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Abstract—
This paper describes airborne sensor networks for tar-
get detection and identification in military applications.
One challenge is how to process and aggregate data
from many sensor sources to generate an accurate
and timely picture of the battlefield. The majority of
research in data fusion has focused primarily on level
1 fusion, e.g., using multisensor data to determine the
position, velocity, attributes, and identity of individual
targets. In this paper we present a novel approach to
military force aggregation and classification using the
mathematical theory of evidence and doctrinal tem-
plates. Our approach helps commanders understand
operational pictures of the battlefield, e.g., enemy force
levels and deployment, and make better decisions than
adversaries in the battlefield. A simple application of
our approach is illustrated in the simulated testbed
OTBSAF and RETSINA system.

I. INTRODUCTION

and timely picture of the battlefield. Current attempts to bring
more information of individual targets to commanders are
doomed to failure due to cognitive overload. With enormous
amounts of information available for command decisions, it
is impossible for commanders to fully analyze raw informa-
tion for corresponding situation assessment. A mechanism is
required to allow commanders to easily model and assess
the dynamic situations such as the behavior and intentions
of enemy forces based on the flow and fusion of collected
information from various sensors [3]. The understanding of
the battlefield situation, including location, movement, and
deployment of enemy forces, is essential for commanders to
make better decisions than adversaries in the battlefield.

In this paper we present a novel approach to force ag-
gregation and classification using the mathematical theory of
evidence and doctrinal templates. A doctrinal template depicts
the composition and deployment of various types of echelons.

Sensor networks are emerging as a new trend in informatigfe assume the raw sensor data have been transformed into
technology for monitoring and collecting information in botha consistent set of entities before multisensor identity fusion
military and non-military applications. This paper describgg], [4], [5]. In particular, we will focus on the following three
airborne sensor networks for target detection and identificatiproblems,
in military applications. In a military context, various airborne

sensors, e.g., SAR (Synthetic Aperture Radar), EO (Electro-*
Optical radar), and GMTI (Ground Moving Target Indicator),
are mounted on a number of platforms. These platforms such
as an F-16 or UAV (unmanned aerial vehicle) are deployed in
the battlefield for target detection, tracking, and classification. ®
For example, a SAR or EO sensor can recognize the location
and identity of a stationary target; a GMTI sensor can detect

a moving target and track the movement of the target.

Over the past two decades, a large number of approaches to
multisensor data fusion have been developed [1]. The majority

How to interpret uncertain information from multiple
sensors, so that we can fuse uncertain and inconsistent
information for a target from different sensors, e.g., a
T80 tank?

How to recognize different types of echelons with the
uncertain information for each target in a cluster of
vehicles or for each subechelon in the echelon?

o What is the confidence level for a cluster of vehicles
(echelons) if the cluster matches a doctrinal template, e.g.,
a 7'80 tank platoon?

of research in data fusion has focused primarily on sensor

data alignment, association, and correlation in level 1 fusion,
e.g., using multisensor data to determine the position, velocity,
attributes, and identity of individual targets. For example, the ‘ — S }_‘ Multisensor [dentity
identity declaration from each sensor usually provides multiple
identity declaration and each of them is associated with a
confidence factor. Given the identity declarations of individual
targets from airborne sensors, data fusion techniques seek to
process identity declarations from multiple sensors to achieve

a joint declaration of identity [2].
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One challenge in airborne sensor networks is how to process
and aggregate data from many sources to generate an accurate Fig. 1. The process of force aggregation and classification



USSR T80 0.4 USSR T80 0.7 USSR T80 0.771
USSR T72M 0.3 USSR T72M 0.1 USSR T72M 0.141
Usm1i 0.05 Usm1 0.02 UsSM1 0.016
USMI1A1 0.05 USM1A1 0.02 USM1A1 0.016
USM1A2 0.05 USM1A2 0.02 USM1A2 0.016
USSR 2S6 0.02 USSR 2S6 0.01 —> |USSR256 0.006
USSR ZSU23 4M [0.03 USSR ZSU23 4M | 0.02 USSR ZSU23 4M | 0.013
Usma77 0.001 UsMar7 0.001 UsMa77 0.0
USM35 0.001 US M35 0.001 USM35 0.0
US AVENGER 0.001 USAVENGER 0.001 USAVENGER 0.0
US HMMWV 0.001 US HMMWV 0.001 USHMMWV 0.0
USSR SA9 0.001 USSR SA9 0.001 USSR SA9 0.0
CLUTTER 0.095 CLUTTER 0.105 CLUTTER 0.021

(€) (b)

Fig. 2. A low resolution senso$ AR; (a) and a high resolution sens6d Ry (b) return a list of candidate target types with different confidence levels for
a ground targef"80 tank. The right table shows the fused confidence levels for each candidate target type.

