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Abstract

We describe an algorithm for generating spherical mosaicsfrom
a collection of imagesacquired from a common optical certer. The
algorithm takesasinput an arbitrary number of partially overlapping
images,an adjacencymap relating the images,initial estimatesof the
rotations relating ead imageto a speci ed baseimage, and approxi-
mate internal calibration information for the camera. The algorithm's
output is a rotation relating ead imageto the baseimage,and revised
estimatesof the camera'sinternal parameters.

Our algorithm is novel in the following respects. First, it requires
no userinput. (Our image capture instrumentation provides both an
adjacencymap for the mosaic,and aninitial rotation estimate for eath
image.) Second,it optimizes an objective function basedon a global
correlation of overlapping image regions. Third, our represenation of
rotations signi cantly increasesthe accuracy of the optimization. Fi-
nally, our represenation and useof adjacencyinformation guaranees
globally consistent rotation estimates.

The algorithm has proved e ective on a collection of nearly four
thousand imagesacquired from more than eighty distinct optical cen-
ters. The experimental results demonstrate that the described global
optimization strategy is superior to non-global aggregation of pair-
wise correlation terms, and that it successfullygenerateshigh-quality
mosaicsdespite signi cant error in initial rotation estimates.



1 Automatic Spherical Mosaicing

This paper gives an algorithm for robust estimation of the rotations relat-
ing imagestaken from a common optical certer!. We call this a \spherical
mosaicing" algorithm becauset allows any number of imagesto be merged
into a singleseamlessiew, simulating the imagethat would be acquiredby a
camerawith a spherical eld of view. Our data represets a eld of view that
is somewhatmore than a hemisphere but our technique extendsstraightfor-
wardly to full sphericalarrangemeis of images. The resulting mosaicsare
usefulas\ rst-class" data objects for 3-D reconstruction, and asa compact
meansfor visualizing spatially extendedimage datasets.

This work is motivated by a system under dewelopmen for automatic
reconstructionof textured 3D CAD modelsrepreseting urban ervironments
[Tel97,CMT98, CT99]. The systemrequiresacquisition and processingof a
suitable dataset, in this casea large number of digital imagesof the region
of interest. Our instrumentation annotates ead acquired image with an
estimate of absolute 6-DOF pose (also called exterior orientation) { 3 DOF
of position, and 3 DOF of orientation for the acquiring camera. Thus our
acquisition systemprovidesboth an adjacencymap for imagesin the mosaic,
and an initial estimate of the rotations relating ead imageto its neighbors.

Figure 1: The roughly hemisphericaltiling for a node of the dataset.

Our datasetconsistsof photographsacquiredby a Kodak DCS 420digital
cameramounted with xed optical certer on an indexed pan-tilt head, itself
attachedto atrip od base. The trip od was manually positionedat eighty-one
locations among the buildings of an o ce complex. At ead position, the
camerawas rotated through a predetermined\tiling" of 50-70orientations,

LAn earlier version of this paper was preseried in CVPR 1998[CMT98].



yielding a roughly hemispherical eld of view (Figure 1). We call eat set of
imagesobtained from a commonoptical certer a\node". The tiling de nes
an adjacencymap over the images,in which two imagesare adjacer if they
have signi cant overlap along a sharedvertical or horizortal edge.

Physical instrumentation alone does not produce pose estimates su -
ciertly accuratefor direct incorporation into 3-D reconstruction algorithms.
For example,our actuated pan/tilt headproducesorientation estimatesaccu-
rate to about onedegree.This is oneto two ordersof magnitudelessaccurate
than the pixel or sub-pixelalignmert requiredfor typical reconstructionalgo-
rithms. It isthusnecessaryo designposere nement algorithms that recover
accuratecameraposefrom (approximate) initial estimates.

This paper descrikes our method for re ning estimatesof cameraorien-
tation for imagestaken around a single optical certer. Recwering relative
translations and orientations between mosaicsacquired at di erent optical
certers is addressecelsewherdCo098 ATar, ATon].

Related W ork

Of fundamenal interest in mosaiccomputations is the warp relating a pair
of overlapping images. The simplest method to compute this warp uses
four point correspndenceshetweenthe two images[Hec89,Fau93. Se\eral
algorithms (e.g., [ZFD97]) usethis approatr. Howeer, idertifying suitable
featuresand corresppndencess adi cult problem, and known methodsyield
good results only for imageswith signi cant overlap and minimal projective
distortion.

An alternative method would use correlation of color or luminance in-
formation presen in imagesto compute the warp by nonlinear optimization
(e.g.,[Sze96]).Although sud techniquesavoid the needfor feature detection
and correspndence,they do not guarartee that a seriesof pairwise warps
will produce a globally consistem set of relative orientations. We showv an
exampleof this problemin Section4.

