

[bookmark: 1_Device-Free_Respiration_and_Heartbeat_]Device-Free Respiration and Heartbeat Estimation with mmWave Radar

[bookmark: 1_Patent_Claims]


1 [bookmark: 2_Invention_Background]Invention Background
The monitoring of vital signs plays a pivotal role in the field of healthcare (Mok et al. 2015). Real-time and continuous monitoring of crucial vital signs, such as heart rate and respiration, holds the potential to enable early disease detection and serves as a vital reference for healthcare professionals in diagnosing spe- cific conditions. Anomalies in heart rate or breathing patterns frequently serve as early indicators of various significant illnesses. Furthermore, the stability of an individual’s physical condition is often reflected in the normalcy of their vital signs (Cardona-Morrell et al. 2016), making accurate and dependable vital sign monitoring indispensable in the daily lives of ordinary individuals. This is es- pecially true for those with unstable physical conditions, including the elderly, recovering patients, or individuals with chronic illnesses.


Considerable progress has been made in the realm of vital sign monitoring. In the medical domain, numerous methods are available for monitoring vital signs. The conventional approach to measuring the electrocardiogram (ECG) in- volves utilizing an electrocardiogram machine (Serhani et al. 2020). In cases of severe cardiac conditions or the need for prolonged and continuous cardiac mon- itoring, more invasive methods such as Implantable Cardioverter Defibrillators (ICDs) are employed. Whereas, respiration is a vital sign that is more readily observable. In clinical settings, the most prevalent methods for monitoring res- piration encompass visual assessment by medical practitioners or the use of a stethoscope (Proulx 1999). For advanced medical monitoring, common indica- tors include pulse oximetry (SpO2) and end-tidal carbon dioxide (EtCO2) lev- els. Despite their proven reliability, these methods possess inherent limitations.
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The primary impediment to their widespread adoption in daily life lies in their heavy reliance on specialized medical facilities, professional-grade equipment, and trained healthcare personnel (Schläpfer & Wellens 2017). These medical de- vices are expensive and typically necessitate the expertise of professionals or even surgical procedures.

2 [bookmark: 3_Challenges_in_Non-contact_Vital_Sign_M]Challenges in Non-contact Vital Sign Monitoring
In recent years, the use of RF sensors has emerged as one of the most promising non-contact methods for monitoring vital signs. Many studies have successfully employed RF sensors to capture respiratory rate and heart rate through sophisti- cated signal analysis techniques (Vinci et al. 2013, Tu & Lin 2015). However, raw radar data poses challenges due to its high dimensionality and low signal-to- noise ratio (SNR), making the application of traditional signal analysis methods to process the data and extract precise, undistorted information a formidable task. The noise in radar data emanates from various sources, i.e., multipath effects and unrelated movements within the monitored space apart from chest movement. Furthermore, Even the heartbeat and respiration, both crucial vital signs, can in- troduce interference with each other’s detection tasks. Radar signals extract vital sign information by detecting the up-and-down movement of the human chest. The long sequence in vital sign monitoring is also a challenge as deep models are normally not good at predicting long sequence.
To address these challenges and predict fine-grained ECG signals using FMCW radar data, we propose to eliminate the noise in radar signals by a novel CNN- transformer prediction network and a diffusion model that further refines the vital sign signals. We enable the network to learn both respiration and heart

beat simultaneously. Consequently, respiratory and cardiac information are in- tertwined and reflected within the coherent radar data. The proposed system can estimate vital sign information from the raw radar signals very accurately.
The novelties of this innovation can be summarized as follows:
· Design of Contactless Vital Sign Monitoring Device: In contrast to tradi- tional contact-based methods, our device excels in long-term monitoring during daily life. Its reduced invasiveness ensures a more comfortable ex- perience for users, particularly those with special medical needs.
· 	Transformer-Diffusion Net with Multi-Task Learning: Based on a com- prehensive analysis of the radar signals, we propose a Transformer and diffusion model capable of concurrently predicting respiratory and ECG vital sign parameters. Our innovation successfully extracts precise vital sign from noisy radar data.
· 	Experimental Validation of Vital Sign Extraction from FMCW Radar: Through a series of experiments, we substantiate the efficacy of our method in extracting vital signs from FMCW radar signals.

