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ABSTRACT Human activity recognition (HAR) technology is increasingly utilized in domains such as
security surveillance, nursing home monitoring, and health assessment. The integration of multi-sensor data
improves recognition efficiency and the precision of behavioral analysis by offering a more comprehensive
view of human activities. However, challenges arise due to the diversity of data types, dimensions, sampling
rates, and environmental disturbances, which complicate feature extraction and data fusion. To address
these challenges, we propose a HAR approach that fuses millimeter-wave radar and inertial navigation data
using bimodal neural networks. We first design a comprehensive data acquisition framework that integrates
both radar and inertial navigation systems, with a focus on ensuring time synchronization. The radar data
undergoes range compression, moving target indication (MTI), short-time Fourier transforms (STFT), and
wavelet transforms to reduce noise and improve quality and stability. The inertial navigation data is refined
through moving average filtering and hysteresis compensation to enhance accuracy and reduce latency.
Next, we introduce the Radar-Inertial Navigation Multi-modal Fusion Attention (T-C-RIMFA) model. In
this model, a Convolutional Neural Network (CNN) processes the 1D inertial navigation data for feature
extraction, while a channel attention mechanism prioritizes features from different convolutional kernels.
Simultaneously, a Vision Transformer (ViT) interprets features from radar-derived micro-Doppler images.
Experimental results demonstrate significant improvements in HAR tasks, achieving an accuracy of 0.988.
This approach effectively leverages the strengths of both sensors, enhancing the accuracy and robustness of
HAR systems.

INDEX TERMS Human activity recognition, inertial navigation, micro-Doppler, millimeter wave radar,
convolutional neural network, vision transformer.

I. INTRODUCTION seamlessly integrated into automated navigation systems [1]
Human Activity Recognition (HAR), the process of rec- to recognize human behaviors, thereby ensuring safe oper-
ognizing and interpreting human actions, is of paramount ation. Similarly, HAR enhances surveillance systems [2] by
importance in numerous practical applications. It can be identifying potentially hazardous human activities. Moreover,
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HAR underpins a plethora of other domains, such as digital
healthcare [3], non-invasive authentication [4], and AR/VR
experiences [5], where it plays a crucial role. The com-
prehension of human activities forms the cornerstone for a
multitude of services. For instance, by analyzing an individ-
ual’s activity log, dietary and fitness recommendations can be
tailored based on estimated daily caloric consumption. Fur-
thermore, monitoring falls among elderly individuals enables
prompt assistance, effectively mitigating the risk of severe
injuries.

In the realm of elderly care and healthcare, HAR offers
unique advantages over traditional biometric methods like
voice, face, or fingerprint recognition [6]. By leveraging the
inherently complex yet stable biological and behavioral pat-
terns of an individual’s activities, HAR provides a robust and
difficult-to-imitate identification mechanism. Furthermore, its
passive nature allows for seamless integration into residents’
lives, minimizing disruption and ensuring a natural, unobtru-
sive monitoring process. This technology can be implemented
through a multitude of data acquisition methods [7], including
wearable devices [8], ambient sensors, and computer vision-
driven cameras. However, each method carries its own set of
challenges [9], [10], [11]; wearables might hinder mobility,
while vision-based systems may be influenced by lighting
conditions or raise privacy concerns. Recognizing these lim-
itations, the integration of multiple sensor modalities and
fusion techniques becomes paramount to achieving accurate
and reliable HAR in nursing homes. By combining infor-
mation from diverse sources, these multimodal approaches
enhance the system’s ability to comprehensively capture the
nuances of elderly residents’ activities, ultimately improving
their quality of life and care.

A. RELATED WORKS

The application of millimeter wave (mmWave) radar in
the field of HAR is growing rapidly [12]. Compared with
wearable devices and vision-based sensors, mmWave radar
provides a non-contact and privacy-protecting human motion
sensing technology [13]. mmWave radar maintains excellent
performance in bad weather, poor light, and occlusion. In
addition, mmWave radar can realize long-range target detec-
tion and tracking, which is suitable for large-scale monitoring
scenarios, and is not limited by the distance of traditional
vision sensors [14]. Therefore, radar-based HAR technology
has received much attention as a promising alternative to non-
invasive human body recognition.

Doppler effect is an effective form of radar activity repre-
sentation [15], which is mainly used to measure the overall
velocity of the target object, while micro-Doppler effect is a
special form of Doppler effect, which is used to describe the
frequency change caused by the small movement of the target
object [16]. By analyzing the micro-Doppler effect caused by
these micro-movements, we can extract the characteristic in-
formation related to activity, such as stride frequency, activity
period, stride length, etc. Mao et al. [17] proposed a track-
tracking and recombination method based on range-Doppler
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time data for human activity feature estimation. In their sim-
ulation, the track tracking accuracy could reach 98.2% to
99.6% . Sharma et al. [18] proposed a walking type recog-
nition system based on mmWave radar, which used flexible
analytic wavelet transform and feature sorting technology to
effectively classify six walking modes, achieving an over-
all classification accuracy of 85.5% and 100% in specific
cases, with better performance than other comparison meth-
ods. Alanazi et al. [19] proposed a novel gait analysis method
combining micro-Doppler spectrogram and mmWave radar
for bone pose estimation, which used a multi-layer convo-
lutional neural network (CNN) to identify five gait patterns
and achieved a high accuracy of 95.7% to 98.8% , proving its
application potential in acquiring clinically relevant gait infor-
mation. While radar sensors are good at range resolution, and
accurately distinguishing targets at different radial distances,
they are often poor at angular resolution, making it difficult
to accurately distinguish targets at the same distance but at
different angles. In addition, the micro-Doppler effect mainly
captures the radial motion of the target relative to the radar,
and it is difficult to accurately capture the non-radial motion
components, thus limiting the comprehensive understanding
of the dynamic characteristics of the target [20]. In addi-
tion, when multiple radar systems are used, crosstalk between
signals and multipath effects in complex environments may
cause interference, leading to misjudgment [21]. This also
limits the accuracy and reliability of target recognition [22],
[23].

