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Abstract 
 

This work explores the use of cardiac data acquired by a 
2.4 GHz radar system as a potential biometric 
identification tool. Monostatic and bistatic systems are 
used to record data from human subjects over two visits. 
Cardiac data is extracted from the radar recordings and 
an ensemble average is computed using ECG as a time 
reference. The Continuous Wavelet Transform is then 
computed to provide time-frequency analysis of the 
average radar cardiac cycle and a nearest neighbor 
technique is applied to demonstrate that a cardiac radar 
system has some promise as a biometric identification 
technology currently producing Rank-1 accuracy of 19% 
and Rank-5 accuracy of 42% over 26 subjects. 

1. Background 
The detection of cardiopulmonary signals using radar 

has been successfully performed by several groups [1,2,3]. 
Zhou et al. [4] used the Doppler effect to determine the 
number of people in an environment. Petkie et al. [5] used 
a millimeter wave radar to measure cardiac and respiratory 
rate from 8-10m away and postulate the ability to make 
these measurements from 100m using different 
frequencies. Another study was able to measure cardiac 
and respiratory rate through a wall [6]. 

Radar systems have also been suggested for 
physiological analysis of the heart, with theoretical and 
experimental work demonstrating that markers in the radar 
waveform can be correlated to different stages of the heart 
contraction cycle [7]. Additionally, cardiac data collected 
by other modalities such as Electrocardiogram (ECG), 
Phonocardiogram (PCG) and Laser Doppler Vibrometry 
(LDV) contain usable biometric discriminatory 
information [8,9,10,11]. Since it has been shown that 
cardiac radar data is correlated with ECG/PCG/LDV, in 
this work, we examine the potential of cardiac radar to 
yield subject-specific features which could  be used for 
biometric recognition. 

Cardiac radar as a biometric modality is of interest for a 
variety of reasons. It is non-invasive and requires no 
subject cooperation or knowledge. In addition, as a cardiac 
measure it inherently has strength in anti-spoofing 

(liveness). Cardiac radar has also been demonstrated in 
applications through wall/earth to detect lifeforms in an 
area of interest. Combining lifeform detection with 
identification through-wall would have benefits in many 
applications. 

A majority of the successful cardiac biometric projects 
have used ECG. Our goal is to investigate the methods 
used in ECG biometrics and apply them to waveforms 
obtained from a cardiac radar.  In the long run, finding a 
successful identification technique along with developing 
a long-range radar capable of consistent waveforms will 
allow long distance, unsolicited identification of targets. 

1.1. ECG Fiducial Methods 
ECG as a biometric was used in 2001 by Biel et al. [12] 

and Kyoso et al. [13].  Biel et al. used a SIEMENS 
Megacart to extract identifiable features from a subject’s 
ECG signal.  The extracted features were different 
temporal, amplitude, percentage, and angle measurements 
between significant locations on the QRS wave.  These 
features were recorded multiple times for 20 individuals 
and stored within a training database.  Then, to identify an 
individual, they extracted new features from the subject 
and used principal component analysis (PCA) to classify 
them with the testing data.  Kyoso et al. used similar ECG 
features as Biel at al. but used linear discriminant analysis 
(LDA) to classify their subjects. 

The features from the ECG that [12] and [13] used as 
basis for identification are known as fiducial points.  Israel 
et al. [14] looked into the reliability of using fiducial 
points for biometric identification.  In their study, they 
recorded ECG data from the chest and the neck of 
twenty-nine individuals during tests that stimulated 
various anxiety states.  Using averaged heartbeats from 
each trial, they extracted 15 temporal fiducials (all with 
respect to the R peak) and normalized them by dividing by 
the duration of the entire heartbeat (the time between L 
and T complexes).  Following normalization, they 
classified individual heartbeats using linear discriminant 
analysis (LDA) and then classified individuals using a 
contingency matrix, which identified individuals using a 
nearest neighbor method.  Their results showed that, 
pending proper processing, their fiducial point 
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identification method is independent of the sensor location 
and anxiety state of the individual. 

1.2. ECG Non-Fiducial Methods 
In the late-2000’s, many researches began to develop 

non-fiducial feature extraction methods for biometric 
authentication.  In [15], Wang et. al. argued that using the 
temporal and amplitude differences between fiducial 
points may be inadequate for consistent biometric 
identification.  In their study, they proposed a non-fiducial 
feature extraction method that uses normalized 
autocorrelation (AC) and the discrete cosine transform 
(DCT) on ECG data to develop a feature set.  To classify, 
they ordered their test cases using the nearest neighbor of 
the Euclidian distance.  They compared this method to a 
standard fiducial based method and found that their 
non-fiducial method was more accurate.  Agrafioti further 
expanded on this AC/DCT non-fiducial method in [16]. 