The choice of represemation for rotations is an important practical issue
in the dewelopmen of algorithms for mosaicgeneration. For estimation of
small rotations, the axis-anglerepresetation has beenused[Sze9§. How-
ewer, that algorithm also usesmatricesto avoid instability due to the non-
uniquenes®f the axis-anglerepresetation. We have adoptedthe quaternion
represemation becauseof its corvenienceand compactnesgHor87, WI95].

Cylindrical panoramashave been computed by McMillan [MB95], who

3



solves for rotation anglesfor imagestaken under rotation around a single
(vertical) axis. His algorithm enforcesthe constrairt that anglescomputed
for acylindrical panoramashouldsumto 2 . A similar constrairt is employed
by Szeliskiand Shum [SS97]to \close the gap" betweenthe rst and last
images. Thesemethods do not generalizeto arbitrary (e.g., spherical)image
adjacencymaps.

Shum and Szeliskiin their recen paper [SS98]also compute full-view
spherical panoramas. Howeer, their global alignmert algorithm requires
a combination of both correlation-basedand feature-basedoptimization. In
cortrast, we optimize correlation directly to perform global alignmert, avoid-
ing both the needto identify and correspnd suitable features.

In a di erent application domain, robust algorithms have beendescriked
for generating mosaicsof video frames taken from a slowly rotating cam-
era [SHK98, HS98]. These algorithms assumea single cortinuous image
sequenceand exploit similarity betweensuccessi® imagesdue to the small
camerarotation betweenvideo frames. In cortrast, our technique handles
generalarrangemers of imageson the sphere.

1.1 Overview

(b) (€)

Figure 2: Part (a) shavs oneimageof a hemisphericaltiling blendedwith its
adjacent images.Part (b) illustrates blurring dueto incorrect poseestimates.
Part (c) shows the sameview after optimization.

Figure 2 illustrates the basicideabehind the optimization technique. As
depth and parallax e ects do not occur acrossimagestaken from a singleop-
tical certer [Har97], the apparen pixel motion betweensud imagescan be



explainedby a 2-D projective transformation that dependson cameraorienta-
tions and internal parameters(described below). As shawvn in Figure 2-(a),
this transformation maps pixels from adjacen imagesinto a common 2-D
space.Incorrect transformations arising from inaccurate estimatesof camera
poseresult in mismatchesbetween pixels, causingthe blurring and ghosting
shown in Figure 2-(b). The optimization techniquesdescrited hereusesthese
pixel di erencesto re ne poseestimatesand eliminate the blurring artifacts,
asshown in Figure 2-(c).

The rest of the paper is organizedas follows. Section2 briey describes
the processof imageformation via perspective projection, and our represen-
tation of rotations by quaternions. Section 3 reviews 2-D projective trans-
formations and methods to computethem. Section4 presens a closed-form
method to decoupleprojective transformationsinto two parts, onedescribing
the intrinsic parametersof the camera,and another describingthe pure ro-
tations to which the camerahasbeensubjected. While theoretically elegan,
this technique is sensitive to errorsin image formation and generally yields
poor results for real imagery We addressthis problem in Section5 with a
global optimization technique that computesrevised rotations and camera
internal parametersdirectly from correlations amongimages. Constraining
the optimization to manipulate pure rotations producessigni cantly more
accuratemosaics,as shavn in Section6.

2 Perspectiv e Pro jection

z s=[X, Y,7] (world)
S=[XC, Yo 4ol (camera)

Vg
Yo pElpe P

X

Figure 3: Overview of perspective projection.



Figure 3 shaws the processof imageformation by perspective projection,
illustrated for a point s = [x;y;z] as viewed by a cameraat world-space
position p = [p«;py;p.]. The rotation from the global coordinate system
XYZ to the cameracoordinate systemX % %Z0%is speci ed by a3 3rotation
matrix R.

The rst stepisto computesc = [Xc;Yc; Zc], the coordinatesof s in the
camera'scoordinate system:

sc = R(s p)

Next, perspective projection scaleshe x andy coordinatesby depth to yield
normalizedimage coordinates[x, ;v ]:
X = )Z(—g Y = i—z
The normalizedimage coordinatesare corverted to pixel valuesbasedon
the focal length f (expressedin pixels) and the coordinates (cy;c,) of the
principal point:
xX0=fx +¢ y=fy +g

Note that it is not necessaryhat the principal point coincidewith the image
certer; in practice, it is usually o set by a few pixels. It is conveniert to
represen the ertire transformation as a chain of matrix transformations.
This is doneusing projective geometry [Fau93:

e " #2X3
R Rp Eyz
0 —
Q{E—KM A ) 1)
1

whereK isthe 3 3 (upper-triangular) internal cameraparameter matrix:
2
f
80 f cy&z;
0 0 1
and M isthe 3 4 canonicalperspective projection matrix:
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0100
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The projective equality (=) is valid up to scaling.