Figure 1 describes the process of force aggregation andm two dissimilar sensors [9]. In this paper we extend
classification, including (1) multisensor identity fusion; (2}jhe previous approach to the case of multiple sensors. We
force aggregation (clustering); (3) force classification (tenfirst describe how to combine the uncertain information from
plate matching). Typically, the process of force aggregationultiple sensor sources in the framework of Dempster-Shafer’'s
is hierarchical. For example, a cluster of platoons can lieeory, and then we present our approach to force aggregation
clustered into a company that is further included at a battaliamd classification using Dempster-Shafer theory and doctrinal
or a higher level force. templates.

Commonly used algorithms for multisensor information
fusion are Bayesian inference method and Dempster-ShaferDempster-Shafer theory
theory of evidence. Dempster-Shafer theory produces identicaWe now introduce the key concepts of the Dempster-Shafer
results as Bayesian inference method for multisensor identiheory. LetV = {v;,v9,...,v,} be the set of possible vehicle
fusion when the hypotheses about individual target's identitypes, wherey;, 1 < i < n, is the possible type of vehicles a
declarations are singletons and mutually exclusive [6], [7BAR sensor can recognize (see Figure 2(a) and (bjfyare
[8]. We choose Dempster-Shafer theory for the following twof discernmen® = {vy,vs,...,v,} is the set of hypotheses
reasons, under consideration angd € V, 1 <i <n.

« Most tactical sensors are incapable of assigning all Definition 1: Let © be a frame of discernment. Aasic
confidences to each target type. Dempster-Shafer the@fpbability assignment (bpa)s a functionm : 2° —
allows confidences to be assigned to sets of propositidfis1] where (1)m(¢) = 0 (¢ is the empty set), and (2)
rather than to juslV mutually exclusion propositions. For>_ jce m(A) = 1.
example, the confidence to clutter in the sensor data.  In this paper we consider a common frame of discernment

« Dempster-Shafer theory leads to the intuitive bottom-ujer all SAR sensor outputs. The set of vehicle tygésis
process of force classification. The notion of conflict id7'80, T72M, M1, M1A1, M1A2,256, ZSU23, M977, M 35,
Dempster-Shafer theory naturally captures the templatd’ ENGER, HM MWV, SA9}. In our scenario, the basic
matching process between a cluster of vehichles (Bfobability assignment can be defined as follows: (1) for any
subechelons) and doctrinal templates. target typev; € V, m({v;}) = c(vi), wherec(v;) is the

The rest of this paper is organized as follows. Section @nfidence level of; in the table; (2) for anyA C © and
describes the approach for force aggregation and classificatidn? V., m(4) = 0; (3) m(©) = C(Cl“tt?r)- L ]

Section 3 illustrates a simple application using the simulatedFor @ subset! of ©, the belief functionBel(A) is defined
testbed OTBSAF and RETSINA system. Section 4 summariz&$ the sum of the beliefs committed to the possibilities in
the relevant literature. Section 5 concludes this paper afd For individual members 06, Bel andm are equal, e.g.,

presents some directions for future research. Bel({T80}) = m({T80})
A subsetA of a frame®© is called afocal elementof a
Il. FORCEAGGREGATION AND CLASSIFICATION belief function Bel over © if m(A) > 0. Given two belief

In the battlefield, various platforms are deployed to scdunctions over the same frame of discernment but based on
an area of terrain and attempts to recognize any stationaigtinct bodies of evidenceDempster’s rule of combination
or moving targets within the bounds of that scanned aresnables us to compute a new belief function based on the
The sensor output for each target is a list of candidate targembined evidence. For every subsebf ©, Dempster’s rule
types (e.g., M1 tank, T80 Tank, etc.) with different confidenagefinesm; @mg(/l) to be the sum of all products of the form
levels. Our previous work considers the problem of force (X)mo(Y), where X andY run over all subsets whose
aggregation and classification based upon the sensor repitsrsection isA.



