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Abstract: With the wide application of drone technology, there is an increasing demand for the detection of radar return signals from drones. Existing detection methods mainly rely on time-frequency domain feature extraction and classical machine learning algorithms for image recognition. This method suffers from the problem of large dimensionality of image features, which leads to large input data size and noise affecting learning. Therefore, this paper proposes to extract signal time-domain statistical features for radar return signals from drones and reduce the feature dimension from 512 × 4 to 16 dimensions. However, the downscaled feature data makes the accuracy of traditional machine learning algorithms decrease, so we propose a new hybrid quantum neural network with signal feature overlay projection (HQNN-SFOP), which reduces the dimensionality of the signal by extracting the statistical features in the time domain of the signal, introduces the signal feature overlay projection to enhance the expression ability of quantum computation on the signal features, and introduces the quantum circuits to improve the neural network’s ability to obtain the inline relationship of features, thus improving the accuracy and migration generalization ability of drone detection. In order to validate the effectiveness of the proposed method, we experimented with the method using the MM model that combines the real parameters of five commercial drones and random drones parameters to generate data to simulate a realistic environment. The results show that the method based on statistical features in the time domain of the signal is able to extract features at smaller scales and obtain higher accuracy on a dataset with an SNR of 10 dB. On the time-domain feature data set, HQNN-SFOP obtains the highest accuracy compared to other conventional methods. In addition, HQNN-SFOP has good migration generalization ability on five commercial drones and random drones data at different SNR conditions. Our method verifies the feasibility and effectiveness of signal detection methods based on quantum computation and experimentally demonstrates that the advantages of quantum computation for information processing are still valid in the field of signal processing, it provides a highly efficient method for the drone detection using radar return signals.
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1  Introduction

Signal detection extracts the relevant parameters of the signals containing interference and noise received at the receiving end using statistical theory, probability theory, and other methods to determine whether the target signal exists. Signal detection can accurately and effectively identify and distinguish target signals, which is of great significance in enhancing the detection capability in complex environments, improving the anti-interference capability of the system, and providing auxiliary decision support. Radar return signal detection is an important applied research direction.

As a new type of aerial vehicle, drones are playing an increasing role in applications such as courier transportation [1,2], emergency medical care [3], healthcare [4], precision agriculture [5], and forestry protection [6]. The use of drones brings convenience but is also accompanied by security and privacy, air traffic, noise pollution, misuse in illegal areas, and other problems, so it is necessary to use technical means to detect and identify them, and to carry out monitoring, scheduling, and management of drones.

With signal detection rapidly entering the intelligent analysis stage, intelligent signal detection techniques based on machine learning are playing an increasingly important role. Radar sensors have the advantages of working efficiently and stably in complex environments and having a wide detection range. Extracting the spectrogram of radar return signals using short-time Fourier (STFT) and then applying machine learning algorithms to learn the spectrogram is an important drone detection method [7–9]. However, this method has the problem of high dimensionality of image features, which makes the input data processing of the machine learning model huge, and there are a large number of redundant features, and the noise can easily interfere with the model learning [10]. Therefore, we propose to extract the time-domain statistical features in the radar return signals that are related to drone detection for analysis and processing, and when the extracted time-domain statistical features have enough information about drone detection, the accuracy of detection can be effectively improved while reducing the feature dimensions, which is proved in Experiment 4.5.

The large reduction in data dimensions can lead to low accuracy of classical machine learning models in this task. Quantum computation is executed in Hilbert space and realized by quantum entanglement, superposition, and other properties [11], which have advantages unmatched by classical vector space [12,13], and these advantages have also been proved by experiments [14]. As quantum computing enters the NISQ era [15], quantum intelligence work based on quantum computing technology is gradually carried out, and many scholars have demonstrated that various types of classical machine learning algorithms after quantum optimization have been improved in terms of performance and robustness compared with the original classical machine learning algorithms [16–18].

Hybrid quantum neural networks use quantum mechanics to optimize the classical machine learning process, and use classical neural network architecture to drive parameterized quantum circuits to learn specified tasks, achieving high accuracy and efficiency [19,20]. Therefore, we introduce a hybrid quantum neural network and apply the advantage of quantum-specific superposition in Hilbert space to obtain the inline relationship of low-latitude signal features, to improve the accuracy of detecting drones using radar return signals as well as enhance the migration generalization ability, which is verified in Experiment 4.5 and Experiment 4.6.

Machine learning requires a large amount of data and therefore simulated data is needed to emulate real data scenarios. We chose to use the MM model [21,22] to simulate the generation of radar return signals from drones. The MM model is used to simulate the radar return signals from the propeller blades of the aircraft, so by choosing the appropriate parameters and introducing the real parameters of the drone, it can be used to simulate the radar return signals from the propeller blades of the drone. In addition, the MM model can simulate different signal-to-noise ratio conditions, making the data more capable of imitating reality [23]. The researcher migrated the model generated by training on the MM model simulation data to a real-world drone dataset collected using radar, which could achieve a peak performance of 0.700 in F1-score, thus demonstrating the feasibility of machine learning for drone detection on simulated samples generated using the MM model to aid in real-world drone detection research [24]. Based on the MM model, on the one hand, the parameters of five real commercial drones were used to generate the dataset, and on the other hand, to adapt to the uncertainty in the real environment, random drones parameters were also used to generate the dataset for comparative analysis.

Overall, this paper proposes a new Hybrid Quantum Neural Network with Signal Feature Overlay Projection (HQNN-SFOP) for drone detection using radar return signals and experiments on the simulated datasets. The contributions of this paper are as follows:

1. This study proposes a signal time-domain statistical feature extraction method, which extends the field of view for extracting the features of radar return signals from drones and provides a new analytical perspective and processing strategy in this field.

2. We apply a hybrid quantum neural network to the detection of radar return signals from drones and successfully introduce the superposition property of quantum computing into the field of signal processing, which realizes the quantum intelligent processing of radar signals from drones.

3. We propose HQNN-SFOP, a signal detection method combining the signal time-domain statistical features and the hybrid quantum neural networks, which opens up a novel method different from time-frequency-domain features combined with classical CNN for drone detection using radar return signals.

4. Compared with traditional methods, HQNN-SFOP not only has smaller feature dimensions, but also exhibits higher accuracy and migration generalization ability, which significantly improves the efficiency and performance of detecting drones using radar return signals, and provides valuable experience and technical accumulation in the field of signal processing and machine learning.

