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ABSTRACT

Our pattern theoretic approach to automatic target recognition for infrared scenes combines structured and unstruc-
tured representations: rigid, 3-D faceted models for known targets of interest and flexible, simply connected shapes
to accommodate the unknown “clutterers” that the algorithm may encounter. The radiant intensities of both kinds
of targets form nuisance variables which are incorporated into the parameter space. Statistical inference proceeds by
simulating hypothesized scenes and comparing them to the collected data via a likelihood function. For a given target
pose, we derive closed-form expressions for estimates of the thermodynamic variables via a weighted least-squares
approximation.

Since the number of objects in the scene, both rigid and flexible, is unknown and must be estimated, the parameter
space is a union of subspaces of varying dimension. Without constraints on the model order, scene descriptions may
become too complex. We apply Rissanen’s minimum description length (MDL) principle, which offers a mathematical
foundation for balancing the brevity of descriptions against their fidelity to the data. For continuous parameters,
the description length involves the log-determinant of the empirical Fisher information matrix. The relationship of
Rissanen’s MDL to Schwartz’s application of Laplace’s method of integration and to the Cramer-Rao bound are
discussed.

Examples of likelihood surfaces and associated complexity penalties are given for synthetic tank data. In these
experiments, the minimum description length approach correctly deduces the number of thermodynamic parameters.
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1. INTRODUCTION

Pattern theory!? provides a mathematical foundation for representing knowledge in complex systems.® As codified
by Ulf Grenander, the theory emphasizes modeling the underlying objects of inference and brings the methods of
traditional Bayesian inference to bear on the complicated parameter spaces needed to represent complex scenes.

For the past five years, our group has applied Grenander’s theory to the automatic detection, location, and
recognition of ground-based vehicles observed via a forward-looking infrared (FLIR) camera.*” In these studies,
three-dimensional, CAD shape-models represent the objects of interest; a likelihood function encapsulates the way
the objects are seen by the sensor; and a random sampling algorithm based on jump-diffusion processes facilitates
searching over complicated parameter spaces involving unknown numbers of targets.?°

In our previous efforts, two assumptions were made: 1, that the radiant intensities of the objects in the scene
was known a priori; and 2, that the scene consisted soley of objects contained in the ATR system’s target library.
The thrust of the present work is to relax those assumptions. Our approach, as always, will be to address them
within the pattern-theoretic framework by extending previously employed representations and extending algorithms
to perform inference with these new representations.

To tackle problem 1, the vast variability of the FLIR signature of a target under varying environmental and
operational conditions, we have extended the parameter space to include parameters describing the thermodynamic
state of the targets.!011

Problem 2 is an issue since, no matter how much detail is placed into a particular ATR system, there may always
be elements in the scene that the system doesn’t know. These elements may appear similar to objects from the library
(causing false alarms) or may hinder the ability to recognize or determine the pose of objects that are in the scene
(causing missed detections, misclassifications, and estimation errors). We call such elements clutter. Clutter may
be the most vexing problem facing designers of ATR systems; at the time of this writing, it seems to be generating



a great deal of discussion at conferences and workshops, in the literature, and in the military’s calls for research
proposals.

Our approach to clutter begins with the observation that the definition of what is a target and what is clutter
is entirely dependent on the particular scenario. Clutter, man made or natural, can be just as interesting, just as
complex, and just as structured as the targets of interest. One cannot possibly hope to provide shape models for
every type of clutterer the system may encounter. Our approach is to introduce generic shape models into the scene
representation,'? flexible models which can bend and mold to accommodate whatever rock, building, lake, or other
object the system may encounter. We may not necessarily want to discard such objects immediately; although an
object may not match a template from the library, its presence may still be of interest to the user.

Introducing such flexible representations presents a delimma. Why would the algorithm, then, want a rigid target
library at all? In fact, the algorithm might be able to do a better job of fitting a nonparametric shape - which can
bend to accommodate every nook and cranny of noise - to a tank than the actual tank model in its library. This is a
manifestation of the classic problem of model-order estimation. We must imbue our algorithms with an urge to favor
simple representations over complex ones. Any particular image may support several equivalent representations.
David Mumford has championed!® the application of information-theoretic notions such as Rissanen’s minimum
description length principle!* to pattern-theoretic problems. In this view, estimates of the configuration underlying
the data are “descriptions” of the data; if there are several descriptions compatible with the observed data, we select
the most parsimonous. The MDL or “minimum complexity”!%:16 principle provides a philosophy for balancing the
brevity of descriptions against their fidelity to the data.

