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 Radar-based gesture recognition has emerged as a robust alternative to 

vision-based systems, particularly in environments where lighting and 

privacy pose challenges. This study presents a simulation approach for 

recognizing hand gestures to control unmanned aerial vehicles (UAVs) using 

radar signals. Five discrete gestures, i.e., TakeOff, Land, MoveForward, 

TurnLeft, and stop, were defined and modeled in MATLAB to generate 

synthetic radar signals. From each sample, four time-frequency domain 

features were extracted: duration, maximum amplitude, dominant frequency, 

and root mean square (RMS). A dataset of 500 samples (100 per class) was 

classified using three supervised learning models: support vector machine 

(SVM), k-nearest neighbors (k-NN), and decision tree. The k-NN classifier 

achieved the highest accuracy of 96%, demonstrating the feasibility of 

lightweight classifiers for gesture recognition using low-complexity features. 

These results highlight the potential of radar-based interfaces to replace 

traditional remote controls in UAV operation. The proposed simulation 

framework contributes to the development of intuitive, non-contact human-

machine interaction systems. 
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1. INTRODUCTION 

Gesture recognition has become an emerging research domain due to its potential to enable natural 

and intuitive interaction between humans and machines. Traditionally, vision-based gesture recognition using 

red, green, blue (RGB) or depth cameras has been the predominant approach in various applications, 

including gaming, robotics, healthcare, and smart homes [1]–[4]. However, vision-based systems are 

sensitive to lighting conditions, occlusion, and privacy concerns. As an alternative, radar-based gesture 

recognition offers robust performance under challenging environmental conditions, does not require line-of-

sight, and ensures better privacy [5]–[8]. 

Radar sensors, especially micro-Doppler and frequency modulated continuous wave (FMCW) 

radars, have shown promising capabilities in capturing fine-grained hand movements by analyzing variations 

in signal features such as Doppler shifts and amplitude modulations [9]–[11]. The integration of radar 

technology with machine learning techniques has led to improved accuracy in human activity classification 

https://creativecommons.org/licenses/by-sa/4.0/
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[12]–[14]. In the context of unmanned aerial vehicle (UAV) control, current systems still heavily rely on 

remote controllers (RC) which, although reliable, are often non-intuitive, bulky, and require line-of-sight 

operation. Consequently, there is a growing interest in alternative command interfaces that are more user-

friendly and adaptive to dynamic environments. 

Despite the advances in radar-based gesture recognition, limited studies have addressed its 

application for UAV control in a simulated or real-world environment. The gap remains in the design and 

validation of a radar-based gesture recognition system specifically tailored to interpret discrete UAV 

command gestures. The existing approaches either focus on general gesture recognition or lack system-level 

simulation to evaluate feasibility in the UAV command context [15], [16]. 

This study addresses the gap in existing radar-based gesture recognition research by focusing on 

discrete UAV command interpretation within a simulation-driven framework. While prior works 

predominantly emphasize vision-based interfaces or deep-learning-intensive radar models, they often 

overlook system-level feasibility and computational constraints relevant to UAV platforms. The main 

findings demonstrate that five UAV command gestures can be effectively distinguished using a minimal set 

of time–frequency features, achieving up to 96% classification accuracy with a k-NN classifier. These results 

indicate that lightweight radar-based gesture recognition is a viable and efficient alternative to conventional 

remote controllers. The novelty of this work lies in integrating gesture-dependent Doppler modeling with a 

systematic evaluation of classical classifiers, providing an interpretable, computationally efficient, and 

embedded-friendly foundation for non-contact UAV control and future real-world implementation. 

 

 

2. METHOD 

This study proposes a simulated radar-based gesture recognition system for UAV command 

interpretation using MATLAB. The overall methodology consists of five stages, as shown in Figure 1:  

i) gesture scenario definition, ii) radar signal simulation, iii) feature extraction, iv) classifier training and 

testing, and v) performance evaluation. Each stage is described in detail below to ensure reproducibility. 

 

 

 
 

Figure 1. Simulation stage of the proposed radar-based gesture recognition system 

 

 

2.1.  Gesture scenario 

In this study, five discrete UAV command gestures were defined to simulate radar signal responses 

for classification. The selected gestures include TakeOff, Land, MoveForward, TurnLeft, and stop. Each 

gesture was conceptually designed to produce distinguishable temporal and spectral patterns in the simulated 

radar signal, ensuring that the feature space captures distinctive temporal and spectral characteristics that 

differentiate gesture classes. For each gesture type, a total of 100 samples were generated, resulting in a 

complete dataset of 500 labeled radar signal instances used for training and evaluation in subsequent stages. 