The paper is structured as follows:

Section 2 is the background, which introduces the research status of drone detection and signal feature extraction. Section 3 is the methods, which introduces the overall architecture and details the various aspects of the architecture, including the generation of radar return signals from drones, statistical feature extraction in the time domain of the signal, and Hybrid Quantum Neural Networks with Signal Feature Overlay Projection. Section 4 is experiments and results, describes the datasets used for the experiments, as well as the baseline, data preprocessing and feature selection, and the results of the experiments, including a comparison of the results with the classical machine learning algorithms, a comparison of the migration generalization capabilities and the ablation study. Section 5 proceeds to summarize the paper and discusses future research directions.

2  Background

2.1 Drone Detection

Existing sensors for drone surveillance include acoustic sensors, optical sensors, and radar sensors. Acoustic sensors utilize microphones to capture the acoustic signals from the drone and then use acoustic processing to detect the drone [25,26]. However, acoustic sensors have a small operating range, some with a surveillance distance of only 200 m, and they cannot work in bad weather conditions such as rain or snow, and are easily affected by noise in the environment. Optical sensors utilize cameras to track drones and process image and video data for drone detection [27,28]. Optical sensors are limited by the camera’s viewing angle and range of capture, and nighttime, extreme weather conditions, and the presence of obstacles can affect the sensor’s ability to capture. Radar is an important device for drone detection because of its adaptability to weather and lighting conditions, its wide coverage, and its ability to monitor in cluttered environments [7].

There have been researchers using classical machine learning methods combined with radar return signals to carry out drone detection tasks, using machine learning algorithms including SVM [8], DecisionTree [29], CNN [28,30,31], and so on. Most of these methods use Short Time Fourier (STFT) to extract the spectral image dataset and machine learning algorithms then detect and classify the image data [7,23], CNNs can achieve optimal performance [9]. However, the method based on image recognition to detect radar return signals from drones suffers from the problem of high dimensionality of image features. The common datasets for existing image recognition techniques have a minimum image dimension of 28 × 28 [32,33], and the spectrogram feature dimensions of the radar return signals from drones will only be higher, for example, the size of the spectrogram in the paper [24] is 512 × 4, the high-latitude features make the amount of input data processing for machine learning models very large, on the other hand, many of these image features are irrelevant to signal detection, but will instead bring interference to model learning [10]. Therefore, there is a need to find low-latitude features that are sufficient to characterize the detection of radar return signals from drones.

2.2 Signal Feature Extraction

In signal processing, raw signals often have very complex characteristics and structures, which may be very difficult to analyze and process directly. Signal feature extraction can convert the original signal data into statistical quantities or other forms of information that can reflect the characteristics of the data, and the methods include time-domain extraction, frequency-domain extraction, and time-frequency domain extraction. Time domain features are used to extract the statistical characteristics of the signal on the time axis, such as the period of the signal, waveform, etc., which can reflect the fluctuation and transformation of the signal in time. Signal frequency domain feature extraction extracts the spectral information of the signal by frequency, including the amplitude and phase of different frequencies. Time-frequency domain feature extraction combines the time and frequency domains to show the characteristics of the signal in the time and frequency domains at the same time, in which the short-time Fourier transform is used more often to generate spectral maps [34]. Different feature extraction methods need to be selected according to different application scenarios.

Compared with the features extracted from frequency and time-frequency domains, time-domain features are easy to extract. In addition, Compared with image recognition, there are several advantages of time-domain statistical features, firstly, it can better capture the essential properties of the signal, discover the salient laws and statistical characteristics of the signal, and improve the accuracy of analysis; secondly, compared with high-latitude image features, it can accurately focus on the subtle characteristics that are more relevant to signal detection, downsize the signal, reduce the amount of data processing of the model, simplify the processing, and improve the analysis efficiency; thirdly, the extraction of signal time domain statistical features can obtain the stable and invariant features of the signal, and has strong robustness to noise and other interference factors. The advantages of time-domain statistical feature extraction, such as enhanced accuracy, improved analysis efficiency, and high robustness, make it have a wide range of application prospects and potentials in the field of signal processing.

Therefore, we consider extracting time-domain statistical features of the signal, which are selected to have a small feature set size, high accuracy, and stronger stability when there is enough information to distinguish the drone from the noise case. The time-domain feature selection process is described in Experiment 4.4, and the time-domain feature extraction process is described in Section 3.3.

3  Methods

In this section, we first introduce the overall architecture of HQNN-SFOP and show the functions of each link in the framework by using a drone as an example. The subsequent subsections describe in detail the implementation methods of each link, respectively.

3.1 Structure

We use the hybrid quantum neural networks with signal feature overlay projection (HQNN-SFOP) to detect the simulated radar return signals generated by real drone parameters, and the links include the generation of radar return signals from drones, signal time-domain statistical feature extraction, and the detection by the hybrid quantum neural networks with signal feature overlay projection (Fig. 1). Next, we take the drone Parrot Disco as an example to show the functions of each link. The remaining four drones, DJI Mavic Air 2, DJI Mavic Mini, DJI Matrice 300 RTK, and DJI Phantom 4, are handled similarly.
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Figure 1: General structure

Parrot Disco is a drone used in various industries such as mapping, exploration, and environmental protection. It has 2 blades, the distance between the root of the blade and the center of rotation is 0.6 cm, the distance between the tip of the blade and the center of rotation is 5 cm, and the rotational frequency of the blade is 116 Hz.

Inputting these parameters of the Parrot Disco into the MM model allows for the generation of radar return signals that simulate the propeller blades of the drone. In addition, the model can add noise to the signal and also generate a noisy signal. Fig. 2 gives an example of the generation of a radar signal reflected from the drone Parrot Disco at an SNR of 10 dB. Fig. 3 gives an example of the noise signal.
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Figure 2: Real-valued portion of a radar signal reflected from the drone Parrot Disco with an SNR of 10 dB. The red line identifies some of the time-domain statistical features
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Figure 3: Real-valued portion of noise’s time series

The signal time domain statistical feature extraction is performed on the radar return signal from drones and noise signals. Comparing Figs. 2 and 3, we can see that the drone signal and noise have different time domain statistical features such as maximum value, minimum value, median, peak-to-peak value, and so on. In terms of other subtle features such as mean, variance, peak, margin factor, impulse factor, and other subtle features that are not directly observable by the naked eye or image recognition, as well as the inline relationship of these subtle features, the drone and noise have even more significant differences. Therefore, these extracted statistical features in the time domain can be used as the object of HQNN-SFOP learning to detect drones and noise. For the time-domain statistical features extracted from the real-valued portion and imaginary portion of the signal, we obtain a total of 16-dimensional features as in Table 1, which are used for the subsequent learning of the HQNN-SFOP model.
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The extracted time-domain statistical features are encoded from classical data into quantum states and input into the HQNN-SFOP model, where the signal feature superposition projection amplifies the subtle features of the quantum state signal eigenvectors, and the hybrid quantum neural networks model learns the inline relationships of these features to detect drones and noise.

