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Featured Application

The proposed non-contact heart rate monitoring system, combining microwave radar and
rPPG technologies, enables accurate, identity-matched vital sign detection in both well-lit
and dark environments, with applications in hospital wards, nursing homes, emergency
detection, and smart living spaces.

Abstract

This paper proposes a non-contact heart rate long-time monitoring system based on multi-
source data fusion. Microwave radar cannot associate the identity of a target with its
signal, whereas rPPG can achieve this through facial recognition. Additionally, rPPG
technology is unable to monitor heart rate in completely dark environments, while visible
light is not a prerequisite for radar-based heart rate monitoring. Consequently, this paper
proposes a method for heart rate monitoring that fuses microwave and video data. The
methodology involves preprocessing both microwave and video data, extracting specific
features of different types of data, and identifying the heart rate by the signal features. In
the experiments, the identification accuracy for heart rates ranging from 57 to 171 bpm
was 73.1%, with accuracies of 75.8% for heart rates below 60 bpm and 89.9% for heart rates
above 120 bpm. Compared to single-source data, the accuracy increased by 25.4% and
28.6%, respectively. The monitoring duration is approximately 30 s and achieves model
optimization through algorithm deployment. These results validate the effectiveness and
timeliness of the proposed method.

Keywords: radar signal processing; rPPG; data fusion; remote heart rate monitoring; hybrid
feature selection algorithm

1. Introduction
Heart rate is a crucial vital sign for assessing human health, as many diseases are

directly or indirectly related to changes in physiological signals [1]. Heart rate monitoring
provides doctors with reliable diagnostic and real-time information [2]. Currently, in
hospital treatments, heart rate monitoring is mostly conducted using contact devices such
as fingertip pulse oximeters and electrocardiograms. However, contact devices are not only
uncomfortable but may also cause additional harm to burn patients and infants [3]. At the
same time, long-duration heart rate monitoring with such devices hinders patient mobility.
Therefore, non-contact heart rate monitoring has emerged as a promising alternative.
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Currently, the mainstream technologies for non-contact heart rate monitoring are
based on remote photoplethysmography (rPPG) and radar signal processing. Research
teams at the University of Tennessee have demonstrated that both methods can achieve
accurate monitoring of vital signs, with each technology offering unique advantages; for
instance, radar can monitor through walls, while cameras can additionally assess blood
oxygen saturation [4]. The rPPG technique estimates heart rate by analyzing variations in
reflected light from the facial region, and facial recognition algorithms can be employed
to identify individuals, allowing for patient information matching during monitoring. In
the early stages of research, traditional signal processing methods were primarily used
for rPPG extraction. However, with the advancement of deep learning, large models have
gradually become the focus of rPPG extraction techniques. However, under low-light
or even nighttime conditions, the performance of heart rate monitoring is compromised
regardless of the processing method used [5–9]. Furthermore, most rPPG extraction tech-
niques based on large models utilize end-to-end networks, which are complex, require
substantial computational resources and time for training, and impose high performance
demands on hardware. The black-box nature of these networks also makes it challenging
for researchers to interpret and debug the results.

Radar systems that utilize electromagnetic technology are particularly sensitive to the
weak movements associated with heartbeats due to their high frequency and short wave-
length characteristics. In low-light environments, radar monitoring technology effectively
addresses this challenge, as radar remote monitoring systems can operate in complete
darkness [10] and smoke-filled areas [11]. Consequently, the advantages of this technol-
ogy enable its application in various practical settings, such as nighttime hospital wards,
nursing homes, and conference rooms. It can also be used to detect potential emergencies,
including cardiovascular diseases [12], sudden infant death syndrome (SIDS) [13], and fall
incidents [14]. However, detection technologies based on Frequency Modulated Contin-
uous Wave (FMCW) radar are unable to match detection results with the subjects being
monitored. If subjects swap positions during the signal acquisition process, result confusion
may occur. In the study of identity recognition using radar data, researchers from Clarkson
University, led by Rissacher et al., were the first to propose the extraction of cardiac signals
from radar echo data as biometric features [15]. A research team from the University at
Buffalo developed a continuous identity verification system based on cardiac scanning,
utilizing 2.4 GHz Doppler radar to analyze both geometric and non-volitional features [16].
Meanwhile, a research group from Nanjing University of Aeronautics and Astronautics
processed data using short-time Fourier transform and implemented heartbeat-based
recognition through deep convolutional neural networks [17].