 

2.2.  Radar signal simulation 

Radar signal simulation was performed in MATLAB using synthetic models that mimic the micro-

Doppler signatures of hand movements. A general-purpose continuous-wave (CW) radar model was adopted 

to represent practical system constraints and signal characteristics, inspired by the Doppler processing stage 

of mmWave radar sensors such as the TI IWR6843AOP [17]. Each gesture’s radar return signal was modeled 

as shown in (1). Although FMCW radar is widely used in practical gesture recognition systems due to its 

ranging capability, a simplified CW signal model was employed in this study to focus specifically on gesture-

induced micro-Doppler characteristics. The primary objective of the simulation is not target range estimation, 

but the analysis of Doppler frequency variations and amplitude modulation patterns associated with hand 

motion dynamics. By abstracting the radar model to a CW representation, gesture-dependent kinematic 

behavior can be explicitly modeled through time-varying amplitude 𝐴(𝑡) and Doppler frequency shift 𝑓𝑑(𝑡), 
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while maintaining computational simplicity and analytical clarity. This modeling choice is well suited for 

feasibility evaluation and early-stage system design and remains representative of the Doppler processing 

stage in FMCW radar-based implementations. Different UAV command gestures are represented by distinct 

temporal profiles of 𝐴(𝑡) and 𝑓𝑑(𝑡), where faster or more directional hand movements result in higher 

Doppler shifts, while static or terminating gestures produce lower-frequency and shorter-duration signatures. 

 

𝑠(𝑡) = 𝐴(𝑡) ∙ cos⁡(2𝜋𝑓𝑑(𝑡)𝑡 + 𝜙(𝑡)) (1) 

 

where: 

𝐴(𝑡): Time-varying amplitude (modeled as Gaussian-modulated envelope), 

𝑓𝑑(𝑡): Doppler frequency shift (gesture-dependent), 

𝜙(𝑡): Instantaneous phase (randomized within a range), 

𝑡 : Time vector (duration up to 2 seconds at 1 kHz sampling rate).  

In practical FMCW radar systems, the same Doppler information can be extracted after range processing; 

therefore, the proposed CW-based modeling can be directly extended to FMCW implementations in future 

work. 

To emulate realistic variability in human hand motion, random variations were introduced in key 

signal parameters, including signal duration, amplitude, Doppler frequency, and phase. These variations 

ensure that multiple realizations of the same gesture are non-identical while preserving gesture-specific 

characteristics. The parameter distributions and ranges used in the synthetic radar signal generation are 

summarized in Table 1. Representative examples of the simulated time-domain radar signals for each gesture 

class are presented in Figure 2. As illustrated, each gesture exhibits distinct temporal and amplitude 

characteristics, which form the basis for subsequent feature extraction. 

 

 

Table 1. Parameter ranges used in synthetic radar gesture signal generation 
Parameter Distribution Range 

Duration Uniform 0.5 – 2 s 

Amplitude Uniform 0.8 – 1.2 

Doppler frequency Uniform 5 – 50 Hz 
Phase Uniform 0 – 2π rad 

 

 

 
 

Figure 2. Example time-domain radar signals generated for five UAV command gestures 

 

 

2.3.  Feature extraction 

To represent each radar signal in a compact and informative manner, four time-frequency domain 

features were extracted. These features were chosen based on their ability to capture key characteristics of 
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hand gestures in radar signals. The duration feature quantifies the active time span of the gesture, determined 

by identifying segments where the signal amplitude exceeds a predefined threshold. The maximum amplitude 

represents the peak value within the signal envelope and reflects the intensity of the gesture. The dominant 

frequency is calculated by applying the fast Fourier transform (FFT) and selecting the frequency component 

with the highest magnitude, which provides insight into the velocity of hand motion. Finally, the root mean 

square (RMS) is computed to capture the overall signal energy, using (2) [18]. 

 

RMS = √
1

𝑁
∑ 𝑥𝑖

2𝑁
𝑖=1  (2) 

 

where xi represents the amplitude samples and N is the total number of samples in the signal. The feature 

vectors were standardized using z-score normalization for the support vector machine (SVM) model. The 

decision tree (DT) and k-nearest neighbors (k-NN) models were trained on raw feature values. 

 

2.4.  Classification models 

Three supervised classification algorithms were implemented to recognize radar-based gesture 

commands, i.e., support vector machine with radial basis function (RBF) kernel [19], [20], k-nearest 

neighbors with k equal to 5 and Euclidean distance [21], [22], and decision tree, using binary splits and Gini 

index as the split criterion [23], [24]. The value k = 5 was selected as a commonly used compromise between 

noise sensitivity (small k) and excessive smoothing (large k), providing stable neighborhood voting for the 

given sample size. 

