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Abstract—In this paper a method capable of automatically
classify radar signals of human hand-gestures exploiting the
micro-Doppler signature is designed. In particular, the method-
ology focuses on the extraction of the Chebychev moments from
the cadence velocity diagram (CVD) of each recorded signal. The
algorithm benefits from interesting properties of these moments
such as the fact that they are defined on a discrete set and
hence computed without approximations, as well as the symmetry
property that allows to minimize the computational time. The
experiments computed on the challenging real-recorded DopNet
dataset show interesting results that confirm the effectiveness of
the approach.
Index Terms—micro-Doppler, hand-gesture recognition, image

moments, millimeter Wave, automatic target recognition

I. INTRODUCTION

GESTURE recognition is without any doubt one of the
most challenging issue in the development of modern

devices in which the human-machine interaction is made pos-
sible without any physical touch by the user. This can be made
possible thanks to the intrinsic capabilities of radio-frequency
(RF) devices able of operating in weak light condition (e.g.,
during night) that have lead to the development of millimiter
wave (mmW) radars specifically designed to this aim, viz.
the Google Soli project [1], the DopNet radar [2], and so
on. In this respect, an effective tool to properly perform the
gesture sensing and recognition is the well-known micro-
Doppler effect [3]. As a matter of fact, micro-Doppler, that
can be seen as additional frequency modulations induced by
small displacement, rotation or vibration of secondary parts
of the object under observation, have been widely exploited
for target classification and micro-motion analysis, including
hand-gesture, over the last decade [4]–[7].
In such a context, this paper proposes a method capable of

automatically classifying radar signals related to human hand-
gestures exploiting their intrinsic micro-Doppler signature. In
particular, following the line of reasoning of [4], the method
extracts the Chebychev moments [8] from the cadence velocity
diagram (CVD) obtained from the short time Fourier transform
(STFT) of each recorded signal. The choice of using these

image moments, already used for hand-gesture classification
from optical images [9], is motivated within the radar context
for their useful characteristics. In fact, Chebychev moments,
differently from Zernike [10], are directly defined on a dis-
crete set, therefore no approximations are needed in their
implementation. Additionally, they are characterized by their
symmetry property that can be properly exploited to reduce
both the computational time as well as the required storage in
the database. The analyses are computed on the challenging
DopNet dataset [2] showing promising capabilities in terms of
hand-gesture recognition also in comparison with other state-
of-art methods.

II. MICRO-DOPPLER BASED HAND-GESTURE
RECOGNITION ALGORITHM

This section describes the proposed feature-based algorithm
for radar micro-Doppler classification of hand-gesture signa-
tures. Essentially, the methodology is based on the exploitation
of the Chebychev moments [8], that thanks to their intrinsic
discrete nature are easy to extract. It is also worth to underline
that the proposed approach benefits from the symmetry prop-
erty of these moments thus providing a feature vector of small
size hence ensuring a low computational burden. In the next
subsections the Chebychev moments are first derived from
their homologous polynomials; then the devised feature-based
classification algorithm is described in all its aspects.

A. Chebychev Moments
Let consider a non-negative real-defined image, say

f(x, y) ≥ 0. Then, the moments of f(x, y) of order (or
degree) l + h are the projection of the function f(x, y) on
the monomials xlyh, through the following integral [11]

Ml,h =

∫∫

R2

xlyhf(x, y) dx dy. (1)

The moments whose general expression is given in (1) do
not share the orthogonality condition due to their dependence

Classification of micro-Doppler radar hand-gesture signatures by means of Chebychev moments

1



on the family of monomials {xlyh}, which in general do not
have this property. To overcome this issue, that is the main
limitations in using image moments, Chebychev polynomials
have been introduced [8]. In particular, Chebychev polynomi-
als of order l are a set of orthogonal functions, with some
interesting properties [8], that can be written in the form

tl(x) = (1− L)l 3F2 (−l,−x, 1 + l, ; 1, 1− L; 1) , (2)

where x = 0, 1, 2, . . . , L−1. The term (a)l is the Pochhammer
symbol [12] defined as

(a)l = a(a+ 1) · · · (a+ l − 1) =
Γ(a+ l)

Γ(a)
, (3)

whereas

3F2 (a1, a2, a3; b1, b2; z) =

+∞
∑

k=0

(a1)k(a2)k(a3)k
(b1)k(b2)k

zk

k
. (4)

It is now worth noticing that (2) can be also rewritten in a
more simple form as

tl(x) = l!

l
∑

k=0

(−1)l−k

(

L− 1− k
l− k

)(

l + k
l

)(

x
k

)

.

