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HYBRID CORRELATION ALGORITHMS-~A BRIDGE BETWEEN

FEATURE MATCHING AND IMAGE CORRELATION

Joseph A. Ratkovic
The Rand Corporation
Santa Monica, CA 90406

ABSTRACT

\Up to the present time there have been two basic classes of map
matching algorithms--those based on feature matching techniques and
those based on image correlation. This paper describes a new class
of hybrid correlation algorithms which incorporate features as an
integral part of the matching process. These algorithms can be im-
plemented such that it is not necessary to extract features from the
sensed image. This paper concludes by showing the domains in which
each class of matching algorithm (feature matching, image correlation,
and hybrid algorithm) is most appropriate. |

INTRODUCTION

* The map matching problem has been in search of an "optimal uni-
versal" matching algorithm since its inception. Because of difficulty
in (1) defining a performance criteria for both accuracy and proba-
bility of correct match, and (2) in knowing a priori the distributions
associated with all map errors, most researchers have resorted to the
use of "ad hoc" algorithms. These have generally been divided into
two classes-~-feature matching and correlation.

The image matching problem, as shown in Fig. 1, is a two-phase
problem. In phase 1, the acquisition phase, one is concerned with
locating, somewhat grossly, the area in which the match point is cen-
tered and avoiding false matches. In phase 2, one is concerned with
refining the accuracy with which the match location can be determined.
In general, no one algorithm can possibly be suited for solving both
the acquisition and accuracy problems, and it is probably necessary to
develop algorithms separately for each phase of the problem.

The overall matching problem, shown in Fig. 2, involves four
major components: (1) error sources, (2) the scene, (3) preprocessing,
and (4) matching algorithms. Before discussing algorithms and de-
scribing some algorithm techniques, it is necessary (to provide back-
ground for the algorithm discussion which follows) to briefly describe
scenes, errors, and preprocessing.
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The Scene--Its Composition

The scene is the most complex component of the map matching
problem and the most difficult to model. In the discussion that
follows we shall examine the question of "scene composition' (rela-
tive to both a visual and statistical representation of a scene),
and methods for decomposing the scene.

Scenes can be described in the visual domain by the eyeball
process as being composed of a set of features. Let us consider as
an illustrative example the simple scene shown in Fig. 3. Here, for
example, the window feature consists of a set of four panes enclosed
by a frame.

House

Window

Door

Fig. 3—Example of features consisting of a
set of homogeneous regions

In dealing with actual sensor data, picture elements (pixels)
are described by a set of intensity values, as indicated in the agri-
cultural scene of Fig. 4. In dealing with intensity values, there
are regions in the scene which can be considered analogous to features
in the visual domain. These are homogeneous regions within the scene.
We shall define a homogeneous region to be a set of spatially connected
pixels or eiements which russess the statistical property of at least
first-order stationarity and possibly second-order stationarity** and
will assume that homogeneous regions are equivalent to features (as a
feature can be defined by a single homogeneous region or a set of homo-
geneous regions).

In Fig. 4 we have identified four homogeneous regions and tagged
each pixel (indicated at the bottom portion of the figure) as belong-
ing to one of the four regions. Examining each region we see that the

*
Mean intensity level constant over the region.

* %
Mean and variance constant and the autocorrelation independent
of position.
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intensity value of a given pixel does not vary significantly from the

i mean value and that there are distinct boundaries (defined by differ-
ences in the mean intensity level) between regions. ;

!

Thus far we have shown that scenes are composed of homogeneous i ]
regions which may be considered equivalent to features. From a phys- §
ical standpoint homogeneous regions are areas in which the signature
(emissivity for visual and IR, reflectivity for radar, and altitude ?
for terrain contours) is expected to remain fairly uniform, e.g., a i*
grassy field in which all the elements in the region are expected to
have the same mean value but this mean value may change as a function
of time.

Having established that a scene is composed of homogeneous re-
gions, is there a further subdivision by which we can characterize
homogeneous regions? Returning to Fig. 4 we see that there are small
variations in the intensity level within a homogeneous region. Some
of this variation can be attributed to sensor noise but, neglecting
this possibility for the moment, one can consider the variation to be
due to some perturbation in the signature of the region. For instance,
one can consider the grassy field not to be uniform, but instead to
have a few fallen tree trunks and shrubs dispersed within it. If the
ground resolution of the sensor is of the same magnitude as the size
of the shrubs and tree trunks, then we would expect variations in the
intensity level of the grassy region due to the:e objects, presuming,
of course, that the signature of the objects was different from the
grass at the wavelength of the semsor. Thus, we can further catego- i
rize a homogeneous region in the physical domain by the number of P
objects which contribute to a signature variation, and in the statis-
tical domain by the number of statistically independent elements
which comprise the region.

