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I I and gesture recognition enables intuitive Human-Computer Interaction (HCI),

NOISIAI

however, traditional camera-based approaches suffer from privacy concerns,

sensitivity to illumination variation, and occlusion. To address these limitations, this
research utilizes a low-cost 24 GHz mmWave FMCW radar (RD-03D) to develop a privacy
preserving and illumination robust recognition framework. The methodology involves
extracting a comprehensive 4D feature set comprising Range, Doppler, Angle (Azimuth), and
Time derived directly from the on-chip Fast Fourier Transform (FFT) processing of the raw
radar signal. A balanced dataset of ten dynamic hand gestures was collected from six subjects,
totaling 14,400 samples, in a standard lab environment. This spatio-temporal data was used to
train a Bidirectional Long Short-Term Memory (BiLSTM) classification model. The trained
model achieved a robust classification accuracy of 98.43% on the unseen validation dataset
with a 95% confidence interval of £0.65%. Detailed statistical reporting reveals a macro
averaged precision of 0.989, recall of 0.991, and an F1 score of 0.990, demonstrating high
discriminative power across all gesture classes. The system is validated for real-time
recognition with a remarkably low inference latency of less than 100 ms, implemented on a
host system utilizing an NVIDIA GeForce GTX 1660 SUPER for efficient processing. The
results establish that the combination of FMCW radar and a specialized deep learning
architecture offers a highly accurate, reliable, and privacy friendly alternative to vision-based
gesture recognition interfaces for interactive HCI applications.
Keywords: mmWave Frequency-Modulated Continuous Wave (FMCW) Radar; Hand
Gesture Recognition; Human-Computer Interaction; 4D Feature Extraction; Bidirectional
Long Short-Term Memory (Bi-LSTM).
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Introduction:

HCI has been significantly advanced by human centric gesture recognition, which has
facilitated seamless device control across smart environments and consumer electronics [1][2].
Traditionally, vision-based systems have served as the primary modality for this domain
however, such systems are characterized by inherent limitations, including privacy risks,
susceptibility to lighting fluctuations, and degradation caused by physical occlusions.
Moreover, the substantial computational overhead for real-time processing has posed a major
challenge. These drawbacks have necessitated the exploration of more robust, privacy
conscious sensing technologies.

To overcome these limitations, researchers have increasingly explored millimeter wave
(mmWave) and FMCW radar as robust, privacy preserving solutions [3]. FMCW radar
operates effectively independent of lighting conditions while capturing rich motion
information through range, Doppler velocity, and angular measurements. Recent studies from
2021 to 2025 have pushed the boundaries of this technology. For instance, [4] utilized 77 GHz
systems for complex 16 gesture sets, while [5] combined 3D CNNs with LSTMs for 24 GHz
applications. More recently, [6] explored PCA combined with CNNs to optimize 76 GHz
radar data. While these works achieve high accuracy, they often rely on expensive high
frequency hardware or high complexity architectures that demand significant local processing
power.

Research Gap:

While advancements in radar based sensing between 2021 and 2025 have significantly
improved gesture recognition accuracy, a distinct gap remains in achieving high generalization
using cost-effective 24 GHz hardware. Most existing high accuracy systems documented in
recent literature utilize 60 GHz or 77 GHz radars, which involve higher hardware costs and
are not always viable for mass market consumer electronics. Furthermore, many current
methodologies require extensive off-chip preprocessing of raw ADC data, which increases
computational overhead and leads to higher latency. Consequently, there is a clear need for a
framework that leverages on-chip signal processing to provide a lightweight yet high
dimensional feature set suitable for real-time deployment on embedded host systems without
sacrificing classification accuracy.

Problem Statement:

The primary problem addressed in this study is the inherent vulnerability of traditional
vision-based HCI to privacy risks and environmental fluctuations [3] Optical sensors typically
used for gesture recognition facilitate facial identification and are prone to failure in low light
conditions or when physical occlusions are present. There is an urgent need for a robust,
privacy preserving, and illumination independent interface that maintains high classification
accuracy without the ethical and operational drawbacks of camera based systems. This
research specifically addresses this problem by developing an alternative sensing framework
that inherently eliminates the risk of visual surveillance while maintaining reliable performance
across diverse lighting and environmental settings.

Objectives of the Study:

The primary objectives of this research are to develop and evaluate a privacy
preserving, illumination robust HGR system using FMCW radar for interactive HCI
applications. Specifically, this study aims to:

Design a hardware interface for the low-cost RD-03D radar module to capture 4D
motion data.

Develop a signal processing pipeline that utilizes on-chip FFT results to minimize host
side computational load.

Construct a comprehensive spatio-temporal dataset to evaluate the model’s
performance across diverse subjects.
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Validate the system’s real-time inference latency to ensure its suitability for fluid HCI.
Novelty and Original Contributions:

The key contributions and novelty of this work are threefold, distinguishing it from general
contributions in the field:

Dataset Diversity: A systematically collected dataset comprising 10 dynamic hand gestures
from six participants (14,400 samples), introducing user diversity for robust training.

