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1 Supplementary Note 1: Sensing Signals
1.1 RF signals
Our system is based on the radio frequency (RF) signals emitted by a frequency mod-
ulated continuous-wave (FMCW) radar, which has 3 transmitting antennas and 4
receiving antennas. The frequency of the transmitted signal increases linearly, with
an initial frequency of fc and a bandwidth of B. After receiving the echo signal, the
radar mixes the received signal with the transmitted signal and then generates the
intermediate frequency (IF) signal, which can be expressed as:

y(t) = A · e−j·2π·fc·τ , (1)

where τ =
2d

c
denotes the delay of signal propagation, d represents the distance be-

tween an object and the radar, c is the signal propagation speed in the air, and A
denotes the amplitude of the received signal.

The range resolution is related to the bandwidth of the transmitted signal and can
be calculated as:

dres =
c

2B
. (2)

When we use a bandwidth of 4 GHz, we can achieve a range resolution of 3.75
cm. However, for measuring sub-millimeter scale movement like heartbeat, we need
to capture the phase change of the millimeter-wave signals, whose relation with the
movement is:

∆ϕ = 2π · 2∆d

c
=

4π ·∆d

c
, (3)

where ∆d denotes the related movement, and ∆ϕ is the phase change caused by the
movement.

1.2 Sensing model
When the transmitted signals hit the human chest, they will be modulated by the
heartbeat micro-motion and respiratory micro-motion according to Equation 3. As a
result, the reflected signals containing heartbeat and respiratory information can be
represented as:

y(t) = A · e−j·2π·fc·(∆τcmov(t)+τini), (4)

where τini is the initial delay related to the distance between the individual and the
radar. ∆τcmov(t) denotes the delay caused by the chest movement consisting of both
respiratory and heartbeat micro-motion. Therefore, our work aims to extract the
heartbeat micro-motion from the mixed signals.

1.3 2D FFT
The details of the 2D fast fourier transform (FFT) are described as follows:

Range FFT. The radar continuously transmits FMCW signals, also known as
chirps. The radar’s mixer combines the received chirp with the transmitted chirp
to produce an IF signal. The relationship between the frequency change of the IF
signal ∆f and the distance d can be expressed as:

∆f = S · τ =
S · 2d
c
⇒ d =

∆f · c
2S

, (5)
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where S represents the slope of the chirp, c is the speed of the signal, and d is the
distance between the radar and the object. Thus, the range of the detected object can
be obtained by performing a FFT for each chirp.

Angle FFT. The relationship between the phase difference ∆ϕ and the Angle of
Arrival (AoA) θ is described by:

∆ϕ =
2πlsinθ

λ
, (6)

where l represents the distance between adjacent receiving antennas, and λ is the
wavelength. Hence, by performing another FFT along chirps from different receiving
antennas, we can obtain the AoA of the target.
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2 Supplementary Note 2: Respiratory Spectra Leakage
The heart’s electrical system generates rhythmic impulses that orchestrate the mus-
cular contractions, resulting in the heartbeat. The normal heart rate for adults under
normal conditions is approximately 60 to 100 beats per minute [1]. The mechanical
activity of cardiac pulsation induces rhythmic subtle movements on the body surface.
In addition, respiration induces periodic changes in chest movements. The typical res-
piratory rate for a healthy individual is approximately 12 to 20 periods per minute [2].
Existing methods [3–5] utilized frequency differences between the two micro-motions
to separate them. However, the obtained heartbeat information suffers from poor sig-
nal to interference plus noise ratio (SINR) due to respiratory spectra leakage. This is
because the frequencies of the two micro-motions are relatively close, and the quasi-
periodic respiration will generate higher-frequency harmonics, causing interference in
the heartbeat frequency range. Additionally, due to the significantly greater magni-
tude of respiration compared to heartbeats, this interference is even more pronounced.

