High-Resolution Time-frequency Distributions for Fall Detection
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ABSTRACT

In this paper, we examine the role of high-resolution time-frequency distributions (TFDs) of radar micro-Doppler
signatures for fall detection. The work supports the recent and rising interest in using emerging radar technology for
elderly care and assisted living. Spectrograms have been the de facto joint-variable signal representation, depicting the
signal power in both time and frequency. Although there have been major advances in designing quadratic TFDs which
are superior to spectrograms in terms of detailing the local signal behavior, the contributions of these distributions in the
area of human motion classifications and their offerings in enhanced feature extractions have not yet been properly
evaluated. The main purpose of this paper is to show the effect of using high-resolution TFD kernels, in lieu of
spectrogram, on fall detection. We focus on the extended modified B-distribution (EMBD) and exploit the level of
details it provides as compared with the coarse and smoothed time-frequency signatures offered by spectrograms.
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1. INTRODUCTION

The old-age dependency ratio, which is defined as the ratio of the population aged 65 years or over to the population
aged 20-64, has been rising in many countries all over the world. According to United Nations estimates for about 30
countries, this ratio is anticipated to reach 30% in 2020 [1]. A number of techniques have been proposed to sense vital
signs and motions for ambient assisted living of elderly [2-4]. Exiting sensing techniques include those monitoring
physiological signs (e.g., electrocardiography (ECG)) and accelerometers, camera and thermography, passive infrared
sensors, and radio frequency identification (RFID) devices. It is noted that ECG, accelerometers, and RFID require that
devices be attached to human body, whereas camera systems are sensitive to lighting conditions, may be obscured by
walls and fabrics, and, more importantly, raise privacy concerns.

Radar is an excellent sensing modality for assisted living and has gain rapidly increasing interests [5-9]. Radars offer
non-intrusive, clutter suppressed and noise tolerant sensing systems [10]. As such, they enable monitoring of the
elderlies’ motion profiles in their private homes. Radar systems avoid direct contact (unlike ECG and accelerometers).
Compared to optical and infrared-based systems, radar systems can operate in all types of environments, can penetrate
walls and fabrics, preserve privacy, and are insensitive to lighting conditions.

A radar system transmits an electromagnetic wave over a certain range of frequencies and analyzes the return signals. It
estimates the velocity of a moving object by measuring the frequency shift of the wave radiated or scattered by the
object, known as the Doppler effects [11]. For an articulated object such as a walking person, the motion of various
components of the body including arms and legs induces frequency modulations on the returned radar signal and
generates sidebands about the Doppler frequency, referred to as micro-Doppler signatures [12]. Radar Micro-Doppler is
the phenomenon of the observed micro-motions on top of the bulk main Doppler component of a target’s motion. It can
be observed by continuous-wave (CW), stepped-frequency continuous-wave (SFCW), or pulse-Doppler radar systems
[13-16]. Whereas the motion of the torso creates a Doppler frequency, the motions of the limbs cause micro-Doppler
which comprises the changes around the Doppler frequency.

Motion classifications based on target micro-Doppler signatures are typically based on time-frequency analyses of the
radar returns. Among quadratic TFDs, spectrograms have been the de facto joint-variable signal representation, depicting
the signal power in both time and frequency [5, 6, 8, 14]. The wavelet transform, as a linear signal time-frequency
representation, is also found useful for this purpose because of its use of spectrum-dependent window functions [7, 9].
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Several papers on motion classifications using radar proceed to extract pertinent features to the motion profiles of
interest in the time-frequency domain and then apply these features to a classifier. Although there have been major
advances in designing quadratic time-frequency distributions (TFDs) which are superior to spectrograms in terms of
detailing the local signal behavior, the contributions of these distributions in the area of human motion classifications
and their offerings in enhanced feature extractions have not yet been properly evaluated.

In this paper, we examine the role of high resolution TFDs for fall detection. The work supports the recent and rising
broad interest in using emerging radar technology for elderly care and assisted living. The paper contributions are
twofold: a) We show the effect of using high resolution TFDs, in lieu of spectrograms on classification rates of the fall.
We use features which have been commonly identified and used in association of falls and spectrograms; b) We devise
new features in congruence with high resolution TFDs which exploit the level of details provided by these distributions
in comparison with the coarse and smoothed time-frequency signatures offered by spectrograms.

