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Abstract: Gesture recognition technology has been quickly developed in the field of human-computer 

interaction. The multiple-input multiple-output (MIMO) radar has been widely adopted in gesture recognition 

because of its notable spatial resolution. In this work, a highly accurate MIMO radar-based hand gesture 

recognition algorithm with very low complexity is proposed. To make the proposed system applicable in the 

industry and work well even when the size of the training data is limited, we applied several low-complexity 

adaptive signal processing methods to extract features and reduce the noise effect. First, spectrum analysis is 

applied to range-Doppler maps (RDMs) and a cell-averaging constant false alarm rate (CA-CFAR) with mirror 

filters is applied to improve the robustness to noise. Afterward, the features related to the distance, speed, 

direction, and the elevation angle of the moving object are determined by the proposed adaptive signal analysis 

techniques and the random forest is applied for classification. The proposed system has the capability to 

precisely distinguish and identify eight motions, including waving, moving to the left or right, patting, 

pushing, pulling, and rotating clockwise or anticlockwise, with an accuracy of 95%. Experiments demonstrate 

the capability of the proposed hand gesture recognition system to classify different movements precisely. 

Keywords: MIMO radar; hand gesture recognition; adaptive signal processing algorithm; random 

forest; mirror filtering; elevation angle estimation  

 

1. Introduction 

The interaction between humans and computers is commonly referred to as human-computer 

interaction (HCI). Due to ongoing advancements in computer hardware and software, the field of 

HCI has experienced significant evolution. Different types of sensors are used in HCI, for example, 

mice, keyboards, touchscreens, cameras, Lidar, microphones, and RADAR. Due to its distinct 

attributes, radar is robust to external interference and light variation. Many research teams used radar 

information to perform hand gesture recognition. One of the most famous studies is the Soli project 

proposed by Google. With the use of several time analysis techniques, gesture recognition results 

with an accuracy of 92% could be achieved [1,2]. The radar technology employed in gesture 

recognition can be classified into different types, including continuous wave radar (CW), frequency-

modulated continuous wave radar (FMCW), and multiple-input multiple-output (MIMO) [3]. More 

studies have been done in MIMO HCI which makes the most use of the massive volume of data.  

Recently, several machine learning based hand gesture recognition algorithms were developed 

[11,12,18]. However, they frequently require large labeled training datasets and sophisticated 

computational architecture for improved precision. Furthermore, they usually need sophisticated 

hardware, such as GPUs, which limits their feasibility in resource-constrained scenarios. Therefore, 

in industry, handcrafted categorization techniques are still popular in gesture recognition. While the 

MIMO technology uses several antennas and channels simultaneously to achieve spatial diversity, 

we proposed a low computation and low energy classification method for radar-based hand gesture 

recognition. 

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 
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In this paper, a highly accurate hand gesture recognition system with low complexity is 

proposed. It applies the range-Doppler map (RDM) to generate range parameters adaptively and 

uses the elevation angle information. Different from most of existing methods, which are mainly 

based on the neural network (NN), the proposed algorithm applies adaptive signal processing 

techniques for parameter assignment and uses smoothers and mirror filters to reduce the noise effect, 

and adopts the elevation angle information to improve the accuracy. Moreover, the random forest 

classifier is applied to achieve good performance even when the size of the training data is limited. 

With the proposed algorithm, eight unique hand gestures, including waving, moving to the left or 

right, patting, pushing, pulling, and rotating clockwise or anticlockwise, can be recognized 

accurately.  

The proposed method is a low-complexity and augmented signal processing technique in 

conjunction with a high-resolution MIMO radar for classifying eight distinct hand gestures. This low-

complexity approach demonstrates its efficacy by yielding remarkable results in gesture recognition, 

particularly in the scenario characterized by limited data availability. Experiments show that, with 

the proposed adaptive signal processing techniques together with the random forest classifier, an 

accuracy of 95% can be achieved, which is even better than the case where the NN is applied.     

The structure of this article is as follows. The background and related work are reviewed in 

Section II. Section III provides a detailed illustration of each part of the proposed low-complexity 

hand gesture algorithm. Several experiments are conducted to evaluate the performance of the 

algorithm. A conclusion is made in Section V. 

2. Preliminary 

There are several existing radar-based hand gesture recognition methods, including the ones 

based on the CW radar [4,5], the FMCW radar [7–13,19], and MIMO [14–16]. 