On Chip Feature Extraction: A novel signal processing approach leveraging the RD-03D
on-chip FFT processing to explicitly extract a compact 4D feature representation (Range,
Doppler, Angle, and Time).

Efficiency: A lightweight BILSTM classifier achieving high subject independent accuracy and
real-time performance, validated through rigorous comparisons with recent 77 GHz
benchmarks [7].

Paper Organization:

The following structure has been adopted to present the development of a real-time
gesture recognition system utilizing a low-cost and lightweight 24 GHz FMCW radar module.
The remainder of the paper is organized as follows: Section 2.1 describes the experimental
setup and the on-chip signal processing pipeline. Section 2.2 details the 4D feature extraction
and data scaling techniques, while Section 2.3 covers the dataset construction and ethical
considerations. In Section 2.1.3, the overall methodology workflow is presented. Section 2.4
elaborates on the BILSTM architecture and the reproducible training procedure. Section 3
provides a comprehensive analysis of the experimental results, including gesture specific
accuracy and a critical comparison with contemporary 2022-2025 benchmarks. Furthermore,
Section 3.3 discusses the practical, industrial, and societal implications of the research. Section
4 concludes the study, followed by a formal presentation of future research directions in
Section 5: Recommendations.

Materials and Methods:

The methodology is specifically designed to address the primary problem defined in
Section 1.2: the inherent vulnerability of traditional vision-based HCI to privacy risks and
environmental fluctuations. By utilizing a 24 GHz mmWave FMCW radar instead of optical
sensors, the system inherently eliminates the risk of facial identification and operates reliably
in complete darkness or through physical occlusions. This sensing framework directly
addresses the need for a privacy preserving and illumination independent interface, providing
a robust alternative to camera based systems.

FMCW Radar Setup and Investigation Site:

(2) (b)
Figure 1. (a) The 24 GHz RD-03D FMCW Radar Module. (b) TTL Converter used for data
acquisition and interfacing.
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Hardware and Configuration:
The experimental investigation uses the Ai-Thinker RD-03D FMCW radar module for
data acquisition. This mmWave radar operates in the 24 GHz ISM band (24.0-24.25 GHz)
using FMCW technology. The radar integrates an FMCW transceiver chip and processing
electronics capable of detecting multiple targets, tracking motion trajectories, and reporting
real-time distance and speed measurements. This module employs a 1T2R antenna
configuration to facilitate precise angular estimation. This spatial capability is critical for
resolving the environmental fluctuations and spatial ambiguities inherent in complex hand
gestures, such as distinguishing between Swipe Leff and Swipe Right, which exhibit similar radial
velocities but distinct angular trajectories. For interfacing the radar to a host system, a
Transistor Transistor Logic (TTL) to serial level converter is commonly used to match the
UART logic voltage levels of the module and host controller. The radar module and the TTL
converter are physically represented in Figure 1 (a) and (b), respectively.
Table 1. FMCW Radar Configuration Parameters

Parameter Value | Unit
Center Frequency () 24 | GHz
Bandwidth (B) 200 | MHz
Sweep Time (Tiweep) 50 | ms
Sampling Rate (f) 1000 | Hz
Number of Chirps per Frame (Naip) | 64 | NA
Fast Time Samples (Ning) 128 | NA
Slow Time Samples (Npoppler) 64 | NA

The fundamental operation of the FMCW radar is based on the linear frequency
modulation of the transmitted signal or chirp. The target range R is computed using the
relationship between the observed beat frequency f, and the signal parameters as shown in
Equation 1,

¢ Taweep ™ f R=2B (1)

where ¢ represents the speed of light, and Ty denotes the sweep time, which is the
duration of a single frequency modulated chirp. The chirp bandwidth B represents the total
frequency excursion of the transmitted signal. In this context, the product 2 - B in the
denominator accounts for the round trip travel of the signal to the target and back, while the
ratio B/ Tiep defines the slope of the frequency ramp. In our system pipeline, f,is practically
obtained after the transmitted and received signals are mixed in the analog domain. This mixed
signal is sampled by the on-chip Analog to Digital Converter (ADC) and processed via a Range
FFT to identify the frequency peak. By utilizing the RD-03D on-chip processing, this range
calculation is performed internally, allowing the host system to receive the final distance value
without the latency of raw data processing.

A critical performance metric in gesture recognition is the range resolution AR, which
defines the minimum distance required between two objects to be distinguished as separate
targets by the radar. This parameter is inversely proportional to the chirp bandwidth B, as

expressed in Equation 2:
C

2-B (2
where ¢ represents the speed of light (approximately 3X10° m/s), serving as the
constant for electromagnetic wave propagation. In this relationship, a wider bandwidth B
results in a finer (smaller) AR, allowing for more precise spatial separation. Using the
configured bandwidth B = 200 MHz from Table 1, the theoretical range resolution is
calculated as AR = 0.75 m. The physical significance of this metric is vital for gesture
discrimination; it provides the necessary spatial separation to isolate the dynamic hand motion

AR =
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from the stationary torso of the subject. This prevents the larger radar cross section of the
body from masking the subtle micro range signatures of the fingers and palm, which is
essential for the high classification accuracy achieved by the BiLSTM model.

