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Abstract—Continuous cardiac monitoring has been a challenge
in contactless vital sign detection using mmWave radar systems.
However, existing approaches primarily focus on the heartbeat
detection and often fail to achieve comprehensive electrocardio-
gram (ECG) reconstruction. Therefore, a synergistic approach
is proposed that integrates signal differential algorithm and
spatiotemporal learning model (DST) to enable high-precision,
contactless ECG monitoring. Initially, a differential method is
used to achieve cardiac acceleration signal from the radar
signals. Subsequently, a cascaded spatiotemporal learning model
is proposed to extract spatial and temporal features of the
cardiac acceleration signal. Experimental results indicate that our
DST approach achieves timing precision with 90-percentile mean
absolute error of 5.0 ms and morphological accuracy with 90-
percentile Pearson-Correlation of 0.981 and Root-Mean-Square-
Error of 0.17 compared to the ground-truth ECG.

Index Terms—mmWave radar, contactless ECG monitoring,
spatiotemporal learning, waveform reconstruction

I. INTRODUCTION

Continuous cardiac monitoring serves as a critical com-

ponent in contemporary vital sign monitoring, offering sub-

stantial clinical benefits by enabling timely intervention for

high-risk individuals and early detection of life-threatening

conditions, including cardiac arrhythmias [1], acute myocar-

dial infarction [2], sudden infant death syndrome [3], and

cerebrovascular events [4]. However, contact-based ECG de-

tection is unsuitable for long-term monitoring and is not

applicable to daily assessments. Therefore, contactless-based

monitoring has become a promising approach. Compared with

other sensors such as cameras and acoustic sensors with

privacy issues, radar could achieve strong robustness under

light conditions or temperature variations [5], [6].

The earliest attempt at radar-based respiration monitoring

was achieved by measuring the chest wall displacement in-
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duced by respiration in 1975 [7]. Thereafter, various advanced

algorithms have been developed to exploit different intrinsic

characteristics for reconstructing coarse cardiac information

(e.g. heart rate [8], heart cycle [9]). For example, the Kalman

filter uses the predicted value and uncertainty to further update

and optimize the band-pass filter (BPF) to achieve heart rate

tracking [10]. Although this method improves the accuracy

of heart rate estimates, it cannot extract fine-grained cardiac

events. In addition, Nguyen et al. [11] used ensemble Empir-

ical Mode decomposition (EEMD) to reduce mode aliasing,

but the introduced noise affected the accuracy of the results.

Z. L.Xia et al. [12] applied variational mode decomposition

(VMD) to the separation of respiratory and heartbeat in the

vital signs, which improves the accuracy of the separated

instantaneous frequencies of respiratory and heartbeat compo-

nents. However, one disadvantage of VMD is that it requires

setting the number of decomposition layers and penalty fac-

tors, which can lead to problems such as under-decomposition

or over-decomposition. In recent years, the emergence of

commercial radar platforms with high operating frequency

(mmWave radar) encourages researchers to extract fine-grained

cardiac features, such as seismocardiography (SCG) and ECG.

For instance, U. Ha et al. [13] used 1D-CNN to construct a

mapping relationship from RF signal to SCG signal to realize

the reconstruction of SCG waveform, and the correlation

coefficient between the predicted signal and the actual signal

was above 0.72. D. Toda et al. [14] proposed a method that

body surface displacement signal obtained from Frequency-

Modulated Continuous Wave (FMCW) radar is used as input

of CNN to reconstruct ECG signal. The results showed that

the mean absolute error (MAE) of R peaks were 102.2 ms

and the median correlation coefficient between the predicted

and the actual signal is 0.86. However, the displacement signal

contains breathing and other noises, which are not conducive

to obtaining high reconstruction accuracy. J. Chen et al. [15]

proposed an end-to-end network to convert radio frequency
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Fig. 1. System overview

(RF) signal into ECG signal, with a median correlation coef-

ficient of 0.90. The most existing studies merely employ deep

learning methods to extract the conversion information from

enormous coarse-grained radar signal to ECG signal relying

on the non-linear mapping ability of the deep neural network.

Although these studies could successfully reconstruct the ECG

signal from radar, some drawbacks still need to be improved:

First, coarse-grained radar data contains plenty of noises

such as respiration and body movement, weakening the subtle

features and affecting the performance of neural network.

Second, pure data-driven deep learning approaches rarely

utilize prior knowledge of the data during training process,

such as mathematical/physical models of the problem itself,

resulting in the inability to verify.

To deal with above limitations, a method that integrates

signal differential methods and cascaded spatiotemporal learn-

ing model is proposed to achieve high-quality cardiac signal

and improve the performance. It is not a mere combination

but a theory-guided data-driven paradigm, preserving the in-

terpretability of signal methods while empowering systems

to handle complex time series signal efficiently. The main

contributions are as follows:

Initially, we proposed a signal-processing-driven cascaded

spatiotemporal learning framework, which is a cross-modal

mapping mechanism from non-contact radar micro-motion

signals to electrocardiogram signals.

