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Published: 7 July 2026 often mix with weak heartbeat components. In this work, a vital signal enhancement
and decomposition method for FMCW radar is presented. The method combines
phase correction with a signal decomposition scheme based on adaptive projection
singular value decomposition (APSVD) and variational mode decomposition (VMD)
for denoising. First, chest motion is recovered from the phase of echo signals, and
the phase-correction process improves signal quality. Then, APSVD is used to extract
the respiration signal and suppress its harmonics. After that, VMD-based denoising
is applied to the remaining signal so that the heartbeat signal can be separated more
clearly. The experimental results show that the proposed method achieves an RMSE of
1.550827 bpm for breath rate (BR) estimation. For heart rate (HR) estimation, it obtains
the lowest MAE and MRE among the compared methods, demonstrating improved
average estimation accuracy while maintaining competitive RMSE performance.
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1. Introduction

In recent years, the need for health monitoring and medical applications has continued to grow [1]. Because of
this, mmWave radar sensors have been widely studied. They can be used in many non-contact sensing tasks, such
as continuous blood pressure monitoring [2], sleep apnea detection [3,4], harmful action recognition [5], Ad hoc
network enhancement [6], vital sign detection [7], and infant or child monitoring [8]. Among different physiological
signals, respiration rate and heartbeat rate are two basic indicators of the human body’s health condition [9]. So, a
proper sensing device is important for non-contact vital sign detection.

FMCW radar [10-12] is suitable for this task because it has good range resolution and a high signal-to-noise
ratio [13]. It can measure target information by using the frequency and phase differences between transmitted and
reflected signals [14]. It also works with signal processing methods that help protect user privacy. For these reasons,
FMCW radar is a useful choice for non-contact vital sign detection. Furthermore, FMCW radar can classify the
acquired signals into multiple angular and range scales [15]. These advantages render FMCW radar particularly
suitable for healthcare monitoring compared to other devices like unmodulated continuous wave (CW) radar [16], im-
pulse radio ultra-wideband (IR-UWB) radar [17], video cameras [ 18], and audio equipment [19]. Notably, mmWave
radar is applied to detect vital signs as a type of FMCW radar with a short wavelength, which offers significant
advantages for the precise monitoring of subtle respiratory and cardiac movements [20]. To accurately obtain vital
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signals in complex environments, it is essential to recover the mechanical signals of thoracic cavity movement
from echo signals and represent them in terms of phase variation [21].

Since the respiration and heartbeat signals need to be extracted from the mechanical signal of thoracic cavity
movement, a range of methods has been developed, including those utilizing wavelet transforms (WT) [22,23], deep
learning techniques [24—27], and various signal decomposition algorithms [28-33]. Several methods have been
used for vital sign extraction. One common method is wavelet transform (WT). WT gives high resolution in both
the time domain and the frequency domain, so it can be used in vital signal analysis. But WT-based methods often
need a reference signal. In practice, it is not easy to choose a proper adaptive wavelet template for different people.
Deep learning methods [27] have also been used in this field. But these methods usually need a large amount of
training data and long training time. This makes fast signal acquisition and real-time processing more difficult.

Signal decomposition methods have been widely used to separate respiration and heartbeat signals in recent
years. EMD [28] can adaptively decompose a signal into several intrinsic mode functions by using local signal
features, so it can be used for respiration and heartbeat separation. But it still suffers from mode mixing, endpoint
effects, and sensitivity to noise. These problems become more serious when the signal is non-stationary. EEMD [31]
reduces mode mixing by adding Gaussian white noise, but it may bring reconstruction errors. CEEMDAN [32]
improves this process by using adaptive noise, and it can improve reconstruction accuracy and reduce the computa-
tional load. But EEMD and CEEMDAN still have difficulty in separating heartbeat-related frequency components
clearly from the intrinsic mode functions. VMD [33] decomposes the signal into several band-limited modes with
given center frequencies. It reduces the bandwidth of each mode so that the modes are more independent in the
frequency domain. Because of this, VMD has better noise resistance than EMD-based methods [34].

But harmonic interference is still a problem. The harmonics from respiration and heartbeat can have similar
frequencies [35]. Although a bandpass filter can eliminate harmonics outside the heartbeat frequency range [20], it
cannot remove harmonics within this specific frequency band. These difficulties pose a challenge in distinguishing
between the heartbeat and respiration with normal signal processing methods. Additionally, parameters in the VMD
algorithm, such as the decomposition number of modes K and the secondary penalty factor «, need to have distinct
configurations due to different application scenarios.

To address the aforementioned challenges, an improved method of vital signal decomposition is utilized
to extract respiration and heartbeat signals. To enhance the micro-movement features of vital signal, the phase
correction method is designed. Then, the adaptive projection singular value decomposition (APSVD) based on
signal energy ratio is applied to extract the respiration signal and its harmonics from the vital signal. Then, a
heartbeat signal extracting method based on VMD-denoising which has the ability to decompose the noisy heartbeat
signal into several distinct signals with their own features in the Fourier spectral domain and time domain is applied.