In order to provide a more comprehensive understanding of this phenomenon, we
conducted a series of comparative experiments. We utilized a millimeter-wave radar
to capture chest reflection signals in the proximity of the heart. This was done for
individuals in both a normal breathing state and during breath-holding. Figure 1a
displays the frequency-domain distribution of the received signals from an individual
in a breath-holding state. The presence of the heartbeat frequency is evident, en-
abling the extraction of a clean heartbeat pattern. Consequently, the estimation of
heartbeats exhibits excellent performance, as depicted in Figure 1b. However, when
analyzing signals from individuals with normal breathing, a notable interference arises.
This interference stems from respiratory harmonics that significantly contaminate the
frequency range associated with heartbeat signals, as illustrated in Figure 1c. Conse-
quently, the estimation of heartbeats encounters a considerable decline in performance,
as demonstrated in Figure 1d. Due to the fact that breathing is a quasi-periodic sig-
nal, it not only consists of the fundamental frequency and second-order harmonics
but also third-order, fourth-order, and higher-order harmonics. Although the energy
of these harmonics decays rapidly, they still mix with the heartbeat’s fundamental
frequency, as shown in Figure 1e. In this case, using a simple high-pass filter (with
a cutoff frequency of 1 Hz) can eliminate the influence of the breathing fundamental
frequency and second harmonic on the heartbeat, but it cannot eliminate the influence
of other breathing harmonics, as depicted in Figure 1f. These findings demonstrate
the significant interference caused by respiratory spectrum leakage in heartbeat esti-
mation. Therefore, suppressing such interference is essential to improve the system
performance.
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3 Supplementary Note 3: Understanding Heartbeat
The heartbeat signals are quasi-periodic due to the periodic cardiac mechanical move-
ment. Therefore, the heartbeat signal can be regarded as a fundamental frequency
signal whose frequency is equal to the heartbeat frequency and its harmonics. To sup-
port this argument, we collected data from a subject during breath holding and then
transformed the received signal into the frequency domain. The frequency distribu-
tions of the reflected signal is depicted in Figure 2a. It is apparent that the heartbeat
signal consists of a fundamental frequency signal and multiple harmonics. These har-
monics have frequencies that are integer multiples of the heartbeat frequency. To
gain further insight, we collected signals reflected from a subject engaged in normal
breathing and transformed them into the frequency domain. From Figure 2b, it can be
observed that despite the interference caused by respiratory harmonics, the presence of
heartbeat harmonics can still be distinguished. Notably, due to the lower frequency of
respiration, its harmonics primarily concentrate in the relatively low-frequency range.
As the frequency increases, the respiratory harmonics rapidly diminish, leading to the
dominance of heartbeat harmonics in the high-frequency band.

In addition to the frequency analysis, we further evaluated the SINR of the heart-
beat harmonics across different frequency bands. The SINR of heartbeat harmonics
represents the ratio of the power spectral density of the heartbeat harmonics to the
combined power spectral density of interference and noise. The bandwidth used for
calculating the noise floor is 2 Hz. Figure 2c demonstrates the SINR trend. We can
observe that as the frequency increases, the SINR of the heartbeat harmonics gradually
increases, reaching its maximum at the 14-16 Hz range. However, beyond 16 Hz, the
SINR of the heartbeat harmonics starts to decrease. This decline can be attributed to
the relatively lower energy of the heartbeat harmonics and the increasing influence of
noise. Given these findings, we ask this question: Can we leverage the high-frequency
component of the received signal to extract clean heartbeat patterns?
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4 Supplementary Note 4: Beat Frequency Effect
4.1 Principle of the beat frequency effect
The beat frequency effect refers to that when two waves of different frequencies in-
teract with each other, they will produce a periodic pattern due to constructive and
destructive interference. The frequency of the pattern is related to the frequency dif-
ference of the two waves. To elucidate this principle, we assume that there are two
waves x1(t) and x2(t) with the same direction but different frequencies, which can be
expressed by:

x1(t) = A · cos(2πf1t+ φ), (7)
x2(t) = A · cos(2πf2t+ φ), (8)

where A represents the amplitude of the two waves, f1 and f2 denote the frequency
of the two waves, respectively, and φ is the initial phase of the two waves. Hence, the
combined wave x(t) can be represented as:

x(t) = x1(t) + x2(t) (9)
= A · cos(2πf1t+ φ) +A · cos(2πf2t+ φ) (10)

= A · cos2πf1 − f2
2

t · cos(2πf1 + f2
2

t+ φ). (11)

According to the sum and difference formulas of trigonometric functions, this combined
wave can be represented by the dot product of the two new cosine waves (Eq. 9), where
the frequencies of the two new cosine waves are f1 − f2

2
and f1 + f2

2
, respectively.

Since f1 − f2
2

is relatively small, A ·cos2πf1 − f2
2

t changes slowly over a longer period,
forming a periodic modulating pattern known as “beat frequency pattern”, which is
called beat frequency effect (Fig. 3a).