C

The "scene resolution" provides a useful concept in analyzing )
the statistical variation of a region. We shall define the "scene
resolution" as the number of sensor resolution elements or pixels
required to make up one independent element in the scene. If there 1)
are N pixels within a homogeneous region and Ny independent scene
elements (N; < N) then the average ''scene resolution" for the region '
would be given by N/NI. Returning to the grassy field example, if }

*Statistical independence is different from the property of
homogeneity. For instance, one can generate a completely random map
from a single distribution which will have the property of homogeneity
but will also have all the elements independent. One can imagine a
homogeneous region containing a number of independent elements, e.g.,
a desert area in which the shrub patterns (depending on resolution)
constitute the independent elements. It is a difficult procedure to §
test for and locate independent elements in a scene. Reference 1
describes a short-cut method for estimating this parameter by working
backwards from the statistics of the correlation surface and assuming
a homogeneous scene with all elements being independent.
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the field were completely uniform with no variations in intensity
level, then it could be considered to contain only one independent
scene element and the scene resolution would be given by the total
number of sensor elements in the region, N. In this particular case
one could not expect to resolve any features within the region due
to the uniformity of the region; thus the scene resolution equals
the size of the region (in terms of sensor elements). If, on the
other hand, there had been a number of objects (with different sig-
natures) such as tree trunks and shrubs within the grassy region,
then we would expect the region to be statistically represented by
several independent scene elements. It should be noted also that if
the resolution of the sensor were to increase to the point that
dimensions of objects within the grassy field were to cover several
sensor resolution elements, then these objects would be considered
homogeneous regions in themselves. If the resolution were to in-
crease further, then areas within the objects (e.g., moss on the
fallen tree trunks) would eventually become homogeneous regions and
the process of identifying homogeneous regions could continue ad
infinitum.

At this point we see that for a given sensor resolution it is
possible to statistically describe a scene as being composed of a
set of homogeneous regions with each region being described by a
number of statistically independent elements.

Structuring the Errors

There are a number of error sources that affect the performance
of the system. It would be desirable to lump these errors into ge~
neric categories in discussing system performance rather than treat-
ing each error source separately. Such a generic categorization
should possess the following properties:

1. The error categories should be mutually exclusive.
2. They should be comprehensive,

3. There should be a positive relationship between the
category and a specific preprocessing technique or
correlation algorithm to accommodate all errors in
that category.

Based on the types of errors that occur in the map matching
process and the statistical description of the scene, the following
generic categories of errors are proposed:

1. Global Errors--those errors which uniformly affect the
intensity level of all scene elements equally. In this
category the following errors would generally fit:

. geometric distortions

e bias and gain changes




2. Regional Errors--those errors where the change in the
intensity levels occurs wmiformly only within homo-
geneous regions or features within the scene. Exam-
ples would be:

e region level shifts (contract reversals)

e predictive coding errors

3. Local Errors--in this situation the errors are expected
to affect each pixel or grouping of pixels (contained
within an interpixel correlation length) independently.
The primary example of this error source is additive
noise.

4. Nonstructured Errors--this is a rather catchall category
designed to fit those errors whose effect on the scene
cannot be described as being global, regional, or local
(e.g., a cloud cover over the target area casts a ground
shadow which changes the signature in a nonstructured
manner).

Although some errors may sometimes fit into more than one cate-
gory, this generic categorization will normally accommodate all error
sources as well as provide a convenient means of establishing guide-
lines for algorithms and preprocessing selection.

Preprocessing

The p}eprocessing of sensor imagery consists of either changing
the intensity levels through the image or segmenting the scene spa-
tially into groups of pixels. The intensity level preprocessing is
designed to compensate for any biases or gain changes in the system;
whereas, spatially grouping of elements is designed to accommodate
geometric errors.