Skaria et al. [4] used low-cost radar chips and advanced machine learning techniques. They used 

two-antenna Doppler radar to record the Doppler signatures of hand gestures and then trained a 

neural network. In [5], Wang et al. introduced an innovative approach to recognizing dynamic hand 

gestures by analyzing micro-Doppler radar signals using Hidden Gauss-Markov Models.  

In 2022, Leu et al. [7] published a research using the RDM in a gesture detection system. They 

used the NN as the feature extractor. Zhao et al. [8] proposed a gesture detection system using the 

FMCW radar. They implemented the Blender software to generate different hand gestures and 

trajectories. They employed a two-dimensional Fast Fourier Transform (FFT), synthetic feature 

extraction, and a support vector machine (SVM), and achieved an average recognition accuracy of 

89.13%.   

With the adaptability of the spatial domain, there is an increase in the amount of research being 

done in MIMO HCI. Lei et al. [14] used the IWR1443 MIMO radar to generate the RDM and the range-

azimuth map (RAM) in ten gestures, leveraging the data fusion technology coupled with the 

3DCNN-LSTM network architecture. Zheng et al. [15] developed a transformer-based radar 

recognition network with the data frames of range-Doppler, range-angle, and range-elevation maps.  

Besides using the neural network as a classifier, some researchers explored the use of simple 

classification methods to attempt gesture recognition. For example, the SVM was adopted in [8]. In 

[17], they aimed to determine five different emotions by calculating the relative positions of joints in 

the arms captured from the Kinect sensor and achieved an accuracy of 86.8%. Hao et al. [18] proposed 

a method with millimeter-wave near-field SAR imaging for wireless static gesture recognition. They 

used a histogram of oriented gradients for feature extraction and applied principal component 

analysis for dimensionality reduction. Tsang et al. [19] proposed a spiking neural network for radar-

based hand gesture identification. They used different classifiers such as logistic regression, the 

random forest, and the SVM in the identification system.  

3. Materials and Methods 

This study outlines the creation of a specialized MIMO radar sensor designed to identify and 

analyze hand motions reliably. Figure 1 depicts a diagram of the proposed architecture. The radar 
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captures comprehensive information from individuals engaging in hand gestures through its twelve 

virtual antennas. Following the data capture process, the gathered information is for further 

computation.  

The classification of hand gestures is systematically partitioned into four distinct stages. Initially, 

the acquired data undergoes rigorous processing involving range and velocity computations 

facilitated by a two-dimensional Fast Fourier Transform (FFT). Subsequent stages encompass the 

application of a refined Constant False Alarm Rate mechanism and target detection algorithms, 

precisely delineating the pertinent variables associated with the spatial coordinates of the palm. The 

angle variable is determined using the Multiple Signal Classification (MUSIC) technique. After 

obtaining these parameters, feature extraction is performed and the obtained features are input into 

the Random Forest method for further analysis. 

 

Figure 1. The overview of the proposed hand gesture recognition. 

3.1. Range and Velocity Analysis  

The combination of the MIMO radar together with the FMCW technology takes the advantages 

of the MIMO system in spatial diversity and the FMCW system in remarkable frequency modulation 

performance. The fusion leads to a highly adaptive, precise, and efficient radar system. Its detail is 

provided as follows. First, the radar transmits the chirp-modulated waveform through a transmitting 

antenna. It can be represented as, 𝑺𝑻 ൌ 𝑨𝑻 𝐜𝐨𝐬 ቀ𝟐𝝅𝒇𝒄𝒕 ൅ 𝝅 𝑩𝑻𝒄 𝒕𝟐ቁ ൌ 𝑨𝑻𝐜𝐨𝐬ሺ𝝓𝑻ሺ𝒕ሻሻ, (1)

where 𝒇𝒄  is the carrier frequency, 𝑩 is the sweep bandwidth of the chirp, and 𝑻𝒄  is the chirp 

duration. On the other hand, the received signal is the signal echoed from a target, which is a scaled 

and delayed version of the transmitted signal, 𝑺𝑹 ൌ 𝜶𝑺𝑻ሺ𝒕 − 𝒕𝒅ሻ ൌ 𝜶𝑨𝑻𝒄𝒐𝒔ሺ𝟐𝝅𝒇𝒄ሺ𝒕 − 𝒕𝒅ሻ ൅ 𝝅 𝑩𝑻𝒄 ሺ𝒕 − 𝒕𝒅ሻ𝟐ሻ, (2)