2. SIGNAL MODEL

A monostatic CW radar transmits a sinusoidal signal, expressed as s(t) = exp(j2nf.t), where f_is the carrier

frequency. Consider a point target which is located at a distance of R, from the radar at time ¢t = 0, and moves with a
velocity of v(t) in a direction forming an angle of & with the radar line-of-sight. As such, the distance between the radar
and the target at time instant t is

R(t) = Ry + fotv(u) cos(6) du. (1)
The received radar signal can be expressed as
. 2R(¢)
Xa(t) = pexp |j2nfe |t ——— ||, 2

where p is the target reflection coefficient and c is the velocity of the EM wave propagation. The Doppler frequency
corresponding to x, (t) is

fr (@ = 2v(t) cos(8)/A,, ®)
where 4. = c¢/f; is the wavelength.
For a spatially extended target, such as a human body, the radar return is the integration over the target region Q, given

by
x(t) = [, xq (H)da. @

In this case, the Doppler signature is the superposition of all component Doppler frequencies. Torso or gait motions
generally generate time varying Doppler frequencies, and their exact signatures depend on the target shape and motion
patterns. Note that, as the frequency varies with time, this type of signals is usually characterized as nonstationary FM
signals.

3. HIGH-RESOLUTION TIME-FREQUENCY ANALYSIS

3.1 Time-Frequency Distribution

Time-frequency analysis is a natural tool that reveals the time-varying Doppler and micro-Doppler frequency signatures
with enhanced signal energy concentration. A number of methods are available to perform time-frequency analysis of
the Doppler and micro-Doppler signatures. These methods can be generally divided into the following two classes: linear
time-frequency analysis and quadratic time-frequency analysis. The short-time Fourier transform (STFT) is a commonly
used technique to perform linear time-frequency analysis [17]. Its squared magnitude, referred to as the spectrogram, is
related to a large class of quadratic time-frequency representations [18].

The STFT of the data x(t) with a window h(t) is expressed as
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where f is the frequency index. The spectrogram is obtained by computing the squared magnitude of STFT, expressed as
oo 2
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On the other hand, the quadratic class of TFD of a signal x(t) is defined as the two-dimensional Fourier transform of its
kernelled ambiguity function, expressed as

D(t. )= ISt NI* =

D(t, f) = ¢(0,7)A(0,1)exp(janft — j2mOt), (7
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where
A(0,7) = Z x(u+ t)x*(u — 1) exp(—j2mou) (8)

is the ambiguity function, and ¢ (0, t) is the time-frequency kernel. Here, 8 and z, respectively, denote the frequency
shift (also referred to as Doppler frequency) and the time lag. The properties of a quadratic TFD are heavily affected by
the applied kernel.

The Wigner-Ville distribution (WVD) is often regarded as the basic or prototype quadratic TFD, since the other class of
quadratic TFDs can be described as filtered version of the WVD, whereas the effective kernel function of the WVD can
be considered as unity across the entire ambiguity function. WVD is known to provide the best time-frequency
resolution for single-component linear frequency modulated (LFM) signals, but it yields undesirable cross-terms when
the frequency law is nonlinear or when a multi-component signal is considered.

Various reduced-interference kernels (RIDs) have been developed to reduce the cross-term interference. RID kernel
¢(6,7) acts as a filter and places different weightings on the ambiguity function. Majority of signals have auto-terms
located near the origin in the ambiguity domain, while the signal cross-terms are distant from the time-lag and
frequency-shift axes. As such, RID kernels exhibit low-pass filter characteristics to suppress cross-terms and preserve
auto-terms.

3.2 Extended Modified B-Distribution

High-resolution kernels have been a subject of interest in bilinear time-frequency analysis [18-20]. In this paper, we use
the extended modified B-distribution (EMBD) to generate the TFDs of the radar returns. It has been shown that EMBD
is the simplest of several TFDs that achieve better auto-term resolution and yields improved performance for target
classification [18]. The EMBD applies its kernel filter along both lag and Doppler axes, resulting in the expression [20]:

IT(B + jmd)|? IT(a + jmr) |
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where —05<60<0.5,-05<7t<050<a<1,and0<p <1. The lengths of the Doppler and lag windows are
controlled by separate parameters o« and £, respectively. The extra degrees of freedom in the formulation of the EMBD
allow to independently adjust the lengths of the windows along both lag and Doppler axes. This renders it a more useful
tool for the analysis of the gait signals considered in this paper. Since we deal with deterministic signals, the time-
frequency kernel is not tasked with producing low variance spectral estimate which is the case in nonstationary random
processes [21, 22].
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4., EXPERIMENTAL RESULTS
4.1 Experimental Setup

A CW radar was set up in the Radar Imaging Lab at Villanova University. The experiment scene is shown in Fig. 1.



