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Abstract

This paper describes & graph-based approach to image processing, intended for use with images
obtained from sensors having space variant sampling grids. The connectivity graph (CG) is
presented as a fundamental framework for posing image operations in any kind of space variant
sensor., Partizlly motivated by the observation that human vision is strougly space variant, a
nuinber of research groups have been experimenting with space variant sensors. Such systeins
cover wide solid angles yet maintain high acuity in their central regions. Implementation of
space variant systems pose st least two oulstanding problems. First, such a systewn wust be
active, in order to utilize its high acuity region; second, there are significant inage processing
problems introduced by the non-uniform pixel size, shape and connectivity, Familiar image
pracessing operalions such as connected components, convelution, femplate matching, and
even image translation, take on new and different forms when defined on space variant inages.
The present paper provides a general mnethod for space variant image processing, based on &
cannectivity graph which represents the neighbor-relations in an arbitrarily structured sensor.
We illustrate this approach with the following applications: (1) Connected components is
reduced fo its graph theoretic counterpart. We illustrate this on & loginap sensor, which
possesses & difficult topology due to the branch cuf associated with the commplex logarithin
function. {2) We show how to write local image operators in the connectivity graph that
are independent of the sensor geometry. (3} We relate the connectivity graph to pyramids
over irregular tessalations, and implement a local binarization operator in a 2-level pyramid.
{(4) Finally, we expand the connectivity graph into a structure we call a transformation graph,
which represents the effects of geametric transformations in space variant iinage sensors. Using
the transformation graph, we define an efficient algorithm for matching in the logmap bnages
and solve the template matching problem for space variant iinages. Because of the very small
nuinber of pixels typical of logarithmic structured space variant arrays, the connectivity graph
appraach (o image processing is suitable for real-time implementation, and provides a generic
solulion (o & wide range of linage processing applications with space variant sensors,
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1 Introduction

We are accustomed to thinking of an image as a rectangular grid of rectangular pixels. In such
an bnage, connectivity and adjacency are simply defined in terins of the four or eight neighbors
of each pixel. But in biological vision systems [10] [34] [38] as well as space variant artificial
image sensors, based on CCD [19] [33] [39] , MOS [8] [50], and firmware [7] implementations,
there exisls & pattern of photodetectors having spatislly changing size, shape and connectivity
across the image array. One wotivation for the study space variant sensing derives from its
prominent role in the architecture of the human visual system, and so space variant sensors
are sometimes called foveafed or refinal. Their elegant mathematical properties for certain
visual computations also motivates the development of space variant sensors, and so they are
sometimes called log polar, log spiral, or logmap sensors. Except where we note explicitly,
we use the tenn logmap to refer to & visual sensor whaose outstanding characteristic is thaf &
wide angle workspace may be covered, with the capability for high resolution sensing af the
center of the array, incurring & sinall pixel sensing and processing burden proportional only to
the logarithm of the size of the workspace [28] [27] [14] . The special relationship of logmap
sensors to the human visual system is a constant of nature analogous to the frame rate constants
in motion pictures and TV, and sowe resesrchers have exploited this property to and build
multiresoultion head-tracking viewer-centered displays [37] [49] [48] and low-cost computer
graphic displays based on the logmap [15] [20]. We have applied the logmap architecture to
a very low cost moving car license plate identification and tracking systen [24] [25] and to &
prototype consumer video telephone [40].

A fundamental problem with logmap sensors arises from their varving connectivity across
the sensor plane. Pixels which are neighbors in the sensor are not necessarily neighbors once &
computer reads the dafa into an array, waking it difficult or impeossible to apply conventional
image array operations. Some sensors infegrate a central uniform resclution region inside an
annulus of logarithinic structured pixels, leading the problem of how fo combine fmage data
from the two grids. This paper develops a data abstraction called the connectivity graph (CG),
which represents explicitly the connectedness relations in arbitrary space variant images (see
also [41] [42] [43] ). Using the graph, we define a variety of sensor-independent inage processing
operations. The connected compeonents problemn for space variant immages then reduces to its
graph theory counterpart. Local limage operalions are defined as a function of & pixel and
its neighbors, which turns out to have the additional effect of eliminating special cases for
boundary conditions. We discuss typical local operations such as edge detection, sioothing,
and relaxation. Building on the work reported by Montanvert et al. [22], we define a pyranid
structure for space variant limages and apply it to & local binarization operation. Iinally,
we introduce & class of variations of the CG which we call fransformation graphs, and which
represent the effects of inage transformations such as franslations, rotafions and scalings. We
demonstrate an implementation of template-matching using the transformation graphs.
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1.1  Background