(5)
An important property of the Chebychev polynomials is that

they satisfy the orthogonality condition, that is
L−1
∑

x=0

tl(x)th(x) = ρ(l, L)δl,h (6)

where 0 ≤ l, h ≤ L−1 and δl,h is the Kronecker delta function
formally defined as

δlh =

{

1 if l = h
0 if l 6= h

.

Moreover, the amplitude factor ρ(l, L) is given by

ρ(l, L) = (2l)!

(

L+ l

2l+ 1

)

. (7)

Now, it is possible to define a scalar version of the Cheby-
chev polynomials, that is

t̃l(x) =
tl(x)

β(l, L)
(8)

where β(l, L) is a scaling factor independent of x that is
introduced to ensure the numerical stability during moments
calculations. It is defined as

β(l, L) = Ll. (9)

By doing so, the scaled polynomial of order l = 0 will
be t̃0(x) = 1, whereas that of order l = 1 will be equal to
t̃1(x) = (2x + 1 − L)/L, whose pictorial representation is
given in Fig. 1 together with higher order polynomials.
Concluding, the Chebychev moments can be derived pro-

jecting the image f(x, y) of size L × H on the related
polynomials given in (8), that is

Tl,h =
1

ρ̃(l, L)ρ̃(h,H)

L−1
∑

x=0

H−1
∑

y=0

t̃l(x)t̃h(y)f(x, y). (10)
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Figure 1. Scaled Chebychev polynomials of order l from 0 to 5 and size
L = 32.

B. Feature Extraction Algorithm

This section explains the considered micro-Doppler hand-
gesture signatures classification procedure, whose main steps
are graphically illustrated in the block-scheme of Fig. 2.
This approach uses the same line of reasoning of that

proposed in [4], with some modifications as well as with
using the Chebychev moments introduced in subsection II-A in
place of pseudo-Zernike moments used in [4], [13]. Therefore,
the overall procedure starts with the recording of the mmW
radar returns associated with one of the gestures of the human
hand. The acquired signal, say s(n), is constituted of N
samples containing the micro-Doppler components related
to the gesture under observation. Then, after some useful
signal processing operations that could be used to improve
the acquired signal (e.g., filtering operations), its short-time
Fourier transform (STFT) is evaluated, that is

STFT(ν, k) =
N−1
∑

n=0

s̃(n)w∗(n− k)e−j2πνn/N ,

k = 0, . . . ,K − 1,

(11)

with w(·) indicating the so-called smoothing window function
used to properly select the signal atoms, (·)∗ representing
the conjugate operation, and ν ∈ [−1/2, 1/2] the normalized
frequency.
The subsequent operation in the proposed signal processing

pipeline is the evaluation of the CVD, developed in [14],
[15] to improve the extraction of micro-Doppler features. This
second transformation performs the discrete Fourier transform
(DFT) of the STFT for each Doppler frequency. By doing so,
it gives a perception of the repetition cycle of each velocity
that is indicated as cadence frequency [15]. For completeness
its mathematical formulation is herein reported

∆(ν, ε) =

K−1
∑

k=0

χ(ν, k)e−j2πkε/K , (12)

where ε indicates the cadence frequency.
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Figure 2. Block scheme of the proposed micro-Doppler hand-gesture signatures classification algorithm.

Before applying the next step of the algorithm, the modulus
of the CVD is extracted since it is by definition a complex-
valued quantity. Then, the modulus of the CVD is projected
onto the orthogonal basis constituted by the Chebychev poly-
nomials. Note that, since the polynomials only depend on the
chosen order and on the CVD size (see their expression in (8)),
they can be computed off-line improving the real-time usage
capabilities of this classification algorithm. Now, applying (10)
to ∆(ν, ε), the pseudo-Zernike expansion is obtained as

Tl,h =
1

ρ̃(l, L)ρ̃(h,H)

NDFT−1
∑

x=0

NCVD−1
∑

y=0

t̃l(x)t̃h(y)∆(y, x),

(13)
having indicated with NDFT and NCVD the number of fre-
quency bins used in evaluating the DFT and CVD, respec-
tively. At this point the feature vector is constructed lining-up
the quoted moments, namely

F = [T0,0, T0,1, . . . , Tl,h] . (14)

Before populating the classification database, the feature
vector F is normalized through a linear scaling operation
to avoid bias effects at the classification stage, that is F̄ =
(F − µF) /σF, with µF and σF the mean and standard de-
viation of F . Therefore, the procedure concludes with the
classification step. In what follows, the focus will be on the ap-
plication of the simple k-Nearest Neighbour (k-NN) classifier
in order to easily appreciate the effectiveness of this algorithm
with reference to also other feature-based approaches.