where 𝜶 is a scaled factor and 𝒕𝒅 is the delayed time. After that, the received signal is mixed with 

the transmitted signal to create an intermediate frequency signal: 𝑺𝑰𝑭 ൌ 𝑺𝑻 ൈ 𝑺𝑹 ൌ 𝜶𝑨𝑻𝟐 ൣ𝐜𝐨𝐬 ሺ𝝓𝑻ሺ𝒕 − 𝒕𝒅ሻ − 𝝓𝑻ሺ𝒕ሻ൯ ൅ 𝐜𝐨𝐬 ሺ𝝓𝑻ሺ𝒕 − 𝒕𝒅ሻ ൅ 𝝓𝑻ሺ𝒕ሻሿ, (3)

where the beat frequency after the receive mixer is represented as 𝒇𝒃 ൌ 𝑩𝒕𝒅/𝑻𝒄. For static objects, the 

beat frequency is proportional to the distance, which is done by taking the fast Fourier transform 

(FFT) of the received IF signal. However, the velocity is determined for moving objects using phase 

change across multiple chirps. The phase and the frequency of the received signal changes with the 

velocity of the moving object. A second FFT is then applied across these chirps to extract the 

information about phase variation and velocities. This process yields a comprehensive 2D Range-

Doppler map, providing valuable insights into the spatial distribution and velocity characteristics of 

detected objects. 

Besides a traditional radar system with one single antenna transmitter, MIMO radar uses 

multiple antennas for transmission, which can create multidimensional arrays for spatial diversity. 

In our scenario, the physical antenna configurations with three transmitting antennas and four 

receivers can extended to 12 virtual antennas. The raw radar data is represented by a frame with three 

dimensions: ADC sampling, chirps, and antennas, as seen in Figure 2. The Fast Fourier Transform 
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(FFT) is used in ADC sampling to extract ranges, also known as fast-time FFT or range-FFT. On the 

other hand, when a Fast Fourier Transform (FFT) is used to extract velocity information from chirp 

dimensions, it is called a slow-time FFT or Doppler-FFT, respectively. As depicted in Figure 2, by 

following the two-dimensional FFT, the Range-Doppler Map (RDM) is generated, providing accurate 

target range and velocity data. The hand motion can be represented based on the range and velocity 

differences observed in the frames of the RDM. The hand motion can be depicted by analyzing the 

variations in range and velocity recorded in the frames of the RDM. Therefore, in order to analyze 

the hand gesture, it was essential to determine the exact location of the hand in order to understand 

its motion before carrying out any more computations. 

 

Figure 2. Radar signal pre-processing for the RDM. 

3.2. CFAR and Target Detection 

When detecting the target, the background noise and other non-target signals will increase the 

difficulty of detecting the target afterwards. Therefore, in order to achieve reliable and consistent 

detection accuracy, a sensor needs to possess the capability of maintaining a constant false alarm rate 

(CFAR) with varying interference. The principle behind the CFAR is based on statistical and signal-

processing concepts. It utilizes statistical information about the local background noise and adjusts 

the detection threshold based on this information to ensure a consistent false alarm rate across 

different conditions. This paper applies a cell-averaging (CA)-CFAR method to the algorithm, 

identifying a set of reference cells around the cell of interest and then computing the average power 

from the selected reference cell. The average over the threshold will be considered a target by setting 

a detection threshold. 

After applying the CA-CFAR technique to the RDM, the frame has several peaks since the peak 

of the gesture is attributed to the human hands, arms, and body. Our hand gesture recordings ensure 

that the hand will always be at the front of the human body. It means the hand is the closest to the 

radar and makes the most velocity movement. Moreover, to acquire even more accurate hand gesture 

information from the radar, the following problems are addressed in the proposed system: 

1. Zero-Velocity Disturbances. 

When analyzing the RDM for stationary objects, zero-velocity disturbances can introduce 

complexities in interpreting the data. One common source of zero-velocity disturbances is the 

presence of clutters or unwanted reflections from the environment, which remain after the CFAR. 

The clutter may be mistakenly viewed as real target movement. Thus, the proposed method 

incorporates an additional two-dimensional filter to differentiate between stationary and moving 

objects, thereby improving the precision of target identification and tracking. In order to obtain 

precise information from the radar and reduce these disturbances, incorporating an additional filter 

is a beneficial approach for radar system calibration. 