Since the size and cost of & machine vision system, and the motors which drive it if it is active,
are scaled by the numbers of pixels it must process, space variant active vision provides the
possibility of radical reductions In systein size and cost. We have built & 32 frames per second
(fps) real-timwe computer vision hardware system based on the logmmap pixel geometry [5] [¥]
3] 17] [4]. The choice of the logmap had two direct architectural implications, First, there is
a tremendous reduction in the sensor data rafe. The low data rale enables real-time logmap
image processing routines to run on mmodest microprocessors, and allows inter-processor mage
data cominunication on low capacity channels. The low data rate also enables our conswmner
video phone to transmit logmap images at 4 fps over ordinary volce telephone lines [40]. The
second major impact of the loginap results from the fact that the peripheral pixels are in effect
fow pass filters. Threfore, we can allow the periphery (o be blurry, with the consequence the
Iogmap sensor utilizes & smaller lens than a video sensor, which reduces the size and cost of
the camnera and its actuator.

With the sensor mounted on & very low cost camera pointing actuator, the Spherical Point-
ing Meotor [9] [6], the total system cost was two orders of magnitudes lower than a comparable
systemn based on conventional video sensors and wore elaborate actuastors.

We want to state clearly that our system emulates a logmap sensor with an embedded DSP
and & conventional CCD. Specifically, an AD 2101 DSP reads pixel values digitized from the
192 » 165 Texas Instruments CCD chip TC211, and averages CCD pixels to form a 1376 pixel
Iogmap. But the DSP is fast enough to run the readout at 32 fps, so the emulated sensor is,
in effect, @ sensor. The sensor emulator contained only commodily integrated circuits, which
eliminsted the need for costly custom VLSLL

Constructed at very low cost, systemns of this type may open up new niches for machine
vision, and can only be built, at present, using space variant sensing to limit the size and
cost of the motors, memory, CPUs, and interprocessor communications. For these reasons,
space variant sensors in general, and logarithinic sensors in particular, have begun to attract
attention in the machine vision community [2] [11] {12] [16] [18] [19] [23] i21] [26] 28] [27] [32]
[33] [39] [36] [44] [46] [45] [47] [B0]. The sensor geometry motivating much of the work in this
paper is given by Rojer [28] [27] .

The basis of our approach to space variant image processing is the use of a CG to represent
the neighbor relations between pixels in space variant iinages. Rosenfeld was the first to apply
the topelogical notion of connectivity to image processing [29]. The standard finage processing
texts (e.g. [30] vol. 2 p. 208, [17] p. 67fF) discuss the connectivity paradox for digital images,
nainely that the Jordan curve theorem does not hold when the foreground and background are
bath four or eight connected. These texts also mention connectivity under a hexagonal pixel
geometry. Rojer [28] [27] was apparently the first (o use a connectivity graph to iimplement
focal Tinage processing operations in a space variant image. The application of graphs to
represent arbitrary neighbor relations for region segmentation is also discussed in the standard
texts (e, [1] p. 159MF). Recently, Montanvert et al. [22] have shown how to define an image
pyramid recursively from an irregular tesselation.
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Figure 1: (a) a TV image, 1(7, 7}, (b) The inverse logmap image L71(4, 7). and (¢) The forwasd
logmap image L(w,v). We enlarged the printed pixels in the logmap (¢}, Each logmap pixel
requires ope byle of memory, and the logmap (¢} represents a data reduction, compared with
(a}, of 301 1.

1.2 Space variant image sensors

The CG allows us to wrile Image processing roulines thal are independent of a particular
sensor geomelbry. To lormalize the iden of “sensor-independent”™ algoriths, we need 1o make
a distinction belween three types of images. Figure 1(a) is a conventional rasier, video, or TV
image. Figure 1(b) is called, for reasons given below, an inverse logmap image. The ({orward}
logap image appears in Figure 1(c). These three types of image are related by a pair of
lookup tables I and £, which map TV lmage coordinales o logmap array coordinaies, If we
ablais the logmap image hom a conventional video sensor, as in our miniaturized system [8]
bhen the lookup tables S and K el us which aggregate sel o TV pixels to average in order to
form a logmap pixel,

But it is worth emphasizing that even il we had a VLS logmap sensor, we would like to
display the logmap images in an inverse logmap format, like the one in Figure 1 (b}, Therefore
for all copventional raster displays, and for lrmware logmap readouls, we need 1o think of a
logmap i relation o a TV sceen or a 2 TV bnage sensor. Moreover, the TV pixel repre-
sentabion of the logmap sensor geomelry is the basis [or an algoriibm, inlroduced below, Lo
capstruct the CG for an arbiliary sensor geamelry.