Note that this discussionrestricts the camerato be described by a three
parameter model (instead of the standard v e parameter model [Fau93])
by assumingthat the pixels are square(i.e., the focal lengths are equal) and
non-lineardistortion is negligible. Theseassumptionsare valid for the digital
camerausedin our system;radial distortion is lessthan a pixel even near
the edgeof the image. It is straightforward to incorporate non-squarepixels
in the algorithms by using di erent focal lengths. Howewer, any non-linear
distortion must be measuredand corrected(e.g.,with Stein’smethod [Ste93)
beforeusingthe imagesasinput to the algorithms. Alternativ ely, estimation
and correction for non-linear distortion canbe incorporated directly into the
mosaicalgorithm [SK99].

2.1 Rotations as Quaternions

There are se\eral choicesfor expressingcamerarotations: 3 3 orthonormal
matrices, Euler angles,quaternionsetc. Horn [Hor87, Hor91] demonstrates
that quaternions are a corveniert represetation, especially for problems
involving numerical optimization. Quaternions represen rotations as four-
dimensionalunit vectorsq = [t; G; gy; &,] wheregg + o + of + ¢f = 1.

The quaternion represetation is compactin comparisonto the orthonor-
mal represetation (only four parametersinstead of nine). Unlike the even
more compact Euler angle represetation (three anglesexpressingrotations
about the X;Y ;andZ axes),quaternionsare stable while represeting large
rotations, and exhibit no singularities.

Dieren tiating a Rotation Matrix

The derivative of the rotation matrix with respect to the quaternion param-
etersis an important quartity usedby our algorithm to update the estimate
of eath camera'sassaiated rotation.
The following expressionrepresets a quaternionasa 3 3 orthonormal

matrix:

@€ ¢ D 240 G0 240+ G)

8 2q%+aw) (@ R+¢ B  209% o4 &

2(G% %) 2o+ o%) (B & G+ &)

The derivative of a rotation matrix R ' with respect to a quaternion
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q = [p; &; ;] is a tensor of dimension3 4 3. Here, the derivative
is typically multiplied by a vector v = [vy;vy;V,]"; only its value at v is
required:

2 a d c b °
(@él)v = 9b ¢ d af
c b a d
where: a = +@vw+ vy oV,
b = W+ Qv+ &V,
C = +0Vx GV + QV,
d = +ovw+gvw+ gV,

For represeting rotations, quaternionshold a signi cant computational ad-
vantage over other represetations (Euler angles,axis-angle). In theseother
represemations, derivative expressiongortain sineand cosineterms, increas-
ing the computational cost of estimating derivatives.

3 2-D Pro jectiv e Transformations

Figure 4: Transforming pixels from image1 to the spaceof image 2.

Figure 4 illustrates the relationship betweentwo imagestakenfrom a xed
optical certer, but with di ering orientations. In sud cases,pixelsin one
image can be mapped to the other imageby a 2-D projective transformation
[Har97]. Unlike simpler 2-D transformations (translation, rotation, a ne),
the projective transformation doesnot presene parallel lines. This is evidert
in Figure 4, wherethe linesboundingimagel intersect after transformation.



As depth e ects do not occur acrosstwo imagestaken from the same
optical certer [Har97, Sze96]the generalperspective projection (Equation 1)

simpli es to: s 3 s 3
x0 X
8y f=KrRGyS @)
1 z
Inverting Equation 2 yields:
2 3 2,3
X X
Qy5=R K 1§ yo§ (3)
z 1

Equation 3 provides a method to convert pixel positionsin one image (say,
image 1) to 3-D rays. Thus pixel coordinatesin another image (say, image
2) can be obtained by projecting bad into image2's spaceusing Equation 2:

2 3 2 3

X2 X1
8 v, 5=KR,R, XK §y, & (4)
1 1

Thus the 2-D projective transformation that maps pixel (x1;y:1) of image 1
to pixel (x;y,) of image?2 is:

P=KR,R,'™K ?! (5)

Note that, as = denotesprojective equality, Equation 4 is valid only up
to alinear scalingof [x»; y»; 1]". As a consequencepnly eight parametersare
neededto descrile the matrix P. Thus 2-D projective transformations are
alsoknown as 8-parameterwarps Typically, the unknown scalefactor of the
transformation is determinedby xing either detP = 1 or P33 = 1.

3.1 Computing Warps

Below, we briey review an optimization due to Szeliski[Sze96]that com-
putes 8-parameter warps using this technique. This discussionalso intro-
ducesthe Leverberg-Marquardt (LM) optimization [PTVF92], which is used
in seweral placeshere.

The ideais to computea warp that (locally) minimizesimage-spacerror
by using nonlinear optimization. The error function for this optimization
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simply measureghe di erence in brightnessbetweentwo imagesl and 2 (in
the overlap region), after pixels in image 1 are mapped to image 2's space.
The di erence in brightnessis measurecdby a sum-of-squaredli erence (SSD)
error metric usingthe luminancesL ; and L, of imagesl and 2, respectively:

o= (La(xay)  La(P(xuya)? 6)

X1¥1

This error term is \one-way", in the sensehat imagel is usedasa sampling
referencefor collection of pixel di erences. Howewer, we collect error sym-
metrically, by evaluating both E; and E;; for every adjacert image pair i
and| (Section5.1). The SSDform is well suited for numerical optimization,
asonly rst order derivativesare required to compute update valuesfor the
iteration [PTVF92].

