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Abstract 
With technology advances and human requirements increasing, human- 
computer interaction plays an important role in our daily lives. Among these 
interactions, gesture-based recognition offers a natural and intuitive user ex-
perience that does not require physical contact and is becoming increasingly 
prevalent across various fields. Gesture recognition systems based on Fre-
quency Modulated Continuous Wave (FMCW) millimeter-wave radar are 
receiving widespread attention due to their ability to operate without weara-
ble sensors, their robustness to environmental factors, and the excellent pe-
netrative ability of radar signals. This paper first reviews the current main 
gesture recognition applications. Subsequently, we introduce the system of 
gesture recognition based on FMCW radar and provide a general framework 
for gesture recognition, including gesture data acquisition, data preprocess-
ing, and classification methods. We then discuss typical applications of ges-
ture recognition systems and summarize the performance of these systems in 
terms of experimental environment, signal acquisition, signal processing, and 
classification methods. Specifically, we focus our study on four typical gesture 
recognition systems, including air-writing recognition, gesture command rec-
ognition, sign language recognition, and text input recognition. Finally, this 
paper addresses the challenges and unresolved problems in FMCW radar- 
based gesture recognition and provides insights into potential future research 
directions. 
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1. Introduction 

In recent years, rapid advancements in wireless communication and artificial 
intelligence have made human-computer interaction (HCI) an indispensable 
technology in our daily lives [1]. Gesture recognition technology, as an impor-
tant part of HCI, has seen rapid development in numerous fields and has be-
come a hot research topic. Currently, based on the signals used, gesture recogni-
tion systems can be mainly categorized into: systems based on wearable sensors, 
computer vision-based systems, WIFI-based systems, and systems based on FMCW 
radar. 

Wearable Sensor-Based Gesture Recognition Systems: These systems require 
users to wear data gloves connected to a computer, using sensors such as accele-
rometers and gyroscopes [2], to capture rich hand movement information. Liang 
and others developed a gesture recognition system using data gloves to assist 
people with hearing impairments or speech disabilities [3]. Kanokoda et al. [4] 
acquired gesture data through data gloves and used artificial neural networks for 
real-time gesture prediction. In 2017, Andrews et al. proposed a gesture recogni-
tion method based on data gloves and burst detection [5] for clinical emergency 
communication between patients and doctors. However, wearable devices are 
prone to damage, functionally limited, expensive, and require long-term wear, 
which are greatly inconveniences to users. 

Computer Vision-Based Gesture Recognition Systems: These systems use com-
puter imaging devices (such as cameras) to collect images, and then extract hand 
features from the collected video images. In 2018, MR Islam and others [6] col-
lected gesture video frames using a single camera and used Deep Convolutional 
Neural Networks (DCNN) and multi-class Support Vector Machines (SVMs) to 
extract and recognize gesture features for 26 alphabetic signs. G. Plouffe and 
others [7] and Y. Li and others [8] used Microsoft Kinect sensors to acquire 
RGB-Depth (RGB-D) data for the classification and recognition of gestures. 
Plouffe et al. [7] employed Dynamic Time Warping (DTW) to recognize 55 stat-
ic and dynamic gestures, achieving a recognition rate of 92.4%. Similarly, in [8], 
the authors fed RGB-D data into a C3D model to extract spatiotemporal features 
and utilized a Support Vector Machine classifier to output the final classification 
results. However, computer vision-based gesture recognition methods are sus-
ceptible to the effects of lighting and visual blind spots, and they are not condu-
cive to protecting user privacy. 

WiFi-Based Gesture Recognition Systems: These systems use WiFi signals to 
implement recognition of human activities [9] and gestures [10] among other 
applications. In 2013, Pu et al. designed an innovative gesture recognition sys-
tem, WiSee [11], which operates by calculating the Doppler frequency shifts of 
WiFi signals to perceive and identify human gestures within a domestic setting. 
Wang and colleagues employed WiFi Channel State Information (CSI) to detect 
gesture-induced targets within a specified area, proposing WiDG [10], a de-
vice-free gesture recognition system based on CSI and deep learning. In this sys-
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tem, the authors demonstrate the ability to classify digits 0 - 9 by analyzing the 
variations in CSI signals caused by different hand motions. The system achieves 
impressive recognition accuracies of 97.2% in through-wall scenarios and 95.3% 
in without-wall scenarios, respectively. However, the detection range of WiFi- 
based gesture recognition methods is somewhat limited, restricting their wide-
spread application. 

