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Abstract—Human Activity Classification with radar has 
made significant progress in the past few years. In this 
article, we propose a cyclostationarity-based approach in 
this field of application. Feature extraction, selection, and 
activity classification as it detects micro-Doppler is made 
starting from complex-valued cyclostationary statistical 
functions of the reflected radar signal. The human activity 
can be recognized with up to 92.6% with the real part, 95.4% 
with the imaginary part and 95.4% by the combination of 
real and imaginary part.  

Keywords—assisted living, cyclostationary, microwave radar, 
human activity classification 

I. INTRODUCTION  

The aging problem is a growing issue globally, and 
assistive technologies are being developed to provide more 
reliable security for the elderly [1]. In order to detect the 
behaviour of the elderly indoors while protecting their privacy, 
the idea of using radar to detect human behaviour has gained 
in popularity [2-7]. The main advantage of using radar is that 
the subjects do not have to wear relevant instruments and do 
not rely on user compliance [2]. 

In [2-7], the authors report an increasing number of radar 
data domains being used for activity classification: raw data, 
range-time (RT), range-Doppler, Doppler-time, Cadence 
Velocity Diagrams (CVD), Cepstrogram, Composite data 
domains (radar data cube, range-Doppler surface, integrated 
range-Doppler, dynamic range-Doppler trajectory, Radon-
transform of RT. Different data domains offer different 
advantages for the classification of activities, e.g. CVD is very 
useful for periodic activities as it detects micro Doppler due to 
motion. 

In communications, radar/sonar, and telemetry 
applications, cyclosationarity-based signal processing 
algorithms [8-9] have significantly outperformed classical 
algorithms that model signals as stationary and neglect the 
periodic or almost periodic time variability in the probabilistic 

functions, which is characteristic of cyclostationary or almost-
cyclostationary processes.  

In this article, we propose a cyclostationarity-based 
approach for radar-based human activity classification (HAC). 
To the best of our knowledge, cyclostationarity has never been 
applied in radar-based HAC. Since cyclic statistical functions 
are complex valued, we used both real (𝑅𝑅) and imaginary (𝐼𝐼) 
part of these functions to improve classification accuracy.  

This article is organized as follows. Section II presents 
the methodology including the advantages of using the 
cyclostationarity-based method, followed by details about the 
features extraction. Section III presents classification results 
and the feature selection for different cycle frequencies. In 
Section IV, we discuss the results obtained. Finally, in Section 
V, conclusions are drawn on the whole experiment and further 
development directions outlined. 

II. METHODOLOGY  

A. Data collection 

The radar used for the data collection is a frequency 
modulated continuous wave radar sweeping from 5.6 to 
6 GHz in 1 ms. The transmitter and receiver antennas are co-
located in a quasi-monostatic setup (45 cm separation). They 
are Yagi antennas with a 17 dBi gain and a transmit power of 
18 dBm. The data comes from the University of Glasgow open 
dataset “Radar signatures of human activities” [11]. The six 
different activities are (1) 312x walking, (2) 312x sitting 
down, (3) 310x standing up, (4) 312x picking up an object, (5) 
310x drinking water, and (6) 198x falling. 

B. Cyclostationarity 

A wide-sense cyclostationary process has mean and 
autocorrelation functions that are periodic functions of time. 
More generally, if mean and autocorrelation can be expressed 
as the superposition of sine waves with incommensurate 
frequencies, then the process is said to be wide-sense almost-
cyclostationary (ACS). This property is exhibited by processes 
obtained by the interaction/combination of periodic and 
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random phenomena. In the considered radar problem, the 
transmitted periodic pulse train is reflected by a moving 
person, and such a reflection induces a random modulation in 
the received signal, which, therefore, exhibits 
cyclostationarity. Similarly, the cross-correlation between the 
transmitted and received signal is almost periodic in time. 

For complex-valued signals, such as the complex 
envelope, both normal and conjugate auto- and cross-
correlation functions should be considered for a complete 
second-order characterization in the wide sense. They can be 
suitably expressed by the (generalized) Fourier series [9, 
Chap. 1] 
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where superscript ∗（ ） denotes an optional complex 
conjugation. When the conjugation is present, we have the 
auto- and cross-correlation functions. When it is absent, we 
have the conjugate auto- and cross-correlation functions. 