3 [bookmark: 4_Inention_Methodology]Inention Methodology
3.1 [bookmark: 4.1_Reflected_Signals_from_FMCW_Radar]Reflected Signals from FMCW Radar
Before introducing our methodology, it is essential to provide a concise expla- nation of how radar data can be used to reconstruct vital signs (Li et al. 2019). FMCW radar emits a sawtooth wave signal, represented by Equation 1.1:
[bookmark: _bookmark0]𝑆𝑇 (𝑡) = cos [2𝜋 (𝑓0𝑡 + 𝜇𝑡2 + 𝜙0)] .	(1.1)2

Equation 1.2 illustrates the echo signal expression reflected by an object at a distance	with velocity	(positive in the direction close to the radar):𝑅	𝑉

[bookmark: _bookmark1]𝑆𝑅(𝑡) = 𝐾𝑟 𝐴0 cos [2𝜋 (𝑓0(𝑡 − 𝜏 ) + 𝜇(𝑡 − 𝜏 )2 + 𝜙0 + 𝜗0)] ,	(1.2) Here, 𝑓0 represents the center frequency of the transmitted signal (i.e., the in-2
stantaneous frequency of the transmitted signal at 𝑡 = 0), 𝜇 is the frequency

modulation slope, 𝜙0 is the initial phase when the signal is trans2m(𝑅i−tt𝑣e𝑡)d, and 𝜗0
accounts for additional phase introduced by target reflection. 𝜏 =	𝑐	denotes

the echo delay of the signal. By mixing the received echo signal with the trans- mitted signal, we obtain a beat signal presented in Equation 1.3:
[bookmark: _bookmark2]𝑆(𝑡) = 𝐴 cos [2𝜋 (𝑓0 2𝑐𝑅 + ( 2𝜇𝑅 − 2 𝑣 𝑓0 ) 𝑡) + 𝜙0] .	(1.3)𝑐
𝑐

Consequently, the reflected signal encapsulates micro-displacement and ve- locity information resulting from heartbeat and respiration. This implies that the radar’s reflected signal from the chest cavity inherently contains vital sign information.
For FMCW radar, its range resolution is defined as per Equation 1.4:
[bookmark: _bookmark3]𝑅𝑟 𝑒𝑠 = 2𝑐𝑓𝑐 ,	(1.4)𝑓𝑐

Where denotes the frequency modulation bandwidth of the radar. The larger the frequency modulation bandwidth, the more sensitive the carrier phase be- comes, making it more responsive to changes in the reflected signal due to dis- placement.
It’s worth noting that ECG reflects potential differences resulting from polar- ization and depolarization, while FMCW radar captures mechanical movements. Although these two signal types reflect distinct physical phenomena, both de- scribe the same event. Previous research has established the existence of a mode- lable mapping relationship between cardiac mechanical movements and cardiac electrical activity (Bers 2002, Gurev et al. 2011). Hence, in theory, predicting ECG using radar data is feasible.

[bookmark: _bookmark4]
3.2 [bookmark: 4.2_Estimating_Vital_Signs_from_Radar_Si]Estimating Vital Signs from Radar Signals
Our approach to vital sign prediction involves employing deep learning networks to establish the mapping relationship between mmwave signals and vital signs. However, traditional convolutional networks (CNN) focus locally, limiting their ability to grasp global correlations in long sequences, while recurrent neural networks (RNN) can suffer from vanishing or exploding gradients, necessitat- ing increased computational and storage resources. To address these challenges, we propose to leverage CNN and Transformer layers for feature extraction first. The radar data undergoes initial processing in CNN blocks, extracting spatial features. Then follows the Transformer encoding layers for further processing. After decoding, we further input the estimation into a diffusion model for further refinement. The decoder employs two linear layers, and positional relationships within the sequence are represented using sinusoidal positional encoding. The whole network structure is summarized in Table 1.



Table 1: Multi-Task Learning Network Parameters.
	