We define the logmap lormally as a mapping rom a TV raster image (7, ) where @ €
{0, coom—1Yand j € {0.....n — 1} to alogmap aray L{w.v), with w € {0,...,5 - 1} and
v € {0,..,v — 1}. The mapping is specified by two lookup tables 5(i, 7) and R(i, §), whose
pames are chosen as mnemonics oy “spoke™ and “ring” logmap indexes (see Figure 2} Let
a(w. v} be the area (in TV pixels} of a logmap pixel (u, ).

a(w. v} = Z 1

1,3

S(i.jy=wand R(i. j}= =

Logmap pixels (. v} for which A(i. J) ] 8(i.7}) = v and R{i. J} = ¢ are undefined and we
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Logmap lockup tables (S, R) for 60 by 64 TV immage.

Logmap array (16 by 20}

(15,19)

igure 2; The lookup table of loginap pixels from TV pixels. The logmap has 16 spokes and 20
rings, but & total of only 272 pixels. The shift factor alpha = 4. {The lockup indexes are only
plotted for logmap pixels having area at least 10 TV pixels.}) The pixel (0, 1) has 8 neighbors,
pixel {1, 1) has 7 neighbors, but pixel (1, 0) has only 4 neighbors. Logmap pixel {0, 0) is
connected to (0, 19} across the vertical meridian, but unconnected in the Logmap array.
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adopt the convention that for those pixels a{u,v) = 0. We observe that if ¥ is the number
pixels for which a{u,v) » 0, then & < sr. The logmap image is defined where a{u, v) > 0 by

. 1
f{u,v) = alw, v)

NI )

Y]

St jy=wvand R(i,j}=v,

in other words, the average of aggregate sets of TV pixels. The inverse lognap is

Lm&(i:j) - L(S@JLR(%J))&

provided S(i, j) and R4, )} are defined. The inverse logmap function converts a logimap image
to TV coordinates for display.

To see how to construct the lookup tables 5 and R, we lock at the example of a logmap
sensor given by the complex mapping w = log{z + «). Iigure 3 illustrates the difference
hetween a sensor defined by w = log{z) and one defined by w = log{z + o). For simplicity,
we restrict our aftention fo loginep sensors having four-way syumnetry, v.e. the pixel geomelry
is reflected about the vertical and horizontal meridians, We construct the 4-way symmetric
logmap by first computing the one-quadrant mapping given by a pair of lookup tables So{x, v}
and Rg(x,y), then obtaining 5 and R by a simple symmetry procedure. The lookup tables
Solz,y) and Ro{z,y) have their indicies z € {0,..., %2 ~1} and gy € {0,..., % — 1} transposed
from maflrix coordinates to Cartesian coordinates,

The basic idea behind the sensor geometry is to treat each TV pixel coordinate {2, y) as a
complex number 2 = & + iy, then to calculate the complex point w = log{z + «), and then to
normalize w to the integer array indexes for Sq and Egq.

If we assuine that there are no more rows than columns (m < ), the minimum value of
the log function occurs in the pixel {0,0) and its maximum value is where the outermost ring
intersects the v axis. We denote the maximumn and minimum values as

gmax = loglla+ g, - )i, and
Hmin — i(}g}; E(a.;. %? %)i

respectively, We add the offsels of % to compute the lookup table fromn the cenfer of each pixel,
rather than the corner. This has the beneficial effect of preventing the axial pixels, and the
origin, from being replicated when we compute the d-way svinmetric tables.

The minimum value of the spoke angle occurs on the v axis and is given by

— fan Tt i m in
i = tan™ {0+ 3, T~ 3)

Then ¥z, y)lz €40,....5 —1}and y € {0,..., 2 — 1} we let

¥ K
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(d)

Tigure 3: Two types of space variant sensor defined by the mapping w = log{z + o) (see
text). The mapping transforms the point Py into the point Py, One way to easily visualize the
w = log{z + &) sensor is to think of cutting a strip, shown by the hatched area of {a), out of
the middle of a sensor geometry defined by w = log{z).
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p=lletaty ytg)
so that
' 3 r (iOg};(p\) - f}miﬁ)J -
R E, YU = {T—\ ) }
Q(‘ v 2 (9{{1&}( = Grain) {. }
We also let
f = tan""z + o + Ly+i)

so that

s{f — t?mm)J 2)
T - Qﬁmm

Where Eglw,y) > § we change the values of Rg and Sg to undefined. A d-way symmetry
pracedure obtains the full framne logmap lookup tables § and £ in TV coordinates:

Vi i)lie{0,...., 5 ~1tand j € {0,...,5 ~ 1} and Rq(j,)is defined let

Solz,y) = {

S —1—i, 21—} =5(L-1-4 24) =50l i),

i 22|

5(%”*“3/ %“’"’“ MJ) - S(%M*wg’ %M*wj) E'SWEWSQ(J, 3),
R(‘.%Wlmé’%wlw‘ﬂ R(‘_%”?“é,%wlmj) :%M}VMRQ(“?’?%-)?
B(g-1-4 344  =REF+: 549 L+ Boli. 1).

We make the undefined region 4d-way symunetric similarly. For more general mappings, we
can think of the image in of Figure 1(b) as what the sensor sees and the one in Figure 1(c) as
a representation of that hinsge inside computer memory, that is, as an array. Not all cells in
the @rray correspond to sensor pixels: the cells between the “butterfly wings™ of the complex
log mapping do not correspond to any pixel in the sensor. Moreogver, those pixels along the
vertical meridian of the sensor are adjacent across the meridian, but thev are separated in the
memary image. If we (ry to apply conventional limsge processing routines to dala like that
from this sensor, they produce undesirable artifacts along the vertical meridian.

One possible solution (o this boundary-effect problemn is to duplicate the meridian pixels
in the iinage array. This approach is especially attractive for CCD sensors based on the log(z)
mapping, because timing requirements of CCD imaging result in a cheap readout technique
to store sr pixels duplicated in & size 287 wemory buffer. But this buffer does not capture
conneclivity across the sensor’s center. Examnination of Figure 2 shows that for the maore general
log(z + @), array adjacency alone cannot capture alf the neighbor relations. Duplicate-pixel
representations also pose undue complexities for iterative relaxation procedures like the soap
bubble algorithm described below. These connectivity problems arise not only in the log{z4 )
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RIS

Iigure 5: The CG for the sensor depicted in Figure 1. Circles stand for graph vertices and
lines stand for graph edges. The plot {a) shows the vertices in loginap array coordinates, and
the plot (b) shows the saine graph in sensor coordinates. The graph explicitly represents the
neighbor relations across the vertical meridian.



Space variant image processing 12

pairs are 8-connected both in the logmap and in the TV coordinate systein, but other pairs
are connecled only in the logmap., We would like the connectivity graph edge set F to include
hoth sets of neighbor relations. Lel Ep be the set of edges representing connections between
pixels in the forward mapping. An edge (p,q) € Ep provided (u(p), vip}}is an 8-(4-} neighbor
of (u(g), v(g)).

Far the loginap sensor in Figure 1, Ep does not contain the connections across the vertical
meridian. To obtain all the connections in the sensor, we place the inverse image adjacency
relations in the edge sel £

(p.q) € Ey provided 34,7, 4g, jo such that
S(%J) - G(E}LR(%J) - 'U(f}) and
STt do) = ulq), Biin, jo) = viq) and
{#,7)is an 8= (d—)neighbor of (44, jo).

(3)

For the logmap image in Figures 1 and 2 the CG edge set is £ = £, U Ep.

For an arbitrary pixel geomelry sensor illustrated in Figure 4, the construction of the edge
set F differs slightly. The forward map for an k pixel sensor of this type is simply a k-element
array, but neighbor relations in that array are not necessarily related to connectedness of
the sensor pixels. When the sensor mapping is given by lockup tables 5 and £ that do not
preserve adjacency in the forward map, Hke the one illustrated in Figure 4, we set the CG edge
set £ = Fy.

Given the lookup tables § and R, the algorithin to compute the connectivity graph is
simple. Oune vertex p € V is allocated for each pixel (u,v). The graph edges in Ep are just
the 8— or 4— edges from the forward map linage. The graph edges in £ are computed by
scanning the lookup tables 5(%,7) and R(%,7) with a 2 x 2 operator.