( )xx
A ∗  and ( )yx

A ∗  are the countable sets of the (conjugate) cycle 

frequencies and the complex-valued Fourier coefficients. 
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are the (conjugate) cyclic autocorrelation and (conjugate) 
cyclic cross-correlation functions, respectively. Their Fourier 
transforms 
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are referred to as the (conjugate) cyclic spectrum and the 
(conjugate) cyclic cross-spectrum, respectively  [9, Chap. 1]. 

C. Pre-processing and Feature Extraction 
At the receiver end, the backscattered signals from the 

fixed and moving objects are digitized with In-phase and 
quadrature components at 128 kHz. A Moving Target 
Indication (MTI) filter is used.  

We adopt a cyclostationarity-based approach to extract 
features for classification. Denoting by y(t) the received signal 
after the mixer and x(t) a simulated transmitted signal, the 
considered cyclostationary features are the (conjugate) cyclic 
correlation function (3) of y(t), the (conjugate) cyclic cross-
correlation function (4) of y(t) and x(t), the (conjugate) cyclic 
spectrum (5) of y(t), and the (conjugate) cyclic cross-spectrum 
(6) of y(t) and x(t).  

These eight functions account for the periodicity present in 
the original data. They could be used in feature extraction and 
even in limited datasets for identity determination. Fig. 1 and 
Fig. 2 show estimates of the cyclic cross-correlation function 
and cyclic cross-spectrum for Activity 1 (walking) with 3 
cycle frequencies ( 0, 1 pTα = ± ), where Tp is the pulse 
repetition period. These figures indicate that, for each cycle 
frequency, the real and imaginary parts of the cyclic cross-
correlation and the cyclic cross-spectrum have either repetitive 
patterns or a maximum value. 

 
Fig. 1. Estimated cyclic cross-correlation for activity 1. (a) 

magnitude, (b) real part, (c) phase, (d) imaginary part. 

 
Fig. 2 Estimated cyclic cross-spectrum for activity 1. (a) 

magnitude, (b) real part, (c) phase, (d) imaginary part. 

 
Fig. 3. Comparison when  =0α  of the magnitude of the cyclic 
spectrum (with no conjugation) for 6 activities 

 

Fig. 3 shows the magnitude of the conjugate cyclic 
spectrum at α= 0 for 6 different activities.  

For each cycle frequency and  for both real and imaginary 
part of each cyclic function, 10 statistical features are extracted: 
mean, peak-to-peak, standard deviation, skewness, kurtosis, 
root mean square, corrugation factor, crest factor and margin 
factor. Skewness and kurtosis measure the steepness and 
asymmetry of the function distribution. The standard deviation 
represents the oscillation of the function. Let x denote the real 



or imaginary part of any (complex-valued) cyclic function. 

The crest factor is defined as peak rmsC x x= (which is the 
peak-to-peak value divided by the root mean square value of 
the function). It represents the extremeness of the peak in the 

waveform. The corrugation factor peak rmsI x x= , is the ratio 
of the peak-to-peak value and the mean, it is a measure of the 
strength the impulsive component. The kurtosis factor 
represents the smoothness of the waveform and is used to 
describe the distribution of variables. When the kurtosis is less 
than 3, the curve of the distribution will be "flat", and when 
the kurtosis is greater than 3, the curve of the distribution is 
"steep". These ten dimensionless indicators can describe the 
general characteristics of the waveform and require few 
calculations, which means that they are suitable for real-time 
implementations.  

We have a total of 100 features per cycle frequency, so 
considering only the case of complex conjugation present, 400 
features for real and imaginary parts are available for 
classification. 