Gesture Recognition Systems Based on Frequency-Modulated Continuous 
Wave (FMCW) Radar: These systems employ radar technology to collect gesture 
signals, which are subsequently processed using signal processing techniques. 
The gesture information is finally classified and recognized through the applica-
tion of machine learning or deep learning methodologies. In their 2019 study, 
Choi et al. [12] used Google’s 60 GHz FMCW radar, known as Soli, to collect 
gesture data. They successfully identified ten different gestures using a Long 
Short-Term Memory (LSTM) network, achieving a remarkable accuracy rate of 
99.10%. Furthermore, the system demonstrated the capability to recognize the 
gestures of new participants with an accuracy of 98.48%. In 2021, a study [13] 
introduced a gesture recognition approach using a Reusable LSTM (RLSTM) 
network that is based on the trajectory of range-Doppler-angle and employs a 77 
GHz FMCW Multiple-Input Multiple-Output (MIMO) radar. This method 
achieved an average precision of 99%. The advantage of FMCW radar is that it 
operates effectively irrespective of line-of-sight, lighting conditions, and adverse 
weather scenarios such as rain, snow, or smog. These systems work under a non- 
contact detection pattern, thus not only enhancing user experience but also sig-
nificantly protecting user privacy. 

To sum up, the gesture recognition system based on FMCW radar shows ob-
vious advantages in many aspects. Compared to wearable sensors, FMCW radar 
does not require the user to wear a device, improving the user experience. In 
contrast to computer vision, FMCW radar is not affected by lights, line of sight, 
and bad weather. Compared to Wifi-based systems, FMCW radar’s detection 
range is more flexible and adaptable. Therefore, gesture recognition systems 
based on FMCW radar perform well in terms of performance, applicability, and 
user experience and protect user privacy, and have important potential for de-
velopment in the field of intelligent technology and human-computer interac-
tion. 

Despite these systems achieving impressive gesture recognition performance, 
comprehensive reviews on gesture recognition utilizing millimeter-wave radar 
are still scarce. While some reviews [14] exist, their analytical perspective differs 
from that of this paper. This paper investigates the latest applications, presents 
the typical system architecture, provides the signal flows and analyzes innovative 
applications. Besides, this paper also first proposes application category methods 
from four different aspects, provides a detailed analysis, and offers some insights 
for future developments in the field. 

This paper is composed of five sections. Section 1: The development and ap-
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plication of gesture recognition technology based on different systems are de-
scribed, with emphasis on the advantages of the system based on FMCW radar. 
Section 2: The overall framework and process of the system are described in de-
tail, including gesture data acquisition, data preparation, classification algo-
rithm, and gesture recognition. Section 3: Four typical gesture recognition ap-
plication systems based on FMCW radar are introduced, including air writing, 
gesture command recognition, sign language recognition, and text input, and 
their performance is analyzed and summarized. Section 4: The limitations and 
future research directions of FMCW radar gesture recognition are pointed out. 
Section 5: The conclusion is presented. 

2. The Structure of a Frequency-Modulated  
Continuous-Wave Radar Gesture Recognition System 

The basic principle of gesture recognition based on FMCW radar is that the ra-
dar generates a linear frequency-modulated pulse through the radio frequency 
module [15]. When the transmitted signal encounters obstacles (such as hands, 
walls, etc.), it is reflected, and the receiver (RX) captures the echo signal. The 
mixer combines the transmitted and received signals, producing an intermediate 
frequency (IF) signal that contains the target information at a lower frequency. 
This IF signal can then be analyzed and processed using either dedicated digital 
processing circuitry integrated into the radar chip, or by feeding the signal to a 
PC running specialized software for more advanced signal processing and analy-
sis tasks. 

By setting the register parameters of the millimeter wave radar chip, the pa-
rameters of the FMCW transmission signal can be configured. The general 
framework of gesture recognition based on FMCW radar mainly includes four 
key stages, as shown in Figure 1. 

 

 

Figure 1. The architect of hand recognition of using FMCW. 
 
1) Gesture Data Acquisition: In this stage, the FMCW radar system is used to 

collect raw data from hand gestures. The radar transmits frequency-modulated 
continuous waves and receives the reflected signals from the moving hand. 

2) Data Preparation: The acquired raw data is preprocessed to remove noise, 
clutter, and other unwanted components. This stage may involve techniques 
such as filtering, signal transformation, and feature extraction to obtain a clean 
and informative representation of the gesture data. 

3) Classification Algorithm: The preprocessed gesture data is fed into a classi-
fication algorithm, which is trained to recognize and differentiate between dif-
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ferent types of gestures. Various machine learning algorithms can be employed 
for this purpose. 

4) Gesture Recognition: Finally, the trained classification algorithm is used to 
recognize and classify new, unseen gesture data. The output of this stage is the 
predicted gesture label or class, which can be used to trigger corresponding ac-
tions or commands in the target application. 

These four stages form the general framework for gesture recognition using 
FMCW radar technology, enabling the development of intuitive and contactless 
human-machine interaction systems. 

2.1. Gesture Data Acquisition 

In gesture recognition based on FMCW radar, experiments are usually done in a 
laboratory setting. Participants wave their hands or arms to make specific ges-
tures in the area covered by radar signals to obtain radar echo signals and com-
plete the collection of gesture data. Some typical systems for collecting data 
usually include types of gestures, feature information, data shape, and the num-
ber of samples, as shown in Table 1. 

