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Abstract—The availability and access to real radar data
collected for targets with a desired characteristic is often limited
by monetary and practical resources, especially in the case of
airborne radar. In such cases, the generation of accurate
simulated radar data is critical to the successful design and
testing of radar signal processing algorithms. In the case of
human micro-Doppler research, simulations of the expected
target signature are required for a wide parameter space,
including height, weight, gender, range, angle and waveform.
The applicability of kinematic models is limited to just walking,
while the use of motion capture databases is restricted to the test
subjects and scenarios recorded by a third-party. To enable the
simulation of human micro-Doppler signatures at will, this work
exploits the inexpensive Kinect sensor to generate human
spectrograms of any motion and for any subject from skeleton
tracking data. The simulated spectrograms generated are
statistically compared with those generated from high quality
motion capture data. It is shown that the Kinect spectrograms
are of sufficient quality to be used in simulation and
classification of human micro-Doppler.

I.

INTRODUCTION

The ability to generate accurate, simulated radar data that
closely matches real-world measurements is a critical
necessity to develop novel signal processing algorithms,
especially when the access to or amount of real-data is
limited or the scenarios being tested are difficult to reproduce
in a laboratory environment. In the case of human microDoppler research, simulations can provide the means to
analyze target signatures over a wide parameter space,
including height, weight, gender, range, angle, and waveform.
Collecting such a large amount of real-data, however, would
require spending an extensive time and resources that may
not be feasible.
In the literature, two approaches have been taken to
simulate human micro-Doppler signatures: 1) kinematic
modeling, and 2) exploitation of video motion capture data.
A widely used kinematic model is the Boulic model [1],
however, this model is only valid for walking at speeds less
than 2.6 m/s. Although models have also been put forward
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for running [2], there are no models for other types of human
motion. Moreover, often times human motion does not
follow just a singular kinematic pattern, but rather is a
mixture of a wide range of motions. For example, a typical
person walking on a city street may first walk, then pause,
bend over, and stop completely, before running across a
street. It is very difficult to image any kinematic model that
could reflect this type of richness in human activity.
Video motion capture (MOCAP) data gives us a means to
generate the synthetic radar returns for any motion or target
visible to a camera. One way to collect MOCAP data is to
record human motion by using infrared sensors placed on the
joints of the body, such as the elbows, shoulders and knees.
MOCAP files include a range of different human motions,
such as walking, running, crawling, jumping and kicking and
are frequently used in computer games and animation movies.
Some MOCAP files can be found in freely available
databases [3-4], but these databases contain a limited number
of data sets with no control over the data collection duration,
or the characteristics, speed, duration, and trajectory of the
test subject. Generating high-quality MOCAP data at will
requires possession of a professional MOCAP system, such
as OpenStage2 from Organic Motion [5], or
MVN/BIOMECH from Xsens [6]. Both the Boulic walking
model and MOCAP data have been shown to successfully
approximate real human micro-Doppler data [7-8], and yield
useful results for micro-Doppler based human detection [910] and classification [11-12] studies.
Unfortunately, such MOCAP systems are almost as
expensive as the radar system itself. In this work, a low-cost
alternative method for generating synthetic micro-Doppler
from MOCAP is developed using Microsoft's Xbox 360
Kinect Sensor [13].
The Kinect sensor is priced at
approximately $100, and was designed to facilitate
interaction between users and computer game enviroment
[14]. Its ease of use and affordable price have attracted
attention from many different research fields and it has been
implemented in various applications, such as unmaned

vehicles (UVs), medical applications and 3D model
reconstruction.
In this work, the Kinect sensor is usedd as a markerless
system for capturing the time-varying coorddinate information
of human joints via a Kinect-based skeletonn tracking system.
The accuracy of the Kinect sensor's depth measurement has
been shown to be approximately 4 cm [27]. As a result, the
Kinect sensor is not as accurate as sppecially designed
MOCAP systems.
Nevertheless, it is shown that
spectrograms generated from Kinect dataa are statistically
comparable to that generate from high qualiity MOCAP data,
and thus exploitable for studies of human miicro-Doppler.
In Section II, the Kinect sensor's techniical specifications
are given, followed by a detailed descripttion of the signal
processing stages implemented to acquire the time-varying
range of the joints of the human body inn Section III. In
Section IV, based on these time-varyinng positions, the
procedure for computing the expected rradar return and
spectrogram for a human is explained. Finaally, in Section V,
examples of spectrograms obtained for a vvariety of human
activities is given, as well as a comparative sstatistical analysis
of features extracted from spectrograms derrived from Kinect
and MOCAP data.
II.

