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Abstract—Mel-frequency cepstrum coefficients (MFCC) have
been used in many recent works as features for micro-Doppler
classification. Originally proposed as features for speech
recognition, the filter bank applied as part of the computation of
the MFCC is designed with spacing according to the melfrequency scale – a scale based upon the auditory properties of
the human ear. However, the frequency composition of microDoppler signatures is completely unrelated to the mel-frequency
scale. In this work, an alternative set of features computed using
a filter bank based on a hyperbolically-warped frequency scale is
proposed. A 21.25% increase in the correct classification rate of
running, walking, creeping, and crawling is obtained when the
proposed hyperbolically-warped cepstral coefficients (HWCC)
are used as opposed to MFCC.
Keywords—micro-Doppler classification; cepstral features;
mel-frequency cepstral coefficients (MFCC)

I. INTRODUCTION
In many automatic target recognition (ATR) and activity
discrimination applications, micro-Doppler signature analysis
is utilized for classification. Micro-Doppler refers to frequency
modulations about the central Doppler shift that are due to
vibration or rotation of parts of the target [1]. Thus, the rotation
of vehicle wheels, treads of a tank, spinning of helicopter
blades, and periodic motion of the arms and legs during
walking or other human and animal activities all result in
unique micro-Doppler signatures. By identifying patterns in
these signatures, different targets or motions can be
recognized.
The classification procedure typically involves first
extracting features from the time-frequency representation of
the micro-Doppler signature, such as a spectrogram. These
features are then supplied to the classifier to define and
discriminate between classes. Some of the first features to be
used for micro-Doppler classification were physical features –
features related to the average velocity, stride rate, or doppler
bandwidth that could be directly extracted based upon the
shape of the spectrogram [1]. However, more recently, features
inspired from results in speech processing have been exploited
for micro-Doppler processing, such as linear predictive coding
[2] or more popularly, cepstrum coefficients [3].
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Mel-frequency cepstrum coefficients are computed by first
filtering the signal using a filter bank defined according to the
mel-scale, after which the discrete cosine transform is taken to
yield the cepstrum coefficients [4-7]. The mel-scale is a
frequency scale based upon the perception of equal distance
between pitches, thereby quantifying the effect of the audio
canal on frequency and mimicing the logarithmic perception of
the human auditory system. It is most often defined as
(

)

(1)

where
is the true frequency and
is the warped
frequency. The mel-frequency bank employed in the
computation of the MFCC thus possesses narrower filters at
low frequency and increasingly broader filters at high
frequency. In speech processing, lower order MFCC’s are
typically associated with the vocal tract, while higher order
coefficients represent the frequency spectrum of the source
signal.
However, the micro-Doppler signatures analyzed for
automatic target and activity recognition are based upon
kinematics and are completely unrelated to the mel-frequency
scale. In animal / human micro-Doppler, the lower frequencies
typically relate to the average radial velocity of the torso;
whereas for target recognition, the main differences is
signature typically lie in the higher frequencies that reflect the
different in arm / leg motion. The mel-scale is actually
exactly reverse of what we would need for ATR: the melscale broadens at higher frequencies, resulting in fewer
features reflecting high-frequency behaviour being extracted.
Moreover, the frequency limits of speech signals tend to be
much higher than that seen in radar micro-Doppler signatures.
For example, speech signals are generally sampled between 8
kHz and 16 kHz, while the pulse repetition frequency (PRF)
of radar tends to be much lower. In this work, for example, a
PRF of 2.4 kHz is utilized. Thus, use of the mel-scale results
in a frequency warping that is entirely incompatible and offset
relative to the target micro-Doppler frequencies. In fact, the
mel-frequency scale also does not take into account negative
frequencies, which is often encountered in micro-Doppler
processing.
Thus, in this work an alternative to the mel-scale filter
bank is proposed: hyperbolically-warped cepstral coefficients

(HWCC). HWCC, in contrast to MFCC, possess broader
filters at the lower frequencies, while at the higher frequencies
the filter banks become increasingly narrower. The higher
number of narrow filter banks at higher frequencies enable the
extraction of an increased number of cepstral coefficients over
the frequency range where the target classes show the most
critical differences.
The classification performance achieved through HWCC
features is demonstrated for the case of discriminating
between human walking, running, creeping and crawling. In
particular, HWCC performance is compared with that
obtained for MFCC features and a linear-scale cepstral filter
bank. Improvement in micro-Doppler classification
performance is also demonstrated for a range of signal-tonoise ratios (SNRs).
II. FREQUENCY-WARPED CEPSTRAL FEATURES
A general framework for the computation of frequencywarped cepstral coefficients (FWCC) may be given by simply
modifying the filter bank, while leaving all other aspects of
the cepstral coefficient computation the same. Thus, FWCC
may be defined according to the following process:
1.
2.
3.
4.

