









	[image: images]
	Computers, Materials & Continua
	[image: images]






DOI: 10.32604/cmc.2024.055326

ARTICLE

An Aerial Target Recognition Algorithm Based on Self-Attention and LSTM

Futai Liang1,2, Xin Chen1,*, Song He1, Zihao Song1 and Hao Lu3

1Department of Intelligence, Early Warning Academy, Wuhan, 430019, China
231121 PLA Troops, Nanjing, 210000, China
3Information Technology Room, Early Warning Academy, Wuhan, 430019, China

*Corresponding Author: Xin Chen. Email: cxin917@126.com

Received: 23 June 2024; Accepted: 03 September 2024; Published: 15 October 2024


Abstract: In the application of aerial target recognition, on the one hand, the recognition error produced by the single measurement of the sensor is relatively large due to the impact of noise. On the other hand, it is difficult to apply machine learning methods to improve the intelligence and recognition effect due to few or no actual measurement samples. Aiming at these problems, an aerial target recognition algorithm based on self-attention and Long Short-Term Memory Network (LSTM) is proposed. LSTM can effectively extract temporal dependencies. The attention mechanism calculates the weight of each input element and applies the weight to the hidden state of the LSTM, thereby adjusting the LSTM’s attention to the input. This combination retains the learning ability of LSTM and introduces the advantages of the attention mechanism, making the model have stronger feature extraction ability and adaptability when processing sequence data. In addition, based on the prior information of the multi-dimensional characteristics of the target, the three-point estimation method is adopted to simulate an aerial target recognition dataset to train the recognition model. The experimental results show that the proposed algorithm achieves more than 91% recognition accuracy, lower false alarm rate and higher robustness compared with the multi-attribute decision-making (MADM) based on fuzzy numbers.
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1  Introduction

Aerial target recognition is a very important research aspect of aerial defense. It mainly focuses on how to identify and judge the model, type, and quantity of aerial targets according to the relevant features and attributes [1]. Due to sensor measurement error, noise interference, and other factors, the single sensor has a poor target recognition effect [2]. Using multi-sensor and multi-attribute target recognition methods can effectively improve recognition accuracy and reliability and reduce the uncertainty from sensor measurement [3].

The problem of target recognition can be transformed into a decision-making problem or pattern recognition problem. Correspondingly, the recognition methods based on aerial target features include MADM methods, pattern classification algorithms, and so on. Due to the difficulties in data collection and the influence of uncertainty in data, the recognition algorithm using the MADM method and pattern recognition algorithm once occupied the main position of the target recognition method. However, the recognition method of MADM has the problems of difficult determination of attribute weight, strong subjectivity of measurement setting, and weak environmental adaptability [4]. Pattern classification algorithm needs to define the likelihood function and membership function, which is complex and not widely used [5].

With the improvement of computer hardware level and the development of artificial intelligence technology, target recognition methods based on machine learning have gradually become a research hotspot and have achieved good results [6,7]. In terms of the application of traditional machine learning, the recognition algorithms based on Back Propagation (BP) neural network, K-Nearest Neighbors (KNN), and Support Vector Machine (SVM) have improved the algorithm’s robustness and recognition accuracy [8]. In recent years, deep learning has become a study hot spot of machine learning technology. It has developed rapidly and has been applied to target recognition with significant performance [9,10].

The current target recognition algorithms based on machine learning mostly use the instantaneous features of the target. However, using the target sequence information to improve the recognition effect is barely considered. Moreover, in the research of recognition algorithms based on machine learning, more attention is paid to a single feature, such as one-dimensional range profile and two-dimensional range profile, etc., without using multi-dimensional attributes.

In practical, we can only obtain very few information such as motion characteristics about non-cooperative targets, which is very difficult to be used to identify aerial targets. This paper proposes a recognition algorithm based on self-attention and LSTM to recognize the aerial target with multi-dimensional attributes when there are few or none of actual measurement data.

The innovations of this paper are as follows:

1) A recognition model based on self-attention and LSTM is designed. To improve the accuracy of target recognition, the aerial target is recognized based on continuous measurement data through using the sliding window mechanism.

2) The three-point estimation method is adopted to obtain the probability distribution of each feature of the target, and the data set is constructed for target recognition by sampling, which makes it possible to use the machine learning method when we have none real measured data.

The rest of this paper is organized as follows. Related works are introduced in Section 2. The recognition framework of the method is constructed in Section 3. In Section 4, the generating details of the dataset are provided. The experimental results are analyzed in Section 5. Finally, the conclusions are given in Section 6.

