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Abstract

Manifold mosaicingis a fast and robust way to summa-
rize video sequencescaptured by a moving camera. It is
alsousefulfor renderingcompelling3D visualizationsfrom
a video without estimatingthe 3D structure of the scene.
However, sincethe resultmosaicsare not perspectiveim-
ages,their geometryis inherentlydistorted.Thesemosaics
are commonlyreferred to as multi-perspectiveimages,or
multi-perspectivemosaics.

In thispaperweaddressthefollowingquestion:Givena
videocapturedby a movingcamera, whatis thebestmulti-
perspectivemosaicthat canbegeneratedfromit? Whatis
themosaicwith thebestcombinationof large �eld-of-view
and minimal geometricdistortions? We de�ne the neces-
sary conditionsfor a goodmosaicand a quantitivecrite-
rion for the geometricdistortions,and deriveanalytically
the optimal mosaicunder this criterion. Resultson video
sequencescon�rm that indeedtheoptimalmosaichassig-
ni�cantly betterquality thanthosegeneratedbyothertech-
niques.

1. Intr oduction

Manifold mosaicing[8, 9] is a robust way to generatea
panoramicimagefrom avideosequencecapturedby amov-
ing camera.Thetechniqueis simple,implementedby past-
ing thin stripsfrom thevideointo thepanoramicmosaicim-
age.Sincethecamerais moving, every strip in themosaic
imageis capturedfrom adifferentviewing position.There-
foresuchamosaicis calledamulti-perspective[13,15] im-
age.

Multi-perspective imageshave beenusedfor creating
compactrepresentationsof videosequences[9,16], for 3D
reconstruction[13,17], photogrametry[2] andarerecently
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Figure 1: Typical distor tions in multi-per spective
mosaics. Image (a) is a par t of a multi-per spective
mosaic, and image (b) is one of the input images.
Note the distor tion of the building and the trees.

becomingpopular for 3D visualizationand image based
rendering[7,10–12,15,18].

Figure 1 shows an exampleof a multi-perspective im-
age(generatedby themethodin [8]). Thereis anapparent
non-uniformdistortionof sceneobjects,dependingon their
depth. The building andthe bushesarestretchedhorizon-
tally, while thecarsareshrinked.Suchdistortionscannotbe
cancelledby any genericdepth-independenttransformation
of theimage.

In thispaperweaddressthefollowing question:Givena
sequencetakenby a calibratedcameramoving on a known
trajectory, andan unknownscene, what is the bestmulti-
perspective imagethat canbe generatedfrom it? In other
words,which stripsshouldbecopiedfrom the imagesand
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how shouldthey be pastedinto the mosaic,suchthat the
resultimagewill containthemaximalamountof visual in-
formationandminimal geometricaldistortions?

We de�ne the necessaryconditionsfor a good multi-
perspective mosaicanda criterionquantifyingthegeomet-
ric distortions,andderive the least-distortedmosaicunder
this criterion. Thecriterionis justi�ed theoreticallyaswell
asempirically. It turnsout thatthemosaicwith theminimal
distortionalsohasthemaximal�eld-of-view.

Onemay wonderwhy usemulti-perspective mosaicsat
all, sincethey are distorted. An alternative to this would
be to createa perspective panorama,by warping all in-
put imagesinto a commoncoordinateframe. The choice
of multi-perspectivemosaicscomesfrom practicalreasons.
Multi-perspective mosaicsaregeneratedby a simple, fast
andremarkablyrobustalgorithm.On theotherhand,in or-
der to generatea perspective panorama,a depthrepresen-
tation of the sceneshouldbe available. The estimationof
sucha representationfrom a video sequenceis computa-
tionally demandingandhighly ill-posed(dueto occlusions,
re�ections, transparenciesetc.). By minimizing thedistor-
tionsof multi-perspectiveimages,it ispossibleto generatea
visually satisfyingimagewith minor geometricdistortions.
Thesedistortionsmay in many casesbe practicallynegli-
gible,especiallyin comparisonwith artifactsin perspective
panoramasdueto errorsin depthestimation.

