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Abstract 

In this puper we study how to compute U dense depth map 
with punorumic jield oj' view (e.g., 360 degrees) from multi- 
perspective punommus. A dense sequence of multiperspective 
punorumus is used f iw better uccurucy and reduced ambiguity 
by tuking udvuntuge oj' signijicunt dutu redunduncy. To speed 
up the reconstruction, we derive un upproximute epipolar plune 
imuge thut is ussociuted with the planar sweeping cameru setup. 
und use one-dimensional window jor efficient mutching. To 
uddress the uperture problem introduced by one-dimensional 
window matching, we keep U set oj' possible depth cundidutes 
,from mutching scores. These cundidutes ure then pussed to U 

novel rwo-pu.s.s tensor voting scheme to select the optimal depth. 
By propuguting the continuity und uniqueness construints non- 
iterutively in the voting process, our method produces high- 
quulity reconstruction results even when signiJlcunt occlusion is 
present. Experiments on chullenging sjnthetic und real scenes 
demonstrutr the eflectiveness und eflcucy oj'our method. 

,- 

1 Introduction 
Computing a dense depth map with a large field of view (e.g., 

360 degrees) has many applications such as large environment 
navigation. One way to achieve it  is to merge reconstruction re- 
sults from traditional stereo of two regular images with limited 
field of view. However, in complex real scenes, the accumu- 
lation error can quickly add up, which may fail this straight- 
forward alternative miserably. Another problem with traditional 
stereo is that the resulting depth map is sparse, since matching is 
usually performed on a limited number of feature points. Such 
a sparse depth map may be inadequate for some applications 
requiring photorealism. 

An alternative approach is to apply stereo algorithms to 
panoramic images, bypassing the need of merging intermedi- 
ate representation. In [3], a multi-baseline stereo algorithm is 
proposed that employs omni-directional panoramic images. But 
the epipolar constraints are no longer straight lines [6]. Most 
recently, multiperspective panoramas [ 141 have also been pro- 
posed to reconstruct large environments. Unlike conventional 
images, multiperspective panoramas capture parallax effects, as 
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each column of pixels is taken from a different perspective point. 
Optimal configurations for such stereo setups are also studied in 
[12]. It has been shown in [14] that the imaging geometry of 
multiperspective panoramas can be greatly simplified for depth 
reconstruction. 

To improve the reconstruction accuracy, multiple images can 
be used [8, 2, 11,  10,4]. It has been shown that by using multi- 
baseline stereo, match ambiguities can be reduced and precision 
can be improved as well. See [8] for an inspiring discussion. 
However, the computation cost involved in using dense samples 
(e.g., in [3, 12, 141) may be an issue. For example, [IO] presents 
a maximum-flow formulation of the general N-camera stereo 
problem that produces a dense disparity map. The minimum cut 
of a graph is the desired disparity surface. While it does not 
use an iterative minimization scheme, as noted in [lo], its time 
complexity is O(n2d2 log(nd)), where n is the total number of 
image pixels, and d is the depth resolution (although the average 
case has lower complexity). Similarly, the sweeping algorithms 
are computationally expensive as well. 

In this paper, we present an efficient algorithm to compute 
a panoramic depth map from dense multiperspective panora- 
mas. Our system is similar to that in [ 141 where multiperspec- 
tive panoramas re-sampled from a dense sequence of images 
are used for stereo reconstruction. However, we use a dense se- 
quence of (hundreds) concentric mosaics whereas only several 
mosaics are used in [ 141. By taking advantage of the inherent 
linearity property in the imaging geometry, we derive approxi- 
mate epipolar plane images (EPI [ I  I). Therefore, stereo recon- 
struction can be obtained by applying a 1D matching window 
to the EPI. Our algorithm runs in linear time and space with re- 
spect to the total number of pixels. The 1D matching window is 
efficient; and our algorithm does not need iterate for each pixel 
(e.g. [151). 

