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Abstract—In this letter, we experimentally present a customized 

hardware framework to implement contactless millimeter-wave 

(mmWave) vital sign sensing in the 60 GHz license-free 

industrial, scientific, and medical (ISM) band using Dynamic 

Metasurface Antenna (DMA). The proof-of-concept experiment 

highlights how mmWave RF sensing challenges can be addressed 

through the pattern diversity of a DMA-assisted setup, 

eliminating the need for commercial Wi-Fi routers or reflecting 

surfaces. The measured results demonstrate that mmWave 

signals can be precisely steered toward the human body, and 

analysis of the reflected signals enables accurate estimation of 

breathing and heart rates. The reflected signal strength exceeds 

ambient noise by over 30 dB, supporting reliable vital sign 

sensing over the mmWave channel. We experimentally evaluate 

breathing and heart rates using the magnitude signature of 

measured channel state information in a realistic indoor 

environment. Experimental results demonstrate low mean 

absolute errors for both respiration and heart rate compared to 

ground truth sensor data. The proposed DMA-assisted mmWave 

testbed unlocks the potential for the practical deployment of 

various mmWave sensing applications, such as fall detection, gait 

recognition, human localization and spatial tracking, and real-

time vital sign monitoring in dynamic environments, as well as 

integrated sensing and communication. 

 

 
Index Terms—60 GHz,  breathing rate, dynamic metasurface 

antenna (DMA), heart rate, metasurface, mmWave, RF sensing, 

vital sign monitoring, respiration monitoring 

 

I. INTRODUCTION 

HE ubiquitous adoption of mobile and connected 

devices has facilitated the use of radio-frequency (RF) 

wireless signals for contactless environmental sensing 

and monitoring. In smart home environments, these RF-based 

sensing systems have been implemented to identify coarse- 

grained human activities, as well as more precise fine-grained 

applications, such as vital sign monitoring and fall detection in 

geriatric care [1]–[3]. An RF sensing system generally consists 
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of a hardware configuration (testbed topology, channel state 

information (CSI), or reflected signal strength) and signal 

processing techniques to extract meaningful information from 

human-induced variations in wireless signals [4]. 

Many existing RF sensing approaches exploit spatial or 

frequency diversity to enhance sensing performance [5]–[7]. 

However, these systems often rely on complex and costly 

hardware such as Doppler radars, or phased arrays, and they 

introduce significant signal processing challenges. Moreover, 

sub-6 GHz Wi-Fi-based RF sensing systems use 

omnidirectional antennas, making them highly susceptible to 

multipath reflections and interference from surrounding 

objects, which limits their accuracy in practical indoor 

environments [8], [9]. Since heartbeat-induced chest motions 

(0.2–0.5 mm) are much smaller than the sub-6 GHz Wi-Fi 

wavelengths (60–120 mm), the resulting phase changes are 

minimal and lead to low SNR, making conventional Wi-Fi-

based systems unable to reliably estimate heart rates [10]. 

The move toward license-free 60 GHz mmWave sensing is 

envisioned for higher spatial resolution and reduced multipath 

interference [11], [12]. Nevertheless, most prior works on 

mmWave RF sensing depend on commercial 60 GHz routers 

or integrated radar chips with fixed, distorted antenna patterns, 

offering limited beam control and requiring extensive system-

level modifications [10], [13]–[18]. Moreover, the push for 

wider bandwidth shifts design complexity toward RF front-

end components such as amplifiers, oscillators, and power-

hungry phase shifters for phased array antennas that are 

typically costly at mmWave bands. Furthermore, other recent 

approaches include reconfigurable reflective metasurfaces for 

RF sensing, however, they require an external feed antenna, 

making the overall system bulky and less compact [19], [20]. 