The CG is & data abstraction for space variant hmage dats, and as such it sy be hinple-
mented in a variely of ways, including the computstion of neighbor relations on line. When
the logmap geometry is given by functions such as (1) and (2), we can transforin the them into
analytic functions by removing the |-| integer transform, and then obtain neighbor relations
by searching for pixel indexes satisfying (3). Another possibility is computing all the neighbor
relations in advance, then storing them in discrete graph structures. Qur most efficient imple-
mentation of CG operations uses & hybrid of both approaches. Examination of I'igure 5 shows
thet it is only the boundary pixels that have special cases of connectivity relations, whereas
the interior pixels, which cover meost of the logmap area, all have the usual 8-connectedness.
Therefore at run time & single branch instruction determines whether a pixel is interior or ex-
terior, and for the former it calculates neighbor storage locations by efficient autoincremental
addressing. Computations on the boundary of the CG use pre-calculated lists of neighbors to
relrieve dats from thewn efficiently.

Other operations we define on the graph node p are the pixel array coordinates {(w{p), v(p}},
the pixel intensity * Lip) = Li{u(p),w(p)), the pixel centroid p(p), the pixel area aip) =

“We have irterdionally overloaded the definition of L(3. The two-mrgnment Liu, ») is pixel brightness in the
array represenialion, bui the one-azgument L{p) is pixel brightness in the CG representation.
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3 Local neighborhood operations

Using the conpectivity graph, we can define local neighborhood operations independently of

the number of neighbors, and therefore without arbitrary boundary effects. Our CG approach

generalizes local image processing operations to arbitrary sensor geometries,

Figure 9: {a) A logmap image having 1376 pixels and (b) the result of a CG local edge
magnitude operation. (¢) The same edge image image in forward map coordinates,

We can define a simple edge detector, the effect of which Figure 8 flustrates, as

{p)i

S geN

ep) = ey 2 (Llp) = L(@))*.

Note that the definition of ¢(p) contains no special cases for pixels having different number
of neighbors, and thus applies equally to pixels at the boundary of the image and to those in

the interior.

Figure 10: (a) The result of a CG pseudo Laplacian local operation. (b) The same image
image in forward map coordinates,
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Anather simple example is the pseudo-Laplacian f(p), illustrated in Figure 10, given by

| 1 |
fp)=Lp) - — 3. L.
Nip)| N o)

Of course, computing the aefua! Laplacian on the sensor array requires transforming expres-
sions like (1) and {2} into analytic functions and solving for the second derivatives.

We can generalize these definitions o take into account other pixel properties such as the
relative differences in pixel size a(p), or the pixel mean up(p). For example we could have
defined

fw) =Lip)~ Y «(polis) > «p.9

e N ip) e N (p}

where w(p, q) = alq}/ lulp) — plg)].
A slightly more complicated definition is illustrated by a plane-fitting edge operator. Given
the d = N (p)| + 1 points

i, qib = {p UN{(p}

and a vector of their gray values A = {(L{g),..., Ligs)), fit a plane h{é,j)=a - (4,4, 1)7 to
minimize sone error easuranent. Applying the least squares errvar criteris for linesr equations
[17], we can find a plane by solving for

A = aB where

B=1| pla) ... plgn)
1 i 1

The solution of a for [NM(p)} > 2is

a=ABT(BB")™?

If not all points are colinear, (BBT)™! always exists.

Since M = BT(BB7)™ is constant for each pixel p, we precompute and store this matrix
M p) for every graph vertex p. At run time, we only need to compute AM(p} for every graph
node p.

A simple iterative relaxation procedure, the soap bubble algorithin, is also defined naturally
on the CG. If p is a seed point, then Ly (p) = Lo(p), otherwise

L)+ > Ll9). (4)

Liga(p) = -
i )
e N(p)

1
Nip)|
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The definitions given so far have expressed functions of a pixel and only its homediate
neighbors., Sowetimes a local operator may map from a larger neighbarhood, however. One
helpful function in defining such operations is the A3 function.

Nalpy=1b b e Nigland ge Nip)and b ¢ N(p}}.

The 2 in Aa(p) denotes the fact that these graph nodes are two edges away from the vertex p.
In this way, we say that Ni(p) = AMip}). We can go on to define NVzip), Ny(p) ete. similarly.
Now we can define a sinoothing operator ¢{p) over an extended neighborhood:

clp) = ———(L{p) + Lig
(p) AT M(pmi( (p) M_ZEM_M (4))

The local operations defined above are independent of the sensor geamelry and its size. In
software simulations, we have experimented with a variely of space variant sensors. Because
they are all defined by the lookup tables B and 5, our progran can automatlicslly compute
the CG and apply any of the local operations to data from any of the sensors.