Agilent E5071B network analyzer was used for signal generation and measurement of radar returns. A carrier frequency
of 8 GHz was employed and the transmit power was set to 3 dBm. The network analyzer was externally triggered at a 1
kHz sampling rate. The record time of each experiment is 20 seconds, generating a total of 20,000 data samples. A
vertically polarized horn antenna (BAE Systems, Model H-1479) with an operational frequency range of 1-12.4 GHz
and 3-dB beamwidth of 45 degrees was used as a transceiver for the CW monostatic radar. The feed point of the antenna
was positioned 1.15 m above the floor.

-

Figure 1. Experiment scene.

The radar data were collected from human subjects with direct line of sight to the targets. The experimental studies were
approved by Villanova University’s Institutional Review Board and with consent from all participants.

4.2 Feature Extraction

The feature extraction and motion classification were described in [8]. In this paper, we demonstrate that the use of
EMBD, in lieu of the spectrogram, enhances the feature extraction.

Based on the time-frequency analysis results obtained from either the spectrogram or the EMBD, the power burst curve
(PBC) is generated to identify important events for which a classification process should be initiated to detect whether
such an event is a fall. The PBC represents the summation of signal power within a specific frequency band between
frequencies f; and f, at the kth time instant, i.e.,

PECII= ) IDEHE+ ) DR, (10)
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We choose f;=70 Hz and f,=100 Hz to detect high-power events as catastrophic events, such as falls, typically have high
Doppler power content within this frequency band [8].

Once an event is detected by thresholding the PBC, we construct a four-second window of the spectrogram, centered
around each of these points that correspond to the PBC peak, to determine whether a fall has happened. The proposed
technique consists of segmentation processing to obtain a clean binary time-frequency signature for feature extraction in
each window.

4.3 Results

Fig. 2 shows the spectrogram and EMBD of a fall towards the radar, generating positive Doppler frequencies at around t
= 8 second. For the EMBD, parameters that control the Doppler and lag windows are chosen to be « = 0.04 and £ =0.5



in all the computations. The threshold is respectively adjusted to filter out most of the noise, and the results are shown
with the same 40 dB dynamic range. Note that the exact levels differ for the two distributions due to different scaling in
their computations. For this example, a PBC peak is detected around t = 7.5 second, and the corresponding four-second
plots are shown in Fig. 3. When compared to the smoothed spectrogram, it is clear that the EMBD achieves a better
contrast and connectivity, and reveals more details about the Doppler frequency signature.

We artificially add complex Gaussian noise to the observed data such that the noise floor is raised approximately by 5
dB. The corresponding four-second TFD plots are shown in Fig. 4. The value range is raised by 5 dB in both plots as
compared to Fig. 3. Fig. 5 shows the segmented binary image, without performing morphological processing,
corresponding to the spectrogram and the EMBD, where the threshold level is -54 dB for the spectrogram and -29.5 dB
for the EMBD. The segmented results allow the extraction of the useful features, e.g., extreme frequencies, extreme
frequency ratio between positive and negative frequency components, and the length of event, for fall detection and
motion classification [8]. The enhanced connectivity and the higher level of details provided by the EMBD are poised to
provide more reliable feature extraction which will be verified once a high number of training and testing data is
collected.
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Figure 2. TFDs of falls. (a) Spectrogram; (b) EMBD.
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Figure 3. TFDs of falls for the four-second interval around the fall. (a) Spectrogram; (b) EMBD.
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Figure 4. TFDs of falls with added artificial noise. (a) Spectrogram; (b) EMBD.
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Figure 5. Segmented TFDs of falls with added artificial noise. (a) Spectrogram; (b) EMBD.

CONCLUSION

We have examined the offerings of using high-resolution time-frequency distributions, particularly the extended
modified B-distribution, for the classification of fall detection. Analysis of real measurement data confirms that the
EMBD provides improved contrast and connectivity in the resulting time-frequency distribution and reveals a higher
level of details as compared with the coarse and smoothed time-frequency signatures offered by spectrograms.
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