Inertial navigation technology can effectively address the
shortcomings of the aforementioned radar data [24], [25].
Inertial navigation is widely used, including in smartphones,
watches, bracelets, smart rings, and other wearable sensors.
Mobile phones and wearable sensors can non-invasively mon-
itor activity during walking, running, or even falls and are
less intrusive compared to other contact sensors. They do not
interfere with the measured object, thereby providing a more
accurate reflection of the natural state of gait characteristics.
Moreover, the inertial navigation system (INS) can collect
these data remotely and analyze them, especially during short-
time movements, providing rich information on pedestrian
movements [26]. Yang et al. [27] proposed a hybrid network
model based on a fast regional convolutional neural network
(R-CNN) and gated recurrent unit support vector regression
(GRU-SVR), which can build a virtual inertial measurement
unit (IMU) when the physical IMU is out of range and
maintain the navigation performance of the wearable human-
computer interaction system. Experimental results show that
this method can maintain the same positioning performance
as the trouble-free system under complex gaits. Ding et al.
[28] developed a three-node inertial measurement unit sys-
tem to improve pedestrian positioning accuracy in indoor and
outdoor environments without GPS signals. The experimental
results show that the system has excellent performance in
HAR, step size estimation, and positioning accuracy. Wang
et al. [29] developed an indoor multi-motion pattern recog-
nition method based on a multi-node inertial sensor network
and long short-term memory artificial neural network and
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designed a zero-speed update inertial navigation algorithm
suitable for fast motion patterns. Experimental results show
that the overall recognition rate of the proposed method is
96.77% , and the error is 1.26% of the total distance. How-
ever, long-term use of inertial navigation technology can face
challenges from cumulative errors, mainly due to the gradual
accumulation of errors in inertial sensors (such as gyroscopes
and accelerometers) over time, leading to reduced navigation
accuracy. However, by combining it with radar technology,
this defect can be effectively remedied.

According to the above description of the characteristics
of radar and inertial navigation, we can see that these two
sensors have advantages and limitations for HAR. The radar
can correct the accumulated errors of the INS, thereby en-
hancing the system’s accuracy and stability in performing
HAR. At the same time, inertial navigation can supplement
the shortcomings of radar addressing radar’s limitations in
angular resolution and its inability to accurately capture short-
term non-radial movements, providing more comprehensive
motion information. Therefore, combining the advantages of
radar and inertial navigation can complement each other’s
limitations and improve the performance and reliability of the
HAR system. Moreover, the configuration of fixed millimeter-
wave radar and inertial navigation system (INS) attached to
moving objects has shown high feasibility and practicality
in some specific application scenarios. For example, in the
fields of sports training, health monitoring, and smart home
monitoring, this configuration can effectively combine the
advantages of both, provide accurate motion tracking and
analysis, and meet actual needs. Patil et al. [30] proposed
an attitude tracking system that integrates 3D light detection,
ranging (LiDAR), and IMU sensors, and the results show that
the accuracy of both height and position estimation is within
the acceptable range of +3-5 cm. Yu et al. [31] fused data
from multiple sensing systems such as IMU sensors, software-
defined radio, and radar, and applied neuromorphic computing
to perceive and classify human activities, obtaining a confu-
sion matrix classification accuracy of 98.98% . Li et al. [32]
used the SFS method to fuse IMU and radar information to
create time series data and used SVM and ANN algorithms for
classification. The results showed that the method improved
the accuracy by about 6% compared with a single data type.
It can be seen that the fusion of radar and inertial navigation
sensors can improve the effectiveness, reliability, and robust-
ness of the system, improve data reliability, enhance accuracy,
expand temporal and spatial coverage, and strengthen the sys-
tem’s real-time performance and information utilization [33].

In the data fusion process, fusion usually occurs at three
levels: data, feature, and decision-making. The different
modes and dimensions of data often make direct fusion at the
data level challenging. At the decision-making level, methods
like probability theory synthesize the results of each fea-
ture, but these methods have drawbacks such as dependence
on model assumptions and sensitivity to noise. Feature-level
fusion commonly uses traditional methods like principal com-
ponent analysis (PCA) and linear discriminant analysis (LDA)
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or recently emerged neural networks. Compared to tradi-
tional methods, neural networks offer significant advantages,
as they can automatically learn and extract complex nonlinear
features. In the context of HAR, time aggregation is typi-
cally achieved through the addition of a temporal network.
The model based on a 3-dimensional Convolutional Neural
Network (3D CNN) [34] directly extracts spatiotemporal
features from the input, which has the disadvantages of requir-
ing a large amount of data, difficulty in network convergence,
and high computational cost. The model based on Long
Short-Term Memory (LSTM) [35] extracts the pose features
from the video input and then uses the three-layer LSTM
network to aggregate the time features to generate the final
gait features, however, it faces challenges in handling feature
changes caused by varying walking speeds. To solve these
problems, the Transformer model is proposed for temporal
feature aggregation. Li et al. [36] proposed a Transformer en-
semble converter model with a time aggregation operation for
obtaining ensemble-level spatiotemporal features. Delgado-
Santos et al. [37] explored the potential of the Transformer
in behavioral biometrics by updating the configuration of the
Transformer, thereby improving the biometric authentication
performance. Ma et al. [38] apply a Transformer layer to
conduct space-time modeling for 4D radar point cloud video,
capture walking motion information, and then simulate human
walking mode. Although the Transformer retains the features
of the time dimension and adopts a multi-head attention mech-
anism to cope with activity changes caused by speed or pace,
compared to CNN models, Transformer models tend to ignore
local features and lack features such as shift, scale changes,
and hierarchical structures. So, CNN models are still the main-
stream method for HAR.

In this regard, some scholars propose to combine the two
basic structures of CNN and Transformer, thereby integrating
the advantages of both. Conformer [39] fuses local features
and global features at different resolutions in an interactive
manner. Pyramid Vision Transformer (PVT) [40] uses a pro-
gressive pyramid structure to achieve high-resolution output
while decreasing the computational load of feature maps. Vi-
sion Transformer (ViT) [41] achieves high-resolution output
by integrating local and global features at different resolutions
in a self-attentional manner. Following this trend of integra-
tion, researchers have gradually realized the advantages of
integrating multiple models, especially in situations where
both spatial and temporal information needs to be considered
in HAR. By combining the CNN and Transformer models in
the field of HAR, we can better capture the subtle features in
walking patterns. This approach can better adapt to different
activity changes and improve robustness and accuracy.

B. MOTIVATION AND CONTRIBUTION

Given that traditional HAR methods usually rely on time-
consuming and complex data collection processes, are diffi-
cult to respond to in real-time, and existing technologies often
require interference with the person being detected, or cannot
ensure efficiency and reliability in complex environments, this
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study aims to achieve efficient human action recognition and
ensure the reliability of data collection in actual environments
through non-destructive testing technology, fast real-time test-
ing, and relatively convenient data collection processes. At
present, no one has performed feature fusion of radar and
inertial navigation data to identify gait in the field of HAR.
This paper takes advantage of the deep learning model in pro-
cessing high-dimensional data and effectively integrates two
different but complementary data sources, inertial navigation,
and radar, to achieve a more comprehensive and accurate un-
derstanding of pedestrian behavior. By combining the hybrid
structure of CNN and Transformer, we can make full use of its
advantages in the global spatiotemporal relationship, and ref-
erence channel attention’s ability in local feature extraction,
which is expected to better process information of different
resolutions in HAR tasks and improve the robustness and
performance of the system. The main contributions of this
study are as follows:

1) A feature fusion model is proposed to deeply fuse bi-
modal heterogeneous data at the feature level, making
full use of the advantages of CNN in extracting features
from 1D time series INS data and the superiority of ViT
in processing 2D spatial mmWave radar data, thereby
improving the accuracy and robustness of HAR and
classification.