Definition 2: (Dempster’s rule of combinatignLet Bel; For a given target on the ground, one interesting question
and Bely be belief functions ove®, with basic probability is if we can get a higher confidence level for targeafter

a§signm§nt$m andms, and focal elementgih ..., A, and we fuse the two or more sensor reports from the same sensor
Bu,..., By, respectively. Suppose or from sensors with similar resolutions. Figure 4 shows the

Zi,j,AmBj:¢ mi(A;)mae(B;) < 1 fused confidence level for &80 tank when we fuse multiple
Then the functionn : 2© + [0, 1] that is defined byn(¢) = Sensor reports from the same sensor. The figure tells us that
0, and sometimes the confidence level foff&0 tank could be very

. A low from one single sensor report, e.g({780}) = 0.05. We
Zz‘,j,AmB}:A ma (Ai)ma(B;) (1) need to fuse multiple sensor reports to improve the accuracies
1= i o omy(Ay)ma(B;) of target classification. Also, the fused confidence level for the
lJ,Aiﬂlgr—¢ ? J . . .
A T80 tank does not increase monotonically due to the noisy
for all non-emptyA C © is a basic probability assignmentsensor data.

m(A) =

[10].
Bel, the belief function given byn, is called theorthogonal T e T
sum of Bel; and Bely. It is written Bel = Bel; @ Bels. 0s |

Note that Dempster’s rule of combination is associative and
commutative. This means that the processes of combining
evidence from multiple sensors are independent of the order
in which the sensor outputs are combined.

For anyv; € V, m({v;}) can be simplified as

Confidence Level

o2t /

mi ({vi)ma({vi}) + mi ({vi)ma(8) + ma({vi})ma(O) B
1= Z’UjEV mll({vj})(l - mQ({’l]]}) - mQ(@)) ( ) #Reports
2
Similarly, we can computen(©) as Fig. 4. The fused confidence level for280 tank using the same SAR
sensor
m(©) = m1(6)m;(6) B. Clustering Algorithm for Force Aggregation

=220 ev mi({v; ) (1 —ma({v;}) — m2(0))

3) The next step in force aggregation and classification is
50 identify candidate sets of vehicles to be considered as

list of candidate target types with different confidence Ieve%atoor?S or companies. We_ use a .smgle-lmk agglomerative
clustering algorithm to identify candidate sets of tanks to be

from a low resolution sensa$; and a high resolution sensor nsidered latoons or compani t tank. Different from
SARs. Figure 2 also gives the fused confidence levels for eaEPl1 SIEred as platoons or companies of tanx. erent 1o
ther clustering algorithms liké&-means algorithm, it does

candidate target type using Dempster’s rule of combinatiofi- . .
Sometimes, the information about targets from these airbo(ﬁ%t require the n_u_mber of Slgsteksgs fm input, but needs a
sensors isoisy For example, a sensor may confusd's0 Eermmaﬂon_condlt,l,on. The smgle-lmk.approach, also callgd
tank with anAM1A1 tank and give a low confidence level for, nearest-nelghbor approach, starts W.'th each tank or veh_|cle
780 and give a high confidence level fo1A1. Figure 3 forming a separate group. It successively merges the objects

illustrates two lists of candidate target types fof'80 tank or clusters according to the minimum distance between any

using the same SAR sensor. The SAR sensor confuses M8 tanksu, andu,, whereu, € S, up, € Sj, S; and S,

780 tank with anM1A1 tank in list (b), wherens ({T80}) < are two clusters. The clustering process is finished until all
' 2 of the clusters are merged into one, or until the termination

Given a 780 tank on the ground, Figure 2 describes

mo({M1A1}). -
2({ b conditions meet [11].

JSRTE oz USSRTE 0 Suppose we have obs_erved tanks,{u1,ug, ..., un} and
USSR T72M 03 USSR T72M 0.05 we have estimated locations of the tanks. For tapklet x;
USM1 0.05 USM1 0.20 . . .
USMIAL 0.05 USMIAL 028 and y; denote the estimated and y locations, respectively.
USM1A2 0.05 US M1A2 0.27 i 3
T oo T o The distance between any two tanks can be defined as
USSR ZSU234M |0.03 USSR ZSU234M | 0.03
UsM977 0.001 UsM977 0.001
USM35 0.001 USM35 0.001 d(ui, uj) = \/(xz —x5)% 4+ (yi — y5)? 4)
USAVENGER 0.001 USAVENGER 0.001 . .
USHMMWV __|0.00L | [USHMMWV __|0001 The distance between two sets of tartks S; is
USSR SA9 0.001 USSR SA9 0.001
CLUTTER 0.095 CLUTTER 0.105 .