Furthermore, Figure 3a shows that a beat frequency period consists of the two
heartbeat patterns, which results in the frequency of heartbeat patterns of f1 − f2.
To validate the principle, we simulated two signals with frequencies of 6 Hz and 7 Hz,
then combined them. From Figure 3b, we observed a pattern with a frequency of 1
Hz, which showcases the presence of the beat frequency effect.

4.2 Beat frequency effect in heartbeat
An interesting discovery is the occurrence of the beat frequency effect among the
heartbeat harmonics, resulting in beat frequency patterns. For example, hi−1(t) and
hi(t) represent two adjacent harmonics of the heartbeat. When combined, they create
a beat frequency effect, generating the beat frequency patterns as follows:

hi(t) + hi−1(t) (12)
= A · cos(2πfit+ φ) +A · cos(2πfi−1t+ φ) (13)

= A · cos2πfi − fi−1

2
t · cos2π(fi + fi−1

2
t+ φ) (14)

= A · cosf
2
t · cos2π(fi + fi−1

2
t+ φ) (15)

where f denotes the frequency of the heartbeat. From Eq. 12, we can see that the
two harmonics of the heartbeat hi−1(t) and hi(t) generate the beat frequency patterns

7



with a frequency of fi − fi−1

2
. Furthermore, as each beat frequency period contains

two heartbeat patterns, the frequency of the heartbeat patterns is denoted by fi−fi−1.
Given that fi − fi−1 = f , the occurrence frequency of the heartbeat patterns is f .

In such a way, we can estimate the heartbeat information by utilizing the beat
frequency effect in the heartbeat harmonics. To show this, we conducted experiments
on subjects with breath-holding (Fig. 3c) and normal breathing (Fig. 3d), respectively.
We extracted the high-frequency component from the signals, which contain the high-
order harmonics of the heartbeat. Figure 3c,d display the distinct heartbeat patterns
due to the beat frequency effect of the high-order harmonics. For more examples of
beat frequency patterns, please refer to Figure 7.

It is worth noting that we employed the sum-to-product formulas for trigonometric
functions not to explain the mutual modulation phenomenon between breathing and
heartbeat harmonics, but rather to elucidate the beat frequency effect present among
the high-frequency heartbeat harmonics. This effect describes how the higher-order
harmonics of heartbeats exhibit a distinct beat pattern, characterized by periodic vari-
ations in amplitude due to the interference of two or more closely spaced frequencies.
This understanding is crucial for accurately estimating heartbeats without needing to
precisely determine the order of the higher-order harmonics.
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5 Supplementary Note 5: System Design
5.1 Signal selection.
In previous studies, various signal selection algorithms have been proposed to address
the challenge of extracting accurate and reliable signals, such as mmHRV [3], Mtrack
[6], and BNR [7]. However, these algorithms have shown limitations in achieving
satisfactory performance. The mmHRV algorithm utilizes self-correlation to identify
the signal with the strongest correlation to other signals. Mtrack employs a differential
accumulation approach in the time domain. It selects the voxel point with the highest
differential cumulative energy. BNR, as its name suggests, is based on the Breathing-
to-Noise Ratio. This method aims to identify the signal with the maximum breath
signal-to-noise ratio.

However, due to the different positions of the heartbeats and breaths within the
chest cavity, the maximal breath signal-to-noise ratio cannot guarantee abundant
heartbeat information. Therefore, in this paper, we propose a signal selection al-
gorithm to identify the signal with the rich heartbeat information from various signals
reflected by the chest. This method is based on the observation that for the same
individual, a signal with richer heartbeat information experiences less interference,
leading to a more stable estimation of IBIs. Specifically, we first utilize each signal
S(t) reflected from different chest voxels to estimate the IBI. Then, we calculate the
variance of each IBI sequence individually as follows

var(j) =
1

n(j)

n(j)∑
i=1

(IBI
(j)
(i) − IBI

(j)
)2, (16)

where var(j) denotes the variance of j-th IBIs sequence IBI(j) that estimated from
signal S(j)(t). Finally, we adopt the signal with the smallest variance of IBIs as the
optimal signal.

