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Abstract - The challenge of modern sensor systems is besides the 
tracking of targets more and more their classification. The 
knowledge of the target class has significant influence on the 
identification, threat evaluation and weapon assignment process 
of large systems. Especially, considering new types of threats in 
Anti Asymmetric Warfare the knowledge of a target class has an 
important drawback. Also the target class is used to optimize 
track and resource management of today's agile sensor systems.    
A technology is presented that fuses different classifiers to decide 
between persons, tracked vehicles, wheeled vehicles, helicopters, 
propeller aircrafts and clutter for a 2 dimensional, electronically 
scanned radar system. A first classifier analyses the Doppler 
sound of the target to decide its target class. Therefore, a 
cepstrum based feature extractor and a Hidden Markov Model 
(HMM) is applied. Similar to techniques that have been well 
proven in speech and image recognition, the time-varying nature 
of radar Doppler data is exploited. A second type of classifier 
extracts dynamic features of the target found by the underlying 
target tracking methodology. Through a fusion of these 
classifiers a highly reliable classification result is established. 

I. INTRODUCTION 
A pulse Doppler radar system (PDRS) is used to process 

backscattered radar echo signals from different ground, air, 
and maritime target classes, like persons, wheeled and tracked 
vehicles, helicopters and fixed wing aircrafts, buoys, small 
and large ships. Radio frequency pulses are radiated and 
reflected from those different target classes in the environment 
([1], [2], [10], [13], [15], [20]). The rotating wheels of a 
vehicle, the movement of arms and legs of a person, the hub 
and rotor blades of an helicopter or the chain links of a tank 
have effects on the Doppler shift (Fig.1). These characteristics 
can be used by an experienced operator to distinguish between 
these target classes simply by listening to their Doppler sound.  

The Doppler sound classifier uses the Hidden Markov 
Model to overcome the pattern recognition problem. Hidden 
Markov Models are especially known for their application in 
temporal pattern recognition such as speech, sounds, 
handwriting, image, gesture recognition and bioinformatics, 
compare [5], [6], [8], [9] and [16]. 

Further the dynamic behaviour and facilities of a target like 
speed, acceleration, or endurance can be used to distinguish 
between several target classes or at least to exclude some 
target classes. The dynamic aspects were established in the 
multi target tracker of a radar system. The multi target tracker 
does not only contribute by the estimation of dynamic state of 

a target. It also contains the data association aspects, which 
establish the relation between single uncorrelated target 
measurements (plots, beams) and targets (tracks). Therefore, 
the benefit of combining Doppler sound and tracking results is 
twice: One derives new dynamic states which are relevant for 
classification purposes and the other one obtains a whole 
history of beams, which can be analysed by pattern 
recognition methods instead of only one single beam. 

 
Figure 1 – Simple example of characteristical features by considering the 
power spectral density function of walking man, tracked vehicle, wheeled 
vehicle, helicopter and propeller aircraft 

The analysis of the dynamical behaviour is done by a 
Bayesian network, which takes into account the facilities of 
the different target classes. 

 
Figure 2 – Simplified diagram of a radar signal processing and target 
classification process 
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The final classification result is established by fusing the 
Doppler sound classifier and the classifier based on the 
dynamic behaviour of the target (Fig. 2). 

For the fusion of the two classifiers, several approaches 
were taken into account: Bayesian inference and Dempster-
Shafer theory ([4], [7], [17] [18], [19]). 

II. DOPPLER SOUND CLASSIFICATION 
The Doppler sound classifier is based on an HMM method 

([11], [12]). A defined HMM consists of mainly five parts 
(Fig. 3): 
• Set of N states }S,...,S{S N1=   
• Set of M observation symbols per state }v,...,v{V M1=   
• State transition probability distribution )a(A ij= , where 

ija  is the probability that the state at time t+1 is Sj, given 
the state at time t is Si. The structure of this stochastic 
matrix defines the connection structure of the model. If a 
coefficient ija  is zero, it will remain zero even through 
the training process, so there will never be a transition 
from state Si to Sj. In radar target classification, mainly 
fully connected (ergodic) models should be used due to 
the time-varying nature of the Doppler signals.  

• Observation symbol probability distribution in each state 
)}k(b{B j= , where )k(b j

 is the probability that symbol 
vk is emitted in state Sj 

• Initial state distribution }{ jππ = , where 
jπ  is the 

probability that the model is in state Si at time t=0. 

 
Figure 3 – Example of an HMM 

A set of the main parameters ),B,A( πλ =  is referred to as 
a model. 

