G, Byr):i=1,... N}, (8)
{(R; Gy By g):i=1, ... N}, 9)

{(R, G, B, b):i=1, ..N}, (10)
we can consider f, f,, and f; as three hypersurfaces fitting to the 4D
point sets given by (8), (9), and (10), respectively. Functions exist in
literature that can represent f, f;, and f;. For instance, splines [3],
sum of Gaussians [9], multiquadrics [12], and other radial basis
functions [31] can represent the three transformation functions,
and the parameters of the functions can be determined by solving
three systems of linear equations.

If colors in the chart form a regular grid in the color space, then
tensor-product functions, such as the B-splines [32], can be used to
represent the functions without solving a system of equations. How-
ever, generating color charts that contain uniformly spaced colors is
a difficult task. If we use commercially available charts that contain
nonuniformly spaced colors [27], we need functions that can fit to
irregularly spaced points. Each transformation function to be found
here is a 4D hypersurface that corrects one band of an acquired color
image using information about all bands of the ideal image.

In this paper, rational Gaussian hypersurfaces will be used to
represent the transformation functions for color correction. A ra-
tional Gaussian hypersurface in 4D is an extension of a rational
Gaussian surface in 3D [8], [10] and is obtained by replacing the
2D Gaussians with 3D Gaussians.

The standard deviation of the Gaussians in the proposed repre-
sentation determines the smoothness of the obtained hypersurface.
The smaller the standard deviation, the more elastic the hypersur-
face, better representing local variations in the color characteristics
of the camera. The larger the standard deviation, the less elastic
the hypersurface, representing a smoothly varying color distor-
tion. As the standard deviation of Gaussians becomes smaller, a
rational Gaussian surface approaches a piecewise linear function
[B], [10]. If the color coordinates are normalized to vary between
0.0 and 1.0, the standard deviation of Gaussians may be varied
between 0.01 and 0.1. A value smaller than 0.01 will make the hy-
persurface too elastic, responding to noise in the measurements,
while a value larger than 0.1 will make the hypersurface too stiff,
incapable of representing sharp variations in the color characteris-
tics of the camera. For images used in this paper, we experimen-
tally found that the standard deviation of Gaussians equal to 0.025
produces the best results.

Parkkinen et al. [30] found that scanner responses can be accu-
rately represented by a linear combination of a number of basis
functions. A procedure developed by Marimont and Wandell [26]
determines the basis functions by minimizing the errors in the
predicted scanner responses. The method described in this paper
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assumes that the basis functions are represented by rational Gaus-
sian basis functions and determines the parameters of the basis
functions from predicted scanner responses.

5 RESULTS AND DISCUSSION

To evaluate the effectiveness of the proposed geometry and color
correction method, the color chart shown in Fig. 1 was used. This is
the MacBeth ColorChecker color chart [27]. The color names, along
with CIE 1931 color values can be found in [27]. The chart has been
used in various applications including standardization of TV moni-
tor colors and copier colors. Because the chart is divided into uni-
formly spaced and homogeneous color patches of the same size, we
used it to correct the geometry as well as the color of an image.

Fig. 1. The MacBeth ColorChecker color chart [27] used to evaluate
the proposed geometry and color correction method.

The MacBeth color chart is available in printed form on 8.5 x 11
inch paper. We placed a printed color chart in front of a Nikon F
camera with a Micro-Nikkor lens and obtained images at focal
lengths between 50 and 55 mm. The illumination in the scene and
the shutter speed of the camera were varied while obtaining the
images. Four different light sources (daylight, electronic flash,
tungsten, and fluorescent) were used in the experiments, and the
shutter speed of the camera was set to five different levels (f stops
of =2, -1, 0, +1, and +2). Fig. 2 shows images obtained when elec-
tronic flash was used with different shutter speeds, while Fig. 3
shows images obtained when a fixed shutter speed (f stop of 0)
was kept but the scene illumination was changed. Overall, 20 im-
ages of 160 x 200 pixels each were obtained from all combinations
of light sources and shutter speeds.

To determine the geometry correction accuracy of the proposed
method, seven patch corners (shown by rectangles in Fig. 4) were
used to estimate the transformation functions, and eighteen of the
corners (shown by ellipses in Fig.4) were used to evaluate the
geometry correction accuracy. Corners of the color patches to the
extreme left and right of the chart were not used because some of
them fell outside the acquired images.