The Discrete Fourier Transform (DFT) of the signal is
computed.
Different frequency components are weighted according
to a filter bank whose center frequencies are defined
according to a frequency warping function.
The logarithm of the resulting spectrum is computed,
afterwhich
The discrete cosine transform (DCT) is then computed to
yield the frequency warped cepstrum, whose resulting
coefficients are then used as features for micro-Doppler
classification.

Within this framework, in addition to mel-scale warping,
any desired warping function may be used. Thus, a totally
unbiased linear warping function may be defined as
(2)
which when used within the above framework yields linearlywarped cepstral coefficients (LWCC).
In this work, however, a hyperbolic warping function is
proposed that is defned as
(

)

(3)

where a is the amplitude, b is the shifting value of the function
and c is the degree of warping. Hyperbolic warping is
proposed because its shape concentrates on the frequency
bands that passes the most energy. In fact, the parameters a,
b, and c are adjusted so as to ensure the greatest capture of
energy.
Normally, the hyperbolic tangent function is formed about
zero; however, micro-Doppler frequency components tend to
appear as envelopes about the main Doppler shift. For this
reason, first the hyperbolic tangent is shifted to the frequency
band that contains the main Doppler shift by using the shifting
constant . Second, the amplitude of the warping function is
represented by the parameter . The third and most important

parameter of the HWCC is the degree of warping, which is the
constant . The degree of warping is responsible for the
sharpness of the shaping function and governs the distance in
frequency bewteen each filter. If c has a high value, the
warping is smooth, nearly linear, while a small c yields a
function exhibiting hyperbolic properties.
To determine the optimum degree of warping an exhastive
search was conducted by implementing particle swarm
optimization. In this way, it was found that the best separation
in the feature space for the four different classes being
considered in this work (walking, running, creeping and
crawling) is achieved when the degree of warping equals to
135. The shifting constant is chosen as the average main
Doppler frequency and b is chosen as the PRF.
Once the filter spacing of the individual filters is defined,
the only remaining filterbank characteristic left to specify is
the filter shape. In this work, a filter bank with M equal
height triangular filters is constructed. Each of these M equal
filters is be defined as;

( )

(

)

(

)
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{
where stands for the -th filter,
are the boundary points of
the filters, and
corresponds to the -th
coefficient of the N point DFT. The boundary points
are
expressed in terms of position, which depends on the sampling
frequency (Doppler frequency) and the number of points in
the DFT:
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In this expression, the function ̂ states the warping
transformation (3),
and
are respectively the low and
high boundary frequencies for the entire filter bank,
is the
number of filters, and
is the inverse warping function;
(

)

.

(6)

In Figure 1, the warping functions, resulting filterbank are
energy maps for MFCC, LWCC, and HWCC features are
shown. From the figure, it may be seen that the hyperbolic
tangent function enables the filterbank to focus on frequencies
between -300 Hz and 300 Hz, which is where most of the
signal energy lies. The degree of warping in Figure 1, is
selected 135 to demonstrate the effect of the warping degree.
The lower and upper frequency limits are determined as;
and
, respectively. Unlike the mel-frequency
bank, the hyperbolically warped frequency bank spans not just
positive frequencies but also negative frequencies which also
contains micro-Doppler components where target is moving
away from the radar. Filters beyond the highest and lowest
frequencies of the micro-Doppler signature are minimized by
broadening the relevent filter’s bandwidth.

(a)

(b)

(c)

(d)

(e)

(f)

(g)
(i)
(j)
Figure 1. Warping functions, filter banks and corresponding energy maps of the Mel, Hyperbolic and Linear scaling functions. (a) Mel (b) Hyperbolic and (c)
Linear warping functions, (d) Mel (e) Hyperbolic and (f) Linear filter banks, (g) Mel (i) Hyperbolic and (j) Linear energy maps of the corresponding function.

