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Figure 1. Synthetic Aperture Radar Collection for a Tank.
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Abstract: This paper explores the fusion of moving
High Range Resolution (HRR) and stationary
Synthetic Aperture Radar (SAR) for automatic target
recognition and classification.  The tradeoffs of
resolution and time-to-classify are investigated
through simulation.  By using a fusion approach,
targets are effectively classified in a multitarget-
multisensor scenario; however the Bayesian analysis
does not account for measurement confidences.

1. Introduction

Multisensor automatic target recognition (ATR)
algorithms include target detection, classification,
recognition, and identification [1].  One of the key
issues in a moving and stationary ATR assessment is
the decision when to use the Synthetic Aperture
Radar (SAR) mode to get an two-dimensional image
of the target, shown in Figure 1. A radar sensor
manager must select sensors, select the detected
moving and stationary targets to classify, and align
the sensors to the target [2]. Thus, the sensor manager
must control the measurement and ATR process from
recognition to classification.  A sensor classification
policy is best described as a problem in sequential
decision making under uncertainty.  Prominent
elements of the problem include competitors, a
dynamic environment with uncertainties in target
movement and measurement clutter, and complexity
arising from many possible sensor actions and
outcomes.

From an ATR point of view, geometric target
information of movement is essential to selecting

radar modes.  Since you can't generally predict the
geometric perspective of an object in the image it
makes it difficult to determine whether the target is
moving or stationary.  You can simplify the target
recognition and classification task by determining
coarse information concerning the target type and
movement from a one-dimensional HRR sensor. If
the target is stationary, the HRR return will be
cluttered, but this procedure saves time in
determining whether to wait for the SAR update.
Many algorithms have focused on the finer analysis
of automatic target recognition [3,4], however, these
algorithms may have a processing time constraint for
real-time operations.  In the cases of tracking
scenarios, it might be beneficial to have a coarse
measurement system to capture moving targets and a
fine measurement system to classify the target. We
seek dynamic target properties, as measured by
spatial/spectral intensity of a 2D SAR output and 1D
HRR range measurements. Thus, understanding the
sensor management HRR and SAR tradeoffs can be
useful for 1D and 2D radar fusion.

ATR is the ability of a system to detect and recognize
a target.  Fusing information obtained from other
sensors, the ATR solution can be extended to include
target classification and identification.  One of the
inherent limitations of radar processing for target
classification is that the target dynamics need to be
known a priori  as in the case of HRR for moving
targets, shown in Figure 2, or SAR for stationary
targets, shown in Figure 1. We explore the use of a
Bayesian metric to capture unknown target dynamics
to determine whether a detected target is transitioning
from moving to stationary or stationary to moving
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Figure  3. Detection and SAR Image Extraction for Stationary Targets versus HRR Data for Moving Targets.

modes.  In the case of a moving target, a one-
dimensional HRR profile can be used to classify the
target size, whereas in the case of a stationary target,
a 2D SAR image can be used to determine the target
type.

This paper explores radar fusion, resolution
comparisons, and confidence differences to
determine whether a target is in a stationary or
moving mode.  The initial work is focused towards
addressing the ATR problem of classifying targets
transitioning from a stationary to moving state or vice
versa.  Section 2 formulates the problem and Section
3 describes the Bayesian approach.  Section 4
presents results and Section 5 draws conclusions and
suggests further work.

2. Problem Formulation

Feature extraction can be used for object tracking,
identification, and classification.  For tracking, image

content and registration are important for time and
location referencing [4]. The image content includes
coarse information on the target type and movement.
Additionally, ATR algorithms are subject to capacity
constraints. For instance, if the image is thought to be
traveling through an information channel, then the
desired output is to maximize the information
available, given bandwidth and time constraints.

Radar systems are effective for surveillance
applications due to their distance range resolution
invariance, all weather,  and measurement
capabilities. The radar antenna has a tradeoff between
ground moving target indicator (GMTI), HRR, or
SAR modes, shown in Figure 3. HRR radar offers a
method for imaging moving targets by extracting
energy returns from range profiles. If the target is
stationary, a collection of HRR radar signatures can
be processed to form a SAR image. In the HRR radar
mode, the cross range resolution is the radar beam
width, which is large at long range. However, the
both HRR profiles and SAR images are formed from
radar scans, but differ in number of scans used in
coherent integration. SAR processing can be
achieved in conjunction with GMTI for detection of
the relative target location which limits the beam
width. Once detected, SAR information values can
enhance target classification confidence. HRR and
GMTI information enhances the target classification
by reducing the search area associated with the target
and determining the target size, but is limited in
confidence since it is a 1D scan.  Likewise, target
classification helps predict movement detection for
each target.  In addition to correctly classifying
targets [5], a target classification system in military
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Figure 2. HRR Profile, showing target size.
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scenarios must also robustly classify unknown
targets.