One of the prominent non-fiducial feature extraction 
methods is the wavelet transform, which was used to 
extract features from [17,18] and denoise [17,19] the ECG 
signal.  In [17], Wan and Yao proposed a neural network 
classification system that used the discrete wavelet 
transform (DWT) of the ECG data as a feature template.  
They used a 6-level DWT with a bior1.1 wavelet for their 
feature extraction, citing the wavelet’s historical use in 
image reconstruction.   In [18], Chan et. al. used a 5-level 
DWT with a 3rd-order Debauchies wavelet to extract 
features from a signal averaged ECG (SACEG) wave.  
They achieved an 89% classification accuracy using a 
nearest neighbor classifier.   

Aside from the wavelet transform, a large variety of 
other non-fiducial feature extraction methods were 
attempted.  In [20], Yang et. al. used a normalization and 
interpolation algorithm (ECOIL) to extract features from 
individual ECG cycles and then classified them using 
Euclidian Distance and k nearest neighbor (kNN).  In [21], 
Odinaka et. al. used a symmetric relative entropy (SRE) 
algorithm to extract features from the spectrograms of 
individual ECG pulses.  The SRE algorithm is designed to 
create features that are distinguishable from all subjects in 
the database.  For identification, the SRE features of a 
subject were tested against the database using a 
log-likelihood ratio (LLR) algorithm that determines the 
similarity between the two feature templates and then a 
KNN classifier is used to select the template with the 
highest LLR score.  

Safie et. al. [22] proposed a feature extraction algorithm 
called pulse active ratio (PAR).  In PAR, a periodic 
triangular waveform is placed over a single ECG pulse.  
The pulse feature vector is generated as a sequence of 
square pulses that have widths determined by the positive 
and negative slope intersection points of the triangular 
overlay.  To classify feature vectors they used Euclidian 
distance and KNN.  To test their PAR method, they 

compare with results of fiducial methods from [12&14], 
and determine that the PAR non-fiducial method is 
superior. 

2. Methods 

2.1. Radar Setup 
A heterodyne radar system was designed to acquire 

physiological signals reflected from and transmitted 
through subjects. A Holzworth low phase noise 
HS90002A RF Synthesizer was used to produce a 2.4GHz 
transmit tone and a 2.4GHz+1kHz shifted tone which 
served as the heterodyne signals. Two configurations, 
shown in Figure 1, were tested: monostatic where the 
same antenna was used for transmit and receive, and 
bistatic where a transmit antenna was positioned on one 
side of the body and a second receive antenna was 
positioned on the opposite side of the body. All antennas 
were oriented with vertical polarization. The antennas 
used were Yagi directional antennas with a beamwidth of 
approximately 30°. The 2.4GHz signal was routed to the 
transmit/receive antenna through a circulator in the 
monostatic configuration and directly to a transmit-only 
antenna in the bistatic configuration. The 2.4 GHz 
received signal was mixed with the 2.4001 GHz (via the 
circulator in mono-static configuration and directly in 
from the receive antenna in bi-static) to produce a 1kHz 
intermediate frequency (IF). A low IF was used to avoid 
problems with DC offsets in the mixer.  This 1kHz IF was 
then digitized and the final conversion to DC in-phase (I) 
and quadrature (Q) data was done in the computer (PC). 

 
 
 

 
Figure 1: Cardiac Radar Setup:  Monostatic Configuration (Left) 
and Bistatic Configuration (Right) 
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2.2. Human Subject Data Collection 
A human subject collection plan was approved by the 

Clarkson University IRB and data was stored using an 
anonymous identification number. Data was collected 
from 26 subjects recorded during two visits at least one 
week apart (first visit for enrollment and second visit for 
match testing). During the collection, Radar, 3-lead 
Electrocardiogram (ECG) and Phonocardiogram (PCG) 
were simultaneously collected at a sampling rate of 
10kHz. During each visit 12 trials lasting one minute each 
were captured by varying the antenna configuration and 
distance as shown in Figure 2. Two distances were chosen: 
0.5m which results in the antenna main lobe illuminating 
approximately the width of the chest, and 0.05m which 
was determined to be the minimum safe distance based on 
FCC Maximum Permissible Exposure (MPE) in the 
1.5-100GHz range for General Population/Uncontrolled 
Exposure. A mesh-backed chair was used to provide 
full-back support with minimal radar signal interference. 

