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Abstract

One of the central problems in Automated Target
Recognition is to eccommodate the infinite variety of
clutter in real military environments. The principle fo-
cus of our paper is to construct metric space where the
meiric measures the distonce between objects of inter-
est inyariant to to the infinite variety of clutter. Such
metrics are formulated using second-order random field
maodels.

1 Introduction

One of the central problems in Automated Tar-
get Recognition is to accommodate the infinite vari-
ety of clutter in real military environments. In model-
based approaches, identification/classification rates are
largely determined by the accuracy of models used to
represent real-world scenes. In heavy cluttered envi-
ronments, it is impractical to explicitly represent each
of the objects in the scene by a deterministic 3D model
whereas applying low-dimensional statistical descrip-
tion of clutter may improve ATR performance in clat-
ter. The madeling of clutter can approached from the
point of view of empirical statistics. Similar approaches
have been successfully carried out under the context of
modeling object signatures using principal component
analysis [1], [2], 3], [4]

The variability of target type and pose can be ac-
commodated using rigid template approach, defining
for every target type a template with a group of rigid
motions, representing geometric variations.

In a continuous setting, the set of images 7 is defined
as a space of functions on the background space X,
I: X — V, with V the value space. In this paper, we
consider X C R¥,k = 2,3 and V = R. The group of
geometric transformations G acts on the background
space X according to '

ge€EG:zeX v gox e X. 1)

The group action of G on the image space T is defined
by its action of the background space

geG:IcT3Togel. (2)
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The rigid template corresponds to the orbit G.Jiemp
under the group action G of one selected and fixed
image Iiemp

G liemp = {feZ: 1= Lempog, g€GL (3)

For the purposes of automated target recognition, im-
ages Jiop,p correspond to the targets.

Many automated target recognition problems in-
volve comparison of the ohserved image In to a tem-
plate Iiemp in the presence of a group action. For
instance, the group G may correspond to rigid mo-
tions of the teroplate femp. Considering images as el-
ements of some functional space, one can readily equip
this space with a functional distance dp (19,70} =

Ny (1Y —1 (0))2, where N7 is a functional norm {(LP
norm, Sobolev norm, etc). In the situation, in which
the group action does not alter the essence of objects,
those functional distances are poor candidates for ob-
ject comparison, since one can find a rigid motion g,
for which dy{I,] o g) will be large. In this paper, we
are interested in designing metric distances d, which
are robust with respect to the action of the group G.
More precisely, if the group G is the group of rigid
motions, one of the desired properties of the distance
would be d(I,Iog) =0forallge Gandall ] € T. The
next subsection follows the development by Miller and
Younes [5), presenting the basic setup for constructing
metrics on the space of images .

Construction of a metric distance on 7, which takes
into account the action of G, usually requires using a
variational approach on the product space G x Z, in
which the metric would be defined through a geodesic
distance. The principle of this construction relies on
concepts of differential geometry [6] and consists of
defining the energy of paths on & x T with subsequent
computation of the distance by minimizing these ener-
gies.

A differentiable path on G x T is a continuous fune-
tion (g¢, 51} : [0:1] = G x Z, for which the time deriva-

tive (%‘-, %) is defined for all ¢ € [0;1]. Given a col-

1407



lection of functional norms Ng and N7, the associated
energy of the path (¢, ;) is

2
B d) = [y No (B oo) d+ @

1,r —_132
+fo Nz (Brogt) at (5)
Then, the distance d({'®, IV} on 7 is defined
through the infimum energy over all the paths g start-

ing at the identity, go = id, and all the paths I;, which
take I to IV o g;

d(I(O),I“)) = inf E{g:, L).
9t : go = id,
L:Iy= ](U),Il = [V o
(6)

In equation 5, there are two penalty terms for the
deformation, which takes I'0 to It} The first integral
penalizes transformations in the background space as-
sociated with the group G, and the second one penal-
ized photometric deformations.

In general, the choice of the norms Ng and Nz
depends on the application. In this work, the group
G, associated with the pose of the objects of inter-
est, is considered to be the group of rigid motions,
G = 50{k} ® R¥. The natural requirement would be
to set the penalty, which is due to the rigid motions of
the objects, to zero, Nz (-} = 0. On the other hand,
another desired property of the metric distance, in this
case, is robustness with respect to photometric varia-
tions in the observed images associated with natural
cluteer. This property can be achieved by designing
norms Nz using statistical medels of natural clutter. Tn
section 2, such norm are formulated as Sobolev norms
associated with the inverse spatial covariance of clut-
ter.

2 Covariance Norms

In this section we build a Hilbert space of photomet-
ric variability with the norm, induced by the empirical
covariance kernel.

Assuming the covariance kerne! K(z,y) to be
Hilbert-Schmidt

ffKQ(z,y)d-’cdy < 00, (7)
the Hilbert-Schmidt theorem implies that there ex-

ists a cornplete orthonormal sequence of eigenfunctions
{4 (x)} with corresponding eigenvalues {A,} such that

] K@,y )bn(¥)dy = Anthu(@). ()

Definition 2.1 Given a positive-definite covarience
kernel K{(z,1), define o Hilbert spuce H C Lo with the
norm || - |z, induced by the kernel K(x,y), according
to

H = {f € Ly: (Iflf < oo}, ©)
where the norm on H is defined by
2
“f[ﬁ:r - E Hf: Tlir;)Lzl (10)

Consider an element g in the group of rigid mo-
tions G = SO(k} ® R*. The kernel K{(goz,goy) is
also Hilbert-Schmidt and, according to definition 2.1,
induces a corresponding Hilbert space g.H. The fol-
lowing lemma establishes the connection between the
norms || - |z and || -l 1.