2.3 Scenario

The  scenario is an aircraft classifying a target using
multi-sensor fusion [6,7].  There are two kinds of
sensors: an HRR and SAR. Each sensor returns two
elements: 1) a probability value and 2) a 10 bit
measurement vector that represents the proposition to
which the probability is attached.  There are 10 types of
targets that can be grouped into four SAR target
classes: {truck, small tank, large tank, other}, and three
HRR sizes: {short}, {medium}, and {long}.  If a bit is
set to 0, this reflects that the sensor declares that the
target in question is not of the type associated with that
bit, and if the bit is 1, the target may be of that type.

In the simulation, the aircraft is 100 nautical miles (nm)
away from and approaches the stationary or moving
target. The measurements are taken every 1 nm for the
HRR sensor and every 7 or 10 nm for the SAR sensor,
depending on whether the target is moving or
stationary. Uncertainties vary with the type of sensor
and are proportional to the distance between the aircraft
and the target.  The performance confidence(a priori
sensor characteristic probability) is shown in Table 1.
Each sensor is provided with an array of data.  The data
set includes the {{range (nm)}, {10 measurement bits},
{sensor performance confidence value}}.  Two sets of
data (for a truck and tank) are analyzed for the different
methodologies.

Table 1.  Sensor Characteristics
T1 T2 T3 T4 T5 TN

prior 0.10 0.10 0.10 0.10 0.10 0.50
Short P(HS| Tk) 0.50 0.50 0.50 0.25 0.25 0.33

Medium P(HM| Tk) 0.25 0.25 0.25 0.25 0.70 0.33

Long P(HL| Tk) 0.25 0.25 0.25 0.70 0.25 0.33

Truck P(STr| Tk) 0.70 0.10 0.10 0.70 0.10 0.25

Small Tank P(SST| Tk) 0.10 0.70 0.10 0.10 0.10 0.25

Large Tank P(SLT| Tk) 0.10 0.10 0.70 0.10 0.10 0.25

Other P(SO| Tk) 0.10 0.10 0.10 0.10 0.70 0.25

3.0  Theoretical Background

 3.1 Bayesian Probability Analysis

The joint, marginal, and conditional probabilities can
be combined to form the mutually exclusive
properties of Bayes' Rule:

P(Bj | Ai) = 
P(Ai | Bj) • P(Bj)

 ∑
i = 1

 
N

 P(Ai | Bj • P(Bj) )

 (1)

where P(Ai|Bj) is the likelihood function, and P(Bj)

is the update from the a priori information.  From
Bayes' Rule, these axioms hold:

P(φ) = 0 (2)

P(A
--

i) = 1 - P(Ai) (3)

P(Ai ∪  Bj) = P(Ai) + P(Bj) - P(AiBj) (4)

P(Ai) = P(Ai|Bj) • P(Bj) + P(Ai|B
--

j) • P(B
--

j) (5)

To update the uncertainty based on the new evidence,
Bayes' Rule is formulated as:

P(C | Ai Bj) = 
P(Bj C | Ai)

 P(Bj | Ai )
 (6)

If C is an element of a mutually exclusive and
collectively exhaustive set of potential outcomes, and
B is a set of data that has been collected, then:

P(Ck | Ai Bj) = 
 P(Bj Ck | Ai)

 ∑
k = 1

N

  P(Bj | Ck Ai) • P(Ck | Ai)
(7)

from which it can be rewritten as:

P(Ck | Ai Bj) = 
 P(Bj | Ck Ai) • P(Ck | Ai)

 ∑
k = 1

N

  P(Bj | Ck Ai) • P(Ck | Ai)
(8)

where:

1. P(Ck|Ai)  is an a priori (or prior) probability of Ck
occurring, based on the state of information A i;

2. P(Ck|Ai•Bj) is the a posteriori (or posterior)
probability of Ck given data Bj observed and prior

state information A i;

3. P(Bj|Ck•Ai) is the likelihood function, the
likelihood of observing data Bj conditioned on Ck
and prior information state A i;

4. ∑
 k = 1

N

P(Bj | Ck Ai) ••  P(Ck | Ai) is the preposterior
probability of the observing the occurring data,
given the prior state information, but conditioned
on all possible outcomes Ck.