In this article, we present the first practical demonstration of 

non-contact vital sign monitoring using innovative dynamic 

metasurface antenna (DMA) at 60 GHz mmWave band with 

digital programmable beam control. DMAs offer 

reconfigurable pattern diversity without relying on power-

hungry phase shifters, unlike traditional phased-array 

antennas. However, system level practical implementation of 

DMAs at higher mmWave bands is still unexplored and is at 

its infancy [21] . The DMA is digitally coded through an 

integrated field-programmable gate array (FPGA), providing 

flexible holographic beam patterns and can be employed in 

robust sensing performance. 

Unlike sub-6 GHz, or mmWave broadcast systems that 

struggle with multipath and isolating subtle heart motions, our 

approach uses highly directional, flexible fan- beam patterns 

to precisely detect both respiration and heart rates. 
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By addressing the above challenges, we contribute to the 

research on DMA-enabled mmWave RF sensing testbed in the 

following ways. 

• We develop a state-of-the-art 60 GHz DMA-based testbed 

with fully addressable reconfigurable beam patterns 

enabled through FPGA-controlled digital coding. The 

directional DMA-based mmWave beams minimize 

multipath interference and offer reliable extraction of both 

breathing rate and heart rate. 

• We practically demonstrate the implementation of the 

mmWave testbed consisting of 60 GHz mmWave up/down 

conversion modules for analog RF frontend process, and 

universal software radio peripherals (USRP) as software-

defined radios (SDR), for low-frequency digital baseband 

signal processing. A complete end-to-end framework is 

elucidated, and accurate vital sign monitoring is performed 

compared to the ground truth data, with mean absolute 

error (MAE) of less than 0.9 for both vital signs. 

• The proposed DMA-based sensing platform unfolds the 

potential applications such as localization, elderly fall 

detection, and gesture monitoring. The programmable 

beam flexibility allows the sensing system to adapt to 

different positions and enhance robustness against motion 

and dynamic environmental variations. 

II. EXPERIMENTAL SETUP AND METHODOLOGY 

A. Practical mmWave Hardware Setup 

The developed mmWave sensing testbed employs a 

programmable DMA, mmWave modules, and USRPs at the 

transmitter (Tx) and receiver (Rx) nodes. As shown in Fig. 1 

(a), the Tx side consists of a host PC controlling the USRP 

B200 to generate an orthogonal frequency division 

multiplexing (OFDM) signal with 64 subcarriers, centered at 1 

GHz. This signal is routed to a 60 GHz mmWave front-end 

(EK1HMC6350 evaluation kit with HMC6300 Tx module), 

which generates and up-converts the intermediate-frequency 

signal to the 60 GHz band. The up-converted mmWave signal 

is then fed into the programmable DMA using a high-

frequency 1.85 mm standard coaxial interface, enabling 

reconfigurable beam transmission over-the-air. 

The Tx DMA consists of 16 metamaterial elements, each of 

which can be individually controlled by switching the state of 

embedded PIN diodes through the FPGA program to 

manipulate their radiation response as depicted in Fig. 1(b). 

Although the fundamental design and performance of the 

implemented DMA were evaluated in our previously reported 

work [21], its end-to-end implementation for mmWave RF 

sensing applications remained unexplored prior to this work. 

An FPGA board is used to generate binary control sequences 

for DMA beamsteering. The transmitted signal was directed 

toward the human subject positioned 1 meter away. 

 The receiver side includes a 15.5 dBi gain V-band horn 

antenna to capture the incident mmWave signal reflected from 

the human subject. This signal is down-converted back to the 

1 GHz band using the HMC6301 Rx module. This signal is 

then routed to the USRP X300 through an MCX-SMA cable 

connection. The baseband signal is then demodulated to 

receive OFDM packets. Extensive post-processing was 

applied through custom-built Python scripts to filter the Rx 

sub-carriers and extract the vital sign information, as 

illustrated in the block diagram in Fig. 1(c). 

