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Abstract - After giving an overview of the design of 
the IMM/MHT tracker, this paper discusses a joint 
tracking and identification approach to the multi-
sensor ground target tracking problem.  It is widely 
recognized that the requirements for the continuous 
tracking of important targets can only be achieved 
by incorporating feature data and behavioral 
information.  Consequently, a Dempster-Shafer 
approach has been applied in the integration of 
multi-sensor classification with the target behavior 
so that an estimate of target type may included in 
the data association decision process.  The ID 
information that may be potentially derived from 
HRR profiles may be combined with conventional 
IMM/MHT tracking techniques in order to aid the 
track-observation association process.  Issues such 
as the inevitable loss of track identity due to track 
switching as well as the presence of confusers must 
be addressed.  Thus, the paper discusses methods to 
include the effect of confusers and to efficiently 
reestablish track identity after a track-switch.   
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1 Introduction 
 
It is widely recognized that the combined use of 
measured features/attributes and kinematic 
quantities will greatly enhance data association 
performance for difficult tracking environments (see 
[1] and the references contained within) and that 
confusers and ID switches pose challenges to any 
classification aided system.  As discussed in [2-4], 
this Feature-Aided Tracking (FAT) approach can be 
particularly useful for the ground moving target 
tracking (GMTT) application.  Thus, following [2-
4], a joint tracking and identification architecture 
which allows for the possibility of confusers will be 
described in this paper.  Even though the 
architecture is  generally  valid  for any  type  of   
feature  and is not  restricted to  GMTT, this paper 
addresses the GMTT application utilizing a 
commonly proposed feature called GMTI radar 
High Range Resolution (HRR) profile [5].  Also, the 

methods described here are valid for single or 
multiple sensor systems. 
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methods described here are valid for single or 
multiple sensor systems. 
 HRR profiles give the amplitude/intensity 
of the target return as a function of range along the 
target extent.  These profiles are a characteristic of 
the target type and are a strong function of the 
sensor to target geometry.  The application of HRR 
data for target identification and as an aid to 
tracking is discussed  extensively in the literature, 
such as [5].  For this study, we derive the HRR data 
from the Moving and Stationary Target Acquisition 
and Recognition (MSTAR) project to represent 7 
target types.  HRR profiles are potentially excellent 
target type discriminators but the profiles can 
essentially decorrelate with a few degrees change in 
geometry.  In order to use HRR profiles, it is 
necessary to quantify the degree of similarity 
between two profiles (typically, a measured profile 
and a stored profile), and the methods used for this 
study are detailed in [4]. 
 The general IMM/MHT tracking methods 
described in Chapters 4, 6, and 16 of [6] have been 
enhanced with the standard methods described in 
numerous sources (see, for example, [7]) that are 
required for accurate GMTT.  Thus, this tracker 
contains, among other features, the capabilities to 
use digital terrain elevation data (DTED) to 
accurately place measurements on the surface of the 
earth and to use road networks to more accurately 
track targets using a variable structure, interactive 
multiple model (VS-IMM) approach.  It also utilizes 
special filtering methods for handling move-stop-
move target motion, has a group tracking capability, 
and has the ability to process radar and IR 
measurements as well as out-of-sequence-
measurement data.  
  

2  Feature-Aided Tracking  
 
The two forms of FAT typically proposed for use 
with HRR data are Signature-aided tracking (SAT) 
and Classification-aided tracking (CAT).   However, 
as discussed in [4], due to the decorrelation of HRR 
profiles that occurs for small changes in geometry, 
CAT is preferable if a database relating HRR 
profiles to important target types is available. CAT 
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relates a feature measurement to a target 
type/classification by comparing an unknown 
feature directly to a database of features from 
known targets.   Then, a measure of correspondence 
with the track classification estimate, based upon 
prior data, is computed and used in the association 
score.  A significant problem with CAT processing, 
addressed in this paper, is how to handle the 
condition of an important target with type included 
in the database in the presence of target types that 
are not contained in the database.   Our approach, 
discussed below, uses the Dempster-Shafer measure 
of conflict (κ) in the track score.  
 
