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METHOD AND APPARATUS OF USING NEURAL 
NETWORK TO TRAIN A NEURAL NETWORK 

[0001] This application claims the bene?t of US. Provi 
sional Application No. 60178060, “METHOD OF USING 
NEURAL NET TO TRAINANEURAL NET”, ?led Jan. 24, 
2000. 

FIELD OF THE INVENTION 

[0002] The present invention relates generally to image 
compression. More particularly, the present invention relates 
to training a neural netWork. 

BACKGROUND OF THE INVENTION 

[0003] Wavelet transforms are Widely used in analysis, 
Where they are knoWn as “multiresolution analysis”, and in 
image and audio compression, Where they are used as a 
pyramid coding method for lossy compression. The Wave 
lets used are generally from a very small set of analytically 
designed Wavelets, such as Daubechies Wavelets, or quadra 
ture mirror ?lters (“QMF”). For some applications, design 
ing speci?c Wavelets With special coding properties Would 
be bene?cial. 

[0004] Presently, there are no methods to construct a 
neural netWork Which performs the ?nite or discrete Radon 
transform, on the desired geometry to satisfy the connect 
edness of the desired neural netWork. 

SUMMARY OF THE INVENTION 

[0005] A method and apparatus of training a neural net 
Work are described. The method and apparatus include 
creating a model for a desired function as a multi-dimen 
sional function, determining if the created model ?ts a 
simple ?nite geometry model, and generating a Radon 
transform to ?t the simple ?nite geometry model. The 
desired function is fed through the Radon transform to 
generate Weights. A multilayer perceptron of the neural 
netWork is trained using the Weights. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0006] Features and advantages of the present invention 
Will be apparent to one skilled in the art in light of the 
folloWing detailed description in Which: 

[0007] FIG. 1 is a diagram of one embodiment of a 
multilayer perceptron; 

[0008] FIGS. 2a and 2b are illustrations of a unit square 
and a torus; 

[0009] FIG. 3a illustrates one embodiment of geodesics 
on a sphere; 

[0010] FIG. 3b is an illustration of a leaf shoWing one 
embodiment of the overlapping segments of the geodesic of 
a half-sphere; 

[0011] FIG. 4 is an illustration of one embodiment of the 
mapping of half-sphere geodesics to a plane in a continuum; 

[0012] FIG. 5 is an illustration of one embodiment of 
building dimension; 
[0013] FIG. 6 is a block diagram of one embodiment of a 
computer system; 
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[0014] FIG. 7 is a How diagram of one embodiment of a 
method of designing a set of Wavelet basis; 

[0015] FIG. 8 is a block diagram of one embodiment of 
system for designing a set of Wavelet basis; 

[0016] FIG. 9 is a How diagram of one embodiment of a 
method of compressing images; 

[0017] FIG. 10 is a block diagram of one embodiment of 
system for compressing images; 

[0018] FIG. 11 is a How diagram of one embodiment of a 
method of reconstructing audio/video/image data from 
higher moment data; 

[0019] FIG. 12 is a block diagram of one embodiment of 
system for reconstructing audio/video/image data from 
higher moment data; 

[0020] FIG. 13 is a How diagram of one embodiment of a 
method of using a neural netWork to train a neural netWork; 
and 

[0021] FIG. 14 is a block diagram of one embodiment of 
system for using a neural netWork to train a neural netWork. 

DETAILED DESCRIPTION 

[0022] A method and an apparatus of creating Wavelet 
basis are described. In the folloWing detailed description of 
the present invention, numerous speci?c details are set forth 
in order to provide a thorough understanding of the present 
invention. HoWever, it Will be apparent to one skilled in the 
art that the present invention may be practiced Without these 
speci?c details. In some instances, Well-knoWn structures 
and devices are shoWn in block diagram form, rather than in 
detail, in order to avoid obscuring the present invention. 

[0023] Some portions of the detailed descriptions that 
folloW are presented in terms of algorithms and symbolic 
representations of operations on data bits Within a computer 
memory. These algorithmic descriptions and representations 
are the means used by those skilled in the data processing 
arts to most effectively convey the substance of their Work 
to others skilled in the art. An algorithm is here, and 
generally, conceived to be a self-consistent sequence of steps 
leading to a desired result. The steps are those requiring 
physical manipulations of physical quantities. Usually, 
though not necessarily, these quantities take the form of 
electrical or magnetic signals capable of being stored, trans 
ferred, combined, compared, and otherWise manipulated. It 
has proven convenient at times, principally for reasons of 
common usage, to refer to these signals as bits, values, 
elements, symbols, characters, terms, numbers, or the like. 