Finally, the reconstructed respiration and heartbeat waves will be given, and the BR as well as HR can be
calculated. The contributions of this paper are outlined as follows:

*  The proposed phase correction method combines phase difference, phase unwrapping, abrupt change points
suppression and signal detrending to successfully suppress the unknown noises and enhance the vital signal.

*  The APSVD extracts the respiration signal and harmonics which reduce the impact on the heartbeat signal.
Meanwhile, the method obtains the raw heartbeat signal for the next extraction method.

. The VMD-denoising heartbeat extraction method not only achieves robust performance using a single set of
parameters but also effectively suppresses noise frequencies surrounding the nominal heartbeat frequency.

The structure of this paper is as follows: The mmWave radar model is given in Section 2. The realization

of vital signal enhancement and decomposition method is shown in Section 3. Section 4 provides a detailed
demonstration of the method’s effectiveness through experimental results. Finally, Section 5 presents the conclusion.

2. mmWave Radar Model

A mmWave radar TI IWR1642BOOST [36] and a DCA1000EVM [37] as a data capture card are employed.
The radar module functioning within the 77-81 GHz frequency band can detect chest micro-movement and keep
sampling rate suitable in slow-time dimension for vital sign detection.

The data acquisition and signal processing procedures are detailed in Appendix A.

Based on the analysis in Appendix A, the mixed echo signal in the time domain for a specific range bin n and
continuous chirps can be expressed as

M(n,t) = ¢(n,t) = zp(n,t) + 25(n, t) + Tnoise (N, ) + Tpoay (7, T) )

where zj, represents the signal component due to heartbeat-induced chest displacement, x;, represents the respiration-
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induced component, Z,ojse denotes various noise sources, and Tpogy accounts for reflections from the stationary
human body and other low-frequency disturbances.

The analysis in this section shows that the heartbeat and respiration signals can be represented as phase
modulations, as indicated in (1). But noise from different sources can reduce accuracy. So a robust decomposition
method is needed.

3. Proposed Method
3.1. Human Body Detection

To localize the human subject, the fast Fourier transform (FFT) is applied to the fast-time dimension data
of each digitized chirp, as shown in (A10) in Appendix A. A mean filter is applied to reduce clutter before peak-

seeking. This process identifies the range bin index K where the human subject is located. Based on this index,
Equation (A10) can be refined as

Y[K,m] = Ae—i(2nf KT+ 5 R(K Ty +mT))

_ i @)
_ Aef‘]Qﬂ‘fKTf L L R(KTp+mTs)
In (2), the phase term is
4
O[K,m] = %R(KTf +mT,) 3)
Thus, the mixed signal (1) can be expressed in discrete form as
M[K, m] = (b[K: m] = Ih[K, m] + Ib[K, m] + xnoise[K7 m] + xbody[Ka m} 4

Based on the mixed signal equation derived above, the respiration and heartbeat signals can be extracted using
subsequent processing methods.

3.2. Phase Correction

For a detected human subject within the range dimension, we extract the phase information from the specific
range bin cell over the slow-time axis. As shown in Equation (4), the last two terms interfere with the extraction of
breathing and heartbeat signals. In this part, the method aims to suppress or even eliminate the interference and
enhance the vital signal.

3.2.1. Phase Difference

The displacements caused by respiration and heartbeat can be detected using (3). Phase difference analysis [38]
is highly sensitive to detecting minute movements or displacements. This sensitivity is crucial in radar systems
for detecting physiological signals such as breathing and heartbeat, which induce tiny movements typically in the
millimeter range. Additionally, this method minimizes interference and errors from environmental changes, offering
a more stable and accurate vital signal. Based on phase difference, the micro-change in phase Ag[K, ¢] can be
obtained and expressed as

AGIK, i] = G[K, i] — $[K, i — 1] s)

where : = 2,3, ..., M, and M is the last chirp index.

3.2.2. Phase Unwrapping

After phase difference analysis, a phase unwrapping operation [39] is applied to recover the true phase
information. The phase angle is defined from O to 7 in the first and second quadrants, while in the third and
fourth quadrants, it is defined as [—m, 0]. However, phase changes often exceed the range of [—] to [7] due to
micro-movements caused by the human body. Therefore, the phase unwrapping method in MATLAB is employed
to ensure phase continuity. The unwrapped phase ®[i] can be expressed as

®[i] = unwrap(A¢[K, i]) (6)

wheret=1,2,..., M.
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3.2.3. Abrupt Change Points Suppression

Random body movements can introduce abrupt changes (outliers) in the phase signal, leading to distortion. To
mitigate this, a Hampel-like filter [40] is employed. For each point ®[i], a sliding window of width w centered at i
is considered. The standard deviation in the window is written as o[¢]. If |®[¢]| is greater than ¢ - o[¢], this point is
taken as an outlier. Here, ¢ is set to 0.5 from empirical results. Then, this point is replaced by the median value
in the window. At the beginning and the end of the sequence, the window size is reduced to avoid crossing the
boundary. The value of w is set to 5 because it works well for both noise suppression and signal preservation. The
operation can be summarized as

@)

pfg) = | median (B[ — [w/2) i+ Lw/2]]), i |2[]] > 05[]
Pldl, otherwise

where o[i] is the standard deviation within the window. This step removes abrupt spikes and keeps the main
physiological waveform.

