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Abstract: Activity recognition is one of the significant technologies accompanying the development
of the Internet of Things (IoT). It can help in recording daily life activities or reporting emergencies,
thus improving the user’s quality of life and safety, and even easing the workload of caregivers.
This study proposes a human activity recognition (HAR) system based on activity data obtained via
the micro-Doppler effect, combining a two-stream one-dimensional convolutional neural network
(1D-CNN) with a bidirectional gated recurrent unit (BiGRU). Initially, radar sensor data are used to
generate information related to time and frequency responses using short-time Fourier transform
(STFT). Subsequently, the magnitudes and phase values are calculated and fed into the 1D-CNN
and Bi-GRU models to extract spatial and temporal features for subsequent model training and
activity recognition. Additionally, we propose a simple cross-channel operation (CCO) to facilitate the
exchange of magnitude and phase features between parallel convolutional layers. An open dataset col-
lected through radar, named Rad-HAR, is employed for model training and performance evaluation.
Experimental results demonstrate that the proposed 1D-CNN+CCO-BiGRU model demonstrated su-
perior performance, achieving an impressive accuracy rate of 98.2%. This outperformance of existing
systems with the radar sensor underscores the proposed model’s potential applicability in real-world
scenarios, marking a significant advancement in the field of HAR within the IoT framework.

Keywords: deep learning; human activity recognition; radar sensor; micro-Doppler effect; cross-
channel operation

1. Introduction

In recent years, with the declining birth rate and significant improvements in medical
standards, the age structure of populations in various countries worldwide has been aging
rapidly. Taking Taiwan as an example, data from the National Development Council’s
population estimation system reveal that the young and middle-aged population has been
decreasing annually since its peak in 2012 [1]. The elderly population surpassed the young
population in 2016 and exceeded 14% of the total population in 2018, marking Taiwan’s
transition into an aged society. It is projected that Taiwan will become a super-aged society
by 2026, with the elderly population surpassing 20% of the total population [1]. When
the birth rate continues to fall and the average age increases, the burden on the young
and middle-aged population to support the elderly will intensify. Caregivers will need to
attend to more elderly individuals, reducing the average time available for caregiving and
increasing the risk of the cared-for individuals being left alone.
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Human activity recognition (HAR) employs various sensors to collect information
on user movement and recognizes the user’s activities based on their unique movement
patterns [2]. It provides real-time monitoring and assists in determining whether the user’s
daily activities are normal. For instance, for healthy users, daily exercise routines and
bedtimes can be set, with reminders issued through Internet of Things (IoT) devices [3].
Additionally, in the event of an unexpected incident, the system can notify family members
and medical units to prevent delays in receiving medical treatment.

Research on HAR primarily utilizes cameras and sensors [2,4]. Depth cameras, uti-
lizing near-infrared radar, and RGB cameras are two camera types [5]. Depth cameras
struggle with background interference, while RGB cameras excel in recognition but risk
user privacy and light interference. Wearable sensors collect data via inertial measurement
units (IMUs) but can be uncomfortable; radar sensors, in contrast, offer privacy and are
unaffected by light or obstructions, providing greater versatility [6]. Due to their non-
contact nature and ability to protect privacy, radar sensors are increasingly used in fields
such as human—computer interaction, smart living, and health management for HAR [7,8].
Traditional machine learning methods, which often rely on manual selection of features
such as average values and standard deviations, can overlook distinctive characteristics,
leading to lower recognition accuracy [9].

In the previous studies, Wang et al. [10] combined stacked recurrent neural networks
(RNNs) with long short-term memory (LSTM) and deep convolutional neural networks
(CNNSs) to classify six human actions—boxing, clapping, waving, walking in place, jogging,
and walking—using radar Doppler images. Results showed the RNNs with LSTM achieved
92.65% accuracy, while deep CNNs reached 82.33%. The study utilized the same dataset as
the one mentioned in this paper. Papadopoulos et al. [11] employed a variety of models,
including CNN, LSTM, Bi-LSTM, GRU, and CAE, for classifying human activity recognition
(HAR) using radar data. The CNN model outperformed the others, achieving a superior
performance rate of 88%. Chakraborty et al. [12] utilized an X-band CW radar to compile
the diverse DIAT-RadHAR dataset that captures activities such as army marching, stone
pelting/ grenade throwing, jumping while holding a gun, army jogging, army crawling,
and boxing. This research also incorporated six pre-trained CNN models to support the
deep learning (DL) architectures in analyzing the data, and the accuracy approached
98%. Zhu et al. [13] used CNN+LSTM for HAR and collected the data with Infineon’s
Sense2GoL Doppler radar, achieving an accuracy of 98.28%. Noori et al. [14] used LSTM
for the static actions with a non-wearable ultra-wideband (UWB) radar, with an accuracy
approaching 99.6%. This study showed that DL architectures have better performance than
machine learning models. Further, Li et al. [15] manually extracted human action features
from both wearable and radar sensors, constructing a hybrid fusion model for enhanced
action recognition.

Deep learning’s evolution has notably reduced the complexity associated with data
preprocessing, enabling the use of more intricate and effective network models to boost
recognition accuracy [16,17]. The research detailed in [18] employed position sensors
alongside a multilayer perceptron (MLP), support vector machine (SVM), and Bayesian
network (BN) for decision fusion, achieving superior recognition results. Further advance-
ments have seen the micro-Doppler spectrogram transformed into a two-dimensional
RGB image for recognition via 2D convolutional neural networks (2D-CNNs) [19,20].
With successes in natural language processing and speech recognition, the application of
recurrent neural networks (RNNs) for temporally linked tasks has been deemed more data-
appropriate [21]. Stacked long short-term memory (stacked LSTM) networks were proposed
in [10] for time-frame-specific action recognition, while [17] demonstrated that bidirectional
LSTM enhances recognition accuracy by simultaneously extracting time series features in
both directions.