III. PERFORMANCE ASSESSMENT

The aim of this section is to demonstrate the effective-
ness of the proposed procedure based on the exploitation
of the Chebychev moments to recognize different gestures
from human hands characterized by different micro-Doppler
signatures. To this end, the conducted tests to assess the per-
formance of our classification procedure have been focused on
a wide real-recorded dataset of hand-gesture signals acquired
by both FMCW and CW radars, referred as DopNet1 [2]. The
short-range radar used in this acquisition campaign was an
Ancortek 24 GHz FMCW radar transmitting a chirp. More
precisely, the radar has a 12 bits ADC and transmits at a carrier
frequency of 24 GHz, with a 750 MHz bandwidth, and a power

1Further details about the DopNet dataset and instructions on how to
download it are available at https://digital-library.theiet.org/content/journals/
10.1049/el.2020.1358

of +13 dBm. The specific dataset comprises 4 separate classes
that refer to the following hand-gestures: wave, pinch, swipe,
and click. The data provided in this database have been pre-
processed and filtered to improve the desired micro-Doppler
components and processed to produce the time-Doppler map.
Figure 3 reports, as an example, the modulus of STFT of one

instance for each of the four gestures of the DopNet dataset,
with the subplots referring to as a) wave, b) pinch, c) click,
and d) swipe.
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Figure 3. Modulus (expressed in dB) of the STFT of the hand-gestures from
the dataset DopNet [2]. Subplots refer to the gesture a) wave, b) pinch, c)
swipe, and d) click.

To evaluate the effectiveness of the classification procedure
proposed in Section II, the considered figure of merit is the
probability of correct classification, say Pcc, that is given by
the number of correct classified signals divided by the total
number of available instances. In particular, the experiments
have been realized utilizing the 70% of the available data to
train the classifier, and then the other 30% has been used
during the test phase to evaluate the Pcc. Nevertheless, to
avoid biased results due to the specific choice of the training
and test set, the above-mentioned Pcc has been evaluated
as the mean value over 100 independent Monte Carlo runs,
referred to as P̄cc, namely a random selection of the train
and test set has been performed at each trial. By doing so, a
complete statistical characterization of the entire classification
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algorithm is obtained. Figure 4 shows the curves of P̄cc for the
considered method (indicated as Chebychev) as a function of
the moments order also in comparison with the same algorithm
using pseudo-Zernike and Krawtchouk moments as well as the
method of [16] using Doppler, Time and Range (DTR) based
features. As to the classifier, we have set the parameter k equal
to 7.
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Figure 4. P̄cc versus moments order obtained using a k-NN with k = 7.

The curves show that all methods based on moments ex-
traction increase their performances as the order increases.
Moreover, Chebychev moments show the best results (it
reaches 88.65% for order 20) for this specific application
overcoming pseudo-Zernike and Krawtchouk and the DTR
method. Furthermore, they offer implementation advantages
thanks to the fact that they are directly defined on a discrete set
and so easy to compute as well as for the possible exploitation
of the symmetry property of the associated polynomials.
To corroborate further the results analyzed in terms of P̄cc,

in subplot (a) of Figure 5, the average confusion matrix of
the devised classification procedure for the four classes of
human hand-gestures is shown. Differently form the P̄cc that
is a synthetic metric of performance, the confusion matrix
allows understanding of the classification accuracy obtained
for each specific class and with which of them the algorithm
tends mainly to confuse itself. Interestingly, the probability of
correct classification is approximately the same for each class,
viz. they ranges from the 86.24% of the wave to the 88.65% of
the swipe. Additionally, subplots (b) of Figure 5 depicts the
confusion matrix of the designed algorithm associated with
the maximum Pcc obtained over the 100 Monte Carlo tests
herein performed. Evidently, there is a performance growth
with respect to the average value, with the wave and pinch
gestures overcoming the 90% of correct classification. Finally,
it is interesting to note that in the latter case, the wave is never
classified as click and the pinch is never confused with the
swipe.

IV. CONCLUSION

In this paper, an automatic algorithm for human hand-
gestures classification has been developed exploiting the
micro-Doppler radar signatures of the measured signals. In
particular, the core of the procedure is the extraction of the
Chebychev moments from the CVD derived by the STFT of
each recorded signal. The quoted choice has been made in
order to properly exploit the fact that they are defined on a

(a) (b)

Figure 5. Confusion matrix (expressed in percentage) for the four classes of
hand-gestures of the DopNet dataset. Subplots refer to the a) average, b) best
case.

discrete set and hence implemented without approximation.
Moreover, their symmetry property allows to reduce both
the computational burden and the required memory to save
them. Several tests conducted on the DopNet dataset have
demonstrated the effectiveness of the approach in correctly
classifying the different gestures.
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