B. Characterization of Reflected Beam in mmWave Channel  

It is worth mentioning that before conducting RF sensing over 

the mmWave channel, evaluating the channel response in  

 
Fig. 1. (a) Schematic overview of mmWave sensing testbed including DMA transmitter and sensing node. (b) Schematic diagram of the DMA 

and an illustration of antenna pattern diversity from programmable DMA. (c) Block diagram of the mmWave setup configuration. 
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terms of received signal strength (RSS) under different 

conditions is crucial. As illustrated in Fig. 2, the reflected RSS 

of the OFDM signal was first experimentally measured using a 

15 cm × 15 cm metal plate (approximately equivalent to the 

front chest area) for maximum relative strength of the Rx 

signal. Subsequently, RSS was recorded from reflections of a 

human body at 1.5 m distance, followed by a baseline 

measurement with no object in front present to capture the 

ambient channel response. 

The normalized received signal strength (RSS), referenced 

to the metal plate, for three scenarios is shown in Fig. 2. It can 

be observed that the reflective RSS from the human chest is 

approximately 15 dB lower than that from the metal plate, yet 

around 30 dB higher than the ambient noise response with no 

object present. These results confirm that the reflected signal 

from the human body is strong enough to extract vital sign 

characterization with the proposed testbed. 

As the DMA beam was electronically steered, RSS initially 

dropped but was maximized by aligning the subject with the 

new beam direction, validating dynamic beam-scanning. And 

possible human presence detection.  

III. DMA TOPOLOGY  FOR VITAL SIGN MONITORING  

The implemented DMA supports dynamic beam steering by 

generating beams in multiple directions. For baseline 

validation of the test setup, two distinct beam directions were 

selected from a predefined set of optimal spatial beam patterns 

to probe the environment. For each beam, the gain value and 

beamwidth were evaluated in far-field [21]. These beams with 

clean patterns were generated for subsequent transmission and 

reception by applying optimal beamforming coding sequences 

through the FPGA. In the first scenario, beam-1 was generated 

from DMA with −10° offset from broadside at 62 GHz using 

the binary sequence 1010101010101010, resulting in a 

beamwidth of 8°. The second beam (beam-2) was steered to 

+36° using the sequence 1010101010000000, producing a 

beamwidth of 13.5° (beams shown in Fig. 1(b)). The test 

subject was repositioned accordingly to align with each beam 

direction. The dataset was collected from three healthy human 

subjects (with formal consent) in a realistic indoor room 

environment, with 20 repeated measurements recorded for 

each subject in the sitting position for 30 seconds, at a Tx-Rx 

distance of 1.5 m. The measurement setup is shown in Fig. 3. 

Throughout the data acquisition process, the ground truth 

data were simultaneously recorded using a commercial 

electrocardiogram sensor and a respiration sensor belt worn by 

the test subject. To ensure accurate synchronization between 

the ground truth sensors and USRP measurements, time 

stamps were recorded for each signal and aligned during post-

processing of the Rx signal. 

IV. EXPERIMENTAL RESULTS AND DISCUSSION 

The magnitude components of the Rx CSI signal packets were 

utilized. Since the received signal is noisy, thorough signal 

processing was applied to extract the meaningful information 

of vital signs. For noise reduction, Savitzky-Golay filter was 

applied to smooth the data while preserving the essential 

characteristics. We selected 20 subcarriers with the largest 

signal variance and used them to characterize respiration rate 

and heart rate detection. Further, we applied a custom 

bandpass filter on the collected data, isolating frequencies 

from 0.1 to 2 Hz to detect a wide range of respiration and 

heartbeat signals. This filtering method effectively isolates the 

frequency of vital signs but reduces the influence of both high 

and low-frequency noise. 

To extract periodic components from the signal, we 

compute the power spectral density (PSD) of the time series 

data through the Fast Fourier Transform for each selected 

subcarrier. 

The PSD is the square of the modulus of the energy signal, 

and is computed for a kth  subcarrier as (1): 

 
Fig. 2. Measured RSS and evaluation of 60 GHz indoor wireless 

channel through under reflections from a metal plate, human body, 

and with no object (ambient channel noise). 