[0024] It should be borne in mind, hoWever, that all of 
these and similar terms are to be associated With the appro 
priate physical quantities and are merely convenient labels 
applied to these quantities. Unless speci?cally stated other 
Wise as apparent from the folloWing discussion, it is appre 
ciated that throughout the description, discussions utiliZing 
terms such as “processing” or “computing” or “calculating” 
or “determining” or “displaying” or the like, refer to the 
action and processes of a computer system, or similar 
electronic computing device, that manipulates and trans 
forms data represented as physical (electronic) quantities 
Within the computer system’s registers and memories into 
other data similarly represented as physical quantities Within 
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the computer system memories or registers or other such 
information storage, transmission or display devices. 

[0025] The present invention also relates to apparatus for 
performing the operations herein. This apparatus may be 
specially constructed for the required purposes, or it may 
comprise a general purpose computer selectively activated 
or recon?gured by a computer program stored in the com 
puter. Such a computer program may be stored in a computer 
readable storage medium, such as, but is not limited to, any 
type of disk including ?oppy disks, optical disks, CD 
ROMs, and magnetic-optical disks, read-only memories 
(ROMs), random access memories (RAMs), EPROMs, 
EEPROMs, magnetic or optical cards, or any type of media 
suitable for storing electronic instructions, and each coupled 
to a computer system bus. 

[0026] The algorithms and displays presented herein are 
not inherently related to any particular computer or other 
apparatus. Various general purpose systems may be used 
With programs in accordance With the teachings herein, or it 
may prove convenient to construct more specialiZed appa 
ratus to perform the required method steps. The required 
structure for a variety of these systems Will appear from the 
description beloW. In addition, the present invention is not 
described With reference to any particular programming 
language. It Will be appreciated that a variety of program 
ming languages may be used to implement the teachings of 
the invention as described herein. 

[0027] Wavelet transforms convert a signal into a series of 
Wavelets. Wavelets are convenient for data transformation 
because they are ?nite in nature and contain frequency 
information. Since most actual Waves have a ?nite duration 
and their frequencies change abruptly, Wavelet transforms 
are better approximations for actual Waveforms than other 
transforms, such as the Fourier transform. Signals processed 
by Wavelet transforms are stored more ef?ciently than those 
processed by Fourier transforms. 

[0028] Imagery may be created by inverting one or more 
layers of function in neural netWorks. Such a reversal of 
visual system processing may take place in stages or all at 
once. Finite Radon transforms on certain geometries are 
used to accomplish the reversal of the visual system pro 
cessing. A dual system is created to certain feed forWard 
netWork models of visual processing, and its application to 
visual processing and to non-image processing applications 
is shoWn. 

[0029] For purposes of explanation, in the folloWing 
description, numerous speci?c details are set forth in order 
to provide a thorough understanding of the present inven 
tion. It Will be apparent, hoWever, to one skilled in the art 
that the present invention can be practiced Without these 
details. In other instances, Well-knoWn structures and 
devices are shoWing block diagram form in order to avoid 
obscuring the present invention. 

[0030] In image signal processing, an underlying assump 
tion for any model of the visual system must deal With recall 
of imagery as Well as comparison, classi?cation and iden 
ti?cation. Images are recalled in some form such as mental 
imagery, dream sequences, and other forms of recall, more 
or less vivid, depending on the individual. Abasic postulate 
of visual imagery is that imagery comes from the creation, 
or recreation, of visual signals in the areas of the brain Which 
process incoming images. 
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[0031] One approach to modeling visual systems is to 
assume that the processes of the visual system Would have 
to be inverted in order to produce imagery Within the visual 
system as a form of recall. Both the inversion process and 
the estimation of the visual system may be examined by 
looking at the inversion of the Radon transform. This is 
because the forWard transformations, Which in many cases 
occur in the visual system, resemble Radon transforms. 
Thus, the process of extracting information from the visual 
stream is modeled using the Radon transform and its dual 
backprojection. 
[0032] In Radon transforms, instead of assigning a value 
to each point on a plane, each line on a plane is assigned a 
value by adding up the values of all the points along the line 
(i.e. take the integral of the points along the line). To obtain 
the backprojection of the Radon transform, the value of a 
particular point on a plane is calculated using the values of 
all the lines that go through the particular point. 