The paper is organizedas follows: In Section2 we
presenta generalizedformulation of manifold mosaicing,
by allowing anarbitrarysamplingof verticalstripsfrom the
images. Eachsamplingfunction de�nes a projectionge-
ometryrelatinga 3D point to a locationin the mosaicim-
age. In Section3 we de�ne thenecessaryconditionsfor a
goodmosaic,namelya large �eld of view anda continu-
ousunique3D to 2D projection. In Section4 we de�ne a
quality criterionmeasuringthedistortionin the image,and
derive the optimal mosaicunderthis criterion. Examples
show that mosaicsgeneratedby the optimal samplingare
signi�cantly lessdistortedthantheonesgeneratedby other
samplingmethods.

1.1. Manif old Mosaics
Manifold mosaicing[8,16] wasintroducedfor thepurpose
of generatinga panoramicrepresentationof a video. Ver-
tical straightstripswerecopiedfrom thecentersof the im-
ages,andpastedinto the multi-perspective mosaic. For a
recti�ed cameramoving sideways, the projectiongeome-
try of themosaiccanbedescribedby thelinear pushbroom
projectionmodel[2]: Parallelprojectionin thecameramo-
tion direction,andperspective projectionin theorthogonal
direction.

Manifold mosaicingwasalsousedfor 3D visualization
by selectingdifferentvertical stripsfor differentviews. A
stereopair of manifold mosaics,for example,canbe gen-

eratedby collectingdifferentstripsfor the left-eye mosaic
and for the right-eye mosaic. In [4, 7], one location was
usedfor all the strips of the left-eye mosaic,and another
locationfor all thestripsof theright-eye mosaic.A differ-
ent schemefor 3D visualizationwasproposedin [12,18].
By a simpleadjustmentof thestrip samplingfunction, the
authorshave generatedrealisticwalkthroughsequencesof
multi-perspectiveimages.

Thiswork wasinspiredby [5,11],whichdiscussall cam-
eratrajectoriesfor generatingstereomulti-perspective mo-
saics.We broadenthis discussion,aswe arguethat theset
of stereomosaicsshouldalsobe characterizedby thestrip
samplingscheme.

Therehasbeensomework on manifoldmosaicingwith
curvedstrips[9]. Theseareespeciallyusefulwhenthecam-
eratranslationhasa forward component.In this work, in
order to simplify the analysis,we assumethat the image
planeis parallelto motiondirectionof thecameraandlimit
thesamplingaccordinglyto verticallines.

2. SamplingFunctions for Mosaicing

Considera perspective videocameramoving continuously
on a curved segmentwith its imageplaneorientationtan-
gentto thecurve. Assumew.l.o.g. that thesegmentlength
is 1, andlet ����� ���	��
 beaparameterdescribingthelocation
of thecamerain thesegment.A multi-perspectivemosaicis
generatedby selectinga verticalline in eachframe ��
���� ac-
cordingto a samplingfunction ��
���� , andpastingit into the
mosaic. ��
���� denotesthelocationof the line sampledfrom
frame ��
���� . Let ��
���� be the planejoining the cameracen-
ter of projectionat location � to thesampledline ��
���� . The
pastinglocationin themosaicis de�ned by theintersection
of ��
���� with themosaicmanifold.In casethecameramoves
on a linear trajectory, this manifold is a plane. Otherwise,
the manifold is determinedby the cameratrajectory. As
in [9], we set the distanceof the manifold to be equalto
thecamera's focal length,in orderto maintainthe vertical
resolutionof theimage.

It is assumedthatthecameramotionandinternalcalibra-
tion areknown,or wereestimatedfrom thevideosequences
(For a review, see[3]), andthatthehorizontal�eld-of-view
angleof thecamerais � .

We �rst analyzemosaicsgeneratedfrom linear camera
trajectories,and�nd theoptimalmosaicanalytically. Two
usefulexamplesof samplingfunctionsfor linearcameratra-
jectories,depictedin Figure2, arethelinearsamplingfunc-
tion ��
������������! anda specialcaseof it, the constant
samplingfunction ��
����"�# (where �$�#� ). It wasshown
in [18] thatin theformercase,all rayspassthrougha verti-
cal line in theplane%�&'�(%�)*�,+

-

, where%�) is thetheplane
of thecameratrajectoryand ./�10	2435
76

&

� ; in the lattercase,
thisplaneis at in�nity .
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Figure 2: Mosaicing by (a) a constant sampling
function and by (b) a linear sampling function.

Generalsmoothtrajectoriesareanalyzedin Section4.2
usinglocal linearapproximations.

3. NecessaryConditions for a Good
Mosaic

Let ����� 
�� ��� � %'�
	 %�� ��
 be the setof viewed scene
points,i.e. thepointsin front of thecamera.