The main issues in this application of HMMs are the 
creation of an HMM by first extracting Doppler features from 
backscattered radar echo signals. A training algorithm and the 
classification of a sequence using the evaluation algorithm is 
then applied. These three issues will briefly be explained in 
the following steps. 

A. Feature Extraction 
The following methods are necessary to extract the features 

from the Doppler sound signals (the detailed procedure was 
described in [11]): 
- Apply a frequency transformation function (e.g. FFT) to 

the signal s resulting in the spectrum 
( ){ }, 1,...,s n n T=F , where T  is the number of 

samples.  

- Calculate the power spectrum 
 ( ){ } ( ){ } ( ){ }f fs n s n s n

∗
= ⋅P F F   

- Apply a k  channel "mel scale" filter bank to ( ){ }f s nP  
by multiplying with the transfer function the filters to get 
the filter bank results ( )Y i . i=1...k.  

- Calculate the "cepstrum" of ( )Y i   
The features are derived from the resulting cepstrum 

coefficients. 

B. Training 
The training procedure is based on a standard HMM 

training algorithm, namely the Baum-Welch (or Forward-
Backward) algorithm using a training set of labeled radar 
return signals. This algorithm uses a variation of the iterative 
Expectation-Maximization algorithm (EM-algorithm). The 
result of the algorithm is an optimized model λ . For each of 
the c classes in the classification problem, a separate model iλ  
will be trained.  

C. Classification 
The classification of the sequences is done using the 

Forward-algorithm and the maximum likelihood rule. The 
Forward-algorithm calculates the probability of a feature 
vector sequence TO...OOO 21=  given a certain model 

iλ , i.e. 
the probability )|O(P iλ . Due to numerical issues, only the 
log-likelihood )|O(Plog)|O(L:L iii λλ ==  is calculated 
for each of the c models. The classification decision is done 
using the Bayesian rule  )|Q(L)Q|(L ii

* maxargmaxarg
ii

λλλ
λλ

==  

assuming that each class has the same a priori probability. 
Because the logarithm is a monotonic transformation, the 
result remains the same as without logarithm. The result of the 
stand-alone Doppler sound classifier is the class of the 
detected object. If the hybrid classifier is used, the logliks 
have to be converted into probabilities so that the output of the 
Doppler sound classifier is a likelihood vector. 

III. TRACK BASED CLASSIFICATION 
For the analysis of the dynamical behaviour, the measured 

target velocities and radar cross sections (RCS) are taken into 
account. Derived from the velocity, the acceleration and the 
endurance of both, velocity and acceleration, are considered. 
The evaluation of the applied method will be focused on  
confusion matrices, classification rate, false classification rate 
and rejection rate. 

In this approach, we consider two different modules. The 
first is based on a classical knowledge-based approach while 
the second applies methods of fuzzy logic ([3], [14]). The 
input values (velocity, acceleration, radar cross section, 
endurance of velocity, endurance of acceleration) are either 
evaluated by the first or the second module, yielding a result 
vector. The combination of this result vector with another 
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vector, given by the output of the Doppler sound classifier, is 
done either via a Bayesian or Dempster-Shafer approach. 

At first, a set I containing all given physical parameters is 
created: 

⎭
⎬
⎫

⎩
⎨
⎧

=
onacceleratiofendurance,velocityofendurance

,RCS,onaccelerati,velocity
I   

Further, we presume all entries i of I stochastically 
independent. The cardinal numeral of I is given as M. 

A second set J containing the applied target classes is 
created as input data: 

⎭
⎬
⎫

⎩
⎨
⎧

=
matchnoaircraftpropellerhelicopter
vehicletrackedvehiclewheeledperson

J
,,

,,,
 

The cardinal numeral for this vector is N. What we need to 
find are likelihoods for a single target class j under the 
condition that a physical value i was measured, denoted as 
P(j|i). This term can be obtained by calculating the conditional 
probability by Bayes’ rule: 

)(
)()|(

)|(
iP

jPjiP
ijP

⋅
=  (1)     

The term P(i) can be found when applying the law of total 
probability: 

∑
=

⋅=
N

k
kPkiPiP

1
)()|()(  (2) 

The classifier is determined by the matrix P where the 
terms P(i|j) are elements Pi,j of P. Therefore, in a first step a 
matrix P~  has to be calculated. Each of its elements is a 
membership value of one of the target classes. The calculation 
of the entries of P~  may be done by a knowledge based 
method or more generally by a fuzzy method. 