Similar to conventional stereo algorithms, depth reconstruc- 
tion from dense multiperspective panoramas must also deal with 
depth discontinuities and occlusions. A common solution is to 
adopt a constrained functional optimization problem (e.g. [9]), 
such as relaxation and dynamic programming. In [ 141, for ex- 
ample, a cylinder sweep stereo is proposed for multiperspective 
panoramas, and a post-processing regularization step is applied 
to obtain smooth depth map. Owing to the inherent incompati- 
bility of smoothness and discontinuity information [5], however, 
i t  is difficult to represent occlusions in a single continuous ob- 
jective function. Moreover, functional optimization is usually 
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implemented as an iterative algorithm, and thus, initialization, 
convergence, and parameter dependence are problematic. In 
this paper, we apply tensor voting [7] to impose the continu- 
ity and uniqueness constraints, while preserving depth disconti- 
nuities. Other approaches (e.g., Zitnick and Kanade [15]) have 
been proposed. But they have higher complexity than tensor 
voting, since the process has to be iterated for each pixel. 

It is worth to note that the use of 1 D matching windows in our 
stereo algorithm will inevitably run into the aperture problem. 
Our solution is to keep a set of possible inverse depth maps at the 
initial reconstruction stage; the aperture problem is then solved 
by an adaptive smoothing criterion in the first pass of tensor 
voting, which also removes wrong matches and handles depth 
discontinuities. The uniqueness constraint is then applied by 
the second pass of tensor voting, so that the inverse depth with 
maximum directional support is our output. 

The outline of this paper is as follows: we first describe a 
practical camera setup (section 2 )  to capture our dense image 
sequence. We then describe our 1D gradient matching algo- 
rithm (section 3), and the use of tensor voting to vote for the 
maximum depth non-iteratively(secti0n 4). We analyze the time 
and space complexities of our method (section 5 ) .  Finally, we 
present results on complicated simulated environment as well as 
real data. 

2 Dense Multiperspective Panoramas 
In this section, we describe a sweeping camera setup that 

captures a dense set of multiperspective panoramas, and state 
two properties of this imaging geometry. 

2.1 The camera setup 
Figure 1 shows a camera setup used to capture our multi- 

perspective panoramas. This setup is the same as the one used 
in [ 131. We swing an off-the-shelf camera mounted on a rotat- 
ing bar looking outward. The rotation speed is kept constant. 
Images are sampled at equal time interval during the rotation. 
Corresponding columns of pixels across the sampled image se- 
quence are concatenated to form a multiperspective panorama. 
An image sequence of F frames of size W x H can be concate- 
nated into (up to) W panoramas of size F x H. Some sample 

e !.." ". .....,...... b. 

panoramas can be seen in Figure 8 and Figure 9. 
2.2 Two properties of the imaging geometry 

The imaging geometry of multiperspective panoramas with 
a planar rotating camera was first introduced in [14]. We now 
present two important properties of the imaging geometry, espe- 
cially with the epipolar geometry. More details can be found in 
the appendix. 

Horizontul epipolur geometry. The imaging geometry can 
be well approximated by horizontal epipolar geometry so 
that corresponding image points lie on the same scanlines 
across the captured image subsequence. An epipolar plane 
image, or EPI, is shown in Figure 2. It is obtained by con- 
catenating corresponding scanlines where x indicates pixel 
location and 8 represents the rotation angle of the camera. 
(See Figure 3 for more details.) 

Lineurity. A straight line in an EPI indicates the locus 
or trajectory of an image point. We restate Equation (8), 
which is derived in the appendix: 

1 
D Kepi = 1 + - 

where Kepi is a line gradient or slope, and 
depth. Note that Kepi is independent of x and 8. 

is the inverse 

Based on these properties, we conclude that matching re- 
quires only ID search in a single EPI. Specifically, matching can 
be implemented as 1 D convolution using a constunt 1D search 
window. No rectification is needed. Because Equation (8) is 
linear, we can quantize the inverse depth uniformly, without any 
bias or negligence. 

3 

tion (8) for depth estimation. 
3.1 Gradient Estimation in EPI 

By construction (Figure 7 in appendix), an EPI is indexed by 
x and 8 (Figure 2) .  Let I ( x , 8 )  be an EPI. Given any 8, we define 
an ID window, W ( 8 ) ,  to be 

(1 )  

Dense Depth Estimation from EPI 
Here, we estimate Kepi so that it can be plugged into Equa- 

w(e) = { I ( x i , 8 ) l x ;  E [-w,w] for some integer w } .  
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Typical value of w is 5 .  
Suppose we slide this I D  window along a direction ( Fig- 

ure 2) ,  and compute the consistency of pixel colors between this 
1 D window and the overlapping pixels. Kepi is therefore equal 
to the direction that produces the maximum consistency. 