3.2.4. Signal Detrending

The radar signal often contains baseline drift. This drift comes from temperature changes, humidity, circuit
effects, and slight body movements. So low-frequency components are added to the signal. These components can
make respiration and heartbeat detection less accurate.

To deal with this problem, a detrending method based on ordinary least squares is used. It is used to estimate
the baseline curve T[i]. Then the detrended signal is written as

X[i] = ®[i] — T]i] (®)

where: =1,2,..., M.
After detrending, the signal is more stable. Then it is used for respiration and heartbeat decomposition.

3.3. Vital Signal Decomposition Based on APSVD and VMD-Denoising

The complete process of decomposition method is illustrated in Figure 1.

X[I] Ue Rmxm Y e Rmxn VT c Rnxn )Z < Rmxn
u, Al vy Xz Rnt-me1
UJ Aj Vj )‘Zs Kt-me2

Hankel Matrix

SVD
X Rmxn um AI Vn
€ o
Projection Process
U‘ c Rmxm i c Rmxn \7T c Rnxn o _
u v Respiration Signal
1 1
B[i]e RV
u; Al 7
A|
u [i] IMFs [i]= X[i]- BIi]
IMF s IMF 1
H[i]e R"™ - H[ile R"™
IMF_2 ..
«—— Mis - VMD-denoising
Ali1=Yu, [i] ) <« «—
IMF s, IMF_K

Figure 1. Flowchart of the decomposition method.
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3.3.1. Respiration Signal Extraction and Harmonics Suppression

The vital signal contains both respiration and heartbeat components. The harmonics of the respiration signal
may overlap with the heartbeat frequency band. So it is necessary to first extract the respiration signal and
its harmonics.

Singular value decomposition (SVD) is used to separate signal components based on their energy [41]. A
Hankel matrix is constructed from the time-series signal. Then SVD is applied to this matrix. The obtained singular
values reflect the energy of different components. Larger singular values usually correspond to the respiration signal
because it has higher energy. Smaller singular values are related to the heartbeat signal and noise.

APSVD is used to select the number of singular values automatically. This selection is based on the energy
ratio between respiration and heartbeat. Then the respiration signal and its harmonics are extracted. At the same
time, their influence on the heartbeat signal is reduced.

Consider a matrix A € R™ ", where m = [(M+1)/2] and n = M —m+1. Its singular value decomposition
(SVD) is written as

A=Uxv" ©

where U € R™* ™ and V € R™™". The matrix X is defined as

diag(Ay, Ag, -+ ,A}), O <
Z:{( iag(A1,Ag, -+ ,A)),0), n<m (10,

(diag(A1, Ag, -, A0),0)Y, n>m

Here, ¥ € R™*" and O denotes an empty matrix. The parameter [ = min(n, m). The singular values satisfy
Ay 2 Ay > 2 A;>0.EBach A;(i = 1,2,...,1) represents a singular value of A.

To extract the respiration signal, the one-dimensional signal X [i] is first converted into a Hankel matrix.
Each column of this matrix is a time-shifted segment of the original signal. In this way, the time-series signal is
transformed into a structured form. Then it can be processed by singular value decomposition.

Tq ) o TM—m+1
T2 T3 o TM-m42

X=1. . . : 11
Tm  Tm+1 Tt T M

After the decomposition, the singular values are arranged in non-increasing order
A:(A17A2,"' ,Al),l:min(n,m) (12)

In addition, the magnitude of the singular values corresponds to the energy strength of the signal, allowing
different signal components to be distinguished based on their varying energy levels.

Since the singular values corresponding to the respiration signal are generally greater than those of the heartbeat
signal, the first 1 to j singular values are typically selected as features of the respiration signal based on empirical
results. The remaining singular values are set to zero, which can be expressed as

- {(diag(Al,Az,“' 184),0),  n<m (13)

s
(diag(Aq, Ag, - - ,A]-)7O)T, n>m

where j is an integer calculated adaptively based on the energy ratio of respiration to heartbeat. The whole steps of
the calculation process can be expressed as

E.= (A2 A2+ A2 A4 A2+ 4 AY) = (er,e0,...,0) (14)

where F. is cumulative energy. The total energy F is the last term of E.. Then, the energy ratio F,. is obtained as

€1 €2

E. =E/F=(=,—+,...,1
JE= (22,0 (1)
The energy threshold 7 is obtained adaptively as below
P,
=P 1p, (16)
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where P, is the max amplitude limited to [0.1, 0.5] Hz [39] of the detrended vital signal Xi], and Py, is the max
amplitude limited to [1.0, 1.8] Hz [42]. The selection of j is defined as

. . . €5
j=min{j| % >n} (17)

Correspondingly, the diagonal of left-singular matrix U is set to zero from j + 1 to m, and the diagonal of
right-singular matrix V" is set to zero from j + 1 to n. The modified matrices are defined as U and V. The new
Hankel matrix X is obtained through the projection process as shown below

X=UsvV' (18)
i‘l jg ce -%M—m+1
— T T3 TM—m42
X = . . . . (19)
jm ‘%erl e t%M

Finally, the respiration signal Bli] can be extracted from X as
Bli] = (21,22, ,m) (20)

3.3.2. Heartbeat Signal Extraction

The heartbeat signal is obtained by subtracting the extracted respiration signal from the composite signal,
which corresponds to a time-domain signal cancellation process

HJi] = X[i] — BI[i] (21)

where 7+ = 1,2,..., M. To accurately extract heartbeat signals, a method utilizing VMD for signal denoising
is proposed.