2.2. Signal Preparation 

After collecting the echo signals, it’s necessary to preprocess the received signals, 
which include useful FMCW radar gesture signals, to remove noise from the en-
vironment and hardware, thereby improving the accuracy of gesture recogni-
tion. Data preprocessing can use two-dimensional Fast Fourier Transform 
 

Table 1. The typical data collection applications. 

Paper Gesture type Feature Data shape 
Sample 
number 

Wang [16] 
Clockwise rotation, counterclockwise rotation, 
palm moving up and down, sliding left, sliding 

right 
distance, speed, phase 100*3 1500 

Zhang [17] 
Sliding left, sliding right, pulling, pushing, 
knocking, waving, swinging up and down,  

patting 
spatiotemporal features 

8 sub-spectrograms, 
64*64*8 

3200 

Li [18] 
Sliding left and right, waving, and other 5 types 

of gestures 
distance, Doppler, angle --- 3500 

Zheng [13] 
Sliding left, sliding right, moving up and down, 
clockwise rotation, and other 5 types of gestures 

Distance, 
Doppler-angle, trajectory 

32*32 4500 

Wang [19] 
Pushing, pulling, clockwise rotation, 

counterclockwise rotation, and other 6 types  
of gestures; distance and speed 

RT and DT sequences 256*8192 4000 

Zhang [20] 
Sliding left and right, pushing, pulling, tapping, 

and other 4 types of gestures 
Distance, speed 256*256 3200 
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(2D-FFT) and MUlti-Signal Classification (MUSIC) algorithms to remove inter-
ference information and extract gesture features to the maximum extent to ob-
tain the distance, speed, angle, and other features of target gestures. 

1) 2D-FFT: 
2D-FFT is a common preprocessing step in radar signal processing for gesture 

recognition. It transforms signals from the time domain to the frequency do-
main to extract frequency domain features of the signal. Usually, the interme-
diate frequency (IF) signals undergo processing via 2D-FFT. Leveraging the con-
nection between distance, speed, and the frequency of the IF signal, a Range- 
Doppler Map (RDM) is derived. RDM offers abundant feature information, in-
cluding trajectory, distance, speed, and shape variations of hand movements. In 
2018, Ryu et al. [21] used 2D-FFT to obtain RDM images containing gesture 
distance and speed information to achieve gesture classification and recognition. 
In 2021, a gesture recognition system [12] was proposed that uses 2D-FFT to 
generate RDM maps, employs Constant False Alarm Rate (CFAR) detection for 
gestures, and inputs the RDM sequence from the detection region into an LSTM 
to extract temporal features for gesture classification and recognition. 

2) MUSIC Algorithm: 
The MUSIC algorithm provides high resolution, estimation accuracy, and sta-

bility under specific conditions. Its basic idea is to perform eigen decomposition 
on the covariance matrix of the output data from an arbitrary array to obtain the 
signal subspace corresponding to signal classification and the noise subspace 
orthogonal to the signal components. Then, by exploiting the orthogonality of 
these two subspaces, a spatial spectrum function is constructed. Through peak 
searching in the spectrum, the Direction Of Arrival (DOA) of the gesture target 
is obtained. Subsequently, the angle estimation spectrum of the gesture target is 
explored. By accumulating multiple frames of the angle estimation spectrum, an 
Angle-Time Map (ATM) is generated, furnishing angle information regarding 
the gesture target. In the literature [22], the authors utilized 2D-FFT to extract 
the original gesture data’s distance and Doppler parameters, while employing 
the MUSIC algorithm to compute the angle and construct the ATM. They uti-
lized the Fusion Dynamic Time Warping (FDTW) algorithm for gesture recog-
nition. In 2021, Zheng et al. used the Discrete Fourier Transform (DFT), MUSIC 
algorithm, and Kalman filtering to extract distance-Doppler-angle trajectories 
and proposed an LSTM network that reuses the forward propagation method to 
recognize gestures, achieving an average accuracy of 99.4% [13]. 

2.3. Gesture Recognition Algorithm 

For the preprocessed gesture data, feature extraction is performed, and the ex-
tracted features are used for gesture classification or recognition. The classifica-
tion and recognition algorithm is an important step in radar gesture recognition 
research. Contemporary machine learning techniques excel not only in data 
processing, target classification, and model prediction but also hold great prom-
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ise for advancing gesture recognition. Presently, widely adopted gesture recogni-
tion algorithms encompass both machine learning and deep learning methodol-
ogies. 