The coordinates of the seven corresponding corners in the ideal
image (Fig. 1) and each of the 20 images were used to determine
the transformation functions for geometry correction. After cor-
recting the geometry of each image, the coordinates of the ob-
tained 18 corners were compared to the coordinates of corre-
sponding corners in the image of Fig. 1. The results of this com-
parison are shown in Table 1. Mean and Max denote the mean and
maximum distances of the 18 corresponding corners in the image
of Fig. 1 and in each of the acquired images. As can be observed
from the results in Table 1, geometric distortion is not a function of
scene illumination and hardly varies with the shutter speed of the
camera. The small error variations in different images can be at-
tributed to the fact that not all point correspondences could be
determined with the same accuracy. Because of the rather low
resolution of our images, we did not observe a significant differ-
ence between the errors in the three bands of a color image.
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(e)
Fig. 2. Image obtained with the same scene illumination (flash light),
but with different shutter speeds. The f stops in (a)-(e) were -2, -1, 0,
+1, and +2, respectively.

(c)
Fig. 3. Images obtained with the same shutter speed (f stop of 0) but with

different scene illuminations. Images (a)-(d) were obtained using daylight,
electronic flash, tungsten, and fluorescent lighting, respectively.

The errors listed in Table 1 resulted partly from the inability to
determine the exact point correspondences. To determine the cor-
respondence between the patch corners in the image of Fig. 1 and
the patch corners in each of the 20 images, the approximate posi-
tions of corresponding points were first selected manually and
then refined by template matching [6]. The algorithm we used
refined the point correspondences up to half-a-pixel accuracy.
Template matching uses image intensities and becomes inaccurate
in the presence of noise. Because corresponding points were first
selected manually, the search area chosen for template matching
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Fig. 4. The corners contained in rectangles are the points used to de-
termine the transformation functions for geometry correction. The cor-
ners contained in ellipses are the points used to determine the residual
errors in geometry correction.

could be sufficiently small to avoid large mismatches.

It should be mentioned that using a larger number of grid
points may not necessarily improve the geometry correction accu-
racy. Using 14 points, we obtained errors that were similar to those
obtained using seven points. If deformation across an image varies
smoothly, a few point correspondences are sufficient to correct the
geometry of the image satisfactorily.

After correcting the geometry of each color band in each image,
we corrected the image colors according to the procedure outlined
in Section 4. To determine the transformation functions for color
correction, we used half of the color patches. The remaining color
patches were used to evaluate the color correction accuracy. Color
patches in the first, third, and fifth columns in the color chart were
used to determine the transformation functions for color correc-
tion, and patches in the second, fourth, and sixth columns were
used to measure the accuracy of the color correction.

The color correction errors were computed using the CIE 1976,
CIELAB, perceptual color difference measure AE* [22]. To obtain
Table 2, an image was segmented into uniform color patches using
the recursive thresholding technique of Ohlander et al. [29]. Only the
interior pixels of the regions (excluding the boundary pixels) were
used. The color of a boundary pixel represents an average of the
color of the patch and its background and should not be included in
the computations. Once the color patches were identified, the per-
ceptual color difference between the average of each color patch and
the value at the corresponding patch in the ideal chart (Fig. 1) was
determined. The mean and maximum color differences for each
image are reported. The computations were carried out twice, once
before correcting an image’s color and again after correcting the
color of the image according to the procedure outlined in Section 4
with rational Gaussian hypersurfaces of standard deviation equal to
0.025. The results are shown in Table 2 under “RaG.”

The entire process was repeated again, this time using rational
Gaussian hypersurfaces of standard deviation equal to 0.001. For
such a small standard deviation, a rational Gaussian function will
behave like a piecewise linear function [8] and, when quantized,
will produce values that are similar to those obtained by a piece-
wise linear function. Therefore, as the standard deviations of
Gaussians are decreased, errors obtained by rational Gaussian
hypersurfaces will converge to those obtained by piecewise linear
functions. Errors obtained with standard deviation equal to 0.001
are shown under “Linear” in Table 2. These results show that color
correction using the proposed method produces errors that are, in
average, half those obtained by piecewise linear functions.