However, these studies idealized the identity recognition problem, as it is impossible
to collect heartbeat signals from every individual globally; thus, when utilizing models
to identify individuals not in the database, they are often incorrectly categorized into
known identities. To address this issue, a research team from Shanghai Jiao Tong University
proposed a novel dipole deep learning model to distinguish between known and unknown
identities [18].

The proposed method in this paper aims to achieve a one-to-one correspondence
between user identity information and physiological data; if a new user appears, facial
recognition technology will be employed to match the new user with information from a
large database.
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Therefore, there is an urgent need for solutions that can match user identity informa-
tion with heart rate data while enabling heart rate monitoring in dark environments. To
address the aforementioned issues, this study proposes a heart rate monitoring method
that integrates microwave data with video data. This approach effectively mitigates the
poor performance of rPPG monitoring under low-light conditions and prevents confusion
in radar monitoring results due to subject position changes. Additionally, it does not
rely on a single type of data, thereby enhancing the credibility of the results. The study
extracts time-domain, frequency-domain, and nonlinear features from the two types of
preprocessed data and performs feature-level fusion. A hybrid feature selection algorithm
is utilized to refine the features, and heart rate classification is achieved using an SVM
classifier. This method combines signal processing with machine learning, providing an
efficient approach for real-time heart rate classification.

2. Methods and Procedures
2.1. Data Acquisition
2.1.1. Experimental System Setup

The experimental system consists of data acquisition modules and a data processing
module. The data acquisition module can be divided into the microwave module, camera
module, and pulse oximeter, as shown in Figure 1.

 
(a)  (b)  (c) 

Figure 1. Data acquisition module: (a) microwave module; (b) camera module; (c) pulse oximeter.

The microwave module includes a radar board and a data acquisition board, both
sourced from Texas Instruments. The radar board model is IWR6843ISK-ODS, which
operates in the frequency range of 60–64 GHz and is equipped with three transmitting
antennas and four receiving antennas, which can meet the requirements of monitoring the
heart rates of two individuals. The data acquisition board model is DCA1000EVM, which
can store radar echo signals in real time for subsequent experiments. The camera module is
model KC-200WQJ-180, with a resolution of 1280 × 720 (approximately 2 million pixels)
and a frame rate of 180 frames per second; it is a color camera. The pulse oximeter utilizes
the CONTEC CMS50E module, which supports the real-time storage of heart rate data
to fulfill the experimental requirements. The data processing module is NVIDIA Jetson
Xavier NX, as shown in Figure 2. The algorithm is processed on NX, which makes the
model lightweight and enhances the real-time performance of the system by acquiring and
processing data in real time.
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Figure 2. Data processing module.

2.1.2. Data Registration

To enhance the practicality of the system, this paper integrates the acquisition module
with the processing module, as illustrated in Figure 3. The internal wiring design is shown
in Figure 4, where the NX board is connected to the microwave module via Ethernet and
USB cables, and the NX board is also linked to the camera through a USB connection. This
setup allows the NX board to issue acquisition commands to both the radar board and the
camera, facilitating the transmission of radar echo data.

(a) (b) 

Figure 3. (a) Exterior design diagram; (b) physical diagram.

Figure 4. Internal design diagram.
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Since this paper utilizes two types of data sources—radar data and video data—it is
essential to ensure temporal alignment and spatial registration of the multi-source data.
Temporal consistency is a prerequisite for data acquisition. Once initialization is complete,
the NX board will simultaneously send acquisition commands to both the radar board and
the camera module, using the completion signal of radar echo data acquisition to halt the
video data acquisition.

The radar module parameters set in this paper are shown in Table 1. The effective
chirp time depends on the idle time, TX start time, ADC start time, and ramp end time [19].
Since the chirp time Tc ≈ 57 µs ≪ Ts, multiple chirps can be used within a single slow time
frame to improve the signal-to-noise ratio of the received chirp and stabilize the recognition
of the target range bin [20].

Table 1. Parameters of the radar module.