A 7/, : ;

Mﬁ
Figure 2. Image of the experimental setup showing the RD-03D radar mounted on a tripod
facing a subject performing a hand gesture.
Investigation Site and Setup:

Data collection was conducted within a standard laboratory environment, specifically
chosen to simulate typical indoor Human-Computer Interaction (HCI) conditions where
vision-based systems often struggle with inconsistent lighting or occlusions. The physical
experimental setup, as illustrated in Figure 2, features the radar module mounted on a stable
tripod at a height of approximately 1.2 meters. Positioned directly in front of this setup, the
subject occupies the designated hot zone, which ensures the optimal capture of hand motion.
To maintain data integrity, ambient conditions including temperature, pressure, and humidity
were kept stable throughout the session, effectively minimizing environmental noise.
Methodology Workflow and System Integration:

The overall methodology follows a structured, four stage pipeline designed to
transform raw physical hand motions into real-time digital commands. This systematic
workflow, illustrated in Figure 3, ensures a low computational footprint while maximizing

classification accuracy.
Ja (Re-detecting

Badarkan an-chip ApFzaturs BLSTM,
Start GEENEQMIELT
[Data [aDC) Processing Extraction Clazzification

Figure 3. System methodology and workflow diagram.

The system integration operates through the following sequential stages:

Data Acquisition and On-Chip Processing: The process begins with Radar Raw Data
acquisition from the RD-03D mmWave FMCW radar module. The beat signal (Intermediate
Frequency) is extracted by an internal hardware mixer and digitized via an integrated ADC.
The resulting digital data is immediately subjected to On-chip Processing within the radat’s
onboard signal processor, including sequential Range, Doppler, and Angle FFTs. To isolate
target motion, an adaptive clutter suppression algorithm is applied to subtract static DC
components, effectively filtering out zero Doppler reflections from stationary objects like
walls and furniture.

Greaterthan
Threshold?
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Threshold Filtering and 4D Feature Extraction: To maintain high signal integrity, the
processed data is evaluated against a software-based SNR threshold. If the signal intensity is
insufficient, the system enters a Re-detecting phase, effectively filtering out environmental
fluctuations before they reach the classification stage. Once a valid gesture is triggered, 4D
Feature Extraction is performed to capture the peak response coordinates (Range, Doppler,
Angle, and Time). These features are transmitted from the radar module to the host system
via UART serial communication to build the gesture dataset.

BiLSTM Classification: The sequence of 4D features enters the deep learning pipeline for
BiLSTM Classification. This architecture utilizes two Bidirectional LSTM layers (128 and 64
units) to process the gesture evolution through both forward and backward temporal units.
This allows the model to learn complex dependencies in the hand’s volumetric trajectory. The
data passes through dropout layers for regularization and dense layers with ReLU activation
for feature refinement.

Inference and Gesture Output: The final layer utilizes a Softmax function to calculate class
probabilities and generate the Gesture Output. This output is mapped to specific digital
commands, enabling real-time, touchless control within the HCI interface.

Signal Processing Pipeline and Feature Extraction:

The raw data from the FMCW radar is the Intermediate Frequency (IF) or beat signal,
which represents the frequency difference between the transmitted and received chirps. In
traditional radar systems, this signal typically undergoes extensive external processing.
However, our approach leverages the 24 GHz FMCW Radar module, which incorporates an
integrated signal processing pipeline [8][9]. This embedded processing capability transforms
the raw frequency signals into a partially processed feature set directly on the chip, significantly
reducing the computational load on the external microcontroller. The conceptual diagram of
this pipeline is illustrated in Figure 4.

Feature Extraction
. _ GUI Interface
Radar Signal Processing Visualization & Pre-processing
Hand Gesture N
Performing e Range FFT
UART 4D Feature Vector
i T Clutt — Range, Doppler, Azimuth, Time
! F 3 Etraction == Doppler FFT Removal —> == Protocol — =
Serial
— Communication
i J— Spectral Maps
RX |
Range-Doppler, Range-Angle
Classification
Trained Model Si'g‘ft&l,}?ﬁff) < Temporal Context BILSTM Network ! CSV 4D
Gesture Classifier ——  qsifies Gestures Based Sequential Patterns JEvevcd Analymis feature set Datazet
(Optimized Weights) on Learned Features kward Analysis Formatted Dataset

Real-Time System
Integration
Live Gesture Control
Implementation

Figure 4. Conceptual Diagram of the FMCW Radar Signal Processing Pipeline.
On-Chip Generation of Processed Maps:
The radar module is configured to execute the fundamental FFT operations internally on the
raw frequency signal:
Range-FFT (Fast Time FFT): An initial 1D FFT is applied along the fast-time axis (samples
within a single chirp). This operation separates the received signal based on the distance (range)
of the targets, generating the Range Profile and the time-sequence of these profiles forms the
Range-Time Map (RTM).
Doppler-FFT (Slow Time FFT): A second 1D FFT is applied along the slow-time axis
(chirps within a frame) at each range bin. This process extracts the radial velocity (Doppler)
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information for each target range, resulting in the Range-Doppler Map (RDM), and the time-
sequence of the Doppler information forms the Doppler-Time Map (DTM).