We explore the potential of drone detection tasks through quantum computing. On the one hand, it expands new application areas for quantum computing and explores its advantages in the field of signal analysis; on the other hand, it also explores feasible directions for the iterative technological evolution of signal intelligence analysis and lays the foundation for the application of future disruptive computing technologies. In the following, we will introduce each link in the process in detail.

3.2 Generation of Radar Return Signals for Drones

To compare the results, we use the previous method [24] to generate drone signal and noise datasets by applying the MM model. The MM model combines the application of electromagnetic wave theory, and by inputting different parameters to it, it can simulate the radar return signals of different aircraft propeller blades, which are defined as follows:

Ψ(t)=Arej(2πfct−4πλ(R+Vradt))∑n=0N−1(α+βcos⁡(Ωn))e−jL1+L22γnsinc(L2−L12γn)(1)

where

α=sin⁡(|θ|+Φp)+sin⁡(|θ|−Φp)

β=sign(θ)(sin⁡(|θ|+Φp)−sin⁡(|θ|−Φp))

Ωn=2π(frott+nN)

γn=4πλcos⁡(θ)sin⁡(Ωn)

The parameters used in the MM model are explained in Table 2. These parameters are categorized by function into radar characterization parameters, aircraft characterization parameters, and aircraft-radar positional relationship characterization parameters. Configuring the two radar characteristic parameters fc and λ identifies the particular radar that one wishes to simulate. By configuring N, L1, L2, and frot these aircraft characteristic parameters can determine the aircraft blade characteristics and thus specify the aircraft type. Configuring θ, Φp, R, and Vrad then specifies the aircraft position.
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The simulated radar emission signal is an X-band signal with an emission frequency fc of 10 GHz and a wavelength λ of 3 cm. Five real commercial drones, DJI Mavic Air 2, DJI Mavic Mini, DJI Matrice 300 RTK, DJI Phantom 4, and Parrot Disco, are simulated here to generate samples, each of which is generated by the parameters of one of the five drones were simulated to generate the samples. The parameters of the five drones are shown in Table 3.
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To accommodate uncertainty in real-world environments, a set of randomized drones datasets were generated for comparative analysis using the parameters in Table 4. The number of blades N in Table 4 is any integer between 2 and 5, while L1, L2, and frot are random values within a specific range, which are reasonably filtered to accommodate a variety of new and ever-innovating drones. In addition, the value of L2 is an increase from L1 to ensure that the parameters are consistent with the characteristic that the distance between the tip of the blade and the center of rotation of a real drone is greater than the distance between the root of the blade and the center of rotation.
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The parameters θ, Φp, and Vrad are configured in Table 5.
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In combination with the real-valued scalar Ar, noise can be introduced in the signal. The noise is derived from the single-pulse signal-to-noise ratio, and the equation is defined as follows:

SNR=10log10(Ar2δn2)(2)

The noise δn can be solved for according to the above equation, and the noise added to the signal is obtained by sampling in υ∼N(0, δn).

3.3 Extraction of Statistical Features in the Time Domain of the Signal

Our feature extraction method is different from other methods, which use the Fourier transform to obtain spectrograms and then learn image features to detect them by classical machine learning methods. For the radar signal generated by the MM model, we extract the time-domain statistical features with strong relevance to drone detection, including the maximum, minimum, median, mean, variance, peak, peak-to-peak, margin factor, impulse factor, etc., which are used to describe the statistical properties of the signal. HQNN-SFOP is used to learn the inline relationship of the 16-dimensional features to detect the signals. These features are defined and described as follows:

Max: Maximum value of the sampling result of each sampling point of the signal.

SC1=max(xi)(3)

Minimum: Minimum value of the sampling result of each sampling point of the signal.

SC2=min(xi)(4)

Median: The sampling value in the signal is in the middle of each sampling point.

SC3={xn+12n is an odd numberxn2+xn2+12n is an even number(5)

Mean: Expectation, is the average value of each sample of the signal.

SC4=1n∑i=0n−1xi(6)

Variance: The mean of the squares of the difference between the sampled values and the average value of the signal, which reflects the degree of dispersion between the data.

SC5=1n∑i=0n−1(xi−SC4)2(7)

Peak: Maximum value of absolute value of each sample of signal.

SC6=max(|SC1|, |SC2|)(8)

Peak-to-peak: Difference between the maximum and minimum of the signal, describes the transform range of the signal.

SC7=SC1−SC2(9)

Margin: The ratio of the maximum value of the signal to the square of the square root of the expectation of the sampling result, which describes the transform margin of the signal.

SC8=SC1(1n∑i=0n−1|xi|)2(10)

Pulse: The ratio of the maximum value of the signal to the expected absolute value of the sampling result, which describes the pulse characteristic of the signal.

SC9=SC11n∑i=0n−1|xi|(11)

Due to the characteristics of the signal itself, Max, Minimum, Median, Mean, Peak-to-peak, Margin, and Pulse include real and imaginary values, thus forming 16-dimensional features. We analyze the correlation between these features and the labels through the feature selection of Experiment 4.4, and obtained the 16-dimensional feature selection scheme.

Compared with image detection, this method of extracting the statistical features of the signal in the time domain and then detecting them can more accurately obtain the subtle features of the signal, reduce the degree of redundancy of the feature data, and improve the detection ability of the signal processing, as well as effectively reduce the complexity of the HQNN-SFOP model, and improve the efficiency of the training and stability, which is effectively demonstrated in the later Experiment 4.5 and Experiment 4.6.

3.4 Hybrid Quantum Neural Networks with Signal Feature Overlay Projection

3.4.1 Signal Feature Overlay Projection

In classical signal processing, the analysis of signals is often limited by the quality of signal features in the sample set. Relevant studies have shown that in Hilbert space, quantum has a unique superposition recognition ability for information [35], and the use of this advantage can improve the expression ability of a quantum machine learning model [36]. We creatively apply this capability of quantum information in the field of signal processing to overlap the feature vectors of radar return signals from drones to amplify the subtle features of the processed objects and to enhance the representation of the feature vectors to the radar return signals.