III. ACTIVITY CLASSIFICATION AND FEATURE SELECTION 

Five different classifiers were employed for the 
classification: SVM-radial basis function (SVM-RBF), 
SVM-cubic (SVM-C), SVM-quadratic (SVM-Q), KNN (K = 
5) and Random Forest (RF) (100 trees). Five cycle 
frequencies were considered individually to analyze which 
one contributes the most to the classification. Since the cyclic 
autocorrelations and spectra are complex valued, their real 
and imaginary parts are analyzed separately. For the 
considered complex envelope transmitted signal, (conjugate) 
cycle frequencies are / pk T , with 𝑘𝑘 integer and pT  the pulse 
repetition interval. The Doppler effect on the conjugate cycle 
frequencies cannot be appreciated with the considered data-
record length. For easy reference, in the following, the cycle 
frequency / pk Tα =  is labeled as kα = . 

Table I to V provide the classification results per each 
activity and overall by using different classification methods 
highlighting the best performance per cycle frequency for the 
real part (𝑅𝑅). 

 

TABLE I.  CLASSIFICATION RESULT FOR ALPHA=-2 (𝑅𝑅) 
𝜶𝜶 = −𝟐𝟐 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 100 49 34 8 44 67 53 
SVM-C 100 69 50 46 75 75 69 
SVM-Q 100 50 41 16 51 69 56 

KNN 100 57 47 48 39 86 63 
RF 100 86 75 70 90 85 83 

 

TABLE II.  CLASSIFICATION RESULT FOR ALPHA=-1 (𝑅𝑅) 
𝜶𝜶 = −𝟏𝟏 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 100 43 47 36 63 81 61 
SVM-C 100 63 57 68 76 89 75 
SVM-Q 100 47 46 63 76 82 68 

KNN 100 53 26 41 50 80 58 
RF 97 75 82 81 90 88 85 

 
TABLE III.  CLASSIFICATION RESULT FOR ALPHA=0 (𝑅𝑅) 

𝜶𝜶 = 𝟎𝟎 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 100 43 55 56 81 95 70 
SVM-C 100 44 58 74 79 85 73 
SVM-Q 100 43 65 61 90 87 72 

KNN 100 43 52 64 64 84 67 
RF 97 59 57 82 90 82 77 

 
TABLE IV.  CLASSIFICATION RESULT FOR ALPHA=1 (𝑅𝑅) 

𝜶𝜶 = 𝟏𝟏 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 100 47 61 63 93 95 74 
SVM-C 100 62 73 65 100 95 81 
SVM-Q 100 46 64 63 93 98 76 

KNN 87 40 36 63 76 87 63 
RF 100 67 70 67 90 95 81 

 

TABLE V.  CLASSIFICATION RESULT FOR ALPHA=2 (𝑅𝑅) 
𝜶𝜶 = 𝟐𝟐 Activity (Classification Accuracy in %) 

Method 1 2 3 4 5 6 Avg 
SVM-RBF 100 56 60 73 100 90 78 

SVM-C 100 65 68 76 93 95 81 
SVM-Q 97 54 62 74 93 90 77 

KNN 88 48 43 67 88 84 68 
RF 97 68 76 82 86 86 81 

  
 

 From the results in table II, it can be seen that when the 
cycle frequency equals to -1, the highest accuracy of 85% is 
achieved, which means that this cycle frequency contains the 
most salient information. The best classifier for each cycle 
frequency is RF. Such a  result shows the effectiveness of the 
proposed cyclostationarity-based approach with respect to an 
alternative approach that considers only “stationary statistics” 
(α=0). 
 The Sequential Backward Selection (SBS) [13] is applied 
to minimize the classification error. In this method, features 
are removed sequentially to construct a new feature set to get 
a feature set with the highest accuracy. Table VI demonstrates 
the results after feature selection. From the feature selection, 
we obtain the best accuracy 88.9% for the cycle frequency 
equal to 1 and the RF classifier with 11 features down from 80 
as shown in Fig. 4 (a). 
 After analyzing cycle frequencies individually, they were 
combined together. In this case, 313 features down from 400 
were selected and the final accuracy is 92.6% with RF . 
 