1) Gesture recognition algorithms based on machine learning 
Machine learning, which uses computers and networks as platforms, data as 

research objects, and algorithms as the core, aims to predict and analyze data. 
Among the radar gesture recognition algorithms based on machine learning, the 
more widely used ones are Dynamic Time Warping, Hidden Markov Models, 
K-Nearest Neighbors (KNN), and Random Forest. 

a) Dynamic Time Warping (DTW) 
Dynamic Time Warping (DTW) adopts the idea of dynamic programming 

and uses a warping function to calculate the temporal similarity between test 
data and reference templates, thereby obtaining the similarity between two 
time-related sequences. When processing radar data with DTW, it is first neces-
sary to construct a set of reference templates. By comparing the similarity be-
tween test data and reference templates, the gesture data with the smallest dif-
ference is computed as the output result. In the paper [22], Wang et al. used the 
AWR1642 millimeter-wave radar and TSW140 high-speed data acquisition card 
to capture gesture signals. The Fusion Dynamic Time Warping (FDTW) algo-
rithm was employed, achieving a recognition rate of 95.83% for six types of ges-
tures within a range of 10-70 centimeters from the radar. In gesture recognition 
systems, DTW achieved fewer training samples and has high recognition accu-
racy, but it has high computational complexity and poor stability. 

b) Hidden Markov Model (HMM) 
The Hidden Markov Model (HMM) is a probabilistic model over time that 

describes a sequence of unobservable states randomly generated by a hidden 
Markov chain. When using HMM for FMCW radar gesture recognition, it is 
necessary to construct an HMM model for each gesture separately. The proba-
bility of the test gesture for each HMM model is calculated, and the gesture cor-
responding to the HMM model with the highest probability is taken as the mod-
el output result. Greg and others proposed a gesture recognition system com-
bining Range-Doppler and Hidden Markov Model (HMM) based on 77 GHz 
FMCW radar [23], which achieved a recognition rate of 83.3% for four types of 
gestures. This method can effectively improve recognition accuracy, but the 
large amount of computation during algorithm execution limits the recognition 
speed. 

c) K-Nearest Neighbors (KNN) Classifier 
The KNN algorithm is a basic method for classification and regression. Based 

on a training dataset of gestures, for a new input gesture test instance, the algo-
rithm finds the k instances in the training dataset that are closest to the test in-
stance. The class that has the majority among these k instances is then predicted 
as the class for the new input gesture instance. For instance, Wan et al. proposed 
a gesture recognition system utilizing a portable smart radar [24]. The system 
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utilizes Principal Component Analysis (PCA) to extract spatial features and 
analyze the time-frequency characteristics of radar signals. By using amplitude 
difference and Doppler frequency shift calculations and experiments, the KNN 
classification algorithm achieved a classification accuracy of over 95%. The KNN 
method is simple and easy to understand, but it requires large storage space and 
has high time complexity. 

d) Random Forest 
The basic unit of a random forest is a decision tree, which is an algorithm that 

integrates multiple decision trees through the concept of ensemble learning. To 
explain from the perspective of gesture classification and recognition, each deci-
sion tree acts as a classifier. For an input gesture sample, N trees will produce N 
classification results. The random forest integrates all the classification votes and 
designates the category with the most votes as the final output result. Research-
ers like Lien [25] conducted gesture recognition experiments using millimeter- 
wave radar and implemented a random forest classifier to recognize four types 
of gestures with an accuracy of 92.1%. In gesture recognition, random forests are 
fast to train, can handle high-dimensional data, and are simple to implement, 
but they can overfit, and the classification results may not be as good with small 
or low-dimensional datasets. 

2) Gesture recognition algorithms based on deep learning 
Deep learning algorithms primarily involve training deep neural network 

models to classify data. These models consist of an input layer, multiple hidden 
layers, and an output layer. Compared to traditional neural network models, 
deep neural networks contain multiple hidden layers composed of a large num-
ber of simple, interconnected neurons. In radar gesture recognition, the algo-
rithms related to deep learning mainly include Convolutional Neural Networks 
(CNNs) and Long Short-Term Memory networks (LSTMs). 

a) CNN 
CNNs are the most common neural network models with deep structures and 

convolutional computations. They train model parameters using backpropaga-
tion and use the SoftMax function for classification. In the literature [19], Wang 
et al. combined a 60GHz FMCW radar with convolutional and recurrent neural 
networks to achieve gesture classification, with an 87% recognition rate for 11 
different gestures from 10 participants. Dekker et al. [26] collected gesture in-
formation using a 24 GHz FMCW radar and used a CNN for feature extraction. 
The network was trained and tested using micro-Doppler spectrograms, achiev-
ing a 99% recognition rate for three different gestures on the test set. In 2020, 
Liu proposed an end-to-end time-series convolutional neural network (TS- 
CNN) method for gesture recognition based on FMCW radar signals, with a 
classification accuracy of 93% for seven gestures [27]. CNNs have strong genera-
lization capabilities, can automatically extract features, and share weights, mak-
ing them widely applied in various fields such as behavior recognition and pose 
estimation. 

b) LSTM 
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Compared to CNNs, Recurrent Neural Networks (RNNs) have a stronger 
ability to capture the sequential information of series, yielding more accurate 
results. RNNs are recursive neural networks used for processing sequence data 
and recursively evolving in the direction of the sequence. The most widely used 
type of RNN is the Long Short-Term Memory network (LSTM). In the paper 
[28], the authors proposed a Long Recurrent All-Convolutional Network (LRACN) 
to recognize five types of gestures. In the article [12], the authors used an adap-
tive background model based on Gaussian Mixture Models (GMM) to remove 
noise, and then LSTM was used to realize real-time gesture recognition. Com-
pared to traditional RNNs, LSTMs are not limited to fixed-length inputs or out-
puts; they can also handle data of varying sequence lengths, and all network 
units are connected in a chain with powerful memory capabilities. 

