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Recovery of a missing color comp onent in stereo images (or
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ABSTRA CT

The current exploration of Mars by the National Aeronautics and SpaceAdministration (NASA) has produced
a lot of imagesof its surface. Two rovers, \Spirit" and \Opp ortunity", are ead equipped with a pair of high-
resolution cameras, called \P anCam". While most commercial camerasare sensitive to three spectral bands,
typically red (R), green(G) and blue (B), the \P anCam" is sensitive to many more bands sinceit was designed
to deliver additional information to geologists. This is achieved by meansof a Iter wheelin front of each camera
lens. It turns out that slightly dierent lters are usedin both cameras;while the left camerais equipped
with red, greenand blue Iters, among others, the right cameradoesnot have a green lter on its color wheel.
Therefore, sincethe G componert of the right image is missing, currently it is not possibleto view a 3D image
of Mars surfacein color. In this paper, we develop a method to reconstruct one missing color componert of
an image given its remaining color componerts and all three componerts of the other image of a stereo pair.

The method relies on disparity-compensatedprediction. In the rst step, a disparity eld is estimated using the
two available componerts (R and B). In the secondstep, the missing componert is recovered using disparity-
compensated prediction from the samecomponert (G) in the other image of the stereo pair. In ground-truth

experiments, we have obtained high PSNR valuesof the reconstruction error con rming e cacy of the approacd.
Similar reconstructions using imagestransmitted by the rovers yield comfortable 3D experiencewhen viewing
with shutter glasses.

Keyw ords: Color stereocimages,reconstruction of color componerts, disparity estimation, Mars, NASA

1. INTR ODUCTION

Thanks to science ction authors and movie directors, the last few generationshave beenraised with thoughts
of life on the planet Mars. The recent mission of two NASA rovers, \Spirit" and \Opp ortunity", to Mars has
provided a lot of information about the planet; imagestaken by the rovers continue to be published on the
mission web site almost daily. In order to remotely explore the surfaceof Mars, \Spirit* and \Opp ortunity" are
equipped with a cutting-edge stereo cameracalled PanCam. PanCam has beendesignedto take multi-sp ectral
stereopictures in order to help sciertists in their questfor discovery of life on Mars. While commercial cameras
usually capture three spectral bands, namely red (R), green(G) and blue (B), PanCam is sensitive to more
bands sincethis information is valuable to geologists. This is achieved by meansof a lter wheelin front of each
cameralens (Fig. 1(a)). Slightly dierent lters are usedon wheelsof both cameras;while the left camerais
equipped with red, greenand blue Iters, amongothers, the right cameradoesnot have a green Iter on its color
wheel. Therefore, sincethe G component of the right image is missing, currently it is not possibleto view a 3D
image of Mars surfacein color. In this paper, we addressthe issueof recovery of this missing componert based
on data captured by the rovers.

The goalis to compute onecolor componert of oneimagefrom a stereopair giventwo known color componens
of this imageand all three componerts of the other imagefrom the stereopair. Without lossof generality, we will
focuson the G componert of the right image asthe missing componert; an extensionto other color componerts
and to the left image is trivial. The proposed algorithm can be basically summarized as an estimation of
disparity betweenleft and right imagesusing the two known color componerts, followed by disparity-compensated
prediction of the missing color componert in the right image.

The problem is stated in detail in the next section. Subsequetly, a solution method is proposed. Speci cally,
we discussdisparity estimation basedon block and optical- o w models both using multiple color components.



Then, we presert ground-truth experimertal results; we deliberately remave one color componert from one
image of a complete stereo pair, then reconstruct it and measurethe reconstruction error. We also presen
seeral reconstructions for actual Mars images. We concludewith a section discussingissuesencourtered during
our researd and with suggestionsfor future work.

2. PROBLEM STATEMENT

The human eye can perceiwe a limited range of light spectrum, typically judged to be from about 400nm (violet)

to about 700nm (red). Sinceit cannot resolve componerts of a color, i.e., it is unaware of the spectral density
of a light source, various light sourcesmay induce the same color sensationin humans. This human vision
characteristic has been exploited in printed and electronic color reproduction. In particular, electronic color
reproduction, sud asin CRT, LCD, plasmadisplays, typically usesthree primary colors, namely red, greenand
blue (RGB), although screenswith more primary colors have beenproposedto enlargethe color gamut. A color
image neednot be characterizedin the color spaceof the screenon which it is going to be displayed; color space
conversion can be applied. Howewer, this color image must be characterized in a color space,i.e., using a set of
three primary colors (independert colors).