The optimization consistsof analytically determining derivativesof a sin-
gle error term of the form:

eil;yl = (La(x1;y1) |—2(X2JY2))2

with respect to P. The derivative % IS expressedas an 8-componern
vector consistingof derivativeswith respect to eat ertry of P.

In LM optimization, the overall gradiert term G is computed by accu-
mulating over all error terms [PTVF92]:

X @,
G = ex y 1,¥1
X1:y1 e @)
Similarly, the (linearized) Hessianterm corresmpnding to two adjacen images
land2is: X @ @
H = élp,h ( élp,w )T
X1¥1

wherewe sum over all pixels (X1; Y1) in the overlap region of the images.
The optimization proceedsby incremering the value of P by

P = (H+ 1) G

wherel is the idertity matrix, and is a stabilization parametersetinitially
to a high value, and reducedto 0 asthe optimization corverges[PTVF92].
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Initialization

As in any nonlinear optimization, it is important to initialize the warp with
a valuethat is closeto the optimum. Se\eral techniqueshave beenproposed
for this step. McMillan [McM97] computesa 2-D translation with minimum
error, and usesit to initialize the optimization. Howewer, good initial trans-
lations are di cult to determine, or may not exist at all, if the e ects of
perspective are large. Szeliskiand Shum [SS97]perform the initialization
interactively, with the help of a human operator.

In our application, initial rotation estimates are provided by our ac-
quisition instrumentation, and appraximate cameracalibration. It is thus
straightforward to compute a good initial estimate using Equation 5 with
the internal parameter matrix determined by cameracalibration and rota-
tions supplied by physical instrumentation.

Warp Example

Figure 5 shows the results of this optimization for two images(sized762 506

pixels). Note that the blurring, initially presen, disappearsafter optimiza-

tion. The projective matrix P computed (normalized sud that its determi-

nant is 1) is: 3
0:7423 0:0162 5847688

P=9 00994 0:9983 142725 £ (7)
0:0003 0:0000 1:0463

We next descrike a technique to recover camerainternal parametersand
relative rotations from sud warps.

4 Orien tation Estimates from Warps

It is straightforward to recover rotation from warps using Equation 5 if the
cameracalibration is known accurately If not, the following closed-form
solution can be usedto derive cameracalibration from the warp itself.

4.1 Closed-Form Solution for Internal Parameters

The technique proposedin this section is similar in spirit to closed-form
solutions preserted by Hartley [Har97] and McMillan [McM97], but much
simpler to express. The basic idea is the use of Equation 5 to enforcethe
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Figure 5: The projective warp betweentwo images,before and after opti-
mization.

orthonormality constrairt for valid 3 3 rotational matrices, and the useof
eigen-\ectors of the warp matrix to de ne the solution.

Rewriting Equation 5 in terms of R = R,R, %, the relative rotation be-
tweenthe two images,and solving for R, we have:

R = K PK (8)
SinceR = R T (the orthonormality condition for rotations), we have
K 'PK =KTP TK T

Rearrangingterms yields:
PC=cCP T 9)
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whereC = KK T. The matrix C is a symmetric3 3 matrix whosecompo-
nerts are formed from the focal length f and image principal point [c,; C,]:

2 2 3
f2+¢  ag o
c=% o¢ f2+c& ¢ (10)
& ¢ 1

The solution for C in Equation 9 can be expressedin terms of eigen-
vectors of the projective matrix P. The eigen-waluesof P are the sameas
that of R, sincethey are related by a similarity transform [Str88], i.e., left
and right multiplication by a matrix and its inverse(Equation 8). The eigen-
valuesof the rotation R are1,€ ,ande ' , where is the angleof rotation
e ected by R. Let e, e; and e, be the eigen-\ectors of P correspnding to
thesethree eigen-alues,respectively.

Note that C = eg€] is a solution to Equation 9:

PC = Pepe) = ee, = epegP T=CP T

This derivation usesthe fact that if e is a right eigen-ector of P, then e is
a left eigen-ectorof P T.

Similarly, asthe eigen-waluescorrespnding to e; and e, are reciprocals
of ead other, it canbe showvn that e;e] and e,e] are alsopossiblesolutions
of C. The most generalsymmetric solution to C is therefore a linear com-
bination of the three solutions, wherethe secondtwo solutions are weighed
equally:

C = el + ci(ere; + ee])

The coe cients ¢y and c; are solved by enforcing the constrairts that the
Cs3 = land Cy, = C13C,3 (againusingthe three-parametercameramodel).
The matrix K canbe recoseredby CholeskyDecompsition of C [PTVF92].