3. Typical Applications 

In this section, we present several typical application systems for gesture recog-
nition based on Frequency-Modulated Continuous-Wave (FMCW) radar and 
analyze their system performance from multiple perspectives. We categorize 
these studies based on the objectives of the research as follows. Air writing pri-
marily focuses on the trajectory changes and tracking of gestures to form letters 
or words. Gesture command recognition mainly concentrates on the variations 
of gestures, enabling the recognition of different gestures to achieve the purpose 
of controlling devices. Sign language recognition is primarily aimed at recogniz-
ing gestures as sign language, with the research content and scope being deter-
mined by the sign language representations. Text input considers the input of 
text or letters, and due to the diversity of text input, it typically encompasses a 
wide variety of input types. 

3.1. Air-Writing Tracking 

The application primarily aims to implement air writing tracking, with the main 
research focus on how to obtain continuous hand movement positions to derive 
a continuous trajectory, thereby forming continuous text. 

Regani et al. proposed the mmWrite system [29], which utilizes a 60 GHz sig-
nal large phased array to transform any planar area into an interactive writing 
surface, supporting millimeter-precision handwriting tracking. The system 
comprises several components, as shown in Figure 2. Initially, background sub-
traction is performed to reduce the impact of static objects in the environment 
on the received signal. Subsequently, digital beamforming technology is em-
ployed to obtain spatial features, which are then transformed into the Doppler 
domain to differentiate moving/writing actions from other static objects in the 
environment. Target detection is achieved using 3D-CFAR and clutter mapping 
techniques, with further identification of targets within the detected space. Finally, 
the calculated trajectory points are compared with the original movement tra-
jectory, and the handwriting trajectory is obtained through smoothing techniques. 
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Figure 2. The component of mmWrite [29]. 

 
The mmWrite can achieve a median error tracking of 2.8 mm for fingers/pens, 
thus enabling the completion of handwritten characters of 1 cm × 1 cm. The 
system can provide a convenient and high-precision handwriting tracking sys-
tem for the field of human-computer interaction. 

Regani et al. [29] tested the character recognition accuracy when characters of 
different distances and proportions were written. They found that the accuracy 
of character recognition decreased as the distance from the device increased, 
while the accuracy increased as the handwriting grew larger. For example, at 
distances of 20 cm and 30 cm, the accuracy of character recognition at 3 cm × 3 
cm is 80% and 72%, respectively. Similarly, when the distance is 20 cm, the ac-
curacy of 3 cm × 3 cm and 5 cm × 5 cm is 80% and 82%, respectively. In addi-
tion, the mmWrite system has not been extended to multiple moving targets 
and needs further study. 

In 2020, Wang et al. [16] proposed a gesture air-writing recognition system 
based on a 24 GHz FMCW radar. The basic concept of the system is to calculate 
the range-Doppler graph (RDM) from the radar echo signal and extract the range, 
velocity, and phase features from the RDM of each frame. The authors stored the 
extracted feature information in a 100 × 3 vector as a sample and collected 1500 
samples for five types of gestures, of which 1200 samples were used for the 
training set and 300 for the test set, employing an LSTM network to distinguish 
five gestures. During the testing phase, extensive experiments were conducted to 
evaluate the system’s performance. The experiments demonstrated that the sys-
tem could recognize five types of gestures with an average accuracy of 97.6%. 
Additionally, the authors recognize 10 digital numbers and 9 alphabetic charac-
ters. 

Wang et al. [16] tested the classification effect of three different classification 
algorithms, SVM, 5NN and LSTM, on different gestures. The results show that 
compared with the SVM and 5NN algorithm, the LSTM network shows a higher 
average recognition rate and smaller variance of recognition rate, indicating 
that gestures are easier to recognize by the LSTM network. However, despite 
the excellent performance of LSTM networks in gesture recognition, the cha-
racters generated by this system cannot be accurately recognized. Therefore, 
future research will focus on improving recognition algorithms for generated 
characters. 
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3.2. Gesture Command Recognition 

The primary objective of gesture recognition is to categorize the direction and 
velocity of hand movements, thereby enabling human-computer interaction and 
application control.  