Angle-FFT (Azimuth FFT): A final 1D FFT is performed on the data across the multiple
receiving antennas. This step estimates the Azimuth Angle of the targets, which is used to
derive the RangeAngle Map (RAM) and the time-sequence of these maps forms the Angle-
Time Map (ATM).

4D Feature Extraction:

The processed radar data, which has been transformed by the on-chip FFT operations,
is then transmitted externally via the UART protocol using a Transistor Transistor Logic
(TTL) converter. By leveraging the RD-03D’s integrated processing for these high density
calculations, we significantly reduce the host side computational load, directly aligning the
methodology with our problem statement of creating a lightweight, real-time gesture
recognition system that avoids the substantial overhead of vision-based alternatives. This
approach ensures smooth transmission of the radar processed information to the host
microcontroller without the latency typically associated with raw data streaming, thereby
maintaining high classification accuracy on embedded platforms.

The signal processing culminates in the extraction of a comprehensive 4D feature set
comprising Range, Doppler, Angle (Azimuth), and Time directly from the processed radar
cube. Such multi-dimensional feature representations are vital for capturing rich gesture
dynamics while operating as a privacy preserving and illumination independent interface [10].
By utilizing these non-visual spatial signatures, the framework effectively eliminates the risk of
facial identification and visual surveillance, directly solving the primary limitations of
traditional optical sensors. This structured dataset is provided in a CSV file format and used
to generate the RDM, RAM, RTM, and ATM in a custom MATLAB interface. These same
features form the input basis for training the BILSTM model, which, once deployed, completes
the stable, illumination resilient live gesture control embedded system.

Data Preprocessing and Scaling:

Before the feature sequences were fed into the neural network, a rigorous
preprocessing pipeline was implemented to ensure numerical stability and model convergence.
The raw 4D feature set, consisting of Range (m), Doppler (m/s), and Angle (deg), was
subjected to the following steps:

Noise Filtering: To ensure high data quality, a threshold-based filtering approach was applied
to the digital signal. This involved discarding low intensity reflections that fell below a specific
signal to noise ratio (SNR) threshold, effectively eliminating ghost targets and residual
background noise not fully removed by the on-chip adaptive clutter suppression.

Temporal Alignment: To handle the variable duration of human gestures, a fixed sequence
length of 44 time steps was established. Sequences exceeding this limit were truncated, while
shorter sequences were zero padded to maintain a uniform input shape of (44 X 3).

Feature Scaling: To prevent features with larger numerical ranges, such as Azimuth angle,
from dominating the gradient updates, StandardScaler (Z score normalization) was applied.
The features were flattened, normalized to a2 mean of zero and a standard deviation of one,
and then reshaped for sequential processing.

Data Leakage Prevention: In strict adherence to robust machine learning practices, the
scaling parameters were derived exclusively from the training set and subsequently applied to
the validation and test sets to maintain experimental integrity.

Dataset Description:

Hand Gestures and Subjects:

The dataset consists of 14,400 samples representing ten common hand gestures for
HCI applications, with 240 samples per gesture performed by each of the six subjects. The
specific dynamic gestures defined for our classification model are: Left-right, Right-left, Push, Pull,

Special Issue Page | 534



OPEN (") ACCESS . . . .
International Journal of Innovations in Science & Technology

Pull-Push, Push-Pull, Swipe 1eft, Swipe Right, Push-Left, and Push-Right. Visual representations of
these gestures are illustrated in Figure 5. To introduce variability in hand dimensions and
execution speeds, data were collected from six healthy subjects [11][12]. This balanced
distribution across all participants ensures a robust dataset for model training.

Ethical Considerations and Subject Consent:

All data collection procedures were conducted in accordance with established ethical
standards for human centric research. Informed written consent was obtained from all six
participants prior to their involvement in the study. Specifically, the individuals whose
likenesses appear in the experimental setup and gesture illustrations (Figure 2 and Figure 5)
provided explicit written consent for the publication of their identifiable images in this
manuscript. Participants were thoroughly briefed on the research objectives and the non-
invasive nature of the 24 GHz mmWave FMCW radar technology, ensuring full awareness of
the privacy-preserving characteristics of the sensing framework.

