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Dynamic Estimation of Vital Signs with mm-wave
FMCW Radar

Guigeng Su1, Nikita Petrov2, Alexander Yarovoy3
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Abstract — In this paper, we propose a method for
continuous monitoring of vital signs — in particular, respiration
frequency — with a commercial mm-wave radar. The nearly
constant frequency (NCF) model is adopted to represent chest
displacement due to respiration and simulate radar response.
Based on this model, an extended Kalman filter (EKF) based
estimator is developed to track the breathing frequency of a
person. The impact of dynamic model parameters is investigated
in numerical simulation. The possibility to track breathing
frequency with the proposed method is demonstrated by
experimental data processing.

Keywords — Vital signs, sequential estimation, extended
Kalman filter (EKF).

I. INTRODUCTION

Monitoring the human body’s vital (life-sustaining)
functions is of prime interest in health care, smart houses,
security, and other applications [1]. The standard tools for
vital signs monitoring — electrocardiography (ECG) and
photoplethysmography (PPG) — require connection to the
body and thus limit personal mobility and can not be applied
for injured patients (e.g. burned skin, sudden infant death
syndrome (SIDS) [2]) and non-cooperative elderly people.
Modern contact-less tools for vital signs monitoring are based
on radar technologies and benefit from the propagation of
microwaves through the clothes. Radar can monitor vital signs
by measuring the periodic motion of the human chest caused
by the cardiopulmonary activity.

To detect and estimate the parameters of the chest
movement, range displacement of the body is measured with
an ultra-wideband radar e.g. [3], or induced Doppler frequency
shift is measured by a continuous-wave radar, e.g. [4].
Recently, the application of mm-wave (60 GHz and 77 GHz
bands) frequency modulated continuous wave (FMCW) radars
to vital signs monitoring has been widely investigated. Such
radars benefit from the high Doppler sensitivity, required for
reliable vital signs detection and monitoring. The penetration
depth into human skin was estimated to 1 mm at most
with 60 GHz radar [5], which simplifies the analysis of
the reflected signal; it was also demonstrated that measured
chest movement contains information about both respiration
and heartbeat. Good agreement of the respiration movements
detected by 80 GHz FMCW radar with reference contact
measurements has been shown in [6]. Application of range
compression and beam-forming for vital signs monitoring of
multiple persons was demonstrated in [7] and further extended
to 3D localization in [8].

Extraction of breathing and heartbeat frequencies from
radar data is typically based on frequency peak searching in
the Doppler power spectrum of the received signal and/or its
phase history. Recently, vital sign extraction with empirical
mode decomposition and independent component analysis has
been investigated [9], [10]. The methods mentioned above are
implemented via batch data processing over a long observation
time (typically from 10 s to a minute). At the same time,
continuous information about a person’s state is required in
some applications due to the necessity of rapid reaction of the
monitoring system to the changes in human body behavior.
In this study, we investigate the feasibility of performing
the dynamic estimation of the breathing frequency (as the
dominant component in the chest movement) with mm-wave
radar and propose a Kalman filter-based approach to solve this
problem.

The rest of this paper is organized as follows. A nearly
constant frequency (NCF) model for periodic processes is
adopted for vital signs modeling in Section II. Kalman filter
for dynamic estimation of chest movement due to breathing
is derived in Section III. Simulation results are presented in
Section IV and experimental validation is given in Section V.
Finally, conclusions are drawn in Section VI.

II. DATA MODEL

Assume a mm-wave radar transmits a periodic waveform
and illuminates a person from the front. The signal reflected
from the chest and impinging the radar has a dominant
component corresponding to the reflection from the skin due
to the low penetration of microwaves into the body [5]. The
reflected signal encompasses information about vital signs
by measuring the quasi-periodical movement of prothorax
and chest cavity, induced by the lung volume changes and
the heart-beat. Aiming at the range cell with the strongest
reflection and neglecting Doppler effect within a pulse, the
received replica of the n-th sweep (or pulse) is given by:

y[n] = h[n]ejφ[n]ej2πfc
2Rr [n]

c + u[n], (1)

where n = 0, . . . , N − 1 is the slow-time index, h[n]ejφ[n] is
a complex back-scattering coefficient of the body (including
the propagation and processing constants with no loss of
generality) sampled with pulse repetition interval (PRI) Tr at
times t = nTr, R[n] describes the displacement of the chest in
radial direction from the radar, and u[n] is an additive noise.
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Fig. 1. A range history generated with a nearly constant frequency model

