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Abstract 

This paper addresses the application of Linear Prediction with the Backpropagation Neural Network (BPNN) and C4.5 for 
distinguishing jet and propeller driven aircraft using Doppler spectra derived .from a Continuous-wave (Of) Coherent (X band) 
Radar. To verify the BPNN's and C4.5's classification of the data random noise was added to the Doppler data and results .from 
both techniques compared 

1 Introduction 

The aim of this paper is to examine the application of Linear 
Prediction (LP) . together with two machine learning 
techniques, the backpropagation neural network (BPNN) and 
C4.5 in distinguishing jet and propeller driven aircraft using 
Doppler spectra derived from a Continuous-wave (CW) radar. 
To determine how sensitive both systems are to the Signal to 
Noise Ratio (SNR), varying amounts of random noise was 
added to the radar data. Due to the complex nature of the 
Doppler data, LP is used to preprocess it before being input 
into either the backpropagation neural network or C4.5, 
which have been trained with the same data to identify targets 
as being either propeller or jet aircrafts. C4.5 is a machine 
ieaming method [1,2) that represents the acquired knowledge 
as decision trees. A Decision tree is a directed graph 
consisting of nodes and directed arcs. The nodes frequently 
correspond to a question or a test. 

Doppler modulation [3) is not only caused by flight motion 
(i.e. difference in Doppler frequency of each point scatterer 
around the aircraft), but also by rotating machinery which is 
dependent on engine speed, the motion of the propeller and 
compressor, or tuibine blades. So when we use a coherent 
radar, we obtain a continuous Doppler spectrum due to the 
rate of change of the vector sum of the echoes from scattering 
points together with a distinct Doppler line which is 
associated with the average echo due to the radial velocity of 
ihe target. 

From the Continuous-wave radar we obtain a high resolution 
Doppler signature measurement. Signal processing 
techniques [1] such as Fourier analysis and LP can be used to 
characterise the Doppler modulation of radar echoes from 
air-borne target returns. The processed signal characteristics 
will provide an insight into distinguishing features between 
airborne targets with jet engines and propellers. Refer to the 
FFT spectrums (real part) of a commercial jet (at an aspect 
angle of 20 degrees) and propeller driven aircraft (aspect 
angle 7.7 degrees) shown in Figures 1 and 3. Their 
corresponding linear prediction spectral estimates are shown 
in Figures 2 and 4 respectively. 

Jet aircraft modulation [3) is produced by the compressor or 
tuibine blades of the engine. Since compressor and turbines 
contain relatively large numbers of blades rotating at high 
angular velocities, the modulation frequencies will be much 
higher than those of propeller driven aircraft. 

At small aspect angles (0-10 degrees) the propeller spectrum 
is confined mostly to the region around the airframe line 
(Refer to Figure 3), and at larger angles it is much wider 
spread into the region lower in frequency than the airframe 
line. The modulation sidebands produced by the jet engine 
compressor stage or turbine blades are spaced at different 
frequencies about the aiiftame line (usually more spread out 
than a propeller driven aircraft). Refer to Figure 1. 

The body Doppler (or airframe line) is obtained using the 
following Doppler equation: 

fdop = (2*vel* fc)! c 

where, 
vel = Radial velocity 
fc = Operating .frequency ofCW Radar (9.83 GHz) 
c = Speed of light. 

For example, the commercial jet whose spectrum is shown in 
Figure 1 was travelling at a radial velocity of 140 m/sec, using 
the above equation the body Doppler frequency is calculated 
as being 9.174 KHz. It is apparent (from Figure 1) that the 
harmonics are more spread out due to the jet engine 
compressor stages producing different harmonics, spaced at 
different frequencies with respect to the body Doppler. 
Similarly the propeller driven target whose spectrum is shown 
in Figure 3 was travelling at a radial velocity of 50 m/sec, 
giving a body Doppler of3.27 KHz. 
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Figure 1: The FFf spectnun (real part) of a commercial jet 
aircraft at an aspect angle of 20 degrees. 
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Figure 2: The linear prediction spectral estimate of a 
commercial jet shown in Figure 1. 