Suppose |si⟩=(si0, si1,…,si(n−1))T is the radar return feature vector in quantum Hilbert space. The signal feature overlap projection formula for this vector is as follows:

Si=|si⟩|si⟩(12)

Signal feature overlap projection in quantum circuits is manifested by the fact that signal feature vectors are introduced into quantum bits more than once, and these quantum bits are not only affected by the previous quantum bit but also reintroduced into the input signal feature vectors each time, thus realizing the overlap operation on the signal feature vectors (e.g., Fig. 1).

Interpreted geometrically, the classification of a quantum classifier in Hilbert space is related to its layer in the Bloch sphere. The signal feature superposition projection operation corresponds to a unitary rotation, a rotation of quantum bits, which expands the single layer of feature data in the Bloch sphere into more layers [35], thus amplifying the subtle features of the signal and facilitating the learning of the quantum classifier. The quantum space sample set after signal feature overlap projection, compared to the sample set before overlap projection, can effectively improve the detection performance in the next stage of hybrid quantum learning training, as verified in Section 4.7.2.

3.4.2 Hybrid Quantum Neural Networks

The HQNN-SFOP in our study fully utilizes the advantages of quantum computing and consists of a hybrid of quantum feature learning module and classical optimization module (e.g., Fig. 1). The quantum feature learning module contains a quantum coding layer, a parameterized quantum circuits layer, and a quantum circuits measurement layer, which are used for data quantization processing and parameter learning of the sample set. The classical optimization module drives the quantum feature learning module to perform iterative optimization through the gradient descent algorithm so that the prediction results of the whole hybrid networks gradually approach the labeling results of the sample dataset.

Quantum Coding Layer

The quantum coding layer encodes classical data into quantum states for subsequent quantum manipulation and processing. We choose rotational coding for quantum coding and overlap projection of signal features on the quantum Hilbert space data of the samples. Rotational coding is a coding method for simple data sets. It introduces rotational operations to enrich the quantum representation of the data, which makes the data have more complex and rich states in the quantum space, and can more accurately represent and process data sets with complex structures or patterns with more expressive power and flexibility. The encoding of rotational encoding is a quantum bit-based embedding that encodes each feature s→i of the vector sij into the angle of rotation of the quantum bit through the Pauli rotation (σx, σy, σz), respectively, to obtain the data features, corresponding to the quantum state |sij⟩=cos⁡sij|0⟩+sin⁡sij|1⟩ form.

We use rotational coding in the quantum coding layer with overlap projection of signal features, which can extend the layers of feature data in the Bloch sphere and amplify the subtle features of the signal, effectively improving the detection performance of the hybrid quantum neural networks up to about 0.01 to 0.03 (Experiment 4.7.2), thus enhancing the model’s ability to represent the features in the radar return data of drones.

Parameterized Quantum Circuits Layer

The parameterized quantum circuits layer is responsible for processing quantum states, which can adjust the parameters of the quantum circuits according to the task requirements, simulate the data relations within the quantum states, extract the effective quantum features, and approximate the objective function within the allowable error range, and its function is similar to the hidden layer with significant expressive ability in the classical neural networks.

The configurable part of the parameterized quantum circuits layer includes the topology of the cell layer and its stacking times (i.e., the number of cell layers). The topology of the cell layer is composed of different selections and layouts of quantum gates with and without parameters. Quantum gates with parameters include Ry(θ), Rx(θ), etc., and quantum gates without parameters include CNOT. Rx(θ) means rotating the quantum state around the X-axis in Hilbert space, and Ry(θ) means rotating around the Y-axis.

The parameterized quantum circuits we designed are shown in Fig. 4, where the number of cell layers of the quantum circuits is 10 and the number of quantum bits is 16, mapping 16 features to 16 quantum bits, respectively. The use of the CNOT gate between each pair of quantum bits ensures that the quantum-encoded data realizes quantum state entanglement in Hilbert space. The entire quantum circuits consist of Ry(θ), Rx(θ) gates, and the role of parameter θ in the quantum circuits is similar to the weight in classical neural networks. In the training, different evolutions of the quantum system are realized by adjusting the θ parameter, and the θ parameter is updated by control iteration of the classical optimization module to achieve the fitting of the correlation between the data features of the sample data set.
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Figure 4: Parameterized quantum circuits

Similar to the generalized approximation theorem [37] for classical networks, parameterized quantum circuits can fit any objective function approximately, and thus parameterized quantum circuits are considered to be similar to the layer of connected computational units controlled by adjustable parameters in neural networks [20]. The researcher used the Fisher information matrix to measure the amount of information and used the effective dimension to evaluate the model’s ability to generalize to the data, and finally concluded that compared to classical neural networks, the Fisher information matrix features of quantum circuits are more uniformly distributed, and can consistently achieve the highest effective dimensions over a limited range of data, and thus are expected to generate models with greater capacity and stronger generalization ability [38].

Quantum Circuits Measurement Layer

The quantum circuits measurement layer extracts useful information from quantum states through quantum measurements and converts it back to classical data for further analysis and processing.

We use the TensorCircuit [39] simulator to measure the expected value of each quantum bit on the Z-axis, and these expected results are rowed into a set of measurement result vectors [E0, E1,…,En−1].

In summary, the quantum feature learning module is formulated as follows:

PQ(s, θ)=|w(θ)⟩|v(s)⟩|φini⟩(13)

where |w(θ)⟩ is a parameterized quantum circuit whose parameter θ is a matrix of [2∗L, Qbit], L is the number of cell layers, and Qbit is the number of quantum bits. |v(s)⟩ represents the quantum coding and |φini⟩ is the random initialization value.

Classical Optimization Module

The classical optimization module includes a classical fully connected layer and optimization, the vector data [E0, E1,…,En−1] obtained from the quantum circuits measurement layer is inputted to the classical optimization module, and the output of the fully connected layer is the predicted detection result, i.e., whether it is a drone or not.

We use the sigmoid function activation of the classical algorithm at the fully connected layer to normalize the output so that the prediction yields a probability between 0 and 1, which is defined as:

S(x)=11+e−x(14)

The formula for the fully connected layer is:

PC(x, θ′)=w(θ′)x+b(15)

where x is the feature vector [E0, E1,…,En−1], obtained by the quantum feature learning module.

The entire optimization process of the hybrid quantum neural networks is a back-propagation process, where the gradient of the classical fully connected layer is computed first, and then, from back to front, the gradient of the parameterized quantum line layer is computed. We use TensorFlow’s auto-differential method here to implement the solution of the parametric gradient, using the binary cross-entropy function to calculate the loss value and Adam’s algorithm for optimization.