It is possible to aggregate the probability statements
from a lower level of abstraction to a higher one
using the equations above, and the development can
be derived for continuous as well as discrete events
and scalar and vector and matrix notations.   The
likelihood expressions represent how confident
(subject to change) a given probability statement is.
The functions must be developed prior to collecting
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the data by analysis.  Note that the preposterior is
simply the combination of all the likelihood functions
and the prior distributions.

 3.2 Bayesian Analysis of the HRR Sensor

The Bayesian method is based upon the basic
probability axioms.  The first step in the Bayesian
approach is to determine, for each sensor, its
likelihood function based upon target type.  Thus, for
the HRR sensor, the relationship is:

PHRR(D|Tk) = ∑
i = 1

N

  PHRR (D|Si) • P(Sj| Tk) (9)

where Si is Sizei (S - short, M - medium, L - Long),

D is Data, and T is the type. PHRR(D|Si) must be

determined from the data measured and the prior
probabilities learned through experience as shown in
Table 1. The probabilities are combined by the
relationship:

PH = 1 = PH(D|S) + PH(D|M) + PH(D|L)
 

(10)

The data given is in the form of binary values for
detection form a single sensor, such as : {{ 1, 1, 1, 0,
0,0,0,0,0,0}, {0.5}} which is in the from {{Pr(Detect
Short), Pr(Detect Medium), Pr(Detect
Long)},{Pr(Prior)}}.  Taking into account data
confidence and bit values, the following probabilities
are updated:

PH(D|L) = [1+Pr(Prior)] • PH(D|L) • PH (11)

So, PH(D|L) = [1+ 0.5] • (0.222) = 0.333

and similarly, PH(D|L) = PH(D|M) = 0.222.

The above analysis satisfies the condition that if the
confidence of the data is zero, then the maximum
uncertainty entropy is achieved, while if the
confidence of the data is one, mutual information is
obtained from measurements in time.  For the above
data, if the confidence is zero, each probability would
then equal 0.222, which satisfies the entropy
condition.

3.3 Bayesian Analysis of the SAR Sensor

Following the same procedure, the SAR sensor (over
its set) gives:

PSAR (Data|Tk) = PSAR(Data|T1) • P(T1)|Tk) + . . . + 

+ PSAR(Data|TN) • P(TN)|Tk) (12)

and the relationship below holds:

P(Ti|Tk)  =  
î

 1  for i = k

 0  i  ≠ k  (13)

So the probability of the type data can be simplified
for the SAR sensor to be just equal to the measured
data itself.  The interpretation of the data for the SAR
sensor is similar to that the HRR sensor.  For
example, if the SAR sensor returns the data string:
{{0,0,0,1,1,0,0,0,0,0}},{0.7}} of the form {{P(T1-10)

}, P(Prior)}; then the probabilities would be
determined as follows:

∑
i = 1

N

  PSAR(Data|Ti) = PSAR = 1 (14)

PS(D|Ti)) = (1+Pr(Prior)• Pr(Detect Ti)•
1
PS

(15)

1 = ∑
i = 1

N

  [( 1+Pr(Prior) • Pr(Detect Ti)] •
1

 PS
(16)

So with the data given:

1
PSAR

 = 2•(1+1•0.7) + 8•(1+ 0•0.7)  = 3.4

 which gives PSAR = 0.294

So with the data given PSAR(D|T(4,5)) = 0.5 and

PSAR(D|T(1,2,3)) = 0.294.

 3.4 SAR / HRR Fusion

The fusion of SAR and HRR information is a
function of whether the target is moving or
stationary; however fusion is necessary if a target is
transitioning from stationary to moving.
Additionally, a situation may result where a target is
moving and stopping in which case there is fusion of
information over time. The sensor data fusion is
completed by the Bayesian update of information.
Since the above information is assumed available,
then independent likelihood functions can be
integrated to get the joint likelihood function based
upon target dynamics.  The data fusion is performed
by:

PFused(Data|Tk) = PHRR(D|Tk) • PSAR(D|Tk) (17)

but the information desired is the likelihood of target
type, given the data instead of likelihood of data
given the type.  Using Bayes' Rule, the relationship
is:
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PFused(Tk)|Data) = 
PF(Data|Tk) • PPrior(Tk)

 P(Data) 

(18)

where the normalizing factor is:

P(Data)  = ∑
i = 1

N

  PF(Data|Tk) • PPrior(Tk) (19)