2. Peaks caused by other body parts. 

Due to the fact that the CA-CFAR threshold is determined by a fixed multiplier of the average 

power, the movement of other body parts may affect the result of hand motion detection. With this 

limitation caused by hardware architecture, the proposed method incorporates an additional step to 

address the error caused by body movement. This additional step is to identify the item with the 

highest velocity and the location with the greatest energy in the closest range to the radar. Focusing 

on these crucial measures enables us to identify the precise coordinates that correspond to the motion 
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of the palm. This enhanced analysis enhances the ability of the radar system to detect complex 

motions.  

3. The target velocity wrapping. 

The determination of the target velocity is challenging when it surpasses the predetermined 

velocity range and returns to the opposite end of the velocity spectrum by wrapping or folding. In 

order to tackle this problem, we utilize the mirroring technique that is commonly used in the field of 

image processing. More precisely, we replicate the data in the initial three and final three columns, 

providing continuous variation of the speed while avoiding any kind of excessive computational 

complexity. Assume that the RDM is 𝑋(𝑓ௗ ,𝑓௥ , 𝑡). Then the result after applying CA-CFAR is  𝑋஼஺ି஼ி஺ோ(𝑖, 𝑗) = ൜1, 𝑖𝑓|𝑋(𝑓ௗ,𝑓௥ , 𝑡)| > 𝛾 ∗ 𝑙𝑜𝑐𝑎𝑙_𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑖, 𝑗)
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 , (4)

where 𝛾 is the threshold factor and 𝑙𝑜𝑐𝑎𝑙_𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑖, 𝑗) is the average reflectivity within a specific 

region. After that, we mirror the first and last three rows of the 𝑋஼஺ି஼ி஺ோ(𝑖, 𝑗) , which can be 

represented as 

𝑋ெ௜௥௥௢௥ ஼஺ି஼ி஺ோ (𝑖, 𝑗) = ቐ 𝑋஼஺ି஼ி஺ோ(𝑛 − 𝑖 + 1, 𝑗), 𝑖𝑓 𝑖 ≤ 3𝑋஼஺ି஼ி஺ோ(𝑛 − (𝑖 − 3), 𝑗), 𝑖𝑓 𝑖 > 𝑛 − 3𝑋஼஺ି஼ி஺ோ(𝑖, 𝑗), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 , (5)

where 𝑛 is the number of rows in the matrix. 

By implementing this mirrored technique, we successfully address the issue related to the target 

velocity beyond the specified range. This technique ensures the precise capture of the goal distance 

and the velocity trajectory while preserving the smoothness of the speed.  

3.3. Angle of Arrival 

In addition to determining the range and the velocity, the MIMO radar can also determine the 

angle between the radar and the target. By employing the direction of arrival (DoA), one can precisely 

identify the angles at which different items are positioned. 

The MIMO radar system provides a large number of virtual antenna elements, which can reduce 

hardware requirements. If there exists a number of 𝑁்௑ transceivers and 𝑀ோ௑ receivers, and 𝐿 and 𝜆  represent the distance between antennas and the wavelength, respectively, then the angle 

resolution 𝜃௥௘௦ can be determined from 𝜽𝒓𝒆𝒔 =
𝝀𝑵𝑻𝑿𝑴𝑹𝑿×𝑳𝒄𝒐𝒔(𝜽)

𝟏𝟖𝟎∘𝝅 , (6)

Equation (6) shows that the hardware structure still restricts the angle resolution. Therefore, we 

employ a Direction of Arrival (DoA) estimation approach to enhance the angle resolution.  

The DoA data is helpful for calculating the degrees to which signals from reflected targets are 

received. By analyzing the DoA, one can determine the angles of the targets. DoA estimation can be 

classified into four main categories: beamforming, maximum likelihood, subspace-based methods, 

and compressive sensing. This paper utilized the well-known MUSIC method [20], which is a 

subspace-based method. It is based on using the eigenstructure of the data covariance matrix. 

Assume that the matrix of the received signals by one receive antenna is 𝐱(𝑡) of size 𝑀 × 1. Also 

suppose that transmission signals are 𝐬(𝑡) ∈ ℂௗ×ଵ and the noises are 𝐧(𝑡) ∈ ℂெ×ଵ. Then, the received 

signals matrix at time 𝑡 can be written as 𝒙(𝒕) = 𝑨(𝜽)𝒔(𝒕) + 𝒏(𝒕), (7)

where 𝐀(𝜃) ∈ ℂெ×ௗ is the steering matrix.  