2) A deep learning method is employed utilizing the
T-C-RIMFA network, this method jointly trains and
fuses radar and inertial navigation features, mutually
weighting them along the channel dimension to form
comprehensive feature representations. This approach
significantly enhances the model’s adaptability to dif-
ferent modal data and improves the performance and
stability of the HAR system, especially when processing
complex and noisy data scenarios.

3) A channel attention mechanism is introduced to dynam-
ically adjust the weights of different channel features,
highlight important features, and suppress redundant
information, thereby enhancing the accuracy and ro-
bustness of HAR, making the model show stronger
adaptability and stability when dealing with different
scenarios and noise interference.

Il. SYSTEMS AND METHODS

The sample set for this experiment comprises 6 distinct cat-
egories of human gait during activity: walking, slow walking
(for a slower pace), running, ascending and descending stairs,
as well as falling. Each of these categories collected 200
sets of data, and through data augmentation by cropping, the
amount of data for each set was expanded fivefold, resulting
in a total of 6000 sets of data across all six categories. Fig. 1
shows the system flow chart in this paper, which is mainly
divided into (a) data acquisition, (b) data preprocessing, and
(c) the construction of the improved network model. The
system flow chart covers the whole process from data ac-
quisition to activity classification and recognition. First, the
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FIGURE 1. System flow chart.

data collection stage is responsible for collecting inertial nav-
igation sensor data and radar data. Then, linear interpolation
is employed to effectively align the timestamps of the radar
and IMU. Next, the feature fusion phase of inertial naviga-
tion and radar data is the core part of the system. At this
stage, CNN is used to extract features from inertial navigation
sensor data through a 1D convolution layer, and the channel
attention mechanism is used to weight features extracted from
inertial derivative data from different convolution kernels,
while radar data is extracted by ViT to convert radar data
into sequences. The Transformer model is also applied to
the sequence to capture local patterns and global associations
in space. Then, the features of the two data are fused by
the proposed T-C-RIMFA, the importance of each feature is
dynamically adjusted, and the fused features are finally input
into the classifier for activity classification and recognition.

A. DATA COLLECTION

In order to verify the adaptability of the model in different en-
vironments, we added two typical indoor and outdoor scenes
to the experiment, aiming to reflect the diverse actual applica-
tion environments. Fig. 2 shows one of the outdoor pedestrian
activity data collection systems, where Fig. 2(a) represents the
target pedestrian to be measured. Fig. 2(b) shows the inertial
navigation system, which uses inertial navigation sensors such
as accelerometer, gyroscope, and magnetometer on mobile
devices to obtain sensor data such as acceleration, angular
speed, and direction of pedestrians. During the data collection
process, the IMU sensor was placed on the subject’s leg.
The leg is the most active part of the human body during
gait, providing distinct motion change signals. By placing the
IMU sensor on the leg, we can accurately capture dynamic
gait-related features, such as stride length and step frequency,
which are crucial for behavior recognition tasks. Additionally,
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FIGURE 2. Experimental environment diagram.

the movement of the leg is relatively independent, reducing
interference from the complex movements of other body parts
on the sensor data. IMU sensors are commonly used in wear-
able devices, and simulating the sensor placement on the leg
better aligns with real-world application scenarios, especially
in monitoring gait and physical activity, where it has signif-
icant advantages. Fig. 2(c) demonstrates the radar system,
which mainly transmits information such as pedestrian speed
collected by AWR1642 and DCA1000EVM to the computer.
In this experiment, pedestrians were within a 1-30 meter range
from the radar. Fig. 2(d) represents the data acquisition and
processing platform of millimeter-wave radar, which is used
to capture and process the raw data acquired from the sensor.
Similarly, Fig. 2(e) represents the data acquisition and pro-
cessing platform for inertial navigation, which is responsible
for capturing the raw data obtained from the sensor. Fig. 2(f)
represents an outdoor portable power supply that can continu-
ously and stably provide power to the system.

The FMCW mmWave radar, the core component of radar
data measurement used in this study, uses the Texas In-
struments AWR1642-BOOST radar development board (Red
PCB in Fig. 2(c)). It is a high-performance, highly integrated
radar development board specifically designed for prototyping
and testing a wide range of radar applications, and it comes
with a wealth of software tools and development support,
including TI’s mmWave SDK.

To ensure accurate detection of direction, speed, and angle,
we utilized a 77 GHz FMCW radar with a bandwidth of
1798.92 MHz and an RF gain setting of 30 dB. The radar
system operates with a sampling rate of 2000, a sample time
of 100 us, and a frame period of 40 ms, ensuring precision and
stability in data acquisition. The radar configuration employs
a MIMO setup, consisting of 2 transmit antennas and 2 receive
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antennas, enabling the simultaneous collection of signals from
multiple directions and enhancing target detection accuracy.
Each data acquisition cycle involves 128 chirps, providing
sufficient data for high-precision HAR.

Since the sample size of radar data used in this study is
150 frames/sample, the sample acquisition time for each set
of data is 6 seconds. Therefore, it is necessary to use the Texas
Instruments DCA1000EVM data acquisition board (Green
PCB in Fig. 2(c)) when measuring data. By connecting the
DCA1000EVM, the experiment can receive multiple frames
of radar data and transmit them to a computer or storage
device for subsequent analysis and processing. The acquisi-
tion board supports laboratory scene acquisition or mobile
scene acquisition and also provides real-time data acquisition
and fluidization functions, including preprocessing, filtering,
target detection, and tracking. This helps reduce latency in
data processing, allowing us to get information about radar
performance and target recognition more quickly. In addition,
the real-time data stream can also be used for real-time vi-
sualization, so that researchers can monitor the performance
of radar sensors at any time. This is especially important
for studies that require immediate feedback and experimental
adjustments.

B. DATA PREPROCESSING

1) RADAR DATA PROCESSING

The acquired radar data is then preprocessed, to extract target-
related information from the raw data and eliminate possible
interference.

First of all, range compression is one of the key steps in data
preprocessing. Through range compression, we can convert
the target echo signals at different distances into signals with
relatively uniform amplitudes. This processing step helps to
improve the dynamic range of the signal so that both long-
range and short-range targets can be effectively detected. In
this process, the signal usually refers to the IQ signal, that
is, the signal composed of in-phase (I) and orthogonal (Q)
components. By compressing these 1Q signals, we can im-
prove the detection performance of the target, especially in
complex environments, and improve the recognition accuracy
of various targets. The formula for range compression [42] is
as follows:

. 2r
Seomp (r) =S (r) x e /¥Je’c (1

where Scomp (1) is the compressed signal; S(r) is the original
signal; f. is the operating frequency of radar; r is the target
distance; c is the speed of light; j stands for imaginary units.
Then, using moving target indication (MTI) technology,
which is primarily accomplished in the frequency domain,
we can distinguish objects from complex backgrounds. MTI
compares the signals received at two consecutive time points,
but its core mechanism operates in the frequency domain,
utilizing filtering to eliminate the echoes of stationary targets
and clutter. In this way, MTI highlights the signals of moving
targets, enabling their effective detection and tracking amidst
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the background noise. The formula for MTI is as follows:
H(f)=1-¢2mT @

where H(f) is the filter frequency response.; 7, is the pulse
repetition period, which is set to 100 s, based on experimen-
tal settings and empirical values.