Liu et al. proposed the M-Gesture gesture recognition system [30], which faci-
litates control of media players and cameras, as depicted in Figure 3. The system 
is comprised of four main components: (a) signal conversion, (b) gesture mod-
eling, (c) gesture recognition, and (d) system response. This system integrates a 
pseudo-representative model (PRM) with a custom neural model to characterize 
and extract intrinsic gesture features, employing a System Status Transition 
(SST) to filter out non-predefined motions. The system is capable of recognizing 
five routine gestures, achieving high-precision recognition for untrained new 
users on a limited dataset, with an impressive accuracy of 99% and a rapid re-
sponse time within 25 milliseconds. 

 

 

Figure 3. The component of M-Gesture [30]. 
 
In the context of remotely controllable household devices, Liu et al. [30] found 

that when extending the detection range of m-Gesture from the individual do-
main (about 0.5 m) to longer distances (greater than 3 m), extracting long-dis- 
tance gestures becomes more challenging because these gestures are more easily 
confused with other body movements (such as walking). Therefore, future re-
search needs to focus on the development of in-air gesture HCI interfaces appli-
cable to more scenarios. 

Zhang and colleagues introduced a novel hand gesture recognition (HGR) 
system, Riddle [31], which employs millimeter-wave radar for real-time hand 
depiction and human-computer interaction. The central premise is that when 
the millimeter-wave radar sensor captures hand motion, distance information is 
observable in the spectral domain. By integrating deep neural networks with 
Connectionist Temporal Classification (CTC) algorithms, the system achieves 
real-time recognition of diverse hand gestures. Through training, the deep neur-
al network is capable of effectively extracting gesture features and class bounda-
ries. Moreover, the research team developed an architecture that combines 3D 
Convolutional Neural Networks (3D-CNN) with LSTM networks. The 3D-CNN 
is utilized for short-term spatio-temporal modeling, the LSTM for global tem-
poral feature extraction, and the CTC layer for real-time gesture classification. 
Additionally, the CTC algorithm allows for the recognition of zero-latency or 
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negative-latency gestures from unsegmented input data. This network architec-
ture is illustrated in Figure 4. In the experiments, the researchers designed six 
types of gestures and invited four volunteers to repeat these gestures 100 times in 
front of the radar antenna, collecting data for each gesture within one minute. 
Riddle was compared with state-of-the-art methods such as Support Vector 
Nucleus (SVN), Convolutional 3D (C3D), and Hidden Markov Model (HMM)- 
based approaches, outperforming them with a recognition accuracy of 96%. 

 

 
Figure 4. The component of mmASL [33]. 

 
Zhang et al. [31] compared different training architectures of 2D-CNN and 

3D-CNN on radar data and found that 3D-CNN performed better. This shows 
that 3D-CNN can extract spatio-temporal information more effectively, espe-
cially for Human Gesture Recognition (HGR). However, their system employs a 
more complex 3D-CNN and LSTM network structure. Future research can ex-
plore learning the spatio-temporal features of dynamic gestures through a single 
network and integrating 3D operations into the LSTM network to simplify the 
model and improve performance. 

3.3. Sign Language Recognition 

Santhalingam et al. introduced the mmASL system [33], which utilizes a 60 GHz 
millimeter-wave platform for sign language recognition, as depicted in Figure 4. 
The system comprises two main components: (1) wake word recognition and (2) 
ASL symbol recognition. mmASL operates by continuously scanning a set of 
predefined areas to create spatial spectrograms, which are used to detect the 
presence of a wake word based on a CNN-based model. Upon detecting a wake 
word, a CNN-based classifier determines the user’s current position. Subse-
quently, ASL gestures are captured in the form of ASL symbol spectrograms and 
recognized using a multi-task deep learning model, culminating in the genera-
tion of the final results. The system was evaluated using data from 65 partici-
pants and over 12K samples, demonstrating robust resistance to interference and  
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insensitivity to positional and environmental changes. Comparing mmASL with 
ASL recognition systems based on Kinect and RGB cameras, it achieves compa-
rable performance, with an average recognition accuracy of 87%. 

Santhalingam et al. used WGAN and MBGAN to train CAE models and test 
them with synthetic data. On local ASL samples, the classification accuracy of 
WGAN and MBGAN was 74.28% and 80.82%, respectively. By fine-tuning 30% 
of the original sample, the performance improved to 86% and 91.30%. However, 
the performance was poor when the fine-tuning sample was small, showing that 
there was still a significant difference between the local sample and the synthetic 
local sample even when the data was transformed using CycleGAN. Only 
fine-tuning with more local ASL samples will improve performance.  