Then, the signal preprocessing module at the front end of the

cascaded network can suppress noise component that are detri-

mental to the neural network’s performance, retain the subtle

cardiac features that are critical for accurate construction, and

provide a verifiable physically meaningful initial feature space

for subsequent model.

Finally, comprehensive experiments demonstrate that the

proposed method can exhibit outstanding performance in both

morphological accuracy and timing precision.

II. MODEL

System overview of the proposed method is described as

Fig. 1, which mainly includes data collection, radar signal

preprocessing and ECG reconstruction model. The following

section will primarily focus on the latter two.

A. Radar Signal Preprocessing

First, the signal from radar needs to be preprocessed to

obtain the chest displacement of mixed heartbeat and breathing

components.

Assuming that the initial distance between the radar and the

human chest is , and the change in surface micro-displacement

caused by physiological activities is x(t) . By down-converting

the received signal, the in-phase (I(t)) and quadrature (Q(t))
baseband signals can be obtained, which are expressed as:

I(t) = A cos

(
θ0 +

4πx(t)

λ
+Δφ

)
(1)

Q(t) = A sin

(
θ0 +

4πx(t)

λ
+Δφ

)
(2)
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Fig. 2. Thoracic acceleration signal and the corresponding ECG signal

where A is the amplitude of the two baseband signals, θ0
is the initial phase, and Δφ is the residual phase noise.

Then we use the extended Differentiate and Cross-multiply

Algorithm (DACM) to extract the phase information from the

I/Q signals to avoid phase fold and improve the noise sup-

pression effect. The phase signal contains respiratory, cardiac

activities and other noises. Respiratory movement is usually

slow with low acceleration, whereas cardiac activities are rapid

contraction of the myocardium, causing significant accelera-

tion during heartbeats [16]. Therefore, we can extract cardiac

motions and eliminate respiration by differential filtering based

on least square smoothing, which is expressed as:

c(t) =
(φt−3 + φt+3) + 2(φt−2 + φt+2)− (φt−1 + φt+1)− 4φt

16h2

(3)

where h is the frame periodicity between consecutive sam-

ples, c(t) is the acceleration information of chest vibration.

The frequency range of respiratory motion and cardiac mo-

tion are mainly distributed in the range of 0.1-0.5 Hz and 0.9-2

Hz, respectively. Therefore, a Butterworth Bandpass Filter is

used to filter out respiratory and other noise, retaining the chest

acceleration signal. Then it is down-sampled to 200 Hz. The

Fig. 2(a) and Fig. 2(b) show the acceleration signal and the

corresponding ECG signal, respectively. The horizontal axis in

the Fig. 2 represents the number of points. After the R peak of

the ECG, we observed a distinct R1 peak in the acceleration

signal, which is consistent with the physiological principle

that the mechanical activity of the heart follows the electrical

activity [17]. In summary, the acceleration signal can describe

the mechanical activity of the heart effectively.

B. Spatiotemporal Model

Modeling cardiac spatiotemporal features with a deep learn-

ing network is a significant challenge. To address this, our

study integrates the structure of CNN and BiLSTM to map

from cardiac motion input to ECG signal output, which is

shown in Fig. 1 (d).

The acceleration signal X first passes through a CNN

block that contains a one-dimensional convolution layer, an

activation layer, and a pooling layer.

P = Maxpool (ReLU (Conv1D(X))) (4)

Then, the output features P passes through a BiLSTM

block, which contain forward and backward LSTM cells to

obtain contextual information. This structure enables simulta-

neous awareness of past and future context for each element in

sequence, improving the modeling capabilities of time series

data significantly. The output h is expressed as:

h = [hforward, hbackward] (5)

As a result, the CNN part extracts the spatial dimension, and

the BiLSTM part extracts the temporal dimension of the signal.

Therefore, we can accurately reconstruct the ECG signal from

the radar signal.

III. EXPERIMENT

A. Dataset

A publicly available dataset provided by Schellenberger et al

[18] is used in this study, which comprises simultaneous data

collected from a 24GHz radar and a reference device. The data

for the experiment contains 30 healthy subjects (14 males and

16 females) during resting scenario. The measurement duration

of each person is at least 10 min, and the total duration is about

5 h. The distance between the radar and subjects is around 40

cm. The details are shown in Table I.