In general, preprocessing is designed to accommodate global
errors that occur in the scene and which, by definition, effect all
scene elements equally. Thus global errors such as gain changes and
bias errors are handled by normalizing the intensity level and by
zero meaning the data, respectively. As discussed previously, geo-
metric errors also are global in nature and reduce the degree of
congruence between sensed image and reference image. 1In order to
reduce the effect on system performance, geometric errors always
force one to work with smaller map sizes and, depending on the nature
of the distortion (in azimuth and elevation), may also force one to
shape the window of the sensed image or to search for a rotation or
scale error. Thus, to accommodate this type of error, it is neces-
sary at a minimum to spatially group the sensor map elements into a
single (or number of) smaller map(s). If distortions are uneven in
azimuth and elevation it will also be necessary to spatially group
the elements so that the appropriate window shape may be obtained.
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MATCHING ALGORITHMS

The matching algorithm is only one part of the overall matching
process, as indicated in Fig. 5. To begin with, there are a number
of system parameters which can be chosen to lessen or worsen the
severity of the errors on system performance. These include the
sensor orientation, resolution and wavelength, the reference map
preparation, and the flight geometry of the vehicle. There are, as
indicated in the figure, separate processes for accommodating each
of the error sources. Global errors (e.g., geometric distortions,
gain changes, etc.) are accommodated in the preprocessing by either
reducing and shaping the map size or by normalizing the intensity
level of the sensed image. They can also be accommodated by searching
in the matching algorithm for rotation and/or scale factor errors.
The scene composition problem involves checking to insure that the
reference map contains a sufficient amount of independent information
and that there are no "scene redundancy' problems within the reference
map boundaries.

The algorithm itself is primarily designed to accommodate re-
gional and local errors with nonstructured errors being more difficult
to foresee and accommodate. The basic matching algorithm for accommo-
dating regional and local errors can be categorized as belonging to a
feature matching or image correlation class of algorithms. It should
be noted that none of these algorithms have been mathematically de-
rived to maximize .ystem performance (probability of correct match or
accuracy) and, therefore, must be considered in a sense to be "ad hoc."

It is first necessary for the 'feature matching” procedure to
extract the features from the scene. The first part of the feature
extraction process involves locating the edges or boundaries of fea-
tures. Thus, the scene can be reduced to a set of lines which are
the boundaries of the feature. Next the line intersection points are
located. In general, the number of lines emanating from each vertex
is retained and used as part of the weighting criteria in the feature
matching algorithms.

In image correlation there are two basic types of algorithms
utilized--those which emphasize the degree of similarity between
scenes such as the product, and those which emphasize differences
between scenes such as the difference squared and MAD* algorithm.

The standard correlation process works on the gross characteris-
tics of the scene and all preprocessing is done globally (i.e., the
mean level when subtracted out is zero-meaned over the entire scene,
and similarly when the scene is normalized by the variance, this is

*
Mean absolute difference.
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done over the entire scene). 1In a sense the usual correlation process
is designed to work on a homogeneous scene. There are two basic vari-
ations to the standard or usual correlation algorithm which are more
specifically tailored to nonhomogeneous scenes and the errors associ-
ated with them. It should be noted that these variations, in the
absence of nonhomogeneity in the scene, reduce to the usual correla-
tion process. We shall denote these variations that deal with scene
nonhomogeneities as (1) feature matching, and (2) hybrid algorithms.

One could introduce a feature matching algorithm into the corre-
lation process by breaking up separately the sensor and reference maps
into homogeneous subareas. Each of these maps would then consist of a
set of homogeneous regions and all processing (rather than being on a
global scale) would be performed separately on each homogeneous sub-
region. Thus, when maps are zero-meaned and normalized, the local
mean and variance in each subregion is computed and used to perform
the normalization.

After processing both the reference and sensor map on the basis
of homogeneous regions, a standard correlation algorithm can be used
to determine the position of match between the two maps. The major
generic difference between this feature matching correlation algorithm
and the "pure" feature matching algorithm (employing pattern recogni-
tion techniques) is the weighting given to homogeneous regions. 1In
"pure" pattern recognition algorithms, edges are first extracted and
used to identify line intersection points. These line intersection
points or vertices then form the primary basis for matching two scenes.
In a sense (since edges can be considered the boundaries of homogeneous
regions, and vertices are formed by the intersection of edges) a pure
feature, or pattern matching algorithm weight all homogeneous regions
equally, whereas in the feature matching correlation algoritnm, each
homogeneous region would receive a weighting proportional to its size
(measured in terms of the number of independent elements contained
within). 1In summary then "pure feature matching algorithms can be
viewed as being different from feature matching correlation in that
different weights are assigned to the various homogeneous regions.

There is another adaptation of the standard correlation algorithm
what has been developed at Rand which one can implement to accommodate
homogeneous regions. We shall refer to this as a hybrid algorithm
which processes only the reference scene into homogeneous regions.

