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1. INTRODUCTION

Many automatic target recognition (ATR) algorithms are intimately tied to the particular sensor
they are designed for, and are not readily adapted to other kinds of sensors. Grenander’s pattern
theory! 2 seeks a conceptual separation between the underlying representation of a scene, the sensors
used to observe that scene, and the algorithm used to perform inference using the underlying
representation and the sensor model. In this paradigm, a hypothesized scene, simulated from the
characteristics of the hypothesized scene elements, is compared to the collected data by a likelihood
function based on sensor statistics. The likelihood is combined with prior knowledge to form
a Bayesian posterior distribution. One can explore different algorithms which exploit the same
underlying representation and sensor model to determine which algorithm is the most efficient.
Similarly, by employing a common representation, a particular algorithm designed for one sensor
may be readily modified to employ another sensor (either instead of or in addition to the original
sensor) by just inserting the new sensor model.

In Ref. 4, we presented an algorithm for pattern-theoretic inference of forward-looking IR (FLIR)
scenes. The logical and computational engine of the algorithm is built around a jump-diffusion
process which provides the dynamic flexibility to accommodate scenes of differing complexity.”” An
ATR algorithm must have continuous and discrete aspects, since discovering the number of objects
in a scene and recognizing their types is fundamentally different than deducing their orientations and
positions. The “jump” and “diffusion” components respectively handle the discrete and continuous
aspects of this search. The implemented jump-diffusion process may be thought of as a Markov
chain Monte Carlo® algorithm which samples the posterior distribution.

To illustrate the generality of this framework, this communication presents results using a mod-
ification of the FLIR jump-diffusion algorithm in which a laser radar (LADAR) sensor model is
substituted in place of the FLIR model.

2. PROBLEM FORMULATION
2.1. Representation of the Underlying Scene

Figure 1 illustrates a top-down representation of a particular configuration of ground-based targets.
We assume the targets lie on a flat plane, so that each target can be represented by a two-dimensional



Figure 1. Top-down view of a configuration of targets.

position, a single-axis rotation, and a label indicating target type. The parameter space for an N-
target scene can be written as Xy = [R? x [0,27) x A]Y, where A is a set of target types, for
instance, A = {M2, M60, T62}. Since the number of targets present in the scene is not known in
advance, the complete parameter space X = UJ_j Xy is a union of the various N-target subspaces.

2.2. Likelihood Model for LADAR Range Data

This section describes a model for range data collected by a coherent LADAR using heterodyne
detection.” Intensity and Doppler information, if available, can be incorporated similarly. The
application of this model to pattern-theoretic ATR was first suggested in Refs. 10 and 11. Sev-
eral performance-analysis studies for a single-object scenario, where the position of the object is
assumed known, have been conducted by Kostakis and co-workers.!?!3  Our notation is chosen to
be analogous with the notation in Sec. 3.1 of Ref. 4.

The LADAR will observe the scene through the effects of obscuration and perspective projection,
in which a point (z,y, z) in 3-D space is projected onto the 2-D detector according to (z,y, z) —
(x/z,y/2), as shown in Fig. 2. This creates the vanishing point effect in which objects which are
further away from the sensor appear closer to the center of the detector. Objects will appear skewed
in different ways depending on where they appear in the image plane.

Let A(y) be the true distance from the sensor to the scene at pixel y. We will employ the
model for laser radar range data formulated by Shapiro and colleagues,”!*1® with a few changes
to suit our purposes. In particular, we will explicitly incorporate the ambiguity inherent in coher-
ent, heterodyne-detection LADAR range measurements, so the measurements are more accurately
characterized as taking values on the torus rather than the real line. Although a wrapped Gaus-
sian or Von Mises density would be more appropriate for toroidal data, we will employ Shapiro’s
original Gaussian density as a reasonable approximation. Let R, denote the length of the range
ambiguity interval, i.e., ranges of 7, 7 + Rgmp, 7 + 2Ramp, etc. all map to the same measured range.



Figure 2. Wireframes of targets in Fig. 1 viewed under perspective projection and obscuration.

Figure 3. Noise-free LADAR range image with range ambiguity.