Due to image noise and inhomogeneous scene illumination, the
patches in our images did not have homogeneous colors, and,
because the transformation functions used for color correction
were determined using the average colors at the patches, some
errors still remain after color correction.
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TABLE 1
RESIDUAL ERRORS IN GEOMETRY CORRECTION
Image Red Green Blue

No. | Mumination | fStop | Mean | Max | Mean | Max | Mean | Max
1 daylight -2 1.33 2.10 1.40 2.20 1.72 2.45
2 daylight -1 1.44 2.56 1.30 2.41 1.38 2.52
3 daylight 0 1.02 1.53 0.88 1.24 0.94 1.26
4 daylight +1 0.88 1.62 0.76 1.54 0.92 1.74
5 daylight +2 0.92 1.48 0.86 1.23 1.00 1.52
6 flashlight -2 1.12 2.12 1.18 2.24 1.24 2.38
7 flaghlight —1 1.23 2.32 1.18 | 2.40 1.27 4.41
8 flashlight 0 1.29 2.60 1.43 2.74 1.45 2.73
9 flashlight +1 1.32 2.15 1.63 2.22 1.48 2.32
10 flashlight +2 1.66 3.12 1.75 3.17 1.76 3.19
11 tungsten —2 1.60 3.65 1.55 3.48 1.61 3.61
12 tungsten -1 1.16 2.13 1.26 2.25 1.20 2.33
13 tungsten 0 1.58 2.98 1.43 2.86 1.63 3.05
14 tungsten +1 1.00 2.20 1.02 2.12 0.98 2.05
15 tungsten +2 1.18 1.33 1.10 1.38 1.09 1.28
16 fluorescent -2 1.12 1.45 1.10 1.50 1.05 1.37
17 fluorescent -1 1.43 2.72 1.45 2.55 1.40 2.60
18 fluorescent 0 1.67 2.25 1.66 2.33 1.66 2.28
19 fluorescent +1 1.12 2.00 1.22 1.98 1.16 2.15
20 fluorescent +2 0.88 2.04 0.96 2.08 1.03 2.23

Table entries show distances in pixels of 18 corresponding patch corners in the ideal image (Fig. 1) and in
each of the 20 images after geometry correction. Red, Green, and Blue denote errors in the red, green, and
blue bands of a color image, and Mean and Max denote the mean and maximum errors in each color band.

TABLE 2
RESIDUAL ERRORS IN COLOR CORRECTION

Image Before Correction After Correction
No. Mean Max | Lineary,,, RaG e Lineary,,, RaGy,y
1 20.2 40.6 12.5 4.5 37.2 11.6
2 21.9 43.1 7.8 3.3 31.7 11.1
3 19.8 39.2 4.1 1.3 17.0 5.2
4 17.4 37.1 2.0 1.4 8.7 6.6
5 17.8 36.6 2.8 0.91 6.9 3.4
6 18.9 40.9 2.8 1.0 6.9 2.6
7 17.5 41.5 3.6 1.2 10.6 6.1
8 15.9 45.6 3.3 0.86 5.7 2.1
9 19.7 49.2 2.7 0.64 3.2 1.46
10 27.5 57.2 2.9 1.2 4.9 3.1
11 37.6 84.5 12.5 10.8 57.8 26.6
12 29.9 61.7 15.7 6.5 51.2 19.9
13 26.3 55.3 9.9 4.8 47.0 18.0
14 24.8 58.8 5.6 2.7 33.3 154
15 23.0 62.3 2.4 1.2 8.8 3.8
16 23.9 68.3 3.1 1.6 12.1 5.5
17 23.6 43.7 5.7 2.6 38.7 156.7
18 17.7 34.5 4.2 2.0 23.2 9.1
19 16.0 32.9 3.5 1.0 6.0 3.0
20 16.2 31.9 1.9 1.2 8.4 3.8

Mean and Max denote the mean and maximum CIELAB color difference metric, AE*, in each image. RaG denotes color
correction using the proposed method and Linear denotes color correction using piecewise linear functions. Image num-

bers in this table are the same as those in Table 1.

A study carried out by Stokes et al. [35] shows that, if CIELAB
errors are smaller than two or three, the residual correction errors
will not be visible by the eye. Although some errors in Table 2 are
larger than two or three, the color correction process has consid-
erably reduced their magnitudes. The maximum errors are larger
than three in most images, but the mean errors are mostly less
than three. This can be attributed to image noise. Color variations
within a patch remain after color correction. The proposed color
correction method cannot correct color distortions due to random
noise. To reduce errors due to noise, one may average colors in
multiple images taken in fast succession.