We de�ne thefollowing necessaryconditionsfor a good
mosaic:

� Unique Projection: Every 3D point � ��� is pro-
jectedto a singlepoint in themosaicimage.

� Continuous Projection: Connectedsets of scene
pointsareprojectedto connectedsetsof imagepoints.

� Data Utilization: Stripsaretakenfrom all images.

A uniqueprojectionis importantfor avoiding duplicate
imagesof an object in the mosaicimage. In Section3.1
we show that for linear cameratrajectories,this condition
holdsif andonly if thesamplingfunctionis monotonicnon-
decreasing1. In Section3.2we relaxtheuniqueprojection

1Without loss of generality, it is assumedthat the camerais moving
from left to right

(a)

(b)

Figure3: 3D object representation by mosaicing
with a monotonic decreasing function. Mosaic (a)
was generated by a linear sampling function, so
every point on the object is associated with a sin-
gle point on the image. Mosaic (b) was generated
by a non-linear sampling function, and as can be
seen, some scene points appear twice in the mo-
saic.

condition by allowing a set � of points of measure0 to
violatetheuniquenesscondition.We show thatin thiscase,

� mustbea line, andin casethecameramoveson a linear
trajectory, this correspondsto a linear samplingfunction.
An almost-uniqueprojectioncanbeusefulfor constructing
representationsof convex objects.An exampleis shown in
Figure3.

Therequirementfor acontinuousprojectionis obvious–
to avoid discontinuitiesin themosaicimage.It follows that
thesamplingfunctionmustalsobecontinuous.

The datautilization requirementis importantfor ensur-
ing maximal�eld of view whenminimizing thegeometric
distortion.

3.1. Projection Uniqueness
The projectionis uniqueif every scenepoint is projected
to a singlepoint in themosaicimage.A key observationis
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thatthescenepoints � arein frontof thecamera.Hencethe
planes��
�� )	������
�� &7� mustnot intersectin front of the cam-
erasfor any ��� � )�� � & ��� . For a cameramoving on
a linear trajectory, this implies that the samplingmust be
non-descendingmonotonic.

3.2. UniquenessExcluding a Setof Measure 0
Anotherusefulcriterion relaxesthe requirementby allow-
ing somepoints to violate the uniquenesscondition; This
setof points � is requiredto beof measure0 (e.g. a point
or acurve). If � doesnot includeany scenepoint,noscene
point would appearmultiple times in the mosaic. As we
show bellow, this criterionimpliesthat � is a line.

Theorem1 For any continuoussamplingfunction ��
���� , if
thesetof pointsthatarenotuniquelysampledis of measure
0, thenthis setis a line.

Proof: Theplanes��
�� ������
��7� intersectin a line � , andall of
its pointsaresampledby both cameras� � ���	� . We will
show that if therearepointsthataresampledby two cam-
erasthatarenot on this line, thenthesetof all suchpoints
is of measuregreaterthan0: For every � ���'�$� �*�	�	
 , thein-
tersectionof plane��
��5� with plane��
���� canberepresented
by thedualPlückermatrix:

�	�



� ����� �,��
��5� ��
�������
 ��
���� ��
��5���

(the planesare representedin homogeneouscoordinates,
see[3] - page52). Since ��
���� is continuous,it follows that

�

�


�� ����� is continuousin � � � . If thereexistsa point not on
� that is sampledmore than once, then it lies on a plane

��
�� � for some � � 
 �*�	�5� suchthat
�

�


 �*� �7���

�

�

�


����	�5�

(i.e., ��
�� � and ��
�� � intersect��
 �5� in different lines). Re-
fer to Figure4 for illustrations. Considerthe union of all
lines of the form

�

�


�� �	�5� for � � � ����� � (which areinter-
sectionsof theplanes��

�7� in this rangewith ��
��7� ). Since

�

�


�� ����� is continuous,it follows that this union is a setof
areagreaterthan0 on theplane ��
 �5� . Let � 
���� denotethe
setof all pointson thelinesassociatedwith

�

�



� � ��� for all
� � � �*��� � . Thenthe above canbe written as 	 � 
 �7�
	 � � .
Dueto thecontinuityof ��
���� , thereexistsan interval 

�5�	�	


for which 	 � 
���� 	 � � holdsfor every �'�$
��5� ��
 . Therefore,
sinceall planes��
���� aredistinct, it follows that the union

�

� 
���� is a setof volume greaterthan0. Sinceit is con-
tainedin the set of all points that are sampledmore than
once,thissetcannotbeof measure0.

