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Abstract

This research addresses the problem of pose estimation of three dimensional objects
given their two-dimensional IR imagery and corresponding synthetic (i.e., computer-generated)
IR imagery. In this research. features and techniques are investigated to find those which

may be extendable from synthetic imagery to real-world imagery.

For creating the synthetic imagery, the computer programs GTSIG and SCNGEN were
used. Based on the strengths and weaknesses of these computer programs, silhouette and
outline shape moments were selected as optimum first choices for identifving the base-plane

rotation angle of a Soviet T62 Main Battle Tank.

Employing “backpropagation with momentum” as the training paradigm, a neural
network was used to identify the base-plane rotation angle of the synthetic T62 to within
+ 7.5 degrees with an accuracy greater than 90%. However, no conclusive results could be

drawn from comparisons to real IR imagery.

Xit




FEATURE EXTRACTION FOR POSE ESTIMATION:
A COMPARISON BETWEEN SYNTHETIC AND REAL IR IMAGERY

1. Problem Description

1.1 Background

The Air Force Institute of Technology (AFIT) investigates the many aspects of three-
dimensional object recognition using two-dimensional imagery. Much of the research in
this area involves the recognition of strictly military objects of interest (such as tanks and
jeeps—as opposed to chairs, tables, and so forth). As should be expected, these items can

be targeted or used for strategic or tactical intelligence purposes.

One method of automatic recognition using computers involves the correlation of a
reference object with a test object. The magnitude and shape of the correlation peak indicate
the degree of correspondence between the reference and the test object. The location of the
correlation peak within the test object’s imagery also indicates where the object is located

within that imagery.

For real life applications, accurate correlations require an enormous amount of reference
images for the comparisons. Physical constraints such as memory size prohibit such a large
data base of actual imagery. Additionally, to generate the imagery, a real object has to
be rotated (and imaged) through every possible orientation angle (47 steradians worth of
rotation—half this number if you are looking at objects on the ground since you generally

can’t see the undersides of the objects).

Consequently. the use of computer-generated (or synthetic) imagery for this correlation

is an attractive alternative. The only memory required is that for the description of the




model’s physical geometry and radiative properties. Any orientation of the model can be

generated-—giving an unliinited number of images for correlation purposes.

However, to generate synthetic imagery to use for the correlations, some estimation of
the orientation of the real object is required. A sufficient number of orientation parameters
must be determined in order to generate the synthetic image which closely matches the real

object—a number which is dependent on the software used to generate the synthetic imagery.

Furthermore, features must be found which can be applied to both the synthetic and
real imagery (and which can be used to determine the orientations of both). These features
will be strongly dependent on the software used to generate the synthetic imagery. Depend-
ing on the modeling method used and the realism obtainable, features which work for one

rogram’s synthetic imagery may not work for another’s.
prog ¥ g y

In addition to the above use of correlation techniques for object recognition, neural
networks have been studied extensively at AFIT. A neural network’s ability to group and
segregate large amounts of varying data cannot be overstated. In fact. theoretically, a two-
layer multilayer-perceptron neural network can group and discriminate any number of items
based solely on the number of nodes within each layer (71). As such. a neural network may
be useful in sifting through and sorting out the numerical data obtained from the extraction

of features from an image.

1.2 Problem

Complete recognition of real three-dimensional objects from two-dimensional imagery
(i.e.. regular pictures—as opposed to holograms) is an unsolved problem. Complete recogni-
tion requires identification of the object along with determination of its orientation (tilt,
slant, and rotation angles—or yaw. pitch and roll angles in aeronautical terms). This
thesis will investigate a solution to determining the orientation of objects from their two-

dimensional imagery.




This research will attack this problem by using comparisons between synthetic (com-
puter generated) and real infrared (IR) imagery. Therefore, this research will also address
the problem of determining those features which yield orientation information for both syn-
thetic and real IR imagery. Such features will be strongly dependent on the software used

to generate the synthetic imagery: therefore, an assessment of the specific image-rendering

software (GTSIG and SCNGEN) will be provided.

1.3 Summary of Current Knowledge

As will be shown in Chapter 2, there are many features and techniques being used to
both recognize and determine the pose of three-dimensional objects given two-dimensional
imagery. These features and their supporting techniques can be grouped according to the

number of dimensions considered in the feature extraction or image processing stages:

e Volume-Based. Combines the two-dimensions of the image with a third dimensional

quantity (depth or range) obtained through direct or indirect techniques.

¢ Surface-Based. Considers only the two-dimensions present in the image itself. Treats

the object as a single flat entity or as a collection of coplanar regions.

e Line-Based. Detects and processes features based on edges or the junction of edges
(vertices). These lines are conceptually one dimensional; however, in real practice,

there is always a finite extend in the orthogonal direction.

e Point-Based. Uses “zero-dimensional” points found within an image. These points are
obtained directly from “landmarks” in the image or from the processing of the higher

dimensional features.

As discussed in the next chapter, all of these techniques are attractive for solving
the problem at hand; however. limitations of the modeling software relative to the features
and techniques will have to be considered. Models that appear visually precise may not

be mathematically precise enough to support some of the techniques. Similarly, models




that are too precise in some regards, but not precise in others, may not be mathematically
extendable to real imagery comparisons (for example, modeling the effects of the atmosphere
and a sensor’s limitations are perhaps more important than being able to mathematically

model the small temperature differences between small adjacent panels on an object).

1.4 Assumptions

For this research, the following assumptions are made:

e The imagery has been successfully segmented. That is. the potential objects of interest
have been segregated from their surrounding background in such a manner that the

object can be isolated from everything else in the imagery.
e The type of target (T-62 tank, jeep, truck, etc.) is known.

e The range to each object is known (through the use of LASER RADAR or conventional
RADAR).

e The orientation of the patch of ground upon which a target rests is known (i.e., the

tilt and slant angles are known—possible using LASER RADAR).

1.5 Approach/Methodology

This research will attempt to use computers to automatically determine the orientation
of a real object from two-dimensional infrared (IR) imagery (i.e., pictures). To accomplish
this, measurements obtained from the real imagery will be analyzed in a neural network
which has been trained to compute the orientation angles of a similar synthetic object (the

synthetic object is generated using a computer model).

To do this, the following actions are required:

e Assessment of the computer modeling software. This assessment will attempt to de-
termine the limitations of the software so as to allow a judicious selection of features

for comparison between the synthetic IR imagery and real-world IR imagery.




1.6

Selection of features which can be applied to both real and synthetic IR imagery. These
features can be external features (those based on shape features such as silhouettes,
outlines, etc.) internal features (such as shading, location of hot spots. etc.), or a

combination of the two (Gabor features, Fourier features, etc.)

Validation that the selected features can be used to determine the orientation of an
object in synthetic IR imagery. This will be demonstrated by training a neural network

to find the orientation angles of objects within the synthetic imagery.

Validation that the selected features can be used to determine the orientation of objects
in real IR imagery. Once the neural network has been trained using the synthetic
imagery, the real imagery’s measurements will be processed. The neural network’s
output will be the orientation of the synthetic image which most closely corresponds

to objects in the real imagery.

Comparison between the real object and the synthetic object at the orientation angles
provided by the neural network. This comparison will be in the form of a correlation
of the two images. The location, shape, and relative magnitude of the strongest corre-

lation peak should provide a figure of merit for assessing the accuracy of the technique.

Materials and Equipment

The Georgia Institute of Technology infrared signature (GTSIG) and scene generation

(SCNGEN) software will be used to generate the synthetic imagery. Feature-processing

software will be developed within this research for special applications. All software will

be run upon the MicroSPARC workstations at the Model-Based Vision (MBV) lab here at

Wright-Patterson Air Force Base.

1.7

Schedule

The first step is to determine the strengths and weaknesses of the specific image ren-

dering software used for synthetic-image generation. Based on this assessment, features will

Ut




be selected which appear to be most comparable between the synthetic IR imagery and real

IR imagery.

Next, the features will be investigated with regard to the synthetic imagery. To assess
whether the features can be used for determining the orientation of the synthetic imagery,
the features will be extracted and plotted as the orientation of the object within the synthetic
imagery is varied. From an analysis of these plots, a subset of features will be selected for

further investigation.

The selected subset of features will be evaluated for use in determining the orientation
of the synthetic imagery. The features will be extracted from objects at known orientations
using the synthetic imagery. The extracted features will be used to train a neural network to
recognize synthetic object orientation. Various configurations of the network will be explored

until an optimal configuration is found.

Finally. if the selected subset of features can be used in pose estimation of the objects
in the synthetic imagery, the features will be extracted from real-world IR imagery and
processed using the trained neural network. The results from the neural network will be used
to generate a synthetic image for visual comparison to, and mathematical correlation with,
the original real-world imagery. The resulting figure of merit (location, shape and relative
magnitude of the correlation peak) will be used to assess the accuracy of the techniques and

the usefulness of the selected features.

1.8 Summary

This research will address the problem of pose estimation of three-dimensional objects
given their two-dimensional IR imagery. This effort will be centered around the use of
computer generated IR imagery. The applicability of certain features will be discussed both
in relation to the pose estimation problem and to the limitations of the computer modeling

software.




As for the remainder of this document, Chapter II identifies techniques used by other
researchers for identifying and estimating the pose of three-dimensional objects from their
two-dimensional imagery. Chapter III provides justification for the methods selected and
provides details on the approach taken in this research. Chapter IV reports the results
obtained using the features and techniques selected for this pose estimation research. Lastly,

Chapter V provides conclusions and recommendations.




II. Literature Review

2.1 Introduction

This literature review focuses on finding the many features and techniques used in
1) recognizing three-dimensional objects from their two-dimensional imagery. 2) recognizing
two-dimensional objects using their three-dimensional models, and 3) estimating the three-
dimensional pose of an object from its two-dimensional imagery. From this base of knowledge.
features and techniques will be sought which may be extended to the specific problem of
pose estimation of two-dimensional infrared (IR) images generated using computer models

of three-dimensional objects.

2.2 Current Methods

The current methods for the research described in Section 2.1 can be divided into
four broad categories: measurements based on volume, measurements based on surfaces,
measurements based on lines, and measurements based on points. As noted by Fan et al.

(29). these four categories represent a hierarchy:

High-Level Invariant to

Description Viewing Angle Volume Measurements
Surface Measurements

Mid-Level Tolerant of Small

Description Changes in Viewing Angle
Line Measurements

Low-Level Dependent on
Description Viewing Angle

Point Measurements

As shown above, the volume measurements represent a high-level description of an
object which is totally invariant to the angle from which the object is viewed. As will be

shown below, true volume representations are not realistic in a real-world target recognition




scenario. As such, the volume measurements discussed below are not “purest” volume mea-
surements, but are measurements based on the visible sides of an object. They are higher
level than the surface measurements which will be described, but lower level than true vol-
ume measurements. Key in the volume measurements is some determination or estimation

of the relationships of various parts of the object to one another in three-dimensions.

For the other three categories of measurements, surface measurements include oper-
ations on such things as facets, silhouettes, outlines (boundary edges), etc. Surface mea-
surements can be thought of as dealing with two-dimensional entities. Line measurements
include edge-detection types of operations with some manipulation of the edge data once
obtained. Conceptually, line measurements deal with one-dimensional entities. And., finally,
point measurements involve the relationships of various points on the object (these points

are, essentially, zero-dimensional entities).

It should be noted that these measurements are not always performed independently
of one another. Furthermore, many of the measurements are taken at a high level and then
converted to a lower level for processing (e.g., after finding the lines in an image, the centroids

of the lines are used as points for point-based recognition).

2.2.1 Volume Measurements. As noted above, these measurements are not “purest”
volume measurements. This is due to the fact that these measurements are taken from only
the visible side or sides of an object. Portions of the object which are occluded by other
portions of the object, as well as the underside and backsides of the object, preclude a full

measurement of the volumetric features of an object in a real-world scenario.

The volume measurements are based on some determination or estimation of the three-
dimensional relationships among parts of the object. These three-dimensional relationships
are determined 1) via direct range measurements (using LIDAR or RADAR). 2) via indirect
estimations of the relative orientations of portions of the object using shading analysis, and

3) via correlation between multiple views of an object.




2.2.1.1 Range-Based. Range-based measurements, as used here, are obtained
using direct range measurements (68, 74, 16. 27, 10, 29), or by using stereoscopic vision
techniques (13. 60). or by using some other ranging technique (70, 62, 64, 22, 60). The
data obtained from this additional dimension is used to 1) enhance standard mathematical
processing (such as moment-based analysis). 2) decompose the object into its constituent
orthographic projections. 3) detect planar patches, 4) detect high-interest points. or 5) com-

pute volume-based aspect ratios. Each technique is discussed below.

Three-Dimensional Moments. Representative of this work is the work by Sadjadi (74)

and Casasent (15). They extended invariant moments to include range information and con-

firmed that this additional information could be used to classify three-dimensional objects.