Parameters Value

Start Frequency, fc(GHz) 60
Frequency Slope, S(MHz/µs) 70

Idle Time (µs) 7
TX Start Time (µs) 1

ADC Start Time (µs) 6
ADC Samples 200

Ramp End Time (µs) 57
Slow-time Sampling Frequency 200

Range Resolution 4.29

The experiment acquired microwave data and video data from 54 individuals aged
between 20 and 35 years old, while real-time heart rate was recorded using a pulse oximeter
as the ground truth. Among the participants, 34 were male and 20 were female. The
recording duration for each person was 3 min, with data captured in 1 s intervals, resulting
in a total of 9900 data samples, which met the training requirements of the classifier. To
obtain a wider range of heart rate data and expand the application scenarios of the system,
data were acquired both during the resting state of the subjects and after step exercise
experiments. The data acquisition scenarios are illustrated in Figure 5.

 

Figure 5. Data acquisition scenarios.

After data acquisition, spatial registration of the two data types is required to achieve
data alignment, specifically aligning the signals of individual targets in the microwave
and video data. For the microwave data, due to the varying angles of the experimenters
relative to the radar while maintaining a constant vertical distance, this study extracts
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single-person microwave signals by detecting the angle of the signal source. For the video
data, the Retina Face [21] face detection algorithm is utilized for facial extraction, enabling
the acquisition of the experimenters’ facial images. The registration of the facial images
with respect to the angle is illustrated in Figure 6.

Figure 6. Radar data target monitoring.

2.2. Proposed Data Fusion Algorithm
2.2.1. Data Preprocessing

The data preprocessing process consists of two parts: preprocessing of the microwave
data and preprocessing of the video data. This data preprocessing filters out irrelevant
information, thereby highlighting the useful data. Additionally, the preprocessing stage
standardizes the formats of the two different modalities, resulting in one-dimensional data
that contains the target’s heart rate signal.

The mathematical framework directly guides our practical implementation. Equation (1)
for target range calculation ( Rc = (n − 1)dres) enables precise radar signal processing
by determining the specific range bin containing the target’s heartbeat information. The
phase unwrapping and differencing operations, while mathematically complex, translate to
practical signal enhancement techniques that amplify the weak heartbeat signals buried in
radar noise. Similarly, the standardization process in Equation (2) ensures that both radar
and video data are normalized to comparable scales, which is essential for the subsequent
feature-level fusion process.

The radar echo signal is shown in Figure 7. After receiving the radar echo signal, the
microwave data is first rearranged into a data matrix MS[M, N], where M is the number
of chirp cycles in the slow time dimension and N is the number of sampling points in the
fast time dimension within a single chirp cycle. The arrangement is shown in Figure 8. A
P-point Fast Fourier Transform (FFT) is performed on each column of matrix MS[M, N] to
obtain the range dimension FFT spectrum matrix DS[M, P]. The column with the maximum
energy value, denoted as the p-th column, corresponds to the target range cell. Since the
first column corresponds to a frequency of zero, the target range can be expressed as
Equation (1):

Rc = (n − 1)dres (1)
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Figure 7. Radar echo signal.

Figure 8. Arrangement of microwave data.

To detect the target’s position, a distance-domain FFT is applied to the microwave data,
selecting the distance unit with the maximum amplitude and extracting the corresponding
phase signal, as shown in Figure 9a. By combining the signal source angle extracted during
spatial registration, illustrated in Figure 9b.
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(a) (b) 

Figure 9. Detection of target positions: (a) range-time image; (b) direction of arrival of subjects.

Due to the presence of phase wrapping, phase unwrapping is necessary to obtain the
complete phase variation. Given the weak amplitude of heartbeats, phase differencing is
applied to enhance the heart rate signal, resulting in the preprocessed microwave signal, as
shown in Figure 10.

Figure 10. Preprocessed microwave signal.

The number of facial images extracted is n = f r · t, where f r is the camera frame rate,
set at 30 frames per second, and t is the duration of the video. Since the green (G) channel
in the RGB color space has the lowest mean squared error (MSE) for heart rate analysis
based on rPPG [22], this study separates the three channels of the RGB images and extracts
the green channel data, which contains rich information about human vascular changes, as
shown in Figure 11.
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Figure 11. The green channel data.

The volume wave data of 30 images within 1 s is extracted using a standardized
Equation (2):

xrPPG =
x − mean(x)

σ(x)
(2)

The data is input into a Butterworth bandpass filter with a passband frequency of
0.8–3 Hz to obtain the preprocessed video data, as illustrated in Figure 12.