The range history of the chest R(t) is a linear combination
of two periodical activities - breathing and heart beat with the
prothorax displacement due to breathing with frequency fb ∈
[0.1, 0.4] Hz and magnitude αb ∈ [3, 11] mm and fh ∈ [1, 2]
Hz and αb ∈ [0.3, 0.8] mm for the heart beat accordingly
[11]. Recall that diaphragm displacement due to each of the
aforementioned vital signs has sinusoidal like movement (e.g.
[12]), and therefore its parameters are typically estimated via
the peaks in the Fourier spectrum of the measured range history
[13]. It implies that the range history of the chest due to
respiration can be modeled with a time-varying sinusoidal:

Rr[n] = α[n] sin (2πfb[n]Trn+ ϕr) + w[n], (2)

where α[n] and fb[n] are slowly varying respiratory amplitude
and frequency, ϕr is the initial phase of respiration and w[n]
is a random component, which can also represent the impact
of the heartbeat.

A. Dynamic models for periodic signals

The range history (2) of the breathing has the form of
a time-varying sinusoid. Dynamic estimation of single-tone
frequency and amplitude has been recently addressed in [14].
In this study, we adopt a nearly constant frequency (NCF)
dynamic model from [14] for chest movement due to breathing
and use it hereinafter for tracking vital signs parameters.
The choice of NCF model is determined by its superior
performance compared to the other models when the frequency
varies slowly [14], the case expected for healthy person
respiration.

NCF model is applied directly to the signal (2) by
defining new variables: time-varying angular frequency ω[n] =
2πfb[n], angle θ[n] and using Taylor series expansion of
θ[n] = ω[n]Trn+ ϕr:

θ[n] = θ[n− 1] + Trω[n− 1] +
T 2
r

2

∂ω(t)

∂t

∣∣∣∣
t=(n−1)Tr

ω[n] = ω[n− 1] + Tr
∂ω(t)

∂t

∣∣∣∣
t=(n−1)Tr

(3)

and assuming that breathing frequency has small variation
over time modeled by ∂ωt

∂t |t=(n−1)Tr
= wω ∼ N (0, σ2

ω).
The other unknowns encompassed in the data model (1)
and (2) are the magnitude of chest variation αr[n] and
complex back-scattering coefficient h[n]ejφ[n] are assumed
slowly varying processes. An example of the range history

generated by NCF model with σf = σω/(2π) = 0.1 Hz/s and
σα = 0.1 mm/s is shown in Fig. 1.

III. DYNAMIC ESTIMATION OF VITAL SIGNS PARAMETERS

In this section, we propose Kalman filter based dynamic
estimation of breathing parameters (frequency and magnitude
of chest displacement) from the unwrapped phase history of the
received data (1). The corresponding dynamic and observation
models are introduced and then the general form of EKF is
given.

A. Phase history dynamic model
Since the vital signs information is contained in the phase

term in (1), the estimation process can be simplified by
processing the phase history (1) directly. However, estimation
of frequency fr and amplitude αr requires unwrapping of the
phase history from the baseband signal. Note that due to the
unwrapping process, the unwrapped phase history generally
has a non-zero mean (see Fig. 1), considered here by additional
unknown parameter ψ[n]. Thus, the measurement model is:

z[n] = g(s[n]) + u[n]

= Pα[n] sin(θ[n]) + ψ[n] + u[n],
(4)

where P = 4πfc/c, the state vector: s[n] =
[θ[n], ω[n], α[n], ψ[n]]

T and u[n] ∼ N
(
0, σ2

u

)
. For moderate

and high SNR of the received signal, the noise of the
extracted phase is Gaussian. The Jacobian corresponding to
the linearized measurement model can be written by:

G[n] =
[
Pα cos(θ) 0 P sin(θ) 1

] ∣∣∣∣
s=ŝ[n|n−1]

. (5)

For unwrapped phase history observation, the dynamics of
NCF model is given by:

s[n] = As[n− 1] + Bv[n]

=


1 Tr 0 0
0 1 0 0
0 0 1 0
0 0 0 1

 s[n− 1] +


T 2
r /2 0 0
Tr 0 0
0 Tr 0
0 0 1

 ṽ[n],
(6)

where v[n] = [vω[n], vα[n], vψ[n]]T is Gaussian driving
noise: v[n] ∼ N (03×1, Q̃) with Q̃ = E

{
v[n]vT [n]

}
=

diag{σ2
ω, σ

2
α, σ

2
ψ}.

B. Burst processing
The dynamic estimator based on the aforementioned model

operates well if the estimated parameters are initialized in
the vicinity of the true values. In the absence of prior
knowledge about these parameters, the estimators can diverge.
To alleviate this problem, we propose to apply a Kalman
filter to overlapping bursts of data containing L samples. It
implies the modification of the measurement model (4) for
l = 0, . . . , L− 1 via:

z̄[n] = ḡ(s[n]) + ū[n]

=


Pα[n] sin(θ[n]) + φ[n]

Pα[n] sin(θ[n] + Tr) + φ[n]
· · ·

Pα[n] sin(θ[n] + (L− 1)Tr) + φ[n]

+ ū[n],
(7)
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a b c
Fig. 2. Breathing frequency estimation with ±σf bounds using unwrapped phase history, σα = 0.5 mm/s, σψ = 10−6 1/s: a - σf= 0.02 Hz/s, SNR=20 dB;
b - σf= 0.1 Hz/s, SNR=20 dB; c - σf= 0.02 Hz/s, SNR=10 dB

The measurement noise is assumed white Gaussian with
R̄ = E

{
ū[n]ūT [n]

}
= σ2

uIL. A few comments should be
made on (7). First, it assumes no dynamics of the process
over the duration of the burst. This is a reasonable assumption
for a slow-moving person. Second, the assumption of noise
independence in the adjacent bursts is rigorously not correct
if they are overlapping. However, the same simplification
is commonly made in spectrum analysis to design efficient
estimators, see e.g. [15].

C. Extended Kalman Filter (EKF)

To solve the breathing frequency estimation problem we
propose to use a Kalman filter, selected for its simplicity
and efficient implementation. Because of the non-linear
measurement model, extended Kalman filter (EKF) [16]
is considered. Moreover, in this paper we focus on the
sequential estimation of the breathing frequency only; thus
more appropriate signal models (including the impact of
heartbeat) and more advanced and robust solutions (e.g.
particle filtering) are out of the scope of this paper.

The dynamic estimation of the breathing parameters is
performed by EKF, which consists of two steps. First, the
prediction step is based on dynamic model (6):

ŝ[n|n− 1] = Aŝ[n− 1|n− 1];

M[n|n− 1] = AM[n− 1|n− 1]AT + BQBT ,
(8)

where ŝ[n|n−1] denotes the prediction of the state obtained at
step n−1 and ŝ[n−1|n−1] stands for its estimation. Minimum
prediction mean squared error (MSE) matrix is denoted by M.

Second, the correction step is based on the measurement
model:

K[n] = M[n|n− 1]GT [n]
(
R + G[n]M[n|n− 1]GT [n]

)
;

ŝ[n|n] = ŝ[n|n− 1] + K[n] (z[n]− g(ŝ[n|n− 1])) ;

M[n|n] = (I4 −K[n]G[n])M[n|n− 1],
(9)

where K[n] is a Kalman gain matrix.
Note that due to the linear approximation of the non-linear

measurement process, the convergence of EKF can not be
guaranteed. That implies the need for reasonable initialization
of all the parameters for reliable dynamic estimation. This
problem is investigated in the next section. Moreover, there

are no constraints for the EKF estimation on the value of
angular frequency ω and amplitude α; therefore both frequency
and amplitude estimations can be negative. This brings
the ambiguity of the estimated values: with no constraints
on realistic parameters, there exist a few combinations of
ω, α, φ which can represent the same signal. However, these
sets of parameters have equal absolute values of frequency
and amplitude |ω|, |α|, which, therefore, are considered for
performance assessment hereinafter.