[0033] A neural netWork (“neural net”) is a collection of 
nodes and Weighted connections betWeen the nodes. The 
nodes are con?gured in layers. At each node, all of the inputs 
into the node are summed, a non-linear function is applied 
to the sum of the inputs and the result is transmitted to the 
next layer of the neural netWork. A neural netWork may be 
used to build a radon transform. 

[0034] Multilayer perceptrons (“MLP”) are a frequent tool 
in arti?cial neural netWorks. MLP have been used to model 
some brain functions. It has been shoWn that MLP With one 
hidden layer may be used to model any continuous function. 
Thus, given a layer that models a function of suf?cient 
dimension, the ability to form Radon transform inverses 
implies the ability to form all continuous functions. 

[0035] An MLP With one hidden layer is capable of 
representing a continuous function. It can be shoWn that the 
function it represents is the function that results from 
backprojecting Whatever function is represented at the hid 
den layer. In order to build a neural netWork (MLP) for a 
particular function, a training method is used (usually back 
projection) to set the Weights at the hidden layer. If the 
function is discrete, then it should be set to the Radon 
transform of the desired function, With a sharpening ?lter 
imposed to get rid of the blurring from the average. If there 
is no average, then there is no blurring and no sharpening is 
needed. 

[0036] In the context of human vision, input is put through 
a different kind of neural netWork , particularly one that 
performs a ?nite or discrete Radon transform. If this netWork 
is set to create the Radon transform of the desired function, 
then it can be used to set the Weights needed by the MLP. So 
this neural netWork (afferent on the hidden layer of the MLP) 
trains the MLP. This is quicker than backpropogation, and 
unlike traditional techniques such as backpropogation, it 
alloWs the calculation of additional Weights to add neurons 
to the MLP hidden layer. 

[0037] FIG. 1 is a diagram of a multilayer perceptron. 
Multilayer perceptron 100 includes an input 101, a hidden 
layer 102, an afferent link to dual netWork 103 and output 
104. An input 101 is received by MLP 100 and processed 
through hidden layer 102. Hidden layer 102 includes nodes 
102a-f. The nodes 102a-f are shoWn for illustration pur 
poses. A hidden layer 102 may include greater or feWer 
nodes depending on the design of the MLP. 
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[0038] Neural networks of arbitrary complexity may be 
constructed using discrete and ?nite Radon transforms. A 
discrete and ?nite Radon transform involves taking the 
values of line segments instead of lines. Thus, the values of 
all the line segments on a plane are taken for the discrete 
Radon transform and the backprojection of the Radon trans 
form is accomplished using line segments through a par 
ticular point. 

[0039] Generally a backprojection is not the inverse of a 
Radon transform because there is some blurring. Thus, 
typically a ?lter is used to make the inverse sharper. HoW 
ever, if the function is transferred to a neW function on points 
so that the backprojection of a radon transform is the radon 
transform’s inverse, there is no blurring. The transformation 
of the function that causes the backprojection to be the 
inverse is a Wavelet transformation because it satis?es “the 
Wavelet condition” (that the average value of the function is 
Zero). 
[0040] The central equation for constructing the neural 
netWorks, the Gindikin or Bolker equation, involves back 
projecting the Radon transform and subtracting a global (to 
the point in question) average function. The nature of the 
average function to be subtracted is dependent on the 
transform geometry, and can be varied by varying the 
interconnect structure of the neural netWork. 

[0041] The transform is dual to the netWork. Thus, the 
transform may be Weighted to a desired template function. 

[0042] Hidden layer 102 is represented as a Radon back 
projection. Thus, input 101 is the stored sum of the values 
of line segments going through the point. At hidden layer 
102, a function representing a radon transform is performed 
on the input 101. 

[0043] Thus, if the input 101 is represented by X, the 
output 104 is represented by o=(oZi Xi Wij), Where (I is the 
radon transform. 

[0044] As illustrated, hidden layer 102 receives input 101 
and afferent inputs 103a-f Afferent inputs 103a-f being 
transmitted to hidden layer 102 represent the back propa 
gation of the MLP 100. Thus, if MLP 100 represents a radon 
transform, afferent inputs 103a-f are the inversions of the 
radon transform. The back propagation is used to adjust the 
Weights of the function at hidden layer 102 so that the 
inversion 103a-f is equal to the input 101. 