The loglikelihood of collecting range data D € [0, R,mp] given the true range image \ is

N1 P oy SRIE(D(y) = mod(A(Y). Rams))*/(28%())] | Pra(y)
Lir(DIY) =) 1 {[1 Pra(y)] 2y + Ramb} (1)

yey

where §(y) and Pry(y) are the local range accuracy and probability of anomalous measurement for

pixel y given by d(y) = Ryes//CNR(y) and Pra(y) = [In(N) —1/N + 0.577] JCNR(y), where
N = Rymp/Ryres, Rres is the range resolution, and CNR is the carrier-to-noise ratio taken to be
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Figure 4. Sample LADAR range image with range ambiguity, anomalous pixels, and range-
dependent measurement errors.

CNR(y) = Zexp [—2aA(y)] / [My)]?, where a is the atmospheric extinction coefficient and Z is a,
constant derived from the properties of the laser radar.”'*1® Notice that the probability of anomaly
Pra(y) and the local range accuracy d(y) increase with hypothesized distance A(y).

Figure 3 presents an example of a noiseless range image (with ambiguity) corresponding to
Fig. 2. A sample of this image corrupted with anomalous pixels and range-dependent measurement
error is shown in Fig. 4. The parameters have been chosen to illustrate overall effects and are not
intended to be correspond to any particular real LADAR system or tactical scenario. In particular,
they were chosen to emphasize the range-dependent errors; notice that the pixels further from the
detector are noisier than those near the detector.

Given an estimated configuration = and a collected image D, we can write the loglikelihood
parameterized by the hypothesized underlying scene as

L(D|z) = Lyr(D|render(x)), (2)

where render(z) represents the operation of rendering, via perspective projection and obscuration,
the range to elements of the scene. Note that sensor fusion is naturally achieved in this framework
by adding the loglikelihoods for different sensors. Similarly, if several images are collected over time,
one can add the loglikelihoods for the different frames. The render(z) function will be different for
each frame due to the motion of the sensor platform.

Here, we assume a uniform prior on target types, positions, and orientations, so the posterior is
proportional to the likelihood.



Collected Data

D
Generate _ﬂxl Loglikelihood |- 5(PX0.....p) Choose
Alternative / New
Configurations P Configuration
X5 - ] L(D]x,)
«For ajump, add or }[Loghkehhoodl ...................................... > _ - i
- targets or For ajump, choose _
X(i) =—q—pp| [EMOVE > : e M X(i+1
change target types . one of the input x's (i+1)
*For adiffusion, : *For adiffusion,
make small compute a stochastic
perturbationsin X »[ Loglikelihood L(DIxw) p| gradient ascent
continuous
parameters >
A A
Move:
Type;
Choose Move

“Alarm clock

Diffusion ringing” at
—Pp : t—————————
«Jump (birth, death, Jump exponentially
or metamorph) Trigger distributed
times

Figure 5. Block diagram illustration the overall operation of the jump-diffusion ATR algorithm.

2.3. Implementation using Z-Buffer Algorithms

Many computer graphics engines, including Silicon Graphics hardware, account for obscuration with
a z-buffer algorithm. As object pixels are rendered, their distance is stored in a pixel-registered z-
buffer. New pixels are only written to the rendered image if their distance is less than what is
currently stored in the z-buffer. After the scene is fully rendered, the final contents of the z-buffer
provide ranges as a by-product of the rendering algorithm. This facilitates the rapid simulation of
LADAR scenes.

3. EXAMPLE

We have modified our Silicon Graphics implementation of the jump-diffusion algorithm for FLIR*
to employ LADAR data instead. To create our LADAR ATR algorithm, we simply substituted the
LADAR loglikelihood calculation in place of the FLIR loglikelihood calculation. The majority of
the jump-diffusion code remained unchanged.

We refer the reader to Ref. 4 for extensive details of the original FLIR ATR algorithm. Here
we merely present a block diagram (Fig. 5) to provide an intuitive feel for how it operates. The
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algorithm produces a series of estimates z(7). Here, the time i refers to “algorithmic time” or
“process time” which should not be confused with the real time over which the data is gathered. We
initialize the algorithm by setting z(0) to be an empty configuration. At each iteration, a number
of alternative hypotheses, denoted 1, xs,...x)s, are generated from the current hypothesis z(i)
according to a chosen “move type.” The loglikelihood of each alternative hypothesis is computed.