HAR poses a significant challenge in classification tasks, especially when similar ac-
tions yield comparable features, such as running and walking, in sensor-based tasks [22,23].
Thus, developing more effective preprocessing methods and model architectures remains a
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critical challenge. Radar sensing data, for instance, can produce spectra with distinct char-
acteristics through various algorithms, with short-time Fourier transform (STFT), Hanning
window (RIDHK), and smoothed pseudo-Wigner—Ville distribution (SPWVD) being some
of the common techniques [24]. The VGG16 model has been explored for motion recog-
nition, showcasing STFI’s superiority over other methods. The limitation of 2D-CNN in
fully capturing human dynamics has led to proposals for architectures that blend 2D-CNN
with 3D-CNN for better performance [25]. Another study, [26], emphasizes the integration
of sensor data from multiple positions for HAR, introducing a deep learning framework
that employs multiple channels. An advanced algorithm leverages principal component
analysis (PCA) for coupling sensor data in the preprocessing phase. It then develops an
innovative dual-channel convolutional neural network featuring an SPF (Spatial Pyramid
Pooling) layer for effective integration [27]. Additionally, Le et al. [28] have applied the
patching algorithm to STFT data for enhanced feature discrimination, utilizing sparse
autoencoder (SAE) for gait recognition and leveraging the Bayesian optimization algorithm
for optimal model parameter selection.

The conventional CNN model, while effective in extracting spatial features through
local scopes, often neglects intra-layer feature interaction. To address this, Jin et al. [29]
introduced the squeeze-and-excitation network (SENet), which employs global pooling
and feature recalibration through channel-wise multiplication to enhance feature interac-
tion within parallel convolutional layers, significantly improving feature discrimination.
Building on the concept of Jin’s study, Huang et al. [30] suggested using an autoencoder
(AE) for cross-channel communication in HAR tasks based on wearable sensors, marking a
novel approach in strengthening CNNs’ spatial feature extraction capabilities for improved
model performance in HAR applications.

In the current HAR task, the model with the most generalization ability combines
a CNN and an RNN to extract mixed features for recognition. RNNs, known for their
numerous internal parameters, can be optimized for various data types and offer different
variants for researchers. However, their capacity for temporal feature extraction has become
saturated. Conversely, CNNss feature a relatively simple operational process and parameter
settings, with limited literature suggesting improvements in spatial feature extraction
capabilities. Therefore, this study aims to enhance the spatial feature extraction capabilities
of CNNs to improve the model’s performance.

This study proposes constructing a HAR system based on a two-stream (25) 1D CNN-
BiGRU (bidirectional gated recurrent unit) model to recognize six daily activities: boxing,
clapping, waving, walking, running, and standing still. Utilizing STFT to extract magnitude
and phase parameters, the system inputs these to the 1D-CNN and BiGRU, respectively, for
feature extraction and employs cross-channel operations (CCOs) in the 25 1D-CNN. This
process facilitates the exchange of magnitude and phase features in parallel convolutional
layers, culminating in the merging of these features into the fully connected layer for
model training and performance evaluation. The dataset, Rad-HAR [31], collected via radar
sensors, consists of fast Fourier transform (FFT) data. Initially, the data are down-sampled
and converted to STFT data for sample segmentation, with each segmented sample having
a duration of 1 s. The 1D-CNN is utilized to extract spatial features, while the BiIGRU
extracts temporal features, and CCOs are implemented to exchange convolutional features,
thereby maximizing the model’s performance.

2. Research Methods

The proposed HAR system, as depicted in Figure 1, is structured around three prin-
cipal phases. Initially, the data preprocessing phase takes charge of eliminating the DC
component from the dataset; transforming it into an STFT spectrum; and dividing the data
into distinct sets for training (49%), validation (21%), and testing (30%). Following this, the
model training phase involves introducing the training set to the 25 1D-CNN+CCO-BiGRU
model, which stands for 2S 1D-CNN combined with a cyclic cumulative output BiGRU.
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The final phase, 'Performance Evaluation’, assesses the model’s ability to classify inputs by
applying the test set and using a confusion matrix to analyze the results.
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Figure 1. System architecture includes data preprocessing, model training, and testing results.

2.1. Dataset

The dataset used in this study is the Rad-HAR public dataset [31] provided by the
Temple University Advanced Signal Processing Laboratory, utilizing the Ancortek SDR-KIT
2500B (Ancortek Inc., Fairfax, VA, USA) [32] radar to collect information on eight types
of user actions. Prior to the commencement of data collection activities, formal approval
was secured from the Institutional Review Board (IRB) affiliated with Temple University,
ensuring compliance with ethical standards and institutional guidelines. Figure 2 illustrates
the 7.3 m x 3.5 m area monitored by Rad-HAR. Initially, a 25 GHz continuous wave is
transmitted through a set of transmitters (TX) and, upon reflecting off an object, is captured
by the receiver (RX) to collect data. The system stores FFT data at sampling frequencies
of 512 kHz and 128 kHz. In each experiment, only one subject performed eight activities:
boxing, hand clapping, hand waving, walking in place, running towards the radar, running
away from the radar, walking towards the radar, and walking away from the radar. The
model categorizes both running towards and away from the radar as ‘running’ activity,
and walking towards and away from the radar as ‘walking’ activity, finally distinguishing
six different activities.

7.3m
ginda / |t
Area .
Motion
Area
3.5m
TX/RX ‘
SDR-KIT 25008 Human
. object
Blind g
Area

Figure 2. Rad-HAR dataset collection environment. There was one subject in the zone. Ancortek
SDR-KIT 2500B radar was used to detect the activities.
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2.2. Data Preprocessing

In the data preprocessing phase, we first used MATLAB to down-sample all data to
64 K samples per second. Data close to the DC component are irrelevant to the action and
constitute clutter for the collected data. This clutter would negatively impact the model’s
performance and must be removed. Next, we applied the STFT and selected the Hamming
window with a 90% overlap to obtain the micro-Doppler spectrum. Figure 3 displays the
STFT visualization for eight activities.

1 2 . "
Tew (vec Tieve f Tere (vac

(a) Boxing (b) Hand Clapping (¢) Hand Waving

(¢) Running towards Radar (f) Walking away from Radar (g)Walking towards Radar (h) Piaffe

Figure 3. STFT visualization of eight activities.

Then, we calculated the magnitude and phase of STFT. Here, S,(w) and S;(w) denote
the real and imaginary parts of the STFT data, respectively, with w representing the angular

frequency. The magnitude and phase for time, f, and frequency, f, are represented by A{ and
4){ , respectively. The formulas for these calculations are provided in Equations (1) and (2).

After the magnitude A{ and phase (p{ are obtained, the data are stored in the form of a
complex number, where the real part is the magnitude and the imaginary part is the phase,
as shown in Equation (3).