Subsequently, we use the short-time Fourier transform
(STFT) to decompose the signal into several short-time seg-
ments and perform spectrum analysis for each short-time
segment, which helps us more accurately understand how the
spectrum of the signal changes over time, and thus better dis-
tinguish between the target signal and the background noise.

N—-1

X (m,w) = Z x(n)w (n —m)e " 3)

n=0

where n is a variable in the time domain; X (m, ) is the spec-
trum at time period m and frequency w; x(n) is the original
signal; w(n — m) is a window function; N is the number of
sampling points for each time period; Omega is the angular
frequency.

At last, the preprocessed signal is subjected to wavelet
decomposition via Discrete Wavelet Transform (DWT), re-
sulting in wavelet coefficients at various layers, including
low-frequency coefficients and high-frequency coefficients.
In this study, we utilize Daubechies wavelets, specifically
the Daubechies-4 (Db4) wavelet, due to their excellent per-
formance in signal processing, especially in time-frequency
localization and noise suppression. The low-frequency coeffi-
cients typically contain the primary information of the signal,
while the high-frequency coefficients encompass noise and
detailed information. The Daubechies wavelet is particularly
effective in radar signal analysis as it allows for multi-scale
analysis while preserving the accuracy of feature extraction in
compressed data. The formula can be expressed as:

Wy (k) =Y x () ¥k () )

where x(n) represents the original signal, ¥; x(n) denotes the
representation of the wavelet function at scale j and shift &,
and Wy, (j, k) stands for the wavelet coefficients.

Then, thresholding is applied to the high-frequency coef-
ficients at each layer to remove noise. Thresholding can be
achieved through either hard thresholding (setting coefficients
below the threshold to zero) or soft thresholding (shrinking
coefficients below the threshold towards zero). In this exper-
iment, the hard thresholding method is used, and its specific
formula is as follows:

Wy (j. k) if [Wy (. k)| = A
0 )

Wy (G k) = { otherwise

where X represents the threshold value, which is set to 3.89
mm, based on the specific environmental conditions and the
radar system’s operational frequency. This value corresponds
to the wavelength of the radar signal used in the experiment,
and it plays a key role in determining the signal’s behavior
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FIGURE 3. Micro-Doppler image of millimeter wave radar.

and its ability to interact with objects of various sizes and
materials.

Using the processed low-frequency coefficients and the
high-frequency coefficients after thresholding, wavelet recon-
struction is performed to obtain the denoised signal. The
specific formula is as follows:

x(m) ="y Wy (. k) (n) 6)

Jik

where k() denotes the reconstructed wavelet function.

Finally, the above processed mmWave radar data is con-
structed into a micro-Doppler image with time as the horizon-
tal coordinate and speed as the vertical coordinate as shown in
Fig. 3.

2) INERTIAL NAVIGATION DATA PROCESSING
The duration of activity often exceeds the sensor sampling
rate and requires a segmentation method to process the sig-
nal rather than relying solely on the sample. Splitting data
allows a single data point to be associated with a given
task [43]. Segmentation is the key step to realizing HAR,
which mainly includes manual and automatic segmentation
methods. Manual segmentation is done by observers, and au-
tomatic segmentation is done by computer algorithms. The
best method depends on the specific application, manual seg-
mentation is more accurate, while automatic segmentation is
faster and more efficient. In HAR or biological signal data
sets, manual segmentation is usually more accurate than auto-
matic segmentation [44], [45], so the inertial data in this paper
adopts manual segmentation.

When processing inertial data, the moving average filter is
often used to smooth the signal and reduce the high-frequency
noise, the specific formula is as follows:

lN—l
y[n]=N;x[n—k] (7)

where k is the variable used to index the data points in the filter
window; x[n] is the input signal; y[n] is the output signal; N
is the window length of the filter.
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FIGURE 4. Inertial navigation acceleration curve image.

However, the moving average filter may introduce a time
delay, and in order to reduce the time delay and better preserve
the dynamic characteristics of the signal, the delay compensa-
tion method can be combined. Delay compensation reduces
delay by adjusting the weight between the input signal at the
current time and the output of the filter at the previous time.
Assuming that the current time is #, the delay compensation
can be achieved by the following formula:

ylitl=a -x[f]+ A —-a) -yt —1] ®)

where x[¢] is the input signal of the current moment; y[¢ — 1]
is the filter output at the previous time; y[¢] is the filter output
at the current time; « is the compensation coefficient, which
controls the weight between the input signal at the current
time and the output of the filter at the previous time (the com-
pensation coefficient « is usually between 0 and 1, indicating
the weight of the input signal at the current time, the closer to
1, the greater the influence of the input signal at the current
time, the smaller the lag effect; The closer to O, the greater the
influence of historical data, the more obvious the lag effect). In
this experiment, « is set to 0.8 based on the trade-off between
smoothing the input signal and minimizing the delay effect.
A value of 0.8 provides a good balance, where the influence
of the current input signal is significant enough to reduce lag,
but still allows enough weight to be given to historical data to
maintain stability in the signal processing. This choice of « is
based on empirical observations from previous experiments,
where it was found to provide optimal performance in terms
of both responsiveness and accuracy.

Finally, the above-processed data is constructed into the
inertial navigation acceleration curve image with time as the
horizontal coordinate and acceleration as the vertical coordi-
nate as shown in Fig. 4.

C. TIME SYNCHRONIZATION

In time series data processing, particularly in applications in-
volving multi-sensor fusion, time synchronization is a crucial
step to ensure data consistency and accuracy. For radar and in-
ertial navigation systems, as they may have different sampling
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rates, timestamp accuracies, and system delays, effective time
synchronization becomes imperative.

In order to perform time synchronization, it is first neces-
sary to establish a unified time reference. In this study, we
have chosen Global Positioning System (GPS) time as the ref-
erence due to its high precision and widespread accessibility.
The timestamps of the radar and Inertial Measurement Unit
(IMU) systems are converted to the GPS time frame, and the
specific conversion formula is as follows:

e
t:at}icar,i = lradar,i + Atradar )
e
e = tins j + Aty (10)

where t,444r,; and t,444r,j are the original timestamps of the
radar and IMU respectively, Af,qq4 and Aty are the offsets
from their respective times to GPS time, and trr;}z’(ar,i and tirrfsjj j
are the converted timestamps.