Using this technique for the warp describted in Equation 7 givesvaluesof
f = 1141,c, = 397,¢, = 249(all in pixels). The rotation R correspnding
to theseparametersis:

3
0:8897 0:0090 0:4603
0:0004 0:9961 0:0010%
0:4599 0:0080 0:8901

The rotation determinedappearsqualitativ ely reasonablej.e., it is (closeto)
a rotation about the image'sy axis; this agreeswith Figure 5. Howeer, as
descriked in the next section, there is a signi cant quartitativ e di erence
betweenthis and the physically correct rotation.
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4.2 Warps and Rotations

The rotation computed in the previous section is approximately 27 (=
cos 10:89). Howeer, the physical rotation was nearly 30 (= %) astwelve
imagesformed a full circle). Using a 27 rotation for this image sequence
would thereforeleave a gap betweenthe last and the rst image.

At rst glance,it might appear that the problem is due to incorrectly
recoveredinternal parameters. The computedfocal length di ers signi cantly
from the focal length determined by Tsai's calibration algorithm (by about
150pixels). Howewer, eventhough adi erent setof internal parametersmight
yield other rotations, the angleof rotation is completely determined by the
eigen-walues of the projective warp P. As this is una ected by the method
by which internal parametersare computed, this problem is inherert in the
warp solution itself.

Figure 6: The projective warp betweentwo images,after direct optimization.

Figure 6 illustrates the problem by shaving the warp computedby direct
optimization with respect to the internal parametersK and the relative ro-
tation R (using the method descriked below). The internal parameterswere
computedto bef = 1016,c, = 393,c, = 253(all in pixels), and the relative
rotation and warp betweenthe two imagesare:

3 2 3

0:8637 0:0047 0:5040 0:669371 0:003488 592614624
R=8 00054 10000 00000% P=§ 0114616 0999421 15121033 &
0:5043 0:0031 0:8638 0:000492 0:000003 1:058760

The rotation (of cos 10:8637= 30:27 ) and internal parametersagreewell
with initial estimates. Also, visually, the overall warp computeddi ers from
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that descriked in Equation 7. This can be obsened in the large \gap" be-
tweenthe right edgeof the imageand the borderin Figure 5 (which is smaller
in Figure 6). Howewer, within the region of overlap, the two warps appear
idertical; there are no blurring artifacts visible in either case. Thus, there
are se\eral possiblewarps that yield low SSDerror, but not all of them cor-
respond to physically correctrotations. It is thereforeessehnal to imposethe
rotational constrairt during the optimization to obtain quartitativ ely correct
results.

Similar e ects were alsoobsened for warps correspnding to other image
pairs. Thus, while 8-parameterwarps generatevisually consisten blending
betweenadjacert images,they appearto beinadequatefor recovering quarti-
tativ e 3-D parameters,sud asrelative rotations. Also, more fundamertally,
relying on local pairwise warps to compute global quartities can lead to in-
consistenciesn the computed internal parametersand rotations. The next
sectionpresens a global optimization method that addressesheseproblems.

5 Spherical Mosaicing

The optimization descriked in this sectiondirectly producesthe \b est” pos-
sible rotations for each image, given initial estimates. The advantage of
this approad is that global consistencyis guararteed by computing a unique
rotation for eat image. That is, the pairwiserotations inferred from our rep-
reseration have the property that the aggregaterotation alongany cyclein
the image adjacencymap is the idertity. In this manner, our represetation
avoids the possibility of \gaps" arising from inconsisten pairwise estimates.

The approad followed is to optimize a global correlation function de-
ned for adjacen imageswith respect to all orientations (represemed as
guaternions). As a by-product, the algorithm computesa spheri@al mosaig
a composite of all imagescorrespnding to a single node.

5.1 Optimization

The algorithm minimizesa global error function:

X
E= Eij + Eji
ij are adjacen
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whereE;j; is the SSDerror betweenluminance valuesof imagesi and j :

X
Ey = (Likxisy)  Lj(Py (xiiyi)))?

XiYi
and P; maps coordinates of imagei to those of imagej. This correlation
function is computedonly for pairs of adjacen imagesin the sphericaltiling,
and only for pixels of imagei that map to a valid pixel of imagej. Even
though the SSD error function could be minimized by forcing all imagesto
becomenon-overlapping, in practice this doesnot happen, for two reasons.
First, the initial estimatesare su ciently good that gradiert desceh moves
toward the true optimum. Secondthere is not enough\ro om" on the sphere
for so many rigid quadranglesto becomenon-overlapping. In practice, our
algorithm corvergesto a value closeto the initial estimates,with signi cant
overlap betweenadjacen images.

As in the pairwise warp estimation, this function is minimized by com-
puting derivativeswith respect to ead orientation and using LM nonlinear
optimization starting from the initial orientations. The various stepsin the
computation are described in detail below.