 

 
Fig. 3. Measurement setup in a realistic indoor room environment. 
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𝑃𝑆𝐷𝑘(𝑓) =
1

𝑚
|∑ 𝑋[𝑛, 𝑘]𝑒−𝑗2𝜋𝑛𝑓/𝑓𝑠𝑚−1

𝑛=0 |
2

                   (1) 

 

Here, X[n, k] is the CSI signal value at sample n and channel 

k, m is the total number of selected samples, f is the frequency 

of interest, and fs is the sampling frequency. The PSD of the 

breathing rate and heart rate is shown in Fig. 4 and Fig. 5, 

respectively. The dominant frequency for respiration exists 

around 0.25 Hz, which corresponds to the measured BPM of 

around 15.6 (0.26 × 60). The corresponding ground truth value 

for respiration is 16.5 BPM, showing the deviation of less than 

1 BPM compared to the ground truth. Similarly, PSD of the 

measured dominant frequency for heart rate exists around 

1.007 Hz, corresponding to 60.4 bpm, compared with the 

ground truth value of 61.2 bpm. 

 To further evaluate the accuracy of the estimated values, 

MAE was distributed across multiple trials, which shows that 

on average, how far the estimated rate is from the ground truth 

rate. The MAE was computed using (2) as: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑥𝑖|

𝑛

𝑖=1

                                  (2) 

 

Here, n is the total number of data points, 𝑦𝑖  is the estimated 

value obtained from the measured signal data for the ith 

instance, and 𝑥𝑖 is the corresponding ground truth recorded by 

the respiration and heartbeat sensors. Furthermore, as shown 

in Fig. 6, we calculated the cumulative distribution function 

(CDF) of the MAE, which represents the percentage of data 

samples whose error is less than or equal to a given MAE 

value. For all subjects, the MAE for the majority of the dataset 

remained less than 0.85 for heart rate and below 0.9 for 

breathing rate, in both tested beam directions for all subjects. 

This highlights the robust performance of the proposed DMA-

based testbed, as demonstrated in the comparison with related 

literature presented in Table I. 

V. CONCLUSION 

This letter presents the practical framework of a 60 GHz 

mmWave RF sensing testbed with a programmable DMA for 

non-contact vital sign monitoring. An end-to-end operable 

solution has been implemented to achieve accurate heart rate 

and breathing rate sensing with MAE below 0.9. The 

presented DMA-based setup can also be interfaced with third-

party connectorized 60 GHz mmWave chipsets and modules 

for more complex functionalities.  Additionally, this validated 

mmWave DMA-assisted approach brings a step closer to 

explore integrated sensing and communication through more 

sophisticated control topologies of DMA. Thus, overlaying 

communication on human sensing can achieve improved 

spectral and hardware efficiency for low-latency and real-time 

monitoring for next-generation 6G healthcare networks. 

 
Fig. 4. PSD of breathing rate estimation. The dominant peak 

indicates the frequency corresponding to the breathing rate. 

 

 
Fig. 5. PSD of heart rate estimation. The dominant peak 

indicates the frequency corresponding to the heart rate. 

 

 
 

Fig. 6.  Performance of breathing and heart rates. 

 

 
 

TABLE I  

COMPARISON WITH EXISTING VITAL SIGN MONITORING SYSTEMS 

Ref. Carrier 

frequency 

(GHz) 

Tx antenna 

type 

Respiration/ 

breathing 

Heart rate 

[1] 5.7 GHz Omni-

directional 
✔ 

MAE < 0.39 

✗ 

[10] 60 GHz Commercial 60 

GHz router with 

antenna-in-

package 

✔ 

MAE < 0.2 

✔ 

MAE < 0.92 

[13] 60 GHz Commercial 60 

GHz router with 

distorted pattern 

✔ 

MAE < 0.4 

✔ 

MAE < 2.15 

[19] 3.9 GHz Reflective 

metasurface 
✔ 

MAE < 0.5 

✗ 

[20] 3.5 GHz Reflective 

metasurface 
✔ 

MAE < 1 

✔ 

MAE < 5 

This 

work 

62 GHz Dynamic 

Metasurface 

Antenna (DMA) 

✔ 

MAE < 0.9 

✔ 

MAE < 0.85 
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