5.2 VMD
To extract the heartbeat patterns from the received RF signals, we employ the varia-
tional mode decomposition (VMD) algorithm [8] to decompose the input signals into
different frequency components. The goal of VMD is to decompose a real-valued
input signal into a discrete number of sub-signals or modes, denoted as uk. These
modes possess specific sparsity properties while accurately representing the input sig-
nal. Each mode k is predominantly concentrated around a central pulsation ωk. The
decomposition process involves solving a constrained variational problem. The specific
formulation of this problem is as follows:

min
{uk},{ωk}

{∑
k

∥∥∥∥∂t[(δ(t) + j

πt
) ∗ uk(t)]e−jωk(t)

∥∥∥∥2
2

}
(17)

s.t.
∑
k

uk = f (18)
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Then, the augmented Lagrangian is introduced as follows

L({uk}, {ωk}, λ) = α
∑
k

∥∥∥∥∂t[(δ(t) + j

πt
) ∗ uk(t)]e−jωk(t)

∥∥∥∥2
2

+

∥∥∥∥∥f(t)−∑
k

uk(t)

∥∥∥∥∥
2

2

(19)

+

〈
λ(t), f(t)−

∑
k

uk(t)

〉
. (20)

The solution is the alternate direction method of multipliers (ADMM) [9, 10]. The
complete process of VMD is summarized in algorithm 1.

Compared to other methods such as band-pass filtering and second-order difference,
one key advantage of VMD is that it can adaptively divide the frequency band of the
signal based on the frequency distribution, enabling the extraction of high-frequency
components that contain rich heartbeat information. In this work, the number of
components in the VMD algorithm is experimentally set to 5. As shown in Figure
4, after decomposing the raw signal using VMD, five components, labeled as Imf 1
to Imf 5, are obtained. These components span a range of frequencies from low to
high. Specifically, Imf 1 represents the direct current component, Imf 2 corresponds
to the respiratory component, and Imf 3 captures the heartbeat component within the
frequency band associated with heartbeats. However, the presence of respiratory spec-
trum leakage in Imf 3 affects the quality of the extracted heartbeat information. Imf 5,
the highest frequency component obtained through VMD, contains relatively pristine
heartbeat information as it is located farther away from respiratory interference. To
visualize the frequency distribution of Imf 5, a FFT transformation is performed on it.
Figure 4a demonstrates that Imf 5 primarily consists of high-order harmonics of the
heartbeat, indicating the presence of clear and distinct heartbeat information within
this component. Additionally, we have included the Hilbert-Huang Transform (HHT)
spectrum of the five IMFs to further validate our findings, which aligns with the FFT
spectrum, as illustrated in Figure 4b.
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6 Supplementary Note 6: Evaluation Metric of Real-Time
IBI

In this paper, we employ a metric called real-time inter-beat intervals (RT-IBI) to
evaluate the performance of the system in monitoring heart rate variability (HRV).
Once obtained the heartbeat patterns, we utilize a peak-finding algorithm to identify
the moments corresponding to each peak value. By calculating the time difference be-
tween consecutive heartbeat moments, we can obtain a sequence of inter-beat intervals
(IBI).

To provide a comprehensive evaluation of the system’s performance, we further
process the IBI sequence into a real-time IBI representation, which is visualized as a
2-dimensional line chart, as depicted in Figure 5. This line chart consists of multiple
line segments, where each segment corresponds to an individual IBI in the sequence.
The length of each segment represents the duration of the IBI, while its height indicates
the magnitude of the IBI value.

To generate the line chart, we create line segments of varying lengths based on
the magnitude of each IBI in the sequence. These line segments are then connected
end-to-end, forming a continuous line chart. The vertical position of each segment
corresponds to the magnitude of its respective IBI. Each point on the line segments
has a horizontal coordinate representing a specific moment in time, and a vertical
coordinate representing the IBI value at that moment.

Using RT-IBI as a metric for evaluating the system’s performance offers two signif-
icant advantages. Firstly, RT-IBI provides a more realistic and comprehensive assess-
ment compared to using IBI alone. Figure 6 demonstrates that when the heartbeat
pattern of the RF signal is lost due to interference, the intervals between consecutive
heartbeats increase. This results in longer line segments with higher positions in the
RT-IBI representation, leading to larger RT-IBI errors (e.g., 21.2 ms). By accurately
reflecting the system’s ability to extract heartbeat information, RT-IBI provides a
more accurate evaluation of performance. In contrast, using IBI alone for performance
estimation can lead to an overestimation of the system’s capabilities. When the heart-
beat pattern is disrupted, it becomes challenging to match the length of the estimated
IBI sequence with the ground truth IBI sequence. Previous methods addressed this
issue by discarding periods of time where the heartbeat estimation and ground truth
patterns do not occur simultaneously. IBI errors were then calculated based on the
remaining time periods. However, this approach resulted in an underestimation of the
IBI error (e.g., 8.4 ms) compared to the actual error.