The most common move type is a diffusion; in this case, the alternative hypotheses represent
small perturbations in continuous parameters. These are used to compute numerical derivatives of
the loglikelihood. A new estimate z(i+ 1) is computed by following the gradient of the loglikelihood
along the continuous parameters. A small random noise term is added to the result of the gradient
update.

At exponentially distributed times, a jump move is performed instead. One of three species of
jump moves is selected: a birth, a death, or a “metamorph.” For a birth move, the alternative
hypotheses represent the addition of a single new target, with the remaining targets left unchanged.
This allows the algorithm to discover new targets. For a death move, the alternative hypotheses
each have a single target removed. This permits the algorithm to remove unlikely hypothesized
targets. A metamorph move consists of trying different target types (M2, T62, M60, etc.) for a
particular target (including large-scale changes in orientation), allowing the algorithm to “change
its mind” about the type of a target. For each kind of jump move, one of the alternatives is chosen
(or the original hypothesis z(7) is kept) probabilistically based on the loglikelihood. Hypotheses
with greater loglikelihood have a greater chance of being chosen. Between jumps, the diffusions
refine estimates of position and orientation.

The computational complexity per iteration depends on the kind of move chosen at a particular
iteration. For a diffusion move, the system must simulate a scene and compute a loglikelihood (the
sum in Eq. 1) twice (in order to compute a numerical derivative) for each parameter for each target.
For an N target scene, this would require 6N renderings and likelihood computations (since there
are three parameters: two position parameters and one orientation parameter). Similar analysis can
be done for the jump moves; see Ref. 4 for more details. The distance rendering is quite fast using
dedicated graphics hardware as described in Sec. 2.3. The primary bottleneck is the likelihood
computation. In our current implementation, for each likelihood computation, we compute the
likelihood over all pixels in the image. This is somewhat redundant, since a small change in the
scene parameters will only change a small number of pixels on the image. Hence, it could be made
faster by only computing the likelihood for the pixels which change from one likelihood computation
to the next. Such optimizations are a good subject for future work.

Interesting snapshots of a sample path analyzing the data in Fig. 4 are shown in Fig. 6. The
current hypothesis is shown as a white outline. The algorithm first finds the M60 on the right.
Since it is closer to the detector, it takes up more pixels, and the algorithm chooses it since it can
“explain” a large portion of the data. In the third iteration, a birth move discovers the M60 on
the left, although it gets the orientation wrong. By iteration 11, the diffusions have pulled the
M60 on the right to the correct position. In iteration 12, a “metamorph” move makes a large-scale
orientation change to correct the orientation of the M2 on the left. In iteration 24, a birth move
finds the M2; also note that the diffusions have refined the position of the leftmost M60. Iteration
32 shows the algorithm birthing an M2 (facing the wrong direction) over the T62. The algorithm
changes its mind and switches this incorrect M2 to a T62 (now facing the correct direction) via a



metamorph move in iteration 38. By iteration 130, the diffusions have refined the pose of the T62.

Notice that, in this preliminary experiment, the algorithm incorrectly estimates the orientation of
the M2.

4. CONCLUSIONS

This correspondence considered a pattern-theoretic framework for ATR which may be readily
adapted to employ different kinds of sensors. To illustrate its flexibility, a jump-diffusion algo-
rithm originally designed for ATR using FLIR data was adapted to employ LADAR range data. It
makes full use of the statistics of the available sensors and seeks optimal Bayesian solutions, and
hence has the potential for better performance than suboptimal algorithms that do not incorporate
this statistical knowledge. Further studies using, for instance, Monte Carlo simulation, would be
needed to confirm and quantify this improvement by comparing the presented approach against a
variety of other algorithms under a wide variety of noise conditions. However, our present interest
in the pattern-theoretic approach is only partially motivated by improvements for this particular
LADAR sensor; it is primarily motivated by the ease and elegance with which additional, quite
different, sensors can be fused into the resulting ATR system.

Our algorithm assumed that the position of the platform is known relative to ground using, for
instance, GPS. Unfortunately, at the time of this study, we did not have access to real LADAR
data which had this kind of auxillary information. (An alternative to using GPS data would be to
make the platform position itself a parameter of interest; however, this would complicate matters,
and we wanted this exposition to be as simple as possible.) Of course, a vital next step will be to
test the algorithm using real LADAR data.
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Figure 6. Iterations 1, 3, 11, 12, 24, 32, 38, and 130 of a jump-diffusion process for LADAR range
data.