[0045] The sum of the inputs received at each of nodes 
102a-f is processed by applying a function, such as a radon 
transform backprojection. 

[0046] The afferent inputs are received through afferent 
link 103 to a dual netWork (not shoWn). The afferent inputs 
are inversions of the radon transforms. The results of hidden 
layer 102 processing are summed using a Weighting to 
produce output 104. 

[0047] After the netWork is prepared, the Wavelet proto 
type, is fed through a netWork and its back propagation. The 
Wavelet prototype is generally a function Which is close to 
the desired shape, if that is knoWn, although it is arbitrary. 

[0048] The output is then used to modify the input func 
tion by subtracting output from the input function to obtain 
a difference and moving the input function in the opposite 
direction from the difference. The process converges to Zero 
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difference betWeen the input and the output, Which satis?es 
the Wavelet condition. The resulting function is then a 
“mother Wavelet” from Which a Wavelet basis local to that 
point may be formed. 

[0049] In constructing discrete radon transform inverses, 
the inverse process on different geometries and for different 
structures are examined. One inverse, based on cosets of Zp2 
has the form 

f(x) = a(f) + 2 Wm - am) (Equation 1) 

[0050] Where Zp is the ring With p elements, With addition 
being addition modulo p, and multiplication likeWise. This 
is standard notation. The superscript 2 indicates that this is 
the ring of ordered pairs of tWo members of this ring, With 
addition and multiplication done componentWise. It is the 
ring of pairs (a, b) Where a and b are in the ring This is 
knoWn to one skilled in the art. In equation 1, the sum (2) 
is taken over the incidence set GX of lines in the group Which 
intersect X and the average, represented by a(f), is taken over 
the Whole group. See F. Matus and J. Flusser, “Image 
Representations via a Finite Radon Transform,”IEEE Trans. 
PAMI, v. 15, no. 10, 1993, pp. 996-1006. The form implies 
that, for a function With Zero average, the backprojection is 
the inverse. If the cosets of Zp2 are plotted, the plot is 
essentially a discretiZation of the closed geodesics on a 
torus. 

[0051] FIGS. 2a and 2b are illustration of a unit square 
and a torus. Unit square 200 includes sides 205a-d. As seen 
in FIG. 2b, torus 210 is formed by joining opposite sides of 
a unit square 200 such as, for eXample, sides 205a and 205c. 
This operation is an isometry, so that the siZe and shape of 
a volume element does not change from that for R2. Con 
sequently, the geodesics on the torus map to straight lines in 
R2, and they pack tightly, forming uniform approximations 
to the averages on that surface. For eXample, geodesics 201b 
and 202b on torus 210 map to straight lines 201a and 202a 
in unit square 200. 

[0052] While, the same is not true for a half-sphere, an 
interesting version of the inversion formal may be formed 
for the half-sphere Which Will lead to ?nding a reasonable 
formula for the human visual system. 

[0053] FIG. 3a illustrates one embodiment of geodesics 
on a sphere. Sphere 300 includes geodesics 301a and 301b, 
for eXample. On the sphere, geodesics are “great circles”, 
meaning that for S“, any copy of Sn‘1 shares the same center 
and radius as the sphere itself. An antipodal map, Which 
takes X to its opposing point on the other side of the sphere, 
may be denoted by HoWever, an invertable transform 
on a sphere, using integration along geodesics, can not be 
obtained because the geodesics through point X are identical 
to those through 

[0054] If the transform is restricted to functions for Which 
f(X)=f(A(X)), then the transform is essentially restricted to a 
half-sphere transform. By equating the points X and A(X), 
another essentially property is found. Given tWo points on 
the half-sphere, there is eXactly one geodesic Which passes 
through them. 
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[0055] An inversion over geodesics on the sphere may be 
obtained as follows. Assuming that for each point XO a 
half-sphere may be used, k+1 geodesics 301a,b through XO 
are chosen, divided into k sections including sections 302a, 
b, for example. On each section 302a,b of geodesic g, a 
representative Xij is chosen. A discrete Radon transform is 
calculated by taking the average of the k sections using the 
formula 

A 1 k (Equation 2) 

f(g;) = Z2 mil-> 
j:l 

[0056] To keep notation simple, by rearranging the indices 
for eXample, the sample on each geodesic containing X0 is 
indexed X?, and the sample picked for this segment on all 
geodesics is X0. Constraints on segmenting the geodesics 
insure that this is reasonable as k gets large. 