	Layer Name
	AET (ms)

	2*Bottom Layer
	Conv1d x 3
Maxpooling x 3
	8x8, stride=2
4x4, stride=2

	5*Top Layer
	Conv1d x 3, maxpooling x 3
Transformer * 3
	Same
Heads=8, layer=2

	Decoder
	Fully connected layer
	Number of neurons=256












3.2.1 [bookmark: 4.2.1_Learning_Framework]Learning Framework
To enhance the robustness of our system and make effective use of the data, we employ a multitask learning approach. We simultaneously train the network to predict human respiration and ECG. These auxiliary tasks serve as regularization terms, facilitating the learning of more standardized features (Ruder 2017). This enables the network to focus on meaningful information and disregard noise, even in data with low signal-to-noise ratio (SNR). Our multitask learning framework employs shared parameters in the feature extractor, which includes CNN and max-pooling layers. This shared feature extractor allows the network to learn a common representation for both primary and auxiliary tasks. It encourages the network to share early representations with the same parameters. For the top-level generation task, a CNN block and a Trans- former block are utilized for sequence prediction. Each task is addressed by a separate branch, with distinct parameters for the top-level networks, enabling specialization for each task.  
Spatial-Temporal Feature Extraction. While predicting human respiration and ECG may appear as distinct tasks, they share a common spatial component. Both vital signs are reflected in radar signals from the chest’s spatial position, collec- tively representing an individual’s health. This interrelationship implies some similarities between the spatial patterns associated with heartbeats and respi- ration. To capture these shared patterns, we employ a shared CNN module for spatial feature extraction. Then we utilize the Transformer network that proves effective in handling long sequence prediction tasks. Its self-attention mecha- nism allows for the simultaneous consideration of information from various po- sitions in the sequence. Thus, the Transformer captures both local and global relationships within the sequence. Considering the distinct waveform periods and patterns of ECG and respiration, we employ two independent and parallel Transformer networks to extract temporal features for each subtask. These tem- poral features serve as inputs to the decoder.
Diffusion Models for Vital Sign Refinement.
Diffusion models are a class of probabilistic models used in deep learning to describe the temporal evolution of data. In your context, you have input data denoted as   , representing the initial state of the heartbeat signal, andrepresenting the data at timestep 𝑡, which is subject to noise. A diffusion model
𝐻 (0)	𝐻 (𝑡)


aims to refine this signal and obtain a cleaner output.
In practice, we often work with discrete-time models for simplicity. Discretiz- ing the above continuous-time process, we get:

𝐻 (𝑡 + Δ𝑡) = 𝐻 (𝑡) + Δ𝑡 ⋅ 𝑓 (𝐻 (𝑡), 𝑡; 𝜃) + √Δ𝑡 ⋅ 𝛽 ⋅ 𝜖(𝑡),	(1.5) where	is the time step.
Diffusion models are trained using variational inference to estimate the model parameters . The goal is to learn a distribution over the data at each time stepΔ𝑡
conditioned on the initial data 𝐻 (0):
𝜃



𝑝(𝐻 (𝑡)|𝐻 (0), 𝜃) = ∫ 𝑝(𝐻 (𝑡)|𝐻 (0), 𝜃)𝑞(𝐻 (0))𝑑𝐻 (0),	(1.6)𝑞(𝐻 (0))

where	is an approximation to the true posterior distribution over the initial data. By iteratively refining the data using the diffusion process and opti- mizing using variational inference, the model can produce samples that match𝜃


the observed data after a finite number of time steps, effectively denoising the vital sign signal.

3.3 [bookmark: 4.3_Objectives_and_Optimization]Objectives and Optimization
3.3.1 [bookmark: 4.3.1_Training_Feature_Extractor]Training Feature Extractor
We first train the prediction network with the CNN and transformer. In this for- mulation, the loss function is expressed as Equation 1.7:
[bookmark: _bookmark6]ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ1(𝜔1) + ℒ2(𝜔2),	(1.7) where ℒ1 represents the primary task loss, ℒ2 denotes the auxiliary task loss,and ℒ	represents the final loss function value. The parameters 𝜔 , and 𝜔 are

𝑡𝑜𝑡𝑎𝑙	1	2
the network parameters to be optimized.


3.3.2 [bookmark: 4.3.2_Training_Diffusion_Model]Training Diffusion Model
Then we train the diffusion model. The training procedure for a diffusion model involves learning the model parameters using variational inference. Here’s a high-level overview of the training steps:𝜃

1. Initialize the model parameters 𝜃.
2. Given a batch of initial data samples {𝐻 (0)𝑖}𝑁𝑖=1, simulate the diffusion pro-cess to generate noisy data samples {𝐻 (𝑡) }𝑁  at multiple time steps 𝑡.