Secondly, RT-IBI provides a value corresponding to each moment in time, offering
an intuitive display of the IBI at any given time. Figure 6 illustrates this aspect, where
the RT-IBI representation clearly shows the variations in IBI values over time. This
visual depiction enhances the understanding and analysis of the temporal dynamics of
heart rate variability.
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7 Supplementary Note 7: Comparison with PPG Device
To demonstrate our system’s potential clinical grade applications, we have collected
electrocardiogram (ECG) signals as the ground truth for comparison in the manuscript.
Moreover, we have also employed photoplethysmography (PPG) devices to sense the
HRV of the subjects and compared the performance with our method. From Table
1, we can see that our method achieved better performance on RT-IBI, but in the
other three aspects (RMSSD, SDRR, pNN50), PPG demonstrated better performance.
In summary, our method achieves, in a completely non-contact manner, comparable
performance with PPG.

Table 1: Comparison with PPG device.

Metrics RT-IBI Error (ms) RMSSD Error (ms) SDRR Error (ms) pNN50 Error (%)
Methods Ours PPG Ours PPG Ours PPG Ours PPG

Mean 15.1 16.7 33.5 13.1 20.9 5.8 10.1 4.1
Median 8.0 13.0 6.7 10.0 5.0 4.1 1.5 4.2
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8 Supplementary Note 8: Impact of Several Critical Fac-
tors on System Performance

We have conducted additional experiments to investigate the impact of several critical
factors on system performance, including variations in sensor angle and distance to
the user, multiple layers of clothing, the postures of subject.

From Table 2, Table 3, Table 4, we can see that as distance, angle, and the number
of clothing layers increase, there is a slight decrease in system performance, mainly
due to the reduction in the signal-to-noise ratio of the RF signal. At the same time,
the experimental results also indicate that within a distance of 140 cm, 45 degrees,
and about 3 layers of clothing, our system can achieve satisfactory HRV monitoring
performance.

Table 2: Comparison of different distances from the subject.

Metrics RT-IBI Error (ms) RMSSD Error (ms) SDRR Error (ms) pNN50 Error (%)

D
ist

an
ce

(c
m

) 60 Mean 15.1 33.5 20.9 10.1
Median 8.0 16.7 15.0 7.5

100 Mean 17.5 56.2 25.0 12.5
Median 19.8 56.9 24.5 12.4

140 Mean 26.7 66.3 28.5 15.1
Median 25.1 59.8 25.4 13.2

Table 3: Impact of subject clothing with multiple layers.

Clothing RT-IBI Error (ms) RMSSD Error (ms) SDRR Error (ms) pNN50 Error (%)
1 layer 15.1 33.5 20.9 10.1
2 layers 17.3 38.6 24.1 12.5
3 layers 23.2 41.3 29.7 13.6

Table 4: Impact of radar angle to subject.

Angle (degrees) RT-IBI Error (ms) RMSSD Error (ms) SDRR Error (ms) pNN50 Error (%)
0 15.1 33.5 20.9 10.1
30 31.5 47.2 30.8 15.3
45 54.6 52.3 41.4 26.2
60 70.7 59.9 45.1 30.7

We compared the system’s performance under supine (normal) and lateral posi-
tions, with the results shown in Table 5. When the subjects were lateral, the system’s
performance showed a certain decline, mainly because the signal-to-noise ratio of the
heartbeats obtained was lower in this position.

Table 5: Impact of the various postures on system’s performance.

Postures RT-IBI Error (ms) RMSSD Error (ms) SDRR Error (ms) pNN50 Error (%)
Supine 15.1 33.5 20.9 10.1
Lateral 23.5 86.2 44.8 21.6
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9 Supplementary Note 9: Comparative Summary of the
Baselines and Our Method

We have included a table to show more details of mmHRV, V2iFi, and our method, as
shown in Table 6.