4 Pyramid operations

Following the methoed of Montanvert et al. [22], we can recursively define & pyramid structure,
each layer of which is & general CG. This structure gives us a natural way to define partitions
for a space variant sensor. A pyramid structure over anirregular tesselation may be visualized
and represented by & graph. Fach layer of the pyramid is similer to & connectivity graph, but
each of the vertices p in the pyramid are connected between levels by a directed edge called
parentp).

We call the bottom layver of the pyramid level 0 and call each successive layer 1,2... etc.
The parent edges at level £ are directed from level £ to level £4 1. We denote the vertex set at
level £ with V{f). The function parent{p) has the property that if ¢ = pareni(p) and p € V{¥)
then ¢ € V(£ + 1). Moreover, every vertex p has exactly one parent(p) except for the vertices
at the highest pyramid level, where parent(p) is undefined.

Given the graph G{£) = (F{£),V{£)) at level £, we define a recursive graph reduction to
obtain G{£4 1) = (E{£+ 1), V{£+ 1)) at level £4 1. The graph ({0} is the same as the CG,
except that each vertex p € V{0) has the new edge relation purent. The vertices in successive
fevels have the property that

ge Vif4+ 1)iff dp € V(£) | parent{p) = q.

It follows that [V{f+ 1}] <
VIE+1)] < [V

To obtain the connectivity (i.e. non-parent) edges we apply the recursive graph reduction
pracedure given in [22] ;

V(#£)|, but we usually restrict our attention to the case that
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(pogte E{f+1) provided pe V{{+ 1) and ge Vif+1) and
3 po. go such that
parent(po) = p and parent(qy) = g and
(o, q0) € E(£).

4.1 Sensor data partitions

A 2level pyramid defines a partition P, ..., Pyyy of the sensor pixels, where P, is the set
{p | purent(p) = pr}. We call the region formed by any of these partitions P, the local
regron,  'he broed definition of the recursive graph reduction represents the many ways (o
partition the sensor data. If we want to perform operations on partitions that depend on the
nuinber of pixels in them, we partition the sensor into connected regions having approxiinately
the samme number of pixels. Another choice is to partition the sensor dals info sels of pixels
having approximately the same area. The first choice is better when we need a statistically
significant set of pixels in order to find, for example, & relizble local threshold value. One
method recursively uses the centroid of all the pixels under consideration as a reference point
and repeafedly splits the sensor dats inte four smaller sets, tenninsting when it reaches a
mininum pixel count. This pyramid is shinilar topologically to the guadiree decomnposition
[31] for conventional video images.

4.2  Adaptive local binarization

One application of the pyranid is local binarization. To binarize an image, we compute & local
threshold value for each local region, based on the method proposed by Shio [35]. He used an
fhunination-independent contrast measure to verify the reliability of & local threshold values.
His reliability index r{ £} for a given local region P is defined as

oy (P
" Ty

where o( P} and p( P} are the mean and standard deviation of intensity, respectively.

The paraineter 8 depends on the video camera and A/D converter used. To simulate
our space variant sensor for this experiment, we used & Sony XC-TTRR CCD camera and an
Analogic DASM frame grabber. Iromn an experiment similar to the one reported in [35], we
measured the value 5 at very close to 0 for our equipment.

Larger values of v{ P) indicate evidence for reliable local thresholds. We use a relaxation
method to propagate threshold values from regions having reliable values to the regions having
unreliable ones. If there is no reliable threshold value, we resort to a global binarization
method, but this situation occurs rarely in real scenes. For those local regions which have
reliable threshold values, we use the region mean or the median as the threshold value, both of
which perforim well. The algorithin described below computes threshold values for every pixel.
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(@) (k) (c)

Tigure 12: {a) a TV image region corresponding to a logmap pixel. (b) the effect of pixel
translation (¢} the four pixels whose gray value will be affected by this translation.

5.1 Translation Graph

The transformation graph methods for translation, rotation and scaling are &l similar. All
three are special cases of more general Linage mappings, but we Hmit the discussion to these
three for simplicity of exposition. To simplify even further, et us first focus on the problam of
image translation.

One approach is (o remap the hinage back {0 TV coordinates, using the mapping described
in section 1.2, then to translate the TV image and then wmap back to sensor coordinates. The
drawback to this method is that it takes thme proportional to the size of the TV image. In
this section we show how to use a set of graphs to implement translation in thme proportional
to the number of space variant binage pixels, which can be from as much as four orders of
magnitude smaller than a TV image having the same field of view[27].