Given the inconsistent sampling rates between the radar
and IMU in this study, it is necessary to perform sampling
rate matching to ensure a one-to-one correspondence between
data points. This is typically achieved by adopting linear
interpolation, which interpolates the IMU data to match the
sampling rate of the radar data. For each radar timestamp
trrj'jar’i, the nearest two IMU timestamps tirrfs'{ j and tl.r,fs"j 410
along with their corresponding data values diys, jand dins, j 1,
are identified. Then, the following formula is used to perform
the interpolation:

) dive ir —di
interp __ 5 . ins, j+1 ins, j ref ref
d - d"Sq/ + : <tradar,i - tins,j) (11)

ins,i L ref ref

ins, j+1 tins,j

After completing the aforementioned steps, the timestamps
of the radar and IMU data have been aligned under a unified
time reference, and the IMU data has been interpolated to
match the radar’s sampling rate. At this juncture, the converted
and interpolated timestamps can be directly utilized for sub-
sequent data fusion and analysis.

I1l. BIMODAL FEATURE FUSION

In this experiment, only micro-Doppler features and IMU
acceleration data were selected because these two types of
features are effective enough in reflecting human motion
patterns, especially gait recognition and behavior analysis.
Although millimeter-wave radar and inertial navigation sys-
tems provide rich feature information, the scale differences of
different features may lead to mismatches during data fusion,
thus affecting model performance. Experimental results show
that directly fusing all features does not significantly improve
model performance, but may increase noise and errors. There-
fore, we choose to simplify the features to avoid the excessive
complexity of the model and ensure efficient performance.

A. TRANSFORMER BASED RADAR FEATURE EXTRACTION

In recent years, ViT has developed rapidly as an advanced
image classification technology based on a self-attention
mechanism. Using the Transformer architecture, ViT has
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demonstrated excellent performance when performing com-
puter vision tasks. From the original ViT-Ti [46], ViT-S [47],
ViT-B [48], ViT-L [48], and other variants to today’s Swin-T
[49], MaxViT-B [50] and the latest ViT-G /14 [51], the ViT
family continues to grow. These variants provide flexible op-
tions for different sizes and types of tasks, enabling Vits to
adapt to a wide range of complex image processing needs.
Here are the specific steps in the ViT model.

First, ViT divides the image into fixed-size image blocks
(patches) and converts each image block into a vector that is
used as a token for the input sequence.

X pateh = patchempedding(x) (12)

where X is the input image; X parep iS @ vector representation
of an image block.

ViT then uses the encoder part of the Transformer to pro-
cess the image sequences. The encoder consists of multiple
Transformer encoder layers. The transformer’s self-attention
mechanism is used to calculate the attention weight of each
token in the sequence. The specific formula is as follows:

Attention (Q,K,V) ft QKT %4 (13)
ention (Q,K,V) =softmax | —=
Vi

where Q is the query matrix; K is the bond matrix; V is a
matrix of values; dj is the dimension of the attention head.

Typically, there is a fully connected feedforward neural
network behind each self-attention layer, with the following
formula:

FFN (x) =ReLU xW 1 +b1)W2 + by (14)

where W and b; are the weights and biases of the first linear
layer; W, and by are the weights and biases of the second
linear layer.

Finally, after the self-attention and feedforward neural net-
work of each Transformer encoder layer, layer normalization
is typically applied.

AR

o2 +e¢
where p is the average; o is the standard deviation; € is a small
number that is used for stable computation.

LayerNorm (x) = (15)

B. CNN BASED INERTIAL NAVIGATION FEATURE
EXTRACTION

Convolutional Neural Networks (CNNs) have extensive use in
behavioral classification. CNN can extract high-level features
from the original input data. For behavior classification, these
features can be motion, shape, color, and other information in
images, videos, or time series data. Through operations such
as the convolutional layer and pooling layer, CNN can extract
more abstract and semantically rich feature representations
layer by layer. For time series data, such as inertial navigation
sensor data used in this study, CNN can extract features from
time dimensions through the 1D convolution layer. This pro-
cessing allows CNN to directly process data that is continuous
in time, and to capture local patterns and global associations in
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time. In the behavior classification task, the process of using
CNN to extract features from time series data can be realized
by the following steps.

The first is to extract features in time dimension using a
1D convolution operation. Assuming that the input data is a
time series of length L, the size of the convolution kernel is
K, and the length of the output feature graph is L, then the
convolution operation can be expressed as:

K—1

S Wi X[i+j]+0b

J=0

Xeonv il = f (16)

where X is the input time series data; Xcony iS the feature
graph after convolution; W is the weight of the convolution
kernel; b is the offset term; f is the activation function, such
as ReLU.

Then there is the use of pooling layers to reduce the size of
the feature map while preserving key information. Common
pooling operations include maximum pooling and average
pooling. Assuming the window size of the pooling operation
is P and the length of the output feature graph is L, the pooling
operation can be expressed as:

Xpool [i] = Pooling (X cony [i : i+ P]) (17)

where X, is the feature map after pooling; Pooling is a
pooling operation, which can be maximum pooling or average
pooling.

C. CHANNEL ATTENTION MECHANISM

Channel attention block is a structure used to enhance a deep
learning model’s focus on correlations between channels. Its
design is inspired by the interaction between channels and
the fact that the importance of different channels may vary
in different tasks. The main purpose of this structure is to im-
prove the performance and expressiveness of the network by
weighting the feature graph of each channel, and its network
structure is shown in Fig. 5.
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FIGURE 6. Radar-IMU multi-modal fusion attention mechanism.

In the channel attention block, two kinds of pooling oper-
ations are first performed on the input feature graph: average
pooling and maximum pooling. These two pooling operations
capture global information about each channel in the feature
graph.

AvgPool (X)) = (18)

| H W
T 2 2 Xe
h=1 w=1

where H and W are the height and width of the input feature

map respectively; X . ; ,, represents the pixel values at channel

¢, height A, and width w in the input feature graph X.
H w

MaxPool (X) = I}llafi (max( Xc,h,w)) (19)

= w=1

where max indicates the operation of taking the maximum

value. X . 5 ,, represents the pixel values at channel ¢, height

h, and width w in the input feature graph X .

Next, we concatenate the results of average pooling and
maximum pooling and calculate the attention weight for each
channel through a fully connected layer and activation func-
tion. These weights will guide the model to allocate more
or less attention to a particular channel. Specifically, we can
express the attention weight calculation as:

W = o (FC ([AvgPool (X), MaxPool (X)])) (20)

where, o is the activation function, and in our experiment,
we used the Sigmoid function. And FC is the full connection
layer.

