Feature-based target recognition with a Bayesian
network

Jun Liu Abstract. The problem of target classification with high-resolution, fully
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George Mason University propose a framework of using a Bayesian network for feature fusion to
School of Information Technology and deal with the difficult problem of SAR target classification. One difficult
Engineering problem in SAR feature identification and fusion for target classification
Center of Excellence in Command, Control, is that the features identified may not be independent and that it is not
Communications, and Intelligence easy to find the “right” fusion rule to combine them. The Bayesian net-
[(e5)) work model when constructed properly can explicitly represent the con-
Fairfax, Virginia 22030 ditional independence and dependence between various features and
E-mail: jliu@c3i.gmu.edu therefore provide a sound and natural framework for feature fusion. This
paper summarizes our recent work in SAR target recognition using a
feature-based Bayesian inference approach. The approach works on the
selected features which are chosen so that the separability of the original
data are well maintained for later classification. Once the original data
are mapped into feature space, the probabilistic model between features
and the target is estimated and represented by a Bayesian network,
which is then used to calculate the probabilities that a target belongs to
one of the given classes based on the observed features. A comparison
between the above technigque and the traditional statistical approaches
such as nearest mean and Fisher pairwise is illustrated based upon
performance on a fully polarimetric ISAR (inverse SAR) image data set.
Note that although the feature set used in the paper is obtained from the
same sensor, the concepts of feature selection and Bayesian network
formulation discussed in the paper are not restricted to this case only.
They can be applied for multisensor feature-level fusion as well.
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1 Introduction A number of attributes that are present in ISAR images
o ] . can be exploited to discriminate between targets and clutter
The objective of an automatic target recognitiéR) sys- false alarms. They are size, shape, signal strength, polari-
tem is to detect and recognize targets from sensor data. Ongnetric properties, spatial distribution of reflected signal,
of the important components of an ATR system is its clas- ;14 s on. However only a few of them can be used to
sifier. The function of the classifier is to categorize iNput i iminate among classes of targets. It is very difficult to
measurements that represent detected targets according t8eve|op discrimination features for exploiting these at-

target type. The classifier output corresponding to each in- " . . )
get yp P b 9 tributes in any optimal fashion. Furthermore, the features

put is an estimate of correct category label, based on the; . i o )
observable characteristics of the inpui. identified may not be independent and it is not easy to find

In general, a feature-based classifier consists of two ma-the “right” fusion rule. In fact, past experimental resdits
jor parts, a feature selection and a classification mechanismshowed that adding features does not necessarily improve
For the purpose of target classification, the features selectedoerformance if they are not handled correctly. In this study,
do not necessarily have physical meaning. The only goal in in the first stage, we examined up to twelve features against
designing features is to preserve class discriminant infor- the data; some were studied befbrand others are new.
mation of the data while ignoring information that is irrel- Out of the twelve features, we then selected the best dis-
evant to the discrimination task. Once a feature is identi- crimination features for classification. The main idea in this
fied, it will define a transformation to map input stage is to select the most useful information or processed
measurements into feature space, which usually has a muchegyits, while ignoring the irrelevant or bad ones. Although
lower dimension than that of the input space. This will he feature set used in the paper is computed from the data
greatly simplify the classification problem. of the same sensor, the concepts of feature selection and
S decision making discussed here are not restricted to this
Research was supported by ARPA under Contract No. N66001-93-C-6010. Case onIy.
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In the second stage, a Bayesian network is used for clas-

sification. A Bayesian network is a directed, acyclic graph . Feature Selection Training Data
in which the nodes represent random variables, and the arcs oy :

between the nodes represent probabilistic dependence be- RS S

tween the variables. The Bayesian network model when Bayesnet Model |

constructed properly can explicitly represent the condi- TestingData : Leamning

tional independence and dependence between various fea- ‘

tures and therefore provide a sound and natural framework i -

for feature fusion. Much attention has been drawn to this Bayesian Network | _ o ocoio
technology in the past few years and it has been success- Inference