 

 
Figure 2: Antenna configurations for the 12 trials acquired 
(numbered in the top-left). Two antenna distances were used: 
near (0.05m) and far (0.5m) as depicted by the transmit (Tx) and 
receive (Rx) arrows. 

2.3. Signal Processing 
After collection, several steps are required to process 

the radar data to isolate the cardiac signals. The steps to 
extract Magnitude and Phase are shown in Figure 3. First 
the raw digitized signal is demodulated into I and Q by 
multiplying the raw signal by the complex exponential: 

𝑒!!𝛚!""! 
Here ωoff is the offset between the two frequencies (1kHz).  
I is the real component and Q is the imaginary component. 
Each contain both low-frequency (desired) and 
high-frequency at/above ωoff (undesired) components.  The 
desired DC  I and Q components are then isolated using a 
zero-phase Parks-McClellan FIR lowpass filter with a 
cutoff frequency below ωoff.  Finally the magnitude and 
phase of the complex signal are extracted from the I and Q 
data  These signals are shown in Figure 3. The top graph 
in Figure 3 appears as a solid shape because it is 
oscillating at ωoff. 
   

 
Figure 3: Several signal processing steps are applied to extract 
cardiac radar magnitude and phase. This trial was selected due to 
the obvious cardiac signature for demonstration purposes.  

 
 
Note that the signals shown in Figure 3 were from Trial 

3 to show a clear cardiac pattern with little respiratory 
signal. However, in most trials the respiratory return was 
much larger than cardiac. Therefore, in general an 
additional high pass filter would need to be applied to 
observe the cardiac signal over the duration of a trial. 
Instead in this work noise (including the respiratory signal, 
was removed by creating an ensemble average of the 
cardiac cycle from the radar data for each trial. An ECG 
R-wave peak detector is used to generate a time-reference 
for creating a one second average radar cycle (0.5s before 
and 0.5s after R-wave peak). All one-second cardiac 
cycles within the 60s recording are averaged to produce 
the average radar cardiac cycle.  This process is 
demonstrated in Figure 4. 
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Figure 4: Radar Cardiac Cycle Ensemble Average. ECG R-wave 
peaks are detected as a time reference to generate one-second 
windows of radar data that are averaged to create the ensemble. 
PCG is shown for illustration purposes to frame systole, but is 
not used in the calculation. 

2.4. Feature Extraction 
Features were developed toward the goal of being 

consistent for the particular subject over visits but 
differentiating them from other subjects. The features 
selected in this work were the peaks of the Continuous 
Wavelet Transform of the radar ensemble average. The 
CWT provides a 3D time-frequency plot of the radar 
ensemble average providing the time-progression of 
frequency-components for a particular subject.  CWT was 
selected due to the hypothesis that subject-specific 
features may be frequency-related, but at certain 
time-shifts relative to the ECG R-wave.  The peaks of 
these CWT plots are found and their coordinates (x,y) are 
stored as the features to be used for subject identification. 

The result using the Discrete Meyer wavelet for one 
subject/trial (magnitude) is shown in Figure 5. 

 
Figure 5: Continuous Wavelet Transform (CWT) of the radar 
ensemble average magnitude using the Discrete Meyer wavelet 
and an automated peak-find algorithm. 

 
The peaks were found by a multi-stage process.  The 

CWTs were first computed as black and white binary 
images.  These binary images could then be used with the 
image regional maximum function (MATLAB function 
‘imregionalmax’ [23]) that creates points at peaks of an 
image or surface.  The resulting images depicted clusters 
of multiple datapoints with similar values around each 
peak area in the image. For the final stage in determining 
peak locations an additional function (MATLAB 
‘regionprops’) was used to determine the centroids of 
circular clusters.  

2.5. Classification 
A multiple-vote nearest-neighbor algorithm is used as a 

classifier for this 1:N database matching biometric 
application. Enrollment in the database involves storing 
each of the peak locations per subject for the first visit. 
Matching is conducted per subject on data from the second 
visit. In the match selection for each test-subject, each 
peak is considered from that test-subject and the 
database-subject with the nearest neighboring peak is 
considered one vote for that database-subject being the 
best match. The process is repeated for each peak of the 
test-subject. Votes are tallied in rank-order. This process is 
repeated for all test subjects and for each trial. 

One subject's peaks are compared to all other subjects 
peaks as follows.  Let subject one's peaks be an array of 
peak locations P1 and additional subjects be labeled P2, P3, 
and so on.  For any one peak, find the closest peak in each 
other subjects peak data sets.  This is done utilizing the 
“knnsearch” algorithm in the MATLAB Statistics Toolbox 
[24].  Each one point in subject “i” gets a row of distances 
from every point in subject “j.”  Finding the min of each 
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row gives the closest peak locations of Pj to every data 
point in the Pi data-set.   