In the caseof the PanCam camera,the role of primary colorsis taken up by lters on a rotating wheelplaced
in front of the left and right lenses(Fig. 1(a)). The table in Fig. 1(b) lists the certer wavelength . of each Iter
and its bandwidth . The lters have beendesignedfor multisp ectral sky imaging, direct Sun imaging and
also for geologicand mineralogic studies of Mars surface! rather than for surface color reproduction. In order
to reproduce color from the Mars surface,information from three parts of the spectrum is needed,for example
closeto the the 1931 CIE primaries (red: 700nm, green: 546.1nm, blue: 435.8nm). Excluding the wideband
Iter L1, that coverscloseto half of the visible spectrum, a good choice of Iters to reproduce left-image color
is: L2 for red, L5 for greenand L7 for blue. Similarly, for the right image a good choice is: R2 for red and
R1 for blue. Howewer, there are no lters closeto the CIE greenprimary in the right image. Sincethe green
componert is missing, it is not possibleto create a full-color stereopair of the Mars surface. Therefore, the goal
of our researd wasto dewvelop a method capable of recovery of the missing greencomponert of the right image
using all three componerts of the left image, and the available componeris of the right image.

Left camera: o ( ) Right camera: ¢ ( )
L1 739nm(338nm) R1  436nm (37nm)
L2  753nm(20nm) R2 754nm (20nm)
L3 673nm(16nm) R3 803nm (20nm)
L4 601lnm(17nm) R4 864nm (17nm)
L5 535nm(20nm) R5 904nm (26nm)
L6 482nm(30nm) R6 934nm (25nm)
L7 432nm(32nm) R7  1009nm(38nm)
L8 440nm(20nm) RS8 880nm (20nm)

(a) (b)
Figure 1. Spectral characteristics of the PanCam: (a) rotating Iter wheels,and (b) certral wavelengths and bandwidths
of individual lters (from http://marsrovers.jpl.nasa.gov ).

A remark is in order here. Although the certral wavelengthsof the selectedPanCam lters are closeto the
1931 CIE primaries, their spectral characteristics are not similar to those of the 1931 CIE, NTSC or HDTV
primaries. Therefore, using the outputs of the selected Iters (assuming we can reconstruct the right green
componert) asstandard RGB primaries will result in colorsthat will not be exact reproductions of colors from



the Mars surface. An example of color image from PanCam (left) and its three componerts (L2, L5, L7) are
shown in Fig. 2. An accurate reproduction could be achieved, at least to somedegree,had we known spectral
characteristics of the selected lters. Therefore, one hasto realizethat the color imagesshown in this paper are
not accurate reproductions of the Mars surface (in terms of color). Howewer, the method proposedhere is still
valid regardlessof the color spaceused.

(8) RGB image (b) R component (c) G component (d) B componert

Figure 2. Example color image captured by the PanCam, and its R (L2), G (L5), B (L7) componernts as grayscale.

3. REVIEW OF RELA TED APPR OACHES

In order to recover the missing greencomponert of the right image, its correlation with the greencomponert
of the left image and/or correlation with the red and blue componerts of the right image must be considered.
In the former case, disparity between the two imagesis needed,and since the green componert in the right
image is missing it can be recovered only from the other two componerts. Recovery of disparity from color
componerts of a stereopair is closelyrelated to multi-constraint estimation of motion from an image sequence.
Ordinary motion estimation (ME) algorithms work on a single componert of the image sequence,usually the
luminance (Y). Information in chromatic componerts is usually ignored becauseertropy of these componerts
is signi cantly lower than that of luminance. Therefore, in compressionor processingof color image sequences
motion estimation is usually performed on luminance and then applied to all componerts during color-related
processing.The cost function in single-constrairt motion estimation is often:

E= (luy(x) lay(x+d(x)); 1)

where 11.y ; 12y are two luminance images, x is a pixel location, d is the displacemen vector sougt, while
is an error function, for example mean-squaredor mean-absoluteerror. This approac can be extended to
multi-constraint estimation where other image componerts are also consideredin the cost function as follows:

X
E= i (li(x)  lzi(x + d(x))) ; )

i2C

where Cis the set of color componerts used,e.g.,C= fR;G;Bg, and ;'s are weights assaiated with individual
componerts. The ideais that if there exists a local feature in the area of interest, this feature would probably
exist in other componerts aswell. In this way, estimation processbecomesrobust to intensity mismatchesin a
single color componert.