Many quantum machine learning algorithms outperform classical algorithms on certain problems [18], bringing quantum acceleration [40]. The hybrid quantum-classical optimization algorithm is one of the most promising recent algorithms in the quantum field [41]. Parameterized quantum circuits are the counterpart of classical feed-forward neural networks in the field of quantum machine learning [42], the ability of quantum neural networks to deal with correlations between data is related to the entanglement of quantum wavefunctions, and quantum entanglement in quantum mechanics is the key to quantum classifiers; moreover, quantum classification circuits do not amplify the noise of the data and labels [43]. Quantum circuits learning has the potential to represent more complex functions than classical algorithms [19]. HQNN-SFOP is a hybrid quantum-classical optimization algorithm with a parameterized quantum circuits layer that achieves entanglement between quantum bits through the CNOT gate. Due to the superposition and entanglement properties of quantum states in Hilbert space, compared to the classical two-dimensional space, HQNN-SFOP can extract the feature information of signals in Hilbert’s high dimensional space [11], and the robustness of parameterized quantum circuits to the noise of data and labels makes them have better accuracy. Experiment 4.5 verifies that HQNN-SFOP has a stronger learning capability compared to the classical algorithm.

4  Experiments and Results

We experimentally validate the proposed use of the hybrid quantum neural networks with signal feature overlay projection (HQNN-SFOP) for detecting radar return signals from drones after extracting the statistical features of the signals in the time domain, and this section describes in detail the datasets used in the experiments, the relevant baselines, the data preprocessing process, and the results of the comparative analyses of the various experiments.

4.1 Dataset

We use the MM model to generate the dataset, which is defined as follows:

{S1:ψ(t)+υ(t)S0:υ(t)(16)

S1 represents the case of the existence of a drone, S0 represents the case of no drone only noise, in the formula ψ(t) is the drone without noise, υ(t) is the noise. This is the theory of hypothesis testing in mathematical theory, according to the verdict for the existence and non-existence of the target signal, which is a binary hypothesis testing problem. We generate a sample dataset based on this definition, and the length of each sample is 0.4 s. For this dataset, the machine learning method is used to do binary classification after extracting time domain statistical features.

The number of samples for each training dataset is 900, of which 450 are sample data generated from the parameters for five types of drones and 450 are noise sample data. The number of samples for the validation dataset is 300, with half of the sample data from the parameters for five types and half of the sample data from noise. There are three test datasets so that the standard deviation of the measurement results can be generated, and the number of sample entries for each test dataset is 300, with half each of the five drones parameter sample data and the noise sample data as well. The ratio of training set, validation set, and test set is 6:2:2.

To improve the compatibility of the model, drone sample data were also generated using random parameters, with the same number and proportion of training, validation, and test sets as above, with the difference that the five drones parameter sample data were replaced with random drones sample data.

We generated sample datasets at SNRs of 0, 5, 10, 15, and 20 dB, respectively, which are convenient for subsequent experimental analysis and comparison. In the real task, a negative SNR indicates that the noise is stronger than the signal, and this extreme case generally requires noise reduction processing to strip off the noise to optimize the signal quality before analysis, which is not in our current discussion.

4.2 Configuration

We use Tensorflow to build a neural network framework and Tensorcircuit to simulate quantum circuits. Classical machine learning algorithms such as SVM, LogisticRegression, DecisionTree, GaussianNB and BernoulliNB come from Scikit-learn. All implementations are based on the Python language.

We use 16 qubits to execute the HQNN-SFOP circuits. The training batch_size is 16 and the epoch is 6. We used the binary cross-entropy function to calculate the loss value, and the Adam algorithm with a learning rate of 0.03 was used for optimization.

4.3 Baseline

We use a baseline of metrics commonly used in machine learning, including ACC and F1-score, to provide an all-encompassing assessment of classifier results.

A confusion matrix is shown in Table 6, which contains the true and predicted classifications of the sample dataset with Positive and Negative results in the true and predicted classifications, respectively.
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The descriptions of TP, FP, FN, and TN in the confusion matrix are as follows:

TP: represents the case where the true classification value is Positive and the predicted classification value is also Positive.

FP: represents the case where the true classification value is Negative and the predicted classification value is Positive.

FN: represents the case where the true classification value is Positive and the predicted classification value is Negative.

TN: represents the case where the true classification value is Negative and the predicted classification value is Negative.

Based on the confusion matrix above, Accuracy, Recall, Precision, and F1-score can be defined.

ACC: is the proportion of the total sample size that is correctly categorized.

ACC=TP+TNTP+FP+TN+FN(17)

In general, the larger that accuracy is, the better. In the case of unbalanced label distribution, especially in extreme cases, such as 99 out of 100 sample data are negatively labeled, then the classifier just needs to give all the predictions negative to get 99% accuracy, and this kind of classifier is not what we want, so other metrics need to be introduced.

Recall: the proportion of results actually categorized as positive samples that are predicted to be categorized as positive samples.

Recall=TPTP+FN(18)

Precision: the proportion of results predicted to be categorized as positive samples that are actually categorized as positive samples.

Precision=TPTP+FP(19)

Recall and precision represent the ability of the classifier to recognize positive and negative samples, respectively; the higher the recall, the better the ability of the classifier to recognize negative samples, and the higher the precision, the better the ability of the classifier to recognize positive samples. The use of recall or precision alone does not fully represent the performance of the classifier, precision and recall affect each other, although both are high is a desired ideal situation, however, in practice, it is often the case that the precision is high and the recall is low, or the recall is low, but the precision is high, so the F1-score is introduced to take into account the two.

F1-score: the harmonic mean of precision and recall.

F1−score=2∗Precision∗RecallPrecision+Recall(20)

4.4 Data Pre-Processing and Feature Selection

The features of the signal sample dataset after feature extraction are not uniformly distributed. To avoid the learning results being biased towards some of the features with obvious eigenvalues, it is necessary to standardize the sample dataset to make the various features of the sample dataset more comparable with each other. We use the classical algorithm of StandardScaler for the process, which standardizes the features by removing the mean and scaling by standard variance to facilitate the subsequent quantum coding.

Researchers’ experiments have shown that choosing a finite feature set that accurately indicates the characteristics of the data outperforms a large-scale feature set, because a larger feature set introduces more noise and may also make the model overly focused on the training data [10]. Therefore, the feature set needs to be selected.