Al = /S (w) + S (w) (1)
¢/ = tan~1(S;(w) /S, (w)) @)
x[ = Al + o] ©)

Data samples are then added using a sliding window. The original data cover a time
span of 225 time frames (equivalent to 3 s). The original data are insufficient due to varying
lengths of data for each activity. A sliding window technique can align these lengths,
effectively augmenting the data. Through conducting experiments with overlap rates of
25%, 33.3%, and 50%, we found that a 33.3% overlap rate yields the best recognition perfor-
mance. Thus, we segmented the data into samples of 75 time frames each (corresponding
to 1s), with each subsequent sample being shifted right by 50 time frames, resulting in an
overlap of 25 time frames. As a result, we obtained 3216 samples for the training set and
1512 samples for the test set, as detailed in Table 1.
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Table 1. Number of data preprocessing samples.

Activity Raw Data Length (Seconds) Training Test Samples
Samples
Boxing 591 544 244
Hand Clapping 597 512 284
Hand Waving 597 556 240
Walking in Place 597 516 280
Running+ 190 570 530 8
Running— 380
Walking+ 391
Walking — 203 594 556 236
Total 3546 3216 1512

Note: Running+ and Running— are running towards the radar and running away from the radar; Walking+ and
Walking— are running towards the radar and walking away from the radar.

After observation, the distribution range of A{ is 0 to 16,000, and the distribution
range of gb{ is 0° to 360°. A significant disparity in the distribution ranges of A{ and gb{
can impair the efficiency of model recognition. To mitigate this, we apply normalization,
which scales the data to a range of 0 to 1 while maintaining the same ratio. The formula for
normalization is provided in Equation (4), where X represents the sample data; Xy, and
Xmin denote the maximum and minimum values of the data, respectively; and X,,o,y; is the

normalized value. K x
X — — Amin 4
o Xmax - Xrn'm ( )

This study employed one-hot encoding to transform categorical labels into binary
one-dimensional arrays, a crucial step in adapting these labels for computational models
that require numerical input. Before conversion, each label represented a distinct activity,
potentially signifying different attributes, conditions, or classifications relevant to our
research. By applying one-hot encoding, we assigned each activity a unique binary vector,
effectively eliminating any ordinal relationship and allowing the model to treat each activity
with equal importance. Table 2 provides detailed binary vector conversions for each label.

Table 2. Activity name code and one-hot code.

Activity Name Code Name One-Hot Code
Boxing B [1,0,0,0,0,0]
Hand Clapping HC [0,1,0,0,0,0]
Hand Waving HW [0,0,1,0,0,0]
Walking in Place P [0,0,0,1,0,0]
Running R [0,0,0,0,1,0]
Walking W [0,0,0,0,0,1]

2.3. Model Architecture

Figure 4 shows the model architecture proposed in this study, which includes three
parts: The first part is the spatial feature extraction unit, composed of four layers of 2S5
1D-CNN+CCO. The second part is the temporal feature extraction unit, consisting of two
Bi-GRUs, with the magnitude (Mag) features and phase (Phase) features inputted into the
Bi-GRUs. The third part consists of a concat layer and a three-layer fully connected (FC)
layer, used for action recognition.
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Figure 4. Model architecture.

Figure 5 illustrates the 25 1ID-CNN+CCO architecture. The magnitude and phase
features are separately input into the 2S5 1D-CNN to extract the primary features (Mag
and Phase;) and the secondary features (Mag, and Phase;). The secondary features, after
being multiplied by the weight parameter «, are passed to the Real and Imag components to
integrate both the primary and secondary features. The method of calculation is presented
in Equation (5).

Real = Mag, £ aPhase;

Imag = Phase; &+ aMag» ©)

Magl

1D-CNN | =T

Mag

Phase2 Real

!
N

—>{ 1D-CNN | =t |
Complex |_|
Fe JE
eatures n Number OUtPUt
Mag2
1D-CNN X |
Imag
Phase

Phasel

»

Dropout =1 Complex >

a

b 1D-CNN | =

Figure 5. The 2S5 1D-CNN+CCO architecture.

In this study, the parameters for the 1D-CNN+CCO model were meticulously con-
figured as follows: The size of the convolutional kernel was set to 3, and the architecture
comprises convolutional layers with a descending number of layers, specifically 128, 64, 32,
and 16 for each layer. The stride is configured at 1, the dropout rate at 0.3, and the weight
parameter « at 1. The weight parameter « was set to 1 as a starting point for balancing
different components of the loss function. This value of & was found to provide a stable
training process and satisfactory results in initial tests, indicating a balanced emphasis on
the model’s learning objectives. Regarding the activation function, the Rectified Linear
Unit (ReLU) was selected for its efficacy in handling non-linear data transformations; ReLU
operates by converting values below 0 to 0, while leaving values greater than 0 unchanged,
as detailed in Equation (6).

ReLU(x) = {g Z’JJ: : ; 8 (6)
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The parameters for the BIGRU are configured as follows: The number of GRU features
is set to 128 for the one-way configuration and 256 for the two-way configuration. The FC
layers contain 256, 128, and 64 neurons, respectively, with ReLU serving as the activation
function. In this study, the model employs the Adam optimizer with an initial learning
rate of 1 x 107%. As the training process nears the global minimum, the relatively high
learning rate may cause the model to overlook parameters associated with lower losses,
thereby impeding the recognition of the optimal solution. To address this, the loss function
is continuously monitored, and when the performance on the validation set plateaus for
more than 10 epochs, the learning rate is decreased by 90% to facilitate the discovery of
more favorable parameters.

The loss function employed in this study is categorical cross-entropy. The formula for
its calculation is presented as follows in Equation (7):

I

L
loss ==Y Y " qij10g, pij (7)
j=1i

In the aforementioned formula, L denotes the total number of samples, and C repre-
sents the category. The term ¢; ; corresponds to the actual probability of the i-th category in
the j-th data point, while p; ; signifies the predicted probability of the i-th category for the
j-th data point by the model. A smaller loss value indicates superior model performance in
terms of recognition.

2.4. Performance Evaluation

To evaluate the effectiveness of the model, this study employs a confusion matrix
as a statistical tool to discern the discrepancies between predicted and actual outcomes.
The analysis utilizes an untrained test set as input data. Figure 6 presents a schematic
representation of the confusion matrix, which categorizes the model’s predictions into four
key performance metrics: precision, recall, Fl1-score, and accuracy. These indicators are
derived by comparing the predicted results against the actual ones, leading to four possible
outcomes: True Positive (TP), False Positive (FP), True Negative (TN), and False Negative
(FN). For illustration, consider the example of running;:

True Positive (TP): Actual running, predicted as running.

e  False Positive (FP): Actual non-running, predicted as running.
e  True Negative (TN): Actual non-running, predicted as non-running.
e  False Negative (FN): Actual running, predicted as non-running.
Predicted Condition
Confusion Matrix
Positive Negative
Actual Positive True Positive(TP) False Negative(FN)
Comiliter Negative False Positive(FP) True Negative(TN)

Figure 6. A schematic representation of the confusion matrix.