For a single error term for imagesi and j of the form:

ei;y = (Li(X; y) I—j (Xo?y0§)2

00— Xx° 00— y°
XT= % yo= 32'_0

and 2 .3 2 3 2 3

X X X
8y0L=v=pPlyd=KRR K 1§y} (11)
z° 1 1

the derivativesare computedasfollows (using the rotation-matrix derivative

givenin Section2.1):
0 1

— = KRY

@ @
wherev = K 1[x;y;1]". Then, the derivative of the term e,, with respect
to the quaternion g is given by:

v

@°_ @ e @Y- @ Y a (12)
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@| @00@ @OO@|
Equation 13 involvesimage derivatives g’ and &4, theseare approximated
using the following convolution matrices applied at (x°9y°y [Hor8g):

(13)

101> ° 2

2202%2000%
101 1 2
8 8

The gradiert term correspnding to the quaternion q; is computed by
accunulating over all terms that dependon g;:

- X . @Xi:Yi
Xi}Yi @

The gradiert is computedin the coordinates of imagei, with respect to the
guaternion q; assaiated with imagei. Similarly, the Hessianterm corre-
sponding to two adjacert imagesi andj is:

X @Xi;yi(@Xi;yi
Xi3Yi @ Q@

The Hessianis computedin the coordinates of imagei, with respect to the
guaternions asseiated with imagesi and j, respectively. For a spherical
tiling consistingof n images,the n valuesof G; and the n? valuesof H;; are
concatenatedto yield the global 1 4n gradiert G and the global 4n  4n
HessianH , respectively.

In an unconstrained optimization, the incremens would be computed
as H G. Applying theseincremers directly to the q;, howewer, would
producenon-unit quaternionswhich do not correspnd to pure rotations. To
constrainthe updated quaternionsto be unit vectors,we enforcethe following
additional constrairts on the incremens ¢;:

Hij = )"

8i:qp =0

Applying these q; movesthe q; tangertially to the unit four-sphere. Us-
ing Lagrange multipliers ; to enforcethese constraints, the equation for

computing the mcremeﬂs becomes
# " #
H Q Q _ G
QT 0 - 0 (14)
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where

2 3 2 3 2 3
gpa O ::: O d1 1
0O g ::: O o] 2
0O 0 ::: Qgn On an

The optimization proceedsby solving Equation 14for Q and (both
of dimensionl 4n), then normalizing q;:

g+ d
kgi + ik
To avoid matrix inversion,which is ill-conditioned whenH is nearly singular,
i.e. when the error surfaceis nearly at along one or more dimensions,we
usethe SVD and pseudo-iverseinstead [PTVF92]. Convergences detected
whenthe value of the objective function changesby lessthan somethreshold
(e.g.,0.1%) over oneiteration.

q =

5.2 Internal Camera Parameters

In addition to estimating orientations, the algorithm also performs an opti-
mization on the internal cameraparameters. Even though the camerawas
calibrated o ine, in practice, there could be small variations while actually
collecting images. Thesevariations would result in incorrect warps between
adjacen images,yielding misalignmen artifacts similar to thosearising from
errorsin rotation measuremets.

The overall optimization alternatesbetweena step that updatesall rota-
tions, and a step that updatesinternal parameters. The new parametersare
computed using derivativesof v®in Equation 11 with respect to the camera
focal length f and image principal point (c; ¢y):

02 1 43 2 4 4 5312 3

0 7z %

@ - Bio10iRR K +KRR 1§ 0 1 %IR58y

@ 000 O 0 o 1
020013 2 1312X3

0 f

@ _ BS000ZRR K ‘+KRR 90 0 0 5%9vy54

@x 000 00 0 1

The derivative with respect to ¢, is similarly determined. Theseare usedto
generatederivativesof the error term e, asin Equations 12 and 13.
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5.2.1 Relativ e Imp ortance of Camera Parameters

Are all the internal parametersequally important for this optimization? The
following simpli ed analysis shaws that determining the focal length accu-
rately is moreimportant than determining the coordinatesof the imageprin-
cipal point. This result is alsocon rmed empirically in Section6. This en-
ablesthe simpler calibration technique of Tsai [Tsa87](which assumeghat
the image certer is the sameas the principal point) to be usedinstead of a
more complextechnique (e.g., [LT87]).

Image 2

Image *

Figure 7: Rotation and cameraparametersin 2-D.

Figure 7 shovstwo 1-D imagesrotated formedby rotating a\line" camera
by anangle . In this gure, the transformation betweenpixel x (with o set
angle from the certer) in image2 to pixel x°in image1 is given by:

tan + tan
0_— —
xe=¢c+ftan( + )=c+ f
& ( )= & 1 tan tan
For small anglesof rotation and small elds of view, tan tan 1. Thus:

0

x° ¢ +ftan +ftan =c +ftan +x ¢ =ftan + X

To rst order, the mapping is insensitive to the principal point. Thus the
image certer can be usedas an initial value for optimization.

5.3 Implemen tation

Our implemertation cortains se\eral elemens that improve its performance
in practice. In this section,we brie y descrilke them: 1) the useof both low-
and high-pass Itering; 2) a modi cation to accour for texturelessimages;
and 3) e cient computation of the correlation and derivative terms required
for the optimization.
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Band-P ass Filtering

Figure 8: An imageand its ltered values.