Primary-Silhouettes. Primary silhouettes are obtained via the orthographic projections

of a three-dimensional object (i.e., project the object onto its x-v. x-z. and y-z planes) (85).
Wang et al. (85) used the projected silhouettes ¢f an object to match to a library of models.
The techniques included calculation of the moments up through the second-order moments
and calculation of the Fourier descriptors. To account for dilation effects, Wang states that
one can use the ratio of the principal moments of the object to the principal moments of the

object’s enclosing cube (or parallelepiped).

Planar Patches. Once found, these features are processed according to three basic

qualities: relative locations in three-dimensions (38, 39): orientations in three-dimensions
(56, 40. 83, 38, 39): and. dihedral angles (48). Notable to the present research effort. however,
Roggeman’s work (68. 69) suggests that for the ranges involved in many military target-
acquisition environments (1 km or so), accurate small-scale orientation measurements may

be difficult to obtain due to noise in the range measurement process.

Control Points. These high-interest points are those which can be shown to correspond
with a moderately high-degree of certainty betwecn a model and specific instances of an

object-—such as for over-hcad photography (76). As used by Lie (51), these points were
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generated by finding the range to specific points in an intensity image. The combination of

range and intensity produced fast and robust results.

Three-Dimensional Aspect Ratio. This ratio, analogous to the two-dimensional height-

to-width aspect ratio, is calculated by dividing the measured volume of an object by the area

of its projection toward the viewer (85).

2.2.1.2  Shape from Shading. Asopposed to the direct measurement of the range
as is done in the previous subsection. “shape from shading™ attempts to estimate the relative
ranges and orientations among surfaces of an object using the relative changes in intensity
among the surfaces (43. 70. 62, 64. 59, 60. 13, 51, 54). It is based on the assumption that the
intensity viewed from an object represents regions of relatively uniform reflectance as from

a regular texture (54) or from regions of similar orientation (60).

This “range” information is also used to find planar patches (70. 62, 64). However, as
noted by Oshima (60). “...there is no guarantee that changes in light intensity correspond

to geometric features.”

2.2.1.3 Multiple Views. To overcome the need for range information, this class
of volume measurements uses multiple views of an object taken from at least two different
camera viewing angles. These multiple views can be used to find internal features (15. 56)
or to enhance representations such as silhouettes (20). Though this technique does not rely
on range information. as noted by Chien (20). these measurements can be tied to models if

range information is available.

2.2.1.4 Ertended Gaussian Image. The Extended Gaussian Image (EGI) is
more a technique for using three-dimensional data than a means of gathering it. To generate
an EGI. a three-dimensional object is decomposed into its component surfaces in three-
dimensions as will be shown below. Within its limitations, the EGI represents a com-

plete volumetric description of an object which can be obtained using models of the object

11




(42. 43, 146. 29). As such, it is a candidate technique for matching features between models

and objects.

As explained by Horn (42, 43). the Gaussian sphere is a unit sphere upon which points
are placed to correspond to surfaces on an object. The placement of these points is such
that the normal to the sphere at the point corresponds to the normal of the surface being
represented. If, however. instead of just a point. a magnitude (or mass) is used which

corresponds to the area of the surface represented. one has the EGL

The EGI is invariant to translation. and rotates in correspondence with rotations of
the object it represents (42). In its use. Ikeuchi (46) used three-dimensional surfaces features
and matched the visible pattern to its corresponding portion of the EGI. However. as noted
by Fan et al. (29). the “EGI is sensitive to occlusion and is unique for convex objects
only.” Furthermore. segmenting an image so as to be able to use the EGI is difficult for
multiple scene analysis (29) (this may not be applicable to the research in this thesis given

the assumptions about the imagerv as stated in Chapter 1).

2.2.2 Surface Measurements. As implied in the introductory paragraphs of this sec-
tion. surface measurements do not use the third dimension of depth (or rangei. The result-
ing two-dimensional features treat the object as a single flat surface (referred to as “Overall
Shape” below) or as a collection of flat surfaces and features (referred to as “Inner-Shape De-
tails™ below). As noted by Fan et al. (29). these descriptions are tolerant of small changes
in the angle from which the object is viewed. Though this is a useful quality for object

recognition and classification. it could be problematic in pose estimation.

2.2.2.1 Orverall Shape. As used in this subsection. “Overall Shape” refers to the
shape of the entire object as viewed in two-dimensions. Measurements based on this shape
can be broken down into two categories. The first category uses outline features. These
features are calculated from treating the outline as a single continuous entity (as opposed
to a collection of line segments which is used in the next subsection). The second category

uses silhouette features. These features include the area enclosed by the outline of an object.
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In both the outline and silhouette features. the object is represented as a binary image
(no gray-scale intensities are indicated—the image is black and white with the object being

represented by an area of black within an overall white background).

Outline (or Boundary Edge). As stated by Ballard (7)., “In an image, the pertinent

information about an object is very often contained in the shape of its boundary.” In fact,
early Automatic Target Recognizers (ATRs) and Automatic Target Cuers (ATCs) looked
for closed surfaces by following detected edge boundaries (34). These outlines were then

processed for recognition or cueing purposes.

Lucero et al. used outline features with moderate success (71%) to classify objects in
Forward-Looking Infrared (FLIR) imagery (53). For that research, Lucero used the outline
calculated from the ideal silhouette of an object which was viewed at a distance of 1 km or so.
Dudani (28) also successfully used outline moments to identify objects (by using invariant

moments such as Zernike moments).

Politopoulos (63) used outline moments to relate image objects to objects contained in
a database. In the cited reference, Politopoulos establishes the mathematical relationship be-
tween silhouette and outline moments. Though a silhouette moment is found to be a “linear
combination of products of [specific] boundary moments,” the mathematical relationships

still justify the use of outline moments in addition to silhouette moments.

Fourier descriptors have also been used to identify three-dimensional objects by their
two-dimensional outlines (5. 19, 66). As stated by Arbter (5). “a closed curve may be
represented by a periodic function of a continuous parameter, or alternatively, by a set of
Fourier coefficients of this [periodic] function.” Arbter normalized the curved parameterized
line so as to obtain “affine” invariant Fourier descriptors (i.e., the descriptors are invariant

to those out-of-plane rotations which produce a shearing effect on the object’s image).

Silhouette. As opposed to the outline features of the previous subsection, silhouette

features are those for which the area within the outline of an object is also used (53, 67, 85).
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Though there may be some debate as to whether silhouettes may be used to classify a target

(53), their use for object recognition has been moderately successful (28, 80, 3, 21, 22).

In addition to using outline moments, Dudani (28) also used silhouette moments for
object recognition. However, as noted by Politopoulos (63) and referred to in the previous
section, silhouette moments are linear combinations of various products of outline moments.
According to Politopoulos, the specific linear combinations and products can be used to

justify using both silhouette and outline moments as features.

Teague (80) used standard statistical and Zernike moments to completely reconstruct
an image silhouette using only the first 16 or 18 moments. However, the shape of the object
was recognizable using only the first 12 or so moments. Furthermore, Abu-Mostafa (3)

showed that you need the higher-order moments when you have noise in a scene.

Instead of using standard statistical moments, Cyganski et al. (21, 22) used tensor
representations and tensor moments. Tensor moments are calculated in similar fashion to
standard moments (78); however, instead of using absolute coordinate positions, vectors
to those positions are used. As stated by the researchers, this added attribute allows for

standardization of the object’s orientation.

In addition to the moment-based processing, global features relating to the structure
of the object (and, hence, its silhouette) are also used (8, 34). These include height and
width—or vertical and horizontal size—as well as the area and so forth (8). Additionally,
the two-dimensional aspect ratio (34) is calculated by taking the ratio of the height to the
width.

2.2.2.2 Inner-Shape Details. In this subsection, “Inner-Shape” refers to those
regions or areas within the boundary of the object’s image. Unlike the overall shape features
which are typically binarized (black and white). inner-shape features typically rely on there
being subtle or distinct changes (gray-scales) in the inten<ity of the inner rcgions. However,
for IR imagery. Politopoulos (63) notes that intensity-based features are “not deemed ap-

propriate™ due to “immense variety and inconsistency presented by intensity distributions.”
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Furthermore, relative to IR models, Sadjadi (73) mentions that “certain relationships that
form foundations of target, atmosphere, and background IR modelling are not determinis-
tic.” And. lastly, as stated earlier, Oshima (60) contends that the intensity of an area does
not necessarily relate to some geometric quality of the area (though his statement was made

in regard to visible imagery, it is extrapolated here to include IR imagery).

For these inner-shape features, there are three typical categories: intensity-based sta-

tistical features; sub-regions and their attributes; and textures and their qualities.

Intensitv-Based Statistical Features. These features use both absolute and relative

intensity values (34). The statistical features used include standard deviation, variance,

average intensity, and maximum/minimum intensities.

Sub-Regions. These features include relative locations of continuous regions (73), ge-
ometric attributes such as rough geometric shapes (e.g., triangles, quadrangles, etc.) (14).
and contrast between neighboring regions (9). Gilmore (34) also states that ATRs of today

use image sub-regions for segmentation purposes.

Textures. In addition to using regions for target recognition, ATRs of today also use
the textures within and about the regions (34). Two functions which essentially extract
information about the texture within an object are the two-dimensional Gabor and Fourier

transforms.

The two-dimensional Gabor transform is composed of a two-dimensional sinusoidal
function (e.g.. a sine or cosine function) multiplied by a two-dimensional “windowing”
Gaussian envelope (6. 23. 24). The Gabor transform essentially picks out textures which
correspond to the number of sinusoidal cycles at the specific orientation and extent of the

sinusoidal function (23, 24).

Daugman showed that two-dimensional Gabors could be used to compress the amount
of information contained within a scene (23). He later showed that neural networks could be

used to determine the optimum Gabor coefficients to completely reconstruct an image (24).




As shown by Ayer (6), based on the type of sinusoid (cosine or sine), it is possible to use the

Gabor for textural determination as well as for edge detection.

Whereas the Gabor transform used a Gaussian envelope to “window” the extent of the
sinusoidal function, the Fourier transform does not apply such a restriction. More informa-
tion on the nature of the two-dimensional Fourier transform can be found in (32, 36). For

information on the Fourier transform as a feature extraction technique, see the references in

the bibliography (85, 66, 50).

2.2.3 Line Measuremcnts. As noted by Fan ef al. (29) in the introductory section to
this chapter, measurements based on lines within an image tend to be more dependent on the
viewing angle than the two-dimensional surfaces from which these one-dimensional features
are derived. However. as will be shown in the subsection on Inner and Outer Edges. there are
certain groups of linear features which are relative invariant to the viewing angle. Line-based
features include discernible edges and vertices (locations where edges come together). These

two categories will be discussed in more detail in the subsections following this section.

To use these line-based features, an edge detection operation is typically performed
on the two-dimensional image (75). However, as noted by Stockman (76), these operations
tvpically produce lines which are shorter than they should be. Also, as noted by Pavlidis
(61), the thickness of a real image’s detected lines versus the thickness of the lines of a
template (or model) can create errors when matching the template to the real image. As
such. it is necessary to account for these inherent inaccuracies. Operations include using
only the low-frequency spatial data (to blur the lines) (50) to more exotic means such as

using fuzzy logic (61).

Stockman (76) also notes that edge detectors tend to misrepresent vertices by over-
shooting the “true termination of an edge in a corner.” To address this problem, Stockman

allows for a certain degree of “sloppiness” in the use of both edge and vertex featurcs.

Many researchers account for the fact that lines may be obscured in an image. For

example, in matching models to real objects for estimating an object’s pose, Ray (65) as-
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signs a label to each line to indicate whether the line is not visible, matches a line in the
model/image, or is unknown. Chatravarty (17) uses “vantage-point domains” to indicate

the viewing angles from which a line 1n a model should be visible.

Also, many researchers account for the directional nature of lines by using vector-
type representations (76, 8). Stockman specifically converts line fragments into vectors (76);
whereas Bart (8) represents each line with a “4-tuple” indicating the location of the centroid

of the line (z and y coordinates), the length of the line, and its orientation.

2.2.3.1 FEdges. In similar fashion to the earlier section on surfaces, this section
is divided into measurements based on outer edge features and a combination of inner/outer

edge features. Indicative of the usefulness of these features are the many different research

efforts using line-based measurements (7, 8, 13, 15, 17, 34, 39, 54, 57, 61, 63, 65).

Outer Edges. As noted in the section on outline shapes, this subsection deals more
with the treatment of an outline as a composition of individual line segments rather than
a single continuous entity. Gilmore (34) mentions that ATRs of today use the segmented
quality of an outline and the relationship among the segments to determine edge busyness.
This feature is then used for target recognition. Also, Ray (65) uses this segmented nature

of the outline for pose estimation.

Inner/Outer Edges. This subsection refers to all lines detected in an object’s image,

not just those associated with the outline of the object. After being detected as stated in
the introductory paragraphs to this section, these lines are then used according to: each
line's geometric parameters; the geometric parameters for groups of two or more lines; and,
mathematical manipulations of the lines without necessarily distinguishing any one line or

line group from another (e.g., using Hough transforms).