We use the Pearson correlation coefficient method [44] to analyze the strength of linear correlation between time-domain features extracted from the drones dataset and the labels in order to filter the feature set. The Pearson correlation coefficient method is defined as follows:

r=∑(x−x¯)(y−y¯)∑(x−x¯)2∑(y−y¯)2(21)

where x is the time domain feature, y is the label, and r is the correlation coefficient between x and y. r > 0 is a positive correlation, r < 0 is a negative correlation, and r = 0 means there is no correlation between the two. Features positively correlated with labels are shown in Fig. 5.
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Figure 5: Correlation coefficients for each feature

Analyzing the correlation coefficients of these time-domain features in Fig. 5, the correlation coefficients of two features, Margin-real and Pulse-real, are greater than 60%, and the correlation coefficients of four features, Max-real, Minimum-real, Peak, and Peak-to-peak-real, are greater than 40%. We choose time domain features with correlation coefficients greater than 5%. In addition, there are some features such as Max, Margin, and Pulse, whose correlation coefficients are more than 5% for their real values and less than 5% for their imaginary values, and some features such as Median and Mean, whose correlation coefficients are more than 5% for their imaginary values and less than 5% for their real values. To ensure the completeness of the signals, both the real and the imaginary parts of these features are retained, resulting in a 16-dimensional feature.

Finally, the 16-dimensional time-domain features are used for the feature extraction of radar return signals from drones, and the sample dataset generated from them was fed into the hybrid quantum neural networks for computation.

4.5 Advantages over Classical Machine Learning Algorithms

We use the classical machine learning algorithms SVM [45], LogisticRegression [46], DecisionTree [47], GaussianNB [48], BernoulliNB [49], NN [50], and the hybrid quantum machine learning algorithm HQNN-SFOP to perform experiments on the 16-dimensional signal time-domain statistical features extracted from the radar return signal dataset with an SNR of 10 dB. Both the training and test sets are radar return signal datasets generated from five drones parameters. The difference between NN and HQNN-SFOP is that the quantum feature learning module of HQNN-SFOP is replaced with the fully connected layer of the classical neural networks, while the other parts such as the classical optimization module and the training parameters are kept the same.

In addition, we introduce the results of the CNN method mentioned in the paper [24] for comparison, which also uses the same radar return signal dataset, extracts time-frequency domain features on the signals to generate spectrograms, and achieves the target detection by image recognition of the spectrograms with the dimension of 512 × 4 by CNN. The differences in signal extraction methods and input feature dimensions used by the various algorithms are shown in Table 7, and the experimental results are shown in Table 8.
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Analyzing the experimental results, it can be seen that the F1-scores of SVM, LogisticRegression, DecisionTree, GaussianNB, BernoulliNB, NN, and HQNN-SFOP for time-domain statistical features are better than the F1-score of the CNN method for spectrogram identification, which is 0.859 ± 0.013, and it indicates the effectiveness of our extracted time-domain statistical features for drone detection using radar return signals. This effectiveness proves that the extracted time-domain features are sufficient to express the signal characteristics, while the precise selection of the features avoids the noise interference that may result from too many features.

On the other hand, compared to other classical methods, HQNN-SFOP has the highest ACC value and F1-score of 0.941 ± 0.007 and 0.938 ± 0.007, respectively, which are also higher than those of 0.93 ± 0.012 and 0.925 ± 0.015 for NN, which are improved by 0.011 and 0.013, respectively. This validates that the introduction of quantum circuits in the HQNN-SFOP method improves the neural network’s ability to acquire feature inline relations and improves the accuracy of drone detection using radar return signals.

We use 5-fold cross-validation to calculate the ACC value and F1-score of each model. The SNR of the sample data set is 10 dB, the extracted signal time-domain statistical features are 16-dimensional, and the number of samples is 1200. 5-fold cross-validation randomly divides the sample data set into five parts, each time randomly selects four parts as the training set and one part as the test set. The ratio of the training set and test set is 4:1, and the ACC value and F1-score of the model are calculated using this training set and test set. This operation is repeated five times, and the average of the five test results is calculated, which is used to evaluate the accuracy of the model. The experimental results are shown in Table 9.
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By analyzing the experimental results of the 5-fold cross-validation, it can be found that compared with other methods, HQNN-SFOP has the highest ACC value and F1-score, which are 0.944 ± 0.015 and 0.941 ± 0.015, respectively, thus verifying the performance advantage of HQNN-SFOP from a statistical point of view.

This set of experiments illustrates that the HQNN-SFOP method has significant advantages on the radar return signal dataset, both in terms of statistical feature extraction in the time domain and terms of signal detection capability, realizing the extraction of a smaller set of features yet obtaining the highest drone detection accuracy.

4.6 Migration Generalization Ability at Different SNRs

We trained and tested the five types of drones datasets and the random drones datasets with SNRs of 0, 5, 10, 15, and 20 dB, respectively, and conducted cross-testing experiments between these datasets, that is, the model generated by the training of the five types of drones dataset was tested not only with the five types of drones dataset, but also tested with the random drones dataset, and the model trained by the random drones dataset training was also the same, so as to verify its migration generalization ability, and the results are shown in Fig. 6. where 5Dro is the dataset generated from the five types of drones parameters, and RDro is the dataset generated from the random drones parameters.
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Figure 6: F1-score of HQNN-SFOP for five drones datasets and random drones datasets at different SNRs

Analyzing Fig. 6, both HQNN-SFOPs perform well and undergo a linearly increasing change with increasing SNR. The F1-score for both self-validation and cross-validation exceeds 0.85 for SNR greater than or equal to 5 dB. The F1-score for both self-validation and cross-validation exceeds 0.90 for SNR greater than or equal to 10 dB. And the F1-score for both self-validation and cross-validation exceeds 0.94 for SNR greater than or equal to 15 dB. Even though the SNR is 0 dB, the F1-score for both self-validation and cross-validation of HQNN-SFOP exceeds 0.80. In contrast, compared to the classical image detection CNN algorithm [24], the F1-score for both self-validation and cross-validation for an SNR of 0 dB is only as high as 0.5. The F1-score for both self-validation and cross-validation for an SNR equal to 5 dB is around 0.60. When SNR is equal to 10 dB, its F1-score for self-validation and cross-validation is around 0.85. When SNR is equal to 15 dB, only one set of its F1-score for self-validation and cross-validation reaches 0.9 and the rest of them are below 0.9.

The F1-score of HQNN-SFOP outperforms the results of CNN at SNRs of 0, 5, 10, 15, and 20 dB, respectively, and the F1-scores generalized to other data type datasets at the same SNR are all stable. The experiments show that HQNN-SFOP has a strong migration generalization ability, and compared with CNN, HQNN-SFOP has a stronger feature expression ability and migration generalization ability.