Lemma 2.1 For eny f € g¢.H,
£y = [iFog™ Iy (11)

3 Metrics induced by empirical covari-
ance
In this section, we design a metric distance on the
set of images 7 under the action of the group of rigid
motions defined as

goz=Rr+b {12)

where R € SO(k), b e R,

Following the basic framework of section 1, we set
the penalty term for geometric transformations G to
zeto, Ng = 0 and associate the covariance norms
(- llg.2, ddefined in the previous section, with the func-
tional norm A7. Then, the energy of the path (g, [;}
is defined by

E(Qtaft):/l;lfol

First, we define a measure of similarity between two
images d(J{%,I9) and, then, we provide the condi-
tions, under which d(fy, I}) is a metric distance,

Definition 3.1 Given twe images IO, 10 ¢ T, the
functiond : T x T — [0; +00) given by

2
-1
_Dgt

dt. (13)

o V. H

(IO, 11y = inf {14)
9t : go = id,
L:Ig=I1I9 1 =1 og
1 2
al,  _
f d—: og;t ) dt  {15)
0 g, -H
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The function d(I(®,7M1) is defined as a variational
problem. The following lemma relates the definition 3.1
to the variational problem over all the differentiable
paﬂﬁ)g; and all the paths J; connecting the image I
to 'Y,

Lemma 8.1 Defining Jy = Log; ",

d(r® )y = inf (16)
Q’(t)7ﬂ(t) : QO = 07 ﬁG =0
1
J

o Jo =IO g, = W)
where §2(t) is @ skew-symmetric matriz defined by

-
dR(t)
dt

%? + <%,Q(t):c+ﬁ(t)>

dt, (17)

Rellgrt.H

= Q) R(D), (18)

and bt
g = 28 oo, 19)

3.1 Statistical interpretation

The following theorem establishes the connection of
the variational problem for d (I%, IV} to the maxi-
mum likelihood estimation.

Theorem 3.1

LI, 1V) = inf
9

o - 1eaff, @

Theorem 3.1 implies that, inf;ormally, in the
Bayesian statistical framework, the variational prob-
lem for d(I%0}, 1{1)) corresponds to the imaging model

IO = [Wog + W, (21)

where I(9} is an observation of the template I trans-
formed by the rigid motion ¢; and corrupted by an ad-
ditive stationary second-order random field W, which
covariance is specified by the kernel K (x, Q).
3.2 Invariance properties

For an arbitrary covariance K (z,0}, a measure of
similarity d(7(®, 7()), defined by equation 3.1, is not a
metric distance on Z, since it is not symmetric and does
not satisfy the triangular inequality. In this subsection
the condition are provided, under which d(7{9, I{1)) ig
a metric distance.

The following lemma establishes the connection be-
tween invariance properties of d(I'®, IV} and K (z,y).

Lemma 3.2 Suppose for all h € G = SO(k) ® R
Klhog,hoy) =K (z,y). (22)

Then, for any h € G = SO(k) @R the function
d(I©®, I 45 invariont under the action of G, i.e

(I o h, IV o by = IV, 1M)  (23)

Theorem 3.2 Given o Toeplitz covariance K{z,0)
which is invariant under the action of SO(k),

K(roz,0) =K (z,0), VreSO{k), (24

the function d : T x T — R, defined by Eq. 8.1, is a
metric distance on T.

Properties of the metric distance d(7{®, 1Y) al-
low an efficient alternating minimization algorithm for
computing this metric distance (see [7] for details).
Figure 1 displays the minimum energy path J; con-
nfzc)ting an image I® of a tank in trees to its template
I,

I paty)

t=1% t=1

Figure 1: Path J; connecting IO to I att = 0,11,

4 Target detection/identification in EO
imagery
This section presents numerical results on target de-
tection/identification in electro-optical images of tar-
gets in clutter. For the numerical experiments pre-
sented below, we synthesized a dataset of ray-traced
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target chips in natural clutter. Ray-tracing [8] ap-
pears 10 be especially attractive rendering technique,
since it closely resembles the formation process of nat-
ural images. :

The dataset consists of more than 10,000 images.
The ray-traced images in the dataset contain targets
in a randomly synthesized terrain taking into account
octusion, shadows and lighting variation as well as
other effects usually encountered in natural scenes.

In a statistical framework, target detection and iden-
tification are formulated as a hypothesis testing prob-
lem and tackled using classic detection theory [9]). The
generalized likelihood ratio can be rewritten in terms
of metric distances between the observed image Ip and
the template

H,
PUp, 1) - PlIp, I T v (25)
. HO

Figure 2 displays ROC curves for target detection
and identification in clutter.
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Figure 2: Top: ROC curve for detection of T72 in
clutter; bottom : ROC curve for classification of T72
tank versus Jeep. Solid lines correspond to covariance
norm; dashed lines - Euclidean norm.

5 Conclusions

We have introduced a metric distance for automated
target recognition, which is robust with respect to ge-
ometric variability, associated with the pose of targets,

as well as to the infinite variety of natural clutter in
the observed images. While this model is based on
the second-order statistics of natural clutter, it signifi-
cantly improve detection/identification rates.
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