Result1 In thecaseof linear camera motion,thesampling
functionssatisfyingtheuniquenesscriterion up to measure
0 are eithermonotonicnon-decreasingor linear. (seeFig-
ure3)
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Figure4: Illustrations for the proof of Theorem 1

4. Perspectivity: A Measure for Geo-
metric Quality

We considerperspective imagesto benon-distorted.Hence
thedistortionsin amosaicimagearemeasuredwith respect
to the closestperspective image. In [14], a distortionwas
measuredwith respectto theclosestperspectiveimage,with
thedistancede�nedasthesumof distancesof matchingim-
agepoints. Sucha measure,while visually compelling,re-
quiredknowledgeof thescenedepth.Sincein our casethe
scenedepthis unknown, we comparethe3D to 2D projec-
tionsratherthantheimages.That is, we would like the3D
to 2D projectioninducedby themosaicingmethodto beas
closeaspossibleto a perspective projection. In a perspec-
tive projection,all rays intersectin a point. Hence,for a
multi-perspectivemosaic,thesetof sampledraysshouldbe
ascloselybundledaspossible.We �nd a centerpoint that
hasaminimaldistanceto all sampledrays,andwemeasure
how smallthis distanceis.

First,we de�ne thelocal perspectivitydistortion, which
implementsthe idea above locally, for a neighborhood
aroundan imagepoint. We thende�ne a global perspec-
tivity distortionby integratingthelocalperspectivity distor-
tion on theentireimage.We selectedanadditive measure,
so that the perspectivity of oneregion in the imageis not
in�uencedby otherregionsin theimage.

We �rst analyzethe caseof linear cameramotion. For
this case,the leastdistortedmosaicis derivedanalytically,
andit turnsout that the leastdistortedmosaicalsohasthe
widest�eld of view. Non-linearcameratrajectoriesareana-
lyzedin Section4.2usinglocal linearapproximations.The
global perspectivity is minimized numericallyusing stan-
dardoptimizationtechniques.

4.1. Perspectivity: Linear CameraTrajectory
We consider only monotonic non-decreasingsampling
functions satisfying the necessaryconditions de�ned in
Section3.

Given a samplingfunction � , eachimagepoint is as-
sociatedwith a single ray. Let us denotethe intersec-
tion of the ray of imagepoint � with the plane % � �%
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Figure5: The relation between the local perspectiv-
ity distor tion and the error in estimation of the 3D
scene . See Section 4.1 for details.

by 
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 � � � �%'� . We de�ne the distortionof the sam-
pling function � with respectto a candidatecenterpoint
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andthelocal perspectivedistortionat � as-
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 ����� � �� � �� � �% � (2)

The expressiongiven in (1) measuresthe distance� of
the ray from the candidatecenterpoint 


�
� �

�
� �

�
%"� , on a

plane,relative to the depth �
% of that plane(seeFigure5).

Theunderlyingideais thatanimageis distortedif it is not
consistentwith a perspective imageof a 3D scene. Con-
sidera scenepoint � at depth




, which is projectedby a
ray whoseerror is � . Werethe imageperspective, this im-
agepoint would seemto betheprojectionof a scenepoint

�

�

, and the error in the 3D scenewould be � , suchthat
� �����

�

� .
Theglobalmeasureof distortionis obtainedby integrat-

ing a local perspectivity distortionon the image.To cancel
theeffectof theproportionsof theneighborhood� , we de-
�ne theglobal perspectivitydistortionof a givensampling
function � asfollows:

���


 � � �

�

�����

���


 ����� �

�
�



�

����� �




� (3)

where �
��
���� is a referencesamplingfunction which can

bechosenarbitrarily, and� is integratedover theimagedo-
main � � � �! #"%$ �&�' )(+* 
-,�� .� #"%$ �&.� )(+*5
 . For simplicity, we
choosethereferencesamplingfunction �

� 
������!� .

Theorem2 The global perspectivedistortion of a linear
samplingfunction ��
������ ��� �  is -

�
�


 � � ��/10

.

. � � % )32

&

(4)

where / is the image area ( . and %�) are de�ned in Sec-
tion 2).