The precision rate refers to the proportion of samples that the model accurately predicts
as ‘running’ out of the total number of samples, as illustrated in Equation (8):

TP
Precision(%) =Tp+Fp 100% 8)
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The recall rate is defined as the proportion of samples that are actually ‘running” and
are correctly recognized as ‘running’ by the model, as shown in Equation (9):

TP
Recall(%) = ———= x 100%
ecall(%) TP EN 00% )
Relying only on precision or recall rates is not enough to assess a model’s excellence,
which is why the Fl-score is commonly used. This metric evaluates both indicators simul-
taneously, as shown in Equation (10). If either indicator is low, it significantly impacts the
Fl-score, making it a suitable measure for evaluating model performance.

TP+ TN

Accuracy(%) = TP TN T FP T EN - 100% (10)

3. Experimental Results

This study conducted experiments using a computer equipped with an Intel i7-10700
central processing unit (CPU), 32 GB of random access memory (RAM), and an NVIDIA
GeForce RTX 2070 SUPER graphics processing unit (NVIDIA, Santa Clara, CA, USA). Ana-
conda 3 was used as the development environment for Python 3.7, along with the Anaconda
3 deep learning suite, which includes TensorFlow 2.1.0 and Keras 2.3.1. Jupyter Notebook
was utilized to perform the training and performance evaluation of deep learning models.

3.1. Selection of the RNN Model

This study compares the recognition performance of various RNN models in capturing
temporal features. The spatial feature extraction unit consists of four layers of 1D-CNN
architecture, while the temporal feature extraction unit comprises a single layer of RNN
models. The RNN models selected for this study included LSTM, GRU, bidirectional LSTM
(BiLSTM), and bidirectional GRU (BiGRU), the numbers of which were 16, 16, 32, and
32, respectively.

Table 3 presents the performance of all models. The study results indicate that both
the training and testing times for the bidirectional model are higher than those for the uni-
directional model. However, the bidirectional model outperforms the unidirectional model
in terms of recognition performance. Within the unidirectional models, GRU demonstrates
better recognition performance than LSTM. Among the bidirectional models, BiLSTM
slightly surpasses BiGRU in recognition performance. Nonetheless, due to its lower time
cost, BiGRU has been selected for extracting temporal features in this study.

Table 3. Recognition performance and computing efficiency of models.

Models Precision Recall F1-Score Accuracy T?;iin(islzzgc) F(r:::/lgag:::lr;f
LSTM 94.2 94.1 94.1 94.1 53.3 0.747
GRU 95.4 95.3 95.3 95.3 51.7 0.649

BiLSTM 96.5 96.3 96.4 96.4 67.8 1.223
BiGRU 96.4 96.3 96.3 96.3 64.9 1.167

Table 4 presents the Fl-scores obtained by using either magnitude or phase. We
used magnitude and phase separately, trained the 1D-CNN-BiGRU model with each
feature individually, and then evaluated the model’s recognition performance. When only
magnitude is utilized, the Fl-score reaches 92.1%, which is significantly higher than the
32.4% achieved when using only phase. However, when both magnitude and phase are
used together, the F1-score can reach 96.3%.
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Table 4. F1-score (%) of the model under different input characteristics.

Activity Phase Magnitude Both
Boxing 25.9 90.4 97.4
Hand Clapping 21.7 93.3 96.8
Hand Waving 28.4 90.8 94.1
Walking in Place 39.9 91.6 95.6
Running 26.1 92.5 96.6
Walking 524 94.2 97.7
Total 324 92.1 96.3

3.2.

Evaluating Cross-Channel Computing Layers

This study examines the effect of varying the number of application layers of 1D-

CNN + CCO on recognition performance. The spatial feature extraction framework com-
prises four CNN layers, with the option to utilize either 1ID-CNN or 1D-CNN + CCO for
each layer to extract spatial features. The deployment of 1D-CNN + CCO is categorized

into
1.

four scenarios based on its application across the layers:

In the first scenario, a single layer of 1D-CNN + CCO is applied to one of the four
layers (either layer 1, 2, 3, or 4), with the remaining three layers utilizing 1D-CNN.
This configuration results in four distinct action recognition models.

The second scenario involves using two layers of 1D-CNN + CCO, which can be
applied to various combinations of layers (such as layers 1 and 2, 1 and 3, 1 and 4,
2 and 3, 2 and 4, or 3 and 4), leaving the other two layers to employ 1D-CNN. This
approach yields six action recognition models.

In the third scenario, three layers are equipped with 2S 1D-CNN+CCO, applied to
combinations such as layers 1, 2, and 3; 1, 2, and 4; 1, 3, and 4; or 2, 3, and 4. The
remaining layer uses 1D-CNN, also leading to six possible action recognition models.
The fourth scenario explores the impact of utilizing 1D-CNN + CCO across all four
layers, contrasting it with the performance when all four layers are configured with 1D-
CNN.

Figure 7 displays the learning curves for the validation set of 2S 1D-CNN compared

to the most effective combinations of 25 1D-CNN + CCO. The findings of this study
indicate that regardless of the number of 25 1D-CNN + CCO layers implemented, both the
accuracy and loss metrics for the validation set surpass those of the standalone 2S5 1D-CNN.
Furthermore, there is a clear trend showing that performance improves with an increase in
the number of 25 1D-CNN + CCO layers utilized. The optimum results are observed when
all four layers are configured with the 25 1D-CNN + CCO model.

Accuracy

I
B

©
N

0.0

Model Accuracy 10 Model Loss

—— 2S5 1D-CNN

1 layer with CCO
—— 2 layer with CCO
—— 3 layer with CCO
—— 4 layer with CCO

0.8 4

0.6 1

Loss

0.4 4

—— 25 1D-CNN

1 layer with CCO
—— 2 layer with CCO 0.2 4
—— 3 layer with CCO
—— 4 layer with CCO

T T T 0.0 T T T T
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

(@) (b)

Figure 7. Learning curves of 2S 1D-CNN and best performance by layer with 25 1D-CNN + CCO on
the validation set: (a) validation set accuracy curve; (b) validation set loss curve.