 This method is utilized for every subject, each one 
subject is compared to all other subjects.  Once everyone's 
data has been compared to one-another, then the distances 
of the nearest-neighbor's are ranked in order of how many 
points were found closest.  In a “class” like fashion each 
test subject owns a count vector of the length of the 
number of subjects.  Whenever a peak from one subject's 
data set is the nearest match, the count is incremented in 
the count vector.  The count vector describes which 
subjects data nearest matches the test subject.   

3. Results 
Initially, the ensemble averages were visually inspected. 

Some trials, like the one in Figure 6 below showed 
significant correlation between subjects. These trials lend 
confidence that a consistent cardiac signal is being 
measured, however trials with more variability may yield 
more successful results as biometrics. 

 
 

 
Figure 6: Trial 3 cardiac radar ensemble average showing 
magnitude (top) and Phase (bottom) plotted independently for all 
76 recordings (50 subjects, 26 of whom visited twice). ECG 
R-wave peak is at the center (time 0). 

 
 
Additional observations were made by comparing 

smaller subsets of subjects over two visits as shown in 
Figure 7. This allowed visual inspection of signal 
properties that may be consistent for a subject while 
differentiating that subject from others. These 
comparisons lead to the application of wavelet transform 
for time-frequency analysis. Further visual analysis of 
CWT plots and peaks allowed refinement of wavelet 
properties and peak-finding algorithms. 

 
Figure 7: Trial 1 phase ensemble average shown here for a 2 
second window to visualize approximately 2 cardiac cycles. 

 
Rank accuracies were computed for each trial over the 

26 subjects used for enrollment and testing. Using the 
rank-order output from the CWT peak nearest neighbor 
classifier, rank accuracies were computed. Thus a Rank-1 
accuracy is the percent of correct classifications using only 
the top choice where a Rank-5 accuracy is the percent of 
correct classifications accepting anything in the top-5 
selections. Table 1 shows accuracies for Magnitude.  
Accuracies for Phase have been significantly lower to 
date, but will be explored further in future work. 

 
Table 1: Rank accuracy (%) by trial for Magnitude. 
 Rank 
Trial 1 2 3 4 5 
1 12 23 27 31 39 
2 12 23 27 31 35 
3 12 23 31 31 35 
4 12 23 31 31 35 
5 12 19 31 31 35 
6 12 23 31 31 35 
7 19 23 31 31 39 
8 19 23 31 31 42 
9 15 23 31 31 42 
10 15 27 31 31 42 
11 15 27 31 35 42 
12 19 27 31 35 42 
Mean 14.4 23.7 30.1 31 38.5 
 

4. Discussion 
This is the first work applying a cardiac radar system as 

a biometric identification tool. Although a 
best-configuration Rank-1 accuracy of 19% would be too 
weak for most real-world applications, these accuracies 
being significantly better than chance justify additional 
work with this novel biometric technology. It may also be 
commented that including a secondary technology (i.e., 
ECG) may positively bias the performance, here the ECG 
is being used strictly as a time reference. Although ECG is 
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a more precise time reference than could ever be expected 
from radar alone, it provides a simple solution for 
averaging this radar-only biometric data when assessing 
its value as a biometric.  More research is needed to create 
a method for cardiac cycle averages that are not based on 
the ECG. 

This radar system operates in the same frequency range 
as most cellular phones but at 1% of the power. While the 
current system uses a experimental quality, low phase 
noise signal generator, it is possible that this technology 
may be scalable and adaptable to lower-cost and more 
mobile platforms. This possibility combined with the 
potential for a multi-modal biometric system incorporating 
radar adds promise. 

5. Conclusions 
Cardiac data obtained from a 2.4 GHz radar system 

shows promise as a biometric. Future work will apply 
additional techniques for signal processing, feature 
extraction and classification such as those used in other 
cardiac biometric work. For example a list of fiducial 
measurements could be derived from the radar ensemble 
average such peak delay from ECG R-wave, min-to-max 
delay and peak-to-peak height for use as features. 

In addition, the cardiac radar data acquired in this work 
and the signal processing methods applied will be 
investigated for correlation with physiological events. 
Radar features correlated with physiological events could 
prove useful as medical diagnostic tools. Furthermore, a 
better understanding of the physiological meaning of the 
cardiac radar data could allow optimization of signal 
processing and classification algorithms towards improved 
biometric performance.   
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