Finally, the channel attention weight W is element-wise
multiplied by the original input feature map X to obtain a
weighted feature map. This operation can enable the model to
better focus on the features that are important for the current

task.
Y=WoX 21)

Through these steps, the channel attention block can dy-
namically adjust the importance of each channel, thereby
increasing the model’s focus on the correlation between
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channels and enhancing the model’s performance and expres-
siveness on specific tasks.

D. RADAR-IMU MULTI-MODAL FUSION ATTENTION
MECHANISM

To fuse the radar and inertial navigation features, a Radar-
inertial navigation Multi-modal Fusion Attention mechanism
(RIMFA) is introduced, where radar and inertial navigation
features are mutually weighted along the channel dimension.
The RIMFA module is shown in Fig. 6. First, Firstly, the
radar and inertial navigation features are flattened to obtain
one-dimensional features:

F eatureﬁ%f“, F. eatureIF Al,,”{}e"

= Flatten (Featuregyg,-, Featurepyyy) 22)

After flatten, the Radar and inertial navigation features are
input into the shared ConvlD module to obtain the process-
radar Feature Featurep,,, and the process-IMU Feature
Featurey,, .

’ ’
Featurey,,,.. Featurepy,

= Convld, (Featureﬁ%f", Featureﬂl,,”{}e"> (23)
where n is the number of channels. Next, the F eature;z adar A0d
Featurej,,, are fed into a Channel attention block to gener-
ate the Radar weight W g,q, and inertial navigation weight
W mup for each channel.

W Radar: Wimu
= Channel Attention (Featurep,,,,, Featurejy;;) (24)
Finally, the Featurey,,,. is multiplied by the Wy, and

the Featurey,,, is multiplied by the W gq4qr to obtain the
Output-Radar Feature and Output-IMU Feature.

output ’
Featurey, , = Featureg,;,. © Wiyu 25)

out put ’
Feature, ;- = Featurepy,; © W radar (26)
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E. IMPROVED T-C-RIMFA NETWORK MODEL

To fully combine the features extracted from the radar sensor
and the inertial navigation sensor, we design a method to
fuse the two data features. First, feature extraction of inertial
navigation sensor data is carried out through a 1D convo-
lution layer, which enables the model to directly process
time-continuous data and capture local patterns and global
associations in time:

featureryy = ConvBlock (Datapyy ) 27

At this stage, we use a 1D convolutional network to process
inertial navigation sensor data. The convolutional network
can effectively extract local features from time series data,
and gradually extract higher-level feature representations by
stacking multiple convolutional layers and pooling layers.

Next, the channel attention mechanism is used to weigh the
feature channels extracted from different convolution kernels,
so that the network can focus on relatively more important
features:

featurecayy = ChannelAttention (featureryyy)  (28)

At the same time, we use ViT for feature extraction of
radar data. First, the radar data is converted into a sequence,
and then the Transformer model is applied to the sequence
to capture spatial local patterns and global associations of the
radar data:

featuregyq, = ViT Block (Datagagar) (29)

The ViT module first divides the input radar data into
several patches of fixed size and projects each patch into
a high-dimensional feature space to form a sequence input.
These sequences are then processed by multi-layer Trans-
former encoders to extract global and local features from the
radar data.

Then, the extracted inertial navigation feature and radar
feature are flattened and fed into the RIMFA module.:

Sfeaturecayy —rimFA > featureraaar—RIMFA

= RIMFA (featurecaiyy, featurer,qar) 30)

After repeated experimental validation, it has been con-
firmed that in the RIMFA module, as the network depth
increases, the gradual increase in the number of channels
means that each channel carries more information, requiring a
more refined channel attention mechanism. Therefore, for the
RIMFA module, the channel numbers are set to 16, 32, 64, and
128. After each RIMFA module layer, a 4 x 4 MaxPooling
operation is performed, allowing each layer to extract richer
and more complex features, thereby enhancing the model’s
feature representation ability. The use of 16, 32, 64, and 128
channels allows the attention mechanism to weigh and fuse
radar and inertial navigation features across different layers.
This ensures that the network can fully utilize channel atten-
tion at various scales to achieve effective feature fusion.
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Then, concatenate the features after passing through the
RIMFA module::

featurepyy  Radar = Concatenate

(featurecaiyu —rimra. featuregagar—rivra) (31

In this phase, we flatten the features extracted from the iner-
tial navigation sensor. Then, it is concatenated with the radar
features to form a comprehensive feature representation. This
comprehensive feature contains complementary information
from the two sensors, providing richer input for classification
tasks.

Finally, the fused features are input into the multi-layer
perceptron (MLP) classifier for activity classification and
recognition:

Output = MLP ( feature,MU+Radar) (32)

To prevent overfitting, we have added Dropout processing
to the MLP. During training, Dropout can randomly drop a
subset of neurons, thereby reducing the model’s dependence
on some specific neurons and improving the model’s ability to
generalize.

The designed network structure is shown in Fig. 7. By
synthesizing multi-modal data and simultaneously processing
the data of the radar sensor and inertial navigation sensor, the
characteristic information of the two sensors is fully utilized.
Radar data provides spatial local patterns and global associa-
tion information, while inertial data provides time-continuous
local patterns. The combination of the two helps to improve
the accuracy and robustness of HAR.

Compared to traditional CNN or Transformer networks that
only process IMU or radar, the fusion design enables more
comprehensive use of information from multi-modal data.
This comprehensive utilization can improve the generalization
ability and robustness of the model so that the model has better
adaptability and accuracy to the activity data under different
environments and conditions.

The fusion design improves the utilization rate of data, fully
taps the correlation between different sensor data, and makes
the model understand the activity data more comprehensively.

At the same time, the fusion design also enhances the task
adaptability of the model, which can better adapt to different
HAR tasks and data situations, and has stronger versatility and
adaptability.

In addition, the introduction of the channel attention mech-
anism enables the network model to adjust the weights
of feature channels extracted from different convolutional
kernels adaptively, so that the network can pay more atten-
tion to relatively important features, suppress irrelevant or
unimportant features, and improve feature expression and
classification performance.

Algorithm 1 is used for HAR based on radar and inertial
navigation multi-sensor fusion, which establishes the feasi-
bility of the whole framework theoretically. First, separate
feature extraction for each data type is carried out, and then
feature level fusion is carried out to integrate features from
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different signal sources, and the channel attention mechanism
is combined to dynamically adjust the importance of each fea-
ture. This step ensures that the features extracted by different
sensors can effectively complement and enhance each other,
and improves the ability of the model to characterize activ-
ity. Finally, the fused features are input into the T-C-RIMFA
network for activity classification and recognition.