D(Slv S]) - nnanGSi,ubGSj d(ua7 Ub) (5)

@ ®
Let D(S;, S;) be the distance between clustgr and S;,

Fig. 3. The two lists of candidate target types fdF&0 tank using the same a_md N(Si) _iS the ne_arGSt neighbor of _ClUStSf- The single-
SAR sensor link clustering algorithm can be described as follows



1) Initialize the clusters, where each cluster is a tank or %
vehicle in{uy,ug, ..., um} ° e
2) For each pair of clustefS;, S;), computeD(S;, S;)
3) For each clustef;, computeN (S;) ° @ %
4) Repeat until we have the desired number of clusters or
the termination conditions meet

a) DetermineS;, S; from existing clusters, such that %
D(S;,S;) is minimized

b) ClusterS; and.S;

c) Update eactD(S;, S;) and N(S;) as necessary

5) End of the algorithm Fig. 5. The matching process between a template and a cluster of vehicles
The clustering of vehicles is based on the relative distance

between any two vehicles (or clusters) and the number of

vehicles in the template. For example, we know from the 3) CL = CL — u;

doctrinal templates that a platoon usually has 4 to 9 vehiclesq) T, = T}, — v;

and these vehicles are deployed intm x 100m area. We  5) if CL = ¢ or T}, = ¢, returnCj, = Cy, + |CL]|

will get clusters of tank platoons if we define the termination

conditions as (1) the maximaD(S;, S;) as 100m and (2) to

maﬂTal numbetr of veh|tcles n a clgdste:_&sslon:etm?s t?}? Ican minimize the conflict between a template and the cluster.
condition cannot guarantee we can identify clusters of vehic %Viously, the conflict is small if we matciy; with the same

at the low-level forc;e, but we still can cluster them at h|gr}-ype of vehiclev; in the template ifi; has the maximal bpa for
level. For example, if a company @30 tank stays very close, vehicle typev;. For a target,;, we denotey; = Ii(u;, 1) as the
we probably cannot recognize thrg&0 platoons but we can target type with the highest bpa, e.gu;({v;}) > mi({vr})

recognize them as &80 company. for any v, v; € V and v, # v;. Similarly, we can define
II(u;, 2) as the target type with the second highest bpa.

During the first round of matching process, we choase

In this section we discuss how to recognize the type of AMth the maximalim, ({T(u;, 1)}) to match vehiclev; in a
echelon using doctrinal templates. A doctrinal template depi%@nplate Formallyyu, € ’CL M(us, 1) = T(ug 1; and

the composition and deployment of various types of subecuI; % g, mp({T(up, 1)) < mi({(ug, 1)}), we callu; as

elons_ or vehicles. For example, 7280 tank platoon template the vehicle with the maximal probability assignments in CL,
consists of foufl’'80 tanks. A template may also have differenfj.qted ag, — I'(CL,1). Given a vehicles; € CL andv; is
(2 ) . K3 7

kinds of vehicles. For example, an anti-tank platoon templaéevehicle in a template ang = I1(u;, 1), the conflict between
consists of three tanks and six missile launchers. In general,andv_ can be defined a5 — m;({v;}) — m;(©)
J 7 J () .

template cluster

For templates with different types of vehicles, we have
consider the order of vehicles for matching, so that we

C. Doctrinal Template Matching

2
a platoon templatd” for an echelon can be represented as

T ={v1,v2,...,0p}, Wherev; € V (1 < j < p)is the ype ¢ "covaral vounds. For example, sometimes the target type
of a vehicle in templatd’. For each vehicle);, we assume M(ui, 1) (u; = T(CL,1)) does not match any vehicle in a

the frame of discernment i&; } and the corresponding bas'ctemplate, e.g.T1(us;, 1) ¢ Ty. In this case we need to choose

pr(_)rt;ablhty at_s,5|g_nme_nt 'm({:}j}t) - 1f'0' hicleg, — u; = I'(CL,2) to continue the matching. The process stops
e question is, given a cluster of vehicléd = {uy, ..., when eitherC'Z or T}, becomes empty.