Data Collection Conditions:

All gestures were performed at a distance of 0.5 to 1.0 meters from the RD-03D radar
module. The time duration for each gesture sample has been standardized to approximately 2
seconds. This time constraint ensures that the micro-Doppler and spatial signatures [13],
which are the subtle differences in the motion profile of each gesture, are effectively captured
within the sequence of recorded frames.

¢ ﬁ 9
wd 4 M

Angle-Time Map Angle -Time Map Range-Time Map Range-Time Map

i 'll -| .l

7 3 L8
i e X

Range-Angle Map ~ Range-Angle Map
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® ® ) ©)
Figure 5. RAM, RTM, and ATM for a subset of the ten distinct hand gestures (a) Left—right
(L-R). (b)
Right—left (R-L). (c) Push (PS). (d) Pull (PL). (¢) Pull-Push (PL-PS). (f) Push-Pull (PS-PL). (g)
Swipe Left (SL). (h) Swipe Right (SR). (i) Push-Left (PS-L). (j) Push-Right (PS-R).
Data Visualization and Input Generation:

The extracted 4D feature set (Range, Doppler, Angle (Azimuth), and Time) is used to
generate visual representations in the MATLAB interface. The plots, including the RTM,
ATM, and RAM, serve as visual validation, confirming that the radar sensing effectively
captures the distinct micro-Doppler, micro-Range, micro-Angle, and spatial signatures unique
to each hand motion [12]. The illustration of sample visualization of RAM, RTM, and ATM
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for a subset of the ten distinct gestures are shown in Figure 5. In these visualizations, the RTM
and ATM represent the temporal evolution of target reflections, where the y axis denotes the
radial distance (Range) or Azimuth angle respectively against the x axis representing the Time
duration of the gesture. The RAM characterizes the spatial distribution of the gesture within
a 2D plane, mapping the Range on the y axis against the Azimuth angle on the x axis to provide
a localized spatial signature. For the BILSTM training, the final input is formulated as a spatio
temporal sequence derived from the 4D feature set, where the temporal dependencies between
successive radar frames are crucial for classifying the dynamic gestures [8].

Model Architecture for Classification:

Bidirectional Long Short-Term Memory (BiLSTM) Classifier:

A Bi-LSTM network has been selected for the gesture classification. This architecture
is particularly well-suited for processing sequential data, as it can effectively capture the long-
range temporal dependencies inherent in the time-varying radar features of dynamic hand
gestures [9]. The input to the Bi-LSTM is

BiLSTM Layer
Dropout
Input Layer Forward Analysis of Gesture Data Pattern Layer
4d feature inputs » Overfitting
(Range,Doppler, Prevention
Angle, Time) Backward Analysis of Gesture Data Pattern during model
training
“ N
Dense Layers
Output Flattening Layer
Layer Layer 2 Layer 1
with Softmax (ReLU) (ReL0) Conversion of BiLSTM Output
€ 5 .
Activation ctivation activation sequence into a single vector
o function function
\ 4
Figure 6. Diagram of the Proposed Bi-LSTM Architecture for 4D Radar Gesture
Classification.

the processed 4D feature set (Range, Doppler, Angle (Azimuth), and Time), which is treated
as a spatiotemporal sequence. The model is designed to process the feature sequence in both
forward and backward directions, providing a comprehensive understanding of the gesture’s
evolution over time. The proposed network, schematically represented in Figure 6, consists of
the following key layers:

Input Layer: Accepts the 4D feature sequence, where each time step is a vector of Range,
Doppler, and Angle features.

Bi-LSTM Layer: The core of the model. It processes the input sequence bidirectionally,
comprising both a forward and a backward LSTM layer. This layer is responsible for learning
complex temporal patterns and context from the gesture’s motion profile.

Dropout Layer: Applied after the Bi-LSTM to prevent overfitting by randomly setting a
fraction of input units to zero during training.

Flattening Layer: Converts the output sequences from the Bi-LSTM into a single feature
vectof.

Dense Layers: Two fully connected layers followed by a Rectified Linear Unit (ReLLU)
activation function, which perform high-level feature integration and reasoning.

Output Layer: A final dense layer with a Softmax activation function to output the probability
distribution over the ten defined gesture classes.
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The model has been implemented using the TensorFlow framework and trained using the
Adam optimizer with a categorical cross-entropy loss function.
Training Procedure and Hyperparameters:

To ensure the reproducibility of the results, the BILSTM model was trained using a
highly optimized configuration. The training was performed on an NVIDIA GeForce GTX
1660 SUPER GPU over a maximum of 100 epochs with a batch size of 32. The specific
hyperparameters, architectural dimensions, and computational requirements are detailed as
follows:

Network Depth: The model utilizes two Bidirectional LSTM layers with 128 and 64 units
respectively, followed by a Dense layer of 64 units. A dropout rate of 0.3 was integrated to
enhance regularization and prevent overfitting.

Optimization Strategy: The Adam optimizer was employed with an initial learning rate of
0.001. To fine tune the convergence, a Learning Rate Scheduler was implemented, reducing
the learning rate by a factor of 0.5 if the validation loss failed to improve for 5 consecutive
epochs.