A. Classical knowledge based approach 
For calculation with the classical knowledge-based 

approach, we need known limits for the considered physical 
values applying to the considered target classes. For example, 
the knowledge database needs to hold maximum velocities for 
persons as well as for tracked vehicles and all others. With the 
limit interval L from the knowledge database and the 
measured value v, we can calculate the elements of matrix P~ : 

j,i
else

Lvif
P~ Q

j,i ∀
∈

⎩
⎨
⎧

=
0

1

  (3)    

Q represents the number of classes for which the measured 
value v is within the limits of the interval L. Therefore, the 
summing up of all 1/Q terms always has to yield 1. 

B. Fuzzy logic approach 
The calculation by using the fuzzy logic module works 

slightly otherwise. We need supporting points hn to set up the 
fuzzy membership functions. Those membership functions of 
course do have to reflect the physical limits we used in the 
knowledge based approach. 

For each class, membership functions are set up and 
membership values m depending on the supporting points are 
calculated as follows: 

else
hwhif

hwif
hwjim hh 21

1

1
1

0
1)(

1
),(

12
≤≤

≤

⎪
⎩

⎪
⎨

⎧
+−= −

−  (4) 

where w is the measured value for the considered physical 
attribute. With those membership values, the elements of the 
matrix P~ are: 

∑
=

=
N

k

ji

kim

jim
P

1

,

),(

),(~  (5) 

An example membership function is illustrated in figure 4, 
where in the upper picture the membership function for the 
knowledge-based module is shown, while in the lower picture 
the membership function for the fuzzy logic module can be 
seen. 

The next step in order to receive the result vector is the 
introduction of a so called weighting matrix W. The weighting 
matrix contains elements ωi,j ,with i=1…M and j=1…N. The 
weighting matrix represents the influence of the single 
physical values i on the classification result for a given target 
class j.  

The elements of W depend on several conditions, such like  
• available measurement data of radar 
• quality of knowledge database 
• terrain character, environmental or weather conditions 

   
Figure 4 – Example of a membership function of target class 'tracked vehicle' 
for knowledge-based and fuzzy logic module 

The matrix P can now be calculated by element wise 
multiplication of the matrices P~ and W.  

 
    
 (6) 
 
 
The final step to obtain the result vector p is now to merge 

the single likelihoods Pi,j (representing a probability for a 
target class based on a single physical value) into a target 
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class probability pj. This quantity then describes the 
probability for a target class taking all considered physical 
values into account. 

 
 
 (7) 
 
Still, finding the function f to obtain the result vector 

presents a problem. Possible approaches for this are based on 
the Bayesian theory or on the Dempster-Shafer theory. In this 
paper, only the Bayesian approach is considered for 
determining the function f of the track based classifier. 

The goal is to find the vector p with elements pj=P(j|I), 
where I refers to a probability vector containing all measured 
physical attributes. To apply the Bayesian theory, we need to 
calculate P(j) and P(I|j). Looking at P(j), means the 
occurrence of the different target classes, we assume them as 
uniformly distributed. This leads to P(j)=1/N, where N is the 
number of all considered target classes.  

As assumed earlier, all elements of I are considered 
stochastically independent. Therefore P(I|j) can be expressed 
as: 

)|()|()|(
)|,,,()|(

21

21

jiPjiPjiP
jiiiPjIP

M

M

⋅⋅⋅=
=

…
…

  (8) 

  A further condition, which needs to be satisfied in order to 
apply the Bayesian approach, is the segmentation of the event 
space into disjoint events. In this case, the target class ‘no 
match’ must not contain other elements than those which 
cannot be assigned to other target classes. 

Finally, with the application of Bayes’ theory the fusion 
function f is defined. So the entries P(j|I) of the combined 
vector can be calculated as follows:  

 
 (9) 
 

IV. FUSION OF THE DOPPLER SOUND CLASSIFIER WITH THE 
TRACK BASED CLASSIFIER 

We define ptb as a result vector coming from the track 
based classifier and pds coming from the Doppler sound 
classifier. These vectors can now be combined in order to 
enhance the overall performance of the system, as shown in 
figure 5. 

 
Figure 5 – Simplified diagram of result vector fusion 

Two fusion methods will be compared in this paper. The 
first method uses the Bayesian rules and the second one the 
Dempster-Shafer rules. 

The Bayesian method works similar to the approach shown 
in chapter III. 

The Dempster-Shafer theory of evidence is a generalization 
of the Bayes’ theorem. It is based on the universal set )J(P  
of the set of all target classes J. 