Table 6: Comparison of the proposed method with existing methods

Related Method mmHRV V2iFi Our method
Number of Evaluated Subjects 11 4 6,222
Claimed Results (IBI error) 28 ms 50 ms 31.5 ms
Measured Results over 6,222 Subjects (IBI error) 168.3 ms 151.6 ms 31.5 ms
Frequency Band of Heartbeat Extraction 1 - 2 Hz 1 - 2 Hz 10 - 15 Hz
Heartbeat Pattern Extraction Technique Signal Decomposition Signal Decomposition Signal Decomposition + Beat Frequency Effect
Outpatient Evaluation No No Yes
Long-term Evaluation No No Yes
Aims HRV Monitoring HRV Monitoring HRV Monitoring & Abnormalities Identification
Multi-Subject Capability Weak Weak Limited
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10 Supplementary Note 10: Long-term Continues Evalu-
ation - 21 Consecutive Nights

In addition to evaluating the system’s performance on datasets randomly recorded
over 5 nights within a two-month period, to further assess the system’s capability for
long-term continuous monitoring, we have also supplemented an experiment with 3
consecutive weeks of monitoring. The comparative performance of our system against
two baseline methods, as evaluated using the aforementioned four metrics, is presented
in Figure 10a-d. The results demonstrate that our system’s performance is consistent
across both the 21 consecutive nights of data and the data from 5 random nights.
Specifically, RF-HRV achieved a median IBI error of 39.5 ms, a median RMSSD error
of 24.6ms, a median SDRR error of 21.3 ms, and a median pNN50 error of 10.3%.
Compared to mmHRV and V2iFi, our system significantly outperformed them across
all evaluation metrics and achieved over 10x improvement in estimating RMSSD and
SDRR. To provide a clearer overview of how our system performs across the entire
long-term dataset, we depict the comparison of CDF of the four metrics in Figure 10e-
h. It is evident that our system consistently shows significantly lower HRV estimation
errors in the long-term continuous HRV monitoring compared to existing systems.
These findings indicate that our system is adept at effectively monitoring HRV for
extended periods.
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11 Supplementary Note 11: Comparison with Deep Learn-
ing Model

We compared our algorithm with a deep learning algorithm. Specifically, based on
the characteristics of radar signals, we constructed a deep learning model (DL-HRV)
using CNN, the structure of which is depicted in Figure 11. We employed the widely
used UNet architecture to extract heartbeat patterns from the radar signals more
effectively. We randomly selected 4,000 samples from the dataset to train the model
and then conducted tests on the remaining 2,222 samples. The results, as shown in
Table 7, indicate that the learning-based method has comparable yet slightly inferior
performance compared to our method. This is because the generalization of learning-
based methods heavily depends on the quantity, quality, and diversity of the training
dataset. While we have collected a large-scale dataset for evaluation, it may still not be
enough to train a robust neural network. Such results also validate another superiority
of our method: it is interpretable and does not require any training data to achieve
generalization.

Table 7: Comparison with deep learning model.

Metrics RT-IBI Error (ms) RMSSD Error (ms) SDRR Error (ms) pNN50 Error (%)
Methods Ours DL-HRV Ours DL-HRV Ours DL-HRV Ours DL-HRV

Mean 33.4 36.8 71.1 76.8 58.6 65.5 13.4 16.3
Median 28.5 31.2 55.2 56.9 31.3 35.7 11.8 14.9
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12 Supplementary Figure 1: Respiratory Spectra Leak-
age.
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Figure 1: Respiration spectra leakage. Due to the close frequencies of respiratory
and heartbeat signals, the respiratory harmonics would leak into the heartbeat band.
Also, the strength of the respiratory signal is much stronger than that of the heartbeat.
Consequently, the heartbeat information within the heartbeat band range has a low
SINR. a, The frequency-domain distribution of the received signal during the breath-
holding state, where the heartbeat frequency is clearly discernible. b, In this clean and
distinct heartbeat pattern, the estimation performance of HRV is outstanding, with
an IBI error as low as 2.3 ms. c, The frequency-domain distribution of the received
signal during normal breathing. It is evident that the heartbeat frequency becomes
contaminated by stronger respiratory harmonics. d, As a result, the presence of these
respiratory harmonics significantly deteriorates the estimation performance of IBI. e,
Although the energy of these respiratory harmonics decays rapidly, they still mix with
the heartbeat’s fundamental frequency. f, Using a simple high-pass filter (with a cutoff
frequency of 1 Hz) can eliminate the influence of the breathing fundamental frequency
and second harmonic on the heartbeat, but it cannot eliminate the influence of other
breathing harmonics.
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13 Supplementary Figure 2: Effects of Heartbeat Har-
monics.
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Figure 2: Effects of heartbeat harmonics. a, The frequency distribution of the
received signal during breath-holding. The heartbeat signals can be considered as
composed of a fundamental frequency signal and its harmonics. Moreover, in the
high-frequency band, distinct evenly spaced frequencies can be observed, represent-
ing the high-order harmonics of the heartbeat. b, The frequency distribution of the
received signal during normal breathing. While the harmonics of the heartbeat are
contaminated by respiratory harmonics, they can still be recognized. Similarly to the
breath-holding case, there are distinct evenly spaced frequencies in the high-frequency
band, corresponding to the high-order harmonics of the heartbeat. c, The SINR of
heartbeat harmonics in different frequency bands. As the frequency increases, the
SINR of the heartbeat harmonics becomes higher. The frequency band of 14-16 Hz
exhibits the maximum SINR.
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14 Supplementary Figure 3: Beat Frequency Effect
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Figure 3: Beat frequency effect. a, The principle diagram of the beat frequency
effect. When two waves with frequencies f1 and f2 are combined, a periodic variation
with a frequency of f1−f2