2.1  Joint Tracking and Identification 
Architecture 
  
The proposed joint tracking and identification 
architecture is shown in Figure 1.   Target dynamics 
and behavior, signature data, and direct 
measurements of target type/ID are combined to 
form a composite target type/ID D-S mass vector.  
This information, along with kinematic data, is used 
in the observation-to-track score computations in 
the MHT data association process.   
 Referring to Figure 1, metric measurement 
data is fed as input directly to the IMM filters which 
produce target state estimates which can, in turn, be 
indirectly used to determine target vehicle type.  For 
example, speed and on-off road behavior are 
currently implemented.  In addition, target behavior, 
such as whether the track has been determined to be 
part of a group, may also be related to target type.  
In order to combine various sources of potential ID 
information, a D-S mass vector assigns mass values 
to a subset of targets that potentially exhibit 
behaviors/properties.  In general, this requires a 
priori knowledge bases relating target 
behavior/properties to target type.  For example, 
certain targets may be more likely to travel at 
particular speeds, or certain targets (i.e. military) 
might be expected to be part of a group, or certain 
targets may travel on-off road.  In addition, some 
signature data can be related to target type.  In the 
case of signature data such as RCS, a subset of 
potential target types may be consistent with an 
estimated RCS.  Finally, ID data exists that may 
directly identify targets as being of a particular type.  
Data such as HRR CAT processing, image data, and 
Doppler spectra can be included under this category.  
Again, an a priori set of likely targets present in the 
surveillance region should be included in order to 
correctly ID a target.    
 By using a sequence of consecutive 
applications of Dempster’s Rule, the D-S mass 
vectors for the target dynamics and behavior, mD, 
the target signature,  mS, and the target ID, mI, may 
be combined to form a single composite D-S mass 
vector mC.   Any new information of a particular 
nature  (dynamic,  signature,  ID)  may   be  used  to  

 
 

Figure 1:  Joint Tracking and ID Architecture. 
 
update the corresponding D-S mass vector using 
Dempster’s Rule.     
 Following discussions in [6], the 
Dempster-Shafer (D-S) method has been chosen to 
represent target type estimation data.  The D-S mass 
vectors are conveniently combined at all levels 
using Dempster’s Rule.  One property of the 
proposed method is that the mass assignment to 
ignorance is not allowed to go below certain 
minimum values, typically about 0.1.  This ensures 
that the estimation processes will recover from the 
potential effects of inaccurate measurement data and 
the inevitable misassociation that will occur in 
difficult tracking environments.  
 
2.2 Including a Confuser State in the  
Dempster-Shafer Vector 
  
In order to take into account confusers, an additional 
state has been included in the Dempster-Shafer 
vector to allow for the possibility that the target 
cannot be found in the database.   This ‘not in the 
database’ state is similar to the other target type 
states, but there are significant differences.  To 
begin with, the masses assigned to the target type 
states are derived from direct comparisons of HRR 
profiles whereas the masses assigned to the ‘not in 
the database’ state have to be computed indirectly.  
Thus, the ‘not in the database’ state is generally less 
reliable than a state from a  target in the database, 
but the ‘not in the database’ state has  more 
information than a state assigned to ignorance.        
 Although the target type and the ‘not in the 
database’ states should be applied in the track-
observation process (i.e. the measure of conflict 
calculation), the uncertainty inherent in the ‘not in 
the database’ state would imply that updating tracks 



with such ‘not in the database’ observations without 
deweighting may be unwise.   This is because there 
are circumstances when an observation from a target 
in the database will look temporarily like a target 
that cannot be found in the database (e.g. a poorly 
predicted aspect angle measurement or a bad match 
of the target in the database).   Consequently, if 
there is a track on a target in the database and it gets 
a few observations that appear to be from a target 
that is ‘not in the database’, the state of the track 
could switch to that belonging to a ‘not in the 
database’ target.   Then, any future measurements 
from the target in the database may have greater 
difficulty being associated to this track that now has 
a high mass assigned to the ‘not in the database’ 
state.   The deweighting of ‘not in the database’ 
state update is accomplished by setting an upper 
limit to the amount of  ‘not in the database’ mass 
that can be used to update a given track D-S vector. 
   As stated earlier, unlike computing a mass 
value for a database target, calculating the mass 
assigned to the ‘not in the database’ state lacks a 
direct comparison with a database.  Thus, the mass 
assigned to the ‘not in the database’ state must be 
derived using the likelihoods from all of the other 
comparisons as well as the likelihood value typical 
of the result of a good match.  Hence, the only 
evidence that can be quantified is actually a lack of 
evidence of the target matching with target types 
that can be found in the database.  In particular, if 
the maximum likelihood for comparing N target 
types in the database is Lbest and the likelihoods for a 
typical good and bad match for all of the targets in 
the database are  Lhigh and Llow, an estimate for the 
likelihood of a target that is not in the database, Lnot 

in database, can be quantified using equations (1-3).    
 