Rahman [32] et al. explored the efficacy of radio frequency sensors in sup-
porting human-computer interaction for deaf or hard-of-hearing individuals 
through word-level recognition of American Sign Language (ASL). They pro-
posed a scheme for ASL recognition using Wi-Fi and low-cost, short-range 
radar systems. The study utilized RF data of ASL (ASL-R) acquired by the TI 
AWR1642BOOST 77 GHz FMCW transceiver, measuring the native sign lan-
guage of deaf individuals or Children of Deaf Adults (CODAs) who are fluent in 
ASL, as well as the mimicked sign language from hearing participants. The re-
searchers collected data under different bandwidths and found that operating 
the TI 77 GHz FMCW transceiver with a bandwidth of 4 GHz and 255 chirps 
per CPI was the optimal setting for capturing ASL. A major challenge of the sys-
tem was training deep neural networks due to the difficulty in acquiring native 
ASL sign language data. The authors employed adversarial domain adaptation 
techniques to bridge the physical/kinematic differences between the mimicked 
sign language of hearing individuals (repeating gestures after watching videos) 
and the proficient sign language of deaf signers. They compared the results of 
domain adaptation with those obtained directly using Generative Adversarial 
Networks (GANs) to synthesize ASL sign language. Ultimately, they achieved a 
word-level classification accuracy of 91.3% for 20 ASL words. 

Rahman et al. [32] compared the performance of mmASL with Kinect and 
RGB cameras, and the results show that mmASL can achieve accurate gesture 
recognition in a variety of practical scenarios such as the presence of other in-
terfering users, environmental changes, and different user positions. However, in 
classification, mmASL cannot accurately distinguish between gestures with sim-
ilar hand movements but different hand shapes (e.g., NIGHT and TIME). 

3.4. Text Input 

Hu et al. proposed mmKey [34], a system designed to implement a universal 
virtual keyboard interface, as illustrated in Figure 5. This system employs a sig-
nal processing pipeline for the detection, segmentation, and recognition of both 
single and multi-finger keystrokes. Specifically, the initial stage involves motion 
detection. This is followed by motion distinction, which serves to discern  
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Figure 5. The component of mmKey [34]. 

 
whether the keystrokes originate from extraneous movements. Subsequently, 
adaptive background cancellation is executed. The final stage encompasses keys-
troke localization and calibration, facilitating key-location mapping for accurate 
keystroke recognition. The system is capable of transforming any flat surface in-
to an effective input medium, supports various keyboard layouts, and requires 
no training. Experimental results from ten participants demonstrated that the 
system achieves a single-key recognition accuracy of over 95%, and a multi-key 
recognition accuracy of over 90%, leading to a word recognition accuracy of 
greater than 97%. 

Hu et al. [34] contrasted mmKey with conventional beamforming techniques, 
including conventional beamforming (CBF) and minimum variance distortion 
response (MVDR) beamforming. It was found that only the MUSIC algorithm 
was able to detect two adjacent sources, while MVDR or CBF had difficulty dis-
tinguishing multiple keystrokes. After applying the three estimators in different 
scenarios, the results show that MUSIC-based mmKey exhibits the highest ac-
curacy in all cases, especially in the case of double keys, with an overall accuracy 
of more than 90%. However, the mmKey system requires a single mmwave radio 
device, which may limit its popularity and application range. 

Wei et al. proposed the IndexPen [35], a text input system operated by two 
fingers. The basic working principle of the system involves measuring the 
minute angular and velocity changes produced by the movements of two fingers. 
Utilizing a neural network, the system identifies letters and gestures to facilitate 
content input. The IndexPen is capable of accurately recognizing 30 distinct 
gestures, representing the letters A-Z, as well as space, backspace, enter, and a 
special activation gesture designed to prevent inadvertent inputs. The system 
comprises a radio frequency (RF) processing pipeline, a classification model, and 
a real-time detection algorithm. It was trained using data collected over more 
than ten days, with five participants achieving a cross-validation accuracy of 
95.89% across 31 categories (including noise). The accuracy for users typing 
sentences with IndexPen was 86.2%, measured by string similarity. 

Wei et al. [35] conducted experiments on character gestures and users to eva-
luate the overall validation accuracy of IndexPen and found that the best accu-
racy without clutter removal was only 3.4% lower than the model with clutter 
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removal. However, the training process is more stable after clutter removal. In 
addition, IndexPen provides an innovative method of touch-free text entry, and 
it may take some time for users to adapt to this new way of interaction, so there 
is a certain learning curve. 

3.5. Summary 

Herein, we provide a concise summary of several prevalent applications as de-
picted in Table 2. We present the objectives and key elements of four distinct 
applications.  

 
Table 2. Key features of four typical application categories. 

Paper Application type Aim Highlight 

[16] [29] Air-Writing Tracking 
Recognize 

specific 
number and alphabet 

Track hand location 

[30] [31] Gesture Recognition 
Control device 
or application 

Recognize hand motion 
direction and speed 

[32] [33] 
Sign Language  

Recognition 
Communication with 

the other person 
Recognize sign symbol 

[34] [35] Text Input 
Input data to 

device 
Recognize text and 

sentence 

 
The Air-Writing Tracking application predominantly involves gestural move- 

ments in mid-air, capable of recognizing a limited set of letters or numbers. Its 
essence lies in the continuous tracking of hand positions to ascertain trajectories, 
which, based on their shapes, facilitate the identification of characters or numer-
als. 