As examples of using just individual lines, Bidlack’s work and Ballard’s work show the
types of features extracted (7, 11). Bidlack (11) calculates line segments based on the end
points of the line. The features measured (referred to as geometric data) are pose dependent

and include magnitude, length, relative position, and orientation. Ballard (7) uses vector
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quantities to represent the points on a line. Instead of each point representing a gray-scale
value of intensity, Ballard uses a gradient representation for each point on the line. This
representation uses a directional quantity to indicate the direction of grav-scale change. and

a magnitude quantity to indicate the severity of the gray-scale change.

Instead of treating each line as a individual entity, Brooks (13) and Lowe (54) use
groups of line segments which are invariant for small changes in the viewing angle. These
line-group geometric parameters include connectivity, collinearity, parallelism, proximity,

and symmetry. These linear groupings are then used for feature comparison.

Without distinguishing among lines as is done with the geometric parameterizations
mentioned above, the Hough transform is a clustering technique (37) which accumulates
points based on the transformations from lines of a model to lines of an image (7). Details

on this widely used mathematical treatment of linear features are provided below.

For each linear feature of a model, there is a specific set of translations and rotations
which will bring the feature into correspondence with a linear feature in an image. If a
coordinate system is used which has separate axes for each of the translations and each of
the rotations, a transformation (the set of translations and rotations) would be represented
as a point in this coordinate system’s space (referred to as accumulator space) (7). A range
of transformations would be represented as a “hypercloud” (a nebulous region of points in

the accumulator space).

Consequently, for each linear image feature, there would be a point (or region) in
accumulator space indicative of the transformation (or range of transformations) needed to
bring that linear image feature into correspondence with a linear model feature (37). In
theory, then, the largest cluster of points in accumulator space would represent the most

probable transformation operation between the image and the model (7).

However, as noted by Grimson (37), since the Hough transform computes “all the
transformations from a model to an image by pairing each model feature with every possible

image feature,” the number of large false clusters could potentially be high. Grimson ob-
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serves, “there will always be false matches if there are more than 47 features in the image.”
(Grimson notes that 500 linear features is not an unreasonable number of linear features to

find in a real image.)

The exact number of false matches can be exceedingly large when considering six de-
grees of freedom between real images and models. Grimson states that, using 5-pixel quan-
tized translations and 5-degree quantized rotations, there are 10!? quantized transformations
which can be represented. As such, many researchers use filtering concepts to restrict the
accumulator space to a more reasonably sized space and to improve accuracy of the technique

(37. 7, 12, 47, 75, 81).

2.2.3.2 Vertices. Vertices occur at intersections of line segments. Research with
vertices essentially concentrates on the relative locations of the vertices in an image either
with or without regard to the shape of the vertices in the image. Representative examples

are presented below.

Location of Vertices. Research with this feature focuses on just the relative locations

of the corners in a image without regard for the shape of the vertices. Then, either the

relative locations are processed, or the vector representations are processed (9, 11, 17, 18).

Vertex Shape. In addition to determining the relative location of the vertices within an
image, this category of linear-feature xtraction also takes into consideration the shape of the
vertices (13, 76. 81). Once specific shapes have been located, either the relative locations of
a specific shape is processed (81) or vectors are established between specific shapes according

to some rule (76).

Teh and Chin (81) find the relative locations of either L-shaped or U-shaped vertices
(which are more U shaped than indicated in the letter “U”). The location of the vertex is
represented by a point at the centroid of the base line-segment (i.e., the horizontal portion
of the L or U shape). As noted by the researchers, this method is a “variant™ of the Hough

transform. However, this method does not really account for the directional nature of the
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lines (i.e., their orientation). As noted by Ballard (7), the original Hough transform work

did not account for line orientation and was “inferior” to later work that did.

Stockman (76) finds the X-, Y-, T-, and L-shaped vertices and uses a rule to establish
vectors between specific vertex pairs. For example, a vector may be established from an X-
shaped vertex to an L-shaped vertex, but not vice versa. Additionally, the rule may exclude
vectors between some pairs (e.g.. no vectors between X- and T-shaped vertices). The effect
of the rule is to limit the varieties and number of vectors which have to be processed. As
noted by Stockman in (76), the directional nature of these vectors is required to completely

estimate the pose of an object within an image.

2.2.4 Point Measurements. This last (and, as noted by many researchers, most prim-
itive) feature is often the final step in many of the earlier feature processing routines. How-
ever, as will be shown below, some feature extractions start with point measurements (such
as the use of standard landmark features). Though, for the most part, less primitive features
such as regions, lines and vertices ultimately are processed according to some point which
represents the location of the feature (1, 11, 18, 30, 39, 54, 81, 82, 86). Point measurements
include those points which correspond between a model and an object’s image, between

multiple views of a object, or between different portions of the object itself.

Once the relative locations of the points are known, some mathematical manipulation
is performed to estimate the pose of the shape from which the points were extracted (or, in
the terminology of many researchers, the points are used to determine camera location—to
use an old cliche. it’s “six of one and a half-dozen of another”). If the points are those which
correspond between a model and an object’s image, the model can be used to determine
the pose of the object (41, 54, 77). Additionally, if the points are those which correspond
between multiple views of an object, the correspondence may be used to determine the pose

of the object (82).

2.2.4.1 Standard Landmark Features. These features are typically items such

as “Hot Spots”™ in an IR image (53) or holes in a visible image (39). The locations of these
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features are related to the locations of features determined by corners, edges. and so forth

(17. 18. 30. 39. 67).

2.2.4.2 Three-Dimensional Point Projections. As stated above, once the rel-
ative locations of points are determined, some processing of the point groups is used to
estimate the pose of the shape from which the point groups were obtained. In this subsec-
tion, four types of point groups are discussed: point pairs; three or more points in perspective
images: four-point planar; and. four-point non-planar. It should be noted that perspective
imagery reduces to isometric imagery if the range is large (so that variations in the dimen-

sions over the extent of a target are imperceptible).

It should also be noted that, though it seems to consider the object to be transparent
so that you see hidden corners, processing these points as though originating from a volume
in three dimensions is still a candidate technique for the purposes of this research. For
example, the relative locations of the tip of a barrel, hot-spot centroid, and external corners
of a tank represent a volume which may be completely visible in real imagery from several

real-world vantage points.

Point Pairs. These are two points detected within an image (76), or determined to
be corresponding points between two views of an object (82), or determined to be corre-
sponding points between a two-dimensional projection of a three-dimensional model and a
two-dimensional image (41, 54, 77), etc. If the two points are detected within a single image,
they are typically represented by a vector between the two points (76) or by their relative
locations within the image (76, 51). In all cases, the point pairs are considered collectively

for purposes of object pose estimation.

Perspective-n-Point. This category includes three-point (P3P), four-point (P4P) and

six-point (P6P) data sets from the perspective image of an object:

e P3P (11. 30. 54). Without restrictions applied, three points can result in four possible
orientations when viewed in three-dimensions (30). However, this number can be

reduced by considering the visibility of the features (54) or by considering the stability
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of the object for which some poses may not be feasible (such as a tank resting on its

barrel only) (39).

e P4P (30). Four points are shown to have two possible orientations when viewed in
three-dimensions (30). But, as noted above, restrictions may be applied to eliminate

some of the ambiguities.

e P6P (30). Six points are shown to have one unique solution (provided the points do

not degrade to P3P or P4P).

Four-Point Planar. The constraint of planarity for four points seems reasonable given
objects composed of quadrilateral facets; however, as noted by Bidlack (11). feature extrac-
tors may not be able to find four planar points (even if they existed). This limitation suggests

using a more general four-point method such as the P4P or the tetrahedra-volume method.

Tetrahedra Volume (Four Non-Planar Points). Haralick (40) establishes a closed-form

solution for pose estimation of the four-point problem. And though the work of Fischer and
Bolles (30) might suggest otherwise, Abidi and Chandra (1, 2) establish conditions for four
points (noncoplanar and noncollinear) for which they contend there is one unique solution
to the pose estimation problem. In (2), the researchers convert the four located points into
their corresponding six linear components (four edges and two diagonals) and process the
points based on their linear characteristics. From this processing, they contend one can fully

determine the orientation of the tetrahedron.

2.3 Summary

In summary, the types of features and feature operations listed in this chapter were

segregated according to the dimensionality of the measurement:

e Volume Features. Used range data, shading, and multiple views to extend a two-
dimensional image to a three-dimensional representation of an object. However, these

features as not truly volumetric in that they are based only on visible sides of an
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object. As for volumetric techniques, the extended Gaussian image was identified as a

candidate because it can be created using three-dimensional computer models.

Surface Features. Treated the object as a single flat surface and used overall shape
characteristics (outlines and silhouettes) or treated the object as a collection of indi-
vidual flat surfaces and used inner-shape details (intensity-based statistical features,

sub-regions, textures).

Line Features. Use lines detected in an image. Based processing on edges and vertices
(junctions of edges). For the vertices, both their locations and their shapes were used

in pose estimations.

Point Features. Specifically selected from the image (e.g., standard landmark fea-
tures) or derived from the other “less primitive” features. Used to estimate the pose of
an object via three-dimensional point projections. By considering the types of points
(point pairs, Perspective-n-Points, four-point planar, four-point non-planar), equations
in closed form are available to predict the three-dimensional pose of an object: how-
ever, some ambiguities may exist which can be eliminated given vantage-points and

visibility /stability considerations.
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IIl. Methodology

3.1 Introduction

This chapter begins with a justification of the various methods selected for this re-
search. The use of shape moments as features for pose estimation of the synthetic imagery
is supported by discussing the pros and cons of the various methods presented in Chapter
2. The rationale for sorting the data into 15-degree angle bins is given along with the ratio-
nale for the hierarchical sorting technique (i.e., sorting the data into consecutively smaller
angle-bins). And, finally, within the justification section. rationale is provided for just using

one parameter (sensor viewing-angle) to determine pose of an object.

Following the justification section are the research details. These include details on im-
age generation and manipulation, feature calculations, neural networks software/configurations.

and the method for using the neural-network software to sort the data into the angle-bins.

3.2 Justification of Methods Used.

This section provides rationale for using the various methods within this research effort.
It includes discussions on the use of shape moments as features, the use of 15-degree angle-
bins as the “resolution” of the pose estimation, the use of the technique of sorting the imagery
into consecutively smaller angle-bins, and the use of the sensor viewing-angle as the critical

parameter for pose estimation.

3.2.1 Use of Shape Moments for Features. As shown in Figure 1, for this research,
shape moments were calculated from the binary silhouette and outline images of the object.
Based on the review of the many methods used for recognizing three-dimensional objects
from their corresponding two-dimensional IR imagery, shape moments were selected as the
best starting features. Shape features have been shown to be useful in recognizing and
determining the pose of an obirct (5, 7, 21, 22, 34, 53, 66, 67, 84, 85). Furthermore, the

specific use of shape moments (3. 28, 63, 71, 80) has been shown to be moderately successful.
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Flowchart showing information processing for this research. Shape moments are
calculated from the silhouette and outline images. The data are then processed
using neural networks.
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Also. this feature appears to be most extendable from the synthetic imagery to real-
world imagery—the only true accuracy required is that of the geometric representation of the
model. However, it should be noted that there are sensor views for which the synthetic im-
agery does not appear to mimic real-world imagery well enough for mathemati- ally stringent

shape calculations (see Chapter 4).

As a general note, intensity-based features were not deemed good first choices due
to perceived problems with the modeling software and reported problems for IR intensity-
features as a basis for object recognition (59. 63. 73). Intuitively. model-based methods using

the IR intensity distributions would at least require

e good correlation between the geometric parameters of the model and the item being

modeled.

e good correlation between the relative temperatures of the surfaces of the model and

item being modeled,

e good modeling of the conductive/radiative properties of the materials composing the

item being modeled.

As will be seen in Chapter 4. the model did not appear to adequately account for either
the geometric or temperature requirements to the extent that the intensity-based methods
were selected as the first choice for this research. Additionally. as noted in Chapter 2. Sad-
jadi (73) states that the IR relationships needed for modeling are not fully deterministic.
Politopoulos (63) notes that the IR intensity representations vary greatly and can be incon-
sistent duc to the distributions within the target. Oshima (59) points out that areas of equal
perccived intensity do not necessarily represent geometric areas of an object—a further re-
quirement that verv good correlation is needed between the synthetic and real-world imagery

(so as to eliminate the need for associating intensity with specific geometric attributes).

For the four categories (and some of their sub-categories), an itemized rationale is

provided below. This rationale is based on the applicability of the feature or technique to
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the specific problem of pose estimation of three-dimensional objects based on their two-

dimensional IR imagery as generated by a computer modeling program.

1 Volume Features.

(a)

Using Range Data. Though pixel-registered range and IR model-generators are
available (52), this added dimension was not immediately applicable to the mod-

eling/rendering software at hand.

Using Shape from Shading. This technique is based on intensity within an object.

As noted above, techniques of this type were not selected as a good first choice.

Using Multiple Views. This option is still a candidate option. The ability to create
imagery of objects at any orientation is a strong feature of the modeling software.
However, in using this method, the silhouettes and outlines of the objects would
be used (to avoid the intensity problems noted earlier). Therefore, this method
is deemed a second choice to the silhouette and outline techniques. However, this
technique does require multiple-views for real-world imagery and, in that regard,

is somewhat outside the initial intent of this research.