[0057] The backprojection at point X0 is de?ned to be the 
sum of the values on the geodesics through X0, 

A k A (Equation 3) 

Sf(x0)= Z f(g;) 
xoegi 

[0058] The sum may be rearranged to be 

(Equation 4) k 
A 1 k 

mm = 2 E2 for-j) 
0 1:1 1: 

[0059] In equation 4, the ?rst term in the eXpression 
contains one copy of each of the k2 samples taken. Denoting 
the average value over all the samples as f, since X0 is chosen 
to be the sample for each segment in Which it falls, the 
equation is 

i k A i (Equation 5) 

m0) = f + 2 (mi) — f) 
[:0 

[0060] With some adjustments in the samples taken, as the 
siZe of the sample set groWs, f approaches the average value 
of the function over the half-sphere, and f(gi) approaches the 
usual de?nition of the Radon transform. Matus and Flusser 
found the same expression in the case of the group Zpz, 
Where their analysis performs the double ?bration alluded to 
by Bolker. See E. D. Bolker, “The Finite Radon Transform, 
”Integral Geometry, AMS Contemporary Mathematics ser., 
v. 63, 1984, pp. 27-50; F. Matus and J. Flusser, “Image 
Representations via a Finite Radon Transform,”IEEE Trans. 
PAMI, v. 15, no. 10, 1993, pp. 996-1006. 

[0061] Equation 5 is a limit value for the formula given by 
Bolker in the case of sets in Which there are certain block 
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design constraints. The constraints are satis?ed above by 
noting that, given tWo points on the half-sphere, there is 
eXactly one geodesic passing through them, and by the use 
of the indeX k, guaranteeing that there are equal numbers of 
geodesics through each point in the discretiZation formula 
Speci?cally, using Bolker’s notation, ot=k+1 and [3=1 so that 
the formula reads 

(Equation 6) l 

m) = msmx) + a_ B 

[0062] In Vvedenskaya and Gindikin’s formula, the term 
[3 does not shoW speci?cally because it is arranged by 
geometry. See N. D. Vvedenskaya and S. G. Gindikin, 
“Discrete Radon Transform and Image Reconstruction, 
”Mathematical Problems in Tomography, AMS, 1990, 141 
188. The term [3 does alloW, hoWever, the building of 
interesting biologically plausible structures. 

[0063] In order to create a scenario resembling the ?nite 
transforms encountered in brain processing, a set of discrete 
transforms need to be Woven together into a sheet. This is 
done by using the formula for the half-sphere (Equation??) 
and acknowledging the ?niteness of each geodesic set. 

[0064] First segments of geodesics are taken on the half 
sphere. If a pattern of ?nite segments is alloWed, then one 
possible arrangement is to alloW that each segment is 
incident on points only along the geodesic on Which it lies, 
that each segment is incident on the same number of points, 
and that there is a segment centered at each sample point. 

[0065] If the number of samples in each segment is k, and 
there is a sample centered at each Xij, then there are k 
segments incident on the trial sample point X0. These k 
segments comprise k2 samples, counting repetition, so that 
an “average” over these segments Would require a factor of 
1/k2. The rest of the analysis proceeds as With the half 
sphere analysis, eXcept that there is a different average value 
calculation, and, a different Wavelet condition. The average 
is replaced With a Weighted average. 

[0066] Each local set along a geodesic on the half-sphere 
Will be referred to as a segment, and it Will be assumed that 
each segment contains k samples. Furthermore, it is assumed 
that the segments are centered at samples spaced one sample 
apart, so that along a given geodesic, the segment centered 
at Xij contains XO if, and only if, the distance betWeen the tWo 
samples is less than (k—1)/2. 

[0067] For each distance 0<d§(k—1)/2, there are tWo 
segments Whose centers are this far from X0, so that there are 
a total of k—1 segments Which overlap X0, but are not 
centered there. Thus, there are k segments Which contain XO 
along any geodesic. 

[0068] Because each segment contains k samples, there 
are a total of k2 values summed by summing up the segments 
along one geodesic overlapping X0. Each set of segments 
along one geodesic covering the point XO Will be referred to 
as a “leaf”. 