After filters are constructed, the MFCC, LWCC, and
features are computed as;
∑

( (

) ( ))

(7)

where
is the number of filters in the filter bank, is the
number of cepstral coefficients which are computed, and
is formulated as the “log energy ouput of the i-th filter” can
be expressed as;
(∑| ( )|

( ))

focuses on the frequency bands where energy is present. The
mel-scale only captures part of the energy located in the first
filter; but this leads to poorer performance caused by the
extraction of features having lesser discriminativity. The
linear filter bank has no warping properties, and therefore
has only two filters that capture the energy in the microDoppler signature. It would thus be expected that the
LWCC features have the poorest performance relative to
MFCC and HWCC features. This intuition is validated by
the classification results obtained in Section IV.
III. HWCC FUNCTION OPTIMIZATION

(8)

The log energy output
of each filter is derived
through the spectrum and filter bank (4). The log energy
outputs defined in (8) can be seen in Figure 1. The resulting
“log energy outputs” for mel, hyperbolic and linear filter
bank are also given in Figure 1. It may be observed that the
hyperbolic filter bank captures most of the energy and
ignores the higher negative and positive frequency bands. It

As the performance of the frequency warped cepstral
coefficients is directly related to the amount of energy
passed through the filter bank, it was found that an
improvement to the classification rate by optimizing the
limits of the filter bank and the degree of warping. In Figure
1-(i), it may be clearly seen that first and the last filter
contain mostly noise components which lead to confusion in
classification. Therefore, applying the HWCC function
through the whole spectrum frequency limits may be

insufficient in many cases. To overcome this issue and
explore the optimum parameters for the lower-upper
frequency limits of the filter bank and the warping degree,
an optimization method should be implemented.
Particle swarm optimization (PSO) is a population-based
computational method that optimizes a problem by
iteratively attempting to enhance a candidate solution with
regard to a given measure of quality [14]. In this respect the
PSO algorithm is similar to the genetic algorithms.
Originally, the basic idea behind PSO stemmed from
mathematical modeling and simulation of the food searching
activities of a swarm of birds.

The optimized filterbank is given in Figure 3. It may be
clearly seen HWCC filter bank focuses on the frequency
bands where most of the energy lies for four different
motions. The last filter has a higher bandwidth which makes
the HWCC features more relatable to the spectrum energy by
ignoring higher bands. The first filter of the filter bank also
has a higher bandwidth compared to the consecutive filters.
As a results, optimized filterbank actually covers the
important frequency bands thereby enabling HWCC features
to be more robust againts noise.
IV. MICRO-DOPPLER SIGNATURE DATABASE

The proposed objective function to be used for the PSO
algorithm contains of a SVM classifier, and the performance
of this classifier is the fitness values for the evaluated
individual swarms. The best objective value function after
50 iterations is found to be 95.40% for four different human
activities (walking, running, creeping, crawling). The output
), are found as (-194 Hz, 978 Hz,
variables, (
420). The best function values are given in Figure 2.

In this work, human micro-Doppler signatures as
obtained from a pulse Doppler radar transmitting a linear
frequency modulated (LFM) chirp signal are considered.
Human activity spectrograms can be obtained by using
kinematic models or capturing time-varying 3-d positions of
the human body joints [8-9]. Signatures are simulated using
motion-capture (MOCAP) data of individual subjects stored
in the Carnegie Mellon University (CMU) Motion Capture
Library [10]. The CMU MOCAP database contains a total
of 2605 different motion records belonging to 112 different
subjects engaged in a variety of activities, such as walking,
running, climbing, crawling, jumping, different sports, and
mixed activities, such as running – stopping – and running
again. The Motion capture data was collected with aid of 41
markers placed on the human body and was recorded by 12
infrared cameras at a frequency of 120 Hz. Sampling
frequency of the infrared camera is not enough to perform to
radar simulations therefore the sampling frequency of the
data is interpolated into the 2400 Hz. The technique for
simulating micro-Doppler signature from MOCAP data
based depth measurements was first proposed by Blasch [1112] and Ram [13]. Most recently, the CMU MOCAP derived
simulated micro-Doppler signatures have been shown to be
accurate enough to be used for training the classifier of real
radar data with only a 1% difference in classification
performance [10]. The CMU-based radar simulation can be
computed for any desired center frequency, aspect angle and
PRF but in the scopeof this work those parameters are
selected as; 15 GHz, 0 degrees and 2400 Hz.