IV. SIMULATIONS

The following radar parameters are fixed in the simulations:
fc = 77 GHz, pulse repetition frequency (PRF): Fr = 100
Hz and total observation time is 15 s. The standard phase
unwrapping processing is applied for phase history extraction
from complex data.

The simulated signal has the following values for: fb[0] =
0.3 Hz, α[0] = 4 mm and follows NCF model with
σa = 0.1 mm/s, σψ = 10−3 and σf = 0.02 Hz/s if not
mentioned otherwise. The initialization of the filter is made by
ŝ[0|0] =

[
0, 2πN (0.25, 0.052),N

(
4 · 10−3, (·10−3)2

)
, 0
]T

to cover possible error of the estimated parameters at the
initialization. To account for the estimation error at the
initialization, the MMSE matrix is initialized with M[0|0] =
diag

(
(3π)2, (2π · 0.3)2, (3 · 10−3)2, (10−2)2

)
.

The simulation results are presented in Fig. 2. Each plot
demonstrates averaged over 100 Monte-Carlo trials estimated
breating frequency E{f̂b[n|n]} bounded by

√
E{M2,2[n|n]}.

We refer to SNR per pulse before unwrapping process.
Simulation results for SNR=20 dB and σf = 0.02 Hz/s are

shown in Fig. 2, a. The curves of different colors correspond to
different filter lengths, namely L = {1, 10, 50}. The filter with
no burst processing (L = 1) has larger variance as the result of
divergence in some scenarios, primarily because of ambiguities
in amplitude and phase estimation. We have noticed that
the phase error at the initialization has a major impact on
the convergence. This uncertainty is sufficiently reduced by
applying a filter with L = {10, 50}. Fig. 2, b shows the results
for larger frequency variation. In the demonstrated scenarios,
the filters with L = {10, 50} converge to the uncertainty
determined by the dynamic model. The results for SNR=10 dB,
presented in Fig. 2, c shows the increased uncertainty of the
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a
b c

Fig. 3. a - Measurement scenario; b - Measured and filtered phase history; c - Estimated breathing frequency.

estimation due to lower SNR and larger errors of unwrapping
pre-processing.

V. EXPERIMENTAL ANALYSIS

The proposed estimation technique has been validated by
applying to a real data set collected with a commercial FMCW
radar operating at fc = 77 GHz frequency band with a
bandwidth B = 1GHz and Fr ≈ 20 Hz. The person was
sitting about 2 m away from the radar as shown in Fig. 3, a.

Phase history demonstrated in Fig. 3, b is extracted from
slow-time data in the range cell with the strongest response.
The dynamic model in this case was set to: σω = 2π · 0.003
Hz, σα = 10−3 mm, σφ = 10−3. To stabilize the convergence
and minimize the impact of the heartbeat on the algorithm
convergence, the variance of the measurement noise in R
was set 10 dB above the measured noise floor. In Fig. 3,
b, the predicted signal z[n] = g(s[n]) is demonstrated and
it agrees well with the data already in a few seconds. The
breathing frequency estimation with L = {1, 10, 50}, shown
on Fig.3, c, converges to fb ≈ 0.14 Hz and agrees well with
the spectrogramm of the range hitory (not shown here). This
example demonstrates the possibility to perform continuos
tracking of the breathing frequency with the proposed method.

VI. CONCLUSION

For the first time, remote monitoring of the vital signs
has been formulated as a dynamic estimation problem of the
breathing frequency with mm-wave radar. A nearly-constant
frequency (NCF) model has been proposed to model the
displacement of the chest due to breathing with sufficient
for the application fidelity. Based on the NCF model, an
extended Kalman filter for breathing frequency estimation was
developed. Simulation results and experimental data analysis
have demonstrated that with a reasonable initialization,
the proposed method can provide accurate and up-to-date
information about human breathing already after collecting a
few seconds of raw data.
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