If Lbest>Lhigh                 
L not  in  database = Llow                              (1) 
 
If Lbest<Llow,                                                                               
L not  in  database = Lhigh                                         (2) 
 
If Llow

�
Lbest

�
Lhigh                                                                                                              

L not  in  database = Lhigh -Lbest+ Llow         (3) 
 

 Given a set of likelihood values that 
includes a likelihood value for the ‘not in the 
database’ state, {L1,L2,L3 ,..,Lnot in database}, the 
Dempster-Shafer mass vector with confusers is 
computed using methods described in Section 8.6 of 
[6].   These mass values are then applied directly in 
the association process (described below) for track 
update.    
  
2.3 Combining Dempster-Shafer and 
MHT Methods 
 
As discussed in [6], the track score is the basis of all 
MHT probability calculations.  In this particular 

application, the score increment (∆L) associated 
with a track update will consist of three terms:   
 
∆L�  = ∆L� K + ∆LS + ∆LF                       (4)  
 
The ∆LK, ∆LS, and ∆LF are the terms associated with 
the kinematic,  the signal-related, and the 
feature/attribute contributions to the track score, 
respectively.  As discussed in [6] and other recent 
publications [8,9], the choice of ∆LF is a subject of 
current research.  The value of ∆LF should decrease 
as the D-S conflict term,κ, increases. However, 
there should be a deweighting of the feature data 
when the D-S mass assigned to ignorance, m(θ), for 
either the measurement or the track is large. 
 Given the above considerations, and 
basically following [6,8], the feature-based 
increment to the  track  score  used  in  this  study  is           
 
∆LF= IG (a + b ln(1-κ))                      (5)                                                                                    
 
where IG is an ignorance factor that increases as the 
ignorance masses associated with the track and the 
measurement decrease and a,b are the constant 
weighting factors chosen to be 3.0 and 4.3, 
respectively. 
 Referring to Equation 5,  the form of the 
ignorance factor for this application is given in 
Equation 6 where the observation and track masses 
assigned to ignorance are denoted by mO(θ) and 
mT(θ), respectively.    
 
IG =1-mO(θ)-mT� (θ)+mT(θ)mO(θ)            (6)                                                                               
 
The absolute value of the final increment to the 
feature track score is limited to 4.0. 

 
3  Track Stitching using ID    
    Information 
 
A typical scenario will have a track with a high 
confidence ID on an important target that has 
association conflicts with tracks on other targets of 
lesser importance.   This situation can occur either 
because of dense target conditions or because of 
gaps in sensor coverage that require long 
extrapolation times.  Also, ID information may 
either be unavailable or inaccurate during the time 
that difficult association decisions are being made.  
The result is that a switch may occur such that a 
different track now represents the target of interest.  
A practical consequence of this track switch will be 
that the point of origin of the important track is no 
longer accurately represented by the track on this 
target.  A method for using ID information to 
correct track switches by stitching tracks has been 
developed. 



 Each track contains a history of pseudo-
probabilities representing the likelihoods that a 
given track is a particular type of target.  These 
pseudo-probabilities are called pignistic 
probabilities, and these pignistic probabilities are 
computed from the masses of a D-S vector for a 
given track.  Essentially, for each track, these 
pignistic probabilities give insight to the type of 
target that the track is on at any given time, and this 
recognization of when drastic changes in pignistic 
probabilities occur for a given track may be used to 
improve track continuity. 
 As discussed further in [10], changes in 
pignistic probabilities are used to determine when 
potential track switches occur.   Then, a track 
stitching process is defined whereby track state and 
covariance values are exchanged so that track 
continuity is maintained. 
 

4  Results 
 
4.1   Results of Confusers 
 
In this simulation, a 2 vehicle and a 5 vehicle 
convoy are examined.   These 7 targets may stop-
move-stop, travel on/off roads, maneuver 
frequently, and/or travel closely together.  The ID 
information is included by assigning each simulated 
target a set of MSTAR HRR profiles corresponding 
to a particular type of target.   Then, each measured 
HRR profile for a given observation of a target may 
later be read-in along with the GMTI data.  In 
particular, for our simulated example, targets 1 and 
6 are of type 6, targets 2-4, and 7 are of type 7, and 
target 3 is of type 5.  Since targets 1-5 make up the 
5 vehicle convoy, target 3 is essentially a unique 
target because target 1 eventually leaves the convoy.  
In order to take into account confusers, various 
targets are removed from the database.  For 
example, when we examine the case of 6 confusers 
(a single target in the database), the database will 
only consist of target type 5.    
 In the presentation of results, there are a 
few metrics that should be described.  The first is 
the number of tracks for the scenario.  There are 7 
targets, so there should be 7 tracks that are 
maintained for the entire scenario on these targets.  
Second, the target effectiveness is a measure of how 
well a track stays on target.  Next, the track purity is 
defined as the number of track observations from 
the best target over the total number of track 
observations.  The track purity indicates how many 
observations of a given track are from the correct 
target.  Finally, when the D-S mass values are 
converted into approximate pignistic probabilities, 
these pignistic probabilities may be plotted to 
determine the accuracy of the ID process.   
 It is important that the addition of the 
confuser state does not significantly diminish the 
performance for the case that all of the targets can 