To determine the target SAR class and HRR target
size, the axioms of probability are used, where the
joint likelihood function and the prior information are
used to obtain the data:

Target Size:  {Short, Medium, Long}

 P(Ni|D)  = ∑
i = 1

N

  PF(Tk|D) • P(Ni|Tk) (20)

   P(S|Tk) + P(M|Tk) + P(L|Tk) = 1 (21)

Target Class: {Truck, Small Tank, Large Tank,  Other}

  P(Ci|D)  = ∑
i = 1

N

  PF(Tk|D) • P(Ci|Tk) (22)

P(Tr|Tk) + P(ST|Tk) + P(LT|Tk) +  P(O|Tk) = 1 (23)

A concern in using Bayes' rule is the need for a prior
distribution over the events of interest.  In the real
world, Bayes’ rule necessitates a subjective
interpretation of probability.  By using the principle
of indifference, one can arbitrarily set the
probabilities equal for each outcome. The Bayesian
approach to sensor integration recursively updates
probability information at each measurement;
however, measurement uncertainty is not captured
with its implementation.

4.0  Results

Four test cases were run.  The first case was the
normal, control test for target 2 with one SAR update
for every 7 seconds and a measured confidence.  The
second test was run with lower confidences.  The
third case was run for a different test target.  The
fourth case was run with SAR updates of 10 seconds.

 4.1 Normal Case

For the normal test case, a short tank was run with a
SAR update of every 7 seconds.

Note from Figures 4-6 that the HRR is faster to
determine the length of the target and that SAR is
slower but has a higher probability.  The final
Bayesian probability is the a priori probabilities
associated with the sensor; however the fused result
reaches a higher confidence.

 4.2 Lower Confidence Updates
For the second test case, the short tank was run with a
SAR update of every 7 seconds and the probabilities
were reduced by half.  Note that the inherent
normalization by the Bayes’ rule results in the same
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values.  The same values are a function of the
available probabilities.  Hence, Bayes’ rule has a
limitation in that it does not capture incomplete
sensor knowledge.

 4.3 Another Test Target
For the third test case, the long truck was run with a
SAR update of every 7 seconds with the measured
probabilities.

In Figures 8-10, we see that the probability updates
are similar to the first target case.

 4.4 SAR Update Every 10 Seconds

For the fourth test case, the short tank was run with a
SAR update of every 10 seconds with the measured
probabilities.  Note, HRR is given more confidence
in the decision making since the target is moving.
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Figure 10.  Fused HRR and SAR Probability.
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0 10 20 30 40 50 60 70 80 90 1000

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr(Ti)

Measurement No.

Case 1: SAR - Truck(b) SmlT(r) LargT(g) Other(y)

Small Tank

Large Tank

Truck

Other

Figure 12. SAR Probability – Update 10 Seconds.

Short
Medium

Long

0 10 20 30 40 50 60 70 80 90 1000

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr(Ti)

Measurement No.

Case 2: HRR - Shrt(g) Med(r) Long(y)

Figure 8.  HRR Probability.

0 10 20 30 40 50 60 70 80 90 100
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr(Ti)

M easurement No.

Case 1:  HRR - Shrt(g) M ed(r) Long(y)

Short

M edium

Long

Figure 11. HRR Probability.



Presented at the FUSION99 – Sunnyvale, CA.      

 4.5 Time Comparisons
The time comparisons are shown as a comparison for
decision making where the fused estimate is shown
for minimizing the time to classify the target.

Table 2.  Time Comparisons
Time to Reach Decision Fuse HRR SAR
Case 1 (Small Tank)
Normal (SAR update 7) 41 45 51
Lower Confidence 41 45 51
SAR Update 10 44 41 57

Case 2 (Light) - L, Short
Normal (SAR update 7) 42 31 71
Lower Confidence 42 31 71
SAR Update 10 48 25 82

5.0  Conclusions

The paper addressed a situation in which a target was
recognized and classified when it was transitioning
from a stationary to a moving scenario. The research
included methods to detect and classify a lone dim
target with imperfect HRR and SAR sensors. In a
series of simulation experiments, the fused result
obtained a desirable solution. Using a Bayesian
metric in a recursive approach classifies the target;
however, it does not account for sensor confidences
and thus is not robust. Further research will focus on
a combination of predicting target dynamic
techniques for classification problems and
exploration in problems involving multiple stationary
and moving targets, multiple sensors, and inclusion
of state preferences and obscured image features. We
will further explore real data and develop an
algorithm to overcome the limitations of non robust
classification through confidence measures.
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