THE KINECT SENSOR
R

The Kinect sensor is comprised of a deppth camera, where
infrared (IR) light is used to create a deepth image of an
object. The Kinect’s IR projector creates a grid of IR dots
over objects placed in front of it. The IR doots constituted by
Kinect are normally invisible to the human eye. However, it
is possible to capture an image of the ddots using an IR
camera. From this image, the skeleton structture and locations
of each joint in the body can be obtained.
Kinect is built on software technologgy developed by
Microsoft, and the range camera is developeed by PrimeSense.
This technology allows users to interpret specific gestures
and make completely hands-free control of eelectronic devices
possible by using an infrared projector andd camera to track
the movement of objects and individuals in 33D [15].
Reverse engineering has determined tthat the Kinect’s
various sensor output video is at a frame rrate of ~ 9 Hz to
30Hz depending on resolution [17]. The K
Kinect also has a
color camera that contains a digital sensor w
which is similar to
many webcams and small digital cameras. T
The Kinect’s color
camera has a relatively low reasolution of 6640 by 480 pixels
with a Bayer color filter, but the hardwaare is capable of
resolutions up to 1280x1024 at lower fram
me rates and other
colour formats such as UYVY. A summaryy of the technical
specifications of the hardware is given in Tabble 1.
The basic principle behind the Kinect deepth sensor is the
emission of an IR pattern and the simultaneoous image capture
of the IR image with a CMOS camera thatt is fitted with an
IR-pass filter. The image processor of thee Kinect uses the
relative positions of the dots in the patternn to calculate the
depth displacement at each pixel position in the image. The
actual depth values are distances from the caamera-laser plane
rather than distances from the sensor itself. H
Hence, the depth

Table 1. Kinect hardware sp
pecifications [17]
Property

Value

Angular Field-of-View

57 ◦ horz., 43◦ vert.

Framerate

Approx. 30Hz

Nominal spatial range
Nominal spatial resolution
(at 2m distance)
Nominal depth range
Nominal depth resolution
(at 2m distance)
Device connection type

640x480(VGA)
3mm
0.8m – 3.5m
1 cm
USB(+external power)

sensor simply can be considered as a device that provides the
coordinates of 3D objects [17].
Although the Kinect system has
h many advantages, as
summarized in Table 2, it also possesses some key
limitations. Kinect's IR image exhib
bits black shadows around
the edges of objects, as shown in Fiigure 1, due to the failure
of infrared energy to reach those areas blocked by an object.
As a result, the Kinect sensor is not able to provide any
meaningful depth information on ob
bjects located within these
shadowed regions [18].
Table 2. Advantages and disadvaantages of Kinect [15].
Advantages
Accurate depth
information [32]
Real-time (30 MHz FPS)
0.4-7 m range

Disadvantages
Sensitive
S
to external
infrared source
No IR depth map up to
range of 0.7 m
Caannot detect crystalline
or highly
h
reflective objects

Low cost (≈ $100)

Figure 1. Limitations of Kinect's IR image, as reflected in this
image of a workbench at TOBB ETU's Remote Sensing Lab.

III.

SKELETON TRACKING WITH KINECT

Skeleton tracking is an important probblem, with many
applications, such as Human Computer Innteraction (HCI),
motion capture and activity recognition. However, there are
challenges due to the large parameter spacce and constraints
involved. Other challenges include the varriation of the IR
camera`s field of vision, positioning of the Kinect sensor to
collect secure data, external constraints (obstacles) that
affects the integrity of the Depth Image and body parameters,
and changes in the external and internnal environmental
conditions.
In this work, skeleton tracking is acccomplished using
MATLAB [19] and the Image Acquisition Toolbox Support
Package for Kinect, a package specific foor the MATLAB
program. The software has the capabilityy to access and
process the depth image created by Kinect, thereby enabling
skeleton tracking. Software to track the skkeleton of human
beings was developed based on the movem
ment of seventeen
different joints on the human body, as illustrrated in Figure 2.