uq} and a list of doctrinal template§Iy, 75, ...,7;}, how
to determine the type of echelon. The basic idea here-is— _ i i

to match the cluster of vehicles with each template. TH¥90rthm 1 Doctrinal Template Matching Algorithm
matching process attempts to minimize the conflict betwee#: Initially, € =0, L = 1.

a template and cluster of vehicles. The template with th& While (|CL| # 0 and|T}| # 1) do

Note that usually the matching process has to be iterated

minimum conflict is the matched one for the cluster. & u;=D(CL,L)
The matching process is simple if the template has sam& if (Gv; € T} andv; =TI(u;, L)) then
type of vehicles. As shown in Figure 5, each vehiglan the CL=CL—u
cluster CL is associated with a list of candidate target types an®f Ty =Ty —vj
basic probability assignment; for each target type an®. 7 Cr = C +1—m;({v;}) — mi(O)
Given a templatd}, = {vy,...,v,}, we can randomly match &  €lse
any vehicleu; with v; and then we sum up the conflict, & ~ L=L+1L
betweenT}, and CL. The matching algorithm can be described: ~ end if
as follows, 11: end while

12: Cp = Oy, + |CL)|

1) Initially, Cy, = 0. 13: return Cy,

2) VUL € OL,VU]' S Tk-, Ck = C’kJrl—mz({v]})fml(@)




Algorithm 1 describes the process of matching a cluster I1l. EXPERIMENTS
of vehicles with a platoon template, where the confligtis |, his section, we first introduce a modeling and simulation

initialized as0 and the initial roundL is 1. The algorithm o i-onment. OTBSAFE (OneSAF Testbed Baselih@nd its
can also be used to match high-level forces, e.g., a cOMPaRYegration with the RETSINA system (Reusable Environment
where each slot in the template or the cluster is a platoon. ¢, Task Structured Intelligent Network Agents) [12]. And then

The template with the minimum conflict with the cluster isve discuss some experimental results of force aggregation and
the matched one. The confidence level of the matched templgigssification in the simulated testbed.

or unit type depends on the belief functions of each vehicles
in the cluster. Here we use a belief function to represent the OTBSAF and RETSINA System

confidence level of the unit type and we give one way to OTBSAF models common military vehicles, aircraft, and

compute the belief function of the matched unit type. sensors, and simulates uncertainty for entities’ individual and
Definition 3: Given a cluster of vehicle§'L = {u,us,..., doctrinal behaviors in the battlefield. We extend OTBSAF and
uq}, assumg Ty, I», ..., T;} are templates for the force level,integrate it with our RETSINA multiagent system. One of our

T} is the matched template with minimum conflicts with theontributions to OTBSAF is to add three simulated mounted
cluster,C; is the conflict betweer®’L and any templatd;. sensors, SARSIim, EOSim, and GMTISim, to the simulation
We can get the corresponding basic probability assignmentenvironment.
for T, € {T1,T>,...,T;} The SARSIm simulates an automatic target recognition
(ATR) system that receives its input from a synthetic aperture
radar (SAR) that is operating ispotlight-modeIn spotlight-
max(Cy,Cy,...,C) — C; ©) mode, a SAR scans an area of terrain, and the ATR will attempt
22_:1 (maz(Cy,Cy,...,C) — C)) to recognize any stationary object within the bounds of that
scanned area. The output from the SARSIm is a list of candi-
; : 4 date target types (e.g., M1 tank, T80 Tank, etc.) with different
TjTGh?Tlib ;zl,Of tr,]eTClj}Lalr?dT %klf;,AmT(j.{_(Tk}) > m({T;}) for any confidence levels. While a real SAR/ATR system will report

If we find three TS0 tanks stay together, we can inferconfldence levels for around three dozen entities, SARSIm will

Lo : . eport for a dozen entities. The GMTISim simulates a ground
that it is likely a 780 tank platoon and its confidence IeveIr . - .
m({T80Platoon}) is high. Sometimes we may not find a”movmg target indicator (GMTI) radar, which focuses a radar

X beam on one spot, and if it detects a moving target there
three tanks; Instead, we only find two out of three or even on P g farg

The following figure illustrates the combined belief functionV\e/Ith Its ATR system, a motion tracker mechanism follows