be found in the database.  The results of feature-
aided tracking with and without the confuser state 
are comparable, and, in either case, results with  
feature-aided tracking have much higher average 
purity and average effectiveness values than the 
case without feature-aided tracking.   In particular, 
as shown in Table 1, for the scenario that all of the 
targets can be found in the database, the average 
purity and the average effectiveness values for 
feature-aided tracking are 73.1% and 71.7% without 
the confuser state and 71.2% and 70.2% with the 
confuser state whereas the corresponding values for 
the case without feature-aided tracking are 45.3% 
and 44.7%.    Hence, the confuser state has a mild 
effect on the performance of the feature-aided 
tracker for the case that all of the targets can be 
found in the database.  Similar results are shown in 
Tables 2-3 for the cases in which either a single 
target or three targets, which have their types in the 
database, are tracked amongst confusers. 
 The pignistic probabilities measure how 
well a track can perform target ID.  In Figure 2, the 
probabilities are shown for one of the targets that 
cannot be found in the database.   Since the mass 
assigned to the ‘not in the database’ state is 
diminished when updating the Dempster-Shafer 
vector for each track, the pignistic probability for 
the ‘not in the database’ state increases slower than 
it would if the track was on a database target.  In 
Figure 3, the pignistic probabilities of the unique 
target found in the database are plotted during the 
lifetime of the track.   

 
Table 1:   The average track purity and the average 
target effectiveness of all tracks for the case where 

there are all seven targets are in the database. 
 

Version 
of MHT 

Average Purity 
of Tracks on 
Targets in the 

Database 

Average 
Effectiveness of 
Targets in the 

Database 
Without 

FAT 
  
      45.3% 
 

      
     44.7% 

Without 
Confuser 

State 

      
       73.1% 

      
     71.7% 

With 
Confuser 

state 

       
       71.2% 

      
     70.2% 

  
4.2   Results of Track Stitching  
 
For track stitching, a 10 vehicle scenario was 
selected because it is a difficult scenario, and even 
with feature-aided tracking, significant track 
switching occurs.  This scenario consists of 4 
groups.   Two groups of two targets cross each 
other, and the tracking performance (both with and 
without feature-aided  tracking)  is  high.   However,     



Table 2:   The average track purity and the average 
target effectiveness of the track on the target in the 

database for the case in which there is a single target 
in the database. 

 
Version of 

MHT 
Average 
Purity of 
Tracks on 

Targets in the 
Database 

Average 
Effectiveness of 
Targets in the 

Database 

Without 
FAT 

 
30.1% 

 

 
29.8% 

Without 
Confuser 

State 

40.7%, 
43.6% (two 

tracks) 

 
44.3% 

With 
Confuser 

state 

 
78.6% 

 
73.3% 

 
Table 3:   The average track purity and the average 

target effectiveness of the tracks on the targets in the 
database for the case in which there are three targets 

in the database. 
 

Version of 
MHT 

Average Purity 
of Tracks on 
Targets in the 

Database 

Average 
Effectiveness 
of Targets in 
the Database 

Without FAT 70.0%, 51.9%, 
30.1% 

65.9%, 52.9%, 
29.8% 

 
Without 
Confuser 

State 

73.1%, 66.9%, 
59.3% 

83.7%, 77.9%, 
65.9% 

 
With 

Confuser state 
98.0%, 90.3%, 

87.5% 
95.2%, 91.6%, 

76.4% 

 
there are two groups of 3 targets that merge and 
then separate.   Each group begins and ends the run 
with both high purity and high effectiveness, but in 
the middle of the run (when the two groups are 
merged), many of these tracks switch IDs.    
 Table 4 shows the average track purity, the 
average target effectiveness, and the number of 
major track switches for various implementations of 
the feature-aided tracker on this 10 vehicle scenario.   
Without feature-aided tracking, the average track 
purity is 79.2%, the average target effectiveness is 
71.3%, and the number of unwanted switches is 
equal to 6.   With feature-aided tracking in which 
every GMTI measurement has an HRR profile, the 
average track purity increases to 86.6%, the average 
target effectiveness increases to 83.7%, and the 
number of unwanted track switches drops to 4.   
With every GMTI measurement coming in with an 
HRR profile and utilizing the track stitching 
algorithm, the average track purity increases to 
93.7%, the average target effectiveness rises to  