𝑖 𝑖=1
3. Compute the negative log-likelihood loss between the noisy data and the true data at each time step.
4. Compute the variational inference loss, typically based on the evidence lower bound (ELBO), to approximate the posterior distribution	.𝜃
𝑝(𝐻 (0)|𝐻 (𝑡), 𝜃)

5. Update the model parameters using gradient-based optimization meth- ods, such as stochastic gradient descent (SGD), to minimize the combined loss.
6. Repeat the above steps for multiple epochs until convergence.
The loss function used during training typically consists of two components: the negative log-likelihood loss and the variational inference loss. The negative


ated data 𝐻 (𝑡) and the true data. It is often defined as the Gaussian log-likelihoodlog-likelihood loss at time step 𝑡 measures the dissimilarity between the gener-

2𝜎
loss:




where:

ℒNLL(𝐻 (𝑡), 𝐻̂ (𝑡)) =  12 ||𝐻 (𝑡) − 𝐻̂ (𝑡)||2,	(1.8)

· 𝐻 (𝑡) is the true data at time step 𝑡.
· 𝐻̂ (𝑡) is the generated data at time step 𝑡 using the diffusion process.
· 𝜎 is a hyperparameter controlling the scale of the Gaussian distribution. The variational inference loss, often based on the ELBO, is used to approxi-𝑝(𝐻 (0)|𝐻 (𝑡), 𝜃)

mate the posterior variable	. It encourages the model to learn meaningful representations of the initial data. The ELBO loss can be defined as:
ℒVI = 𝔼𝑞(𝐻 (0)) [log 𝑝(𝐻 (0), 𝐻 (𝑡)|𝜃)] ,	(1.9)𝑞(𝐻 (0))

where:
· 𝑞(𝐻 (0)) is the approximate posterior distribution over the initial data.
· 𝑝(𝐻 (0), 𝐻 (𝑡)|𝜃) is the joint distribution over the initial data and the data attime step 𝑡 given the model parameters 𝜃.


The total loss used during training is a combination of the negative log-likelihood loss and the variational inference loss, typically with a hyperparameter weight- ing factor:
ℒtotal = ℒNLL + 𝜆 ⋅ ℒVI,	(1.10) where	controls the trade-off between matching the observed data and ap-𝜆

proximating the posterior distribution.

4 [bookmark: 5_Experiments]Experiments
4.1 [bookmark: 5.1_Setup]Setup
We utilized the IWR6843AOPEVM board for ECG detection (Texas Instruments n.d.[b]). Subjects remained seated with the radar placed approximately 0.5 meters

from their chests. The IWR6843AOPEVM was combined with the DAC1000 (Texas Instruments n.d.[a]) to gather raw ADC data from the radar. This radar operates within the 60 to 64 GHz frequency range, featuring four receivers and three trans- mitters.
Configuration files were sent to the radar via Python and TI’s mmwave stu- dio to configure the DAC1000 for ADC data collection. Ground truth data for heartbeat and respiration were concurrently collected using the NeuLog heart- beat (NeuLog n.d.[a]) and respiration waveform measurement device (NeuLog n.d.[b],[c]). This portable electrocardiogram generator employed finger electrodes for ECG measurement. Timestamps were added during data collection for subse- quent data alignment, creating a suitable dataset for supervised learning.
The dataset comprises data from four healthy subjects (two females and two males) in an environment with furniture that introduced multipath effects and in- creased radar data noise. It includes 48,000 frames of valid radar data collected at a rate of 25 frames per second. The corresponding respiration and ECG data con- tained around 3,000 heartbeat samples. Samples were segmented into 64-frame windows, with 70% of the data used for training and the remaining 30% reserved for testing.