Since signals and noises are uncorrelated, the covariance matrix of 𝐱(𝑡) is 𝐑𝒙𝒙 = 𝐸{x(𝑡)xு(𝑡)} = 𝐀(𝜽)𝐑௦௦𝐀ு(𝜽) + 𝝈௡𝟐𝐈ெ, (8)

where 𝐑௦௦ is the signal correlation matrix, 𝜎௡ଶ is the noise variance, and 𝐼ெ is the 𝑀 × 𝑀 identity 

matrix. Next, suppose that 𝑑 ≤ 𝑀. Let Σ௦ = 𝑑𝑖𝑎𝑔(𝜆ଵ, 𝜆ଶ, … , 𝜆ௗ) and Σ௡ = 𝑑𝑖𝑎𝑔(𝜆ௗାଵ, 𝜆ௗାଶ, … , 𝜆ெ) be 
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the corresponding eigenvalues of the signal and noise eigenvectors, respectively. By the assumption 

in MUSIC, the steering vector of the signal 𝐚ு(𝜃) is orthogonal to the subspace 𝐔ே of noise, which 

can be written as 𝐚(𝜃)ு𝐔ே = 0, (9)

where 𝐚(𝜃)  is a column of matrix 𝐀(𝜃)  with 𝐀(𝜃) =ሾ𝐚(𝜃ଵ), 𝐚(𝜃ଶ), … , 𝐚(𝜃ெ)ሿ. Then (5) can be represented as  𝐑௫௫ = 𝐔௦𝚺௦𝐔௦ு + 𝐔௡𝚺௡𝐔௡ு = 𝐔𝚺𝒙𝐔ு, (10)

with 𝐔௫ = ሾ𝐔௦,𝐔௡ሿ and 𝚺௫ = 𝑑𝑖𝑎𝑔(𝜆ଵ, 𝜆ଶ, … , 𝜆ெ). Then, the MUSIC spectrum is defined as 𝑃ெ௎ௌூ஼(𝜃) =
ଵ𝐚ಹ(ఏ)𝐔೙𝐔೙ಹ𝐚(ఏ)

. (11)

Meanwhile, by increasing the number of snapshots used for spectrum estimation, the ability of 

MUSIC to separate multiple targets can be further improved.  

3.4. Elevation Calculation 

To determine elevation angles precisely and reliably, an innovative method suitable for the 

IWR6843ISK radar system is proposed. It is designed with two antennas positioned at the same 

azimuth angle. As indicated by (6), this configuration results in a resolution angle of 45 degrees. 

The structure of the radar system allows for the collection of four elevation angles using four 

antenna pairs. The possible location of the target is either on the upper side or the opposite side of 

the radar. Moreover, this additional layer improves the combination of data sources, thereby 

reducing the impact of the hardware limitation. In order to improve the accuracy, a voting 

mechanism is implemented. The voting system will determine the most possible elevation angle. This 

mechanism enhances the dependability of elevation angle estimation, resulting in a more precise 

depiction of data. Although limited by hardware, the proposed elevation angle determination 

algorithm is able to overcome the technological challenge and maintains the precision of the 

estimation result. 

3.5. Data Smoothing and Feature Extraction 

The hand position in each RDM was recorded and then used to determine the angle of hand 

motion. The MUSIC method was used to calculate the angle using the hand position data collected 

from eight antennas in the RDM. The elevation is determined by the method motioned above. As a 

result, we obtained the measurements for the range, the velocity, the azimuth, and the elevation angle 

of the dynamic hand movements in each frame. 

Moreover, a data smoothing approach was applied due to the fluctuation of the detected range, 

velocity, and angle values. The moving average technique with window size three was utilized to 

enhance the precision of the data and reduce variations. This technique is helpful for improving the 

robustness to noise and enables a more organized interpretation of hand movements. Then, the 

detected range, velocity, and angle values are stored in a 4xn matrix 𝑇, where each row represents 

each set of data: 𝑇௥,௩,௔,௘ = ሾ𝑅௜ ,𝑉௜ ,𝐴௜ ,𝐸௜ሿ், where 𝑖 =1, 2, …, n. (12)

Then, the moving average of T is computed: 𝑇෠௥,௩,௔,௘(𝑖) =
ଵଷ∑ 𝑇௥,௩,௔,௘[𝑘, 𝑖 − 𝑗]ଷ௝ୀଵ , where 𝑘 =1, 2, 3, 4. (13)

Next, we created a set of features to improve the classification of different movements using different 

parts of the recorded data.  