91.6%, and the number of unwanted switches is 
reduced to 1.  
 One advantage of track stitching is the 
potential for using fewer HRR profiles and thus 
more efficient allocation of radar resources.  In 
particular, track stitching may be applicable in 
scenarios in which not every GMTI measurement 
has an HRR profile.  In Table 5, the 10 vehicle 
scenario is rerun with and without track stitching in 
which every 2nd (or 3rd ) GMTI measurement arrives 
with an HRR profile.  For the cases in which every 
2nd GMTI measurement is accompanied with an 
HRR profile, the average track purity increases from 
91.5% to 93.9%, the target effectiveness increases 
from 83.9% to 86.7%, and the number of unwanted 
switched tracks drops from 2 to 0 with the use of 
track stitching.   However, less enhancement is seen 
when every 3rd measurement has an HRR profile. 

 
Table 4:  The number of unwanted switches, the 

average track purity, and the average target 
effectiveness for cases in which the 10 vehicle 
scenario does not have feature-aided tracking 

(without FAT), has feature-aided tracking in which 
every GMTI hit also arrives with an HRR profile, 

and has feature-aided tracking in which every GMTI 
hit also arrives with an HRR profile and utilizes the 

stitching algorithm. 
 

 

5  Conclusions 
                   
A joint tracking and ID system applying 
Classification-aided tracking and Dempster-Shafer 
methods has been defined to take into account the 
important problems of confusers and unwanted 
track   switches.   By  comparing a  newly  observed  
HRR profile with those in a database, as well as 
converting other behaviors and attributes into ID 
information, tracking and ID performance have been 
shown to improve.   However, targets that cannot be 
found in the database can degrade tracking and ID 
performance substantially.   After augmenting the 
Dempster-Shafer vector with a ‘not in the database’ 
state for both observations and tracks and assigning 
this ‘not in the database’ state a  mass computed 

10 
Vehicle 
Scenario 

# of 
Unwanted 
Switches 

Average 
Purity 

Average 
Effective- 

ness 
Without 

FAT 
 
6 
 

 
79.2% 

 
71.3% 

HRR 
(every 
GMTI) 

 
4 

 
86.6% 

 
83.7% 

HRR 
(every 
GMTI, 
stitch) 

 
1 

 
93.7% 

 
91.6% 



using the information from all of the targets that can 
be found in the database, two difficult tracking 
scenarios with and without confusers were 
examined.   The feature-aided tracking cases 
without confusers produce comparable results 
regardless of whether the ‘not in the database’ state 
was included.  In addition, for the cases with a 
single database target and three database targets, 
both the average track purity and the average track 
effectiveness values related to the database targets 
improve with the addition of the confuser state.  
Thus, by modifying the Dempster-Shafer vector to 
include a ‘not in the database’ state, both ID 
performance and tracking performance were 
enhanced in tracking scenarios in which confusers 
have been added.  Preliminary results have also 
shown the potential for improved target 
identification performance through the use of a track 
stitching method that uses ID information to 
recognize and correct for track switching.  Future 
work will examine more complex scenarios and 
include the use of real HRR data. 

 
Table 5:  The number of unwanted switches, the 

average track purity, and the average target 
effectiveness for cases in which the 10 vehicle 
scenario has feature-aided tracking, with and 

without the stitching logic,  in which every 2nd  (or 
3rd ) GMTI hit also arrives with an HRR profile. 

 
10 

Vehicle 
Scenario 

# of 
Unwanted 
Switches 

Average 
Purity 

Average 
Effective- 

ness 

HRR 
(every 2nd 

GMTI) 

 
2 

 
91.5% 

 
83.9% 

HRR 
(every 3rd 
GMTI) 

 
4 

 
86.0% 

 
76.6% 

HRR 
(every 2nd 

GMTI, 
stitch) 

 
0 

 
93.9% 

 
86.7% 

HRR 
(every 3rd 
GMTI, 
stitch) 

 
3 

 
88.5% 

 
79.7% 
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