Figure 12. Preprocessed video data.

2.2.2. Feature Fusion Module

To address the challenge of extracting meaningful heart rate information from het-
erogeneous multi-modal data, we developed a comprehensive feature fusion framework
specifically designed for our radar-camera system. Our approach systematically combines
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temporal, spectral, and complexity features, each selected and optimized for heart rate
classification in our dual-modality monitoring system.

When dealing with high-dimensional signals from different sensing modalities, feature
extraction becomes critical for effective dimensionality reduction while preserving physio-
logically relevant information. To comprehensively study the relationship between the data
and heart rate, this study extracts time domain features, frequency domain features, and
nonlinear features from the preprocessed microwave data and volume wave data [23,24].

Given that heart rate signals are temporal signals, time domain features offer sig-
nificant advantages in representing signal amplitude and time scale [25]. Additionally,
time domain features have the benefit of low computational complexity. The mathematical
properties of different feature types provide theoretical justification for our experimental ap-
proach. Time-domain features capture the direct amplitude and temporal characteristics of
heartbeat signals, which mathematically correspond to the first- and second-order statistical
moments. Frequency-domain features, obtained through FFT transformation, theoretically
represent the spectral energy distribution that correlates with heart rate variability. The
nonlinear entropy measures quantify signal complexity, which theoretically should differ
between normal and abnormal heart rate patterns. This mathematical foundation supports
our choice of 58-dimensional feature space and demonstrates why feature-level fusion
is theoretically optimal for combining the complementary information from radar and
video modalities.

Consequently, this paper extracts a series of temporal features, where the mean indi-
cates variations in heart rate frequency, the standard deviation reflects the dispersion of the
heart rate signal in the frequency domain, and kurtosis measures the degree of peakedness
or flatness of the heart rate signal’s tail.

Frequency domain analysis converts the heart rate signal, which varies in amplitude
over time, into the heart rate power spectrum that varies with frequency, and converts the
time domain signal of each frequency band into the frequency domain signal through fast
Fourier transform. Four frequency-domain features are extracted in this study, which are
defined as follows:

The centroid frequency represents the frequency at which the larger components
of the heart rate signal in the frequency spectrum. The average frequency reflects the
magnitude of the energy of the heart rate signal. The frequency variance reflects the degree
of dispersion of the heart rate signal in the frequency domain. The root mean square (RMS)
frequency reflects the position of the main frequency band in the spectrum.

Entropy characterizes the overall features of the source in an average sense and can be
used to evaluate the irregularity and complexity of nonlinear dynamic signals, making it
widely applicable across various fields [26–28]. Since the difficulty in identifying relevant
time scales within the time series, this study employs multiscale entropy to extract effective
information from the original sequence across different time scales.

Using the multiscale concept, multiple time scales are derived from the time series
by downsampling the original heartbeat signal. The original signal is divided into several
non-overlapping frames, each of length τ. By calculating the mean value of the data points
within each frame, the coarse-grained signals of each scale factor are obtained, as shown in
Equation (3):

yt =
1
τ

tτ

∑ xi
i=(t−1)τ+1

, 1 ≤ t ≤ N
τ

(3)

Chen et al. proposed Fuzzy Entropy (FuzzyEn) to improve the consistency of one-
dimensional entropy measurement, particularly for short signals [29]. Studies have shown
that compared with sample entropy, FuzzyEn exhibits continuous similarity behavior and
more flexible parameter selection, resulting in smoother outcomes. For the m-dimensional
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heartbeat time series signal {x(i)}, xm
i is defined as an m dimensional vector, with the

formula as shown in Equation (4):

xm
i = {x(i), x(i + 1), . . . , x(i + m − 1)} (4)

The distance dm
(i,j) between two templates xm

i and xm
j can be defined as the maxi-

mum absolute difference between the templates, which is mathematically expressed as
Equation (5):

dm
i,j = max{k∈(0,1,...,m−1)}

∣∣∣xm
i (k)− xm

j (k)
∣∣∣, i ̸= j (5)

Here, dm
i,j is the final scalar distance value between the two templates. The calculation

process uses k as an index variable, where k ∈ {0, 1, . . . , m − 1} represents the position
index within the m-dimensional vectors, xm

i (k) denotes the k-th element of template xm
i ,

xm
j (k) denotes the k-th element of template xm

j , and the max operation finds the largest
absolute difference among all m element-wise comparisons.