Using the Extended Gaussian Image (EGI). As with the range data, this technique
is not immediately extendable to the modeling software. However, the modeling
software could be used to generate the EG! which may have other properties
useful for excluding certain poses once an initial routine has guessed the pose of

an object.

2. Surface Features. Since the software models the object as a collection of facets at

specific temperatures (4, 72), techniques which use shape are attractive. The only true

requirement is accuracy between the geometric qualities of the model and the object

modeled.

(a)

Overall Shape (Outline, Silhouette). As noted above, these features were deter-

mined to be good first-choice features. Furthermore, these features (often referred
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to as “scalar” features) are sometimes used to narrow down the options for further
feature processing (inner-shape details, essentially) (8). As stated by Bart et al.
(8), “scalar features are considered to be so important, that objects that differ

too much in them will certainly not match.”

(b) Inner-Shape Details. These features tend to rely on the intensity distributions of
an object. As noted above, these types of features were not deemed good first

choices.

3. Line Features. As with the surface features, these features appear to be tied to the
facet-like nature of a model. However, these features presume either accurate corre-
lation between the model and the real-world object, or they presume the intensity
distribution of real-world objects represent geometric qualities of the object. As noted
above, these presumptions are the reason these features were not selected as first-choice

features.

4. Point Features. These features were deemed good second-choice features since all that
is required is that there are a few points which can be correlated between an object
in the synthetic imagery and the object in the real-world imagery. The selection
of a standard landmark feature (such as the centroid of the hottest region) could
be used in conjunction with shape related features to fully confirm the pose of an
object (especially since the hottest spots would seem to be associated with engine
compartments). However, it should be noted that a hot barrel and hot treads (for a
tank) could shift the centroid of the hot spot away from the engine compartment. As

such, this feature was not selected as an optimum first-choice feature.

It should also be noted that, in using point features, the vantage-point domains should
be determined to ensure visibility of all the required points from viewing angles likely
to be encountered in real-world imagery (17). These vantage-point domains could also

be used to describe the limitations of specific point features and techniques.
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3.2.2 Use of 15-degree Angle-Bins. Based on research by Le (49), a 15-degree rotation
of the object in the plane of the basc of the object (which corresponds to the viewing plane
only for top or bottom views of the object) was selected as the resolution for this research.

Le based his choice on the work by Hubel and Wiesel (45) and Gizzi et al. (35).

This technique (though not referred to specifically as using “angle-bins”) has been
used by other researchers. Korn (47) mentions calculating adjacent views of a model and
grouping those views that are “feature equivalent.” Then, a representative view is used
for the entire class of feature-equivalent views. According to Fan et al. (29), Ikeuchi (46)
generated object models under various viewer directions and grouped the apparent shapes.
In these types of representations, Bart (8) notes that it’s important to “detect gaps in the

series of orientations and to delete superfluous orientations.”

3.2.3 Use of Hierarchical Sorting. This decision was based on the nature of the shape
moments selected for features. Moments indicate the distribution of an object’s mass about
some reference entity (a point, a line, etc.) (43). As noted by Teague (80), “...if only
moments up through second order are considered, the original image is completely equivalent
to a constant irradiance ellipse having definite size, orientation, and eccentricity and centered
at the image centroid.” For example, second order moments relate a two-dimensional object
to an ellipse with the same principal axis of the object (the axis of least inertia) with the

same mass distribution about the principal axis (43).

Based on this analogy to an ellipse, it can be noted that ellipses tend to exhibit
symmetries which could interfere with an unambiguous pose estimation. Consequently. it
was judged that there would most likely be ambiguous sets of data if the entire 360 degrees

of rotational freedom being measured were used for sorting into the 15-degree angle-bins.

As such, a method of hierarchical sorting was decided upon. In this method, the
data is used to sort the object into consecutively smaller angle-bins. For example, in one
possible sorting scheme, the object would be sorted into one of the two 180-degree angle-bins

constituting the entire 360 degrees of possible rotations. Further processing would sort the
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object into consecutively smaller angle-hins: 180-degree angle-bin to 90-degree angle-bin:
90-degree angle-bin to 45-degree angle-bin; and, finally, 45-degree angle-bin to 15-degree

angle-bin. Various permutations of these “paths” were explored to find the optimum path.

3.2.4 Use of Sensor Viewing-Angle as Critical Parameter. The sensor view-angle
(see Figure 3) determines the rotation of the object within the plane of the base of the
object. Since it is possible to use LIDAR or other techniques to determine the orientation
of the ground around a target, the base-plane rotation of the target was deemed the most
critical parameter. However, once a set of features had been selected which could be used to
determine the base-plane rotation of an object, the effects of varying the sensor depression-

angle were explored.

3.3 Research Methodology.

In this section, details are provided on the synthetic imagery software, on the manip-
ulation of the data in order to extract the features, on the mathematics of the features, and
on the various conventions used in this research for configuring and using the neural network

software. The following list gives the order in which these will be discussed:

e Creating the images with the software (Image Generation).

o Creating the outlines and silhouettes from which the features will be extracted (Image

Manipulations).
e The mathematics of the features initially extracted (Feature Calculations).
e The processing of these features once extracted (Neural Networks).

e The method of sorting the data into consecutively smaller-sized angle-bins (Sorting

into Angle Bins).

3.3.1 Image Generation. The synthetic imagery for this research was generated using
the Georgia Tech Signature (GTSIG) prediction software and their Scene Generation (SCN-

GEN) rendering software. This software combination was designed to produce research-grade
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infrared imagery of various models (26). For this research, the model used was a T62 main
battle tank sitting stationary in the afternoon sun with its engine running (the engine has
been running for six hours continuously). Also, in the simulation, the tank is situated at
Eglin AFB in Florida during late-February (the location and date are specified, as mentioned

below, in the rg_t62_idle.in file).

To generate an image, the program GTSIG is first used to produce a radiance map for
the model. Then, SCNGEN is used to combine this radiance map with the model’s geometric
(or facet) file to generate imagery of the model in whatever orientation and scale the user

specifies.

The rg_t62_idle.in file defines parameters such as geographical location, day of the
year, and so forth. This file also determines the hour of the day for which the simulation is
to start (such as 0800 in the morning). When generating imagery, a time of day is entered
and the imagery supposedly reflects the position of the sun in the sky for that geographical
location. Additionally, the time-of-day parameter for image generation supposedly deter-
mines how much heat has been conducted to various parts of the model; however, as can be
see in the synthetic imagery (e.g., Figure 7), the heat from the engine compartments does
not appear to have spread very far after the engine has been running continuously for six

hours.

3.3.1.1 Image Orientation. As shown in Figures 2 and 3, there are five princi-
ple parameters which refer to the orientation of the rendered image (the effects of changing
these parameters are shown in Figures 4 and 5—note that, as shown in Figure 5, changing

the target parameters can produce anomalous imagery):

e Target azimuth-angle. This angle determines the rotation of the object relative to the
compass settings (North. South, etc). This angle is used to place the object relative to
the sun’s position. Changing this angle does not change the orientation of the object
relative to the sensor, though (since sensor position is relative to the front of the target

and not the target’s absolute compass heading).
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SCNGEN Target Parameters
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Figure 2. SCNGEN target-relative parameters. These angles determine the orientation of
the target relative to the sun or to the sensor (see text).
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Figure 3. SCNGEN sensor-relative parameters. These angles determine the orientation of
the sensor relative to the target.
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Note, however, that though the orientation of the object does not change with changes
in target azimuth-angle, the field of view did change (even though it was not supposed
to change). This apparent flaw in the software appeared to occur only at target azimuth

angles which were integer multiples of 45 degrees.

Target pitch-angle. As with an airplane, this angle determines the pitch of the target.
Note in Figure 5 that the object is no longer filling the field of view as specified in
the image generation program (it should fill 75% of the field of view). This is another

apparent flaw in the program.

Target roll-angle. As with an airplane, too, this angle determines the roll of the target.
Again, note in Figure 5 that anomalies occur when the object is rolled 90 degrees—the
object is not centered in the field of view, but is truncated at the edges of the imagery.

This, too, appears to be a flaw in the program.

Sensor view-angle. This angle, relative to the front of the object, determines the angle
from which the target is viewed (to create a front view, side view, or oblique-angle

view and so forth).

Sensor depression-angle. This angle determines whether the target is viewed from

ground-level. low-altitude, high-altitude, or overhead.

Only three of these angles are required to produce an image at any orientation: sensor view-

angle. sensor depression-angle, and target roll-angle. Of the other two parameters,

changing the target azimuth-angle doesn’t alter the orientation of the image that is viewed

and changing the target pitch-angle is redundant to changing the sensor depression-angle

unless one is accounting for the position of the target relative to the sun. Note, though, that

changing the target parameters tends to produce anomalous imagery.

3.3.1.2 [Image Scale. To change the scale of the image (and, hence. effectively

alter its apparent range), the Field of View (FOV) is adjusted using SCNGEN. Though

SCNGEN has a “range” parameter which can be varied, varying this parameter produces no
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Reference Image
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Bottom View Front View (still)

(note image truncation) (note anomalous FOV) (note anomalous FOV)

Figure 4.

Effects of changing sensor and target parameters. Reference object is a T-62 tank
facing the viewer (sensor/target parameters set equal to zero). NOTE: Changing
the target parameters produces anomalous results. For these images, the field of
view (FOV) was not changed.
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Figure 5. Image anomalies from changing the target parameters.
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Sensor Angles: 0 degrees. Sensor Angles: 45 degrees.

Figure 6. SCNGEN images with FOV = 0.75 for both images, but with sensor depression-
angle and sensor view-angle both equal to 0 degrees for the image on the left and
both equal to 45 degrees for the image on the right.

effect on the resulting image. The documentation for the SCNGEN program (26) suggests
this parameter will allow atmospheric effects to be taken into account; however, there were
no differences in the imagery as this range was varied from 100 meters to 6000 meters (which

represents the range over which real-life imagery is typically available).

The FOV represents the percentage of the viewing area occupied by the model along
either the x-axis or the y-axis of the viewing area (e.g.. FOV = 0.8 means the model is
scaled until one of its dimensions fills 80% of either the horizontal or the vertical field of
view). As such. it is mathematically laborious to calculate the apparent range for a given
orientation and FOV. Additionally. for a given FOV, different orientations will produce

different apparent ranges (see Figure 6).

3.3.2 Image Manipulation. The file SCNGEN creates is a 512x512 (user-selected)

floating-point image file which includes a header describing the parameters 1 sed in generat-
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ing the image. This file was converted to a gray-scale image (256 gray levels) by the program
“img2dis” which is available through the thesis advisor for this research. The “.DIS” exten-
sion was chosen so as to be consistent with the extension assigned by RDIRMA (another
Georgia Tech program which, among other things, can convert the floating-point image file to
a gray-scale image file). The “img2dis” program was written, however, because of problems
with automated use of the RDIRMA program: RDIRMA would lock up when the UNIX
input-redirection command was used (therefore, the user could not automate the inputs
and had to interact with RDIRMA manually for each image—for the many hundred images

required. this was impractical).

Once converted to a gray-scale image, the image could be further manipulated to obtain
the silhouette image and outline image of the model (see Figure 7). The program “dis2tru”
produced the silhouette image. The “tru” was chosen since this image can be used to “truth”
the original image (i.e., mask out the background from the original gray-scale image). The
program “tru2otl” produced the outline image from the silhouette image. Both of these

programs are available through the thesis advisor for this research.

3.3.3 Feature Calculations. The features used in this research were calculated as
explained below. In general, the features were extracted from the binary silhouette and

outline images.

3.3.3.1 Shape Moments. The “zeroth” through to the third-order shape mo-
ments were calculated as shown below. These moments are referred to as shape moments
since they were calculated from the silhouette image (or binary-image: 0 outside the object,
1 within the object) and from the outline image (which is also binary) (Figure 7). These
moments depend only on the shape that is viewed—they do not require inner-image intensity

features such as hot-spots, cold-spots, etc.
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Figure 7. Corresponding gray-scale, silhouette, and outline images.
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The “zeroth™ and first-order moments (M) were calculated (44, 71):

511 511

Mpn =3 Y z™y"B(z.y)

r=0y=0

where B(z,y) is the binary-valued (0 or 1) silhouette or outline image (see Figure 7).

The “zeroth” order moment {Mpyy) gives the area of the object. This area is then

divided into the first-order moments to obtain the location of the object’s centroid:
T = “110/.)‘100

Ye = Mo, /Moo

These centroid-coordinate values are then used to make the remaining moments shift-invariant

(44, 71):
511 511

Mpn = 3 Y (& = 2.+ 256)™(y — ye + 256)" B(z,y)

r=0y=0
where m + n > 2. and the 256 is for the z and y coordinates of the center of the overall
image (half of 512). These adjustments have the effect of shifting the centroid of the object

to the center of the overall image space.

To make the moments scale-invariant, various manipulations were investigated. The

initial features calculated were:

Mao /Mo,
Moo /My
Moz /My
Mo/ Mos
Mao/ My,

Mo/ My
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Mos /My
Mos /M2
Mo/ Moo
Moz /Moo
M1 /Moo
Mao/(Moo)®
Mos/(Moo)®
Mz /(Moo)?
Mi2/(Mgo)®

where M,,, represents the silhouette moments or outline moments as appropriate.