. °"he movement of the target. While very similar in output and
for three tank pIa'Foons with one, two, or three tanks. The f'g.uéfé‘:havior to the SARSIm, it is complementary, because it only
tells us the confidence level is low if the sensors only fin

some of the total vehicles in templates. In practic&sa tank recognizes entities that are moving, while the SARSIm only
. . P - I practic recognizes entities that are stationary. The EOSim simulates
platoon with low confidence could be misclassified aslah

an electro-optical sensor that detects targets at distances and in
tank platoon at platoon level. However, the cluster of tanks can P g

X ) iti in which th I le in the ultraviol
still be recognized as part of S0 tank company at company%ondltlons in which they would be detectable in the ultraviolet,

) isibl inf ligh .
level using our approach. In other words, our approach \lnsSIb e, and infrared light spectra

robust against the incomplete and ambiguous information fraB Experimental Results
sensors and reduces effect of the ambiguity caused by missin
targets on the higher level force classification.

m({Ti}) =

Yets consider the following scenario: an F-16 first locates
targets in the battlefield using low resolution sensors, and then
a UAV revisits some areas with groups of targets using high
resolution sensors.

We consider a simple application of our approach for
SARSIms on the simulated testbed OTBSAF and RETSINA
system, where there are thr&&0 tank platoons,P;, P,
and P3, on the ground, and each platoon consists of three
T80 tanks. An F-16 is tasked to scan the area first using a
low resolution SARSIim and then a UAV is tasked to scan
sl ] the same area using a high resolution SARSIim. Figure 7 and

T Figure 8 show a list of possible target identities with different
[ confidence levels for eacl#80 tank on the ground. Note
that the highest confidence identification in a series of low-
confidence is not necessarily the correct classification, e.g.,

Fig. 6. The fused confidence level forZe80 tank platoon with different ; ;
number of tanks being found target 1020, 1027, 1037, and 1044 in Figure 7. Also, tank

1 tank’

3 tanks

08 — —

06

04 ——

Confidence Level

Tank platoon #1 Tank platoon #2 Tank platoon #3

Ihttp://www.onesaf.org/



Cluster P, Cluster P, Cluster P;

1014 | 1017 | 1020 | 1024 | 1027 | 1030 | 1034 | 1037 | 1040 | 1044
USSR T80 0.4 0.4 0.05 |04 0.3 0.4 0.3 0.05 - 0.4
USSR T72M 0.3 0.3 0.05 |03 0.4 0.3 0.4 0.05 - 0.3
UsM1 0.05 {005 |0.20 |0.05 |0.05 |[0.05 |0.05 |0.28 - 0.05
USM1A1 005 |005 |0.28 |0.05 |0.05 [0.05 |005 |024 - 0.05
USM1A2 0.05 {005 |0.27 |0.05 |0.05 |[0.05 |005 |0.23 - 0.05
USSR 2S6 0.02 | 002 | 002 |0.02 |0.02 |0.02 |002 |0.02 - 0.02
USSR ZSU23 0.03 | 003 | 003 |0.03 |0.03 |0.03 |003 |0.03 - 0.03
US M977 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
US M35 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
US AVENGER 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
US HMMWV 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
USSR SA9 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
CLUTTER 0.095 | 0.095 | 0.095 | 0.095 | 0.095 | 0.095 | 0.095 | 0.095 - 0.095

Fig. 7. The confidence levels for tanks in/&0 tank company from the outputs of the low resolution SAR seitsdi?; on an F-16. Tank 1044 is in the
company but it does not belong to any platoon. “-” means the field is empty in the SARSIm output.

Cluster P, Cluster P, Cluster P;

1014 | 1017 | 1020 | 1024 | 1027 | 1030 | 1034 | 1037 | 1040 | 1044
USSR T80 0.7 0.7 - 0.7 0.7 0.7 0.7 0.7 - 0.7
USSR T72M 0.1 0.1 - 0.1 0.1 0.1 0.1 0.1 - 0.1
USM1 0.02 | 0.02 - 0.02 | 002 | 002 | 0.02 | 0.02 - 0.02
USMI1A1 0.02 | 0.02 - 0.02 | 002 | 0.02 | 0.02 | 0.02 - 0.02
USM1A2 0.02 | 0.02 - 0.02 | 002 | 0.02 | 0.02 | 0.02 - 0.02
USSR 2S6 0.01 | 0.01 - 001 | 001 | 001 | 0.01 | 0.01 - 0.01
USSR ZSU23 0.02 | 0.02 - 0.02 | 0.02 | 0.02 | 0.02 | 0.02 - 0.02
USM977 0.001 | 0.001 - 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
USM35 0.001 | 0.001 - 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
US AVENGER 0.001 | 0.001 - 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
US HMMWV 0.001 | 0.001 - 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
USSR SA9 0.001 | 0.001 - 0.001 | 0.001 | 0.001 | 0.001 | 0.001 - 0.001
CLUTTER 0.105 | 0.105 - 0.105 | 0.105 | 0.105 | 0.105 | 0.105 - 0.105