fully applied both to tasks of assessment under uncertainty
and tasks of decision-making under uncertafnfy.Re-
cently it has also been applied to multisource intelligence Fig. 2 Feature-based classifier with a Bayesian network.
fusion® In this paper, for feature-level fusion, we first iden-
tify the network topology for various target parameters ) o )
such as class and orientation and sensor data features. Infange-processed with full polarizations, namely, horizontal
stead of working directly on the input measurements, the transmit, horizontal receiveéHH); horizontal transmit, ver-
transformed data on the chosen feature spaces are used disal receive(HV); and vertical transmit, vertical receive
input. With the selected topology, we then legestimaté (VV). The images of these vehicles are available at 0.04-
the probabilistic relationship between various variables in deg azimuth intervals and each is associated with a viewing
the Bayesian network. The conditional probability that a angle. The original image of the vehicles has the size of
target belongs to a class given observed features is then32X20 pixels. Figure 1 shows an example of four target
computed based on a probabilistic inference algorithm us- images using single-channel HH at a 0.4-deg azimuth.
ing the network. Finally, the target is assigned to the class ~ The fully polarimetric ISAR data were first filtered by a
with the highest probability. Note that the idea proposed Polarimetric whitening filtePWP,” and then normalized
here is general and can be applied to multisensor domainand compressed by a window slicing technique to 295
directly. In fact, the idea of applying a Bayesian network to dimensiorf? In this study, 5280 processed images were
multisensor fusion has become more and more popular inPicked up from the database for each target. It should be
the fusion communit§. mentioned that the targets look confusing from different
This paper is organized as follows: Section 2 describes angles. In particular, an image for a target at one angle may
target sets and radar image data, Sec. 3 introduces the netiook like the image of another target at the same or a dif-
work algorithm and the classification process, Sec. 4 pre- ferent angle, while some images from adjacent angles for

sents the performance results, and finally, Sec. 5 containsthe same target may look much different. This made the
some concluding remarks. classification task very difficult.

2 Data Description 3 Feature-Based Classification Procedure

The database used for this study was obtained from MIT's Qur feature-based classifier is composed of the following

Lincoln Laboratory; it consists of four representative tar- stages. As shown in Fig. 2, the observed measurement is
gets: a Dodge van, a Chevrolet Camaro, a Dodge pickupfirst transformed into feature space based on preselected
truck, and an International Harvester bulldozer. Each of the features. Then the transformed data are input into the Baye-
four targets was put on a platform, and the millimeter-wave sjan network for probabilistic inference. The result is a set
radar image data collected using a 35-GHz normal fre- of estimated conditional probabilities that the observed tar-
quency at a fixed 5.5-deg depression angle while the plat-get is from one of the classes given the observed features.
form turned over a complete 360-deg azimuth. These in- Finally, the decision-making procedure simply compares
verse synthetic aperture rad@iSAR) images are 1-ft.  these estimated conditional probabilities, and the observed
target is assigned to the class with the highest conditional
probability. Note that the feature selection and Bayesian
network model learning modules are based on the training
data and are done a priori off-line.

The most difficult part to build into this classifier is fea-
ture selection. Once features are chosen, the second step is
to learn the probabilistic models between features and the
targets and represent the model by a Bayesian network. For
simplicity, we have assumed a simple two-level network
topology where the observed features are assumed to be
conditionally independent given the target class and image
azimuth anglé (see Fig. 3. Given the network topology,
the first task is to estimate the conditional probabilities of
the observed features given the target parameters. These

Fig. 1 ISAR images of an HH channel for four targets at 0.4 azimuth *Note that the observed features are not conditionally independent given
with a 1-ft.xX1-ft. resolution. only the target class.
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the K brightest pixels in the image are selected and their
values are converted to 1, while the rest of the pixel values
are converted to 0. Then the fractal dimension can be esti-
mated as:

log M;—log M, log M;—log M;
logl-log2 log 2

: (4)

dim=—

where M, is the number of 1-pixel-by-1-pixel boxes
needed to cover the image, am, is the number of
2-pixel-by-2-pixel boxes needed to cover the image. Obvi-
ously, M,;=K.

estimated conditional probability distributions are used to (i) The weighted-rank fill ratio(WRFR) feature mea-
describe the variable relationships in the Bayesian network. Sures the percentage of the total energy contained in the
In the rest of this section, we will describe feature selection, Prightest scatterers of an image. Using the notation of Eq.
Bayesian network modeling and decision making in detail. (2). this feature is defined as follows:

Fig. 3 A probabilistic model between features and target states.