Let 80 be the location of the ID window centered at x = 0 
(reference image). To compute color consistency, we compute 
sum of squared difference, or SSD, with direction K at 8 

W 

SSD(K,  e) Ieo = [I(.; + (e - eo)Kl e) - q x i ,  eo)]? ( 2 )  
,=-w 

With multiple images, we adopt SSSD (sum of SSD) for the 
reference image at 80 in a neighborhood of size M (typically set 
to be 5 )  to compute color consistency as 

M 

SSSD(K)Ie,, = C SSD(K781,) /e , , .  (3) 
1G-M 

3.2 Computing Potential Inverse Depth Image 
If we have approximate knowledge on the minimum and 

maximum depth of the scene (e.g., in [ 131). the range of K can 
be determined by Equation (8). We perform uniform quantiza- 
tion: K,, = K,,,;,, + (K,l,, - K,,,il,), n = 1 . . . N ,  where K,ll;ll 
and K,lI(Ix are the minimum and maximum Kepi corresponding to 
the maximum and minimum depth, respectively. 

For each 1D window at 8, we compute all SSSD(.) for each 
quantized K,,. Define' P(8,Kn) = 1 -SSSD(K,,)le. Thus, the 
larger P(e, K,) .  the more probable that the depth corresponding 
to K,  is our solution. We normalize P ( 8 , K l z )  so that it ranges 
from 0 to 1 : 

(4) 

Each is a depth belief vector along the line of sight, 
- where Fe = { P ( e , K l , ) i n  = 1 ... N }  = [ P ( e , K o ) , P ( e , K I ) , . . . ,  
P ( O , K N ) ] ~  . If we concatenate all Fe vectors, we obtain a 2 0  
potentiul inverse depth imuge (several are shown in Figure 3), 
where the brightest locations indicate the most probable inverse 
depth silhouette (curve). 
3.3 Extracting Inverse Depth Surface 

By now, we know how to produce a 2 0  potential inverse 
depth image from an EPI. By juxtaposing all 2 0  potential in- 
verse depth images resulted from their respective EPI's along 
the Y-direction (Figure 3), a 3 0  potential inverse depth image 
P(Y,e,K,,) is obtained. Analogous to the 2 0  case, if we make 
the intensity level at each voxel (Y,8,Kl,) of this 3 0  map be 
proportional to P(Y,  8,Kl,), the depth silhouette, as given by the 
brightest locations, will indicate the most probable inverse depth 
surjiuce. The problem of depth estimation can thus be trans- 
lated into one of extracting this surface (S) from the 3 0  potential 
depth image assuming the scene is opaque: 

- 

s=~{(r,e,K,,)lP(Y,e,~,,) >P(y,8,Kj),i = I - N }  ( 5 )  
Y 8  

For every (Y,8) ,  we output the voxel with the maximum 
F(  Y, 8, KN), among all the N candidates along the line of sight. 
Unfortunately, this straightforward algorithm only works well 
for locations with rich textures. For example, Figure 6(a) shows 
a (e,&) slice depicting maximum F( . ) .  Note that outliers and 
depth discontinuities are clearly visible. To deal with these 
problems of outliers and occlusions, which are typical to tra- 
ditional stereo matching as well. We propose to use tensor vot- 
ing [7] to address them. 

4 Depth Estimation by Tensor Voting 
In this section, a two pass algorithm based on tensor vot- 

ing for depth estimation is described. Given the initial set of 
matches from the 3 0  potential inverse depth image P( Y ,  8, K,,), 
our objectives are to 

1. remove noisy wrong matches, and infer smooth features 
which are possibly missed due the aperture problem asso- 
ciated with a ID matching window, 

2 .  infer the missing matches after noise removal, and compute 
the inverse depth with maximum support, 

while preserving depth discontinuities in both cases. Two passes 
of tensor voting are used. The first pass propagates the con- 
tinuity constraint to achieve step (1). After removing outlier 
matches, a reliable set of inverse depths is obtained. The second 
pass achieves step ( 2 )  by applying the uniqueness constraint. 
A large number of tensor votes is collected. The solution with 
maximum support along the line of sight is produced. 
4.1 Terminologies of Tensor Voting 

Tensor voting uses a second order symmetric tensor for data 
representation, and a voting methodology for data communica- 
tion. Each input site is encoded as a tensor, propagating pre- 
ferred direction in a neighborhood. In essence, we collect a large 