Straightforward implemertation of our algorithm will fail where there
are large texturelessregions. High-pass ltering aloneintroducesmany dis-
cortinuities into previously smaoth image regions,corrupting the derivative
computations and preverting corvergence.Thus our implemertation Iters
the imagesto remove texturelessregions, while simultaneously preserving
smoothness. We generate\band-pass" luminance valuesby convolving im-
ageluminance valueswith the derivative of a Gaussian(of 5 pixel radius).

We maintain all imagesat se\eral resolutions,and optimize ead resolu-
tion to completion before processingthe next higher resolution image set.
Ead optimization phaseis initialized with the rotation estimatesproduced
by the previous phase.In practice, the chosen Iter radiusis comparableto
the error in the initial rotation estimates, which come either from our ac-
quisition instrumentation or from the previous (lower-resolution) optimiza-
tion phase. (An alternative strategy might use the ertire image pyramid
simultaneously with a lter radius proportional to the correspnding image
resolution.)

Our implemertation actually optimizes twice for ead resolution, ead
time until cornvergence: rst, onthe Itered luminancevalues(seeFigure 8),
and secondon the original luminance values. The rst stageproducesgood
estimatesof rotation, which are usedasinitial estimatesfor the secondstage,
making it cornverge reliably. Note that the secondphaseis necessaryfor
two reasons. First, sincethe Itered valuesare not invariant under planar
projective transformation, the secondoptimization phasemust usethe orig-
inal image valuesto avoid geometric bias when computing the correlation
scores. Second,the secondphaseincorporates a correlation term, arising
from matching of the texturelessregions, which was suppressedn the rst

20



phase. Section 6 demonstratesthat use of band-passvaluesresults in both
faster corvergenceand increasedavoidanceof false minima.

Textureless Images

Seeral imagesin our data lack su cient texture to determine their orien-
tation accurately (e.g., those correspnding to camerasoriented toward the
sky). As the optimization is global, sud texturelessimagesmay \corrupt"
the orientation estimatesof other images. We avoid this problem by exclud-
ing from the optimization any imageswith lessthan a threshold fraction
(80%) of textured pixels. For theseimages,the initial rotation estimates
su ce for incorporation into subsequen processing.

Correlation and Deriv ativ e Terms

The dominart computational costsin our optimization arisefrom traversing
(and mapping) pixels in eat image, and accunulating global derivatives.
Our implemertation mitigates thesecostswith seeral techniques. First, only
pixelsthat actually mapto a valid pixel in the adjacen imageare traversed.
This is achieved by computing a boundary for the overlap region from the
warp, and traversingpixels only inside the boundary. Second warpedimage
coordinates and their derivativesare computedincremenally asead image
is traversed.

6 Mosaicing Results

This sectionpreseits both quartitativ e and qualitativ e results obtained on
the datasetusingthe sphericaloptimization technique. Section6.1 explores,
usingpairs of images,the sensitivity of the techniqueto initial valuessupplied
to the optimization procedure. Section6.2 presets results for full nodesin
the form of sphericalmosaicsproducedby the algorithm.

6.1 Image Pairs

In these experimerts, optimal calibration parametersand the rotation be-
tween two imageswere obtained by optimizing initial values provided by
cameracalibration and physical instrumentation. Then, eat of these pa-
rameters was perturbed by someamourt and the optimization was rerun.

21



The metric usedto measurethe sensitivity is the number of iterations re-
quired to corvergeto the optimal (unperturbed) values. Optimizations that
convergedto adi erent minimum werenot considered.The resultstabulated
below are for data obtained from two di erent adjacert image pairs in our
dataset.

100 T

Image pair B +—
Image pair B (bandpass) -+--

Image pair A -8--
Image pair A (bandpass) -

80 B

60 - i

Number of iterations
X

40 | / i

e

20 Y |
R e N
P Qs x
0 Il Il Il Il
-3 2 0 1 2 3
Error (degrees)

Figure 9: Convergencefor di erent rotation errors.

Figure 9 shows results obtained by perturbing the rotation angle (about
the rotation axis) by a few degrees. Note that the optimization corverges
within a few iterations if the perturbation is on the order of a degree(the
optimization fails to convergefor larger angleswith image pair B). In addi-
tion, using band-passimagesreducesthe number of iterations required for
corvergence.

Figure 10 shaows results obtained by perturbing the focal length. The
perturbation is expressedn terms of the fraction of the correct value. Note
that the algorithm is robust up to a few percen of error in the focal length.
Howe\er, it fails to corvergefor larger errors; fairly good cameracalibration
is thus required to provide initial focal length estimates. Note that a focal
length estimate canalsobe provided by enforcingthe 2 constrairt [McM97].