TABLE VI.  CLASSIFICATION RESULT AFTER SBS (𝑅𝑅) 

𝜶𝜶 Method 
 Activity (Classification Accuracy in %) 

Feat.# 1 2 3 4 5 6 Avg 
-2 RF 76 100 86 77 62 93 80 84.3 
-1 RF 69 97 79 71 67 90 85 82.4 
0 RF 68 100 59 71 53 95 85 78.7 
1 RF 11 100 89 81 73 91 95 88.9 
2 RF 68 97 76 85 56 90 97 85.2 

all RF 313 97 92 97 80 93 95 92.6 
 

 A similar method was applied to imaginary parts as well. 
Different classifiers were employed to see how the imaginary 
part influence the accuracy. Table VII to XI provide the 
classification results per activity and overall using different 
classification methods highlighting the best performance per 
cycle frequency for the imaginary part (𝐼𝐼). 
 
 



TABLE VII.  CLASSIFICATION RESULT FOR ALPHA=-2 (𝐼𝐼) 
𝜶𝜶 = −𝟐𝟐 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 100 50 43 0 43 67 54 
SVM-C 100 80 74 65 75 80 79 
SVM-Q 100 57 67 8 59 71 63 

KNN 100 45 60 56 49 86 66 
RF 97 100 73 82 90 84 87 

 

 The accuracy achieved by using the imaginary part is 
better than that achieved by using the real part, and the highest 
accuracy occurs when the cycle frequency equals -1 and 1 with 
87%. RF is the best classifier for the analysis of the imaginary 
part as well. The classification accuracy is highest when the 
redundant features are removed, so the SBS selection is 
applied to the imaginary part as well. The result is shown in 
table XII. 

TABLE VIII.  CLASSIFICATION RESULT FOR ALPHA=-1 (𝐼𝐼) 
𝜶𝜶 = −𝟏𝟏 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 100 59 54 12 73 71 61 
SVM-C 100 89 71 77 87 86 84 
SVM-Q 100 76 52 43 83 80 69 

KNN 100 63 32 47 50 71 60 
RF 97 100 72 79 90 87 87 

 

TABLE IX.  CLASSIFICATION RESULT FOR ALPHA=0 (𝐼𝐼) 
𝜶𝜶 = 𝟎𝟎 Activity (Classification Accuracy in %) 

Method 1 2 3 4 5 6 Avg 
SVM-RBF 100 69 71 56 59 90 74 

SVM-C 100 91 67 71 83 92 84 
SVM-Q 100 87 79 71 83 95 86 

KNN 100 50 41 59 56 84 66 
RF 100 97 73 55 95 81 84 

 
TABLE X.  CLASSIFICATION RESULT FOR ALPHA=1 (𝐼𝐼) 

𝜶𝜶 = 𝟏𝟏 Activity (Classification Accuracy in %) 
Method 1 2 3 4 5 6 Avg 

SVM-RBF 89 64 67 51 93 85 76 
SVM-C 91 78 62 56 93 86 79 
SVM-Q 100 77 59 61 88 87 80 

KNN 65 72 71 51 87 74 70 
RF 100 79 80 73 91 95 87 

 

TABLE XI.  CLASSIFICATION RESULT FOR ALPHA=2 (𝐼𝐼) 
𝜶𝜶 = 𝟐𝟐 Activity (Classification Accuracy in %) 

Method 1 2 3 4 5 6 Avg 
SVM-RBF 87 50 59 50 90 84 72 

SVM-C 100 76 61 53 91 92 81 
SVM-Q 97 79 57 48 91 89 79 

KNN 86 51 46 54 87 85 69 
RF 100 87 68 57 90 95 84 

  

TABLE XII.  CLASSIFICATION RESULT AFTER SBS (𝐼𝐼) 

𝜶𝜶 Method Feat. 
# 1 2 3 4 5 6 Avg 

-2 RF 62 97 97 82 73 93 78 87.0 
-1 RF 35 100 97 85 67 90 76 86.1 
0 SVM-Q 52 100 97 86 87 90 95 92.6 
1 RF 46 100 76 80 76 91 95 87.0 
2 RF 70 100 87 81 67 90 97 88.0 

all RF 270 100 97 97 91 93 95 95.4 
 

Only 52 features are required with the cycle frequency equal 
to 0 to reach maximum accuracy 92.6% as shown in Fig. 4 (b). 