4.7 Ablation Experiment

4.7.1 Advantages of HQNN-SFOP Compared with NN

In this section of experiments, we test HQNN-SFOP and NN on the drone datasets to discuss the advantages of hybrid quantum neural networks over classical neural networks. In this case, NN replaces the quantum feature learning module of HQNN-SFOP with the fully connected layer of the classical neural networks, while other configurations such as the classical optimization module and the training parameters are the same for NN and HQNN-SFOP.

Both HQNN-SFOP and NN are trained on five drones datasets and tested on five drones datasets and random drones datasets with SNRs of 0, 5, 10, 15, and 20 dB, respectively. The F1-score results of their tests are summarized in Fig. 7.
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Figure 7: F1-score of HQNN-SFOP, NN for five drones datasets and random drones datasets at different SNRs

In Fig. 7, HQNN-SFOP is the F1-score result of our hybrid quantum neural networks with signal feature overlay projection, and NN is the F1-score result of the classical neural networks. The results of HQNN-SFOP are higher than those of NN on both the tests on the five drones datasets and the random drones datasets. As the signal noise increases, this advantage becomes more pronounced at SNRs less than 10, especially in the results for the test set of random drones datasets. This shows that the hybrid quantum neural network with signal feature overlay projection can improve the ability of the neural network to acquire feature inline relations, and its stability and mobility are stronger in a high-noise environment.

Through the experiments in this subsection, we deeply demonstrate the advantages of the hybrid quantum neural networks with signal feature overlay projection over the classical neural networks for radar return signals from drones and prove that HQNN-SFOP has stronger feature inline relationship acquisition and migration generalization ability, which is more obvious in high-noise environments.

4.7.2 Advantages Offered by Signal Feature Overlay Projection

In this section of experiments, we investigate the effect of signal feature overlay projection on the training results. We remove the signal feature overlay projection to test the sample dataset for inspection and testing and compare the test results with and without signal feature overlay projection, respectively, and both use five drones datasets for training, five drones datasets and random drones datasets for testing, and the results are shown in Fig. 8.
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Figure 8: F1-score of HQNN-SFOP, HQNN for five drones datasets and random drones datasets at different SNRs

In Fig. 8, HQNN-SFOP is the test result using signal feature overlay projection, and HQNN is the result without signal feature overlay projection. Analyzing the comparison results, the results of HQNN-SFOP are better than those of HQNN for the same training set and test set with SNR of 0, 5, 10, 15, and 20 dB, respectively, regardless of whether the test set is the five drones dataset or the random drones dataset. This indicates that the use of signal feature overlay projection does play a role in improving feature representation. This enhancement comes from the Bloch sphere layer expansion brought about by the rotation of quantum bits.

4.7.3 Compare Different Quantum Circuits

In this experiment, we study the performance differences between quantum circuits composed of different cell layer topologies and different stacking times (i.e., cell layer numbers). Both ablation experiments were trained using five drones datasets and tested using five drones datasets and random drones datasets.

The first is the experiment with different cell layer topologies. We replace the Ry(θ), Rx(θ) topology in the quantum circuits of HQNN-SFOP with the Rx(θ), Ry(θ) topology, the Ry(θ), Ry(θ) topology, and the Rx(θ), Rx(θ) topology (Fig. 9), and train and test the sample data set, respectively. The test results of different cell layer topologies are compared with the F1-score of HQNN-SFOP, and the results are shown in Fig. 10.
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Figure 9: Different cell layer topologies. (a) Ry(θ), Rx(θ) topology used by HQNN-SFOP. (b) Rx(θ), Ry(θ) topology. (c) Ry(θ), Ry(θ) topology. (d) Rx(θ), Rx(θ) topology
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Figure 10: F1-score of hybrid quantum neural networks with different cell layer topologies and HQNN-SFOP for five drones datasets and random drones datasets at different SNRs

The second is the experiment of different cell layers. We replace the number of cell layers in the quantum circuits of HQNN-SFOP from 10 layers to 4 layers, 6 layers and 8 layers, and carry out training and testing on different cell layers respectively. The comparison between the test results of different numbers of cell layers and HQNN-SFOP is shown in Fig. 11.
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Figure 11: F1-score of hybrid quantum neural networks with different numbers of cell layers and HQNN-SFOP for five drones datasets and random drones datasets at different SNRs

We analyze the results of two experiments. In Fig. 10, Ry(θ), Rx(θ) are the cell layer topology of HQNN-SFOP. At different SNRs, using the same training set and test set, the F1-score of HQNN-SFOP is superior to the hybrid quantum neural networks composed of other cell layer topologies, regardless of whether the test set is five drones dataset or random drones dataset. In Fig. 11, 10 is the number of cell layers of HQNN-SFOP, and its F1-score is also better than that of the mixed quantum neural networks with 4, 6 and 8 layers. These two experimental results verify that the cell layer topology and cell layer number used by HQNN-SFOP can better learn the correlation between the data features of the sample dataset.

Through the experiments in this subsection, we provide an in-depth demonstration of the advantages of the signal feature superposition over the projected feature expressivity and clearly show the contribution of the method in the overall performance, proving that the advantages of quantum superposition over information are still valid in the field of signal analysis.

5  Conclusion

For the problem that the existing drone detection relies on the time-frequency domain feature spectrogram identification to bring about the feature dimension is large, and the introduction of time-domain statistical features to reduce the dimensionality but the detection accuracy is not high, this paper innovatively proposes a signal detection method based on a new hybrid quantum neural network with signal feature overlay projected HQNN-SFOP, which unfolds the feasibility of drone detection using radar return signals to validate and analyze. Through comparison experiments with multiple classical machine learning methods and CNNs oriented to spectrogram recognition on the simulated datasets, it is proved that HQNN-SFOP achieves the highest detection accuracy and F1-score with the extraction of smaller-sized features. On the one hand, it reflects the advantage of quantum computing technology over traditional computing in terms of feature inline relationship capability acquisition, and on the other hand, it also verifies that accurately extracted high-correlation time-domain features can effectively improve the accuracy of drone detection, which is because when extracted time-domain features are sufficient to characterize the radar return signals from drones, the larger-scale spectrogram features will bring more noise, and may also make the model overly concerned with the training data, instead affecting the learning ability of the machine learning algorithm. However, there are some limitations of this time-domain feature extraction method. Firstly, although the time domain features can reflect the transformation of the signal over time, it is difficult to analyze the change of frequency and phase of the signal in the frequency domain. For some signals whose time-domain features are not obvious or whose time-domain features are not enough to express their characteristics, such as signals with complex waveform patterns or non-periodic signals, it becomes difficult to detect them only by relying on the time-domain features, and it is necessary to introduce the frequency-domain features to assist in the analysis. Secondly, when extracting some time-domain features, the whole signal needs to be traversed and calculated, which may affect the detection timeliness of some long signals. Therefore, it is necessary to reasonably screen effective features for signal detection in conjunction with the actual situation of the task.

