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Abstract—Classification of different human activities using
micro-Doppler data and features is considered in this study,
focusing on the distinction between walking and running. 240
recordings from 2 different human subjects were collected in a
series of simulations performed in the real motion data from
the Carnegie Mellon University Motion Capture Database. The
maximum the micro-Doppler frequency shift and the period
duration are utilized as two classification criterions. Numerical
results are compared against several classification techniques
including the Linear Discriminant Analysis (LDA), Naive
Bayes (NB), K-nearest neighbors (KNN), Support Vector
Machine(SVM) algorithms. The performance of different
classifiers is discussed aiming at identifying the most
appropriate features for the walking and running
classification.

Keywords- Micro-Doppler; Classifier; Fisher Discriminant
Analysis; Support Vector Machine.

. INTRODUCTION

Micro-Doppler  signatures uniquely represent the
distinctive features generated from the relative motion of
structural components of an object/body. A brief history of
micro-Doppler and relevant source material are provided in
[1-2] for convenience. Nowadays micro-Doppler signature
analysis is applied to recognize a wide range of activities.
The periodic motion during an activity generates unique
patterns in the time-frequency domain of the radar echo,
which is used for classification. However, automatic
classification of activities based on micro-Doppler signatures
is still challenging [3].

Traditional techniques for the automatic classification of
different activities include the Least Square Estimator (LSE),
Ensemble Learning Method (ELM) and Probability
Classification (PC). The Fisher Discriminant Analysis (FDA)
[4,5] is a kind of LSE method, which brings forth differences
between samples. The most representative FDA method is
Naive Bayes (NB) [6]. Even though, NB technique can use a
priori knowledge for enhanced classification, it has poor
performances for low-frequency events. Since K-nearest
neighbors (KNN) techniques [7] do not need to estimate
parameters or being training, it is suitable for rare events and
multi-model, but is computationally intensive. Furthermore,
the selection of the best K value is difficult, resulting in a
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large deviation of prediction when the sample dataset is
unbalanced. The ELM method can improve the predictive
accuracy of weak classifiers. One such method — Boosting -
makes good use of weak classifier cascades for higher
accuracy, but it is difficult to select the best number of weak
classifiers and training is time-consuming. Furthermore,
input data imbalance leads to a reduction in classification
accuracy. The Logistic Regression technique [8], which
belongs to PC method, is computationally efficient and
simple to implement, but it is easy to produce under-fitting,
resulting in low classification accuracy.

Recently, machine learning techniques (Convolutional
Neural Network (CNN) [9], Support Vector Machine (SVM)
[10-12]) have been applied for automatic classification. CNN
are feed-forward multilayer neural networks and require little
pre-processing of the input data. The advantage of the SVM
approach is the reduction in dimensional complexity by
using inner product function (kernel function) onto lower
dimensional spaces.

This paper focuses on the automatic classification of
micro-Doppler signatures from a selection of suitable
features to discriminate between the considered human
activities and the performance evaluation of different
automatic classification techniques (e.g. Linear Discriminant
Analysis (LDA), NB, KNN, SVM) are used to distinguish
between running and walking.

The remainder of this paper is structured as follows. The
next section describes motion capture, which was used as a
base to generate micro-Doppler signatures for different
human activities. Section Il presents the analysis of the
micro-Doppler signatures and the classification criteria. The
simulation setup is described in section IV. In section V,
different methods are applied to extract features from the
micro-Doppler signatures, the classification performance of
LDA, NB, KNN, and SVM are compared, and future work is
discussed for CNN. Finally, conclusions are drawn in
Section VI.

II.  MoTION CAPTURE

Motion capture (Mocap) [13,14] is the process of
recording the movement of objects or people. Complex
movement can be recreated in a physically accurate manner,
such as secondary motions, weight, and exchange of forces.
In an effort to reduce cost and resource usage while
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remaining accurate, Mocap data was used as input to
generate the micro-Doppler signatures. The data presented in
this paper is coming from the Carnegie Mellon University
Motion Capture Database (CMUMCD). The Cartesian
coordinate extraction from ASF/AMC files was produced via
the HDMO05 ASF/AMC parser [15].

The figures 1 and 2 respectively illustrate the walking
and running actions produced via Mocap data. At first
glance, compared with walking, the body produces more
pronounced motions of the limbs when running, which
translates in larger Doppler spreads in micro-Doppler
signatures. Details of the micro-Doppler signatures (a.k.a
spectrograms) is discussed in the subsequent sections.

Kx SMAAASHRRA

Figure 1. the walking action via Mo-cap (subject 07_01)
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Figure 2. the running action via Mo-cap (subject 09_01)

IIl.  CLASSIFICATION CRITERIA

The maximum micro-Doppler shift in the radar return is
expressed in (1) assuming the narrowband approximation.

...V COS
{f;j}max = fcamer 9
c 1] (1)

where ‘bfd}max is the maximum Doppler shift, fcam‘er the
carrier frequency of the radar, V the target instantaneous

velocity, € the speed of light, and G the radar incident
angle as shown in Fig.3.