The Gesture Command Recognition application typically discerns the direc-
tion and velocity of hand movements to manipulate devices or software. The key 
to this application is a predefined set of gestures, making it a categorical applica-
tion where recognition of specific velocities and directions suffices. 

The Sign Language Recognition application aims to facilitate communication. 
Its core challenge is the depiction of everyday communicative acts through ges-
tural motions. Given the complexity of daily communication, sign language rec-
ognition applications have a broader scope and inherently higher difficulty and 
complexity. 

The Text Input application focuses on the input of textual information. Its key 
is the generation of input content, which may range from specific numeric texts 
to more intricate material. Consequently, the implementation difficulty of these 
applications varies, primarily determined by the complexity of the content to be 
inputted. 

4. Discussion 

This section provides a summary of key challenges and corresponding solutions 
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encountered in FMCW radar-based gesture recognition applications. The chal-
lenges in FMCW radar gesture recognition primarily encompass the following 
aspects. 

4.1. Complex Environments 

Current research experiments are conducted in relatively simple scenarios 
where the FMCW radar performs gesture detection with few interfering ob-
jects, meaning the background environment is ideal. For instance, in Latern 
[17] and u-DeepHand [36], participants were instructed to maintain stillness 
during the experiments. However, in real-world applications, the detected ges-
ture signal samples are frequently contaminated with various types of noise due 
to environmental uncertainties. Moreover, as the authors mentioned in the ar-
ticle [36], the issue of recognizing multiple gestures, and current scenarios is 
mostly for single users [13]. The recognition of radar gestures in multi-user sce-
narios not only needs to consider the extraction of different gesture features and 
the construction of gesture models but also needs to respond quickly and accu-
rately to different participants in the same scene. Therefore, future research 
work should consider setting up more complex experimental scenarios [36] to 
ensure that the gesture recognition system maintains good performance in more 
complex application scenarios. 

4.2. Micro-Motion Gestures 

In the existing experimental environment, researchers often define a larger range 
of gestures to obtain more detailed motion information for better experimental 
results. In literature [16], the authors defined the range of gesture writing within 
a rectangle 20 cm long and 15 cm wide. Due to the bandwidth limitations of ra-
dar equipment, the accuracy of gesture recognition decreases as the range of 
gesture activity becomes smaller. For instance, in a study [36], the impact of 
gesture scale on classification accuracy was investigated by setting dimensions of 
0.5 m, 0.3 m, and 0.1 m, resulting in accuracies of 95%, 87%, and 76%, respec-
tively. Micro-motion gestures are characterized by small movement amplitudes 
and slow speeds. Reducing the motion scale is equivalent to decreasing the radial 
movement distance. When the radial movement distance falls below the distance 
resolution, the gesture trajectory cannot be recognized. In the future, micro- 
motion gestures could be identified by employing radar platforms with higher 
bandwidth and distinguishing features. 

4.3. Neural Networks 

The algorithms for radar gesture recognition have high requirements for the 
quality and quantity of training samples. Effective sample data is the foundation 
and prerequisite for enhancing the accuracy of gesture recognition. For example, 
in their experiments, Li et al. [18] collected 3500 samples, while Wang et al. [22] 
gathered 1200 samples. Although the classification algorithms they chose achieved 
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good results, it has not been verified whether these algorithms will still perform 
well with the increased complexity of the environment and the number of data-
set samples. As the volume of data samples increases, the requirements for neur-
al network models also increase. Therefore, optimizing neural network models 
that are robust and have shorter training times becomes a priority for gesture 
recognition systems. In the future, consideration should be given to designing 
lightweight models, reducing model depth, and optimizing model parameters to 
enhance system robustness. 

5. Conclusion 

This paper aims to provide a comprehensive review of the current state of FMCW 
radar-based gesture recognition applications. First, we reviewed some common 
gesture recognition systems and categorized them into wearable device-based, 
computer vision-based, WIFI-based, and FMCW radar-based systems. Next, we 
introduced related work in radar-based gesture recognition. We then focused on 
FMCW radar-based gesture recognition systems, providing a general framework 
for gesture recognition. After that, we discussed some processing techniques 
used in gesture recognition, including gesture signal collection, gesture echo 
signal preprocessing, feature extraction, and gesture recognition algorithms. Sub-
sequently, we surveyed recent research on FMCW radar-based gesture recogni-
tion, dividing it into four typical systems: air-writing recognition, gesture com-
mand recognition, sign language recognition, and text input recognition, and 
explained the implementation process and performance evaluation of various 
gesture recognition systems. Finally, we discussed the limitations and existing 
issues in FMCW radar-based gesture recognition, considered current research 
trends, and provided insights for future research directions. This paper can serve 
as a reference for researchers’ subsequent studies and assist other authors in de-
veloping more suitable gesture recognition applications. 
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