In Table 5, we delineate the layer-wise model performance metrics, offering a compre-

hensive view of the incremental enhancements observed with the application of CCO. The
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empirical data drawn from this study provide a clear indication of the positive correlation
between the number of CCO layers employed and the overall recognition performance
of the model. Notably, each additional layer of CCO integrated into the architecture con-
tributes to an accuracy increment in the range of 0.6 to 1%. This observation is particularly
significant, as it suggests a linear relationship between the depth of CCO integration and
the model’s accuracy in recognition tasks.

Table 5. Layer-wise model performance metrics.

1st 2nd 3rd 4th Precision Recall F1-Score Accuracy  Parameters !
Layer Layer Layer Layer (%) (%) (%) (%) ™)
v — — — 96.1 96.0 96.0 96.0 0.911
— v — — 95.7 95.7 95.7 95.7 0.985
— — v — 95.6 95.5 95.5 95.4 1.003
— — — v 95.4 95.3 95.3 95.4 0.985
Average 95.7 95.6 95.6 95.6 -
v v — — 96.2 96.3 96.2 96.2 0.886
v — v — 96.6 96.5 96.5 96.5 0.905
v — — v 96.3 96.2 96.2 96.2 0.886
— v v — 96.3 96.3 96.3 96.2 0.979
— v — v 96.6 96.5 96.4 96.3 0.960
— — v v 96.2 96.1 96.1 96.1 0.979
Average 96.4 96.3 96.3 96.2 -
v v v — 96.9 96.9 96.9 96.9 0.88
v v — v 97.1 97.1 97.1 97.1 0.862
v — v v 97.2 97.2 97.1 97.2 0.880
— v v v 97.2 97.2 97.2 97.1 0.954
Average 97.1 971 97.1 97.1 -
25 1D-CNN 94.2 94.0 93.9 93.9 1.009
v v v v 98.2 98.2 98.2 98.2 0.855

Parameters ': The parameter is the size of the model.

Focusing on a four-layered architecture, the empirical analysis reveals a distinct
performance disparity between the standard 2S 1D-CNN model and its CCO-enhanced
counterpart. The conventional four-layer 2S5 1D-CNN shows an accuracy of 93.9%, which,
while effective, is markedly surpassed by the 25 1D-CNN+CCO configuration. The latter,
incorporating CCO across all four layers, achieves a notably higher accuracy of 98.2%. This
increase of 4.3% in accuracy is not merely statistically significant but also indicative of the
substantive impact that CCO integration can have on the model’s efficacy.

3.3. Evaluating Cross-Channel Operation Parameters

This study explores the model recognition performance of 1D-CNN+CCO using
different weight parameter « values and compares the main and auxiliary features using
various feature merging methods. In this study, we adjust the weight parameters of the
model to range from not utilizing auxiliary features («x = 0) to fully incorporating them
(0c =1). This is achieved by setting « to 0, 0.2, 0.4, 0.6, 0.8, and 1.0, in order to train a total
of six action recognition models. Table 6 presents the performance metrics for the models
across the different « values. The experimental findings indicate that models with higher
weight parameters, specifically at « = 1, demonstrate superior performance and achieve
the best recognition capabilities.
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Table 6. Comparative discrimination performance across different « values.

o4 Precision (%) Recall (%) F1-Score (%) Accuracy (%)

0 94.2 94.0 94.1 93.9
0.2 95.1 95.0 95.0 95.0
0.4 96.7 96.7 96.7 96.6
0.6 96.9 96.9 96.9 96.8
0.8 97.2 97.2 97.2 97.2

1 98.2 98.2 98.2 98.2

This study also explored feature merging techniques within the real and imaginary
components, employing either addition or subtraction to integrate the main and auxiliary
features. This approach was used to train a total of four action recognition models. Table 7
provides a detailed analysis of the results obtained from various feature merging methods.
The findings indicate that the technique of adding the two features together yields the most
effective recognition performance. Overall, these results underscore the model’s strong
adaptability and its ability to improve recognition accuracy by enhancing the spatial feature
correlation between magnitude and phase.

Table 7. Evaluating the recognition performance of 15 distinct feature merging methods.

CcCo
Precision (%) Recall (%) F1-Score (%) Accuracy (%)
Real Imag
— — 94 .4 944 94.2 94.1
— + 97.8 97.8 97.8 97.8
+ - 96.4 96.3 96.2 96.2
+ + 98.2 98.2 98.2 98.2

3.4. Performance Comparison

In this study, we present an in-depth analysis of the activity recognition capabilities of
three distinct computational models: 2S5 1D-CNN+BiLSTM, 2S 1D-CNN+BiGRU, and our
proposed 25 1D-CNN+CCO+BiGRU. The evaluation spans various activities, denoted as B,
HC, HW, P, R, and W, to encompass a broad spectrum of potential applications, as shown
in Table 8. Figure 8 shows the activity-wise confusion matrix for all three models, (a) 25
1D-CNN+BiILSTM, (b) 2S 1D-CNN+BiGRU, and (c) 25 1D-CNN+CCO+BiGRU.

The 25 1D-CNN-BiLSTM model exhibited a robust performance, with precision rates
ranging from 93.1% to 98.6% across the evaluated activities, leading to an overall average
precision of 96.4%. The recall metrics closely followed this pattern, averaging 96.3%,
and the Fl1-scores, which offer a balanced measure of precision and recall, mirrored this
consistency with an average of 96.4%. The model’s overall accuracy was calculated at
96.4%, affirming its reliability in recognizing various activities. Furthermore, turning our
attention to the 25 1D-CNN-BiGRU model, we observed a comparable level of performance.
Precision rates varied slightly but maintained an average of 96.4%. The recall metrics for
this model also converged around a similar average, highlighting the model’s proficiency
in accurately recognizing activities. This is further supported by the Fl-scores and overall
accuracy, both of which averaged 96.4%. The 25 1D-CNN+CCO-BiGRU, however, marked
a significant advancement in activity recognition performance. Precision rates peaked at
100% for certain activities, with an impressive average of 98.2% across the board. The recall
rates were equally remarkable, averaging 98.2%, and the F1-scores aligned with these high
standards, averaging 98.2% as well. The standout metric for this model was its overall
accuracy, reaching 98.2%, which not only underscores its superior precision and recall
capabilities but also highlights its potential as a highly effective tool for complex activity
recognition tasks in various applications.
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Figure 8. Confusion matrices of models: (a) 2S 1D-CNN- BiLSTM; (b) 2S 1D-CNN-BiGRU; (c) 2S
1D-CNN+CCO+BiGRU.
Table 8. Comparison of activity recognition performance across three models.
Method Performance B HC HW P R W Average
Precision (%) 94.5 96.9 93.1 96.0 98.6 96.2 96.4
2S 1D- Recall (%) 94.7 98.9 96.7 94.3 95.2 98.3 96.3
CNN+BiLSTM F1-score (%) 96.0 97.9 94.9 95.1 96.9 97.2 96.4
Accuracy (%) 96.4
Precision (%) 96.4 96.8 92.0 97.8 99.5 95.9 96.4
2S 1D- Recall (%) 98.4 96.8 96.3 93.6 93.9 99.6 96.4
CNN+BiGRU F1-score (%) 97.4 96.8 94.1 95.6 96.6 97.7 96.4
Accuracy (%) 96.4
Precision (%) 100 98.6 94.8 98.5 99.1 98.3 98.2
2S 1D- Recall (%) 98.4 99.6 98.3 96.8 97.4 98.7 98.2
CNN+CCO+BiGRU F1-score (%) 99.2 99.1 96.5 97.7 98.2 98.5 98.2
Accuracy (%) 98.2