Figure 3. Human activity direction and radar position with respect to the
activity being performed

Hence, the micro-Doppler shift can be written with
respect to the maximum micro-Doppler shift as shown in (2).

f;I = {fd}max Sln(prV + ﬂ, (2)
where fd denotes the Doppler shift, fv the motion

frequency of the body part, and f denotes the initial phase.
The contribution of the various body parts is the sum of their
instantaneous Doppler frequencies as shown in (3).

o o f . v.COSQ, .
A, = &Lt B iginiapy, + 1)

i=1 i=1 ¢ )
where 7 denotes the number of body parts in the Mocap
model, Yiand 4 denote the instantaneous motion velocity
and radar incident angle for the I ™ part of the body
respectively, fvi and ﬁ denote the motion frequency and
the initial phase of the 2t part of the body respectively.
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Figure 4. Micro-Doppler spectrogram using STFT showing a full walking
cycle for Subject 07 action 05
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Figure 5. Micro-Doppler spectrogram using STFT showing a full running
cycle for subject 09 action 10

Figures 4 and 5 describe a period micro-Doppler shift of
walking and running obtained with short-time Fourier



transform (STFT). Figure 5 show a wider Doppler spread
than in Figure 4, which is consistent with more pronounced
motion of limbs when running. Appropriate features from
micro-Doppler signatures paired with an efficient
classification algorithm are required in order to discriminate
between walking and running. It is difficult to classify the
data from micro-Doppler signatures directly due to the
different signal components overlapping in multiple Doppler
bins. A statistical method such as the maximum micro-
Doppler frequency shift in the spectrogram can be applied as
a classification criterion, with respects to the parameter

f;arriervi Ccos ql

c in (3). One classification criterion is not
enough to discriminate, and therefore the gait cycle time,

with respects to the parameter fvi in (3) is also considered.

IV. SIMULATION SETUP

The main objective of this article is to investigate the
performances of different automatic classifiers on
discriminating between walking and running from micro-
Doppler signatures. The experimental scenario and the radar
position are illustrated in Fig.3, which inspired from
V. Chen’s book [3]. In [3], a Boulic model is used to
generate micro-Doppler signatures with a model with 17
scatterers. This model uses 31 scatterers as shown in
Figure 6. Mocap data is shot at 120 frames per second. For
the radar micro-Doppler signature the data was up-sampled
to 1 kHz in order to have a suitable Doppler ambiguity and
have enough samples (256) to integrate to obtain Doppler
resolution of 3.9 Hz.
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Figure 6. Mocap data with volumes snapped onto the skeleton for radar
cross section simulation for the walking action.

In the first case, the person walks normally along the
positive direction of the z axis; in the second case, the person
runs along the same direction. The original motion data
comes from CMUMCD firstly, and 40 data sets of actual
activity data were recorded from two classes (subject 07 and
subject 09). Then, the continuous wave radar system from
six different positions ([0,5,5], [5,0,5], [5,5,0], [0,0,5],
[0,5,0], [5,0,0]) was simulated to collect the radar return

respectively, which operates at 5.8GHz. The different radar
locations lead to different incident angles, resulting in
diverse micro-Doppler shifts and radar cross sections. A total
of 240 different data sets of actual simulated data were
obtained. The maximum micro-Doppler frequency shift and
gait cycle time features are extracted from the micro-Doppler
signatures for classification. The features are then exploited
by different automatic classification algorithms namely the

LDA, NB, KNN (K= Sversus K = 5)' SVM (g =0.3

g =015

Versus ) in order to evaluate their performances.

V. NUMERICAL RESULTS

The scatter plots of the data are shown in Figure 7. The
blue lines in sub-figures (a), (b), () and (f) are the decision
boundaries produced via the different classification method.
The decision boundaries in (a) and (b) both come from FDA
techniques, and those in (¢) and (f) come from SVM
methods. The correct classification rate of LDA is 95.83%
which is common for such techniques. The NB method
resulted in 97.08% accuracy with 6 errors as shown in (b). In
(c) and (d), the KNN classifier is tested with K = 3 and 5
leading to 34 and 41 errors respectively. The sigmoid
function is utilized in the SVM technique as the kernel
function. Different gamma parameters of the sigmoid
function are applied gamma = 0.3 in figure (e) and 0.15 in
(f). The correct classification rates are 96.25% and 97.08%
respectively. The performance results are summarized in

Table 1. All in all, the svM with ¢ = 0-15 ang nB
techniques obtain the best classification rate. The poorest
result comes from the NN5 method. It seems the KNN
technique is the weakest with the highest error rate. It is
believed that SVM would yield better results if more data
was available such as 1000 or more.

Classification performances will be explored in future
work with different feature criteria and varying number of
features to increase reliability. It will also focus on applying
CNN - a popular class of deep, feed-forward artificial neural
network technique for classifying visual imagery via weight
and multiple hidden layers. The micro-Doppler spectrogram
could be processed as an image or the input data to CNN
could be altered to accept spectrogram amplitude and phase
data in a future article.

TABLE I. THE CLASSIFICATION NUMERICAL RESULTS
Classifier = LDA NB KNN KNN SVM SVM

Name K=3 K=5 ~=03 =015

Errors 10 7 34 41 9 7
Correct 95.83  97.08 85.83 82.92 96.25 97.08

Rate(%)

VI. CONCLUSION

In this paper, Mocap was used to emulate life-like micro-
Doppler spectrograms for walking and running. The
maximum micro-Doppler frequency shift and the gait cycle
time were utilized as classification criteria to discriminate
between those two activities. A total of 240 data sets were
generated from 2 different human subjects and 6 different



radar locations in a series of simulations basec on real
motion data from the CMUMCD. Different classifier
algorithms have been tested to gauge accuracy in
discriminating between the two considered actions (walking,

running). From the numerical results, SVM (g - 0'15) and
NB both obtain the best accuracy with 97.08%. This paper
highlighted that those two methods applied to micro-Doppler
signatures can be powerful tools even with a limited number
of features, which is not obvious to the naked eye.
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