VMD [33] decomposes an input signal into several band-limited modes. Each mode is characterized by a
specific central frequency and is concentrated within a finite frequency band. The primary objective of VMD is to
minimize the bandwidth of each mode, ensuring that the modes are as independent as possible in the frequency
domain. The main process of VMD is given in Appendix A. Although the basic heartbeat signal is obtained after
removing the respiration component, noise persists at frequencies near the normal heart rate. The VMD algorithm
effectively decomposes the heartbeat signal into multiple IMFs in (A17). By selecting these IMFs from 1 to K
based on the normal heartbeat frequency range, components that meet the frequency criteria are retained, while
noise components outside this range are discarded. The index of each selected IMF is recorded as sy, s2,- -+ , 53
where 1 < 8 < K. The denoised heartbeat signal H [i] is obtained by summing the remaining components as
shown below

B
H[i] =, [i (22)

After obtaining the denoised heartbeat signal H [i], the heart rate is estimated by transforming the signal into
the frequency domain using the fast Fourier transform. The dominant frequency within the normal heart rate range
is identified, and the heart rate is calculated as

HR = 60 x fpeakHR (23)

where fpeanr denotes the dominant frequency component of the heartbeat signal, and 60 means 60 s for calculation.
The method presented in this section extracts the corresponding respiration and heartbeat signals.

4. Experimental Results

This section systematically details the experimental setup, validates the contribution of each proposed module,
and conducts a comprehensive comparative analysis against state-of-the-art methods to evaluate the overall efficacy
of the proposed method.
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4.1. Experiment Settings

Experiments involved 16 volunteer subjects and the basic subject information is presented in Table 1. Each
subject performed five separate trials under static, seated conditions. The mmWave radar system parameters are
illustrated in Table 2. We activated antennas for transmitting Tx0 and for receiving Rx0-Rx3 to obtain the raw data
during the experiment. Meanwhile, DCA1000EVM was transferring the raw data to the PC. Figure 2 shows the
device including the radar system and ECG sensor. For ground-truth vital signs, a five-lead ECG sensor SPR9000B
was attached to the subject’s chest. The ECG sensor has a sampling rate of 40 Hz and provides heart rate and breath
rate with an accuracy of 1 bpm according to the manufacturer. The radar and ECG data were synchronized via
software triggering. This study was conducted in accordance with the Declaration of Helsinki and approved by the
Institutional Review Board (IRB) with approval No. H24257. All participants provided informed consent prior to
data collection.

Table 1. Subject information.

Subject Gender Age (years) Height (cm) Weight (kg)
1 Male 25 170 60
2 Male 23 176 78
3 Male 23 172 70
4 Male 26 178 75
5 Male 54 170 72
6 Male 28 182 75
7 Male 31 172 74
8 Male 37 169 67
9 Female 22 158 49
10 Female 23 162 55
11 Female 23 161 45
12 Female 38 158 58
13 Female 26 156 43
14 Female 53 162 55
15 Female 24 160 50
16 Female 28 160 46

Table 2. Radar parameters.

Parameter Value
Starting frequency 77 GHz
Frequency slope 70.006 MHz/pis
ADC sampling rate 4000 ksps
ADC samples 64
Valid signal bandwidth 1.1201 GHz
Number of frameas 4096
Slow time sampling period 12.5 ms
Antenna settings Tx0 Rx0-Rx3
DCA1000EVM TITWR1642BOOST ECG sensor

Figure 2. Radar system and ECG sensor.
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The scenario of the experiment is shown in Figure 3. The Subject wears the ECG sensor on the chest and
sits facing the radar at an approximate distance of 50-150 cm with normal breath and heartbeat. Measurement is
conducted over a duration of 51.2s.

Device

Figure 3. Experiment scenario.
4.2. Phase Correction Validation

Figure 4 presents the effectiveness of the phase correction method. As shown in Figure 4a, the Hampel-like
filter successfully suppresses the outliers introduced by random body movements which helps reduce high-frequency
interference. Additionally, the detrending process eliminates most low-frequency components as illustrated in
Figure 4b.

The phase correction method is effective in reducing random noise and minimizing the influence of micro-
movements caused by the human body compared to signals without it.

Hampel-like Filter (w=>5, threshold=0.5)

. Filtered Phase
—e— Unwrapped Phase T T T
| —Filtered Pha

Phase @ (rad)
o

| | L | | | L L | |
0 5 10 15 20 25 30 35 40 45 50
Trend Component

T T T

e
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0.05 A
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o
&
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Detrended Signal

Phase ® (rad)
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L L L L L L L L L L
0 5 10 15 20 25 30 35 40 45 50
Time (s) Time (s)

@ (b)

Figure 4. Example of phase correction results: (a) shows the difference of unwrapped phase and filtered phase in
time domain, and (b) demonstrates the function of signal detrending method.