During feature extraction, we employ two methods to segment the data. One approach involves 

analyzing the data based on the total duration of object movement, while the other method entails 

dividing the data into eight equal segments for individual analysis. We extract a wide variety of 

parameters from the collected data in our study, which includes capturing the maximum and 
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minimum values of the velocity and the azimuth angle, determining their ranges and distributions, 

and assessing the differences between the initial and final values of each parameter. We also 

determine the differences between these parameters and add the numbers in each part of the 

elevation angle. By incorporating these nuanced features, we aim to provide a comprehensive 

representation of the dynamic aspects of hand motions, which will be helpful for improving the 

accuracy of the later classification process. 

3.5. Classification 

In this work, the Random Forest algorithm has been used as the classification method. Although 

decision tree algorithms like C4.5, the classification and regression tree, ID3, and others are visually 

easy to understand, they are prone to noise and minor differences, increasing the chance of overfitting 

[22]. The Random Forest is a machine-learning ensemble technique that explicitly tackles these issues. 

During the training process, a significant number of decision trees are created, and each of them is 

built by randomly selecting a subset of features. Moreover, a voting method is utilized for the 

prediction of these trees afterward. The feature and sample selection variance improve the flexibility 

of the model, reduce the likelihood of overfitting, and enhance its generalization ability. 

4. Results and Discussion 

4.1. Radar System Configuration 

In experiments, the Texas Instruments IWR6843 millimeter wave (mmWave) radar board and 

the Texas Instruments DCA1000 data acquisition adaptor were utilized. The radar board is equipped 

with four transmitters and three receivers that function within the frequency range of 60-64 GHz. 

This setup enables outstanding range and velocity resolution. To create a virtual array for measuring 

the azimuth angle and the elevation angle, a setup with three transmitters and four receivers was 

utilized, resulting in a total of 12 antennas. Signals produced by a synthesizer were distributed via 

the two transmitters. Meanwhile, four receivers captured the signal after it was reflected from the 

target. 

4.2. Building Gesture Dataset  

The algorithm was performed offline. The data set was collected by our lab. It consists of eight 

dynamic movements, each accompanied by corresponding RDM images from different receive 

channels. The movements and their visual representations are explained as follows: 

• Wave (W) – The palm waves for two cycles. 

• Left (L) – The palm swipes from left to right  

• Right (R) – The palm swipes from right to left 

• Pat (P) – The palm moves back and forth rapidly for two cycles. 

• Push (PS) – The palm pushes forward 

• Pull (PL)– The palm pulls away 

• Clockwise (C) – The palm draws a clockwise circle in the air 

• Anti-Clockwise (AC) – The palm draws an anti-clockwise circle in the air 

4.2. Radar Image Examples  

The dynamic movements are recorded and analyzed to identify specific features such as the 

range, the velocity, and the angle.  

The palm is served as the region of motion and its coordinates are determined by the strongest 

signal in each frame. Figure 3 illustrates the pattern of the palm movement throughout time, and each 

gesture in the RDM is characterized by a unique hand movement. During the push (PS) action, the 

target moves upwards towards the top of the RDM, whereas during the pull (PL) action, it travels 

away from the RDM. On the right side of Figure 3, how distance and velocity vary with time is 

depicted. These variations prominently reveal the motion patterns to be recognized. For instance, 
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when performing a wave (W) motion, there is a periodic variation in speed; when executing a pat (P) 

gesture, there is a periodic change in both distance and velocity. In addition, 'push' and 'pull' exhibit 

distinctive characteristics in distance and velocity variations. However, to well distinguish other 

motions, other factors like the angle should also be considered. 

In the proposed algorithm, the angle value is added as a parameter to differentiate between 

various movements. Figure 4 illustrates the instances of the distributions of different hand 

movements in the range-angle domain. It is also noticeable that both left and right movements exhibit 

lateral displacement, whereas 'pat', 'push' and 'pull' are characterized by vertical motion. However, 

distinguishing between clockwise and counterclockwise movements is more complex solely based 

on these graphs. Consequently, we turn to analyze these eight gestures through additional defined 

parameters. 