The principal idea here is that every position of comparison between
the two images is assumed to be the correct one. Thus at each dis-
placement position or comparison point the seasor scene is sepgmented
identically as its counterpart reference map. At the position at
which the two maps correctly match the sensor scene will then be seg-
mented almost perfectly, enhancing the match, and at all other posi-
tions the sensor map segmentation will essentially look like noise.

*For each displacement position the matching process consists of
correlating each homogeneous region of the reference map and segmented
sensor image separately, and combining additively the correlation in
each individual region.
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The objective of this correlation method is to avoid the errors asso-
ciated with extracting homogeneous regions or features from the sensor
image, and the additional processing requirements placed on the system.
If the image is noisy, normal edge operators have difficulty in per-
forming their feature extraction task and, as a compromise, the hybrid
approach, which strictly is not as good as a '"pure' feature matching
or correlation feature matching algorithm, does possess significant
advantages over the standard correlation approach at accommodating
certain types of regional errors such as contrast reversals.

In Fig. 6 we show an example of this hybrid processing scheme.
We have in the figure identified each reference pixel with a homoge-
neous region, Thus each reference pixel has both a region identifi-
cation and an intensity associated with it. The template for the
sensor map processing is shown for two map displacement positions.
As indicated in the figure, the sensor map is segmented into homoge-
neous regions at each of these displacement positions in a manner
identical to that of the reference map elements occupying the same
spatial position. The sensor map elements are then processed by
homogeneous regions (i.e., the mean intensity level subtracted out
and possibly normalized by the intensity variation in the region)
with the total correlation between sensed images and reference map
being the sum of the correlation in each region at each displacement
position. Thus we have identified four generic types of image match-
ing methods:

1. Standard correlation algorithm

2. '"Pure'" feature matching algorithm

3. Feature matching correlation algorithm

4. Hybrid algorithm

The first two methods are the two basic approaches to image
matching, while the latter two methods are variations of the standard

correlation process designed specifically to accommodate nonhomoge-
neous scenes and the nonglobal errors associated with them.

SIMULATION RESULTS

Let us examine the effects of regional and local errors on the
performance of matching systems for various classes of algorithms.
First, let us examine the accuracy of the system measured in terms of
the sharpness of the correlation peak. The general broadening of the
correlation peak around the match point is caused primarily by the
nonhomogeneous nature of the scene. Thus if we could process out the
nonhomogeneous regions in the scene by a feature matching or hybrid
algorithm we could expect a general sharpening of the correlation
peak around the match point.

To illustrate these points we will decompose several Earth Re-
source Satellite (ERTS) maps into homogeneous regions and perform an
autocorrelation between a sensor and reference map using the standard

e e 88 min e
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Reference Map Segmented into Homogeneous Regions

B

3

3
4
I 3/
Template for Sensor Map Processing Template for Sensor Map Processing
for Center Displacement Position for Last Displacement Position

A e I I , | ==

2

Fig. 6—Illustration of hybrid matching process

product algorithm, a feature matching algorithm, and a hybrid correla-
tion matching algorithm which have been described previously. The
feature matching algorithm essentially removes the effect of homoge-
neous regions since all homogeneous regions are zero meaned and nor-
malized separately. The hybrid algorithm, on the other hand, takes
out some but not all of the effects of the scene nonhomogeneity.
Figure 7 shows the effect of using these three different algorithms
upon the correlation surface for four different ERTS scenes. The nor-
1] autocorrelation process produces a spread out correlation peak,
while the feature matching algorithm (homogenizing both the reference
and sensor scene) produces the sharpest correlation peak, being limited
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only by the interpixel correlation. The hybrid algorithm produces a
correlation surface between the two indicating that it does remove
some but not all of the effects of scene nonhomogeneity. The remain-
ing width of the correlation surface is due to interpixel correlations
between nonindependent map elements contained within the homogeneous
regions. To summarize, the slope of the correlation surface is domi-
nated by the size and shape of the homogeneous regions composing the
scene. Thus by utilizing feature matching or hybrid algorithms it is
possible to filter out these low spatial frequency components and
sharpen the correlation peak. The interpixel correlation and inten-
sity v.riations between pixels, represented by the number and size of
independent elements within the region, are only significant to the
correlation process for completely homogeneo1s scenes (which are rare)
and for scenes which have been homogeneously processed. Conversely,
by homogeneously segmenting the scene, sharper correlation peaks can
be produced whose widths are limited only by the interpixel correla-
tion or the size of the independent elements.