4.3. Vital Signal Decomposition Based on APSVD and VMD-Denoising Validation

Additionally, to validate the effectiveness of signal decomposition in extracting the respiration signal and its
harmonics, and heartbeat signals extraction, the method is applied to signal following phase correction.

4.3.1. Respiration Signal Extraction and Harmonics Suppression Validation

As shown in Figure 5a, the detrended signal has a main amplitude in 0.1-0.5 Hz, which is selected as P,.
Meanwhile, P, is obtained from the relevant frequency domain. Then, the energy threshold 7 is obtained by
(16), and j is calculated by (17). The respiration signal and its harmonics are extracted by utilizing the projection
process as show in (18). Demonstrated in Figure 5b, the respiration frequency is remarkable, and the frequencies of
harmonics are successfully decomposed. The heartbeat signal H [¢] has a more remarkable amplitude in the normal
heartbeat frequency range compared to the detrended signal as shown in Figure Sc.
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Figure 5. Example of APSVD. (a) shows the detrended signal in frequency domain, and (b) demonstrates the
function of adaptive process in extracting respiration signal and its harmonics. (¢) shows the heartbeat signal prepared

for VMD-denoising method.

4.3.2. Heartbeat Signal Extraction Validation

The VMD-denoising method is used to extract the heartbeat signal with K = 4. Figures 6a,b illustrate the
IMFs of the decomposed heartbeat signal obtained using the VMD algorithm. By filtering these IMFs based on
normal heartbeat frequency, components that meet the criteria are retained, while those that do not are discarded.
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Figure 6. Example of VMD-denoising method. (a) IMFs of basic heartbeat signal in time domain and (b) shows the

frequency domain.

Based on the validation results presented in this section, the proposed method effectively decomposes the
mixed signal and extracts both respiration and heartbeat signals. The APSVD method successfully separates the
respiration signal and its harmonics, as demonstrated in Figure 5, while the VMD-denoising method effectively
isolates the heartbeat signal, as shown in Figure 6. Figure 7 shows the normalized signals. From these results, the

vital signs can be separated from the mixed echo signal by the proposed method.

https://doi.org/10.53941/jmlis.2026.100014

9 of 17


https://doi.org/10.53941/jmlis.2026.100014

Huang et al. J. Mach. Learn. Inf. Secur. 2026, 2(3), 14
Time Domain Time Domain

i

20 25 30

° B

Frequency Domain
T T T

(a) (b)

Figure 7. Respiration and heartbeat signals obtained after normalization. (a) Respiration signal.(b) Heartbeat signal.

4.4. Comparison of other methods

This work studies a decomposition method for vital signals. The method separates heartbeat and respiration
components from the mixed signal. Then breath rate (BR) and heart rate (HR) can be calculated.

The method is compared with four commonly used algorithms, including EEMD, CEEMDAN, VMD, and
GWO-VMD.

Three metrics are used for evaluation. They are mean absolute error (MAE), mean relative error (MRE), and
root mean square error (RMSE). These metrics are used for both HR and BR. They are defined as

1 — .
MAE = -3 [y — il (24)
=1
1oy — 0
MRE = — CRE L 25
2l @
1 n
= (yi — 9:)? (26)
n =1

Here, n is the total number of samples. y; is the reference value of HR or BR obtained from the ECG sensor
for the ¢th sample. g; is the estimated value for the ith sample. In the following tables, MAE and RMSE are reported
in bpm, whereas MRE is reported as a dimensionless ratio.

The results are shown in Table 3. They are also analyzed for respiration and heart rate in Tables 4 and 5. From
these results, the proposed method keeps stable performance for both BR and HR. In some cases, the RMSE of HR
is slightly higher. This is related to specific physiological conditions, which will be discussed later.

Table 3. Performance comparison of different algorithms.

BR HR
Algorithms
MAE (bpm) MRE RMSE (bpm) MAE (bpm) MRE RMSE (bpm)

EEMD 1.075949 0.109426 2.420901 4.871265 0.082308 6.537162
CEEMDAN 1.075949 0.109426 2.420901 4.868927 0.082266 6.532264
VMD 0.873418 0.079710 1.436416 5.086689 0.085719 6.732887
GWO-VMD 0.873418 0.079167 1.462614 4.876480 0.082311 6.526227
Proposed 1.063291 0.090903 1.550827 3.430380 0.057230 6.614139

4.4.1. Respiratory Signal Processing Capability

The results in Table 3 show the performance of different methods for respiratory signal decomposition. The
proposed method has slightly higher MAE and MRE than VMD and GWO-VMD. Compared with EEMD and
CEEMDAN, the proposed method reduces the BR-RMSE by approximately 35.9%. Although VMD and GWO-
VMD obtain slightly lower aggregate BR-RMSE values, the proposed APSVD stage is designed not only for BR
estimation but also for suppressing respiratory harmonics before HR extraction.