3.3.3.2 Orientation Angle. The second-order moments were used to calculate

the orientation angle, 8, of the ellipse that could be drawn around the object (80):

2M11 \

0 = 5 arctan (g
= —arctan Moo — Moz

2

where M,,, represents the silhouctte or outline moments as appropriate.

3.3.3.3 Image Aspect Ratio. Two aspect ratios were calculated. The first was

overall-height to overall-width. That is,

Ymaz ~ Ymin
Al Al

Lmazr — Tmin

The second aspect ratio was calculated by effectively slicing the object first into individual
vertical slices and finding the longest vertical slice, and, then. slicing the object into indi-

vidual horizontal slices and finding the longest horizontal slice. The length of the maximum
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horizontal slice was then divided into the length of the maximum vertical slice to obtain this

second aspect ratio.

3.3.4 Ncural Networks. Once the features were extracted from the imagery, the nu-
merical data was analyzed using a neural network (see Figure 1. The goal of this analysis
was to determine the orientation angles for the object within the imagery. Once deter-
mined, these angles could be used by a modeling program (such as the GTSIG/SCNGEN

combination) to generate synthetic imagery for comparison (or for correlation).

3.3.4.1 Neural Graphics Configuration. The program Neural Graphics was
used for all neural-network analysis. This program, developed at AFIT, can analyze data
using various neural-network paradigms and configurations (79). The paradigm used for this
research was “backpropagation with momentum.” After experimenting with various configu-
rations, the configuration selected for this research was: two hidden-layers—the layer closest
to the input had ten nodes; the layer closest to the output had five nodes. Additionally, the

starting node weights were randomly initialized.

The configuration for Neural Graphics is determined by the ASCII text file setup.fil

(79). For this research, setup.fil contained the following:

10 5
random
0.0

1
data.file
1

output.data

Each line of the input file is explained below.
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3 (# of layers: 3 layers = 2 hidden layers)

10 5 (# of nodes in the hidden layers)

random (file for node weights--use random weights)
0.0 (amount of noise to be added to inputs)

1 (paradigm--BackPropagation with Momentum)
data.file (input file containing training/test vectors)
1 (statistically normalize the inputs)

output.data (file for output data)

3.3.5 Sorting into Angle-Bins. The goal of this research was to accurately determine
the orientation angles of an object using neural networks. To accomplish this, the orientation
of the object is determined by finding the consecutively smaller angle-bins which apply to

the model (see Section 3.2.3 for rationale). An example of this technique is given below.

As shown in Fig 8, in one possible sorting sequence or “path,” the image is first coarsely
sorted according to the quadrant from which the target is viewed (where the quadrant
corresponds to a 90-degree angle-bin). The four quadrants correspond to sensor view-angles
of 0-89 degrees, 90-179 degrees, 180-269 degrees, or 270-359 degrees. Then, given the 90-
degree angle-bin (or quadrant), the object is sorted into the corresponding 15-degree angle-
bin. For this example, five neural networks would be required for the sorting. The first
would be trained to coarsely sort the image into a 90-degree angle-bin. The other four would
be trained to sort the image into a 15-degree angle-bin (one network for each of the four
possible 90-degree angle-bins). As another possible sorting sequence, the image can be sorted
into the correct 45-degree angle-bin given the 90-degree angle-bin, and, then, sorted into the

correct 15-degree angle-bin given the 45-degree angle-bin.

3.4 Summary

This chapter provided justification for the various methods selected for this research:

the use of shape moments as features for pose estimation; sorting the data into 15-degree
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Figure 8. Determining the sensor view-angle of an object by sorting the object into con-

secutively smaller angle-bins.
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angle bins: sorting the data into consecutively smaller angle-bins; and, finally, using one
parameter (sensor viewing-angle) to determine pose of an object. Additionally, research
details were provided. These include details on image generation, image manipulations,
feature calculations, neural networks software/configurations, and the method for using the

neural-network software to sort the data into the angle-bins.
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IV. Results and Discussion

4.1 Introduction

This chapter provides and discusses the results obtained from this research. The chap-
ter is divided into four major sections: a section discussing image generation with the mod-
eling program, a section discussing the features selected for processing the imagery, a section
discussing the application of these features to the synthetic IR imagery, and a section dis-
cussing the application of these features to real IR imagery. As will be shown, five features
were selected which could be used to sort the synthetic imagery into the correct 15-degree
angle-bin with an accuracy greater than 90%; however, when applied to real IR imagery, no

conclusive results could be obtained.

4.2 Image Generation using SCNGEN.

4.2.1 Generating a White Background. For this research, the synthetic imagery was
created with a white background. To create a white background (an option in the SCN-
GEN Scene Generation software), SCNGEN appears to force the background temperature
to be hotter than the hottest portion of the model heing generated. This ensures that the

background will appear white and the target will appear dark.

4.2.1.1 Problems with Background and Silhouette Image. As can be seen in
Figure 9. there are places in the silhouette imagery where the background appears to “leak”
through. As a result, the silhouette image has small dots of white in the otherwise solid black
silhouette. Though these minor dots do not radically alter the shape moments calculated
from the silhouette, the dots may have a significant impact on intensity calculations—since
they are hotter than they should be for their locations (see the next subsection for temper-

atures).
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Figure 9.

“Holey” Silhouette

Example of background “leaking” through the silhouette image (the small white
dots in the middle of the object—these are not artifacts from the photocopying
process). The image shows where anomalous hot spots occur within the body of
the object. The inset image is a reversed image with the anomalous spots more
clearly identified.
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4.2.2 Visual Comparison to Actual IR-Imagery. As can be seen in comparing the
synthetic IR imagery of a T-62 tank (Figure 10) with early-generation IR imagery and later-
generation IR imagery, the synthetic IR imagery does not appear to truly reflect the “look”
of a true IR image. This is due principally to the method by which the original floating-point
image file (.IMG file) is converted to the gray-scale image (.DIS file).

The conversion was a straight linear conversion. The maximum floating-point value
(M below) was assigned the hottest byte-value of “255” and the minimum floating-point (m
below) value was assigned the coldest byte-value of “0.” All floating-point values between

these two extremes (F' below) were assigned a byte-value (B below) by

F-m
B-—M * 255.

-—m

However, due to the way SCNGEN creates a white background (see the section above).
the background was assigned a floating-point temperature of approximately 390 degrees
Kelvin (hotter than any portion of the tank). The minimum temperature on the tank
was approximately 280 degrees Kelvin. Since the temperatures of the vast majority of the
surfaces on the tank were under 335 degrees Kelvin, the floating-point values of the tank were
converted to relatively low byte-values (byte-values of 0 to 100—“cold” byte-values). This
forces all but the direct engine compartments of the tank to appear cold (dark in the IR).
It is possible to adjust the temperature range of the tank using RDIRMA on the .IMG file;
however. since this research focused on the shape of the tank, no adjustments were required

(i.e., no internal features such as shading or local maxima/minima were extracted).

4.2.3 Small Depression-Angle Synthetic Imagery. As can be seen in Figure 13, for
the model used in this research, SCNGEN synthetic imagery with a sensor depression-angle
of zero degrees does not show the bottom of the tank tread. As a result, the silhouette and
outline moments would not closely compare to actual IR imagery unless a significant amount

of the tread were obscured in the actual IR imagery (and this wouldn’t be a deterministic

quantity).
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Svnthetic T-62

Actual T.62. M-60 & BTR-60 | Actual M-531

Figure 10. TOP: Synthetic IR-Image of a Soviet T-62 main battle tank. BOTTOM LEFT:
Earlv-generation IR image of actual Soviet T-62. USA M-60 and BTR-60. BOT-
TOM RIGHT: Later-generation IR image of actual USA M-551 Sheridan light
tank
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Silhouette Image Outline Image

Figure 11. Corresponding silhouette and outline images of a T-62 with sensor depression-
angle of 0 degrees and sensor view-angle of 90 degrees. Note the lack of tread
across the bottom of the imagery.

30




Depression Angle: 0 degrees

Depression Angle: 10 degrees Depression Angle: 20 degrees

Figure 12. Synthetic T-62 images (sensor view-angle = 90 degrees for all three images).




T

Silhouette Image Outline Image

Figure 13. Corresponding silhouette and outline images of a T-62 with sensor depression-
angle of 10 degrees and sensor view-angle of 90 degrees.

Furthermore. as can be also be seen in Figure 12. there is a significant amount of
backgrou: d visible through the tank tread/rollers area for side-view SCNGEN svnthetic
imagery with sensor depression-angles around 10 degrees. As a result of the methods used to
calculate the silhouette and outline images. the outline image of the tank enclosed more area
than the corresponding silhouette image of the tank at these small non-zero depression-angles

(see Figure 13).

The binary silhouette image was generated by zeroing out all background numerical
values and setting all non-background numerical values to one. Therefore, the silhouette
image could contain “holes” where the background was visible. The binary outline image was
generated by tracing the outline of the silhouette image. Therefore. provided the silhouette
image did not have gaps in the tread areas between roller wheels, there should be no dramatic

variations in the outline imagery as the sensor depression-angle is varied past the zero-degree

sensor depression-angle.




Consequently, though, to use the silhouette moments for accurate comparison between
the SCNGEN synthetic IR imagery and actual IR imagery, depression angles greater than
20 or 30 degrees would be more useful than smaller depression-angles. To use the outline
moments for accurate comparison between synthetic and actual IR imagery, it would be best

to avoid the very small sensor-depression-angles around zero degrees.

4.3 Features.

Thirty-six features were initially evaluated to determine which features could yield
the most useful sensor orientation information. These features were calculated using the

silhouette and the outline moments.

For the silhouette moments, the features were numbered:

featureq = Mo/ My,

feature; = My /My,
feature; = Moy /M,
features = Mao /My
featurey = Mso /My
features = My, /My,
featureg = Mao /M,
feature; = Mos/M,,
featureg = AMyy /My
featureg = Mo/ Moo

featureyo = Moy /Moo
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featurey; = My, /Moo
feature;s = Mag/(Mgo)?
feature;s = Mos/(Myo)?

featureys = My [(Moo)?

featureys = Miy/(Mgo)?

where the M represents the moments calculated from the silhouette images. Feature 16 was
the orientation angle of the silhouette image as calculated in Chapter 3. Feature 15 was the

overall maximum height-to-width ratio.

For the outline moments. the features were numbered:
feature;g = Moo /Moy,

featureig = My /My,
featureso = My, /My,
featurezy = Mag/Mos
featurey; = Mag /My
featuregs = Mys /My,
featuresq = Mio /M,
featureys = Moz /My,
feature,s = My /My,

featurear = Moo /My

featurezs = Mgz /Moo




featuresg = My /Moo
featuresy = Mag/(Mgyo)?
features; = Mos/(Moo)?
featuresy = May /(Moo)®
featuress = Myz2/(Moo)?

where the M represents the moments calculated from the outline images. Feature 34 was
the orientation angle of the outline image as calculated in Chapter 3. Feature 35 was the
height-to-width ratio calculated using the images’ maximum vertical and horizontal slices

(see Chapter 3).

4.8.1 Dependence on Sensor Angles. To determine which features would yield the
most information about the orientation of the target within the synthetic imagery. 216
images of the T-62 were generated. These images were generated for sensor depression-
angles of 10, 20, 30, 40, 50, and 60 degrees with sensor view-angles every 10 degrees starting

with 0 degrees and ending with 350 degrees (see Figure 14).

The data were then plotted (see Figures 17 through to 21 for plots of the five selected
features:; see the Appendices for the plots of all 36 features). After evaluating these plots.
five features were selected which appeared to fully represent all 36 features. The rationale

for selecting the five features is provided in Section 4.3.2.2.

4.3.2 The Five Features Selected. The five features selected for this research were
featureg, feature,. featureyg, featurey,, and features;. These features were selected with
the intent to discriminate among the angle-bins for the sensor view-angles. As such, the
five features selected appeared to have different data profiles (e.g.. rate of change, relative
magnitudes, ctc.) depending on the side or quadrant from which the target was viewed

(Figures 17 - 21). The intent was to allow the targets to be sorted into quadrants using
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Views for which the features were evaluated (each arrow represents a view point).
For each of the six sensor depression-angles. the 36 sensor view-angles were used
to create imagery (resulting in 216 images).




the five features. Further sorting would be accomplished using the same features or using a

separate set of features (if required).

4.3.2.1 Symmetry and Asymmetry Properties. In general, the features were ei-
ther fully symmetric or significantly asymmetric about the 180-degree sensor view-angle
point (see plots of features: Figure 17 through to Figure 21). For the symmetric features.
two objects rotated an equivalent amount from the 180-degree sensor view-angle point woula
yield similar numerical values (see the tanks in Figure 15—one figure is rotate 60 degrees
clockwise from the 180-degree sensor view-angle point; the other is rotated 60 degrees coun-
terclockwise from the 180-degree sensor view-angle point). For the asymmetric features, two
objects rotated 186 degrees from one another would generally yield relatively close numerical
values (see the tanks in Figure 16—one tank is at a sensor view-angle of 120 degrees; the

other is at a sensor view-angle of 120 + 180 degrees).