In one of earlier attempts to use color in motion estimation, Konrad? generalizedthe work of Horn and
Sdunck® to multiple image componerts. He utilized both luminance and chrominance componerts in the delit y
term of the cost function; the vector smoothnessterm remained the same. Experimental results indicate that
the algorithm basedon multiple constraints yields better results than luminance-basedalgorithm at the cost
of increasedcomputational complexity. Golland and Bruckstein® also used color in motion estimation. They
computed motion by assuming color constancy along motion vector in three color spaces: tristim ulus values,
chromaticity values and hue-value-saturation (HVS). They concludedthat the latter two color spaceslead to



a more accurate motion estimation. More recertly, Alvarez et al.>® have extended PDE-based methods for
displacemen estimation to color image sequencestheir new cost function includes all three color componerts
from RGB color space.In summary, the usual approach to displacemen estimation from color image sequences
is to useead color componert as a separategrayscaleconstraint in the data delit y term under minimization.

4. RECO VER Y OF A MISSING COLOR COMPONENT IN STEREO IMA GES

When 3D sceneis acquired by a pair of color-sensitive cameras,ead 3D point is projected onto the sensorplane
of each cameracreating the so-calledhomolagyouspair of points. These points inherit all photometric properties
of the original 3D scenepoint. Depending on the color spaceead camerauses,the photometric information at
camera'soutput may be luminance and chromaticities, or red, greenand blue tristim ulus values. The projection
geometry, however, is independert of the photometric properties of the 3D point, and thus all componerts
(whether luminance and chromaticities, or red, greenand blue channels) sharethe samedisparity.

Thus, if we recover a disparity eld from only some color channels of the stereo pair, we know that this
disparity eld alsoappliesto the other channelsof this stereopair. Therefore, the goalis to compute a disparity
eld using the available R and B componerts, and then derive the G componert of the right image from the G
componert of the left image. The main step of this reconstruction algorithm is disparity estimation, while the
reconstruction step can be performed by meansof disparity-compensatedprediction.

4.1. Disparit y estimation via blo ck matc hing with multiple constrain ts

One of the simplest, and yet successful,methods of disparity (and motion) estimation is block matching, its
main features being easeof implementation and computation speed. The usual approac in block matching is
to ignore color componerts; for example, rst an RGB imageis corverted to the YUV space,and then only the
Y componert is usedin minimization. The block matching approac has been, however, extended to multiple
color componerts as discussedin Section 3. In particular, for three color componerts, e.g., R, G, and B, the
cost function to be minimized in seard of disparities can be de ned as follows:
X X X
Ep= i (i (X)) hi(x+ dm)) s 3)

m2M x2Bn i2C

where M is the set of indexesfor all blocks for which disparity is sough, B, is block number m, Cis the set of
color componerts used,e.g.,C= fR;G;Bg, x is a pixel position, ; is a weight for one color componert from C,
and is an error function, typically quadratic, absolute value, or someredescending(robust) function. Block
matching typically usedin video coding is a special caseof the above formulation for C= fYgand ( )= j.

Minimization of Ey, (3) canbeachievedindependertly for ead block B, sinceead disparity vector a ects only
pixelsin oneblock. Although this procedureyields an optimal disparity solution from the costfunction viewpoint,
this is not necessarilya solution accurately re ecting 3D scenecharacteristics. Disparity is related to scene
depth via camerageometry. Since scenedepth, in general, changessmoothly except at object boundaries, the
corresponding disparity eld should alsobe smooth exceptat locations of projections of those object boundaries.
This prior information about disparities should be exploited during estimation. In the caseof block-basedmodels,
this smoothnesscan be incorporated by enforcing similarity betweendisparities of neighboring blocks.

Using the above argumert, we update the cost function Ey, by adding a regularization term so that the
resulting disparity elds are smooth within the image:
0 1
X X X X
E;= @ P () T+ dm) + s s(dm  dn)A (4)
m2M X2Bm i2C n2 (m)

where (m) is ablock-neighborhood for the block of interest, e.g., rst-order non-causal2-D Markov neighborhood
(North-East-W est-South, or NEWS), and s is another error function. Minimization of EZ (4) cannot be,
however, performed independertly for ead disparity d,, sincethe cost function for ead d,, dependson other
disparity vectorsd, (n 2 (m)). Sincein the consideredcasethe G color componert is missing from the right
image, in order to estimate disparity we will usetwo color componerts only, namely R and B, i.e., C= fR;Bg.