' N o k  that SSSD should tirst he normalized tu [0, I ]  hy the window sizc 
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Figure 4 A srcorrd order synutirrric leiisor iir 3 0 .  The eqirivcilen~ eigensysteni 
is , \ / tow.  

number of tensor votes at each input point in order to attenuate 
the effect of outlier noise, and analyze their, direction consis- 
tency simultaneously. If there is a high agreement in normal 
direction, i t  indicates a high surface saliency. If there is a high 
disagreement in normal direction, i t  indicates a surface orienta- 
tion discontinuity. If only a small number of inconsistent votes 
is received, the point should be an outlier. We now introduce 
terminologies which will be used in this section. 
Representation as tensors A point in the 3 0  space can as- 
sume one of the followings: a surface patch, a discontinuity, or 
an outlier. A point on a smooth surface is very certain about 
its surface normal orientation (or stick tensor), while at a point 
junction at which surfaces intersect has absolute orientation un- 
certainty (indicated by a ball tensor). A second order symmetric 
tensor in 3 0  is used to represent this continuum. This tensor 
representation can be visualized as an ellipsoid (Figure 4). To 
describe it ,  we use an eigensystem with three unit eigenvectors 
fill,,,, orll;(,riclr and vr,l;fr and three eigenvalues hrliu 2 hmid 2 hniin. 
A,,,,,., - Anl;d is used to indicate surjuce suliencj [7]. 
Data communication by voting First, we encode the in- 
put into a set of dejuult tensors: If the voxel contains an input 
point, we associate it with a 3 0  default ball tensor, having all 
L l l X  = hniirl = hIIlirl, and = [ 1 0 o]’, Qniid = [O 1 o]’, and 
Vrl i j r j  = [0 0 I]’. Otherwise: if the voxel does not contain an input 
point, i t  is associated with a zero tensor (i.e. zero eigenvalues 
and zero eigenvectors). These input tensors cust votes, or are 
made to align (by translation and rotation), with predefined vot- 
ing fields. In particular, we describe the hull voting field here, 
which is used for depth estimation in this paper. One slice on 
the s-y plane of this 3 0  tensor field is shown in Figure 5. It is a 
dense isotropic field without any orientation preference, which 
propagates all possible directions in a neighborhood with equal 
likelihood. The neighborhood size is determined by the scale of 
analysis, or equivalently, the size of the voting field. 

When each input point has cast its tensor vote to its neigh- 
boring voxels by aligning with the ball voting fields, each voxel 
in the volume receives a set of tensor votes. These votes are 
collected, using tensor uddition, as a 3 x 3 covariance matrix 
of second order moment collection of all the vote contribution. 
Upon eigensystem analysis, we obtain a generic saliency tensor 
or ellipsoid, encoding preferred normal orientation and disconti- 
nuity information by the stick and the ball tensors, respectively. 
4.2 

Recall that our input is a 3 0  potential depth map, where each 
voxel contains a measure B(.). 

In the first pass, S is first computed, where S is the set of voxel 
locations whose B(.) is maximum among all values along the 
line of sight, as defined earlier in Equation ( 5 ) .  The algorithm is 
summarized as follows, along with a running example: 

Pass One - Continuity Constraint 

% .” 

Fibwre 5 One dice of rlie 3 0  hull votmgJeld. which propugules (111 direciions 
i n  eqitul likelihood in u neighborhood. 

(c) 

Figure 6 Ricritiing rxunrpk. ( U )  the ccindidute set S wirh ni~~rinurni SSSD dong 
 he line (I/ sighr. (I?) outlier renwvul otid discontinuin: prrservuriun hy apply- 
ing rhe .snuiuthtirs.s c~instruint. (c) niissing drtuils w e  filled in bv upplying rha 
~cnIqi~er~ess constmint. 

1. Compute S. Encode S into a set of default ball tensors. All 
eigenvalues are made equal to its P ( . )  (Figure 6(a)). 

2. Compute V, the set of voxel locations whose associated 
F ( . )  2 P I ,  and S n  V = 0. The choice of 0 5 p1 < 1 (e.g. 
p1 = 0.01) is not critical, since voxel locations in V only 
cast votes but do not collect votes. We also encode V into 
a set of ball tensors, with all the eigenvalues equal to their 
respective F ( . ) ’ s .  