4. Discussion

This study marks a significant stride in the realm of activity recognition, a field pivotal
to the burgeoning IoT landscape. By harnessing the capabilities of micro-Doppler radar data
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in conjunction with advanced deep learning techniques, this research not only amplifies
the utility of IoT in daily life and emergency situations but also paves the way for novel
approaches in monitoring and assistance technologies.

The innovative fusion of a 25 1D-CNN with a BiGRU stands at the core of this study.
This combination is adept at extracting and interpreting both spatial and temporal fea-
tures from radar sensor data, processed initially through the STFT to derive time and
frequency response information. The proposed CCO further refines the model’s efficacy
by enhancing the interplay between magnitude and phase features across convolutional
layers, a technique that showcases the potential for intricate feature manipulation within
deep learning frameworks.

The employment of the Rad-HAR dataset for model training and validation under-
scores the practical applicability of the proposed system, with the model achieving a
remarkable accuracy rate of 98.2%. This level of performance not only surpasses existing
HAR systems but also highlights the robustness and reliability of deep learning when
combined with micro-Doppler radar data for such applications.

This study also compares the computational efficiency of the models based on model
parameters, floating point operations (FLOPs), and training and testing times. The 2S
1D-CNN+BiLSTM model requires 1.06 M parameters and 44.4 M FLOPs, with training and
testing times recorded at 67.8 s and 1.85 s, respectively. The 25 1D-CNN+BiGRU model
shows a slight improvement in efficiency, utilizing 1.01 million parameters and the same
number of FLOPs (44.4 M), while reducing the training and testing times to 64.9 s and
1.76 s, respectively. Our proposed model, the 25 1ID-CNN+CCO+BiGRU, demonstrates a
significant reduction in the number of parameters to only 0.86 M, suggesting enhanced
computational efficiency. However, this model also shows an increase in computational
complexity, as indicated by 58.2 M FLOPs. As a result, the training time extends to 80.4 s,
and the testing time per sample to 0.132 milliseconds (ms), as shown in Table 9. The length
of the sample was 75 time frames, equivalent to 1 s. These factors are critically evaluated
in the context of deploying deep learning models in edge computing environments for
real-time recognition, where efficiency and the ability to operate with constrained resources
are paramount. The proposed 2S5 1D-CNN+CCO+BiGRU model, despite its increased
computational complexity, offers a reduction in parameter size, potentially making it more
suitable for real-time applications in edge computing scenarios.

Table 9. Comparing the computing efficiency of three models with all samples.

Parameters FLOPs 2 Training Time Testing Time

Method (M) M) (sec) (ms/Sample)
25 1D-CNN-BiLSTM 1.06 444 67.8 0.122
25 1D-CNN-BiGRU 1.01 444 64.9 0.116
2S5 1D-CNN+CCO-BiGRU 0.86 58.2 80.4 0.132

FLOPs 2: Floating-point operations, used to measure the computational complexity of the model.

This study also compares various methods with the proposed method, which utilizes
a radar sensor and the same performance figures of merit used in compared studies,
as shown in Table 10. The proposed method, 25 1D-CNN+CCO+BiGRU, outperforms
the other models in all metrics, achieving the highest precision, recall, Fl1-score, and
accuracy, all at 98.2%. This indicates that the proposed model is exceptionally effective
in accurately recognizing and classifying human activities. While other models such as
DeepConvLSTM and VGG16 also exhibit high performance, the proposed model shows
superior overall effectiveness. Conversely, DenseNet169 displays the lowest performance
among the evaluated models. Although Ref. [13] also had an impressive accuracy rate
of 98.3%, their data were collected by themselves. This comparative analysis highlights
the strengths of the proposed 25 1D-CNN+CCO+BiGRU model in the context of HAR,
suggesting that its unique architecture and methodological advancements contribute to its
high accuracy and efficiency in activity recognition tasks.
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Table 10. Comparison of different methods with the proposed method that uses radar sensors.

Methods Precision (%) Recall (%) F1-Score (%)  Accuracy (%)
DCNN [10] 83.0 83.0 83.0 83.0
LSTM [10] 96.9 93.3 93.1 93.0

CNN [11] 89.7 88.0 87.9 88.0
VGG16 [12] 96.8 96.7 96.7 97.0

1D-CNN+LSTM [13] 98 98 98 98.3
DenseNet169 [17] 68.4 68.3 68.3 69.2

1D-CNN+CCO-BiGRU

(Proposed) 98.2 98.2 98.2 98.2

This research’s implications extend well beyond its immediate findings. The high ac-
curacy and efficiency of the proposed 25 1D-CNN+CCO+BiGRU model show the profound
potential of integrating deep learning with micro-Doppler radar technology in creating
sophisticated, non-intrusive HAR systems. Such systems could revolutionize the way we
approach elder care, home automation, emergency response, and even workload reduc-
tion for caregivers, aligning closely with the ideals of improving quality of life and safety
through technological innovation.

In this study, we used the Rad-HAR public dataset [31] to develop a deep learning
model to recognize the activities. The resulting performances depended on the dataset,
which was a limitation. However, this study opens avenues for future research, particularly
in exploring the scalability of the proposed model across diverse environments and condi-
tions and its adaptability to other forms of sensory data within the IoT framework. The
exploration of cross-channel operations and their potential in enhancing data feature extrac-
tion could lead to even more sophisticated models, capable of nuanced activity recognition
and interpretation.