After combining features of five cycle frequencies together, 
SBS method is used to select features, the number of features 
selected is 270 and the accuracy reaches 95.4%. The 
performances are higher (2.8%) for all cycle frequencies used 
for imaginary part compared to those used for the real part. 
Note that the number of features (270) required for the 
imaginary part is almost the same as that required for real part 
(313).  
 Considering that the cyclostationary features are complex 
valued, information is lost if  only real or imaginary part is 
exploited. To avoid it, we combined the 583 selected features 
(313 for real part and 270 for imaginary part) and employed 
six different classifiers (SVM-RBF, SVM-C, SVM-Q, KNN 
and RF) to test their performance. The results are shown in 
Table XIII. 
 In this case, RF is also the best classifier and the accuracy 
reaches 90%. SBS method is applied then to select features 
which contain the most salient information. The result is 
shown in Table XIV. Totally 485 features down from 583 are 
selected and the accuracy of classification 95.4% is increased 
by 5.4% after selection.  
 

TABLE XIII.  CLASSIFICATION RESULT OF 𝑅𝑅 AND 𝐼𝐼 
 Activity (Classification Accuracy in %) 

Method 1 2 3 4 5 6 Avg 
SVM-RBF 100 63 60 76 86 95 81 

SVM-C 100 70 65 73 93 98 84 
SVM-Q 100 72 60 76 95 100 85 

KNN 100 56 67 70 65 100 77 
RF 100 83 82 83 95 92 90 

 

TABLE XIV.  CLASSIFICATION RESULT AFTER SBS (𝑅𝑅 AND 𝐼𝐼) 
Method Feat. # 1 2 3 4 5 6 Avg 

RF 485 100 97 94 94 95 92 95.4 
 

IV. RESULTS 
RF classifier has the best performance amongst the 

classifiers tested in this study. Random forest classifier can 
classify high-dimensional data and judge the importance of 
features and the mutual influence among features. Another 
advantage of random forest classifier is that it is not easy to 
overfit. Therefore, it has the best performance when ten 
features are considered. Using SBS feature selection on this 
basis, the highest accuracy (95.4%) was reached with 270 
features from the imaginary part of the data and closely 
followed (92.6%) by the real part. It is worth noting that the 
best performances are obtained when the cycle frequency is 
equal to 1 with 11 features for the real part and when the cycle 
frequency is equal to 0 with 52 features for the imaginary part, 
respectively, after the feature selection as shown in Fig. 4.  

The performance when the real and imaginary part of the 
features are combined is higher when using feature fusion 
(95.4%) compared to (92.6% 𝑅𝑅 and 95.4% 𝐼𝐼). This indicates 
that the feature selection may need to be performed by 
considering all the features together.  

All the results obtained in this paper were obtained using 
feature fusion. However, decision fusion might help to 
improve accuracy as well as using hard, soft or another 
combiner [14]. 

V. CONCLUSIONS 

In this paper, we investigated the feasibility of exploiting 
cyclostationarity in the radar signal human activity 
classification. Ten features were extracted from eight  



cyclostationarity related complex-valued matrices. Since we 
chose 5 cycle frequencies, there are 400 features in total for 
each activity sample to be considered for the feature selection 
and classification. The SBS feature selection method is used 
and five classifiers are applied after feature selection, which 
gives 92.6% of accuracy for the real part and 95.4% accuracy 
for the imaginary part of the matrices by using the RF as 
classifier. 

In the future development, multi-dimensional PCA and 
other automated feature extractions method could better 

portray cycle frequencies for classification so that the features 
would not be strongly correlated among them, which means a 
easier feature selection. Even though the fusion method 
employed here was not successful in improving the overall 
accuracy, the authors believe that the exploitation of complex 
numbers in classification will improve performances both in 
terms of convergence rate and also in terms of classification 
performances [15-17].  

 
Fig. 4. Feature selection with SBS for individual and all activities for (a) real part, (b) imaginary part. 
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