For every translation 7" = (A4, Aj) we construct a translation graph G = (V, E7} from the
connectivity graph ¢ = (V, /). In order to translate the space variant image by the offset 77
we need to compute the redistribution of gray levels in the translated himage. Figure 12 shows
that the transiation of a pixel redistributes ils gray value (o possibly several other pixels.

Given a translation 7" = (A4, Aj) the edge set Fp contains (p,q) provided

3(3‘“ E R@J} = ?“"('?) and 5(31) = 3:('?) and
Rii— At j— Ajy=ulp)and S(i — At,j— Aj} = vip)
Associated with every edge (p,¢) € Er is a number
krip, gl =2 11 Risj) = vig) and 5{i, j) = v(g) and
Rii— Ai, j—Ajy=ul{p)and 5{i — At,j — Aj} = vip)

indicating the nunber of TV pixels shifted by 7 from p to .
Using the translation graph (TG), we compute the translated image by the following ex-
pression:
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1
L rr(p.q)
Figure 13 shows a plot of the graph G/'r for the vector 7" = (0, 8).

Lriq) = S wrip, ) L(p) | (p.q) € Er. (5)
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Tigure 13: Translation graph for the translation vector 7 = (0, 8).

Any given vertex pin (i is associated with a set of edges Er(p) = {(p,7) € Er}. Assuming
that | Er(p)l is bounded above by a constant, then computing a translation by (5) takes O(k)
steps. The drawback to the TG is that storing all of them requires a large amnmount of memaory.
If we allow translations to every TV pixel {4, 7}, then we need to store mn graphs of size O{k).
Allowing translation only to the k centroids p{p),p € V requires us to store & graphs, giving
a total storage requirement of O(%?) Iocations.

But in this case it is important to look &t the constant factors. The combination of &
sensor with thousands of pixels with a computer having millions of memory locations is quite
feasible &l very low cost, Mareover, the transforination graphs contain a lot of redundant
structure, indicating that a memory representation of them could be compressed. Also, many
tracking and matching applications require only & small set of cached possible translations.
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These considerations malke the transformmation graph approach practical despite ifs quadratic
memaory cost,

5.2 Rotation and Scaling Graphs

The solution ta the rotation and scaling prablem for the general space variant sensor geometry is
egsentially the same as the solution for translation. Affer analyzing the gray level redistribution
by rotating the original Dmage, we can construct a rofalion graph, defined anslogously (o the
translation graph. To sinplify the problem, let us assume that rotations must be infeger
multiples of the angular sampling period of the logmap sensor. Call the angle between adjacent
spakes of the logmap the element angle. We consider only rotations that are integer number of
element angles. If there are s spokes, we construct only the s rotation graphs for all possible
rotations, Pigure 14 shows & rotation graph which rotates the image by the one element angle.

Tigure 14: The rotation graph shown in forward (left) and inverse {right) coordinates of a
rotation by one element angle.

By a similar analysis, we can construct the seale graph. Call the radius ratio of radii in
two consecutive rings the element ratio. If the sensor has » rings, we need to compute the r
scale graphs for scaling up the inage and 7 scale graphs for scaling down. In figure 15 we show
a graph which scales the logmap hmage by one elenent ratio. In figures 16 and 17, we show
some examples of rotated and scaled logmap images.

The rotation and scaling graphs also contain a lot of redundant structure, and their number
is only linear in the number of spokes or rings. But for our loginap sensor, much of the
rotation and sceling graphs is redundant. What these representations do is to make explicit
the exceptions to the mathematical equivalence of scaling and rotation fo image shifting.
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Figure 153 The scale graph shows in forward (left) and foverse {right) coordinates with one
element ratio seale change

= _Inverse map ("T]  Translation inverse map |

Forward map

Figure 16: Rotation of logmap images. The left image pair is the original logmap image. The
center pair is rotated by age element angle. The right pair shows a larger rotation.
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Figure 17: Sealing of logmap images. The left image pair is sealed down and the right image
pair is sealed up,

6 Template matching

The trapsiation graph enables us to solve the template matehing problem for logmap images.
Suppose we have a logmap lmage template given by the graph €74 = (Viy #). Call the logmap
pixel values Ly{p). p € V. In general, the vertiees Viy ¢ V. The edge set for the template
muadel is empty, because to defige the template model we geed to copsider anly the pixels, got
relations between them.
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Figure 18 The concept of pixel coverage for translation. T he left box depicts a masked region
to be translated. The right box shows the pixel coverage for & translation slong the x axis by
8 TV pixels