For Person15, the breathing pattern is irregular. As shown in Table 4, VMD and GWO-VMD achieve lower
numerical BR errors for this subject, with MAE values of 0.2 bpm and 0.0 bpm, respectively. However, these results
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should be interpreted carefully because a single rate-estimation metric mainly reflects the dominant frequency error
and may not fully represent waveform-level fidelity under irregular respiration. The proposed method gives a slightly
larger MAE of 1.0 bpm for Personl5, but it preserves more respiratory fluctuation details after APSVD-based
extraction. Therefore, the proposed method is not claimed to be the best in every individual BR case; rather, it
provides a more balanced framework for respiratory harmonic suppression and subsequent HR extraction.

The increase in MAE and MRE is small. So it can be accepted in real applications. The proposed method
keeps more details of the respiration signal. But VMD and GWO-VMD tend to smooth the signal to reduce average
errors. Because of this, some small but important features may be lost. These features can be useful for detecting
abnormal respiration conditions. Overall, the proposed method provides stable BR estimation while preserving
respiratory components that are important for the subsequent removal of respiratory harmonics. Compared with
methods that directly decompose the mixed signal, the proposed APSVD-based strategy explicitly extracts the
respiration component and its harmonics before HR estimation. This design explains why the method is particularly
useful in the complete BR/HR separation framework, even though VMD-based methods may obtain lower BR
errors in some individual cases.

4.4.2. Superiority of APSVD and VMD-Denoising in Heart Rate Estimation

As shown in Table 5, the proposed method achieves the best HR-MAE and HR-MRE for most subjects,
indicating its advantage in reducing average HR estimation error. However, as shown in Table 3, its overall
HR-RMSE is slightly higher than those of EEMD, CEEMDAN, and GWO-VMD because RMSE is more sensitive
to several motion-contaminated outliers. For 12 subjects (e.g., Personl, Person3, Person5), the proposed method
reduces MAE by 50-75% compared to conventional methods. Particularly for Personll1, it achieves MAE 3.2
bpm versus 11.077 bpm for EEMD, achieving a 71.1% improvement. While the proposed method shows slightly
higher HR-RMSE in Table 3, this stems from only two cases: The RMSE of Person8 is 19.799 bpm, and the RMSE
of Person16 is 12.052 bpm. The relatively high HR-RMSE mainly comes from two motion-contaminated cases:
Person8 and Person16, whose RMSE values are 19.799 bpm and 12.052 bpm, respectively. Retrospective inspection
of the radar phase signals indicates that these two cases contain noticeable body micro-movements and transient
phase jumps during data acquisition. Although the Hampel-like filter suppresses abrupt points to some extent,
residual nonlinear motion artifacts may still remain and interfere with the VMD-based selection of heartbeat-related
IMFs. Therefore, these results reveal a current limitation of the proposed method under non-stationary body motion
rather than a general failure of the decomposition framework. The interquartile range of HR-MAE for the proposed
method is 1.8-3.8 bpm. This range is 60% narrower than that of EEMD, which is 3.4-6.6 bpm. So the proposed
method shows more stable performance across different subjects.

Table 4. Performance comparison of breath rate estimation.

EEMD CEEMDAN VMD GWO-VMD Proposed

Subject MAE MRE RMSE MAE MRE RMSE MAE MRE RMSE MAE MRE RMSE MAE MRE RMSE
(bpm) (bpm)  (bpm) (bpm)  (bpm) (bpm)  (bpm) (bpm)  (bpm) (bpm)

Personl 0.1 0.008 0.223 0.1 0.008 0.223 0.1 0.008 0.223 0.1 0.008 0.223 0.9 0.082 1.024
Person2 0.4 0.036 0.547 0.4 0.036  0.547 0.4 0.036  0.547 0.4 0.036 0.547 0.8 0.070  0.948
Person3 2.1 0.099 2.598 2.1 0.099 2.598 1.3 0.061 1.396 1.3 0.061 1.396 1.9 0.090 2179
Persond 1.4 0.066 1.516 1.4 0.066 1.516 1.4 0.066 1.516 1.4 0.066 1.516 1.6 0.074 1.923
Person5 0.3 0.026 0.387 0.3 0.026  0.387 0.3 0.026  0.387 0.3 0.026 0.387 0.5 0.043  0.741
Person6 0.4 0.041 0.447 0.4 0.041 0.447 0.4 0.041 0.447 0.4 0.041 0.447 0.4 0.041 0.447
Person7 0.6 0.030 1.000 0.6 0.030 1.000 0.6 0.030 1.000 0.6 0.030 1.000 0.6 0.033 1.341
Person8 1.0 0.089 1.843 1.0 0.089 1.843 0.8 0.069 1.414 1.0 0.089 1.843 0.6 0.049 1.000
Person9 1.1 0.110 1.118 1.1 0.110 1.118 1.1 0.110 1.118 1.1 0.110 1.118 11 0.110 1.118
Personl0 1.0 0.104 1.183 1.0 0.104 1.183 1.6 0.164 2.097 1.6 0.164 2.097 1.0 0.104 1.183
Personll 0.6 0.024 0.774 0.6 0.024  0.774 0.6 0.024  0.774 0.6 0.024 0.774 0.8 0.036 1.095
Personl2 1.2 0.051 1.673 12 0.051 1.673 1.2 0.051 1.673 1.2 0.051 1.673 24 0.102  2.966
Person13 0.6 0.067 0.774 0.6 0.067 0.774 0.6 0.067 0.774 0.6 0.067 0.774 0.4 0.042  0.632
Personl4 0.8 0.096 0.894 0.8 0.096  0.894 0.8 0.096  0.894 0.8 0.096 0.894 1.2 0.176 1.897
Personl5 3.6 0.600 8.049 3.6 0.600 8.049 0.2 0.028 0.447 0.0 0.000  0.000 1.0 0.142 1.183
Personl6 2.25 0.345 2.783 225 0.345 2.783 3.0 0470  4.183 3.0 0.470  4.183 2.0 0.295 2.738
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Table 5. Performance comparison of heart rate estimation.