B. Implement Details

The experiment is implemented by using PyTorch library

[19], select Mean Absolute Error (MAE) loss as the loss

function for network training, and use the Adam optimizer

to minimize the loss function [20]. The learning rate is 0.001

and the batch size is 16. To ensure model generalization and

prevent data leakage, the dataset was split at the patient level

into a training set and a test set in a ratio of 80% and 20%,

respectively. The input to the network is segmented using a

512-sliding window. The convolutional layer configured with

64 filters and a kernel size of 3. This is followed by a

Rectified Linear Unit (ReLU) activation and a Max Pooling

layer with both kernel size and stride set to 2. The BiLSTM

module comprises 4 layers with a hidden size of 128 units

per direction. Moreover, a dropout layer with a dropout rate

of 0.2 and an early stopping strategy are introduced to prevent

overfitting.

C. Evaluation Metrics

We use the following metrics:

1) Pearson correlation coefficient (PCC): The morphological

accuracy of the reconstructed signal.

2) Root mean squared error (RMSE): It is another morpho-

logical accuracy, which measures the differences between the

reconstructed and ground-truth ECG.

3) Mean absolute error (MAE): NeuroKit2 [21] is used to

accurately detect R-peaks and calculate the average absolute



TABLE I. Dataset information

Parameter Value
Scenarios Resting

Radar device 24-GHz radar
ECG device Three channel ECG

Radar raw data I/Q signals
Radar/ECG frequency 2000 Hz

Total duration 5 h

error between the reconstructed and ground-truth ECG. It is

the timing precision of the reconstruction results.

In this article, a better reconstruction result should be

one in which the deviation between the reconstructed and

ground-truth values is as small as possible and the correlation

coefficient is as high as possible.

IV. RESULTS AND DISCUSSION

A. Performance Analysis of Different Models

To fully evaluate the model performance of DST, we com-

pare it with several models. Table II presents the results of

these models, employing various evaluation metrics.

1) CNN [14]: It uses body surface displacement signal from

FMCW radar as the input. The correlation coefficient is 0.86.

The MAE of R peak is 102.2 ms.

2) Encoder-decoder [15]: It uses encoder-decoder structure

to reconstruct ECG signal from radio frequency (RF) signal.

It can be seen that during normal-breath, the PCC and R peak

MAE are 0.91 and 9 ms, respectively.

3) ECGDiff [22]: It bases on conditional denoising diffusion

models achieves a PCC of 0.93.

4) SS-S2SA [23]: It combines signal segmentation and deep

learning (Sequence-to-sequence and attention) to achieve ECG

signal reconstruction. The results showed that PCC and R peak

MAE are 0.92, 8.1 ms, respectively.

5) DST-s: It is a version of DST without differential filtering

algorithm based on least squares smoothing. That is to say,

the phase information is used as the input of the model. The

result shows that the PCC, RMSE and peak MAE between

reconstructed and ground-truth ECG are 0.93, 0.17, 6.25 ms,

respectively.

6) DST-L: It is a version of replacing BiLSTM in DST

with LSTM, which achieve the PCC, RMSE and peak MAE

between reconstructed and ground-truth ECG are 0.937, 0.231,

27.5ms, respectively.

7) DST: The method proposed in this article, which achieve

the PCC, RMSE and peak MAE between reconstructed and

ground-truth ECG are 0.981, 0.17, 5.0ms, respectively. Using

bootstrapping with 1,000 resamples, the 95% CI for the

PCC was [0.91, 0.93]. The narrow confidence interval further

supports the robustness of this method in the dataset.

Compared with CNN [14], the results of DST indicate that

differential filtering based on least squares smoothing and

BiLSTM can effectively improve the performance. Compared

with [15], there is a significant improvement in PCC, which

indicates that proposed method has higher morphological

accuracy. Compared with ECGDiff [22], DST showed a 5.5%

increase in median PCC. Compared with SS-S2SA [23], the

results achieved a 6.6% improvement in median PCC and

TABLE II. Results of DST and other models

Models PCC MAE(ms)
CNN [14] 0.86 102.2

encoder-decoder [15] 0.91 9
ECGDiff [22] 0.93 -
SS-S2SA [23] 0.92 8.1

DST-s 0.93 6.25
DST-L 0.937 27.5
DST 0.981 5.0

a 38.3% reduction in median MAE. Compared with DST-

s, it can be seen that the differential filter performed on

phase information based on least-squares smoothing can ef-

fectively reduce the impact of respiration, achieving a 5.5%

improvement in PCC and a 20% reduction in MAE. Compared

with DST-L, the results indicate that more comprehensive

contextual information can be obtained by BiLSTM, achieving

a 4.7% improvement in PCC and an 81.8% reduction in MAE.

These underscore the robustness of DST method in accurately

reconstructing ECG signal.

In summary, the proposed model fused filters for noise

reduction, CNN to extract spatial features and BiLSTM to

obtain long-term dependencies, addressing the difficulty of

balancing temporal and spatial features in previous standard ar-

chitectures. It demonstrates superior performance across other

methods, showcasing its ability to effectively and accurately

reconstruct ECG signal from radar signal.