Figure 2. Joint positions [20].
Doppler signature
Computation of the expected micro-D
from a human target requires knowledge off the time-varying
The software
range of points on the human body.
automatically records each 3 dimensional jooint position data
in real time. To simulate the received raddar return from a
human, the time-varying positions of the joints defined in
Thalmann's model must be known. To keepp track of the 3D
space information for each joint, coordinattes of every joint
(x-y-z) are maintained in text files accordinng to joint names.
For example, right ankle joint data is storedd in a file named
"ankleRight.txt". To ensure that the numbber of data points
extracted for each joint is the same, instead of using Kinect's
automatic data downloading program, a MA
ATLAB based user
interface was designed. In this interface, thhe user may enter
the desired data collection duration, while affter termination of
the program, the measured collection duration and sampling
frequency is reported by the software. Both duration and
frequency are critically important parameeters for making
accurate radar simulations.

Data collection with the Kinect sensor was performed in
TOBB ETU Remote Sensing Laboratory. The position of the
Kinect sensor is important for colleccting accurate data. In our
experiments, the position of the tread
dmill is kept fixed, so that
the distance between the Kinect and treadmill is known,
thereby enabling accurate skeleton tracking.
t
A sample image
taken during the course of data collection and skeleton
tracking with Kinect is shown in Fiigure 3. Figure 4 shows a
sketch of the key distances in thee lab setup. The Kinect
sensor was placed upon a tripod witth a height of 92 cm. The
closest range at which the Kineect sensor was able to
successfully track all joints on the bo
ody was 135 cm, whereas
beyond a range of 312 cm the senssor was unable to capture
and form a skeleton for the body. Within these geometrical
constraints, the Kinect was able provide
p
skeleton tracking
information, as shown by the com
mputer animation of the
skeleton tracking information in MA
ATLAB pictured in Figure
5. Due to the small nature of this raange, some activities, such
as running, were captured with the aid of a treadmill.

Figure 3. Example of skeleton tracking
t
with Kinect.

Figure 4. Schematic of lab setup. (a) Dead spot of Kinect,
(b) Accurate skeleton tracking sp
pace, (c) Kinect height
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Figure 5. MATLAB animation of test subject's motion, as
derived from Kinect skeleton tracking data.
IV.

MICRO-DOPPLER SIGNATURE COMPUTATION

The total radar return from the human body may be
described as the superposition of returns from a finite number
of point targets corresponding to different body parts. Here,
each body part between two joints is represented by
ellipsoids, with the exception of the head, which is
represented with a sphere. Thus, the total return from pulsed
Doppler LFM radar may be expressed as [9-10,12]
10
⎛ tˆ − t d ,i
s h (n, t ) = ∑ at ,i rect ⎜⎜
i =1
⎝ τ

⎞ j[ −2πf c td ,i +πγ ( tˆ −td ,i ) 2 ]
⎟e
, (1)
⎟
⎠
where the time t is defined as t =T(n −1) +tˆ in terms of the

pulse repetition interval (PRI), T, pulse number, n, and time

relative to the start of each PRI, tˆ ; at,i and td,i are the
amplitude and time delay of the return of each body part; τ is
the pulse width; c is the speed of light; γ is the chirp slope;
fc is the transmitted center frequency.
The time varying position of each joint on the human
body is obtained from the output of the skeleton tracking
software. Typically, Kinect updates the location of each joint
at a rate of 30 Hz. This rate corresponds to a sampling
interval of 0.033 s. For a person walking at 2 m/s, this would
give only thirty samples over an interval of 2 m - much too
sparse to derive an accurate spectrogram. Thus, the data is
interpolated to achieve a sampling rate of 2400 Hz prior to
pulse compressing, which causes the data to exhibit a peak at
the range bin in which the target is present. Taking a slice
across slow-time at the range bin of the peak output,
10

x p [n] = ∑ at ,iτe

−j

4πf c
Rd ,i
c

,

(2)

i =1

where Rd,i is the range from the antenna to the center of each
body part. Then, the short-time Fourier transform (STFT) is
applied to this array and spectrogram of radar response is
plotted [21-22] as shown in Figure 5.
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Figure 6. Simulated spectrogram derived from Kinect data for
a person walking directly towardsthe radar.
In the spectrogram, the torso oscillations are clearly seen
as the red peaks in the middle zone of the spectrogram. The
largest amplitude oscillations within the spectrogram are due
to the periodic motion of the legs. Notice that the amplitude
of the third leg oscillation is slightly smaller than the previous
two oscillations. The reason for this is that the region over
which Kinect collects data restricts the amount of motion that
can be captured. In this case, after taking two full steps, the
test subject's last step before exiting the data collection region
was a smaller, almost like a half step. This difference in gait
is thus reflected in the spectrogram derived from the Kinect
data.
V.