Theproof of thetheoremabove is omitteddueto space
limitations,andis givenin [1].

A directresultof thetheoremabove is thefollowing:

Result2 The global perspectivity distortion of a linear
samplingfunction ��
���� � � � �  with �54 � is mono-
tonic decreasingin � . Themostdistortedlinear sampling
is theconstantsampling.

Notethatthedistortionof a linearsamplingfunctionde-
pendsonlyontheslopeof thefunction.Now letusstudythe
generalcaseof continuousnon-decreasingsamplingfunc-
tions:

Theorem3 Givena continuousnon-decreasingsampling
function ��
���� , let us denotethe linear samplingfunction
which agreeswith ��
���� at � � � and �/� � as �76 
���� . If

� ��(�'6 , then � �


 � � �

� �


 �'6 �

In orderto provetheabove,we �rst proveit for a polyg-
onal samplingfunction, i.e., a function ��
���� for which the
interval � �*�	�	
 canbedividedinto segments� �*� � )7��� & �9898:8	� ��


suchthat ��
���� is linearin eachsegment � �

+

� �

++;

) 
 .

Lemma 1 Givena polygonalsamplingfunction ��
���� anda
linear samplingfunction �<6 
���� such that ��
�� �'� �'6 
�� � and

��
 �7���(�'6 
 �7� , if ��� �,�'6 then �
�
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�
�


 �!6 � .

Proof: The idea behind this proof is that by eliminating
nodesin the polygon, the global perspectivity distortion
doesnot increase.For any � , we eliminatethe node � by
de�ning a polygonalsamplingfunction �

�


���� whichagrees
with ��
���� everywhereexcept for the segment � �

">= )
���

"

;

)

 ,

in which it is linear. As shown in (4), the distortionof a
linear samplingfunction is proportionalto the areaof the

imageandto ?
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tion of eachsegmentto theglobalperspective distortionis
proportionalto its length,andtherefore,�G�
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It canbeshown that this inequalityalwaysholds,andthat
it becomesanequalityif andonly if ��) � ��& � �GF , i.e., if

���(�

�

.
By repeatedlyapplyingtheresultabove on � we obtain

���


 � �)4

���


 �'6 � , and �b�


 � � �

���


 �'6 � only if � �,�'6 .
Now we canproceedandprovethetheorem:
Proof of Theorem 3: For any c � � , we divide the

interval � ���	��
 into segments � �*�&c �ed�c �98:898 � ��
 and approxi-
mate ��
���� with a polygonalsamplingfunction �<f 
���� such

5



that ��
 . c � � �!f 
 . c � for all . , and �!f 
���� is linear in each
segment � . c �7
 . � �5�Mc5
 . From Lemma 1 it follows that

���


 � f � �

���


 �'6 � . Sincethis is truefor all c �/� , andsince
��
���� is continuous,it follows that �b�


 � � �

���


 �'6 � .
CombiningTheorem3 with Result2, weobtain:

Result3 For a camera movingsidewaysona straight line,
thesamplingfunctionwith theminimalperspectivitydistor-
tion is �

�M���


���� ���' #" $ � ��
D�' )(+* 
C�' #" $*� . Thislinear sampling
functionstartswith the leftmostcolumnof the �r st image
and�nisheswith therightmostcolumnof thelast image

4.2. Perspectivity: Non-Linear Trajectory
In orderto handlenon-linearcameratrajectories,wede�ne
the local perspectivity (Equation2) basedon a local linear
approximationof the cameratrajectoryanda local planar
approximationof the manifold. For eachframe ��� , where

� ��� �	� 
�
 � � , wecomputeadiscreteversion



�


 � ��� �

of thelocalperspectivity (equation2) overasetof 
 neigh-
boringframes�
���98:898��
�

;��

= ) andminimizethesumof the
discretelocal perspectivities:




�


 � �����

�




�


 ����� � (5)

To �nd the minimum of (5), we discretizethe strip loca-
tions. Note that the local perspectivity




�


 ����� � is de�ned
by �nding anoptimalcenterof projectionfor eachcombi-
nationof rays. Computingthesecentersof projectionsfor
all possiblesamplingfunctionsandfor a large 
 is compu-
tationally intractable.This canbe circumventedby select-
ing 
 � d , in which casethelocal distortion




�


 � ��� � was
derivedanalytically, asit correspondsto thelinearperspec-
tivity asde�ned in theorem2. Once




�


 ����� � is computed
for all pairsof views, we usebelief propagation[6] to �nd
the optimumof equation5. The complexity of this algo-
rithm is linearin thenumberof frames,andquadraticin the
numberof possiblestrip locationsin eachframe.