Both the symmetric and asymmetric features tended to have local maxima or minima
occurring near or at the quadrant transition points (i.e., sensor view-angles of 0, 90, 180,
and 270 degrees). Also. the asymmetric features had a sinusoidal appearance in the data

with respect to changes in the sensor view-angle.

NOTE: The top left corner of the image was the origin (r = 0,y = 0). Therefore,
portions of the tank to the right of the tank’'s center yielded larger numerical values than
portions to the left. As such, placement of tiie barrel and turret could be credited with
the differences in the magnitudes of the maxima and minima for the asymmetric features
since the barrel/turret pointing to the right would yield higher values than the barrel/turret

pointing to the left.

4.2.2.2 Rationale for Selecting the Five Features. Rationale for selecting each

of the five features is given below:
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Figure 15. Synthetic T-62 imagery which yield similar values for the symmetrical features.
These two images are at sensor view-angles of 18060 degrees.
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Figure 16. Syvnthetic T-62 imagery which yield similar values for the asymmetrical features.
These two images are separated by a sensor view-angles of 180 degrees.




Feature 0 (silhouette moments: Mao/Moz): Symmetric about the 180-degree sensor

view-angle point with peaks at the quadrant transition points. It is representative of

the majority of the symmetric features (see Figure 17).

Feature 1 (silhouette moments: Myo/M;,): Asymmetric about the 180-degree sensor
view-angle point with peaks offset 20 degrees or so from the quadrant transition points.

It is representative of the majority of the asymmetric features (see Figure 18).

Feature 19 (outline moments: My/M;1): Asymmetric about the 180-degree sensor
view-angle point with peaks offset 20 degrees or so from the quadrant transition points.
The data rate-of-change varied differently about the 90-degree and 270-degree quadrant
transition points (see Figure 19).

Feature 22 (outline moments: Mso/M>1): Asymmetric about the 180-degree sensor

view-angle point with peaks offset 50 degrees or so from the quadrant transition points.

The relative data magnitudes of the peaks differed (see Figure 20).

Feature 31 (outline moments: Mgys/(My)?): Symmetric about the 180-degree sensor
view-angle point. However, the peaks did not all occur at the quadrant transition
points. Notably, there were two peaks (minima, in this case) at the 120-degree and
240-degree sensor view-angle points (but only for the higher sensor depression-angles
such as 30 degrees and higher—the distii'ction of this feature disappeared at the lower

sensor depression-angles such as 10 degrees) (see Figure 21).

4.3.3 Testing the Selected Features' Invariance. To ensure the features were shift and

scale invariant, the numerical values were extracted and compared for images which differed

only in the placement or size of the target in the field of view.

4.3.3.1 Shift Invariance. The shift invariance of the features was confirmed by

extracting features and comparing the results from imagery such as shown in Figure 22.

There were no differences in the features; therefore, the algorithm used was shift invariant.
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Nearly-Centered Image Shifted Image

Figure 22. Imagery used for testing shift invariance of features.

4.3.3.2  Scale Invariance. The sensitivity of the features to changes in scale was
explored for imagery ranging from a FOV setting of 0.80 (the image fills 80% of the FOV)
to a FOV setting of 0.30 (see Figure 23). Results for the five selected features are below (see
Table 1); results for all 36 features are in the appendices. Figure 24 shows the five selected

features plotted with respect to the changes in the FOV.

As can be seen, the features were not perfectly scale invariant; however, the change
in scale between the 0.830 FOV and 0.30 FOV imagery is dramatic and represents a major
change in effective range to the target. For comparison purposes. though. the features were
relatively tolerant of minor changes in scale (compare 0.80 FOV data to 0.75 FOV data).
As a result, the approximate range to the target would be required in actual IR imagery so
as to predict the approximate FOV setting to use in the synthetic imagery. This range data
would be available through the use of LASER RADAR, or, perhaps. conventional RADAR,

etc. Also. these five features are well behaved and could be represented or approximated by
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)

FOV: 0.80 FOV: 0.30

Figure 23. Range of image size use for testing scale invariance of features.

Table 1. Test of Scale Invariance. Data is also plotted in the following figure.

FOV Feature 0 | Feature 1 | Feature 19 | Feature 22 | Feature 31
0.80 1.039439 | 1.052680 | 1.106960 0.968403 | 7876061.5
0.75 1.034895 | 1.046481 | 1.095112 0.971127 | 78537673.0
0.70 1.030558 | 1.040628 | 1.083212 0.973176 | 7848011.0
0.65 1.026416 | 1.035109 | 1.072552 0.975585 | 7841854.0
0.60 1.022625 | 1.030011 | 1.061605 0.976429 | 7845906.0
0.35 1.019457 | 1.025668 | 1.052679 0.978594 | 7857062.5
0.50 1.016213 | 1.021325 | 1.043635 0.980153 | 7874587.0
0.43 1.013145 | 1.0172938 | 1.035349 0.981804 | 7897358.5
0.40 1.010445 | 1.013731 1.028165 0.984246 7929890.0
0.35 1.008149 | 1.010651 | 1.021743 ' 0.986777 | 7968538.0
0.30 1.006068 | 1.007895 { 1.016129 0.988331 | R017122.5
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linear. quadratic or cubic equations (thus allowing for some degree of normalization of the

feature value given the FOV of the object).

4.4 Determining Sensor View-Angle for Synthetic IR-Imagery.

This section discusses how well the sensor view-angle was determined for the synthetic
T-62 imagery. As will be seen, given both the sensor depression-angle and the target roll-
angle, the sensor view-angle could be determined within 7.5 degrees of its actual value (this
is a result of placing the object into the correct 15-degree angle-bin as discussed in Chapter 3
and using the center image as the reference image). Better accuracy may have been possible
by further sorting the imagery into the correct 5-degree angle-bin; however. this was not

explored.

NOTE: For this research. a sensor depression-angle of 40 degrees was used for the
svnthetic imagery. This was chosen arbitrarily. but predicated on the constraints of Sec-

tion 4.2.3.

{.4.1 Hierarchical Sorting inte Angle-Bins. Without sorting the imagery into con-
secutively smaller angle-bins, the accuracy obtainable was ~60%. With sorting into consec-
utively smaller angle-bins, the accuracy increased to slightly better than 90%. This number
was not dramatically dependent upon the path taken (see Table 2). Within  iable,
“path™ refers to the manner in which the imagery was sorted into consecutively smaller
angle-bins. For example. 360 ~» 15 means the imagery was sorted directly into one of
the 21 15-degree angle-bins given the entire 360-degree spectrum (without any “hierarchical
sorting™): 360 ~ 90 ~ 15 ~» 15 means the imagery was first sorted into one of the four
90-degree angle-bins. then was sorted into one of the two 45-degree angle-bins within the
90-degree angle-bin. and then was sorted into one of the three 15-degree angle-bins within

the 15-degree angle-bin.

{.4.2 Dependence on Sensor Depression-Angle. The accuracy shown in the previous

section depeids on accurate knowledge of the sensor depression-angle and the target roll-
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Table 2. Accuracy of 15-degree angle-bin determination for 40-degree sensor depression-
angle data. Where appropriate, average values are given.

Path Accuracy
(Consecutively smaller | (Train/Test
angle-bins) Percentages)

360 ~ 15 58.7 / 56.6

360 ~» 90 ~» 45~ 15 | 99.1 / 92.7
360 ~» 90 ~ 15 99.1 / 91.8
360 ~ 45 ~» 15 92.5 / 92.5

Table 3. Accuracy of 15-degree angle-bin determination for training with 40-degree sensor
depression-angle data and testing with 30-degree sensor depression-angle data.
Average values are given.

Path Accuracy
(Consecutively smaller (Train/Test
angle-bins) Percentages)

360 ~» 180 ~» 90 ~» 45~ 15 | 96.1 / 44.6
360 ~ 90 ~» 45 ~ 15 96.5 / 44.4
360 ~» 45 ~» 15 90.0 / 43.4

angle (both can be determined using LASER RADAR, etc). To test the robustness of the

features and the technique of angle-bin sorting. the neural network used in this research was
configured so that it trained using the 40-degree sensor depression-angle data while testing
with the 30- and 50-degree sensor depression-angle data. The results are given in Tables 3
and 4 (see Section 4.4.1 for details on the notation used in the tables). As can be seen,
the accuracy still is not dramatically dependent upon the path taken; however, the results
are significantly less when this “cross training & testing” is used than when a single sensor

depression-angle is used.

{.4.3 Discussion. The five selected features show promise for determining the sensor

view-angle given the sensor depression-angle and the target roll-angle. However, as shown in




Table 4. Accuracy of 15-degree angle-bin determination for training with 40-degree sensor
depression-angle data and testing with 50-degree sensor depression-angle data.
Average values are given.

Path Accuracy
(Consecutively smaller (Train/Test
angle-bins) Percentages)

360 ~» 180 ~» 90~ 45~ 15 | 94.1 / 67.6
360 ~ 90 ~» 45 ~» 15 96.0 / 68.9
360 ~ 45~ 15 87.8 / 67.2

the previous section, the sensor depression-angle must be known well within 10 degrees of its
actual value or the accuracy of the angle-bin sorting technique drops off dramatically. The
features are more tolerant of errors in the sensor depression-angle which lead to a slightly
larger value than actually present. This is illustrated in the previous section where the 50-
degree data was accurately placed in the correct 15-degree angle-bin ~70% of the time (as

compared to x45% of the time for the 30-degree data).

{.5 Determining Sensor View-Angle for Actual IR-Imagery.

4.5.1 Early-Generation IR-Sensor Imagery. This section compares the values mea-
sured from the synthetic T-62 image to objects in actual IR imagery. In this section, the
imagerv was obtained using early-generation IR sensor technology. The imagery (see Fig-
ure 25) is of a T-62 tank. an M-60 tank. and a BTR-60. To facilitate human viewing of the

imagery. a histogram-adjusted version of the same image is in Figure 26.

4.5.1.1 Problems. The imagery was taken at a range of 2010 meters. Therefore,
the objects in the iinagery appear small—too small to easily distinguish the T-62 from the
M-60. The middle object appears to be larger and appears to have a cupola (a metal basket-
shaped structure mounted over the tank turret hatch from which the tank commander can
view the battlefield. etc.). These two factors suggest the middle object is the M-60. The

object on the far left appears to be the T-62.
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Figure 25.

Early-generation IR imagery of an actual T-62. M-60. and a BTR-60. The
middle object appears to be the M-60. but this is not completely certain. The
object on the far right is the BTR-60.

-1
to



Figure 26.

Early-generation IR imagery of an actual T-62, M-60. and a BTR-60. Histogram
adiusted to facilitate human viewing and identification of the orientation angles
of the objects.




4.5.1.2  Visual Comparisons. Since the two tanks are not readily identifiable,
both were treated as candidates for feature extraction and comparison to the synthetic T-62
images. To accomplish this, both candidate objects were visually compared to synthetic
images until a best match was found. The orientation angles of the synthetic T-62 were
varied until the most-likely orientation angles were obtained. A different set of orientation

angles was obtained for each of the two candidate objects.

To account for human errors in matching the synthetic T-62 images to actual imagery,
an array of synthetic T-62 images was created for each candidate object (see Figures 27
and 28). In each array, the center image is the synthetic image which appears visually to be
the closest match to the candidate object. The features were then extracted from both the

actual and the synthetic images. Comparisons of the results appear in the next subsection.

4.5.1.3 Results. The five features were extracted from each candidate image
and from ecach of the 25 synthetic images in the two arrays. However, upon comparing the
numerical values of the features extracted from the candidate ob jects to those of the features
extracted from the synthetic objects in the corresponding arrays, the candidates objects did
not match any of the .: athetic objects (see Tables 5 through to 14). As such. no further

analysis was possible.
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Figure 27.
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Gray-scale (despite the ~binary™ look) images for comparison to actual early-
generation IR imagery. The center image is the one which was visually the
best comparison to the first candidate object (the leftmost object in the early-
generation IR imagery—the object which is believed to be the T-62 tank). The
numbers across the top represent the sensor view-angle; the numbers down the
left side represent the sensor depression-angle.




Figure 23.

Gray-scale (despite the “binary” look) synthetic T-62 images for comparison
to actual early-generation IR imagery. The center image is the one which was
visually the best comparison to the second candidate object {the middle object
from the early-generation IR imagery—the object which is believed to be the
M-60 tank). The numbers across the top represent the sensor view-angle: the
numbers down the left side represent the sensor depression-angle.




Table 5. Feature 0 numerical values for the synthetic data. These numbers are for compar-
ison to the values measured from object #1 (the T-62 tank) : 1.000656.