5. Conclusions

This study has successfully developed a HAR system using the 25 1D-CNN+COO+BiGRU
architecture. By converting radar-sensor-collected activity data (Rad-HAR) into STFT spec-
trum data and analyzing magnitude and phase information, the system leverages CNN
and BiGRU for feature extraction. The integration of CCO facilitates the exchange of
features across parallel convolutional layers, enabling the CNN to extract more discrim-
inative spatial features, thereby enhancing recognition performance. The experimental
outcomes were highly promising, demonstrating that the feature extraction capabilities of
25 1D-CNN+CCO+BiGRU lead to superior activity recognition performance, with preci-
sion, recall, F1-score, and accuracy all achieving an impressive 98.2%. This performance
surpasses that of existing activity recognition systems with a radar sensor, highlighting
the significant application potential of the proposed model in the field of human activity
recognition. This study has some limitations. We have employed the RAD-HAR open-
source dataset which limits our control over the nature of parameters and categories. In the
existing dataset, only one person was within the radar detection range. Therefore, we lack
sufficient resources to verify the accuracy of recognition in a multi-person environment.
This study also used this methodology with other Rad-HAR datasets. Moreover, since the
data were recorded from a radar sensor that was placed at a fixed place, the limitation of
this study is that the method cannot be used in an open field and can only be used for a
single user, which can be addressed in future research.

Author Contributions: Conceptualization, T.-H.T.; methodology, T.-H.T. and J.-H.T.; software, J.-H.T.
and A.K.S; validation, S.-H.L. and Y.-F.H.; formal analysis, S.-H.L. and Y.-EH.; investigation, T.-H.T.
and J.-H.T.; data curation, ].-H.T.; writing—original draft preparation, J.-H.T., S.-H.L. and A.K.S,;
writing—review and editing, T.-H.T. and S.-H.L.; supervision, T.-H.T.; project administration, T.-H.T.;
funding acquisition, T.-H.T. and S.-H.L. All authors have read and agreed to the published version of
the manuscript.



Sensors 2024, 24, 2530 16 of 17

Funding: This research was funded by the National Science and Technology Council, Taiwan, grant
numbers NSTC 111-2221-E-324-003-MY3 and NSTC 112-2221-E-027-107.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Data are contained within the article.

Acknowledgments: The authors would like to thank Munkhjargal Gochoo and Xin Zhu for support-
ing the resource in the software.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Three-Stage Age Population, National Development Council. Available online: https://pop-proj.ndc.gov.tw/ (accessed on 2
January 2022).

2. Lara, O.D.; Labrador, M.A. A Survey on Human Activity Recognition Using Wearable Sensors. IEEE Commun. Surv. Tutor. 2013,
15,1192-1209. [CrossRef]

3.  Takeuchi, H.; Suwa, K.; Kishi, A.; Nakamura, T.; Yoshiuchi, K.; Yamamoto, Y. The Effects of Objective Push-Type Sleep Feedback
on Habitual Sleep Behavior and Momentary Symptoms in Daily Life: MHealth Intervention Trial Using a Health Care Internet of
Things System. [MIR Mhealth Uhealth 2022, 10, €39150. [CrossRef] [PubMed]

4. Ann, O.C; Theng, L.B. Human Activity Recognition: A Review. In Proceedings of the 2014 IEEE International Conference on
Control System, Computing and Engineering (ICCSCE 2014), Penang, Malaysia, 28-30 November 2014; IEEE: Piscataway, NJ,
USA, 2014; pp. 389-393.

5. Long, N.; Wang, K.; Cheng, R; Yang, K.; Hu, W.; Bai, ]. Assisting the Visually Impaired: Multitarget Warning through Millimeter
Wave Radar and RGB-Depth Sensors. |. Electron. Imaging 2019, 28, 1. [CrossRef]

6. Li, X; He, Y, Jing, X. A Survey of Deep Learning-Based Human Activity Recognition in Radar. Remote Sens. 2019, 11, 1068.
[CrossRef]

7. An, Q. Li, Z,; Liang, F,; Liu, M.; Wang, ]. Study on the Detection Performance of UWB Bio-Radar with Segmented Time Window.
In Proceedings of the 2016 CIE International Conference on Radar (RADAR), Guangzhou, China, 10-13 October 2016; IEEE:
Piscataway, NJ, USA, 2016; pp. 1-5.

8. Li, H,; Cui, G.; Kong, L.; Guo, S.; Wang, M. Scale-Adaptive Human Target Tracking for Through-Wall Imaging Radar. IEEE Geosci.
Remote Sens. Lett. 2020, 17, 1348-1352. [CrossRef]

9. Li, F; Shirahama, K.; Nisar, M.; Koping, L.; Grzegorzek, M. Comparison of Feature Learning Methods for Human Activity
Recognition Using Wearable Sensors. Sensors 2018, 18, 679. [CrossRef] [PubMed]

10. Wang, M.; Zhang, Y.D.; Cui, G. Human Motion Recognition Exploiting Radar with Stacked Recurrent Neural Network. Digit.
Signal Process. 2019, 87, 125-131. [CrossRef]

11.  Papadopoulos, K; Jelali, M. A Comparative Study on Recent Progress of Machine Learning-Based Human Activity Recognition
with Radar. Appl. Sci. 2023, 13, 12728. [CrossRef]

12.  Chakraborty, M.; Kumawat, H.C.; Dhavale, S.V.; Raj A, A.B. Application of DNN for Radar Micro-Doppler Signature-Based
Human Suspicious Activity Recognition. Pattern Recognit. Lett. 2022, 162, 1-6. [CrossRef]

13.  Zhu,].; Chen, H.; Ye, W. A Hybrid CNN-LSTM Network for the Classification of Human Activities Based on Micro-Doppler
Radar. IEEE Access 2020, 8, 24713-24720. [CrossRef]

14.  Noori, EM.; Uddin, M.Z.; Torresen, J. Ultra-Wideband Radar-Based Activity Recognition Using Deep Learning. IEEE Access 2021,
9, 138132-138143. [CrossRef]

15. Li, H.; Shrestha, A.; Heidari, H.; Le Kernec, J.; Fioranelli, F. Bi-LSTM Network for Multimodal Continuous Human Activity
Recognition and Fall Detection. IEEE Sens. . 2020, 20, 1191-1201. [CrossRef]

16. Ramanujam, E.; Perumal, T.; Padmavathi, S. Human Activity Recognition With Smartphone and Wearable Sensors Using Deep
Learning Techniques: A Review. IEEE Sens. |. 2021, 21, 13029-13040. [CrossRef]

17.  Huang, G; Liu, Z.; Van Der Maaten, L.; Weinberger, K.Q. Densely Connected Convolutional Networks. In Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21-27 July 2017; IEEE: Piscataway,
NJ, USA, 2017; pp. 2261-2269.