The input dataset comprised 500 samples, each with four extracted features. The dataset was divided 

into 70% for training and 30% for testing [25], [26] using stratified sampling to maintain class balance. Prior 

to training, feature standardization using z-score normalization (zero mean and unit variance) was applied for 

the SVM model only, while the DT and k-NN classifiers were trained on raw feature values. The 

classification process was carried out in MATLAB. Feature data was stored in a CSV file and imported using 

MATLAB’s readtable function. The processed data were then classified using SVM with a RBF kernel,  

k-NN with k = 5, and a DT classifier. 

 

2.5.  Evaluation metrics 

To assess the effectiveness of the classification models in recognizing radar-based gesture 

commands, two primary performance metrics were employed, namely classification accuracy and the 

confusion matrix. Classification accuracy represents the proportion of correctly predicted gesture labels 

relative to the total number of test samples. It serves as an overall indicator of model performance and is 

useful for comparing different classifiers under the same conditions. 

In addition to accuracy, confusion matrices were used to analyze the classification results in more 

detail by displaying the distribution of true versus predicted class labels [27], [28]. Each row in the confusion 

matrix corresponds to the actual gesture class, while each column indicates the predicted class. Diagonal 

elements reflect correctly classified instances, whereas off-diagonal elements reveal misclassifications. This 

visualization enables a deeper understanding of the strengths and weaknesses of each model in recognizing 

specific gestures. 

All metrics were computed based on the 30% test partition of the dataset, which contained 150 

unseen samples (30 per class) distributed evenly across all gesture classes. By analyzing both the accuracy 

and confusion matrix, we were able to evaluate not only the overall model performance but also the tendency 

of the classifiers to confuse certain gestures, which is critical for designing reliable gesture-based UAV 

command systems. 

 

 

3. RESULTS AND DISCUSSION 

This section presents the evaluation results of the proposed radar-based gesture recognition system 

for UAV command interpretation. The performance of three machine learning classifiers—SVM, k-NN, and 

DT—was compared using a dataset of 500 simulated radar gesture samples. Each classifier was trained on 

70% of the data and tested on the remaining 30%, using stratified random sampling to ensure class balance. 

 

3.1.  Classification accuracy 

The classification performance of the three machine learning models—SVM, k-NN, and DT—was 

evaluated using the test portion of the dataset, comprising 150 gesture samples (30 per class). Table 2 

presents the classification accuracy achieved by each model. 
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Table 2. Classification accuracy of each model 
Classifier Accuracy (%) 

SVM (RBF kernel) 87.33 
k-NN (k = 5) 96 

Decision Tree 84.67 

 

 

Among the three, the k-NN classifier achieved the highest overall accuracy of 96%, indicating 

excellent generalization capability with minimal misclassification. The SVM model followed with an 

accuracy of 87.33%, which also demonstrates strong classification performance, especially considering the 

non-linear nature of the gesture feature distribution. Meanwhile, the DT classifier achieved an accuracy of 

84.67%, showing moderate performance but slightly lower robustness compared to the other two. It should 

be noted that this accuracy reflects performance on a controlled synthetic dataset and therefore represents an 

upper-bound estimate rather than a direct measure of real-world performance. 

The superior performance of the k-NN model suggests that the distribution of radar gesture features 

in the four-dimensional feature space is well-suited for instance-based classification with Euclidean distance. 

These findings highlight the effectiveness of simple geometric classifiers when applied to well-engineered 

feature vectors, even without explicit feature normalization. 

 

3.2.  Confusion matrix analysis 

The confusion matrix of the best-performing classifier, k-nearest neighbors (k = 5), is presented in 

Figure 3. The matrix illustrates the number of correct and incorrect predictions for each gesture class. The 

diagonal elements represent correct classifications, while the off-diagonal elements indicate 

misclassifications. From the matrix, it can be observed that the move forward gesture was classified with 

perfect accuracy (30 out of 30), followed closely by Land (28 out of 30) and Stop (27 out of 30). These 

results indicate that the feature vectors derived from these gestures are sufficiently distinct, allowing the 

classifier to learn robust decision boundaries. The analysis highlights the reliability of the k-NN model in 

most gesture classes, while also suggesting the need for further feature refinement or advanced modeling 

(e.g., ensemble methods or deep learning) to better distinguish between gestures with similar dynamic 

profiles. 