From Table 2, we see that the worst results are obtained when
tungsten lighting (Images 11 through 15) is used. The reason for this
is that our camera system was “balanced” to daylight, with maxi-
mumn sensitivity at 5,400 K. Electronic flash, which produced rather
good results, is about 6,000 K and has a spectrum close to that of
daylight. Tungsten, however, is about 3,600 K and has quite a differ-
ent spectrum. This shows that the red, green, and blue filters used in
a color camera considerably influence the color correction accuracy.
Vrhel and Trussell [39] describe a method for selecting the color
filters using a priori knowledge about the scene illumination to im-
prove the color correction accuracy.
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(e)

Fig. 5. Images of Fig. 2 after geometry and color correction.

The results of our geometry and color correction method on im-
ages of Figs. 2 and 3 are shown in Figs. 5 and 6. The nearest-neighbor
resampling method was used to obtain these images. To visually
evaluate the quality of our geometry and color correction method,
images in Figs. 5 and 6 should be compared with the image in Fig. 1.

6 CONCLUDING REMARKS

In many vision applications, objects in a scene are recognized by
their shapes, sizes, and colors. In order to produce consistent re-
sults by a vision system, it is necessary to standardize the images
so that they contain as little geometry and color distortions as pos-
sible. Because it is not possible to acquire images that are free of
geometry and color distortions, a preprocessing operation was
proposed to transform the acquired images to standard images
obtained by an ideal camera in an ideal environment.

A unified method for correcting the geometry and color of
digital images was introduced. This method uses a color chart
with a known array of color patches. Rational Gaussian surfaces
were used as transformation functions to characterize the geome-
try and color characteristics of the image acquisition system. Ex-
perimental results show that the proposed method can effectively
correct an image’s geometry and color under a variety of camera
and illumination settings. Experimental results also show that,
although the power of the light source or the shutter speed of the
camera do not affect the geometry correction accuracy, they influ-
ence the color correction accuracy considerably.
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Fig. 6. Images of Fig. 3 after geometry and color correction.
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A Variational Approach to Recovering
Depth From Defocused Images

A.N. Rajagopalan and S. Chaudhuri

Abstract—In this paper, we propose a regularized solution to the
depth from defocus (DFD) problem using the space-frequency
representation (SFR) framework. A smoothness constraint is imposed
on the estimates of the blur parameter, and a variational approach to
the DFD problem is developed. Among the numerous SFRs, we study
the applicability of the complex spectrogram and the Wigner
distribution, in particular, for depth recovery. The performance of the
proposed variational method is tested on both synthetic and real
images. The method yields good results, and the quality of the
estimates is significantiy better than that obtained without the
smoothness constraint on the blur parameter.

Index Terms—Depth from defocus, space-variant blur, complex
spectrogram, Wigner distribution, space-variant filtering, regularization,
Euler equation.

+

1 INTRODUCTION

RECOVERY of depth of a scene from a set of images is an important
problem in computer vision. Various methods, such as stereo,
depth from focus or defocus, structure from motion, and shape
from shading have been proposed for recovering the depth. In the
depth from defocus (DFD) technique, two images of an object
(which may or may not be focused) acquired with different but
known camera parameters are processed to determine the depth.
In previous work related to DFD, Pentland [1] compared two
images of a scene, one formed with a very small (pin-hole) aper-
ture, and the other image formed with a normal aperture. By ap-
proximating the camera defocus blur by the Gaussian function, the
depth was recovered through inverse filtering. In [2], Subbarao
proposed a more general method that allows several camera pa-
rameters to be varied simultaneously. Hwang et al. estimate the
blur parameter using a differential algorithm in the spatial domain
[3]. Bove [4] poses the problem as one of signal estimation and
estimates the parameters of the defocusing process. In [5], Ens and
Lawrence propose a matrix-based approach to the DFD problem.
In [6], Xiong and Shafer suggest an iterative blur estimation
scheme to reduce the error due to windowing. Pentland et al. in-
troduce the notion of active depth from defocus [7] in which the
apparent blurring of a known pattern of light is measured to esti-
mate the depth. In [8], GSkstorp estimates blur by obtaining local
estimates of instantaneous frequency, amplitude, and phase using
a set of Gabor filters in a multiresolution framework. Xiong et al.
suggest a Gabor filter-based variable window scheme [9] that
demonstrates a greater flexibility and a better adaptability to im-
age contents as compared to the fixed-window-size scheme. Re-
cently, Rajagopalan and Chaudhuri have proposed a block shift-
variant blur model for recovering the depth [10]. The DFD tech-
nique has been used for image recovery in [11]. In [12], Nayar et al.
describe a real-time range focus sensor that uses an optimized
illumination pattern to obtain accurate and high-resolution depth
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