Although block matching is a very simple and e cient way of computing disparities, it has also various
limitations. First of all, the computed disparity elds are of low resolution since, due to the assumption that
all points in a block have identical disparity, they are piecewise-constah This piecewiseconstancy results in
estimation errors, especially near object boundaries. The secondde ciency of block matching is that its precision
is limited dueto the nite state-spacesizeof ead unknown vector, e.qg.,full-pixel, 1/2-pixel, etc. Although higher
precision is possible,this necessarilyentails a very high-computational complexity that grows with the product
of the number of statesin ead direction (horizontal and vertical).

4.2. Disparit y estimation via optical o w with multiple constrain ts

In view of the above de ciencies of block-based disparity models, densedisparity elds with oating point
precision should provide a more accurate rendition of the actual 3D scenestructure, an essetial elemert in the
recovery of the missing color componert. In order to recover a densedisparity eld, we usethe optical ow
method proposedby Lucas and Kanade.” This method can compute one vector per pixel by minimizing a
photometric consistencyerror within a small window. While all disparities in this window are identical, similarly
to the block matching case,the resulting vector estimate is assignedto only the certral pixel of the window.
This can be viewed also as a sliding-block estimation. The photometric consistencyis based on the optical-
ow constraint proposedby Horn and Schunck.®> The main di erence is that in the Horn-Schunck approac a
global smoothnessconstraint is applied by a Tikhonov regularizing functional (similarly to the block smoothness
constraint in equation (4)), while in the Lucas-Kanadeapproad the smoothnessconstraint is implicit through
the use of overlapping windows.

The main feature of the Lucas-Kanademethod is that it minimizes an error function in a local window with
the assumptionthat all pixels in this window undergo the samedisplacemen. A window is created around any
point in the image (in practice, around every pixel) and a cost function E, supported on this window is de ned.
Similarly to the block-matching casethe cost function dependson the error function  for all window pixels.
Following this step, a vector is calculated by suitable minimization of the cost function and assignedonly to the
point of interest, usually the window's certer. The window is then shifted to the next point (usually next pixel).
This approad is akin to sliding block matching, but since minimization is used instead of discrete-state-space
seard, it resultsin oating-p oint precision of vectors. We skip derivations of the Lucas-Kanadealgorithm’ and
only show the cost function and the solution.

Supposethat D, is the domain of both imagesof a stereopair, i.e., the set of all pixel positions. In order to
nd disparity eld fd(x)gx2p,, onecan minimize the following cost function:
X X X X
Ep = i (Isi(y) Dy +d(x))) = Ep (d): 5)
x2D | y2W (x) i2C x2D

Similarly to the caseof block-matching cost function Ey, (3), E, can be minimized independertly for ead pixel
position x; the cost function Ej(d) at eath x 2 D, can be treated independertly. Expanding EJ(d) around
d(x) using Taylor series,we get:
X X
Ep (d) i lay)  haly) ot Tha(ndx) (6)

y2W (x) i2C

wherer T1(x) = [I*(x) IY(y)], and I X, 1Y are horizontal and vertical derivativesof | respectively.

For the particular caseof error function ( ) = ()? and ; = 1 for i = 1;::;3, establishing necessary
conditions for optimality, i.e., dE} (d)=dd = 0, leadsto the following solution:
P P P P P P
e (15)? ST P A e 150 )
d(X)= P y2w (x)p i2C I,|y P y2w (x) pi2C I,;/ Ig P y2wW (x) p i2C Iy,l ; ; . (7)
y2W (x) i2C IX| K] y2W (x) i2C(|I;i) y2W (x) izcll;i(lr;i ||;i)

where pixel locations y have beenomitted for simplicity of notation (i.e., I, instead of I (y)).

Densedisparity eld has one vector de ned for every pixel, as opposedto one vector for a block of pixels.



Solution of equation (7) will yield one disparity vector for ead position x. The smoothnessconstraint that
was addedin block matching is inherertly included in this algorithm by meansof intensity data overlap for two
neighboring disparities under estimation; no additional smoothnessterm is required in the cost function. The
smoothnesscan be cortrolled by the size of window W.