{

}}matchno,aircraftpropeller
,helicopter,vehicletracked,vehiclewheeled,person{

,...aircraftpropeller,helicopter{},vehicletracked,person{
},...,helicopter{},vehicletracked{},person{,O)J( /=P

Compared to the Bayesian approach the target class ‘no 
match’ is not strictly separated from the other classes when 
using Dempster-Shafer. Evidences are used instead of 
probabilities. So there is an opportunity to deal with uncertain 
information and illustrate ignorance explicitly. 

The task is to combine the results coming from Doppler 
sound classification and from track based classification. The 
elements of the vectors are considered to be evidences E.  

The evidences are combined using Dempster’s rule of 
combination: 

∑
=∩

++ ⋅⋅
−

=⊕
jZY

ll
l

ll )Z(E)Y(E
k

)j(E)j(E 11 1
1  (10) 

∑
/=∩

+⋅=
OZY

lll )Z(E)Y(Ek 1  (11) 

 with JZ,Y ∈  
The factor k expresses the conflict between the propositions, 

k=1 stands for totally contradictory propositions. The result of 
this combination is the combined vector p, whose elements are 
also evidences. Using these evidences, degrees of belief and 
plausibility can be calculated: 

∑
⊆

=
AB:B

)B(E)A(bel  (12) 

∑
/≠∩

=
OAB:B

)B(E)A(pl  (13) 

In doing so, the degree of belief shows how well the 
evidences support the proposition. On the other side, from the 
degree of plausibility you get how well the negation of one 
proposition is supported. With bel(A) being a lower bound for 
the probability of proposition A and pl(A) being an upper 
bound, one gets a limited interval for the probability of A. 

As several HMMs are available for classification purposes 
as well as different methods to apply the track based classifier, 
a comparison of possible combinations is necessary. In 
figure 6 such possible combinations are shown. In the track 
based classification, the evaluation of the target dynamics can 
either be performed in a classical knowledge-based way or by 
applying fuzzy logic, while the combination of the single 
membership values can be either done applying Bayesian or 
Dempster-Shafer rules. Those methods can be combined 
resulting in four different ways to use the track based 
classifier. 
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Figure 6 – Possible combinations of classifiers 

 

V. EXPERIMENTS 
Several experiments are performed in order to show the 

classification performance of the hybrid system compared to 
the stand alone Doppler sound classifier. The data for training 
and testing the classifiers was obtained from radar 
measurements of moving targets using a stationary X-band 
low PRF pulse Doppler radar with horizontal polarization. 
The grazing angle was 0°. The area of interest was a 30° 
sector in front of the radar with a radius of 10km. The 
considered low flying air targets moved at a maximum 
altitude of 100 meters above ground level. Each data set was 
generated using a time on target of 10 seconds. In this paper, 
the results of some of these experiments are presented.  

Taking a stand-alone Doppler sound classifier with good 
classification results, based on the given data, an investigation 
aiming at the influence of training the HMM with an 
increasing number of false data sets was performed. For this 
investigation, the six following target classes were considered: 
person, wheeled vehicle, tracked vehicle, helicopter, propeller 
aircraft and clutter (no match). The used Semi-Continuous 
Hidden Markov Model (SCHMM) ([11], [12]) was trained 
with 100 data sets of each class and the testing also was 
performed with 100 data sets for each class (table I). The ratio 
of false data sets applied in the training process of the Hidden 
Markov Model was gradually increased from 0% to 30%. 

TABLE I 

TRAINING AND TEST DATA FOR HMM  

class training test total 
person 100 100 200 
wheeled vehicle 100 100 200 
tracked vehicle 100 100 200 
helicopter 100 100 200 
propeller aircraft 100 100 200 
clutter / no match 100 100 200 
total 600 600 1200 

 
The track based classifier was used one time with a 

knowledge-based evaluation of the input data and the 
Bayesian approach to combine the single membership values, 
and another time applying fuzzy logic again in combination 
with the Bayesian theory. In this paper only the fuzzy based 
results are shown. 

It has to be noted that the results published in this paper are 
based on simulated data only, due to company restrictions 
concerning publishing results based on real radar data. 
Experiments with those data sets are performed in-house. 

VI. RESULTS 
The classification results for the stand-alone Doppler sound 

classifier as well as in combination with the track based 
classifier are shown in tables II-VII for a 10% and 30% ratio 
of false data sets used in training of the HMM. The confusion 
matrices in these tables were calculated using three classifiers. 
The first one is a stand-alone Doppler sound classifier. The 
second and the third one are hybrid classifiers where the track 
based classifier uses the fuzzy logic module. While one hybrid 
classifier uses Bayesian rules for the fusion, the other hybrid 
classifier is based on Dempster-Shafer rules. In figure 7 the 
behaviour of the false classification rate is shown, depending 
on the ratio of false training data. 