3.1 Feature Selection 2k brightest pixel®(1,2)

As mentioned before, the useful features here are those that’ Zai pixelsP (@)
preserve class discriminant information on the data while
ignoring information that is irrelevant to the discrimination (iv) The counting(CNT) feature is obtained by counting
task. Since, at present, no method exists for developingthe number of pixels in the image that exceed a specific
discrimination features in any optimal fashion, one way is threshold, then dividing by the total number of pixels of the
to test all the proposed features on the data set to see howmage.
well they can separate the targets of different classes. The (v)—(xii) The following eight features are designed to
good features, which have a better ability to separate dif- measure the spatial distribution of the brightest pixels in the
ferent target classes, are maintained for the further use ofimages. First we convert the image to binary by using:
classification, and the poor ones are discarded. plitude thresholdingjn which all pixel values exceeding a
In this study, a total of twelve features were examined, specified threshold are converted to 1, and the remaining
of which three(standard deviation, fractal dimension, and pixel values are converted to 0. Assuming the converted
weighted-rank fill ratip were developed by MIT’s Lincoln  binary image is denoted d&i,j), then these features are
Laboratory to discriminate targets from nature-clutter false defined as:
alarms in their ATR systerhand the rest are new features.
Some features are contrast-based, and the other spatial-
distribution related. They are Mx
(i) The standard deviatio(SD) feature is a measure of
the fluctuation in intensity in an image. It is computed from
the typical estimator for the standard deviation by using the

©)

1 9 15
N2 2 iXB(i), (©)
1j=1

[y
(4]

I
Zl -
M o

power (expressed in decibglsf all the pixels in an image. My <= JXB(LJ), @)
If the radar image in power is denoted Byr,a), then the
log standard deviationr can be estimated as: ] o0
2 H 2 i
R Sz_silN 1/2 SXX_N_li:]_ ]_21 (I MX) XB(|,J), (8)
o=\—N=17 ] (1)
1 9 15
h Sv=y—7 2 2 (i—My)?xB(i.j), )
where N-1%5 &
S;=2, 10logy P(r,a), ) 1 28 _ .
Sv=i7 2 2 (=M (1 —My)xB(i,j), (10
N—-1 i=1j=1
and
Wy=maxi:B(i,j)=1}—min{i:B(i,j) =1}, (12)
= 2 . . Lo .
S~ 2 [1010go P(r.a)T" B wWy=maxj:B(i,j)=1} - min{j:B(i j) =1}, (12
N is the total number of pixels in the image, which is 85 Wiy =Wy X Wy, (13
=135.

(ii) Thefractal dimension(FD) feature provides a mea- whereN is the total number of pixels in the image.
sure of the spatial distribution of the brightest scatterers in  Features need to be evaluated since using similar fea-
the images. To calculate the FD feature of an image, thetures does not guarantee a better discrimination perfor-
first step is to convert the image to a binary one. To do so, mance, and sometimes adding features can even degrade
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performance. One way to evaluate whether a feature iscurrent simplified model, since the features,F,,...,F_
good for discriminating targets of different classes is to test are conditionally independent givex and ©, it can be

it on the training data set in a heuristic manner. The other shown that the required conditional probability can be ob-
way is to use the optimal feature set selection approch, tained as"

which uses a Bhattacharrya upper botirmh the probabil-

ity of classification error to determine which subset of any 1
| features of the available features has the lowest upper P(X,0|F,F,,...F )= =
bound. It can be seen in Sec. 4 that this latter approach is an

effective way to select features and its performance is very
close to what we obtained using an “optimal manually cho-
sen” feature set.

L
c L1 P(RIX.0), (14
I=1

whereC is a normalizing constant. If there akeclasses of
targets andv sectors of angles, based on Ety4), we can
obtain a total ofK XM probability estimations. These are
o ] ] then used to make a decision.