As an example of description length computation, consider a simply connected shape on the lattice.!? It sufficies
to define an initial point and a series of directions defining the border. This suggests a complexity measure which is
asymptotically proportional to the length of the boundary. This “chain-length” code was suggested by by Leclerc!'”
for applying the MDL principle to general image segmentation. A code based on boundary length is the basic method
of boundary regularization in the objective functional proposed by Mumford and Shah.!®1? Notice this is not the
only possible technique; other flexible models, such as parametrically defined snakes and balloons,?® would have
other associated description lengths.

The present paper focuses on the description of the thermodynamic and pose parameters associated with rigid
targets.

2. MODEL ORDER SELECTION CRITERIA

Since its introduction by Fisher, the method of maximum-likelihood has proven an effective method of vector pa-
rameter estimation when the dimension of the parameter space is fixed. When the dimension of the parameter space
itself needs to be estimated, maximum-likelihood techniques tend to be “greedy,” consistently picking the models of
greatest complexity to yield overly tight fits to the data. Bayesian approaches can also suffer from such pathologi-
cal behavior. For instance, in the maximum a-posteriori estimation of auditory nerve discharge rates,?! the MAP
estimate always picks the model order to be equal to the number of data points.

The challenges of model order estimation were addressed in 1974 in Akaike’s influential paper.2? Four years

later, alternative approaches were proposed by Schwartz2® and Rissanen.?* Schwartz took a Bayesian approach of
integrating out nuisance parameters, and employed Laplace’s method of approximating integrals. Adopting a quite
different tactic rooted in coding theory, Rissanen proposed the Minimum Description Length principle, which seeks
to minimize the number of bits needed to describe the data over the available models. Although his 1978 paper may
be the most ubiquitously cited reference for the origins of MDL, the concept of estimation-via-coding was planted
a decade earlier in the computer science literature by Wallace and Boulton.??> Wallace later refined his ideas and
termed them Minimum Message Length.?6 The trio of technical reports by Baxter, Hand, and Oliver?”2° purveys
the clearest, most thorough discussion of the similarities and differences between the works Schwartz, Rissanen, and
Wallace that we are aware of.

Most Bayesian inference procedures are based on minimizing an expected cost function. Wallace’s MML crite-
ria?6-30:31 crafts Bayesian inference procedures without having to specify an explicit cost function (such as squared
error or probabilities of detection and false alarm). Rissanen, on the other hand, goes to great lengths to avoid what
he considers “subjective” priors and staunchly resists Bayesian interpretations of his criterion. Prefering to make as
few assumptions on the parameters as possible, he represents them using a “universal” coding scheme for the inte-
gers.14:32735  Rissanen’s philosophical objections to the notion of prior knowledge nonwithstanding, there is nothing



to prevent devoted Bayesians from assimilating Rissanen’s MDL techniques into their own agenda. Considering the
rich Bayesian flavor of many pattern theoretic representations, we follow this path in Sec. 2.2. In this sense, our
mindset is closer in spirit to that of Wallace, even though the practical choices we make (mostly concerning parameter
truncation) follow Rissanen’s reasoning.

2.1. Schwartz’s application of Laplace’s method

Consider the multihypothesis testing problem of determining which model m € M generated a given data set y.
Suppose each model has equal a priori probability. For each model, we need the likelihood and prior densities denoted
by pi(y|z) and p,(z). (All densities and logdensities are conditioned on a particular candidate model m. In what
follows, we suppress the notation of an explicit model index and the uniform a priori probability of the model.) The
Bayesian procedure proceeds by integrating out the nuisance variable z to find the probability of y under the model:

p(y) = / p1(yl2)py () de. (1)

T

In a few specialized cases (such as auditory-nerve discharge rate estimation®!'), the Bayesian integral (1) can
be performed analytically. In many cases, however, the integral is formidable, and the approximation technique
employed in Schwartz??® becomes attractive.