330 335 340 345 350
degrees | degrees | degrees | degrees | degrees
4 1.001526 | 1.001576 | 1.001567 | 1.001635 | 1.001657
6 1.001519 | 1.001529 | 1.001560 | 1.001611 | 1.001655
8 1.001450 | 1.001458 | 1.001492 | 1.001556 | 1.001603
10 1.001402 | 1.001426 | 1.001469 | 1.001532 | 1.001579
12 1.001339 | 1.001388 { 1.001379 | 1.001447 | 1.001475

Table 6. Feature 1 numerical values for the synthetic data. These numbers are for compar-
ison to the values measured from object #1 (the T-62 tank) : 1.000850.

330 335 340 345 350
degrees | degrees | degrees | degrees | degrees
1.001757 | 1.001847 | 1.001930 | 1.002097 | 1.002225
1.001795 | 1.001860 | 1.001982 | 1.002129 | 1.002275
1.001769 | 1.001850 | 1.001970 | 1.002133 | 1.002308
1.001776 | 1.001880 | 1.001998 | 1.002169 | 1.002353
1.001760 | 1.001900 | 1.001982 | 1.002169 | 1.002373
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Table 7. Feature 19 numerical values for the synthetic data. These numbers are for com-
parison to the values measured from object #1 (the T-62 tank) : 1.001312.

330 335 340 345 350
degrees | degrees | degrees | degrees | degrees
4 1.002683 | 1.002821 | 1.002953 | 1.003252 | 1.003409
6 1.002687 | 1.002786 | 1.003048 | 1.003316 | 1.003507
8 1.002656 | 1.002926 | 1.00301 | 1.003378 | 1.003685
0 1.002730 { 1.003001 | 1.003109 | 1.003560 | 1.003759
2 1.002730 | 1.003050 | 1.003207 | 1.003480 | 1.003900
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Table 8. Feature 22 numerical values for the synthetic data. These numbers are for com-
parison to the values measured from object #1 (the T-62 tank) : 0.989709.

Table 9.

330
degrees

335
degrees

340
degrees

345
degrees

350
degrees

0 S =

h—
o O

0.990316
0.987720
0.986388
0.984220
0.983607

0.988583
0.985759
0.983309
0.982161
0.981075

0.985646
0.983502
0.982487
0.981250
0.979225

0.983556
0.981449
0.980213
0.978456
0.977237

0.982220
0.980563
0.978453
0.977061
0.974678

Feature 31 numerical values for the synthetic data. These numbers are for com-
parison to the values measured from object #1 (the T-62 tank) : 8437624.

330
degrees

335
degrees

340
degrees

345
degrees

350
degrees

8376295
8375866
8375777
8372513
8369807

8369374
8364977
8362082
8357977
8354149

8352830
8351955
8346704
8342978
8337926

8338793
8334781
8328955
8324641
8317819

8315377
8312120
8306396
8300182
8290251
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Table 10.

Feature 0 numerical values for the synthetic data. These numbers are for com-
parison to the value measured from object #2 (the M-60 tank) : 1.000931.

315 320 325 330 335
degrees | degrees | degrees | degrees | degrees
6 1.001542 | 1.001545 | 1.001493 | 1.001519 | 1.001529
8 1.001533 | 1.001494 | 1.001449 | 1.001450 | 1.001453
10 1.001466 | 1.001449 | 1.001426 | 1.001402 | 1.001426
12 1.001443 | 1.001373 | 1.001332 | 1.001339 | 1.001388
14 1.001392 | 1.001334 | 1.001295 | 1.001300 | 1.001312

Table 11. Feature 1 numerical values for the synthetic data. These numbers are for com-
parison to the value measured from object #2 (the M-60 tank) : 1.001192.
315 320 325 330 335
degrees | degrees | degrees | degrees | degrees
6 1.001697 | 1.001727 | 1.001711 | 1.001795 | 1.001860
8 1.001719 | 1.001711 | 1.001716 | 1.001769 | 1.001850
10 1.001690 | 1.001720 | 1.001749 | 1.001776 | 1.001880
12 1.001706 | 1.001699 | 1.001723 | 1.001760 | 1.001900
14 1.001705 | 1.001702 | 1.001717 | 1.001797 | 1.001891
Table 12. Feature 19 numerical values for the synthetic data. These numbers are for com-

parison to the value measured from object #2 (the M-60 tank) : 1.001832.

315 320 325 330 335
degrees | degrees | degrees | degrees | degrees
6 1.002662 | 1.002607 | 1.002575 | 1.002687 | 1.002786
8 1.002761 | 1.002568 | 1.002595 | 1.002656 | 1.002926
10 1.002684 | 1.002669 | 1.002693 { 1.002730 | 1.003001
12 1.002806 | 1.002687 | 1.002738 | 1.002730 | 1.003050
14 1.002858 | 1.002766 | 1.002816 | 1.002863 | 1.003117
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Table 13. Feature 22 numerical values for the synthetic data. These numbers are for com-
parison to the value measured from object #2 (the M-60 tank) : 0.989153.

Table 14.

315 320 325 330 335
degrees | degrees | degrees | degrees | degrees
6 0.992820 | 0.991455 | 0.990017 | 0.987720 | 0.985759
8 0.990870 | 0.989665 | 0.987964 | 0.986388 | 0.983309
10 0.989428 | 0.987546 | 0.985515 | 0.984220 | 0.982161
12 0.987504 | 0.985899 | 0.983802 | 0.983607 | 0.981075
14 0.986709 | 0.981742 | 0.982698 | 0.981264 | 0.979540

Feature 31 numerical values for the synthetic data. These numbers are for com-
parison to the value measured from object #2 (the M-60 tank) : 8395579.

315 320 325 330 335
degrees | degrees | degrees | degrees | degrees
6 8392660 | 8390946 | 8386028 | 8375866 | 8364977
8 8391338 | 8389001 | 8383864 | 8375777 | 8362082
10 8390164 | 8385628 | 8381103 | 8372513 | 8357977
12 8388543 | 8384341 | 8373904 | 8369807 | 8354149
14 8385905 | 8379978 | 8373171 | 8362162 | 8348651




As can be seen from the tables of data, except for feature 22, all of the actual measured
values were out of the range of the values in the tables (for both objects). For object #1
(the candidate T-62 tank), all the numerical values tend to suggest smaller sensor view and
depression angles; however. visually comparing the object to the imagery in Figure 27 pre-
cludes this as an option. For object #2 (the candidate M-60 tank), the numerical data does
not suggest any one specific change (feature 22 does suggest smaller sensor view and depres-
sion angles, but, as with the other object. visual compariscns to the imagery in Figure 28

preclude this as an option).

4.9.1.4 Discussion. Possible reasons for the poor comparisons between the syn-

thetic IR imagery and the actual early-generation IR imagery are

e Too few pixels on the target. The objects in the actual IR imagery had fewer pixels on
the target than were provided by the synthetic imagery. Object #1 had 277 pixels on
the target: the corresponding synthetic image had b=tween 513 and 962 pixels on the
target. Object #2 had 402 pixels on the target; the corresponding synthetic images
had between 437 and 624 pixels on the target. This discrepancy is due both to the
resolution of the actual IR imagery (496 across by 320 down) compared to the synthetic
imagery resolution (512 by 512) and to the range at which the actual imagery was taken
(2010 meters). This might have been less of a problem had the range for the actual
imagery been shorter (giving more pixels on the target and a corresponding lessening

of the impact of minor shape variations).

Note: the number of pixels on the target for the actual IR imagery is less than required
in some ATR specifications (34). In these specifications. at least 432 pixels are required

on a target which is at a distance of approximately 1 km.

e Poor “truthing” of the actual IR imagery. As can be seen from Figure 29, the actual
IR imagerv had amorphous blobs representing the objects in the imagery. The poor

quality of these blobs directly affects numbers calculated from their shapes.
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Figure 29. “Truthed” data for earlv-generation IR imagery of an actual T-62. M-60. and a
BTR-60. The middle object appears to be the M-60. but this is not completely
certain. The object on the far right is the BTR-60.

e Poor selection of features. Though the features selected showed goo« results for syn-
thetic object orientation determination. the features may not be realistic for real-world

applications.

{.5.2 Later-Generation IR-Sensor Imagery. This section aiso compares the values
measured from the syvnthetic T-62 image to objects in actual IR imageryv. In this section.
the imagery was obtained using later-generation IR sensor. The images are of a U.S. M-351
infaptry fighting vehicie (see Figure 30) and an M-48 main battle tank. These were used
since no later-generation imagery of a T-62 tank was obtainable. These images were selected
because they were taken at zero-degree sensor depression-angle and represent sensor view-
angles of 43. 90. and 270 degrees. At these angles. the best determination of whether these

images can be compared to the T-62 imagery should be possible.

o o}
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Figure 31. Later-generation IR imagery with the intensity reversed (essentially. the “nega-
tives™ of the actual imagery).
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Original M-551

Segmented Image #1 Segmented Image #2

Figure 32. Hand segmentation used on later-generation IR imagery.




Original M-551

Segmented Image #3 Segmented Image #4

Figure 33. Hand segmentation used on later-generation IR imagery.
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Original M-48

Segmented Image #5 Segmented Image #6

Figure 34. Hand segmentation used on later-generation IR imagery.
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Table 15. Results of feature extraction on later-generation IR imagery.

Image Feature 0 | Feature 1 | Feature 19 | Feature 22 | Feature 31
1 1.081948 | 1.106509 | 1.165127 | 0.884521 7764919
2 1.095708 | 1.114226 | 1.184023 | 0.890950 7779472
3 1.102334 | 1.135588 | 1.188428 | 0.897199 7769165
4 1.124553 | 1.144689 | 1.199172 | 0.923797 7782251
5 1.056558 | 1.077580 | 1.129388 | 0.888165 7825298
6 1.063974 | 1.082536 | 1.135358 | 0.890500 7838402

To facilitate human viewing of the imagery, the imagery has been intensity-reversed
(i.e., the “negative” of the imagery is provided) (see Figure 31). For the feature extraction,
the images were hand segmented and nuinbered as shown in Figures 32, 33 and 34. The
segmentation is coarse to simulate actual computer segmentation results. For the each image,
two segmented images were created: one with the cupola (M-48) or turret-mounted machine-
gun (M-551) in place; the other, without any objects atop the turret. As a result, there are

six segmented images for processing.

4.5.2.1 Results. The numerical results are tabulated (Table 15) and plotted
upon the T-62 data (see Figures 35 to 39). In the figures, the boxes show where the values
should have been for the specific image being evaluated. As can be seen from the location
of the boxes for each of the data points, the later-generation imagery does not consistently
correspond to that for the synthetic T-62 imagery for cach of the five selected features.
For some of the imagery, a particular feature may have yielded a value close to that of
the correspondingly oriented synthetic imagery; however, no consistency can be found when

accounting for all five features.

NOTE: the image number (1 through 6) is for the hand-segmented images as numbered
in Figures 32, 33, and 34.

{.5.2.2 Discussion. Possible reasons for the poor comparisons between the syn-

thetic IR imagery and the actual later-generation IR imagery are
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e The objects are not comparable. Comparing a Soviet T-62 tank to a U.S. M-48 tank
is a reasonably fair comnparison; however. it is still a comparison of “apples and or-
anges.” The comparison between the M-551 imagery and the synthetic T-62 imagery
1s especially a mismatched comparison (size of turret and length of barrel being two
most notable differences between the T-62 and the M-551). As an extension of this
thought. though. these five shape features may be able to discriminate T-62s from

M-48's. M-5351's, and other non-T-62 objects.

e The objects in the actual IR imagery are too poorly segmented for the feature calcula-
tions. Portions of the objects may have been erroneously removed. and. furthermore,
portions of the background may have been erroneously included. Though it should be

noted that this is a problem that all segmentation systems would probably exhibit.

e The zero-degree sensor depression-angle creates too much error between the synthetic
and any real imagery. As was seen earlier. at this sensor depression-angle. the bottom
of the tread is not present in the synthetic imagery. As such, the jagged and squarish
quality of the bottom of the T-62 imagery might vield incomparable results even to

actual later-generation IR imagery of a T-62.

e Poor selection of features. As is possible with the early- generation IR imagery. these

features may not be extendable from synthetic IR imagerv to real IR imagery.

4.6 Summary

In summary. by using the five selected features and the technique of sorting the imagery
into consecutively smaller angle-bins. the T-62 tank within the synthetic IR imagery was
sorted into the correct 15-degree angle-bin (for the sensor view-angle) with an accuracy better
than 90%. However. when the features were extracted from real IR imagery and compared
to those features extracted from the svnthetic imagery of a T-62 tank. no conclusive results
were obtained. As such. the applicability of the selected features and the technique for

real-world IR imagery could not be ascertained.
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V. Conclusions and Recommendations

3.1 Conclusions

For an accurate comparison of features and techniques for pose estimation using com-
puter models. the modeling program must create synthetic imagery mathematically com-
parable to real-world imagery. As seen in this research. the rendering software had minor
defects which made it too mathematically and. in some instances. even too visually inexact
for a complete investigation into the problem addressed: finding those features and tech-

niques which may be extended from synthetic to real-world IR imagery for pose estimation.

As such. no conclusions can be drawn on the use of silhouette and outline shape mo-
ments as features for the aforementioned comparison. However. given only the requircment
to determine the base-plane rotation angle of the object within the synthetic imagery. these
moments can be used (up through the second-order moments). With better than 90% ac-
curacy. the base-plane rotation of the synthetic object can be determined to within + 7.5

degrees.