2 is generated. This periodic variation contains patterns with
a frequency of f1 − f2. b, We simulated two waves with frequencies of 6 Hz and 7 Hz,
and then combined them. As a result, we observed a pattern with a frequency of 1 Hz,
which demonstrates the presence of the beat frequency effect. c,d, To further illustrate
the impact of the beat frequency effect on the received signals, we isolated the high-
frequency band from the received signals during both normal breathing and breath-
holding, respectively. These isolated signals reveal the distinct heartbeat patterns
resulting from the beat frequency effect.
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15 Supplementary Figure 4: VMD Signal Decomposition
Process
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Figure 4: VMD signal decomposition process and frequneccy distributions.
a, In our approach, we employ the VMD algorithm to decompose the RF signal into
five different frequency components. Among these components, we specifically select
the highest frequency component, Imf 5, to extract the heartbeat patterns. Further-
more, by examining the frequency domain plot of Imf 5, we can observe that this
high-frequency component predominantly consists of the high-order harmonics of the
heartbeat. b, We have included the Hilbert-Huang Transform (HHT) spectrum of the
five IMFs to further validate our findings, which aligns with the FFT spectrum.
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16 Supplementary Figure 5: Real-time IBI
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Figure 5: Real-time Inter-beat Interval (RT-IBI). To obtain an IBI sequence,
we calculate the difference between the moments when consecutive heartbeats occur.
This IBI sequence serves as the basis for generating a 2-dimensional line chart called
RT-IBI. In the RT-IBI chart, the entire line is formed by connecting multiple line
segments, with each segment corresponding to one IBI in the IBI sequence. The
length of each segment represents the duration of that particular IBI, while the height
indicates the magnitude of the IBI value. Each point on the line segments has a
horizontal coordinate representing a specific moment in time and a vertical coordinate
representing the corresponding IBI value at that moment.
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17 Supplementary Figure 6: Comparison between Real-
time IBI and IBI
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Figure 6: Comparison between inter-beat interval (RT-IBI) and IBI. When
the received RF signal is disturbed, it can result in anomalies in the extracted heartbeat
pattern, such as loss or redundancy. In such cases, utilizing the RT-IBI chart to
assess the system’s performance provides a more realistic and comprehensive evaluation
compared to using only the IBI. a, When the heartbeat pattern in the RF signal is
lost, the intervals between two adjacent heartbeats will increase. This leads to the
corresponding line segments being longer and positioned higher, resulting in a larger
RT-IBI error. In such a way, RT-IBI can accurately reflect the system’s ability to
extract heartbeat information. b, In contrast, previous methods that utilized only
the IBI for estimating system performance could lead to an overestimation of the
system’s capabilities. For instance, when the heartbeat pattern is lost, the length
of the estimated IBI sequence may not match the length of the ground truth IBI
sequence. Consequently, it becomes impossible to calculate the IBI error accurately.
To handle this issue, previous methods often discarded periods where the heartbeat
estimation pattern and the ground truth pattern did not occur simultaneously. Then,
they calculated the IBI error based on the remaining periods. However, this approach
resulted in an underestimation of the estimation error compared to the actual error
experienced in the system.
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18 Supplementary Figure 7: Multiple Examples of the
Heartbeat Patterns