3.2 Probabilistic Modeling of a Bayesian Network

Our objective is to recognize targets from the observed

da_lta. Bay_esian networks show great promise for performing 3.3 Decision Making

this function since they can be used to represent compli- _ . . .
cated probabilistic relationships among variables of inter- N this step, the observed target is assigned to an appropri-
est. Furthermore, many efficient algorithms have been de-2t€ class. What we obtained from Efi4) is a set oK X M
veloped for drawing inferences from the evided&g?®For ~ Probabilities, e.g., how likely an observed target is from
the current Bayesian network model, let the class status of¢lass k and at azimuth sectom, k=1,2,...K, and

an observed target be a random variatjend assume the M=1.2,...M. To make a decision, there are two basic de-
target belongs to one and only onetofclasses; then, ob- ~ Cision rules. o ,

viously, X is a discrete random variable, and without loss of ~_ Decision rule 1AmongK X M estimations, find the one
generality, we can assume it takes on a value 1, (in with the h|ghest_ probab_lhty \(alue,_then assign the target to
our caseK =4). In a radar image, an important factor that the class associated with this estimate. It can be seen that,
greatly affects the appearance of the target is the targetat the time the target class is determined, so can the target
orientation. Let® denote the azimuth angle when a target @zimuth angle. However, this may not be necessary, and
is imaged, which can have values from 0 to 360 deg. If we Nénce we have the second decision rule. L
discretize the 360-deg space itbsmall sectors and each ~_ Decision  rule 2. Instead =~ of estimating
has an equal interva® can be treated as a discrete random P(X,0[F1,Fz,...,F) using Eg. (14), we estimate
variable. Finally, based on a set of selected features, de-P(XIF1,F2,....F(). This can be obtained by the following
noted as random variablés, ,F,,...,F , discrete or con- ~ €guation:

tinuous, a simple two-level probabilistic model between

IZ;ﬁgae:\sing}S.r%?t statéslass and azimujhcan be ob P(X|Fy,F,, ,FL)Z% P(X,0|F1,Fp,..F)

As shown in Figure 3, each node represents a random
variable, and each line indicates the conditional probabilis-
tic relationship between the connected nodes. Note here
that the network topology implicitly assumes that the ob-
served features are conditionally independent given the tar-
get class and orientation. However, in general, this is not
the case, and a more complicated network topology is
needed to model the problem. In a Bayesian network, the
conditional probability distribution of a child given all of
its parents is assumed to be given before any probabilistic
reasoning can be drawn. In our case, this is to say that
given target typeX and radar azimuth angl®, the feature
F, is distributed with the known distributioR(F,|X,0),
I1=1,2,...L. In reality, the conditional distributions
P(F,|X,0) need to be elicited by expert knowledge or
physical models or estimated with the training data. It
should be mentioned that for some continuously distributed
features, since their distributions are hardly close to any of 1L
the well-known parameterized probability distributions, p(x|F, F,,...F ,0=m)== [] P(F,|X,0=m), (16)
they must be estimated with nonparametric methods. We Ci=i
will discuss this in more detail in the next section.

With the Bayesian network, the class probabilities of where C is a normalization constant. Again, the decision
observed targets can be computed with any probabilistic making is based oK calculated probability estimates.
inference algorithnt?~° Basically, the question becomes
one of how to calculate the conditional probability thatan |~~~ , _ -

Again, in general, the network is more complicated and an efficient algo-

observed target is from a class at an azimuth angle given rithm such as SHI16] can be used to compute the conditional probability
the observed features, e.§(X,0|F;,F,,...,F.). For the distributions.

L
% [I P(FiX,0). (15)

=1

Ol +~

From Eg. (15, we can obtainK probability estimates.
Again, we choose the one with the highest value, then as-
sign the target to the class associated with this estimate.

When making a probabilistic inference, an interesting
consideration is to treat the radar azimuth angle as known.
This may happen if the radar azimuth angle at which the
target is imaged can be determined by other sources of
information. If this is the case, namely the radar azimuth
angle is known to be in then'th sector, the conditional
probability that the target is from a specific class given the
observed features ardI=m can be obtained using the fol-
lowing equation:
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Table 1 Averaged correct classification rates (ACCR) in % using OLPARS.