18.  Cumin, J.; Lefebvre, G.; Ramparany, E; Crowley, ].L. Human Activity Recognition Using Place-Based Decision Fusion in Smart
Homes. In Proceedings of the International and Interdisciplinary Conference on Modeling and Using Context, Paris, France,
20-23 June 2017; pp. 137-150.

19. Zhang, J.; Tao, ].; Shi, Z. Doppler-Radar Based Hand Gesture Recognition System Using Convolutional Neural Networks. In

Proceedings of the International Conference on Communications Signal Processing and Systems, Beijing, China, 20-22 September
2019; pp. 1096-1113.


https://pop-proj.ndc.gov.tw/
https://doi.org/10.1109/SURV.2012.110112.00192
https://doi.org/10.2196/39150
https://www.ncbi.nlm.nih.gov/pubmed/36201383
https://doi.org/10.1117/1.JEI.28.1.013028
https://doi.org/10.3390/rs11091068
https://doi.org/10.1109/LGRS.2019.2948629
https://doi.org/10.3390/s18020679
https://www.ncbi.nlm.nih.gov/pubmed/29495310
https://doi.org/10.1016/j.dsp.2019.01.013
https://doi.org/10.3390/app132312728
https://doi.org/10.1016/j.patrec.2022.08.005
https://doi.org/10.1109/ACCESS.2020.2971064
https://doi.org/10.1109/ACCESS.2021.3117667
https://doi.org/10.1109/JSEN.2019.2946095
https://doi.org/10.1109/JSEN.2021.3069927

Sensors 2024, 24, 2530 17 of 17

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Le, H.T,; Phung, S.L.; Bouzerdoum, A ; Tivive, EH.C. Human Motion Classification with Micro-Doppler Radar and Bayesian-
Optimized Convolutional Neural Networks. In Proceedings of the 2018 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), Calgary, AB, Canada, 15-20 April 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 2961-2965.

Chen, V.C,; Li, F; Ho, S.S.; Wechsler, H. Micro-Doppler Effect in Radar: Phenomenon, Model, and Simulation Study. IEEE Trans.
Aerosp. Electron. Syst. 2006, 42, 2-21. [CrossRef]

Gurbuz, S.Z.; Amin, M.G. Radar-Based Human-Motion Recognition With Deep Learning: Promising Applications for Indoor
Monitoring. IEEE Signal Process. Mag. 2019, 36, 16-28. [CrossRef]

Chen, K.; Zhang, D.; Yao, L.; Guo, B.; Yu, Z.; Liu, Y. Deep Learning for Sensor-Based Human Activity Recognition. ACM Comput.
Surv. 2022, 54, 1-40. [CrossRef]

Liu, Z.; Xu, L.; Jia, Y.; Guo, S. Human Activity Recognition Based on Deep Learning with Multi-Spectrogram. In Proceedings
of the 2020 IEEE 5th International Conference on Signal and Image Processing (ICSIP), Nanjing, China, 3-5 July 2020; IEEE:
Piscataway, NJ, USA, 2020; pp. 11-15.

Tang, L.; Jia, Y.; Qian, Y.; Yi, S.; Yuan, P. Human Activity Recognition Based on Mixed CNN With Radar Multi-Spectrogram. IEEE
Sens. J. 2021, 21, 25950-25962. [CrossRef]

Zhang, L.; Yu, J.; Gao, Z.; Ni, Q. A Multi-Channel Hybrid Deep Learning Framework for Multi-Sensor Fusion Enabled Human
Activity Recognition. Alexandria Eng. ]. 2024, 91, 472-485. [CrossRef]

Ren, Y.; Zhu, D.; Tong, K; Xv, L.; Wang, Z.; Kang, L.; Chai, ]. PDC HAR: Human Activity Recognition via Multi-Sensor Wearable
Networks Using Two-Channel Convolutional Neural Networks. Pervasive Mob. Comput. 2024, 97, 101868. [CrossRef]

Le, H.T,; Phung, S.L.; Bouzerdoum, A. Human Gait Recognition with Micro-Doppler Radar and Deep Autoencoder. In Proceedings
of the 2018 24th International Conference on Pattern Recognition (ICPR), Beijing, China, 20-24 August 2018; IEEE: Piscataway, NJ,
USA, 2018; pp. 3347-3352.

Jin, X.; Xie, Y.; Wei, X.-S.; Zhao, B.-R.; Chen, Z.-M.; Tan, X. Delving Deep into Spatial Pooling for Squeeze-and-Excitation Networks.
Pattern Recognit. 2022, 121, 108159. [CrossRef]

Huang, W.; Zhang, L.; Gao, W.; Min, F,; He, J. Shallow Convolutional Neural Networks for Human Activity Recognition Using
Wearable Sensors. IEEE Trans. Instrum. Meas. 2021, 70, 2510811. [CrossRef]

Ahmed, A.; Zhang, Y.D. Radar-Based Dataset Development for Human Activity Recognition. In Proceedings of the 2020 IEEE
Signal Processing in Medicine and Biology Symposium (SPMB), Philadelphia, PA, USA, 5 December 2020; IEEE: Piscataway, NJ,
USA, 2020; pp. 1-4.

SDR-KIT 2500B. Available online: http:/ /luswave.com/ (accessed on 10 April 2024).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1109/TAES.2006.1603402
https://doi.org/10.1109/MSP.2018.2890128
https://doi.org/10.1145/3447744
https://doi.org/10.1109/JSEN.2021.3118836
https://doi.org/10.1016/j.aej.2024.01.030
https://doi.org/10.1016/j.pmcj.2023.101868
https://doi.org/10.1016/j.patcog.2021.108159
https://doi.org/10.1109/TIM.2021.3091990
http://luswave.com/

	Introduction 
	Research Methods 
	Dataset 
	Data Preprocessing 
	Model Architecture 
	Performance Evaluation 

	Experimental Results 
	Selection of the RNN Model 
	Evaluating Cross-Channel Computing Layers 
	Evaluating Cross-Channel Operation Parameters 
	Performance Comparison 

	Discussion 
	Conclusions 
	References