 
TABLE II 

CONFUSION MATRIX FOR HMM CLASSIFIER 
 WITH 10% FALSE TRAINING RATIO  (IN %) 

person 93 0 0 0 0 7
wheeled 
vehicle 0 90 10 0 0 0
tracked 
vehicle 0 10 90 0 0 0

helicopter    0 0 0 89 11 0
propeller 
aircraft 0 0 0 5 95 0

no match 0 0 0 0 0 100
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TABLE III 

CONFUSION MATRIX FOR COMBINED CLASSIFIERS USING BAYES’ RULES 
WITH 10% FALSE TRAINING RATIO WITH REJECTION RATE (IN %)  

person 87 0 0 0 0 10 3
wheeled 
vehicle 0 84 1 0 0 0 15
tracked 
vehicle 0 10 88 0 0 0 2

helicopter   0 0 0 71 11 0 18
propeller 
aircraft 0 0 0 0 95 0 5

no match 0 0 0 0 0 100 0
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TABLE IV 

CONFUSION MATRIX FOR COMBINED CLASSIFIERS USING EVIDENCE THEORY 
WITH 10% FALSE TRAINING RATIO WITH REJECTION RATE (IN %)  

person 90 0 0 0 0 7 3
wheeled 
vehicle 0 83 1 0 0 0 16
tracked 
vehicle 0 10 88 0 0 0 2

helicopter   0 0 0 89 11 0 0
propeller 
aircraft 0 0 0 0 64 0 36

no match 0 0 0 0 0 100 0
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TABLE V 

CONFUSION MATRIX FOR HMM CLASSIFIER  
WITH 30% FALSE TRAINING RATIO  (IN %) 

person 81 0 0 0 0 19
wheeled 
vehicle 0 72 28 0 0 0
tracked 
vehicle 0 28 72 0 0 0

helicopter    0 0 0 81 19 0
propeller 
aircraft 0 0 0 30 70 0

no match 39 0 0 0 0 61
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TABLE VI 

CONFUSION MATRIX FOR COMBINED CLASSIFIERS USING BAYES’ RULES 
WITH 30% FALSE TRAINING RATIO WITH REJECTION RATE (IN %)  

person 72 0 0 0 0 25 3
wheeled 
vehicle 0 67 4 0 0 0 29
tracked 
vehicle 0 30 68 0 0 0 2

helicopter   0 0 0 64 19 0 17
propeller 
aircraft 0 0 0 0 70 0 30

no match 23 0 0 0 0 61 16
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TABLE VII 

CONFUSION MATRIX FOR COMBINED CLASSIFIERS USING EVIDENCE THEORY 
WITH 30% FALSE TRAINING RATIO WITH REJECTION RATE (IN %)  

person 78 0 0 0 0 19 3
wheeled 
vehicle 0 66 4 0 0 0 30
tracked 
vehicle 0 28 70 0 0 0 2

helicopter   0 0 0 81 19 0 0
propeller 
aircraft 0 0 0 0 50 0 50

no match 23 0 0 0 0 61 16
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Figure 7 – Improvement of the classification performances by using the 
hybrid system. Each hybrid classifier is obtained from the fusion of the 
Doppler sound classifier and one track based classifier. The described results 
were calculated with a scenario based on a X-band pulsed Doppler radar in a 
ground moving and air target environment. The curve compares the three 
classifiers by showing the evolution of the false classification rate as function 
of the false label rate. 

VII. CONCLUSION 
In this paper, a hybrid classifier consisting of a Semi-

Continuous Hidden Markov Model (SCHMM) classifier 
combined with a track based classifier has been introduced for 
radar target classification in an environment with ground and 
air targets. 

It has been shown that the performance of a stand-alone 
Doppler sound classifier can well be improved when using the 
track based information about the dynamic behaviour of 
targets, e.g. velocity, acceleration or radar cross section. This 
was exemplarily done for a SCHMM classifier which was 
trained with data sets by varying the false label rate from 0% 
to 30%. It could easily be observed that the false classification 
rates for the combined classifiers were situated well below the 
one of the stand-alone Doppler sound classifier. The study 
considers simulated as well as real radar data, where only the 
results based on simulated data were published in this paper. 
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For verification of the results, further experiments are 
currently performed with simulated as well as real pulse 
Doppler radar data. In addition to the target classes introduced 
in this paper, other target classes like buoy, small boat, wind 
turbine, dinghy, catamaran, sail boat, undersea diver, oar and 
floating mine are also considered. The investigations are made 
under different environmental conditions. 
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