EEMD CEEMDAN VMD GWO-VMD Proposed

Subject MJAE MRE RMSE MAE MRE RMSE MAE MRE RMSE MAE MRE RMSE MAE MRE RMSE
(bpm) (bpm)  (bpm) (bpm)  (bpm) (bpm)  (bpm) (bpm)  (bpm) (bpm)

Personl 10.395  0.186 11.118  10.360  0.185 11.082  10.398 0.186 11.119  10.172  0.182 10972 2900  0.051 4.201
Person2  3.821 0.063  4.688 3.820 0.063 4673 3.790 0.063 4.659 3.804 0.063 4.676 2.800  0.047 3.302
Person3  3.978 0.063  4.063 3972  0.063  4.055 3.971 0.063  4.057 4.023 0064 4112 1.800  0.028 2.324
Persond  6.603 0.106 ~ 7.127  6.610 0.106  7.127 6.598 0.105 7.129 6385 0.102 6.754  3.000  0.049 3.493
Person5  3.437 0.052  3.833 3437 0.052 3.833 4.012 0.061 4442 3515 0053 4.084 1.800  0.027 1.949
Person6  4.893 0.080  7.758 4.892  0.080 7.758  5.271 0.086 7910 4907 0.078  6.531 3.200  0.052 5.550
Person7  1.125 0.019 1.346 1.125  0.019 1.346 1.130  0.019 1.350 1.163  0.020 1.409  0.400  0.007 0.894
Person8  6.453 0.113 8399 6453 0.113 8399  6.295 0.111 8334 6268 0.110  8.615 15.600 0.274 19.799
Person9  3.704 0.054  4.051 37704 0.054  4.051 3712 0.054 4050 3946 0.057 4.158 1.100  0.015 1.285
Personl0 4.177 0.064 4900 4.177 0.064 4900 4482  0.069 5371 3535  0.055 5816  3.800  0.055 6.017
Personll 11.077  0.213 13278 11.077 0.213 13.278 11.067 0.213 13271 10.444  0.202 12.580 3.200  0.056 4.775
Personl2 2.398 0.041 3.163 2398  0.041 3.163 2491 0.043 3206 3.187 0.054 3.680  1.600  0.027 1.673
Personl3 2.869 0.043 3586 2869 0.043 3586 3.755 0.057 4920 1.707  0.026 1.946  2.000 0.030 2.098
Personl4 5.013 0.084 5784 5013 0.084 5784 6908 0.115 7226 5154 0.087 5707 3.800 0.064 5.348
Personl5 3.692 0.063  4.181 3.692  0.063  4.181 3172 0.053  4.193 4900  0.081 5.845 1.800  0.029 2.236
Personl6 4.163 0.071 5.541 4.163  0.071 5.541 4.147  0.070 5525 4920 0.084 6994 6.750  0.114 12.052

5. Conclusions

In this paper, a vital sign decomposition framework for FMCW mmWave radar is studied. The framework
combines phase correction, APSVD, and VMD-based denoising. It is used to separate respiration, respiratory
harmonics, and heartbeat signals under practical conditions.

The phase correction part includes phase unwrapping, phase difference, abrupt change suppression, and signal
detrending. These steps improve the signal quality compared with the raw signal. Then APSVD and VMD-denoising
are used together to reduce harmonic interference and avoid manual parameter adjustment. For the 16 subjects in the
experiments, the proposed method achieves a BR-MAE of 1.063291 bpm, a BR-MRE of 0.090903, and a BR-RMSE
of 1.550827 bpm. For HR estimation, it achieves an HR-MAE of 3.430380 bpm, an HR-MRE of 0.057230, and an
HR-RMSE of 6.614139 bpm. Compared with EEMD, CEEMDAN, VMD, and GWO-VMD, the proposed method
shows clear advantages in HR-MAE and HR-MRE, while maintaining competitive RMSE performance.

The proposed framework has also been implemented on the ADT3102 radar chip. Under relatively still
conditions, the system outputs respiration rate and heart rate every 12.8 s. It also includes human presence detection
and abnormal respiration detection, which improves its practical use. But the 12.8 s update interval is still long
for some tasks with high real-time requirements. Also, the method still depends on subject stillness. Large body
movements can reduce the estimation accuracy.