The choice of matching algorithms for acquisition (PC being
major performance measure) will depend on the nature and magnitude
of the regional and local errors. Some analyvsis has been performed
in relating nonstructured errors to changes in system performance.
In general the algorithm choice is not strongly dependent on the na-
ture of nonstructured errors. Nonstructured errors are best accommo-
dated in the mission planning phase of the operation. By proper route
planning obscuration and masking errors may be avoided, and by timing
and weather planning it may also be possible to reduce the diurnal and
weather effects which can cause nonstructured errors. Thus the occur-
rence of nonstructured errors can be reduced by careful mission plan-
ning. Generally any residual nonstructured errors cannot be adecquately
modeled and thus one can only hope that they do not seriously degrade
system performance.

The algorithm choice, then, in the extreme case of local errors
only, tends toward ordinary correlation, whereas, in the other extreme
(regional errors only) the algorithm tends toward pure feature matching.
As one is generally never confronted by an either-or-situation, except
in the case of Terrain Contour Mappping (where there are primarily local
errors), it is necessary to weigh the relative magnitude of local and
regional errors present in deciding upon the choice of algorithm.

Let us first consider the differences between the various categories
of correlation algorithms when only local errors (additive noise) are
present. To examine the effect, we took several 10 x 10 element sensor
maps from the center of 20 x 20 reference scenes in various parts of an
ERTS map. To these sensor scenes we added white Gaussian destributed
noise such that the S/N rati» was 0.5. The simulation consisted of cre-
ating 25 different noisy sensor images and matching the reference and
sensed imagery for different categories of algorithms (feature matching
correlation, hybrid, and ordinary correlation algorithms) using the
product algorithm. Table 1 shows the percent of successful matches
(Pgiq) for each category of algorithm. The feature matching algorithm
scored perfectly each time and is not shown in the table.
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Table 1

MONTE CARLO SIMULATION RESULTS
Reference Map: 20 x 20
Sensor Map: 10 x 10

Simulation Results
Terrain Type | Region| Type of Algorithm (Product)
Mountain 2 Ordinary Correlation 0.96
Mountain 2 Hybrid 0.68
Suburbs 17 Ordinary Correlation 1.00
Suburbs 17 Hybrid 0.80
Desert 10 Ordinary Correlation 1.00
Desert ¢ 10 Hybrid 1.00
Desert i 6 Ordinary Correlation 0.96
Desert | 6 Hybrid 0.68
Agricultural | 12 Ordinary Correlation 0.76
Agricultural | 12 Hybrid 0.36

The homogeneous regions within the reference map boundary were
defined manually. The homogeneous regions or features in the sensor
image were also defined manually for the feature matching correlation
algorithm. In the real world these regions must be extracted auto-
matically so that the results for the feature matching correlation
algorithm are, in a sense, an optimum case. In the real world, homo-
geneous regions are generally extracted through the use of edge oper-
ators. These systems generally do not perform well in the presence
of local errors. Simulation results achieved for real-world scenes
using pure feature matching approaches generally indicate results
closer to or worse than those achieved by the hybrid aigorithm are
obtainable when automated edge finding feature extraction techniques
are used.

To determine the change in system performance measured in terms
of probahility of correct match (P ) due to regional errors interact-
ing with the three different categories and types of algorithms de-
scribed previously, we ran an experiment to test the effects of such
errors. In an attempt to place regional errors into the correlation
process we decided to see the effect of changing the mean values of
the "intensity" levels in the homogeneous regions of the scene. For
this experiment a sensor map (20 x 20) was chosen with a larger number
of homogeneous regions (mountain area, region 4) and the mean level of
each homogeneous region was changed by a random amount. The magnitude
of the level change was drawn from a zeroc mean Gaussian distribution
with three different standard deviations chosen to be 25, 50, and 100
percent of the dynamic range of intensity values in the scene. Two
different algorithms (the normalized product and the difference-squared
with the mean intensity value subtracted out) and three different pro-
cessing schemes (both sensor and reference maps homogeneously segmented,
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only the reference map segmented (hybrid) and no segmentation) were
utilized. Additionally a small amount of noise was added to each
pixel in the scene. The results are shown in Table 2. Shown in
this table are the percent of successful correlations (out of 25),
PgiM» for each run using the different algorithm categories and
types. Since we are using the "perfect" feature matching correla-
tion algorithm we would not expect any change in performance with
change in level and the results so indicate. On the other hand,
there is a definite degradation in PgrM for the ordinary correlation
cases for all types of algorithm, with increasing changes among homo-
geneous levels in the scene. The hybrid algorithms, while generally
having performance somewhat below that of the "perfect" feature
matching algorithms, essentially do not degrade with increasing

. regional error.