Let L(y|z) = Inpi(y|z), P(z) = Inpy(z), H(y,z) = L(y|z) + P(z), and &(y) = argmax, H(y,z). Suppose the
model has dimension d. If the posterior density is highly peaked, we can approximate the integrand via Laplace’s
method (see p. 96 of3¢)
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Clarifications and extentions of Schwartz’s technique are investigated by Poskitt.3” Laplace’s method has also

found application in the study of the information-theoretic asymptotics of Bayes methods®® and in computing prob-
abilities of detection in low-noise ATR scenarios.??

2.2. Rissanen’s Minimum Description Length

The overall approach is to describe the observed data y with a two-stage code in which we encode the MAP estimate
Z and then encode y under the model determined by Z. For discrete data y, given x, Shannon’s theory tells us we can
construct a code with length [—L(y|z)]. (For convenience, we will drop the notation for “next largest integer” in the
remaining discussion.) Throughout this paper, we will use natural logarithms, so information is expressed in terms
of “nats.” (One can easily convert from “nats” to “bits” by dividing by In2.) For real data y with likelihood density
pi(y|z), we can truncate the data to a desired precision d, and replace the density with the probability p(y|:c)6,j,
yielding a code length —L(y|z) — dIné,. Notice the dIn, term depends on neither the data y nor the parameter .
Hence, the precision d,, is usually of minor interest and often dropped. In the literature, —L(y|x) is often referred to
as a “code length” even when y is real-valued, with the understanding that any desired precision can be achieved.
We adopt these conventions here.

Once we’ve encoded y given z, we also need to encode the parameter z. For discrete parameters, the code length
for encoding the parameter z is just —P(z) = —Inpp(z). But if z is real, it must be truncated as well. Unlike the
truncation of the data, the truncation of the parameters is a significant issue.

Expanding the loglikelihood as a function of the truncated value in a Taylor series around % (to second order)

yields
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In his earliest work,?* Rissanen took the approach of Wallace and Boulton,?® who treated the quantization error

& — x4y as a uniformly distributed random vector and chose the precision to minimize the expected value of (5). (This
is the approach taken by D. Michal for multiple target detection*® with radar antenna arrays.) However, in all later
papers, Rissanen adopts a worst-case minimax approach which picks the precision to minimize the maximum of (5)
over the quantization region: “Instead of the maximum value we could calculate the mean increase by assuming some
distribution [uniform in Wallace and Freeman] for the deviation of [the parameter] from the center of its enclosing
rectangle. Using the mazimum value has the advantage, however, that it is independent of such distributions.”'*
[Italics added.]

Rissanen considers the problem of truncation in multiple dimensions as partitioning the parameter space into
parallelepipeds, noting that the quadratic term reaches its maximum when z falls at a corner of the parallelpiped.
Consider a fixed maximum deviation

r= ('ﬁ - -'L'tT)TIH(y : :i)("i' - -'Etr)- (6)

Rissanen chooses the quantizing parallelpiped as the maximum-volume rectangle!* contained within the ellipsoid (6).
This rectangle has edges parallel to the principal axes of the ellipsoid, with a maximum volume of
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Setting first derivatives equal to zero easily reveals the minimizing r to be r = d. Substituting » = d into (12) yields
the description length

1 d
—H(y,ﬁ:)+§1ndetIH(y:§:)+5(1—1n4). (13)

Although it follows straightforwardly by viewing Rissanen’s ideas from a Bayesian angle, to the best of our knowledge,
(13) has not explicitly appeared before in the literature.

2.3. Wallace’s Minimum Message Length

Instead of Rissanen’s parallelpipeds, Wallace and Freeman2%:3! consider quantizing in multiple dimensions using

optimal quantizing lattices. For instance, in two dimensions, the optimal quantizing lattice forms a hexagonal grid.
In three dimensions, the optimal lattice is a body-centered cubic lattice (p. 60 of*!), whose Voroni regions (p. 34 of*!)
are truncated octahedrons (one of the Archimedean polyhedra). In higher dimensions, the optimal quantizing lattices
are actually unknown, although bounds are available. Instead of working out a worst-case analysis as in Rissanen’s
later work, Wallace and Freeman consider the truncation error to be a uniformly distributed random variable. The
resulting criterion has the same posterior and Fisher information terms as Schwartz’s and Rissanen’s criterion, with
an additional term involving the efficiency of the quantizing lattice. Our group is currently investigating this third
approach. Due to space constraints we will not consider it further here.