Figure 2. The best objective function value of PSO

Figure 3. The best objective function value of PSO

To optimize the HWCC function parameters a PSO
based computational procedure is adopted. The selection of
the PSO parameters such as swarm size and number of
variables play an important role in the optimization process.
There is a trade-off between performance and computational
time. For this work, the number of particles in the swarm
(i.e. swarm size) is selected as 50 as a satisfactory
compromise between the computational time and the
performance.
The HWCC function can be optimized by considering
three variables which correspond to the degree of warping,
minimum and maximum frequency limits of the filter bank.
), and their lower-upper bounds
The variables, (
can be defined as;
{

(9)

Table 3. Linear scale function confusion matrix
for two classes

Classes

Table 4. Hyperbolic scale function confusion
matrix for 4 class

Creeping
Crawling

Creeping
Crawling

Classes

Table 2. Mel scale function confusion matrix
for two classes

Classes

0.03
0.97
0.01
-

0.93
0.08

0.06
0.92

Activities

Activities
Creeping
Crawling
0.92
0.08
0.07
0.93

Activities
Creeping
Crawling
0.71
0.29
0.23
0.77

0.97
0.03
-

Table 5. Mel scale function 4 class confusion
matrix for 4 class

Table 1. Hyperbolic scale function confusion matrix
for two classes

Classes

Walking
Running
Creeping
Crawling

Crawling

Activities

Walking
Running
Creeping
Crawling

Crawling

The performance of the proposed HWCC features was
first tested on the micro-Doppler signature database and
compared with the performance of MFCC and LFCC
features in terms of discrimination between two quite
similar activities: creeping and crawling. These two classes
have similar micro-Doppler spectrograms which makes the
classification problem much more aggravate. The results,
given in Table 1, 2, and 3 show a dramatic performance gain
for the proposed HWCC features. As expected, the LWCC
features offer nearly no potential to discriminate the classes,
due to its warping properties. MFCC features offer a good
level of classification between creeping and crawling at an
average correct classification rate of 74%. However, HWCC
features outperforms MFCC with a correct classification
rate of 92.5% overall – an 18.5% improvement.

Creeping

V. EXPERIMENTAL RESULTS

Creeping

After computation of the CMU-based human body
return, the micro-Doppler time frequency signatures are
obtained for a given human activity. The micro-Doppler
signatures may be simply and easily generated by using
short-time Fourier transform (STFT) and its energetic
representation, i.e., spectrograms. The spectrograms of the
four different motions are given in Figure 4.

The benefits of HWCC are quite pronounced in the
results shown in Figure 5 where the performance yielded
with use of the other two features, MFCC and LWCC, are
also given for 4 classes as a function of SNR. When LWCC
is applied, the correct classification rate is found to be at a
rate of 73% in a nearly uncluttered environment (SNR = 45
dB). Below 25 dB, LWCC’s performance drops below 65%
which is not high enough classification for an automatic
target recognition system. MFCC has a similar classification
rate compared to the LWCC. On the other hand, when the
proposed HWCC features are utilized the classification rate
rises to just above 94% at 45 dB, drops slightly about 90%
at 25 dB and below 15 dB correct classification drops below
85%. As expected from previous results and discussion
HWCC outperforms the LWCC and MFCC by over 20% at
most SNRs.

Running

Figure 4. CMU-based spectrograms for several different human activities
(a)Walking (b) Running (c) Creeping (d) Crawling

0.91

Running

(d)

0.9

Walking

(c)

Crawling

Walking

(b)

Creeping

Next, the performance of the HWCC features was
compared for the four class case. In this situation the
HWCC features yield classification rates over 94.5% for
each class, with nearly perfect classification of walking and
running at 97%, and an overall correct classification rate of
94.75%. This is drastically higher than that achieved with
MFCC, which shows at most 78% correct classification for
individual classes and 73.25% overall and proving that
MFCC warping function is not suitable for micro-Doppler
human activity classification.

Classes

(a)

Activities
Creeping
Crawling
0.10
0.90

0.78
0.20
0.05
-

0.21
0.76
0.06
0.02

0.01
0.02
0.63
0.25

0.02
0.26
0.76

[7]

[8]

[9]

[10]

[11]

[12]
Figure 5. Robustness of average classification between walking, running,
creeping and crawling for different types of warping functions

VI. CONCLUSION
In this work novel hyperbolically-warped cepstral
features (HWCC) are proposed for micro-Doppler
classification. Through comparison with mel-frequency
cepstrum coefficients (MFCC), it is shown that the melfrequency scale is not well suited to the frequency
distributions and physical properties of activity-derived
micro-Doppler signatures. Through redesign of the filter
bank used in the calculation of frequency warped cepstral
features, it is shown that hyperbolically warped features
better capture the energy in micro-Doppler signatures,
resulting in improved micro-Doppler performance. In
specific, results relating to the classification of walking,
running, creeping and crawling, it is shown that HWCC
features result in a performance gain of 21.25% over MFCC
features.
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