Sincethe algorithm (7) relies on truncation of Taylor expansion,it cannot capture disparities of magnitude
larger than about 2 pixels. Therefore, it is reasonableto start this algorithm from an initial disparity eld
obtained by someother algorithm. In this work, we usedisparity eld obtained by regularized block matching
as sud initial solution.

4.3. Reconstruction of the missing comp onent using disparit y-comp ensated prediction

Once the disparity eld fdg has been computed for all pixels of the right image |, a precise correspondence
betweenfeaturesin the left and right imagesfor all color componerts is known. Thus, value of color (tristim ulus
value) i 2 Cat location x in the right image, namely | (x), correspondsto value of the samecolor at location
x + d(x) in the left image, i.e., 1;(x + d(x)). Although these two values may not be identical, they, in
general,should be very similar, exceptfor areaswhere disparity estimation may fail (e.g., occlusionareas,image
boundaries). Thus, | (x), can be accurately predicted by 1, (x + d(x)).

In particular, the greencomponert of the right image can be recovered by the above mecanism, often called
disparity-compensatedprediction, as follows:

R.c(x) = Bo(x + d(x)); 8x 2Dy,

where pr;G is a predicted value of the green componert, and F denotesinterpolation of intensity | since the
position x + d(x) neednot belongto the sampling grid of the left image.

5. EXPERIMENT AL RESUL TS

Before conducting experiments on actual imagesfrom Mars, we rst tested the dewveloped algorithms in ground-
truth experimerts, i.e., experiments permitting objective measuremeh of algorithm's e cacy .

5.1. Ground-truth  exp erimen ts

In order to validate the performance of our algorithm, tests were conducted using ground-truth stereo data
(seweral standard stereoimages)captured by a parallel camerasetup. For ead stereopair, the greencomponert
of the right image was removed in order to simulate the Mars data, and then it was reconstructed using the
proposedalgorithm. Following this, the reconstructed color image was comparedwith the original color image.
Table 5.1 shaws the reconstruction error expressedas PSNR computed for all three componerts and only for the
greencomponert (in parentheses).

Along with the results for the proposedalgorithm, somead-hoc solutions to the problem are also included.
The rst row (\ G componert is lost") is the casewhen valuesin the G componert are setto zero. In\R! G"
and\B ! G" the R and B componerts, respectively, have beenduplicated asthe G componert. In the caseof
\% I G" row, the R and B componerts are averagedand assignedto the G componert. Although for some
imagesthese methods result in PSNR valuescomparableto the results achieved by the proposedalgorithm, the
computed imagesare totally inconsistert with the original picture in terms of color. In Tsukuka, for example,
the R and B averagegivesthe best result but this is incidental becauseTsukula lacks color diversity, and the
badkground is almost black. Sincethe black color is represened by small valuesof R, G, B componerts, so it
happenedthat the averagesof R and B were closeto the original G values.

Figs. 3{6 show the original right images,their reconstructions and reconstruction errors of the G componert.
As can be seen,the reconstructions are of very high quality. Fig. 7 shavs someresults for ad-hoc solutions for
Teddy. In this case,one can easily notice that colors’ are inconsistert with the original image. The results shaw
that PSNR valuesof the resulting reconstructions easily exceed30dB, which indicates high image quality. Also,
note that the pixel-based(optical ow) reconstruction yields 3-6dB gain over block-basedreconstructions.

YAlthough we have included full-color images, the print version of these proceedingsallows black-and-white reproduc-
tion only. We invite the reader to view color imagesin the electronic version of this paper available from SPIE on CD, or
to visit our web page® where all images from this paper are available in full color and full resolution.



(a) Original right image (b) Reconstructed right image (c) Prediction error of G component
Figure 3. Subjective results for Teddy stereo pair using pixel-based algorithm.

(a) Original right image (b) Reconstructed right image (c) Prediction error of G component
Figure 4. Subjective results for Tsukuba stereo pair using pixel-based algorithm.

(a) Original right image (b) Reconstructed right image (c) Prediction error of G component
Figure 5. Subjective results for Venus stereo pair using pixel-based algorithm.

(a) Original right image (b) Reconstructed right image (c) Prediction error of G component
Figure 6. Subjective results for Sawtooth stereo pair using pixel-based algorithm.