Figure 7: Multiple examples of heartbeat patterns resulting from beat fre-
quency effect. Radar signals from 16 randomly selected subjects, after extraction
by our algorithm, exhibit high-order heartbeat harmonics, which result in heartbeat
patterns due to the beat frequency effect. The extracted heartbeat patterns from each
subject, though slightly different, all have distinct characteristics and periodicity, and
can be easily recognized.
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19 Supplementary Figure 8: Architecture of the Radar
System
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Figure 8: The architecture of the radar system
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20 Supplementary Figure 9: Abrupt Phase Changes caused
by Significant Movements

Figure 9: Abrupt phase changes caused by significant movements. During
long-term monitoring, significant movements—such as turning over during sleep—
cause drastic changes in the phase of the reflected signals. We identify the movements
by detecting these abrupt phase changes and subsequently exclude those epochs from
analysis. As a result, the ratio of usable epochs in our long-term recordings is approx-
imately 80.8%.
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21 Supplementary Figure 10: Evaluation on the Dataset
from 21 Consecutive Nights
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Figure 10: Evaluation on 21 consecutive nights data. a, Comparison of real-
time inter-beat interval (RT-IBI) error. RF-HRV achieves a 39.5 ms median RT-IBI
error, while mmHRV and V2iFi achieve 84.9 ms and 71.3 ms median RT-IBI error,
respectively. b, Comparison of root mean square of the successive differences (RMSSD)
error. RF-HRV achieves a 24.6 ms median RMSSD error, while mmHRV and V2iFi
achieve 366.1 ms and 329.5 ms median RMSSD error, respectively. c, Comparison
of standard deviation of all normal R-R intervals (SDRR) error. RF-HRV achieves a
21.3 ms median SDRR error, while mmHRV and V2iFi achieve 238.4 ms and 209.8
ms median SDRR error, respectively. d, Comparison of proportion of NN intervals
exceed 50 ms (pNN50) error. RF-HRV achieves a 10.3% pNN50 error, while mmHRV
and V2iFi achieve 47.3% and 37.8% median pNN50 error, respectively. e,f,g,h, The
cumulative distribution function (CDF) plots of RT-IBI error, RMSSD error, SDRR
error, and pNN50 error. n = 21 nights data in box plots of (a-h). Square, mean;
minima, smallest non-outlier value; maxima, largest non-outlier value; center line,
median; box bounds, upper and lower quartiles; whiskers, 1.5 × interquartile range, in
box plots of (a-d).
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22 Supplementary Figure 11: Architecture of the Deep
Learning Model
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Figure 11: The architecture of the deep learning model.
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23 Supplementary Table 8: HRV Computation Time for
Different Signal Epochs

Table 8: The HRV computation time for different signal epochs.

Signal Duration (second) 30 60 90 120
Computation Time (second) 1.38 3.72 5.91 9.34
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24 Supplementary Table 9: Radar Parameters

Table 9: The parameters of TI AWR6843aop

Parameters Value
Start frequency 60 GHz
Rate of frequency change 65 MHz / µs
Idle time 10 µs
Chirp duration 60 µs
Sampling frequency points 256
Sampling rate 5 MHz
Frame rate 100 Hz
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25 Supplementary Algorithm 1: Complete Optimization
of VMD

Algorithm 1 Complete optimization of VMD
Initialize {û1k}, {ω1

k}, λ̂1, n← 0
repeat

set n← n+ 1
for k = 1 : K do

Update ûk for all ω ≥ 0:

ûn+1
k (ω)←

f̂(ω)−
∑

i<k û
(
in+ 1)(ω)−

∑
i>k û

n
i (ω) +

ˆλn(ω)

2
1 + 2α(ω − ωn

k )
2

Update ωk:

ωn+1
k ←

∫∞
0 ω

∣∣ûn+1
k (ω)

∣∣2 dω∫∞
0

∣∣ûn+1
k (ω)

∣∣2 dω
end for
Dual ascent for all ω ≥ 0:
λ̂n+1(ω)← λ̂n(ω) + τ(f̂(ω)−

∑
k û

n+1
k (ω))

until convergence:
∑

k

∥∥ûn+1
k − ûnk

∥∥2
2
/ ∥ûnk∥

2
2 < ϵ.
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