When we translate the template image by a vector T' = (A4, Aj), it overlays another set
of logmap pixels. Some of the second set fall completely under the translated template, but it
covers others only partially. In order to define the watching error, we need to forinalize this
concept of coverage, llustrated by Figure 18, We define the image graph Gar = (Var, ) in
the following way. A pixel ¢ € Va7 if and only if its area

a(g) = > Kr(pq)-

7€V and (p,g)eE

We campute the translated templale inage using the translation graph:

Lyr(q) = — 3 K (p. ) La(p)
a(q);j v

A and {p,g}eET
An area weighted matching value between a translated temnplate image and a data image L(p)
is defined by

> ) Lig) =~ Laer()/ > alg)
eV eV
The best matching position T is the one having minimwn matching value.
Figure 19 shows a template image displaved in TV coordinates. Iigure 20 shows the data
image and the results of template matching. Note that we bounded the matching radius in
arder {0 get high pixel coverage,
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rLI Range inverse map

s
3

Figure 19 The template image.

7 Conclusion

The logmap sessar presents a special image processing prablem because of its irregular pixel
geametry., Pixels that are adiacent in the sensor may not be adiacent in an array represegtation
of the sessar tmage. For example. in the logmap image defived by w = log(z + «) the pixels
along the vertical meridian are not convected to all of their seighbars tn the array. Conventicual
tmage processing funetions, defined over arrays, do not praduce adeguate results when applied
to sueh space vartant images. By explicitly representing the neighbar relations in space variant
tmages, the eonpectivity graph data abstraction allows us to define tmage processing operations
for space variant segsor data.

We have implemented a prototype real-time miniaturized active vision svstem based on the
logmap sensor geometry. Even with the stringest memory limitations (less that 128Kbytes)
of our protatype system, we implemented tmage operations ustog the CG. These aperations
became the components of the more complex applications to license plate reading, motion
tracking, and actuator calibratios usivg visual sensary feedback

Local image operators such as edge detectors and relaxation operators ean be defiped
eastly in the CG. These operations are independent of the sensor geometry. As a side effect,
the local operators are defined evervwhere in the space variant image, even at the image
baundaries. Therefare, there are no special cases in CG local operatar definitians for image
bowndary conditions. In this paper we showed local operatars for edge detection and relaxation.
The latter aperator enabled us to define ap image binarization operation {or images haviog
nogesdorm tHhunination.

Oue stightly cumbersame issue is the definition of local operators tuvolvisg more thas aoe
pixel apd its immediate peighbors.  We have shown that such operatars can be defined in
the CG, however, and they have the same gegerality as the immediate local operations. A
smoathing operatar was presested as an example of an enlarged local operation.,

Building on the work of Montanpvert et. al [22]. we can also defige pyramid structures
aver the CGl In this paper we touched upon the use of such pyvramids, and showed how to
implement a losal binarization operator in a 2-level pyramid,
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T |52 Forward map =

Correlation forward map

5 Inverse map

Figure 20: The left colump shows the target image in the forward and tnverse logmap coordi-
nates, At the right is the result of template matehiog, The brightest pixel in the result map
carrespands ta the best matehing position.

Transformation graphs are relatives of convectivity graphs that represent the effects of
trapsformations such as trasslatios and rotation in space variant images. Logmap images
in particular are known to have elegant mathematical properties with respect ta sealivg and
ratation, bot trapsiation of the data from these sensors has wotil sow beep problematic. I
we have egough memary to represent all trapslation graphs for a particular sensor baving k
pixels, then we ean compute a traugslated tnage in O(k) steps. Qur primary applieation of the
transiation graph is template matebing, We show the results of template matehing in a space
variant image. The template matching operation is the basis for a target tracking program
that reguires processing only at the low data rate of the logmap sensor.

Image processing operations defived in the Cl are independent of the sensar geometry, We
develaped a library of image processing routives that work on images fraom a variety of sensars,
The CG image processing library will be useful as we contivue to experiment with pew seusor

peametries, and as we begin to use future VLS implementations of logmap sensors. ™

e anthom would like o thank Dr. Ken Goldberg of the Vaiversity of Senthern California for Iis valuable
compmends on an eandy drafi of this paper. We wounld also hke o thank the anonymous referees for theix
substantive remarks and construciive cnticisms. We gratefully thank Jack Judson of Texas Instruments for s
techmcal assistance in the development of our logmap sensor.
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