Teddy

Tsukuba

Venus

Sawtmth

G componert is lost

R! G
B! G
R+B! G

2
Block-basedreconstruction

Pixel-basedreconstruction

9.91(5.14)
18.33(13.56)
17.66(12.89)
19.20(14.43)
30.70(25.93)
36.40(31.63)

14.33(9.56)
24.93(20.16)
27.94(23.16)
33.91(29.14)
27.27(22.50)
32.97(28.19)

11.61(6.84)
22.53(17.76)
16.10(11.33)
22.62(17.85)
29.18(24.41)
35.15(30.38)

11.59(6.82)
25.31(20.54)
24.23(19.45)
30.23(25.46)
27.96(23.19)
30.90(26.12)

Table 1. Reconstruction error computed over all three components and for the green componernt only (in parentheses)
expressedas PSNR [dB] for various reconstruction methods.

5.2. Reconstruction of Mars images

We applied the proposed algorithm to a number of stereo pairs from the Mars mission. In ead pair, all
componerts of the left image, and the R and B componerts of the right image were available, and we have
reconstructed the missing G componert. The Mars images are not captured with a parallel camera setup,
therefore we allowed vertical disparities. This problem will be discussedalong with other issuesin the next
section.

Sincethe original data are not available, PSNR evaluations are not possible. The reconstructed imagesand
corresponding color left imagesare shown in Figs. 8{11 for subjective evaluation. Structures are well matched,
although there are a few color mismatches preser in the objects. These are due to the presenceof occlusions
and incorrect estimation of disparities.

6. PROBLEMS ENCOUNTERED

The rst problem we encourtered was at the image boundaries. As in all image processingtasks, image bound-
aries create additional di cult y. The main issueis that pixels near the boundaries cannot be matched during
estimation, asthey may be absent from one of the images. Let's elaborate this case rst in a parallel camera
setup.

6.1. Parallel

The stereoimagesusedin ground-truth experimerts were captured by a parallel camerasetup. In suc a setup,
homologouspoints are on the sameline, known as the epipolar line. Therefore, a one-dimensionaldisparity
vector will be enoughto describe the correspondenceof the homologouspoints. Howewer, there are areasin the
left and right image which are preser in only one of them. As illustrated in the cartoon-like examplein Fig. 12,
a stereoimage pair can be jointly divided into three areas. Area #2 is the commonview, where virtually all 3D
points projected have a correspondencein both images. However, area#1 is visible only in the left image, while
area#3 is visible only in the right image. This is due to horizontal cameraseparation (baseline).

cameras

When predicting the right from the left image, points belongingto the area#2 will be reconstructed properly
becausedisparity estimation step will be able to match these points, since they are visible in both images.
However, this is not possiblefor the points of area#3; asseenin Fig. 12, it is not possibleto match the black
triangle of the right image with the left image. Therefore, it is not possibleto predict the G componert in this
area from the left image. In order to solve this problem, we made the assumption that color in area #3 will
not changedrastically sothat we can extend the color from the rightmost column of area#2 to the whole area
#3. Howewer, this is a strong assumption, and it doesn't hold most of the time. This results in the so-called
\barcode" e ect which causessigni cant errors at reconstructed-imageboundaries. Theseartifacts can be seen
in prediction errorsin Figs. 3{6 on the right side of the prediction images. There is a signi cant number of dark
and bright pixels indicating mismatches.
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Figure 7. Subjectiv e results using ad-hoc methods for Teddy stereo pair.

(a) Left image (b) Reconstructed right image
Figure 8. Subjective results for Mars Image #1 .

(a) Left image (b) Reconstructed right image

Figure 9. Subjective results for Mars Image #2 .



(a) Left image (b) Reconstructed right image

Figure 10. Subjective results for Mars Image #3 .

(a) Left image (b) Reconstructed right image

Figure 11. Subjective results for Mars Image #4 .

Figure 12. lllustration of the boundary problems



6.2. PanCam { not-so-parallel cameras

Working with Mars stereopairs is much more challenging than working with stereopairs obtained using parallel
cameras. The PanCam is reported to be a toed-in stereocamera® In a toed-in setup, camerasare separated
horizontally but they are alsorotated towards eac other. Due to this rotation, disparity canno longerbe de ned
asa 1-D vector; vertical disparities occur as well.