This approach follows the Chebyshev distance metric commonly used in fuzzy entropy
calculations. Once dm

i,j is calculated for each template pair, this scalar distance value is then
used in subsequent similarity calculations.

The similarity between two templates is defined as the tolerance r, fuzzy power n, and
the distance Dm

(i,j) between the templates, as shown in Equation (6):

Dm
(i,j)(n, r) = e−

(dm
i,j)

n

r , i ̸= j (6)

The function ϕm(n, r) is determined by the average similarity, as shown in Equation (7):

ϕm(n, r) =
1

Nm

Nm

∑
i=1

{
1

Nm − 1

Nm

∑
j=1,i ̸=j

Dm
i,j(n, r)

}
(7)

Similarly, ϕm+1(n, r) is defined by using the similarity values Dm+1
(i,j) of m + 1 points;

the FuzzyEn of the heartbeat signal can be calculated as Equation (8):

FuzzyEn(m, n, r) = ln
ϕm(n, r)

ϕm+1(n, r)
(8)

The selection of mathematical parameters in our entropy calculations is guided by
practical signal characteristics. The tolerance parameter r and dimension m in both Fuzzy
Entropy and Approximate Entropy are chosen based on the observed noise levels and
temporal patterns in our experimental heartbeat data, ensuring that the mathematical
model accurately reflects the physical properties of the measured signals.

Approximate entropy (ApEn) was proposed from the perspective of measuring the
complexity of signal sequences, specifically to quantify the self-similarity of a time series in
terms of its patterns. Use {x(i)} to represent N-dimensional time series. The m-dimensional
vectors are reconstructed from xm

i , denoted as Equation (9):

xm
i = {x(i), x(i + 1), . . . , x(i + m − 1)} (9)

The conditional probability Cm
i (r) represents the relative frequency (probability) that

templates similar to xm
i exist within the similarity threshold r. This function evaluates whether

the distance between templates is within the acceptable threshold r, as shown in Equation (10):

Cm
i (r) =

θ
{

r − max
(∣∣∣xm

i − xm
j

∣∣∣)}
(N − m + 1)

(10)
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where Cm
i (r) represents the conditional probability that templates similar to xm

i exist within
the similarity threshold r. In this formula, θ is the Heaviside step function, where θ(x) = 1
if x ≥ 0 and θ(x) = 0 if x < 0, max

(∣∣∣xm
i − xm

j

∣∣∣) refers to the distance value dm
i,j that

was previously calculated using Equation (5), the condition evaluates whether this pre-
calculated distance falls within the tolerance r, and (N − m + 1) is the normalization factor
representing the total number of template comparisons.

Note that there is no maximization operation performed within Formula (10) itself—the
max term simply refers to the distance values computed earlier in Formula (5).

The function ϕm(r) can be expressed as Equation (11):

ϕm(r) =
1

(N − m + 1)

N−m+1

∑
i=1

ln Cm
i (r) (11)

Finally, the ApEn of the signal is calculated as Equation (12):

ApEn(m, r) = ϕm(r)− ϕm+1(r) (12)

The preprocessed microwave signals and volumetric wave data undergo temporal,
frequency, and nonlinear feature extraction. Specifically, there are 15 temporal features, 4
frequency features, and 10 nonlinear signal features. After concatenating these features, a
signal feature set with a dimensionality of 58 is obtained.

2.2.3. Multi-Source Data Fusion and Classification

Data fusion methods are mainly categorized into data-level fusion, feature-level fusion,
and decision-level fusion. Due to the high computational complexity associated with data-
level fusion and the potential for suboptimal performance in one dataset with decision-level
fusion, this study uses feature-level fusion to achieve data fusion. Feature concatenation
fusion, one of the primary methods of feature-level fusion, combines multiple types of
signal features to form a new feature set. After performing feature concatenation, a signal
feature set with a dimensionality of 58 is obtained.

Due to the high dimensionality of the features, directly inputting all 58 features into
the classifier may lead to poor generalization performance of the model. Therefore, it is
necessary to perform feature selection. The evaluation criteria for feature subsets can be
primarily classified into filter and wrapper methods. Filter methods only rely on the feature
set itself, selecting the optimal feature subset based on predefined thresholds. In contrast,
wrapper methods depend on the classification results, evaluating signal features through
the classification effect to obtain the optimal feature subset.