5. Results
Figure8 shows mosaicingresults,usingdifferentsampling
functions,from videosequencescapturedby acameramov-
ing on a linear trajectory. We comparethe optimal sam-
pling function with the constantsampling function (lin-
ear pushbroommosaicing),and with a non-linearmono-
tonic samplingfunction ���
���� satisfying ���
 � � � �

�M���


�� �

and �
��
 �5� ���

�M���


��7� . This demonstratestwo main results
of this work. First, amongall linear samplingfunctions

��
���� � ���"�  , the least distortedresultsare achieved
with themaximal � (compareFigure8-b vs. 8-c). Second,
amongall monotonicfunctionsalignedat the edgepoints

�/� �*� � , the optimal samplingfunction is the linear one
(compareFigure8-b vs. 8-d).

Figure6 comparesa stereomosaicgeneratedby a con-
stantsamplingfunction(asdoneby [4,7,11,17]) to onegen-
eratedby theoptimallinearsamplingfunction.Notethatin
additionto thedistortionsin theimage,thereis adistortions
in thedisparitywhich is largerwith theconstantsampling.

As for non-linear cameratrajectories, we computed
the least-distortedmosaicsfor variouscameratrajectories,
someexamplesof whichareshown in Figure7. In all cases
we tested,theleastdistortedmosaicwasobtainedwhenthe
projectionraysintersectin a line, asin [18].

Onepracticalcaseof a non-lineartrajectoryis whenthe
cameramoveson a circulararc. We examinedvisually the
differencesbetweentheleast-distortedmosaicandmosaics
generatedby constantsamplingfunctions[7]. Variouscon-
stantsamplingfunctionswerecompared,eachwith a strip
takenfrom a differentoffsetfrom thecenter. Theleastdis-
tortedmosaicin thiscaseis aCrossed-Slitsmosaic[12,18],
asshown in Figure7-a. We found that the differencesin
distortionswith circular cameramotion arenot assigni�-
cantaswith linear cameramotion,asthe raysin this case
arebundledtogetherto begin with. Furthermore,in thecase
of non-lineartrajectory, thedistortionis alsoaffectedby the
factthat themanifoldis non-planar;this kind of distortion,
which (unlike perspectivity distortion)canbe treatedwith
2D warping,hasnotbeendiscussedin this paper.

6. Summary

Multi-perspective mosaicingis a robust and ef�cient tool
to summarizea videoandto create3D visualizationsfrom
a moving camera. In both applications,it is importantto
achieve least-distortedmosaicsevenwhenthe3D structure
of thesceneis unknown. We havequanti�ed theimagedis-
tortion andderived the optimal mosaic. Whenthe camera
moveson a linear trajectory, the leastdistortedmosaicis
generatedby the linear samplingfunction with the maxi-
mal slope. This mosaicalsohasthe largestpossible�eld
of view. Whenthecameratrajectoryis not linear, theleast-
distortedmosaiccanbederivednumerically. Wefoundthat
the distortionsareespeciallysigni�cant whencameratra-
jectoryis closeto linear.

While thescenedepthandcameraparameterswereused
in the analysis,the optimal samplingfunction is derived
without knowing thescenedepth. However, if someprop-
ertiesof the sceneareknown in advance,suchasa rough
depthestimate,they canbeusedto reducethedistortion,as
wasshown in [12,18].
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(a1) (a2)

(b)

(c)

Figure6: A comparison between diff erent strip sampling methods for stereo mosaics. The images should
be viewed in full color using anaglyphic 3D glasses. (a1) and (a2) are two recti�ed input images. Mo-
saic (b) was generated by the optimal sampling function, mosaic (c) by the constant sampling function
(pushbr oom mosaic).
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Figure7: Generating least-distor ted mosaics with non-linear camera trajectories. The illustrations sho w a
top view of the camera trajectories and the planes of sampled rays, as computed by a numerical discrete
optimization. In all cases, the optimal sampling is obtained when the sampled rays inter sect in a line .

(a1) (a2)

(b)

(c)

(d)

Figure8: A comparison between diff erent strip sampling methods. (a1) and (a2) are two recti�ed input
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