 

 

 
 

Figure 3. Confusion matrix of k-NN classifier results 

 

 

3.3.  Interpretation and application 

The results obtained from the k-NN classifier, which achieved an accuracy of 96%, demonstrate the 

viability of radar-based hand gesture recognition for UAV command interpretation. With four low-

complexity features—duration, maximum amplitude, dominant frequency, and RMS, the system was able to 

distinguish five predefined gestures (TakeOff, Land, MoveForward, TurnLeft, and Stop) with high reliability. 

The model's strong performance reinforces the effectiveness of simple time-frequency features when properly 

engineered and normalized. The observed misclassification between the TurnLeft and Stop gestures can be 
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attributed to similarities in their temporal and energy-related characteristics when represented using the 

selected feature set. In particular, both gestures may exhibit comparable signal durations and RMS values, 

especially when the turning motion is performed with limited angular velocity or when the stopping gesture 

includes brief transitional movements. Since the current feature set does not explicitly encode temporal 

sequence information or motion directionality, such overlaps can lead to ambiguity in the feature space. 

Incorporating temporal modeling approaches, such as hidden Markov models (HMMs) or recurrent neural 

networks (RNNs), as well as direction-sensitive features derived from time–frequency representations, could 

potentially mitigate this ambiguity in future implementations. 

From an application standpoint, these findings suggest that a radar-based gesture recognition system 

could serve as a promising alternative to conventional remote controls in UAV operations. The intuitive and 

contactless nature of gesture interfaces offers potential advantages in scenarios where physical control is 

impractical or unsafe, such as during disaster response, hazardous environments, or accessibility support for 

users with physical limitations. Moreover, the use of radar provides robustness under low-light or visually 

obstructed conditions, which are limitations of camera-based systems. The current simulation results form a 

foundation for future implementation using real radar sensors and embedded systems. Future improvements 

may involve expanding the feature set, incorporating advanced temporal and directional modeling techniques, 

or integrating sensor fusion to further improve classification robustness in dynamic environments. 

Although the k-NN classifier achieved a high accuracy of 96%, it should be noted that the dataset 

used in this study was synthetically generated under controlled simulation assumptions. As a result, the 

reported performance represents an upper-bound estimate of classification accuracy rather than a direct 

indication of real-world performance. Nevertheless, the primary objective of this work is not to claim 

superiority over deep-learning-based approaches, but to evaluate the feasibility of using low-complexity 

time–frequency features and lightweight classifiers for UAV command interpretation. The results 

demonstrate that, even with a minimal feature set, radar-based gesture recognition can achieve reliable 

discrimination among discrete UAV commands at the simulation level, thereby providing a solid baseline for 

subsequent validation using real radar sensors and more complex datasets. Future studies will focus on 

validating the proposed framework using real FMCW radar measurements and investigating the impact of 

noise, clutter, and inter-subject variability on classification performance. Compared to deep learning-based 

gesture recognition approaches that typically require large datasets and high computational resources, the 

proposed lightweight framework emphasizes interpretability and feasibility for early-stage UAV system design. 

 

 

4. CONCLUSION 

This study has successfully demonstrated that radar-based hand gesture recognition may serve as a 

viable alternative to conventional RC systems with non-contact, intuitive interfaces. Using simulated radar 

signal features, duration, maximum amplitude, dominant frequency, and RMS—this work evaluated the 

classification performance of three machine learning models: SVM, DT, and k-NN. 

The best-performing model, k-NN, achieved an accuracy of 96%, confirming the feasibility of 

lightweight classifiers to effectively recognize five distinct UAV command gestures. These findings are 

consistent with earlier research in gesture recognition that highlights the potential of radar sensors for robust 

classification under variable conditions. 

This research extends previous work by simulating a complete gesture classification pipeline 

tailored specifically for UAV command tasks, thereby addressing the gap in system-level validation of radar-

based control interfaces. Furthermore, the confusion matrix analysis revealed specific gesture pairs (e.g., 

TurnLeft vs. Stop) that may benefit from enhanced feature design, providing insight for further research. This 

work advances the state of the art by proposing a reproducible and efficient framework for gesture-based 

UAV interaction, with potential applications in environments where physical control is impractical or unsafe. 

Future research should focus on implementing real-time systems with actual radar hardware, incorporating 

temporal dynamics, and expanding the gesture vocabulary to enable more complex UAV operations. In doing 

so, this study contributes to the growing body of research in radar-based human-machine interaction and 

opens new directions for adaptive UAV control interfaces. These outcomes align with the initial goal of 

evaluating the feasibility of radar-based gesture recognition as an alternative control interface for UAVs. 
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