The maximum relevance minimum redundancy (mRMR) algorithm is a filtering
method that utilizes the correlation and redundancy of features to filter out irrelevant
features. It adheres to the principle of maximum relevance, selecting the features that are
most correlated with the classification categories of the samples, with higher correlation
indicating more effective features [30]. The higher the correlation between features, the
greater the redundancy [31]. To reduce redundancy, the minimum redundancy principle is
employed to evaluate the degree of redundancy between features.

The Support Vector Machine-Recursive Feature Elimination (SVM_RFE) algorithm
constructs a ranking criterion for features based on the absolute value of the weight of each
dimension in the SVM hyperplane [32]. It recursively eliminates the least significant signal
features from the feature set, classifying it as a wrapper method. The SVM_RFE algorithm
iteratively trains the SVM classifier until the number of remaining features reaches the
specified requirement. This algorithm effectively reduces redundancy among features and
provides strong interpretability.



Appl. Sci. 2025, 15, 9189 13 of 19

In summary, mRMR focuses on the relationships among features to produce a feature
subset with minimal redundancy and maximum correlation, while SVM_RFE considers
the relationship between features and decisions, selecting the optimal feature subset based
on classification performance. To combine the advantages of both algorithms, this study
uses a combination of the mRMR and SVM_RFE algorithms for feature selection. After
applying the hybrid feature selection algorithm, the feature dimensionality is reduced from
58 to 25. When assessing feature importance using the SVM classifier, the threshold for
retaining feature dimensions is set at 2000, with a penalty parameter c of 4 and an RBF
parameter g of 0.2.

When selecting a classifier, the longer training time of neural networks results in low
training efficiency for this study. Therefore, machine learning methods are used for heart
rate signal classification. Among the various classifiers, SVM is based on the principle of
structural risk minimization and offers the advantages of requiring fewer training samples
and having strong generalization capabilities [33].

In the application of SVM, the penalty factor c and the radial basis function (RBF) pa-
rameter g need to be set manually, and researchers have limited the accuracy of the classifier
by inputting these values based on experience. To further improve the performance of the
heart rate classification model based on SVM, it is essential to find the optimal parameter
values for c and g within the algorithm. Artificial Bee Colony (ABC) is a well-established
algorithm known for its excellent convergence properties. Therefore, this study uses the
ABC algorithm to optimize the SVM parameters, seeking the optimal combination of pa-
rameters (c, g) [34] and constructing an ABC_SVM-based heart rate classification model.
The overall flowchart of this paper is shown in Figure 13.

 Feature Selection & Classification 
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Figure 13. The overall flowchart.

When applying the SVM classifier based on ABC optimization for classification, set
the number of food sources to 10, the number of times a honey source is not updated before
initialization to 60, and the number of iterations to 30. The optimized parameters are (c, g).
The robustness of the program is evaluated by 5 runs of the ABC algorithm. The optimized
penalty parameter c is 23.7, and the RBF parameter g is 0.28.
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3. Results and Discussion
The experimental labels are set to 5 categories, corresponding to heart rates per minute

as follows: below 60, 61–80, 81–100, 101–120, and above 120. Each heart rate interval spans
20 values. This label-setting method can effectively mark abnormal heart rate signals.

The obtained 9900 sets of feature data were inspected and cleaned to remove outliers,
thereby restoring the objective authenticity of the data and yielding better analysis results.
After data cleaning, 2731 sets of data were input into the network. Due to the difficulty
in acquiring high heart rate data and its rapid decline, to prevent sample imbalance, the
lower heart rate data was randomly sampled to match the number of high heart rate data,
resulting in 1575 sets of feature data. In this study, 80% of the total data was selected as the
training set and 20% as the test set, with the training set containing 1260 sets of data and
the test set containing 315 sets of data.

In this experiment, the final training accuracy for heart rate classification is 74.8%,
while the testing accuracy reaches 73.1%. When heart rates are above 120, the classification
accuracy can achieve 89.9%, and for heart rates below 60, the classification accuracy reaches
75.8%. This indicates that the detection algorithm proposed in this paper has a high accuracy
rate in detecting individuals with abnormal heart rates, validating the effectiveness of the
proposed algorithm.