2.4. Penalized loglikelihood interpretation

42 it is often fruitful to express model selection procedures via penalized loglikelihoods:

Lpen(z,y) = L(y|z) — C(z,y) (14)

As suggested by P. Green,



The penalties associated with Schwartz’s and Rissanen’s approaches are given by
1 d 1 d
Cr(z,y) = —P(z) + Elndet Ig(y:z) — 5(1n27r), Cs(z,y) = —P(x) + 3 Indet Iy(y : z) — §(ln4 -1 (15)

In the applied literature, C is occasionally interpreted as a logprior; this is somewhat misleading since it includes
the data. We prefer to think of C' as an adaptive complexity penalty.

2.5. Relationship to the Cramer-Rao bound

Although they arrive from quite different viewpoints, Rissanen and Schwartz yield strikingly similar criteria. Both
criteria have terms involving the posterior, a term which is one-half the log of the observed Fisher information,
and a term which is linear in the number of parameters. Both techniques involve a Taylor series expansion, so the
appearance of the Fisher information terms is perhaps not too surprising. This section focuses on the meaning of
the Fisher information term. Recall the multivariate Cramer-Rao bound for random parameters given by

Eo{Eyo{[2(y) — 2" [3(y) — al}} 2 [Bo{Byo{Iu(y : 2)} 7Y, (16)

where we have iterated the expectation. The inner expectation on the right-hand side of corresponds to averaging the
observed Fisher information, a prominent feature of both the Schwartz and Rissanen model order selection criteria,
over the data. Viewed this way, the Cramer-Rao bound offers an interpretation of the Fisher information in the
Schwartz/Rissanen penalty: it provides an estimate of the the accuracy of the MAP parameter estimates.

3. DATA LIKELIHOOD

Adopting the detector model of Snyder, Hammoud, and White,*> we suppose the data y(k),k € D collected by
camera is Poisson distributed with mean A(k). The Poisson loglikelihood** of the data y given X is

Leop(lN) = = Y Ak) + > y(k) In A(k (17)

kED kED

The loglikelihood could be generalized to accommodate optical blurring, readout noise, and background counts.*3:45

We neglect them here as a first-order approximation in order to generate the results of Sec. 4.3.

Of course, we are not interested in the ideal image A directly, but in the underlying parameters x, the poses and
shapes of objects of interest. Let render : x — X represent the function which generates an ideal infrared image of
the underlying objects with their associated poses, shapes, and thermodynamic states. This involves viewing objects
through the effects of perspective projection and obscuration. We have developed rapid implementations of render
for Silicon Graphics computers.

The sensor loglikelihood Loop and the render function provide a conceptual separation of the stochastic and
deterministic aspects of the remote sensing process. Combining them yields the composite loglikelihood

L(y|z) = Lecp(y|render(z)). (18)

4. THERMODYNAMIC NUISANCE VARIABLES

We take an empirical statistical-approach to modeling target thermodynamics and construct prior distributions on
the radiant intensities of target facets. By simulating a large number of radiance measurements, taken while varying
environmental and internal heating parameters over reasonable ranges, we generate a population of radiance profiles
to which we apply principal component analysis. Assuming a Gaussian model, the first few eigenvectors - here called
‘eigentanks’ - provide a parsimonous representation of the covariance. (For instance, the smallest model we currently
employ is an M2 model that contains 95 regions. Without reducing dimentionality with the eigenvector or some
other approach, we would have to deal with a 95 by 95 covariance matrix.) Our exploration of principal-component
methods was motivated by the success of such methods in modeling face images*®47 and hippocampi.*8-4°

We will need some notation. Suppose the tank is divided into I regions, with intensity assumed constant across
each region, and that we are employing J basis functions. Let INV; be number of pixels in region i, as seen by the
detector, Y; = 3", .. y(k) be the sum of data pixels in region 4, and A; be the unknown mean intensity of region i.
We represent A; = 3_; a;®;; +m;, where the a;’s are expansion coefficients, ®;; is the value of eigentank j at region
i, m; is the mean of region ¢, and +y; is the eigenvalue associated with eigentank j.