The basic idea of Linear Prediction (LP) [5,6] analysis is that 
a signal sample can be approximated as a linear combination 
of past signals by minimising the sum of the squared 
differences (over a finite interval of time) between the actual 
signal and the linearly predicted data Once predictor 
constants are computed then an all pole model can be 
developed to fit the data 

Doppler spectra of returns from the Continuous-wave radar 
can be modelled using LP. In this particular application, the 
LP is basically acting as a smoother rather than a high order 
spectral estimator, since the model order is small. 
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Figure 3: The FFr spectrum (real part) of a propeller driven 
aircraft at an aspect angle of 7. 7 degrees. 
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Figure 4: The linear prediction spectral estimate of a 
propeller driven aircraft shown in Figure 3. 

The idea of using FFr together with LP comes from a paper 
[7] by D. Nandagopal, presented in Radarcon 90 in which he 
describes an experimental study of the characterisation of 
Doppler returns from flat rotating blades carried out in 
Microwave Radar Division of DSTO. One dominant feature 
of radar echoes from rotating blades was the presence of a 
"plateau" in the frequency spectrum. The plateau of the radar 
returns is due to the variable Doppler contributions of the 
blades. Signal processing characteristics such as Fourier 
Transforms and Linear Prediction were used to characterise 
the Doppler modulation of radar echoes from rotating blades. 
The smoothed LP plots clearly defined the edges, lengths and 
heights of the plateau regions in Nandagopals [7] application 
(from which the identity of the rotating blade could be 
determined). Whereas in this application the smoothed plots 
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were used as inputs into the backpropagation neural network 
and C4.5 over a defined frequency period. 

2 Experimental Procedure 

Three trials to collect data from the CW radar were organised 
on the same day and times of the week. Doppler data for six 
jet and eight propeller driven aircraft were collected. Two 
types of airborne targets (propeller driven and commercial 
jets) were tracked using the CW radar that is located at 
Defence Science and Technology Organisation (DSTO). The 
range was not greater than 40run, and the aspect angles were 
not greater than 50 degrees with respect to the front of the 
aircraft. 

The radar. used to collect the Doppler records is an X Band 
(9.83 GHz) CW system developed at the Microwave Radar 
Division of the DSTO using two six foot diameter antennas. 
The elevation on the azimuth mount is slaved with a servo 
loop to the FPS-16 Tracking Radar which directs the 
antennas at the target being tracked. Radar data records were 
taken from each experiment which consists of a combination 
ofFPS-16 range, azimuth, aspect angle, aspect rate, and time 
the target was tracked. Each second the radar collected 640k 
bytes of complex data (In Phase and Quadrature). The radar 
frequency was set to 9.83 GHz. An AID sample rate of 50 
kHz permits an adequate Doppler Spectrum for signal 
processing without aliasing. 

3 Using BPNN And C4.5 

The BPNN and C4.5 methods are used to identify targets 
from the processed Doppler modulation as being either jet or 
propeller driven aircraft. Figure 5 shows the Doppler data 
obtained from the CW radar is preprocessed before the eleven 
data values at selected frequencies are input into both the 
BPNN and C4.5. Both methods have been trained with the 
same test data using supervised learning. The BPNN consists 
of eleven neurons in the input layer, eight neurons in the 
hidden layer and one neuron in the output layer. The real part 
of the complex data from the CW radar (Doppler modulation) 
\Yas selected and processed for the target being tracked (for 
nose aspects less than 50 degrees). The FFT of the LP 
coefficients were calculated and plotted. Because most of the 
important modulation information on all recorded targets was 
present between 2000 and 12000 Hz, and radar noise was 
present for frequencies less than 400 Hz for some targets, 
eleven data values were selected (relative to the noise floor) 
between the frequency values of 2000-12000 Hz in 1000 Hz 
intervals as inputs to the BPNN and C4.5 techniques. 

The trial data consisted of fourteen targets in total, six jet and 
eight propeller aircraft. The training sets were made up of the 
processed Doppler data (using LP) from thirteen of the targets 
and the test sets from the one remaining aircraft (not included 
in the training set). This process was repeated fourteen times 
to obtain fourteen different combinations of test and training 
data Both C4.5 and the BPNN were tested and trained on the 
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same test and training data sets. Using supervised learning. 
both methods were trained to produce an output of "1" for jet 
aircraft and "0" for propeller driven aircraft. 

To verify that both methods were classi1}'ing the data correctly 
the following test was performed on the processed trial data 
obtained from the CW radar. Random noise (0.5, 1.0, 2.0) 
was added (using matlab software) to the CW radar (real) 
data stored in an array. (Note the maximum real magnitude 
value is 12). 
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Figure 5: BPNN, C4.5 based identification system. 