Nearest mean classifier Fisher pairwise classifier
Optimal
feature set weight training testing training testing
all twelve E 39.7 25.0 86.2 68.3
features var. 66.8 66.2 rej. 20 rej. 830
cov. 80.2 64.2
1,3,6,7,12 E 38.3 25.0 83.8 72.4
var. 66.0 67.9 rej. 20 rej. 44
cov. 81.5 76.0
1,3,6,7 E 71.7 71.0 81.9 82.0
var. 66.9 67.1 rej. 17 rej. 49
cov. 80.4 80.2
1,3,6 E 69.1 67.8 78.4 78.4
var. 69.0 68.5 rej. 26 rej. 26
cov. 76.7 76.9
1,3 E 63.1 62.9 72.8 72.2
var. 65.0 65.0 rej. 59 rej. 141
Cov. 72.4 72.1
4 Performance Evaluation about the origin. Here we use a Gaussian density with vari-

. L . anced?, which is the only parameter. The parameter should
The data set used for this study is first randomly and uni- o chosen so that the A)\/CDCR is maximizerzj.

formly split into two data sets, the training data set

(1728x4) and the testing data s€B552x4). Using the

training data set, the conditional probability distributions

P(F|X,0) are first estimated. They are then used to define

the Bay_e_sian network and later to calcu_late .conditional 4.2 Classification Results
probabilitiesP(X,®|F,,F,,...,F) for classification. The ) i , i
testing data set is input to the system to examine the clas-/N this section, for the purpose of comparison, we first
sification performance, and the results are reported in termsPresent some test results by using traditional classifiers—
of the averaged correct classification reA€CR), which is nearest mean and Fisher palrW|se._We then _show some test
defined as the ratio of the number of correctly classified r_esults to illustrate the key issues discussed in previous sec-

observations to the total number of observations in the test-tions. The first part of the resulable 1 is obtained by
means of a software package called OLPARSN-Line

ing data set. ) c
Pattern Analysis and Recognition SystefhThe system
4.1 Estimation of Conditional Probability provides users with a convenient tool to realize a variety of
Distributions traditional pattern recognition methods, especially optimal

feature set selection, as mentioned in the previous section.
The traditional classifiers such as nearest mean, Fisher pair-
wise and so on can also be designed and evaluated easily.
In Table 1, the left-most column refers to the optimal
feature set selected in terms of the Bhattacharrya upper
bound. The number of features in the feature set should be
given in order to do the feature selection. For example, if
we decide to use only two features, OLPARS reports that
the best feature set {4,3}, i.e., the first feature SD and the
hird feature WRFR as defined in Sec. 3.1. Corresponding
0 each of the optimal feature sets, Table 1 presents the
classification results using the nearest mean and Fisher
pairwise classifiers for both the training and testing data
sets (note: the classifier parameters are estimated by the
training data set only In the table, “E,” “var,” and “cov.”
n represent the different distance measures, Euclidean,
IE’(F||X,®)= E E k(F|—Fi), (17) Weighted by a di_agonal var_iance matrix,.and Weighted_by a
ni=1 covariance matrix, respectively, and “rej.” refers to rejec-
tion. As can be seen from the table, the featurd 5&,6,%
where k(.) is a probability density function symmetric has the overall best performance.

In this approach, the conditional probability distributions
are estimated by a smoothing kernel approach, which is the
most thoroughly developed approach in literature. Assum-
ing we haveK classes of targetd& =4 in our problem, L
features, and the angle space is decomposedinsectors,
there will be a total oK X L X M distribution functions to

be estimated. For thEth featureF,, k'th class, andn'th
sector of anglesP(F,|X=k,®=m) is estimated by using
only that image data from thi€th class of target andr'th
sector of angles. The data are first transformed based on th
featureF, . If we considerF{ ,F2,...,F asn-transformed
observations based on the feattje and they are from the
k’th class andn'th sector of angles, the kernel estimate has
the form
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90 .
90 v :
85t M=48
° "-0-" feature set {1,3,6,11} "
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8 75 "-+-" feature set {1,2,3} | 8 85} 1
) /—“‘_"’*’—“ I < M=12
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80 .
65 0 10 20 30
5 10 15 20 25 30 1/s
1/0
Fig. 4 ACCRvs. 1/0for{1,3,6,11} {1,3,6,7}, and {1,2,3}, M=48, and Fig. 6 The impact of M, using decision rule 2 and {1,3,6,11}.

using decision rule 2.