By inspecting the available componerts of stereoimages, it is clear that the PanCam does not obey the
toed-in geometry either. In a toed-in camerasetup, optical axesof the camerasintersect at a point in 3D scene,
called the convergene point. This point resultsin zerodisparity asdo all points on Vieth-M uller circle (a virtual
circle that passeshrough the focal points of the camerasand the convergencepoint1©). Careful examination of a
number of stereopairs from Mars hasrevealedthat there are no zero-disparity regionsin any pair. We conclude
that the camerasare separatednot only horizontally but also vertically, and/or are not only toed-in but also
rotated by somevertical angle (leading to no corvergencepoint). As pointed out, the horizontal separation of
the camerasinduces problems at left and right boundaries of the images. The vertical separation and/or angle
give rise to additional problematic areasnear the upper and lower boundaries of the image. This is why the
reconstructions shav color mismatchesnear ead boundary of the image.

Another problem with Mars imagesare large disparity values. Objects in the images(mostly rocks) are very
closeto the cameras,and therefore disparity values often readh 220 pixels horizontally and 30 pixels vertically
on a 500 500image. This results in a rather small common eld of view. Even if we were able to reconstruct
a perfect right image, it would be impossiblefor a userto view it, becausehuman brain cannot fuse very large
disparity values. Therefore, it is appropriate to crop the imagesin such a way that disparities are reduced and
the eld of common view is maximized.

We have cropped the reconstructed images as mertioned above and subjectively tested them on a liquid-
crystal shutter glass stereo system. The 3D experience was comfortable and colors were well matched. The
reader is invited to inspect the cropped imageson our web site.®

7. EXTENSION OF THE ALGORITHM

The results preseried in this work are encouragingin terms of image quality and PSNR values, however they
can still be improved. First of all, the solution of the current method may be improved by adjusting some
parametersin the algorithm. In the two-stepdisparity estimation part, there are many parameterssuch asblock
size, regularization factors etc. However, the gains attainable by adjusting these parameters should be rather
limited.

In the proposedalgorithm, only same-compnert cross-viewcorrelation was exploited by meansof disparity
compensation. It may be possibleto improve the reconstruction results by also exploiting same-view cross-
componert correlation, e.g., by aligning edges. Sud an algorithm would be basedon the obsenation that an
edge presert in all three componerts of the left image, should be also presert in all three componerts of the
right image. Basedon this obsenation one could proposea new cost function for densedisparity estimation that
would not only match the intensity information (5-6) but also align the reconstructed edges.A new elemenary
cost function could be written, for example, as follows:

X X
EX(d) = (Iri(y)  ha(y +d)) + (1) ir Tei(y) 1 Be(y + d(x))ji: (8)

y2W (x)i2f R;Bg

where (1)) = jjir 11 (y+d(x))ji jir 1.c(y+d(x))jj isanimage-dependert weight and r is the gradient operator.

The rst term, (Ivi(y) lii(y + d(x))), is the data delit y term usedin the proposedapproac. The
newly addedterm, jjr 1i(y) r li.c(y+ d(x)))]j, measuresthe alignmert of gradierts in the color componerts.
As we pointed out above, we would like the new cost function to force the alignmert of edgesin the reconstructed
right image similarly asthey are aligned in the left image. This requiresthat the cost function sewerely penalize
gradient misalignmernt in the right image only if there is such an alignmert in the left image. This calls for an
adaptive regularization factor that dependson the gradient information of left color componerts. The adaptive
regularization factor function we proposeis the product of gradients of two color componerts, i.e., G and R, or



G and B. If there is an edgein the left image, gradient valuesand, as a result, regularization factor will increase
and the secondterm above will seerely penalizecandidate disparities leading to misalignmert in the right color
componerts. Clearly, the new cost function will not only match the intensities but will alsoalign the edges.

8. CONCLUSIONS

In this paper, we preseried two methods for the reconstruction of a missinggreencomponert of right imagein a
stereo pair, one exploiting block-baseddisparities and the other exploiting dense(pixel-based) disparities. The
approad is equally applicable to other color componerts and to the left image. The objective results obtained
indicate that reconstructions with PSNR exceeding30dB are routine, and the recovered image quality is high.
Tests on actual Mars images show very good reconstructions as well, and permit comfortable viewing of the
reconstructed stereo pairs. Interested reader can accesshe full-color, full-resolution results of this work on our
web site 8
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