3. The encoded S and V vote with the ball voting field. 
4. S collects votes by tensor addition. The resulting eigensys- 

5. A subset of points in S, whose normalized surface salien- 

The choice of p2 (typical value of p? is 0.1) is not critical either, 
since we collect votes in every voxel location in the 3 0  image 
in pass 2 .  Figure 6(a) and (b) respectively depicts the S before 
and after pass 1. Note that both smooth structures and depth 
discontinuities are preserved simultaneously, while most of the 
outliers are eliminated. 

Let 3 c S be the filtered set shown in Figure 6(b). It pro- 
vides more reliable evidence. In pass 2, we “densify” the whole 
3 0  volume using 3 by computing a generic tensor vote at all 
quantized inverse depths. 
4.3 

In pass 2, we apply the uniqueness constraint along the lirie 
of sight, and vote for the muximum inverse depth: the inverse 
depth that receives the maximum support from the S. 

tem is computed. 

cies exceeds some p2, is obtained, Figure 6(b). 

Pass Two - Uniqueness Constraint 
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1. Each point in 3 is initially encoded as a ball tensor, with 
the three eigenvalues set to its surface saliency ssuf = 
A,,,, - A,,,;d, which is obtained from its generic saliency 
tensor inferred at each point after the first pass. By doing 
so, voters with higher surface saliency are more preferred, 
since it indicates a higher likelihood that the point should 
lie on the underlying inverse depth surface. 

2.  Now, each encoded ball casts ball vote in its neigh- 
borhood to “densify” the whole 3 0  volume. For ev- 
ery ( Y , 8 ) ,  we compute ull N tensor votes, received at 
(Y,8,KI),(Y,8,K2),...,(Y,8,KN)) . A voxel not in 3 will 
assume a zero tensor initially. 

3. When the whole (Y,8,K,,) volume has collected all non- 
zero votes, we apply the uniqueness constraint: for each 
( Y , 8 ) ,  we return Ky,e, that receives the maximum support, 
or the largest surface saliency along the line of sight: 

Figure 6(c) shows one slice of our result. Note that each col- 
umn consists of only one solution that corresponds to the maxi- 
mum inverse depth. 

5 Complexity Analysis 

in this section. Let: 

1 We analyze the time and space complexities of our algorithm 

F = horizontal dimension of the panorama (section 2 )  
H = vertical dimension of the panorama (section 2 )  
N = total number of quantized &’s (section 3) 
w = size of the 1 D window (Equation (1)) 
M = size of neighborhood for computing SSSD (section 3) 
k = size of neighborhood used in tensor voting 
S = the set of maximum F ( . )  (Equation ( 5 ) )  

Since our algorithm does not have any additional space require- 
ment during the computation process, the total space complex- 
ity is O(FHN), i.e., the size of the 3 0  potential depth image 
(Figure 3). For 1D matching, since w,M (< F, and w,M are 
constants, each estimation takes only O( 1 )  time. Therefore, the 
total time complexity for 1D matching is O(FHN). 

Tensor voting takes O(k)  time per input token [7]. In our 
case, since we have dense information, typical size of k is 2 (i.e., 
very small). Therefore, each voting operation essentially takes 
O( 1) time. In the first tensor voting pass, we perform O( IS]) 
voting operations. Since IS/ = F N ,  the time complexity for the 
first pass is O(FN). In the second pass, we compute a tensor 
vote for every voxel location in the 3 0  potential inverse depth 
image. So, the time complexity is O ( F H N ) .  

Therefore, our algorithm runs in linear space and time in to- 
tal. The constant factor is small, since we use a small voting 
kernel and do not iterate for each pixel. Typical running time 
for F = 1500, H = 128, and N = 100 takes about 60 minutes on 
a Pentium-111 550 MHz. 

6 Experiments 
We perform experiments on some challenging synthetic and 

real data to evaluate our method. In all our experiments, w = 5,  
and M = 5. Figures 8(a) and (b) show a 360” multiperspecitve 
panorama for a synthetic Virtual Room and its correspond- 
ing dense depth map by our method. The multiperspective 
panorama (a) is then reprojected to a novel view point where 
occlusions between objects (e.g., teapot, ball) and the wall are 
clearly visible. Due to the cylindrical mapping, the walls ap- 
pear curved. Using the depth map shown in Figure 8(d), the 
teapot can be observed from a novel viewpoint at a lower view- 
ing angle. To demonstrate the high-quality reconstruction of the 
virtual room, we show the top-down view and the side-top view 
of the Euclidean reconstruction in Figures 8(f) and (g). respec- 
tively. Note that reconstructed four walls are nearly perpendic- 
ular, and four objects keep their respective shapes very well. 
Note that our reconstruction result is much better than that of a 
previous work [ 141 on a similar scene. 