Kev to this accuracy with the synthetic imagery is the use of the hierarchical sort-
ing technique whereby the object’s rotation is first coarsely determined (e.g., the viewing
quadrant or 90-degree angle-bin is determined) and then finer determinations are made
(e.g.. determination of the 43-degree angle-bin within the 90-degree angle-bin followed by
determination of the 15-degree angle-bin within the 45 degree angle-bin). This hierarchical
techniques reduces the impact of the ambiguities associated with the use of second-order
moments.

Lastlv. to perform the hierarchical sorting. a relatively small neural network configured
with only two hidden lavers (ten nodes in the first layer; five in the second) can be used.
Though any training paradigm may have been equally successful. “backpropagation with

momentum” was shown to be more than adequate for the task.
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5.2 Recommendations

There are two basic recommendations based on this research. The first recommendation
involves assessing the many modeling programs and comparing the imagery to real-world
imagery. This comparison has to be more rigorous than merely requiring the model appear
visually accurate at long ranges—the model must appear mathematically accurate at all
realistic ranges. At a very minimum, comparable values should be obtained from extracting
the shape moments from the synthetic and the real-world imagery (especially since these
scalar features are not based on IR modeling as much as geometric modeling). Implied
in this recommendation is the requirement for close-up IR imagery of whatever object the

image-modeling /rendering software can produce.

The second recommendation involves the use of the “second choice” features and tech-
niques identified in Chapter 2. The features were hotspot centroid and two-dimensional
aspect ratios (height-to-width). In using these features, some metric would be used to locate
the position of the hotspot relative to the overall shape of the object (see Figure 40 for an
example of the hotspot location for one orientation of the synthetic T-62 tank—the program

to create this imagery is available through the thesis advisor for this research).

For example, as shown in Figure 41, for a given value for the aspect ratio, there are
many object rotations which could have yielded that specific aspect ratio. However. as shown
in Figure 42, when the location of the hotspot centroid is found for six images having the
same aspect ratio, the location of the hotspot centroid appears unique. Using a metric such
as shown in Figure 43, it may be possible to determine both the sensor view-angle as well

as the sensor depression angle.

However, there are some pitfalls to be aware of with this technique. Most notably,
the hotspot may not always be centered about the engine area of the object. For exam-
ple. when using this technique for the candidate T-62 tank in Figure 25, and the closest
matching synthetic T-62 in Figure 44, the turret occludes part of the hotspot. Therefore, for

comparison to the synthetic imagery, the synthetic imagery must accurately reflect the beat
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Figure 40.

Example of the location of hotspot centroid for a synthetic T-62 tank. The
large crosshairs identify the centroid of the hotspots {which are shown as black
squares). The outline of the T-62 and the box about its outline are provided for
reference.
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Figure 42. Locations of the hotspot centroids for six images having the same aspect ratios.

For each image. the sensor depression-angle (D) and sensor view-angle (V) are
given. Note the location of the hotspot appears to be unique for each of these
images.
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Figure 43. Potential hotspot metric for determining relative location of the hotspot centroid
within a normalized image.
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conduction to other parts of the tank; otherwise, the hotspot centroid of the real-world T-62
will be located more toward the upper right corner of the object. In fact, in comparing the
locations of the hotspots for the two images. as expected, the synthetic imagery’s hotspot is
not comparable to the real-world imagery’s hotspot (see Figure 45 for relative locations of

the hotspot centroids for the two images).
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Figure 14.

Svnthetic imagery showing occlusion of the hotspot by the turret. Note that
the hotspot (at the rear of the tank) has not been conducted to the extremes
of the tank (even though the tank has been “idling” in the simulation for six
hours).




Real Imagery

Closest Synthetic

Figure 45. Comparison of the location of the centroid of the hotspot between the normalized
images of the real-world T-62 and the closest matching (both in aspect ratio and
in hotspot location) synthetic T-62.
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Appendix A. Neural Graphics Conventions

A.l Neural Graphics Input Data

For input, Neura! Graphics uses the data file specified in setup.fil. For the setup.fil
shown above in Section 3.3.4.1, data.file would contain the training and test inputs for
Neural Graphics. This file was of the format (using an arbitrary example for purposes of

illustration):

56 23

1 1.02.0 1
2 1.12.1 1
3 1.22.2 2
4 1.32.3 3
5 1.42.4 3
6 1.52.5 1
7 1.6 2.6 1
8 1.7 2.7 2
9 1.8 2.8 2
10 1.9 2.9 3
111.92.9 3

The first line within this file indicates the configuration of the training and test data. For
the example above, there are five (5) training vectors and six (6) test vectors. The training
and test vectors each have two (2) elements (such as the “1.0 2.0” for the first training vector

and the “1.5 2.5” for the first test vector). And, finally, there are three (3) classes of data.

After this first line are all of the training vectors followed by all of the test vectors.
For each line of training or test data, the first number is any arbitrary integer—it is ignored

by Neural Graphics. Since the first line of data in this example specified two (2) elements
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within each training and test vector, the next two (2) numbers are the input data (in floating-
point format). The last number is the class to which the vector belongs. The classes must
be specified using integers beginning with “1” and continuing sequentially to the number

specified in the first line of data—the three (3) in this case.

The classes are specified in the input data for two purposes. For the training vectors,
the class is used to adjust the weights of the nodes. The weights are adjusted so that the
output node corresponding to the desired class has the greatest numerical value for a given
training vector (i.c., three classes will require three output nodes, the node with the greatest
numerical value corresponds to the network’s estimation of the class: when output-node #1
has the greatest numerical value, the network says the vector belonged to class #1—and so

forth for the other two output nodes).

For the test vectors, the class is used to assess the accuracy of the network. At specified
intervals, the network will test with the test vectors. For each test vector, the network will

compare the network’s estimation of the class to the test vector’s actual class.

For the example above, lines 1-5 are training vectors and lines 6-11 are test vectors.
Neural graphics trains (i.e., adjust the node weights) using the training vectors and tests
the accuracy of the neural network using the test vectors. Statistics are produced for the

training and testing of the network as shown in the following section.

The data were statistically normalized since neural networks works better when the

data are centered about zero and don't deviate more than +3.

A.2 Neural Graphics Output Data

For output, Neural Graphics generates the file specified in setup.fil. For the example
in Section 3.3.4.1, this file would be named output.data. This file contains statistics based
on the training and testing of the neural network. Neural Graphics generates this file as an

average of five separate and complete runs.
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As default, Neural Graphics will run 50600 iterations on the training data and will test

the network every 2000 iterations. The statistics generated are

e Mean-squared error. A measure of how close the output was numerically to the correct

output.

e Training “Rightness.” Indicates the percentage of output nodes that were within 20%

of their correct values for the training data.

e Training “Goodness.” Indicates the percentage of training vectors for which the correct

output node (or class) was selected.

e Test Data “Rightness.” Indicates the percentage of output nodes that were within 20%

of their correct values for the test data.

e Test Data “Goodness.” Indicates the percentage of test vectors for which the correct

output node (or class) was selected.

The following file is an example of the output statistics generated by Neural Graph-
ics (the column headers were added in this document—they are not generated by Neural

Graphics):

Iter MSE Trng Rt Trng Gd Test Rt Test Gd

0 4.291 0.000 26.666 0.000 26.666
.006 88.667 97.333 84.000 95.999
.617 93.999 98.666 90.667 100.000
.662 96.667 98.000 93.333 100.000
.597 96.667 98.666 92.000 95.999
.501 96.667 98.666 90.667 95.999
.332 97.333 100.000 90.667 97.333
.210 100.000 100.000 90.667 100.000
.186 100.000 100.000 89.333 98.666

[
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18000
20000
22000
24000
26000
28000
30000
32000
34000
36000
38000
40000
42000
44000
46000
48000
50000

The first column is the iteration count for which that line of statistics was generated.
The second column is the mean-square error. The third column is the training “rightness.”

The fourth column is the training “goodness.” The fifth column is the test data “rightness.”

O O O O O O O O O O O O O o O o o

.173
.164
.154
.146
.139
.129
.122
.118
.113
.108
.106
.102
.098
.095
.092
.090
.088

100

100.
100.

100
100

100.

100
100

100.

100

100.
100.
100.
100.
100.
100.
100.

.000

000
000

.000
.000

000

.000
.000

000

.000

000
000
000
000
000
000
000

100

100.
100.
100.
100.
100.

100

100.
100.

100

100.
100.
100.
100.
100.
100.
100.

.000

000
000
000
000
000

.000

000
000

.000

000
000
000
000
000
000
000

90

90.
90.
92.
93.
89.
89.
89.
89.

89

92.
93.
32.

92

92.
92.
93.

.667

667
667
000
333
333
333
333
333

.333

000
333
000

.000

000
000
333

The sixth column is the test data “goodness.”

As shown above, at iteration 6000, the training data was accurately sorted into the
correct class 98% of the time; whereas, the test data was accurately sorted into the correct
class 100% of the time. Iteration 14000 was ideal: both the training and test data were

accurately sorted into the correct class 100% of the time. At this point. the node weights

would be saved and used for future processing.
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A.3 Specifying Training and Test Vectors

For this research, synthetic imagery was generated for every one-degree of sensor view-
angle (360 images for each sensor depression-angle). The features were extracted from these
images and the resulting numbers formatted for processing by Neural Graphics. In this

section. the conventions used in formatting the data for this processing are presented.

In the input files, for data from a single sensor depression-angle viewpoint. the training
and test vectors were selected so that there would be twice as many training vectors as there
were test vectors. To this end. the vectors were sorted so that the first two vectors were
training vectors. the next single vector was a test vector. the following two vectors were

training vectors. the next single vector was a test vector. and so forth:

sensor
view- training/
angle test
0 training
1 training
2 test
3 training
4 training
5 test
etc.

For comparing the robustness of the network trained with data at one sensor depression-
angle for use in discriminating data from a different sensor depression-angle. all data from
one depression angle was used to train the net while all data from the other depression angle

was used to test the net. Results are presented in Chapter 4.
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A.4 Specifying Orientation Angles

For the input files. the first column of vector data (the column which is not processed

by Neural Graphics) was used to identify the sensor view-angle:

8423

0 0.02.9 1 <-- start of training vectors
1 1.02.0 1

3 1.12.1 1

4 1.32.3 2

6 1.42.4 2

7 1.62.6 2

9 1.72.7 3

101.9 2.9 3

2 1.92.9 1 <-- start of test vectors
5 1.22.2 2

8 1.82.8 3

111.92.9 3

In the above example. the sensor view-angles were 0 degrees through to 11 degrees (0. 1. 3.

4.6.7.9.10. 2.5, 8. 11).

A.5 Specifying Angle-Bin

The input files were created assuming the target was placed into the correct angle-
bin from the previous hierarchical angle-bin sorting. The results from Neural Graphics’
processing of the data would give the accuracy for just the sorting indicated in the input
file. For example. for determining the 15-degree angle-bin for a target given the correct 90-
degree angle-bin. it was assumed the 90-degrce angle-bin was chosen with 100% accuracy:
the output of Neural Graphics would give the accuracy of the 15-degree sorting within that

specific 90-degree angle-bin.
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The classes specified in the input file corresponded to the angle-bin sought. For ex-
ample, in sorting the orientation angle into 5-degree angle-bins given the correct 15-degree
angle-bin, the data would have been formatted as follows (there are three 5-degree angle-bins
in a given 13-degree angle-bin; therefore, for 0-14 degrees as the 15-degree angle-bin, there

would be three classes—one for 0-4 degrees, one for 5-9 degrees, and one for 10-14 degrees):

10543

0 xxxx 1 <-- training data

3 xxxx 1
4 xxxx 1
6 xxxx 2
7 xxxx 2
9 xxxXx 2
10 xxxx 3
12 xxxx 3
13 xxxx 3

<-- test data

11 xxxx

14 xxx X

where the x’s represent the floating-point numerical features extracted from the image at the
sensor view-angle specified (NOTE: the arrows and text indicating the beginning of training
and test data were not included in the actual input files—they are shown here only to help

with this explanation).

This method of using the classes to indicate the angle-bin was used for all angle-bin

sorting. For sorting into 180-degree angle-bins, two classes were used (one for the 0-179
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degree angle-bin and one for the 180-359 degree angle-bin). For sorting into 15-degree angle-

bins given the correct 90-degree angle-bin, six classes were used, etc.
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Appendix B. Additional Data Plots

In the following two sections, the feature plots and scale invariance test plots for the

entire 36 features are provided.

B.1 Feature Plots

The following 36 graphs are of the 36 features as numbered in Chapter 4. These plots
show how the feature values change as the synthetic T-62 is viewed from sensor depression-
angle of 10, 20, 30, 40, 50 and 60 degrees. Additionally, for each sensor depression angle, the

sensor view-angles from 0 to 350 degrees (inclusive) are plotted at 10 degree increments.
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B.2 Scale Invariance Plots

The following 36 graphs (six to a page) show how the features changed numerically as

the object’s FOV changed from 0.80 to 0.30.
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