Computational Efficiency: The training process exhibited high efficiency, with an average
duration of 14 seconds per epoch. The total training time reached completion in approximately
18 minutes, including early stopping triggers. This rapid convergence validates the lightweight
nature of the 4D feature set and its suitability for real-time embedded applications.
Convergence Control: Early Stopping was utilized with a patience of 12 epochs, ensuring
the training terminated at the point of optimal generalization. The loss was calculated using
the Sparse Categorical Cross entropy function, and a random seed of 42 was set to ensure
consistent results across different training runs.

Training and Evaluation:

To ensure a robust evaluation, the 14,400-sample dataset was strictly partitioned. The
data was split into a 70% Training Set (10,080 samples), a 20% Validation Set (2,880 samples)
for parameter tuning and monitoring convergence, and a 10% Test Set (1,440 samples) of
completely unseen data for final performance reporting. This stratified partitioning ensures
that the model is trained on a diverse set of samples and evaluated on completely unseen data.
Evaluation of the model’s generalization capability is ensured through the utilization of a
separate, unseen validation set, which provides a reliable measure of accuracy for realtime
inputs. Furthermore, the model’s complexity has been optimized for low-latency inference, a
critical requirement for integration into a live gesture control embedded system.

Results and Discussion:
Model Accuracy Over Epochs Model Loss Over Epochs

1.00 = Training Loss

12 = Validation Loss

0.95

o
o
S

Accuracy

o
o
&

0.80

0.75 —— Training Accuracy
=~ Validation Accuracy 0.0

0 5 10 15 20 25 0 5 10 15 20 25
Epoch Epoch

Figure 7. Bi-LSTM Model Training and Validation Performance (Accuracy and Loss over
Epochs).
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Performance Evaluation and Classification Results:

The BiLSTM model was evaluated using a dedicated 20% validation set (2,880
samples). This evaluation serves to validate our objective of developing a robust classification
framework capable of generalized performance across diverse subjects.

Overall Accuracy and Feature Effectiveness:

The training and validation performance of the Bi-LSTM model over 28 epochs is
shown in Figure 7. The training accuracy converges rapidly, reaching a maximum of 99.85%,
while the validation accuracy closely follows and stabilizes above 98% within the first 10
epochs. This outcome directly fulfills our second objective: leveraging on-chip FFT processing
to extract a 4D feature set that maintains high discriminative power while reducing
computational load. The loss curves exhibit a steep initial decline, with training and validation
losses remaining low and well aligned throughout training. The small gap between the final
training accuracy (99.85%) and validation accuracy indicates negligible overfitting and strong
generalization capability.

The trained Bi-LSTM model achieves an overall validation accuracy of 98.43% on
unseen data. This performance demonstrates the effectiveness of spatio-temporal feature
sequences extracted from on-chip processed radar data and confirms that the combined
Range, Doppler, and Azimuth features across time provide a robust and low-noise
representation for gesture classification [14].

Gesture-Specific Accuracy and Confusion Matrix:

To provide a detailed assessment of the model performance for each gesture, the
confusion matrix is presented in Figure 8. The matrix provides granular evidence of the robust
discriminative capability of the BiLSTM model, revealing near perfect classification across all
ten classes. The diagonal values remain near 100% for all classes, indicating that the 4D feature
set provides a highly separable spatio-temporal representation, effectively resolved by the
bidirectional processing. The negligible off diagonal elements demonstrate that the system is
resistant to inter class confusion, a critical requirement for practical deployment in dynamic
HCI environments. This model performance registers an average classification accuracy of

98.43% on the unseen validation dataset.
Average Test Accuracy: 98.43%

SL m 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

L-R 23 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

PL 0.0 0.0 2.5 0.0 0.0 0.0 0.0 0.0 0.0

PL-PS 0.0 0.0 0.0 2.3 0.0 0.0 0.0 0.0 0.0

PS 00 00 00 00 00 00 00 00 0.0

o
=
=
PSL 00 00 00 00 00 00 00 00 00
PSPL 00 00 00 00 00 00 00 00 00
PS-R 00 00 00 00 23 00 23 0.0
SR 00 00 00 00 00 00 00 00
RL 00 00 20 00 00 00 00 00 20
SL LR PL PLPS PS PSL PS-PL PSR SR RL
Predicted
Figure 8. Confusion Matrix of the BiLSTM Classifier on the unseen validation dataset (10
gestures).
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The individual classification metrics for each gesture class, including precision, recall,
and F1 score, are summarized in Table 2. These metrics provide a quantitative validation of
the model performance; the scores are consistently high (above 0.97 for all classes), confirming
the model’s strong generalization and minimal ambiguity, even when differentiating between
gestures that exhibit overlapping spatio-temporal characteristics. The high precision and recall
values across all ten classes demonstrate that the 4D feature set effectively preserves the unique
micro Doppler and spatial signatures required for reliable gesture discrimination. This is
particularly evident in the successful classification of gestures sharing similar initial motion
phases, such as the axial motion in Push and the compound trajectory of Push Right, as
illustrated in Figures 5(c) and 5(j) respectively. Overall, the model achieves a robust
classification accuracy of 98.43% with a 95% confidence interval of *£0.65%. Detailed
statistical reporting across the test set reveals a macro averaged precision of 0.989, a recall of
0.991, and an F1 score of 0.990.