[0069] FIG. 3b is an illustration of a leaf shoWing one 
embodiment of the overlapping segments of the geodesic of 
a half-sphere. Point 310 represents a point XO on a half 
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sphere. Segments 312, 314, 316, 318 and 320 overlap along 
a geodesic covering point X0. Segments 312-320 form a leaf. 

[0070] Proceeding With the previous construction, Without 
making adjustments for the number of overlaps or samples, 
the Radon transform for a segment of length k centered at 
sample Xij Will be de?ned as 

A k (Equation 7) 

f(gij) = Z f(Xi1) 
1:1 

[0071] and the backprojection or adjoint transform Will be 
de?ned 

A k A (Equation 8) 

sf<x0> = Z ?g”) 
xoegij 

[0072] to be the sum over the set of all segments of all 
leaves at X0. Written for in terms of samples, for each leaf, 
the sum is 

A k (Equation 9) 

Mg.» = Z (k - we”). 

[0073] As before, assuming k+1 geodesics on the half 
sphere, intersecting X0, the equation becomes 

A k (Equation 10) 

Sf(X0) = Z Z (k - we”). 
. .:l 

[0074] The sum, as before, is manipulated to eXpose the 
inverse formula: 

A k k (Equation 11) 

sf<x0> = Z Z (k - wet-j) + 2 m”) 
' [:0 

[0075] The term inside the parentheses in Equation 11 has 
(k+1)(k2—k)+k=k3 samples, indicating that if the Radon 
transform Were de?ned With a factor accounting for the k2 
samples occurring on each leaf, and the ‘average’ Were 
de?ned to be the sum on the right, With a Weighting factor 

of 1/k3, to account for the samples on each leaf, the inverse 
formula Would be 
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k A (Equation 12) 

f(x0)=#(f)+ Z min-inf) 

[0076] The Weighted average p(f) needs to be expressed as 
a function of the Radon transform of f, not f itself. See 
Bolker. If the incidence structure of the points and segments 
is uniform, this is no problem because then every point ends 
up With k segments incident on it, and the Weighting formula 
may be de?ned on the Radon transform segments by de?n 
ing a distance d betWeen the segment and X0 to be the 
distance from XO to the center of the segment. 

[0077] For the spherical model, this leads to an average 
over all segments, Weighted by distance and divided by a 
factor of k, for the overlap. The same eXercise may be done 
using different packing formulas, Which amount to specify 
ing the connectivity betWeen points in the model of the 
visual system. 

[0078] FIG. 4 is an illustration of one embodiment of the 
mapping of half-sphere geodesics to a plane in a continuum. 
Half-sphere 400 has geodesics 401a,b,c. The geodesics 
401a,b,c are mapped 411a,b,c to plane 420 including a grid 
430. The shape shoWn for the grid 430 is a function of the 
kind of connectivity the continuum has. 

[0079] By using orthographic projection, a domain of 
points is obtained at Which oriented ?lters are represented by 
Radon set transforms. Consequently, the form for an inver 
sion of a uniformly packed domain of ?nite segment Radon 
transforms have been found. As With the other cases eXam 
ined, if a functional input exists Which adheres to the 
Wavelet condition, modi?ed, in this case, to accommodate 
the Weighted average rather than a uniform measure, the 
inverse can be obtained directly from the backprojection. 

[0080] Partial Backprojections 

[0081] A speci?c eXample Will be used to illustrate the use 
of partial backprojections. On the surface of a half-sphere 
With the same geodesics through point X0, a large number of 
objects are desired to be formed by taking pairs of geodesics 
through point X0. In neural terms, correlations are forming, 
speci?cally junctions and end stopping cells of a particular 
variety. 

[0082] The correlations may be made more like end stop 
ping cells by taking half arcs joined at the point X0. Since the 
tWo cases are conceptually identical, the latter formulation 
Will be taken. The correlation may be built from the struc 
tures generated by a grid of half-spheres. The constructs are 
parameteriZed as folloWs: At each point X, sets are param 

eteriZed to be g(8,(I>, X) Where 9 is the angle of the ?rst 
half-geodesic, and (I) is the angle from the ?rst to the second. 
The Radon transform from the set of points to the set of 

g(9,(I>,X) may be denoted by 

A /</2 k (Equation 13) 

f(g) = Z few) +f(xo) + 2 MW) 
F2 j:k/2+l 