4.1. Logposterior for rigid targets
Conditioned on the a;’s, y(k) ~ Poisson();) for k € R;, yielding Y; ~ Poisson(N;\;). Dropping terms independent

of a, the logposterior is
H(alY) = ZN)\ +ZY1nN)\ 227 (19)
J

Expanding A in terms of eigentanks, we have
2
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Again dropping terms independent of «; yields:

2
Qs
H(alY) = ZN Za, z]—{—ZYlIl Za] ij +mg) Z# (23)
; J
J
4.2. Necessary conditions for a maximizer

Setting the derivative w.r.t. a; equal to zero, we find the necessary conditions:

o
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This is a set of coupled nonlinear equations for which no direct closed-form solution is evident. While we have
derived an expectation-maximization algorithm for their solution, we are drawn to a computationally more efficient
weighted least-squares approximation.

4.3. Weighted least-squares approximation

Here we approximate the posterior by replacing the Poisson loglikelihood (conditioned on the a’s) using a weighted
least-squares approximation:
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Taking the derivative w.r.t. a; as usual, we find J necessary conditions:
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Fortunately these are linear equations, conveniently expressed in matrix form:

N232 N2®,;;®; N7 ®i1m;
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For a given target pose, these equations allow us to compute MAP estimates for the ¢;’s in closed form, which
we denote as &;.

4.4. Empirical Fisher information for thermodynamic variables

The elements of the observed Fisher information matrix are given by
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where § is a Kronecker delta, and we evaluate (30) at the MAP estimate & (see p. 98 of°?). In implementation, we
compute logdet I(Y : @) by summing the log-eigenvalues of I(Y : a); this avoids underflows which might occur in
attempting to compute det I(Y : ) directly. We have found that such underflows can occur when a large number of
terms in the eigenexpansion are employed.

4.5. Implementation on Silicon Graphics hardware

We have previously exploited the powerful real-time rendering capabilities of Silicon Graphics computers to simulate
infrared images and simulate laser radar range images by reading the z-buffer values which result as a byproduct of
the 3-D rendering process.””%! Here, we once again benefit from the flexibility of SGI’s systems. To compute the
N;’s and D;’s needed in Secs. 4.3 and 4.4, the number of pixels from each region appearing on the detector and the
sum of the data values across each region, we first render the scene using region numbers instead of intensities. The
rendered image is scanned, and each pixel is placed in the appropriate bin, adding one to the accumulating sum for N;,
while the data corresponding to that pixel is added to the appropriate D;. We refer to this technique as “painting by
numbers.” Coefficients may be estimated using (29) and the empirical Fisher information computed using (30). With
the coefficients estimated, the corresponding Poisson loglikelihood can be computed via — . N;A; + >, D; In N; A
with A; =Y. a;®;; +m;. Also, a hypothesized infrared image can be directly simulated in a second rendering, this

j
time using A;’s instead of region numbers.

5. EXAMPLE

Figure 1 features 140 by 140 images of a synthetic T62 superimposed on a real infrared background. The background is
from a data set provided courtesy Dr. James Ratches of the U.S. Night Vision and Electronic Sensors Directorate. The
camera position was chosen so that the tank appears in correct perspective when viewed against the background. The
radiant intensities of the facets were generated from a principal-component eigentank model generated by Matthew
Cooper,!®!!  with the first three coefficients of the T62’s eigenexpansion set to nonzero values and remaining
coefficients set to zero.

In all of the following experiments, the background was assumed to have an unknown, uniform intensity, adaptively
estimated using its maximum-likelihood estimate, which in this case is just the average of the background pixels.
This parameter would have an associated description length penalty; this penalty will be neglected in the following
experiments. We are currently exploring the possibilities for encoding such background parameters.