Figure 11 shavs corvergencebehavior under perturbation of the principal
point (only resultsfor c, are shavn here). The optimization is quite robust,
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Figure 10: Convergencefor di erent focal length errors.

cornverging to the optimal valuesewen with initial errors of ten or twerty
percen. This conrms the validity of the simple theoretical model in Sec-
tion 5.2.1. Also, note that the convergencebehavior neednot be symmetric
betweenpositive and negative errors: imagesare asymmetricin general,and
shifts in the transformation by a few pixels to the \right" can yield very
di erent results than shifts to the \left".

6.2 Node Optimization

Figure 12 shows corvergencerates for imagesfrom two nodes. The graph
plots total pixel luminance SSD error acrossall imagesin a node as the

optimization proceeds. Note that the error decreasedaster away from the

optimum; this is consistem with the quadatic corvergencerates guararteed
by LM optimization nearthe minimum [Sca85].Also, dueto slight errorsin

imageformation and useof discretesamplingto estimatethe error function,

the optimization corvergesto a non-zerovalue. Despite this, the mosaics
generatedusing the optimal valuesdo not exhibit any visible misalignmen

artifacts (seebelow), providing evidencethat the imagesare registeredaccu-
rately with respectto ead other.
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Figure 11: Corvergencerates under perturbation of the principal point.

In a batch process.the algorithm successfullyprocessedll (closeto four
thousand)input imageg from eighty-one nodes,requiring about twerty min-
utes of processingper node for 381 253 pixel imagesand about two hours
of processingper node for 762 506 pixel images(both ona 150MHzR10000
SGI O2 workstation). Internal cameraparameterscorvergedto valuesthat
di ered by lessthan onepercen acrossall nodes'.

The relative rotations and cameraparameterscan be usedto blend all
node imagesinto a single seamlessmage, without \blurring” or \ghosting"
artifacts. Eadh pixel is blendedwith a weight inversely proportional to its
distancefrom the image certer. Two mosaicsresulting from this procedure
are shavn in Figure 13.

To illustrate the advantage of global optimization, we modi ed the opti-
mization to usepair-wise correlation on an adjacencytree, i.e., an adjacency
map cortaining no cycles. (This is a generalizationof omitting the correla-
tion term betweenimagen 1 andimageO in a cylindrical panoramaof n
images.) The resulting mosaichas seeral evident defects(Figure 14).

2A few input imageswere unusabledue to sun are and/or CCD oversaturation.
3For 762 506images,focal length f = 1015 pixels; principal point cx;c, = 397 261.
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Figure 12: Convergencefor di erent rotation errors.

6.3 Mosaic Representations

We usethree alternative visual represetations for mosaicsin practice. Each
resampleghe sourceimageryonto a three-dimensionalshape for purposesof
direct display, texture mapping, etc. The rst represetation is the familiar
sphere. The secondrepresetation (Figure 13) projects the sphereonto a
cylindrical surfaceby projecting ead point (; ) onthe sphereto (; sin ).
This cylinder is then unrolled onto a plane for display. This projection pre-
senes areaon the sphere[Pae9(, so exhibits lessdistortion than the more
commonly used (; ) projection. Howeer, it does distort straight edges
from the sourceimagesinto curvesin the projected image.

Our third represetation, the cubical ervironment map usedin computer
graphics (Figure 15) amelioratesthis problem. Here, the mosaicconsistsof
six imagescorrespnding to ead face of the cube. The drawbadk of this
represemation, of course,is that edgesspanningtwo cube facesare discon-
tinuous. Howewer, sincemost edgesare small relative to the 90 eld-of-view
provided by ead cube face, this is not a problem in practice.
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Figure 13: Two typical mosaics,shovn as spheresand cylinders.

7 Conclusion

We described two methods to recover relative rotations and internal camera
parametersfor the setof imagesacquiredfrom a commonoptical certer. The

rst is a closed-formsolution using eigen-\ectorsof 8-parameterwarps. This

method is theoretically elegan, but yields quartitativ ely inaccurate results.
The secondmethod solvesthis problem by computing rotations and internal

parametersdirectly from image-spaceorrelation using a global optimization

technique. The results,demonstratedfor over eighty nodes,demonstratethat

this method accurately recovers relative rotations about a common optical

certer.

There are seweral bene ts in performing the spherical mosaicing opti-
mization. First, it providesrobust automatic estimation of internal camera
parametersasa by-product. Second,t producesanimagewith ane ectively
super-hemisphericaleld of view, eliminating the ambiguity betweencamera
translation and camerarotation found in narrow eld-of-view images. This
imagecanbe of any desirede ectiv e resolution, subject to the choiceof optics
and number of raw imagesthat are composited. Third, sphericalmosaicing
allows the resulting mosaicto be treated as a rigid, composite image. Thus
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Figure 14: This mosaic,computedwith pair-wise optimization over an adja-
cencytree, exhibits numerousdefects. The mosaiccomputedby our method,
using the sameimagedata, is shovn at the bottom of Figure 13.

Figure 15: Four facesof a cubical projection for two nodes.
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it reduces,by a factor linear in the number of imagesper node (here, about
ft y), the number of degreesof freedomwhen determining global position
and orientation by subsequen optimization.
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