To show the validation of the proposed method, we also compare the proposed hybrid
feature selection algorithm with other feature selection algorithms. Figure 14 shows the
classification results of different algorithms, clearly demonstrating that the hybrid feature
selection algorithm combining mRMR and SVM_RFE performs better, resulting in a higher
quality feature subset.

Figure 14. Comparison of feature selection algorithm accuracy.

Figure 15 shows the classification results of different classifiers across all heart rate
categories, and Table 2 compares the classification results and runtime of various machine
learning methods. It is evident that the SVM classifier exhibits significant advantages over
other classifiers, with shorter runtime and higher accuracy, particularly achieving superior
performance for abnormal heart rate detection (Below 60 and Above 120 bpm categories).
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Figure 15. Classification results of different classifiers.

Table 2. Performance of different classifiers.

Classifiers Runtime (s) Accuracy (%)

Random Forest 4.28 61.7
SVM 2.88 66.1
ELM 2.79 63.5

LSSVM 1.55 64.5

After optimizing the parameters of the SVM classifier using the ABC algorithm, the
accuracy of heart rate classification shows a significant improvement. Figure 16 illustrates
the comparison of classification accuracy before and after the optimization.

Figure 16. Comparison before and after algorithm optimization.

In addition, this paper also conducted heart rate classification experiments using
single-source data. Figure 17 shows the comparison of classification accuracy before and
after data fusion. It is evident that the classification accuracy significantly improved after
data fusion, demonstrating the effectiveness of the proposed method.
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Figure 17. Comparison of single-source vs. multi-source data.

4. Conclusions
Abnormal heart rates often indicate various sudden illnesses; remote long-time moni-

toring could help paramedics provide timely treatment. Compared to conventional medical
devices, the non-contact monitoring method proposed in this paper is more comfortable
for burn patients and infants. The monitoring duration of this algorithm is approximately
30 s. By employing this algorithm for rapid heart rate identification, monitoring duration
can be significantly reduced, thereby saving valuable time for patient care and facilitating
the quick identification of individuals with abnormal heart rates.

This study proposes a rapid heart rate classification method based on multi-source
data fusion, and experimental validation demonstrates the feasibility of feature processing
combined with an Artificial Bee Colony-Support Vector Machine (ABC_SVM) classifier. In
the experiments, the test accuracy for heart rate classification was 73.1%, with an accuracy
of up to 89.9% for high heart rates and 75.8% for low heart rates. The results indicate that
the proposed method can successfully detect abnormal heart rate conditions.

In this study, multimodal data were preprocessed to obtain data of the same modality,
followed by feature extraction and fusion. This approach allows different representations
and combinations of multimodal data in the same dimensional space, providing more
valuable information compared to single-source monitoring technologies. The method
combines feature extraction, selection, and identification instead of using an end-to-end
network model, reducing the requirements for data volume and computational resources.
Although end-to-end networks can directly input raw signals, their interpretability is poor.
For the multimodal data in this study, end-to-end network models would be more complex.

Currently, the limitations of this study include a relatively large interval between
heart rate classifications and lower monitoring accuracy. In the future, more refined data
processing techniques will be employed to reduce the interval, expand application scenarios,
and achieve more precise heart rate monitoring.

Additionally, while this study employed SVM for classification, we acknowledge that
other machine learning methods, such as neural networks (NN) and k-nearest neighbors
(k-NN), have shown superior performance in many medical data analysis tasks. Neural
networks, particularly deep learning models, could potentially achieve higher classifica-
tion accuracy, as they can capture complex nonlinear relationships in multi-source data
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fusion. Similarly, k-NN and other pattern recognition methods might provide better perfor-
mance for physiological signal analysis due to their ability to preserve local data structures.
However, these methods were not employed in the current study due to several considera-
tions: (1) our dataset size is relatively limited for training robust neural networks, (2) the
computational complexity of these methods may compromise the real-time performance
requirements of our monitoring system, and (3) our hybrid feature selection algorithm was
specifically optimized for SVM classifiers. Future work will investigate the application of
neural networks, k-NN, and other advanced machine learning methods as larger datasets
become available and computational resources improve, which may lead to enhanced
classification accuracy while maintaining real-time performance.
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