Table 2. Classification Metrics for Individual Hand Gestures (Test Set

Gesture Class | Precision | Recall | F1-Score | Support
Left-right 1.00 0.98 0.99 45
Right-left 1.00 0.98 0.99 49
Push 0.98 0.98 0.98 46
Pull 0.97 0.97 0.97 40
Pull-Push 0.98 1.00 0.99 43
Push-Pull 1.00 1.00 1.00 49
Swipe Left 0.98 1.00 0.99 45
Swipe Right 1.00 1.00 1.00 46
Push-Left 0.98 1.00 0.99 40
Push-Right 1.00 0.98 0.99 43

Discussion:

The high performance achieved with the Bi-LSTM model strongly validates the
feasibility of using low-cost, 24 GHz FMCW radar for robust HGR [15][16]. The system’s
primary advantages and inherent limitations are summarized in Table 3, followed by a
discussion of ground validation.

Real-Time Validation and Objective Fulfillment:
Table 3. Summary of System Advantages and Limitations

Category Advantage Limitation

Sensing Environmentally Robust (Unaffected | Limited — Effective = Detection
by light or dust); Privacy-Preserving | Range (typically 1-2 meters)

Processing | Low  Computational ~ Overhead | Difficulty in processing
(Onchip FFT); Efficient 4D Data | consecutive or  simultaneous
Transfer complex gestures

Model Superior Dynamic Feature Capture | Requires Extensive Dataset for
using Bi-LSTM for micro-Doppler | Generalization ~ Across ~ Vast
signatures Subject Diversity

The final objective of this study was to validate the system for real-time HCI
applications. Ground validation, conducted by deploying the trained BiLSTM model within
the embedded host system, confirmed a remarkably low latency of less than 100 ms. This
latency satisfies the requirements for fluid HCI, proving that the on-chip processing pipeline
successfully offloads heavy calculations from the host controller to meet real-world
performance needs. The successful achievement of sub 100 ms latency directly fulfills our
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objective of creating a high performance, lightweight system suitable for embedded
deployment without the need for high end external processing hardware.
Advantages:

As detailed in Table 3, the system’s key strengths lie in its environmental robustness
and privacy preservation, addressing fundamental flaws of traditional vision-based systems.
Furthermore, the implementation leverages the low computational overhead provided by the
RD-03D’s on-chip FFT processing, which generates the robust 4D feature set. The Bi-LSTM
model is specifically optimized to exploit the dynamic micro-Range and micro-Angle
signatures encoded in this feature set, resulting in superior performance for time-varying
gestures.

Limitations:

The specific constraints and operational boundaries of the system, as detailed in Table
3, provide clear directions for future work. The FMCW approach requires a clear line-of-sight
for optimal interaction and also suffers from a limited effective detection range (typically 1-2
meters). A critical challenge for realworld deployment is handling multi-user interference
(clutter), which necessitates investigating advanced interference mitigation techniques.
Furthermore, the system faces challenges in processing consecutive or simultaneous complex
gestures. Lastly, the inherent data annotation complexity for ground truth timing and the need
for a more diverse dataset are crucial areas for methodological improvement. [17].

Ground Validation and Comparison:

Ground validation was conducted by deploying the trained BiLSTM model within the
embedded host system. The system consistently classified new, unrecorded gestures with a
remarkably low latency of less than 100 ms, confirming its practical applicability for real-time
interactive HCI. To strengthen result credibility and ensure the model generalization was not
biased by the specific data split, a 5 fold cross-validation was performed. This statistical
validation yielded a mean cross-validation accuracy of 98.15% with a standard deviation of
1+0.32%, confirming the high reliability and stability of the 4D feature set across different
subsets of the 14,400 sample dataset.

A detailed comparative assessment of recent radar based gesture recognition research
spanning the years 2022 to 2025 is systematically documented in Table 4. Our proposed
system, utilizing a 24 GHz FMCW radar and a BiLSTM architecture, achieved a training
accuracy of 99.85% and a validation accuracy of 98.43% across ten dynamic gestures.

Table 4. Comparison of recent radar based gesture recognition studies (2022—2025).