IV. RESULTS AND DISCUSSION

A. METHOD TRAINING AND SETUP

First, in order to realistically simulate the situation in the real
environment, we introduce a certain level of ambient noise.
Then, before the network model training, the processed data
set is divided into a training set, verification set, and test set
according to the ratio of 5:3:2. In the stage of model training,
parameter optimization, and model training are carried out
using the training set. Then, the generalization ability of the
model is verified by a validation set and hyperparameters are
adjusted to ensure the robustness of the model on different
data. Finally, a test set is used to conduct a final evaluation
of the model to verify its reliability and generalization perfor-
mance on real data. This division and evaluation help ensure
that our findings are credible and generalizable.

In the model training process, we used the Adam optimizer
to effectively train and adjust the model, and the selected
learning rate was le-5. In order to maintain training speed
and control memory consumption, set the batch size to 16.
In order to ensure that the model can fully converge and have
the ability to generalize, we conducted 300 cycles of training,
and this number was obtained through repeated experiments
and verification. For the choice of loss function, we use the
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cross entropy loss function:

C
Lcg = _]lv Z Zy:’,CIngi,c

i=1 c=1

(33)

where, N is the number of samples; C is the number of cate-
gories; y; . is the value of class C in the actual label of sample i
(vi.c = 1if the sample belongs to class C, otherwise y; . = 0);
Pi.c 1s the probability that the sample i predicted by the model
belongs to class c.

B. COMPARISON OF COMPUTATIONAL RESOURCES

In order to compare the amounts of resources required by the
constructed model and the traditional model in operation, the
amount of resources required by each model was calculated,
and the results are shown in Table 1.

Within this context, total params represent the number of
all learnable parameters in the model. Pass size indicates
the memory usage during forward propagation. Param size
Indicates the memory usage of model parameters. Total size
indicates the total memory usage of the model, including
model parameters and memory usage during forward propa-
gation.

It can be seen from Table 1 that compared with other mod-
els, T-C-RIMFA has fewer Total parameters and a smaller
Pass size in the process of forward propagation. This gives
T-C-RIMFA an advantage in terms of model size and comput-
ing resource requirements and can be run and deployed more
efficiently to maintain a certain performance.

C. ACCURACY COMPARISON

As a confusion matrix to evaluate the performance of the
algorithm, it can intuitively count the inference error and
inference correct value of the classification model. As shown
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Algorithm 1: T-C-RIMFA for HAR.

Input: X_R Radar data, X_I IMU data
Output: HAR
/«Step1: Block the radar image %/
L inchanners = 1, patchgize = 16, embyize = 256
2: projection =
Conv2d(inchannetss €Mbsize, kernelsize =
patchize, stride = patchgize)
: XR_pro <= projection(Xg);
: XR_per < permute(Xg_pro, (0, 2, 3, 1))
5: XR_patch <~
view(XRper, (XRper.size(O), —1, Xg_per.size(—1)))
xStep2: Encode using Transformer Encoder /
6: numyqyers = 4, embyize = 256, numypeqqs =
8, hiddensj,e = 512, dropout = 0.1,

7: layers = [];

/xCreate each layer of Transformer Encoder /

8: for i from 1 to numygyers:

9:  layer; = Transformer Encoder Layer(dypder =
embyize, nhead = numyeqqs, dimfeedforward =
hiddengize, dropout = dropout)

10:  layers.append(layer;)
11: for layer in layers : Xg o < layer(Xg
+«Step3: IMU data feature extraction =/

12: ledropoutl <~

Dropout (M axPool1d(ReLU (Conv1d(Xy))))
13: XI_dropoutZ <~

Dropout(MaxPool 1d(ReLU (Conv1d(X;_aropour1))))
14: X;_ca < ChannelAttention(X;_gropour2)
15: X1 owr < Fla”en(xlfdrapouﬂ)

B W

patch )

x«Step4: Radar and IMU feature fusion and classification

*/
16: XR our_RIMFA> XI_our_RIMFA <
RIMFA (XR_out s XI _out )
17: featurescompined <
Concatenate(XR_our_RIMFA> XI_our_RIMFA)
18: featuresclasxificat ion < Linear(featurescompined)
19: Output < SoftMax(features usification)

TABLE 1. Amount of Resources Required by Each Model

Total Pass Param  Total
Model size size size
param® _(MB) _(MB) _ (MB)
LeNet[52] 1.98e6 1.31 7.92 9.3
Radar- GoogleNet[53] 5.97¢6 15.12 22.77 37.95
single AlexNet[54] 5.70e7 2.76 21747 2203
VGGI16[55] 6.51e7 71.5 248.24 3198
ViT[56] 2.18e6 2.75 449 731
IMU-single CNN_CA[57] 5.59¢4 0.02 0.22 0.24
CNN[58] 5.57e¢4 0.02 0.22 0.24
LSTM[59] 2.12¢7 0.02 84.99 85.01
GRUJ[60] 9.64e6 0.02 38.56 38.58
ViT+GRU 1.49¢7 476 54.67 59.49
ViT+LSTM 2.50e7 2.78 95.79 98.63
RadartIMU  ViT+CNN 2.23e6 2.77 4.71 7.55
ViT+CNN_CA  2.23e6 2.77 4.71 7.55
T-C-RIMFA 3.43¢6 3.03 9.51 12.61
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in Fig. 8, where (a) to (e) is the confusion matrix diagram
of different networks of radar data, (f) to (i) is the confusion
matrix diagram of different networks of inertial data, and (j)
to (n) is the confusion matrix diagram of different networks of
radar and inertial data fusion.

In radar single-modal networks, the accuracy rates of vari-
ous models reflect their capabilities in processing radar data.
Like earlier convolutional neural network models, LeNet and
GoogleNet, while demonstrating a certain degree of effec-
tiveness, may be limited by their relatively simple network
structures in capturing complex radar image features. AlexNet
and VGG16 improve performance by deepening the network
structure, with AlexNet achieving an accuracy rate of 0.913,
surpassing LeNet and GoogleNet, indicating its greater suit-
ability for processing radar data. However, ViT, a model based
on the Transformer architecture, performs most outstandingly
among radar single-modal networks, with an accuracy rate as
high as 0.921. This demonstrates ViT’s advantage in process-
ing global information, especially in capturing key features in
radar images.

Compared to radar single-modal networks, the accuracy
rates of IMU single-modal networks are generally lower.
CNN_CA and CNN, while demonstrating a certain degree of
effectiveness, have limited performance. LSTM and GRU, as
models for processing time-series data, do not show signif-
icant advantages when processing IMU data, with accuracy
rates far below those of CNN-based models. However, when
radar and IMU data are fused, the accuracy rates of the
models are significantly improved. Fusion models combining
ViT with GRU and LSTM exhibit good performance, with
accuracy rates exceeding those of single radar or IMU mod-
els. This indicates that fusing different modal data can bring
performance improvements. Among them, the fusion models
of ViT+CNN and ViT+CNN_CA perform particularly well,
with accuracy rates reaching 0.942 and 0.945, respectively.
This further proves that combining ViT with CNN can fully
utilize the advantages of both, especially in extracting local
and global features.