5 Conclusions

The second part of the results is obtained using feature-
based classification with a Bayesian network. Figure 4
shows a comparison of classification results among the op-
timal feature sets, i.e{1,3,6,% selected by OLPARS, the
manually selected s€ftl,3,6,11 and the previously pro-
posed feature sdfl,2,3. The best ACCRs are 87.55% for
{1,3,6,% and 88.00% for{1,3,6,13} respectively, and the
latter feature set performs slightly better than the former
one. The two feature sets selected by the two different ap-
proaches have only one differing feature. However, the op-
timal feature selection approach is more computationally
efficient. In Fig. 4, it also can be seen that the overall per-
formance of feature setd,3,6,% and{1,3,6,1} is much
better than that of the previously proposed {&€g2,3.

Figure 5 gives a comparison between decision rules 1
and 2. We find the second rule is better than the first. How-
ever, using the first rule, the target azimuth angles can be
predicted simultaneously.

Figure 6 displays the impact of the numbérwhen the
azimuth angle space is partitioned. It can be seen that whe
M is increased, performance improves as well.

The last result, shown in Fig. 7, is obtained using Eq. 16,
assuming the radar azimuth angle can be determined from
other information sources. In this model, performance is
about 5% more accurate than that of decision rules 1 and 2.
The best ACCR rate is 93.3%. This result is not surprising
because more information is assumed to be available in this
model.

By comparing the two experimental results, it can be
seen that the feature-based Bayesian net classifier perform
noticeably better than the traditional classifiers—nearest
mean and Fisher pairwise.

In this paper, we applied the Bayesian network technology
for feature-level fusion. Bayesian networks show great
promise for multiattribute fusion since they can be used to
represent complicated probabilistic relationships among
variables of interest. We first identify the network topology
for various target parameters such as class and orientation
and sensor data features. The network topology explicitly
represents the conditionally independent or dependent rela-
tionships among various features. Instead of working di-
rectly on the input measurements, the transformed data on
the chosen feature spaces are used as input. With the se-
lected topology, we then lear(@stimate the probabilistic
relationship among various variables in the Bayesian net-
work. The conditional probability that a target belongs to a
class given observed features is then computed based on a
probabilistic inference algorithm using the network. The
network model used here is relatively simple. In a separate
but related researcfiwe also studied the problem of Baye-
sian network construction using neural learning techniques
"Where the network is more general and complicated.

In the current approach, performance depends on a num-
ber of factors, including selection of a set of workable fea-
tures, choosing an appropriate probabilistic model to de-
scribe the observations, handling approximation of the
required conditional probability distributions, and so on.
When classifying the SAR image, not only does the Baye-
sian network model lead to a better performance than cer-
tain types of traditional classifiers, for example, nearest
mean and Fisher pairwise, it also possesses a certain degree
of flexibility to handle other target parameters such as ori-
entation. The orientation can be predicted at the time the
target is classified. In the case where the orientation is

88 94
\e -4
;: 86| R gal
o 14
o - 3
< 84} -0-": Decision rule 2 < 90} L
"-x-": Decision rule 1
82 ; y 88
0 10 20 30 0 10 20 30
/o 1/0
Fig. 5 ACCR vs. 1/¢ for decision rule 1 and 2, M=48, and using Fig. 7 ACCR vs. 1/g, assuming © is known, using {1,3,6,11}, and
{1,3,6,11} M=48.
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known, the classification accuracy is improved signifi-

cantly. The decomposition of azimuth angle space and the

parameter of the conditional probability distribution esti-

mates are two main factors that could be adjusted to im- 14.

prove performance.

Although the feature set used in the example is obtained 15.
from the same sensor, the concepts of feature selection and
decision making discussed in the paper are not restricted to™
this case. The idea of applying a Bayesian network to 17.
feature-level fusion can also be applied to a multisensor

domain directly. In fact, the idea of applying a Bayesian

network to multisensor fusion has become more and more

popular in the fusion community. The evaluation of our

results demonstrates the usefulness of the proposed ap

proach.
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