Table 2

SIMULATION RESULTS WITH LEVEL CHANGES BETWEEN HOMOGENEOUS REGIONS
Mountdin Area--Region 4
(20 x 20 Sensor Map, 40 x 40 Reference Map)

Mapnitude of Level Change
25 Percent | 50 Percent | 100 Percent
Process Algorithm PSIM PSIM pSIM
Ordinary Normalized Product 0.92 0.88 0.52
1 Correlation
Hybrid Normalized Product 0.72 0.72 0.68
Perfect Feature | Normalized Product 1.0 1.0 1.0
Matching
Ordinary Difference Squared 0.88 0.68 0.48
Correlation (zero-meaned) a
Hybrid Difference Squared 0.96 1.0 1.0
(zero-meaned)
Perfect Feature | Difference Squared 1.0 1.0 1.0
Matching (zero-meaned)

3The lower value relative to higher magnitude level changes is attrib-
buted to a statistical variation in only using 25 samples.

SUMMARY AND CONCLUSIONS

This paper described the image matching process as a two-phase
process, with the first phase being concerned with the acquisition
of the correct match area, and the second stage being concerned with
accurately locating the match point. The major rationale for the :
failure of the system to acquire is described as beinpg due to a com-
bination of noise plus interscene redundancy (e.g., checkerboard),
this latter problem being extremely difficult to model. Accuracy was
shown to depend on two components of the scene structure--the size
and magnitude of homogeneous regions in the scene and the interpixel
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correlation (expressed in terms of an independent scene element)--and
the amount of geometric distortion present.

It has been shown that accuracy can be improved by utilizing a
hybrid or feature matching algorithm which segments the scene into
homogeneous regions. This segmentation significantly sharpens the
correlation. The residual spread in the correlation peak can be at-
tributed to interpixel correlation.

The acquisition problem, described in Fig. 5, consists of deter-
mining the preprocessing requirements, developing a scene selection
criteria, choosing an algorithm, and verifying the system via a sim-
ulation. As indicated in this figure, the first problem that must be
accommodated is global errors. These errors are generally accommodated
by either normalizing the intensity level or by spatially grouping the
scene elements so as to reduce the susceptibility of the matching pro-
cess to geometric distortion.

The scene selection process requires that two criteria be met.
The first is that a sufficient amount of independent information must
be contained in the map. Although not discussed, a number of methods
have been proposed to measure the independent information contained
within the scene. Tne correlation length appears to be a poor measure
because of the ambiguity associated with the term. The number of "inde-
pendent scene elements' appears to be a good measure to utilize for cor-
relation processes, while the "number of vertices'" appears appropriate
for pure feature matching processes. The second scene selection pro-
cess of importance is the avoidance of interscene redundancy (e.g.,
checkerboard patterns)., The height of secondary correlation peaks
using ordinary correlation does not appear to be as good a measure of
scene redundancy as the height of secondary peaks using the hybrid
algorithm, This hybrid class of algorithm assumes that at each dis-
placement position the sensor image is segmented into homogeneous re-
gions in an identical manner to the portion of the reference map against
which it is being compared. Thus, this class of algorithm emphasizes
the spatial structure of the scene and the few simulation results ac-
quired to date indicate that secondary peaks on the autocorrelation
surface associated with the hybrid algorithm are places where false
matches are likely to occur due to an interscene redundancy.

Finally, in the acquisition process, an algorithm must be chosen
from the generic class of ordinary correlation, hybrid correlation,
feature matching correlation, and feature matching such that it can
accommodate the amount of regional, local, and nonstructured errors
that are anticipated. 1If only local errors are anticipated (e.g.,
TERCOM navigation system) then ordinary correlation algorithms are
appropriate, whereas, if regional errors dominate, a feature matching
or hybrid algorithm is demanded. Most real-world scenes have both
regional and local errors superimposed. If the magni‘ude of the vari-
ation in the mean intensity levels between homogeneous regions in the
area (that can be accounted for in the signature prediction) exceeds
in value 50 percent of the intensity level difference betveen regions,
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then it appears that one is forced to use a feature matching algorithm,
with the hybrid algorithm looking as an attractive alternative to avoid
the near real-time feature extraction process in the sensed image, while
at the same time being able to deal with regional errors.

A L
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