4 Results 

Figures 6(a) and 6(b) display the output results from the 
BPNN and C4.5 (shown on Y axis) respectively when varying 
amounts of noise (i.e. no noise,0.5,1.0,2.0) is added to the 
CW radar data for the fourteen targets (shown on X axis). 

The BPNN was initially trained on the fourteen target 
training sets with no noise. It took 20000 iterations to 
correctly train on each of the fourteen training sets. Thirteen 
of the fourteen target test sets were correctly classified (92% 
accuracy). Target number five (refer to Fig. 6(a)) was 
incorrectly classified as a propeller driven aircraft. Examining 
target five's radar attributes, an aspect angle (of 49 degrees) 
lying at the extremes of what is considered a good nose aspect 
angle for approaching targets was noted. Hence a possxble 
explanation for the incorrect output classification by the 
BPNN. Increasing input noise of the data (to a maximum of 
16% of the input signal i.e. noise=2.0) produced some 
variations but didn't make significant changes to the output of 
the BPNN (compared to the one with no input noise). 
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Figure 6(a): Output results from the BPNN (y axis) when 
varying amounts of noise (none, 0.5,1.0,2.0) is added to the 
radar data of each of the fourteen aircrafts (x axis), and (b) the 
output from C4.5 when the same test and training data is 
present (with and without noise). 

In the case with no noise C4.5 correctly classified twelve of 
the fourteen targets (86% accuracy).Titis compares with a 
92% accuracy using the BPNN. However C4.5 incorrectly 
classified the propeller driven aircraft, numbers two and three 
with "good" radar aspect angles, which makes these two 
output results even worse. Unlike the BPNN, C4.5 incorrectly 
classified two of the targets in each of the fourteen training 
sets, indicating that it was only able to correctly classify 86% 
of the training data Adding noise to the CW radar stored in 
an array (up to 16% of the input signal) and inputting the 
preprocessed data into C4.5 produced inconsistent output 
results. Accuracy rates of 86o/o, SOo/o, 57% and 78% were 
noted as input noise was increased from no noise,O.S,l.O,and 
2.0 respectively. 

Figures 7(a)-7(d) compare the errors between the outputs of 
C4. 5 and the neural network techniques as the input noise is 
increased progressively from 0, to 2.0. Referring to figures 
7(a), (b), (c) and (d), as the noise increases from 0, 0.5, 1.0 
and 2.0 the number of targets with errors greater than 50% 
between the two techniques are 3, 7, 7, and 9 respectively. 
Hence the error between the outputs of the targets using C4. 5 
and the neural network techniques has increased from an 
initia121% with no input noise, 35% with an input noise of 
0.5 and 1.0, to 69% with the maximum input noise of2.0. 
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Figure 7(a): The error between C4.5 and the neural network 
outputs for each of the 14 targets when noise=O. 
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Figure 7(b): The error between C4.5 and the neural network 
outputs for each of the 14 targets when noise=0.5. 
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Figure 7(c): The error between C4.5 and the neural network 
outputs for each of the 14 targets when noise=l.O. 
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Figure 7(d): The error between C4.5 and the neural network 
outputs for each of the 14 targets when noise=2.0. 

5 Conclusion 

This paper has investigated two machine learning based 
identification systems, in the presence of varying amounts of 
noise, for automatic allocation of identity of airborne targets 
using Doppler data. 

Although the BPNN required more training presentations and 
so training for it required several orders of magnitude more 
time to train than C4.5, its accuracy (92% for BPNN 
compared to 86% for C4.5 when no noise is present) is 
superior, especially when dealing with noisy data. 

As discussed in section 4 results from Figures 6 and 7 
indicate that the BPNN is a more robust classifier when it 
comes to classifying noisy signals when compared to C4.5. 

One advantage C4.5 has over BPNN is that decision trees are 
more easily comprehended and hence accepted more readily 
by some researchers [1 ], while networks of weights are hard 
to interpret and thus considered by some as a ''black box". 
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Another drawback of using the BPNN is that the path taken 
by steepest descent to reach a solution can zigzag so much 
that the path does not move significantly towards the solution, 
particularly in the presence of valleys in the error surface [1]. 
Hence, depending on the training data, training time can be 
significantly greater than that of C4.5. 

In conclusion the results for the BPNN using the limited 
target numbers are very promising, especially when dealing 
with noisy radar data which is quite a common problem in the 
real world. However, further investigations are necessary 
using large number of targets before drawing definitive 
conclusions. 
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