Fig. 8. The confidence levels for tanks irl&0 tank company from the outputs of the high resolution SAR seSsbR> on a UAV. Tank 1044 is in the
company but it does not belong to any platoon. “-” means the field is empty in the SARSIm output.

Platoon templates | Vehicles ]

1020 is only found by sensaf AR; and tank 1040 is not
US M1 platoon 4 M1s

foun_d by e|ther_sensor. . US MIAT platoon T MIALS
Given SARSIm outputs for a tank,;, we first convert US M1A2 plaioon | 4 M1A2s
the outputs to belief functions and then combine the belief USSR T72M platoon| 3 T72Ms
functions using Dempsters rule of combination. Next we USSR T80 platoon_| 3 T80s
. . . USSR SA9 platoon | 4 SA9s
discuss how to recognize the type of a given echelon solely USSR 256 platoon | 2 256s
based on the outputs of low resolution SARSEA R, or
based on the fused outputs of two SARsifislR; and TABLE |
SAR; through Dempster-Shafer's theory. We assume tanksSTHE NUMBER OF EACH TYPE OF TANKS OR VEHICLES IN DIFFERENT
or vehicles have been clustered into platoons according to the PLATOON TEMPLATES

distances between them.
1) Platoon Level Classificationin the platoon level, we
choose7? platoon templates from OTBSAF: US M1 platoon,
US M1ALl platoon, US M1A2 platoon, USSR T72M platoonplatoon, instead of @80 tank platoon. Note that our algorithm
USSR T80 platoon, USSR SA9 platoon, and USSR 2$§tolerant to noisy sensor information. For example, although
platoon. Table | describes the number of each type of vehickask 1020 inP; is identified as am\/1A1 tank, we can still
in different platoon templates. identify the clusterP; of two 780 (1014, 1017) and one
Table Il describes the conflicts of three clusters of tank&/1A1 (1020) as &/'80 tank platoon. ClusteP; is confused
with platoon templates using Algorithm 1. Given the outputas a T72M tank platoon, since the sensor only finds two out
of sensorSAR;, clusters of tanksP; and P,, have minimal of three tanks in the cluster and one of them is recognized as
conflicts with 780 platoon template, and can be classified as T72M tank. In next section we will show our algorithm can
T80 tank platoons. However, clusté®; has minimal conflict still recognize the right type of echelon in the company level
with T72M platoon template and is classified as a T72M tardven with the outputs from the low resolution sensor. Also,



if we match the three cluster of tanks with templates using
the fused outputs from sensa¥siR; and SAR,, we find the
results enhance the template matching, where the conflicts are

minimized and all three clusters of tanks are classified &%
tank platoons.

Company templates |

Platoons

US M1 company

3 M1 platoons

US M1A1 company

3 M1A1 platoons

US M1A2 company

3 M1A2 platoons

USSR T72M company|

3 T72M platoons

USSR T80 company

3 T80 platoons

USSR 2S6 battery

3 2S6 platoons

[ Templates] Py [ P [ Ps | TABLE IV
M1 pl. 2.4 2.7 255 | 3 137 | 2
MIAL Pl | 232 | 26 | 255 | 3 1412 THE NUMBER OF EACH TYPE OF PLATOONS IN DIFFERENT COMPANY
M1A2 pl. 2.33 | 2.6 255 3 142 | 2 TEMPLATES
T72M pl. 205 257 | 1.7 251 1.25| 1.7
T80 pl. 1.85| 131 | 1.6 0.7 ] 1.35| 0.8
SAOpl. |27 |29 |27 [3 |17 |2 [ Templates [ T80 company]
2S6pl. |28 |29 |28 |3 |18 |2 MT company | 2.6 | 2.93
M1A1 company | 2.6 2.89
TABLE I M1A2 company | 2.6 2.89
THE CONFLICTS OF THREE CLUSTERS OF TANKSPy, Py, P3, WITH T72M company | 2.22 | 2.5
PLATOON TEMPLATES WHERE THE CONFLICTS BASED ON FUSED T80 company | 2.08 | 0.79
2S6 battery 3 3
OUTPUTS OF SENSORS AR AND SAR2 ARE IN BOLD.
TABLE V