(a) Wave 

 
 

(b) Left 

 
 

(c) Right 

 
 

(d) Pat 

 
 

(e) Push 

 
 

(f) Pull 
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(g) Clockwise rotation 

 
 

(h) Anti-clockwise rotation 

 
 

Figure 3. The range-Doppler map with gestures through frames. (a) Wave; (b) Left; (c) Right; (d)Pat; 

(e) Push; (f) Pull; (g) Clockwise; (h)Anti-Clockwise. 
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Figure 4. The range-angle in polar plot with different gestures. (a) Wave; (b) Left; (c) Right; (d)Pat; (e) 

Push; (f) Pull; (g) Clockwise; (h)Anti-Clockwise.  . 

4.3. Gesture Recognition Performance Analysis  

The experimental hand-gesture data consists of inputs from five separate right-handed persons, 

all of whom followed the exact instructions to perform and repeat 25 iterations of eight motions. This 

resulted in a total of 125 instances for each gesture. For data collection, a total of 100 frames were 

captured for each gesture, with participants positioned at a distance of roughly one meter from the 

radar sensor.  

For the classification, the Random Forest algorithm was utilized using a 5-fold cross-validation 

method, adopting an 80%-20% split between training and validation data. The adopted random forest 

architecture is configured with 20 trees in the ensemble. The training dataset consists of 100 

sequences, while the testing dataset has 25 sequences. The confusion matrix that resulted from the 

analysis of the suggested approach is depicted in Figure 5. The Random Forest method resulted in 

an overall accuracy rate of 95%. The left (L) gesture, in particular, demonstrated a significantly high 

accuracy of approximately 99%, making it distinctly recognizable.  

Tables 1 and 2 presents a comparison analysis using the Support Vector Machine (SVM) with 

one versus one technique, the K-Nearest Neighbors (KNN) algorithms with k set to five, and the NN 

methods apply the feedforward technique with 50 epochs. 

 

Figure 5.  The confusion map using the proposed algorithm. 

Table 1. Recognition Accuracy comparison for each method. . 

Method W L R P PS PL C AC 

SVM 99 98 91 99 95 91 91 90 

KNN 90 98 92 95 94 88 81 92 
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NN 96 88 88 92 96 88 80 92 

Proposed 94 99 94 97 95 92 93 92 

Table 2. Recognition Accuracy comparison for each method with time. 

Method Accuracy Training Time Testing Time 

SVM 95% 0.17 s 0.013 s 

KNN 91% 0.03 s 0.005 s 

NN 90% 2.76 s 0.021 s 

Proposed 95% 0.07 s 0.012 s 

The extended computational duration of the SVM is related to its architecture. During the 

training phase, the SVM undertakes a complicated procedure to choose the most proper hyperplane 

that effectively distinguishes various classes in the feature space, which results in a slower training 

speed. The low efficiency of the NN can be linked to the shortage of training data, reducing the 

capacity to learn an effective classifier due to the lack of diverse and representative examples. 

Moreover, its extended training duration is not suitable for the intended purpose. Among four 

approaches, the suggested approach can achieve the highest accuracy with less training and test 

times, highlighting its effectiveness in precisely categorizing hand movements. These results 

demonstrate the efficacy and proficiency of the suggested hand gesture recognition framework. 

5. Conclusions 

In this work, an accurate and efficient radar-based hand gesture recognition system was 

proposed. The data was acquired from the radar equipped with twelve virtual antennas. It was then 

processed by range and velocity calculations utilizing a 2D-FFT. Moreover, the modified CA-CFAR 

with mirror filters and target detection algorithms were also adopted to enhance the robustness. The 

azimuth angle variable was determined via the MUSIC method. Then, an improved way for elevation 

angle computation was also proposed. Next, the defined parameters were determined adaptively, 

subjected to feature extractors, and fed into the Random Forest system. The confusion matrix showed 

that the proposed gesture classification algorithm is robust, with each gesture reaching over 93% 

accuracy and an average of 95% overall accuracy across five folds. This result demonstrated the 

effectiveness of the proposed algorithm in accurately differentiating between eight movements. 

Additionally, the system performed exceptionally well without requiring a large dataset or a 

complicated training process, highlighting its efficiency and applicability in gesture detection 

applications in the industry.  
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