Among all models, T-C-RIMFA has the highest accuracy
rate, reaching 0.988. This fully demonstrates T-C-RIMFA’s
exceptional capability in processing fused data.

D. DIFFERENT CLASSIFICATION PERFORMANCE
COMPARISON

Based on the above research, the performance measures of
the data confusion matrix such as accuracy, accuracy, recall
rate, and F1 value were compared to measure the classification
effect of different models.

Accuracy measures the ratio of the number of samples cor-
rectly classified by the model to the total number of samples,
and its expression is:

TP+TN

accuracy = (34)
TP+ FN+FP+TN

Among them, TP (True Positives) represents the number
of True cases, TN (True Negatives) represents the number of
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true negative cases, FP (False Positives) represents the number
of False positive cases, FN (False Negatives) represents the
number of false negative cases.

Precision measures how many of the samples predicted
by the model to be positive examples are true examples, ex-
pressed as:

. TP (35)
recision = ————
P TP+ FP

Recall measures the proportion of real cases predicted by
the model, and its expression is:

TP

recall = —— 36)
TP+ FN

F1 Score is the harmonic average of accuracy and recall
rate, which is used to comprehensively measure the classi-
fication performance of the model, and its expression is as
follows:

2 x precision x recall 2xTP

Fl= =
precision + recall 2xTP+FP+FN

(37)

According to the results of various classification indicators
shown in Fig. 9, the T-C-RIMFA algorithm has excellent
performance in all aspects of classification accuracy, which
is maintained at about 98.8% . The results show that with
the increase in test times, the accuracy of HAR using the im-
proved T-C-RIMFA algorithm is significantly improved. This
shows that even in the face of noise interference or attitude
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TABLE 2. Accuracy Comparison

Model Accuracy
LeNet[51] 0.880
GoogleNet[52] 0.825

Radar-single AlexNet[53] 0913
VGG16[54] 0.907
VIT[55] 0.921
CNN_CA[56] 0.771

. CNN[57 0.767

IMU-single LSTI\E[[S]S] 0.514
GRU[59] 0.641
ViT+GRU 0.895
ViT+LSTM 0.905

Radar+IMU ViT+CNN 0.942
ViT+CNN_CA 0.945
T-C-RIMFA 0.988

n- Radar IMU Radar+IMU
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= Accuracy 088000 082500 091333 0.90750 0.92167
wAverage precision 0.89064 082766 091522 0.90972 0.92304
wAveragerecall 088000 082500 091333 0.90750 0.92167
Average F1 087888 081984 091379 0.90795 0.92162

FIGURE 9. Results of different classification indicators.

0.77167 0.76750 051417 064167
077349 077488 051960 063021
077167 076750 051417 064167
076803 0.76282 051008 063164

A

0.89583 0.90500 0.94167 0.94500 0.98833
090222 0.90864 0.94504 0.94686 0.98855
0.89583 0.90500 0.94167 0.94500 0.98833
085712 0.90541 034149 0.94516 0.98834
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TABLE 3. Ablation Experiment

ViT CNN CA RIMFA

Accuracy
0.92167
— 0.76750
— 0.77167
— 0.94500
N 0.98833

o o0 o e
< 2|
2222 |
22 2|

changes, the algorithm can better cope with complex dynamic
environments and changes, and maintain a high recognition
accuracy. Therefore, in order to better realize the practical
application, we need to further expand the database.

E. ABLATION EXPERIMENT

On the basis of the above research, we designed a series of
classification ablation experiments in order to further explore
the model’s learning of different features and its generaliza-
tion ability in classification tasks. As shown in the ablation
experiment in the table below, we observed changes in the
model’s performance by gradually adjusting specific features
or information in the model’s input to reveal how dependent
the model is on various features.

In Table 3, various models are evaluated based on their
feature extraction methodologies and accuracy rates. Model
(a) employs only the ViT for feature extraction, relying solely
on radar data, resulting in an accuracy of 0.92167. Model (b)
utilizes a CNN for feature extraction, focusing exclusively
on inertial navigation sensor data, which yields an accuracy
of 0.76750. In Model (c), the CNN is enhanced with a CA
mechanism while still using only inertial navigation sensor
data, achieving an accuracy of 0.77167. Model (d) integrates
both ViT and CNN for feature extraction along with the CA
mechanism, utilizing both inertial navigation sensor data and
radar data, and achieves a higher accuracy of 0.94500. Finally,
model (e) builds on Model (d) by introducing the RIMFA
mechanism, resulting in a significant increase in accuracy to
0.98833.

These findings underscore the advantages of combining
multiple data sources and advanced feature extraction tech-
niques to enhance model performance.

V. CONCLUSION

In this study, we propose an HAR method, which aims to
maintain the accuracy and stability of sensor data under severe
weather and accumulated errors. Our method combines the
data of millimeter wave radar and inertial navigation sen-
sor, uses ViT to extract the radar data, uses CNN to extract
the inertial derivative data, and uses the channel attention
mechanism to weight the features extracted from the iner-
tial derivative data from different convolution kernels. The
experimental results show that our model T-C-RIMFA can
effectively distinguish five activities, including walking, run-
ning, slow walking, up and down stairs, as well as falling, with
an overall accuracy of 98.8% . Compared with the traditional
network model, our method shows a better classification ef-
fect.
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However, we also realize that in practical applications,
especially in multi-person interactions or dynamic environ-
ments, multi-target detection and tracking is an issue that
cannot be ignored. Although in this study, we mainly focus
on feature fusion rather than multi-target tracking, we believe
that the challenges of single sensors in multi-target detection
can be effectively alleviated through multi-sensor fusion (for
example, combining radar and IMU). Future research can
explore the combination of angle information (RDA spatial
processing) and Kalman filtering technology on this basis to
achieve more accurate and stable multi-target detection and
trajectory tracking, so as to further improve the performance
and practical application value of the system [61], [62].

In the future, our HAR method can be further developed
and applied in many aspects. First of all, we can explore
the application of this method in practical scenarios, such
as fitness monitoring, medical diagnosis, security monitoring,
and other fields, to achieve real-time monitoring and analysis
of individual activity status. Moreover, we can integrate radar
range-Doppler data or point cloud data to enhance spatial
resolution and target positioning capabilities and improve the
accuracy of activity recognition in more complex and dynamic
environments. Secondly, we can consider expanding our HAR
technology to gesture recognition, pose recognition, and other
biometric recognition technologies to achieve a more compre-
hensive and diversified body behavior recognition system and
provide a more intelligent and convenient solution for human-
computer interaction, intelligent security, and other fields. In
addition, we can further improve the accuracy and robustness
of the model by improving the algorithm and data set to adapt
to the application requirements in different environments and
scenarios. Ultimately, we aim to build a comprehensive and
efficient body behavior recognition system to provide more
effective solutions to problems in urban traffic management,
intelligent health monitoring, and other fields.
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