The migration generalization ability of HQNN-SFOP is verified by cross-test experiments on five drones datasets and random drones datasets with different SNRs. It is demonstrated through ablation study that HQNN-SFOP in Hilbert space has stronger feature inline relation acquisition and migration generalization ability than NN. The enhancement of feature expression ability by signal feature overlay projection in quantum space is deeply demonstrated by the ablation study, which proves that the advantage of quantum superposition of information is still effective in the field of signal analysis, and provides a reference for the subsequent related research.

Although this paper only detects and verifies the data of radar return signals from drones, it still reflects the great potential of quantum computing technology in signal intelligent analysis, which also provides a feasible technical path for the subsequent cross-fertilization of quantum computing technology and signal analysis.

At present, HQNN-SFOP only analyzes hypothetical environments on simulated datasets, which is mainly due to the difficulty of obtaining large amounts of real drone data for training. The present work is only a preliminary exploration of drone detection using our method. Next, we need to collect real data to verify the detection capability of HQNN-SFOP on various drones in real environments, and further explore the robustness of HQNN-SFOP in detecting radar return signals from drones in various uncontrollable scenarios that may be brought about by noise, weather conditions, terrain differences, and radar equipment status in real environments. Although we enrich the sample data with random drones parameters and simulated noise, we will also face challenges brought by new data and interference in actual deployment, and we need to transfer learning or optimize the model according to the actual situation. In addition, we will further expand the research on signal detection at low SNR, signal classification, etc., to provide new methods for traditional signal analysis.
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Table 3: Parameters of the five drones

Drone N L, (cm) L, (cm) oo (Hz)
DJI Mavic Air 2 2 0.50 7.00 91.66
DJI Mavic Mini 2 0.50 3.50 160.00
DJI Matrice 300 RTK 2 5.00 26.65 70.00
Parrot Disco 2 0.60 5.00 116.00
DJI Phantom 4 2 1.00 10.40 40.00
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Table 8: ACC and F1-score for each model

ACC F1-score Comparing F1-score with CNN

SVM 0.923 +£0.01 0.917 £0.011 +0.058

LogisticRegression 0.923 £ 0.008 0.917 £ 0.009 +0.058

DecisionTree 0.929 £ 0.007 0.929 £ 0.007 +0.07

GaussianNB 0.917 £ 0.007 0.912 4+ 0.009 +0.053

BernoulliNB 0.879 £+ 0.025 0.862 +0.032 +0.003

NN 0.93+0.012 0.925 +£0.015 +0.066

CNN (2022) [24] 0.859 +£0.013 0

HQNN-SFOP 0.941 £+ 0.007 0.938 £ 0.007 +0.079
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Table 4: Random drones parameters

Drone parameter

Sampling distribution

N

L, (cm)
L, (cm)
fr (Hz)

~1{2, 3,4, 5)
~ 11(0.1, 10)
~ (0.1, 20) + L,
~ 1t (50, 150)
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Table 9: ACC and F1-score obtained by performing 5-fold cross-validation for each model

ACC Fl-score
SVM 0.928 +0.014 0.922 + 0.016
LogisticRegression 0.931 £ 0.022 0.926 £ 0.022
DecisionTree 0.934 +£0.013 0.934 +0.012
GaussianNB 0.930 + 0.012 0.926 + 0.012
BernoulliNB 0.885 + 0.021 0.871 & 0.021
NN 0.935 + 0.015 0.931 +0.017
HQNN-SFOP 0.944 + 0.015 0.941 + 0.015






OEBPS/Images/CMC_54055-fig-7.png
. NHQNN-SFOP:5Dro.-RDro.
N NN:5Dro.-RDro.

m HQNN-SFOP:5Dro.-5Dro

B NN:5Dro.-5Dro.

Model Name:

training-testing data

1

SNR[dB]





OEBPS/Images/table-7.png
Table 7: Differences in signal extraction methods and input feature dimensions used by various

algorithms
Methods for signal feature Machine learning algorithms Input model feature
extraction dimensions
Extracting statistical features in SVM, LogisticRegression, 16
the time domain DecisionTree, GaussianNB,

BernoulliNB, NN,

HQNN-SFOP
Extraction of time-frequency CNN 512 x 4

domain features
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Table 1: Time domain statistical features of noise and Parrot Disco signal with an SNR of 10 dB

extracted by the signal time domain statistical feature extraction link

Parrot Disco (SNR 10 dB)

Noise

Max-real
Max-imaginary
Minimum-real
Minimum-imaginary
Median-real
Median-imaginary
Mean-real
Mean-imaginary
Variance

Peak
Peak-to-peak-real
Peak-to-peak-imaginary
Margin-real
Margin-imaginary
Pulse-real
Pulse-imaginary

12.306533032925437

—1.4350572766299308
—12.043576299377323
—1.9104233657762515

—0.019926045964633682

0.690056972716982
—0.02604061398879628
—0.01577304986656336
8.515539550400739
12.38992109247244
24.350109332302758
0.4753660891463207
7.75610397117603
—0.9044345318340724
6.328624985246642
—0.7379770819159194

12.1951920821288
—4.149677101243808
—13.208931016814924
2.451858496941278
—0.09571497916191879
1.257994019516536
—0.05659331227275371
0.012590256566780703
25.6277432128532
13.434562467605653
25.404123098943725
—6.601535598185086
2.9366308249973017
—0.9992519680896085
2.720114550690223
—0.9255776364769596
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Table 6: Confusion matrix

Predicted Class
Negative Positive
Real class Negative TN FP

Positive FN TP
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Table 2: Parameter interpretation

Parameters  Interpretation

A, Real-valued scalar

L, Distance between blade root and center of rotation

L, Distance between blade tip and center of rotation

N Number of leaves

R Scope of objectives

Vu Radial velocity of the center of rotation concerning the radar
A The wavelength of the radar’s transmitted signal

0 The angle between the plane of rotation and the radar line of sight to the center of

rotation

f. Frequency of radar transmitting signals
frot Rotational frequency of the blade

t Duration of radar returns

d The pitch of the blade
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Table 5: Drone position parameters

Variable parameter

Sampling distribution
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