Future work will continue in two directions. One is to reduce latency by using pipeline processing and frame
overlapping, so that the output interval can be shortened to less than 10 s. The other is to extend the method
to movement scenarios. For this purpose, a motion-tolerant framework will be developed by combining motion
detection and deep learning-based artifact suppression. In this way, the limit caused by the stillness requirement can
be reduced.
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Appendix A. Mixed Signal Model

The complete data acquisition and signal processing flow are depicted in Figure Al. After data capture, the
fast Fourier transform (FFT) is applied along the fast-time dimension to locate the target range bin.

A
| T Txchirp Rx chirp N
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= e
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Figure A1l. Data acquisition and signal processing procedures of the mmWave radar system.

The FMCW radar transmits a chirp signal whose frequency increases linearly with time [35]. The instantaneous
transmit frequency is

B
fr(t) = fc+ft (AD)
where f. is the start frequency, B is the bandwidth, and 7" is the chirp duration. The transmit phase is

¢ 1B,

or(t) = 27T/ fr(r)dr =27 (fct + ==t ) (A2)
The transmitted FMCW signal is a real-valued signal and can be expressed as
B,

sp(t) = Acos | 2rft + w?t (A3)

After I/Q demodulation, the received signal can be represented in complex form for signal processing
convenience. Thus, the transmit signal can be written as

sp(t) = Ay (t)e I 2r(Fert3 2% +o(0)] (Ad)

where A;(¢) is the amplitude and ¢ () represents hardware phase noise.
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Assuming a stationary object at distance R, the received signal is a delayed version
sr(t) = Ag(t)e I rlfelt=D+ 3 # (=) +eot=r)] (A5)

where A, (t) is the amplitude of the received signal, with time delay 7 = 2R/c(c:speed of light). Mixing the
received signal with a copy of the transmit signal yields the intermediate frequency (IF) signal

Y(t) _ Ae—j[Qﬂ'%T t+27rfCT+7T%T2+Ag0(t)} (A6)

where Ap(t) = ¢(t) —@(t — 7) is the residual phase noise, which is typically negligible due to the range correlation

effect [35]. The term w%rg is very small for short-range applications and can be ignored. Hence,

, B 2B
Y(t) ~ Ae 1@TH0)  with f = 7 = o

T T ¢ =2n f.T. (A7)

When the target is a human chest, the distance R(t) is not constant but varies due to respiration and heartbeat
R(t) = Ry + R.(t) (A8)

where R.(t) represents the chest displacement caused by cardiopulmonary activity. The phase then becomes

time-varying
4 4
o(t) = S R(1) = 5 (Ro + Re(1)) (A9)

with A = ¢/ f.. the wavelength.
After I/Q sampling, the discrete-time IF signal for the n-th ADC sample (fast time) and m-th chirp (slow time) is

Y{n, m] = Ae~d(3nfnTs+5 R(nTy+mT.)) (A10)

where T is the fast-time sampling interval, T’ is the slow-time sampling interval,n = 1,..., N,andm = 1,..., M.
The slow-time samples contain the vital sign information.

Appendix B. Variational Mode Decomposition Theory

Variational mode decomposition (VMD) is an adaptive signal decomposition technique that decomposes a
signal into a predefined number of band-limited intrinsic mode functions (IMFs). Each mode is compact around a
specific center frequency and represents a distinct spectral component of the signal.

1.  Variational Formulation

Given an input signal f(t), VMD aims to decompose it into K modes {u(t)}1_,, each associated with a
center frequency {wy } &_,. The objective is to minimize the total bandwidth of all modes under the constraint that
their sum reconstructs the original signal.

The variational problem is formulated as

K
min > [ [ur(t)e 7] |2 (A11)
fund{wn} =
subject to
K
> uk(t) = f(t) (A12)
k=1

In this formulation, each mode uy(t) is first demodulated to baseband via e~7“!, and its bandwidth is
estimated using the squared Lo norm of the gradient.

2. Augmented Lagrangian and ADMM Solution

The constrained optimization problem is solved by introducing the augmented Lagrangian

K

F&) = u(t)

k=1

2

K
L({u} {wn}, A) = a Y ][0 [ur(t)e ][], +
k=1
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Here, A\(t) is the Lagrange multiplier and « is the penalty parameter.
Then the alternating direction method of multipliers (ADMM) is used to solve this problem. In each iteration,
the mode uy, the center frequency wy, and the Lagrange multiplier A are updated in turn.

3. Frequency-Domain Updates

In the frequency domain, each mode is updated as

) Fw) = X ts(w) + 22

= Al4
The center frequency is updated as
P 2
d
= o lolids (A15)
Jo~ ik (w)[Pdw
The Lagrange multiplier is updated as
K
N = XMt + 7 (f(t) - uk(t)> (A16)
k=1

where 7 is the update step size.
4. Application in Heartbeat Signal Extraction

In this study, VMD is applied to the residual signal after the respiration component is removed. The signal is
decomposed into K modes. Each mode corresponds to one frequency band.

Then the IMFs with center frequencies in the physiological heart-rate range are selected. The denoised
heartbeat signal is reconstructed by summing these selected modes

B
H[i] =" u,, [i] (A17)

where u,_ denotes the selected IMFs and 3 is the number of retained modes.
In this way, noise components outside the heartbeat frequency band are reduced. So the heartbeat signal can
be extracted more accurately.
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