4.2 [bookmark: 5.2_Evaluation_Metrics]Evaluation Metrics
In the context of ECG analysis for diagnosing cardiac electrical activity and my- ocardial function, the focus lies on morphological waveform features, specifically the characteristics of individual peaks and inter-peak intervals. These features are vital for determining the rhythm of cardiac electrical activity. The signal’s amplitude is of lesser importance. Hence, the network’s performance is evalu- ated based on the accuracy of detected time points for R-peaks and T-peaks. The R-peak is defined as the maximum value identified within a complete ECG period, while the T-peak is the local maximum value appearing after the R-peak. The de- tection of these critical points serves as the basis for evaluation. To quantitatively assess the reconstructed waveform’s performance, the average absolute error be- tween the time points of these peaks in the reconstructed and actual ECG signals is calculated. This error is represented as the R-peak prediction error (AER) and the T-peak prediction error (AET). For each signal cycle, AER and AET are cal- culated as follows:
𝐴𝐸𝑅 = 𝑁1𝑟 ∑𝑁 |𝑅𝑃𝑡𝑟 𝑢𝑒 (𝑛) − 𝑅𝑃𝑝𝑟 𝑒𝑑 (𝑛)|,	(1.11)𝑛=1



𝐴𝐸𝑇 = 𝑁1𝑟 ∑𝑁 |𝑇 𝑃𝑡𝑟 𝑢𝑒 (𝑛) − 𝑇 𝑃𝑝𝑟 𝑒𝑑 (𝑛)|,	(1.12)𝑛=1

Here, 𝑁 represents the total number of sampling points in the evaluated signalsegment, and 𝑛 denotes the 𝑛th cycle detected within the sequence under evalu-


ation. 𝑅𝑃𝑡𝑟 𝑢𝑒 (𝑛) and 𝑇 𝑃𝑡𝑟 𝑢𝑒 (𝑛) correspond to the sequence positions of detected Rand T peaks in the actual ECG signal, while 𝑅𝑃𝑝𝑟 𝑒𝑑 (𝑛) and 𝑇 𝑃𝑝𝑟 𝑒𝑑 (𝑛) denote the

sequence positions of R and T peaks detected in the reconstructed ECG signal. The parameter represents the signal sampling rate, converting differences in sequence positions into time errors.𝑟


4.3 [bookmark: 5.3_Experimental_Results]Experimental Results
The results are shown in the Table 2. It can be observed that our method achieves smaller AER and AET values, thus better capturing the occurrence times of the R peak and T peak. The predicted waveforms generally exhibit a good represen- tation of the actual fluctuations.
Table 2: The AERs, AETs of baseline and our method.

	[bookmark: _bookmark7]Network
	AER (ms)
	AET (ms)

	CNN and LSTM hybrid network(Yamamoto et al. 2020)
	15.7
	23.8

	CNN model(Ha et al. 2020)
	28.8
	92.8

	CNN and GRU hybrid network
	12.6
	17.4

	LSTM model
	29.0
	25.8

	Our Method
	8.2
	9.8






5. Patent Claims


Claim 1: A contactless vital sign monitoring system utilizing Frequency-Modulated Continuous Wave (FMCW) radar technology, comprising:

1. A radar sensor configured to emit electromagnetic waves in a continuous wave manner and receive reflected waves from a subject;
2. A deep neural network comprising: (a) A hybrid architecture of Convolutional Neural Networks (CNNs) and Transformers for feature extraction; and (b) A customized diffusion model for estimation refinement;
3. Said deep neural network further configured to: (a) Simultaneously detect heartbeat and respiration signals from the reflected waves; (b) Utilize multi-task learning to exploit the correlation between the detected heartbeat and respiration signals;
4. The system further configured to: (a) Precisely detect key points on an Electrocardiogram (ECG); and (b) Significantly reduce signal noise during the detection process;
5. The system providing groundbreaking advancements in non-invasive vital sign monitoring for healthcare and daily life scenarios;
6. The system having potential implications for remote patient care and health monitoring.

[bookmark: _Hlk150288455]Abstract

This innovation introduces a contactless vital sign monitoring system utilizing Frequency-Modulated Continuous Wave (FMCW) radar technology. The method in this innovation can detect the heartbeat and respiration simultaneously using one deep neural network. It includes a hybrid architecture of Convolutional Neural Networks (CNNs) and Transformers for feature extraction and a novel customized diffusion model for estimation refinement. Through multi-task learning, the in- novation utilizes the correlation between heartbeat and respiration signals and achieves the detection of these two biomarkers. The evaluation showcases precise detection of key ECG points while significantly reducing signal noise, promising groundbreaking advancements in non-invasive vital sign monitoring for health- care and daily life scenarios, with potential implications for remote patient care and health monitoring.
No suitable figure
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