B. Accuracy of Signal Reconstruction

First, we analyze the morphology accuracy. Fig. 3 (a) plots

the cumulative distribution functions (CDF) of RMSE. The

median RMSE is 0.07 and the 90-percentile RMSE is 0.17,

indicating a high level of accuracy. Fig. 3 (b) plots the CDF of

PCC. The median PCC is 0.965 and the 90-percentile PCC is

0.981, further affirming the fidelity of the reconstructed signal.

Fig. 3 (c) and (d) show two segments of reconstructed ECG

and the ground-truth, where the RMSE is 0.047 and 0.059 and

PCC is 0.982 and 0.974, respectively. The horizontal axis in

the Fig. 3 (c) and (d) represents the number of points. We

can see that the reconstructed ECG is basically same with the

ground-truth when it has low RMSE and high correlation.

Then, we evaluate the precision of reconstructed ECG

timing by detecting R-peaks and calculate the MAE between

the reconstructed and ground-truth signal. Fig. 4(a) plots the

CDF of MAE. Fig. 4(b) plots the boxplot of MAE. It can be

seen that the 90-percentile MAE is 5.0 ms. After removing

outliers, the median MAE is only 2.5 ms. It further validates

the accuracy of DST in reconstructing ECG signal and its

ability to capture cardiac timing, which is crucial for clinical

diagnosis and analysis.

C. Discussion and Limitations

The ability to reconstruct ECG signals from mmWave radar

with a high morphological fidelity demonstrates a highly con-

sistent, learnable non-linear mapping between the mechanical

activity of the heart and its underlying electrical activity.

Achieving such precision—particularly in capturing critical

morphological features such as the QRS complex and R-R



Fig. 3. Morphology accuracy (a) CDFs of RMSE (b) CDFs of PCC (c)
and(d) reconstructed and ground-truth ECG

Fig. 4. Precision of reconstructed ECG timing (a) CDF of MAE (b) Boxplot

intervals in a resting scenario—validates the feasibility of

utilizing non-contact radar signals as a viable surrogate for tra-

ditional contact-based electrodes. Clinically, this method lays

a solid foundation for continuous, non-intrusive cardiovascular

monitoring. It offers a promising pathway for early screening

of arrhythmias and long-term monitoring.

The robust reconstruction performance achieved in our

study can be largely attributed to the synergistic architecture

of the proposed model. Firstly, the preprocessing module

acts as a critical prerequisite, effectively isolating the subtle

cardiac vibrations from respiratory and other noise, thereby

feeding a purified mechanical signature into the deep learning

model. Secondly, the CNN layers are exceptionally suited for

extracting spatial features. They effectively capture the sharp

phase variations in the radar echo and accurately map them to

the sharp morphological peaks of the QRS complex. Finally,

the BiLSTM network plays an indispensable role in modeling

the long-term temporal dependencies. Together, this hybrid

architecture guarantees a reconstructed ECG waveform that

is both morphologically accurate and biologically plausible.

There are several limitations of the current study must be

acknowledged. First, the experimental setup was constrained

to a single, fixed detection distance of 40 cm. Given the non-

linear attenuation of radio frequency signals over distance,

the current model may experience performance degradation if

applied to varying ranges without recalibration. Second, data

collection was conducted under resting conditions. In practical,

continuous monitoring scenarios, random body movements or

postural changes introduce severe motion artifacts that can

easily overwhelm the subtle cardiac micro-vibrations.

In the future, we plan to integrate advanced adaptive filtering

techniques to combat motion artifacts and expand our dataset

through clinical collaborations to incorporate a wider spectrum

of physiological and pathological profiles. This will enable the

technology to transition from a highly controlled experimen-

tal environment to robust real-world applications, ultimately

driving the development of a non-contact cardiovascular health

monitoring paradigm.

V. CONCLUSION

We proposed DST, an ECG signal reconstruction method

that combines the interpretability of signal differential al-

gorithm and complex time series processing capabilities of

spatiotemporal learning model. The experimental results on the

Nature dataset show that the proposed method can reconstruct

the ECG waveform with a smaller error, verifying the accuracy

and reliability of the method. The result quantitatively vali-

dates the strong electromechanical coupling of the heart and

proves the feasibility of extracting precise cardiac electrical

signatures from mechanical chest wall micro-displacements.

Furthermore, rigorous statistical evaluations confirmed the

underlying robustness and reliability of the proposed model.

Although the current validations are focused on resting sce-

narios and fixed distances, the result provides a solid physical

and computational foundation for future cardiology analysis.

Future efforts will focus on mitigating dynamic motion arti-

facts and expanding the dataset, ultimately realizing its clinical

potential in continuous, non-invasive healthcare settings.
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