Reference Radar Modality Architecture Gestures | Training | Validation
Accuracy | Accuracy

(4] 77 GHz FMCW | 3D FFT + CNN 16 99.53% 97.22%

[5] 24 GHz FMCW | 3D CNN + LSTM 12 97.9% 95.9%

[7] 77 GHz FMCW 2D CNN GRU 10 97.33% 92.50%

[6] 76 GHz FMCW PCA + CNN 9 99.83% 99.5%

(8] 60 GHz FMCW CNN + LSTM 11 98% 93.87%

Proposed Work | 24 GHz FMCW BiLSTM 10 99.85% 98.43%

A critical comparison with state-of-the-art methods reveals distinct trade-offs. While
[6] achieved a slightly higher validation accuracy of 99.5%, that study utilized a 76 GHz radar,
which involves higher hardware costs and more complex signal processing requirements
compared to our 24 GHz solution. Conversely,[5] who also utilized 24 GHz hardware,
achieved 95.9% accuracy using a 3D CNN and LSTM hybrid. Our BiLSTM approach
demonstrates superior performance (98.43%) by specifically leveraging bidirectional temporal
dependencies, which more effectively resolve the spatial ambiguities in complex gestures like
Push Pull and Swipe Leff. Furthermore, our system maintains a significantly narrower gap
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between training and validation accuracy compared to [8],indicating superior resistance to
overfitting and better generalization for real-time HCI. These results affirm that the integration
of 4D feature extraction with bidirectional sequential modeling provides an optimized, high
accuracy solution for cost-effective interactive interfaces.

Implications of the Study:

The high performance and low latency of the 24 GHz BiLSTM framework carry
significant implications across practical, industrial, and societal domains, establishing a
roadmap for the next generation of contactless interfaces.

Practical and Industrial Implications:

From an industrial perspective, the utilization of low-cost 24 GHz hardware (RD-
03D) combined with onchip FFT processing offers a highly scalable solution for mass market
consumer electronics. Unlike 77 GHz systems which require specialized high frequency
components, our 24 GHz approach can be integrated into existing smart home ecosystems
such as kitchen appliances, lighting controllers, and HVAC systems with minimal hardware
overhead [18]. Practically, the sub 100 ms latency ensures that the system is ready for ”zero
lag” industrial control applications, where operators in sterile or hazardous environments can
control machinery via gestures without physical contact [19][20].

Societal and Ethical Implications:

The most profound societal implication of this research is the enhancement of digital
privacy. By providing a high accuracy alternative to camera based systems, this technology
enables gesture control in sensitive private spaces, such as bedrooms or hospital wards,
without the ethical concerns of visual surveillance [21]. Furthermore, the system’s immunity
to lighting conditions promotes inclusivity for users in diverse environmental settings,
ensuring that gesture based HCI remains accessible regardless of the time of day or the
presence of visual obstructions like smoke or dust.

Conclusion:

This research successfully developed and validated a robust, real-time hand gesture
recognition system for HCI utilizing a 24 GHz FMCW radar module (RD-03D). By leveraging
the embedded signal processing capabilities of the radar, we effectively extracted a
comprehensive 4D feature set (Range, Doppler, Angle (Azimuth), and Time) which captures
the distinct spatio-temporal dynamics of hand movements. The subsequent training of a Bi-
LSTM network on our 14,400-sample dataset achieved training accuracy of 99.85% and
exceptionally high validation accuracy of 98.43% on unseen dataset across ten common
gestures. This performance level confirms the superiority of FMCW radar over traditional
vision-based systems in terms of privacy and robustness to environmental factors like lighting
and occlusion. The successful implementation in a real-time embedded system demonstrates
the high potential of this methodology as a viable, low-latency interface for next-generation
interactive applications.

Recommendations:

Based on the experimental findings and the identified constraints of the 24 GHz
FMCW framework, the following structured recommendations are proposed for future
research to extend the system’s capabilities:

Multi User Scenario Implementation:

Future work should focus on developing advanced signal processing and classification
techniques to effectively isolate and classify gestures in environments with high user density
[22]. Research into digital beamforming or subspace based interference cancellation could
mitigate the effects of motion clutter, allowing the system to distinguish between the primary
user and background subjects in crowded HCI environments.
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Gesture Vocabulary Expansion:
Expanding the recognized gesture set to include more complex, three dimensional, or
micro gestures would further enhance the expressiveness of the interface [23]. Investigating
the distinctive micro Doppler signatures of individual finger movements could enable more
granular control for applications requiring high precision, such as virtual reality (VR) or

medical instrumentation [24].

Enhancing Feature Dimensionality:

The utility of a 5D feature set, incorporating Elevation Angle alongside Range,
Doppler, Azimuth, and Time, should be investigated. This would allow the framework to
capture the full volumetric motion of the hand, potentially improving classification accuracy
and generalization for complex gestures that involve vertical spatial components.

Hardware Optimization and Edge Deployment:

A critical recommendation is the design of a standalone embedded gesture recognition
device where the trained BILSTM model is integrated directly onto specialized hardware, such
as an FPGA or a dedicated edge Al accelerator [25][26]. This would facilitate low power, high
efficiency inference, enabling the widespread commercial deployment of this radar based
technology in battery operated wearable devices and portable electronics.
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