Figure 9 shows the results on complex real scene, with se- 
vere depth discontinuities and camera noise. Figure 9(a) shows 
a multiperspective panorama, and Figure 9(b) shows its corre- 
sponding depth map by our method. In Figure 9(c), a repro- 
jected depth map from a novel view shows the good quality of 
our reconstruction. Pay special attention to the middle of the 
panorama where the wall under windows is curved due to cylin- 
drical mapping. Texture mapped views of the wall and windows 
displayed in (d) and (e) demonstrated that our method performs 
well even under significant occlusion. We want to point out once 
again that it is a very challenging scene with abundant texture- 
less regions and mirror reflections. Figures 9(f )  and (g) show 
the Euclidean reconstruction of the real scene from top-down 
view and top-side view, respectively. The shape of the interior 
environment can be clearly observed from the rectangle shape. 

7 Conclusion 
In this paper, we have proposed an efficient algorithm for 

computing a dense depth with large field of view (e.g. 360”). 
To reduce ambiguities and increase precision, we make use of 
significant data redundancy inherent in a set of dense multiper- 
spective panoramas. The issue of computational efficiency is 
solved by our 1D matching algorithm, which is made possible 
by the linearity constraint in our approximate EPIs. Using ten- 
sor voting, we address the aperture problem with an adaptive 
smoothing criterion which preserves discontinuities, and deals 
with occlusions, missing data, and outlier matches. This crite- 
rion is implemented by properly propagating the continuity and 
uniqueness constraints, non-iteratively in a neighborhood. We 
have obtained significant improvement (c.f. [ 141) without com- 
promise in computation cost. 

8 Appendix 
Although similar results have been obtained in [14], the 

derivation below focuses more on epipolar geometry. Illustrated 
in Figure 7 is a more detailed geometry of our imaging system. 
Let 0 be the center of sweeping circle, which is the loci of all 
optical centers of the rotating camera. The plane on which the 
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sweeping circle lies is called the sweeping plane. The radius of 
the sweeping circle is assumed to be one, and camera is assumed 
to be nomalized. 

Suppose there exists a 3 0  point P visible to the camera at CI 
(Figure 7). Define P' to be its perpendicular projection onto the 
sweeping plane. Define CO to be the intersection between the, 
sweeping circle and OP', and 0 to be the angular displacement 
LCoOC1. 

Let the 3D coordinates of P be ( X  Y Z ) T  w.r.t. the camera 
coordinate system, and let the image coordinates of P be ( x J ) ~ .  
Note that each camera coordinate system is obtained by rotating 
the world coordinate system about its Y-axis by .0, and then to 
the camera location. 

Note, by construction, the Y-axes of all camera coordinate 
systems are parallel, which further implies that Y, or the Y- 
coordinate of the, point P measured w.r.t. the respectiw camera 
coordinate systems, are the sume. 

Since we have normalized camera, J = Y/Z. Let p = OP'. 
W e h a v e Z = p c o s 0 - l :  

(7) 

Therefore, J remains almost constant across .our image 
subsequence (i.e., $ + 0) when the following conditions are 
satisfied: (1)  8 is sufficiently small, ( 2 )  image point (x J ) ~  is not 
too far away from the central scanline, and ( 3 )  scene is not too 
close to the sweeping circle. 

In the following, we derive a linear relationship between 
the gradient of the trajectory and inverse depth. Refer to Fig- 
ure 7 again. By applying the law of sines to AOCP', we 
have & = &. Since x = X/Z = tana,  we have 
x(cos8 - L )  = sine. Differentiating both sides of this equation 

, where K . = di 
Thus, Kepi is equal to the gradient of the trajectory on the X-8 
plane (or equivalently, the EPI). If 8 -+ 0 and x -+ 0, we have 
I - 1 - J& after first order approximation. Now, let D = COP', P -  
which is equal to the depth of P from sweeping circle. Clearly, 
D = p - 1. Finally: 

P 

K I p i  eP1 d e '  w.r.t. 0, we obtain = cos0 - - 
P 

1 
Kepi = 1 + - D 
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