THE CONFLICTS OF THE ASSUMEDI'80 COMPANY WITH COMPANY
TEMPLATES, WHERE THE CONFLICTS BASED ON FUSED OUTPUTS OF

[ Templates] D | D | s | SENSORSSAR; AND SAR3 ARE IN BOLD
ML pl. 0.13] 007 ] 008 O 010] 0 ! 2 '
MIATIpl | 0.15| 0.11 | 0.08 | O 0.17] 0
MI1A2 pl. | 0.15 | 0.11 | 0.08 | O 0.17] 0
T72Mpl. | 024 | 0.12| 035 | 0.18 | 0.24 | 0.2
T80 pl. 030 059|038 0.82] 0.19] 0.8 and SAR,. The basic probability assignments for tH&0
gég Ell-' 8'03 g 8'03 8 8:84 8 company are shown in Table VI

TABLE Ill [ Templates [ T80 company|

BASIC PROBABILITY ASSIGNMENTS FOR CLUSTERS OF TANKSP, P, M1 company 0.14 | 0.02
1r b2 MIAL company | 0.14 | 0.04
AND P53, WHERE BASIC PROBABILITY ASSIGNMENTS BASED ON FUSED M1A2 company | 0.14 | 0.04
OUTPUTS OF SENSORS AR; AND SAR2 ARE IN BOLD. T72M company | 0.27 | 0.16
T80 company 0.31| 0.74

2S6 battery 0 0

The basic probability assignments for each cluster of TABLE VI

tanks, Pl anc_l PQ' as aT80 tank platoon can be com- BASIC PROBABILITY ASSIGNMENTS FOR THE CLUSTER OF TANK
PUted accordlng to Definition 3 and results are ShO\_Nn %ATOONS, WHERE BASIC PROBABILITY ASSIGNMENTS BASED ON FUSED
in Table Ill, where frame of discernment fd?, and P, is
{T'80_platoon, =T80_platoon}. Similarly, the basic probabil-
ity assignments forP; are shown in the same table.

2) Company Level Classificatiornn this section we discuss
the problem of recognizing the type of echelons in company IV. RELATED WORK
level from platoons. We choose six templates in the companyThe idea of using Dempster-Shafer theory for multisensor
level: US M1 company, US M1Al company, US M1A2data fusion is not new. For example, Lowrance at al. apply
company, USSR T72M company, USSR T80 company, USSkempster-Shafer theory in reasoning about the locations and
2S6 battery (see Table IV). Some platoons are included in thetivities of multiple ships from intelligence reports [13];
template of a battalion level force directly, e..g, USSR SABogler studies whether the targets belong to the set of friendly
platoon. Companies may have some extra vehicles besideshe set of not friendly aircraft in multisensor target identi-
the vehicles in the platoons. For example, a USSR T&@ation systems using Dempster-Shafer theory [14]. Recently,
company has three T80 platoons and one extra T80 tank.Sohubert extends those approaches to force clustering and clas-
our experiments we do not consider the extra vehicles duriaijication [15], [16], where elements, e.g., intelligence reports,
template matching. vehicles, and echelons, are clustered into subsets. Schubert

Table V describes the conflicts of the assunfé&l com- uses the conflict of Dempster’s rule as an indication of whether
pany with company templates. Obviously, the assu@d the elements belong together and focuses on how to handle
company has the minimal conflicts withi80 tank company intelligence reports with multiple nonspecific and uncertain
template. The conflict with th&80 company template changeshypotheses. Our work is related to Schubert’s approach, but
to 0.79 when we use the fused outputs of sensStdR; we do not consider sensor reports clustering for each target.

OUTPUTS OF SENSORS AR AND SAR2 ARE IN BOLD.



Also, our approach is computationally efficient since we only VI. ACKNOWLEDGMENTS
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the accumulated evidence in the network is learned through E. Blasch and L. Hong, “Data association through fusion of target
a set of randomly selected potential solutions using genetic track and identification sets,” iRroceedings of the Third International
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