We generated a data set from the tank at 45 degrees (second frame, top row of Fig. 1.) Given the correct
position, Fig. 2 shows the loglikelihood varying with hypothesized orientation for this simulated data. From bottom
to top, the lines correspond to loglikelihoods computing using the first 1, 3, 5, and 17 terms in the thermodynamic
eigenexpansion. As expected, there is a sharp peak at the correct orientation of 45 degrees. In addition, using more
terms in the expansion generates higher loglikelihoods, especially when the orientation is far from the correct value,
since the larger number of parameters gives the model greater flexibility in trying to fit the tank to the background.



Figure 1. Synthetic T62 superimposed over a real infrared background, with orientation at 45 degree increments.
Real infrared data courtesy Dr. Jim Ratches, Night Vision and Electronic Sensors Directorate.
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Figure 2. Left panel shows the loglikelihood varying with respect to orientation for data generated with a true
orientation of 45 degrees. From bottom to top, lines correspond to likelihoods computed using 1, 3, 5 and 17
eigenvalues. Right panel shows zoom of a section of the left panel.

Fig. 3 further explores the effect of changing the number of terms in the eigenexpansion. Assuming a correct
hypothesized orientation of 45 degrees, the left panel shows the Rissanen (top line) and Schwartz (bottom line)
penalty terms associated with the given number of eigentanks. These complexity penalities are given by

1 o
Cs(a,y) = 3 Zlnvj + Z 7] +1Indet Ig(y : @) (31)
i i "
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Figure 3. Assuming a correct orientation of 45 degrees, the left panel plots penalty term for thermodynamic nuisance
variables with respect to number of eigentanks employed in the expansion. Top line corresponds to Rissanen’s method
of parameter truncation; bottom line corresponds to Schwartz’s application of Laplace’s method. From top to bottom,
right panel shows: loglikelihood at 45 degrees with respect to number of terms in expansion; penalized loglikelihood
using Schwartz’s method; penalized loglikelihood using Rissanen’s method.
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where the elements of Iy are given by (30). Notice that in the Schwartz penalty, the In 27 term from the prior
cancels the In 27 term from the Laplace approximation. The Rissanen penalty is harsher.

The effect of subtracting these penalty terms from the loglikelihood is shown in the right panel. The top line is
the loglikelihood associated with a given number of terms; notice that it increases monotonically with the number of
terms, as expected. The next line from the top represents the result of subtracting the Schwartz term; the bottom
line is the result of subtracting the Rissanen term. For both types of penalties, the penalized loglikelihood increases
rapidly at first, reaching a peak at three terms, and then slowly decreases. The maximum penalized-likelihood in
each case is at three, which is as expected, since in our simulation we set the fourth and higher order terms to zero.

Now we explore how the penalty terms vary with respect to true orientation. To approximate the expected
value of the penalty term under low-noise conditions, we computed the penalty term using noiseless data. Fig. 4
shows graphs of the Schwartz penalty term for the thermodynamic variables with respect to orientation (the graph
for the Rissanen term would have the same shape, just vertically shifted). In the left panel only the first term
in the eigenexpansion is used; in the right panel, the first three terms are used. Notice that between 90 and 200
degrees, the tank presents a relatively constant intensity to the detector. The number of nats used to represent the
thermodynamic state is lower in this region. However, as the tank continues to spin, passing 250 degrees, we begin
to see the other side, which shows more contrast within the tank. This additional information in the data is manifest
in the higher number of nats in the parameter description length.

We conducted a similar experiment, this time plotting the penalty term for orientation vs. true orientation.
For this, a uniform prior on tank orientation is assumed, and the observed Fisher information (the negative second
derivative with respect to orientation) is computed numerically using a stepsize of two degrees. In computing the
loglikelihoods, the first three terms in the eigenexpansion were used. Note again that the penalty term is higher at
orientations where interesting features are apparent in the tank.
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Figure 4. Schwartz penalty term for estimating thermodynamic nuisance parameters, assuming correct orientation
is hypothesized, varying with respect to true orientation.
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Figure 5. Penatly term (not including the In27 or In(4) — 1 terms associated with Schwartz’s and Rissanen’s
methods, respectively) for estimating orientation parameter, varying with respect to true orientation. Loglikelihoods
computed with first three eigenterms in expansion.
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