ANALYSIS OF KINECT-BASED SPECTROGRAMS

In this work, the Kinect sensor was used to generate
simulated spectrograms of the human micro-Doppler signature
that would be obtained from a pulse-Doppler radar with a
center frequency of 15 GHz and bandwidth of 150MHz.
Measurements were made for five different human activities:
walking, running, leaping, boxing, and an unspecified random,
variable motion that each subject was asked to invent
themselves. For the case of walking and running, the Kinectderived spectrograms were compared with spectrograms
derived from high-quality motion capture data distributed by
the Carnegie Mellon Motion Capture Laboratory [3], as shown
in Figure 7. The kinect spectrograms obtained for leaping,
boxing and random motions are shown in Figures 8-10.
Visual comprarison of the spectrograms shows that the
micro-Doppler signatures for different motions have
observable differences that can be used to discriminate
between activities. Visually differentiable signatures are also
usually able to be automatically classified. In this work,
Kinect results will be not just visually compared with the
results derived from high quality MOCAP data, but also
statistically analyzed via the variance of feature estimates
extracted from these spectrograms.
As classification
performance is strongly dependent upon accurate extraction of
features, the mean and variance of features based on the
source motion capture data will give a good indication of the
ability of Kinect-based data to be used in automatic target and
activity recognition applications.

(a) Kinect-based spectrogram for walking

(b) Kinect-based spectrogram for running

(c) CMU MOCAP-based spectrogrram for walking

(d) CMU MOCAP-based spectrogrram for running

Figure 7. Comparison of Kinect-basedd (a,b) and CMU-based (c,d) spectrograms for walking (a,cc) and running (b,d).

(a)

(b)

(c)

Figure 8. Kinect-based sppectrograms for (a) leaping, (b) boxing, and (c) a random motion.
m

To assess the statistical characteristics off the Kinect-based
spectrograms, three different features were cconsidered in this
work: (1) the mean torso velocity, (2) meann upper envelope,
and (3) mean lower envelope. For the actiivities of walking
and running, the mean and variances of eestimates of these
three features as extracted from Kinect andd CMU MOCAPbased data is provided in Table 2. The statisstical properties of
the Kinect data for all motions considered arre shown in Table
3. These statistics are based on 186 CMU
U MOCAP-based
spectrograms and 23 Kinect-based specctrograms.
The
spectrograms are generated using 1.5 second windows. The

fo leaping, boxing, and
statistics for Kinect-based data for
random motion are given by Table 3..
These results show that while theere are slight differences in
the mean values found for some features, the values are
comparable enough to ensure successful classification.
Moreover, the variances of feature estimates are small enough
fe
for a given activity
that the distribution of values of a feature
does not overlap with the distribution
n of another feature. This
too is a desired characteristic for ensuring successful
classification results.

Table 2. Statistical comparison of features derived from
Kinect-based spectrograms and CMU-based spectrograms in
the case of a walking person.
Kinect-Based

CMU-Based

Mean

Variance

Mean

Variance

Feature 1

1.1139

8.16x10

-4

1.1980

0.0489

Feature 2

3.6453

0.2520

3.4144

0.2568

Feature 3

-1.0670

0.1118

-0.3722

0.0206

[1]

[2]

[3]
[4]
[5]
[6]
[7]

[8]

Table 3. Statistical properties of features extracted from
Kinect-based spectrograms for a variety of human activities.
[9]

Features
Running
Leaping
Boxing
Random

1

2

3

Mean

1.8178

4.0963

-0.1357

Variance

0.0220

0.0198

0.0923

Mean

0.3377

1.6945

-0.8680

Variance

0.1254

0.5647

0.0237

Mean

0.0326

1.8727

-1.5777

0.1454

0.2233

-4

Variance

4.3326x10

Mean

1.3933

3.6502

-0.6213

Variance

0.0021

0.0561

0.0509

[10]

[11]

[12]

[13]
[14]

VI.

CONCLUSION

In this work, a technique for generating low cost motion
capture data for the application of simulating radar microDoppler signatures is presented. Example signatures are
provided for a variety of activities, including walking,
running, leaping, boxing, and random motion. To examine
the suitability of data for micro-Doppler classification
studies, the statistic properties of three features extracted
from Kinect-based and high motion capture based data is
computed. It is observed that comparable mean values and
sufficiently low variances are achieved, thus validating the
proposed approach for simulating micro-Doppler. In future
work, Kinect-based data will be used as a data source for a
variety of studies in the detection and classification of
humans with radar.
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[16]
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