2  Related works

2.1 Application of LSTM in Target Recognition

With the improvement of artificial intelligence technology, aerial target recognition remains an active area. As a very important artificial intelligence technology, Recurrent Neural Network (RNN) can obtain features from sequential data. Therefore, it is used in many domains, such as natural language learning, video data object detection, etc. [11]. The most important models in RNN include LSTM, gated recurrent unit (GRU), etc. They are becoming more and more popular in practical applications [12]. In the domain of target recognition, many researchers have used them for prediction and classification.

LSTM serves as a versatile tool, being employed both as a prediction model and in recognition tasks [13,14], notably for target recognition. An innovative classifier integrating Vectorization based on Feature Engineering with Bidirectional Long Short-Term Memory (Bi-LSTM) has been devised for detecting spam in short text messages (SMS) [15]. Extensive experiments have confirmed that this method surpasses others in terms of precision, recall, F1-measure, and detection accuracy. Furthermore, a hybrid approach combining Bidirectional Long Short-Term Memory (BLSTM) and a Hidden Markov Model (HMM) has been proposed for target recognition [16]. This method excels at capturing multi-domain sequence features from high-resolution range profiles (HRRPs), achieving over 91% recognition accuracy, a lower false positive rate, and heightened recognition confidence compared to cutting-edge technologies. However, its application necessitates a substantial dataset of HRRP samples. A multi-view attention CNN with LSTM to extract and fuse the features from images of synthetic aperture radar (SAR) [17]. It adopts multiple convolutional modules to extract deep features from each single-view SAR image and a spatial attention module to locate the target and suppress the noise. The LSTM module performs feature fusion based on the correlation of features obtained from adjacent azimuths. Experiments have verified the effectiveness of the proposed method on the moving and stationary target recognition dataset. Similarly, the study is based on a large number of SAR images.

Because LSTM can effectively extract features from sequence data, we use LSTM to classify airborne targets using sequence data. Compared with traditional recognition methods based on instantaneous features, this method can improve recognition accuracy.

2.2 Application of Self-Attention

Self-attention is a mechanism that allows models to directly establish relationships between different positions within a sequence. Since its proposal in 2017 [18], the self-attention mechanism has become one of the hotspots in deep learning research in recent years and has been widely applied in fields such as natural language processing, image classification, and object detection [19].

The common use of self-attention mechanism is to model and extract features from sequential data. The self-attention mechanism adaptively learns the weight of each position by calculating the correlation between different positions in the sequence, thereby achieving global modeling and feature extraction of the sequence [20]. Compared to traditional recurrent neural networks (RNNs) and convolutional neural networks (CNNs), self-attention mechanisms can better capture long-range dependencies in sequences, improving the effectiveness of sequence modeling and feature extraction [21]. The sequence modeling and feature extraction algorithm based on the self-attention mechanism has important research significance and application value in the field of sequence data processing. By adaptively calculating the correlation between different positions in the sequence, these algorithms can more accurately model the global dependencies of the sequence and extract useful features.

By introducing the attention mechanism on the basis of LSTM, more efficient information extraction and feature learning can be achieved when processing sequence data. An innovative deep learning model, incorporating the Convolutional Long Short-Term Memory (ConvLSTM) network and a self-attention mechanism, is introduced to recognize polarimetric HRRP. Experimental results have demonstrated the model’s promising performance, showcasing its remarkable potential and effectiveness in accurately identifying and classifying HRRP data [22]. An end-to-end sequence-oriented network architecture has been crafted, seamlessly integrating a streamlined convolutional neural network and a Bi-LSTM network, further enhanced by the incorporation of a self-attention mechanism. This holistic approach is meticulously designed to precisely discern eight diverse intrapulse modulation patterns embedded within radar signals [23]. By introducing a masked multi-head self-attention module into the time-series prediction model based on LSTM, critical information in the sequences is captured and the prediction performance is improved. Teng et al. proposed an aerial target combat intention recognition method based on a gated recurrent unit (GRU) [24]. The proposed method uses a bidirectional gated recurrent units (BiGRU) network for learning air combat characteristics and adaptively assigns characteristic weights using an attention mechanism to improve the accuracy of aerial target combat intention recognition, which can realize intention recognition and prediction.

Taking inspiration from the methods proposed in the aforementioned literature, we propose a method based on self-attention and LSTM. The attention mechanism calculates the weight of each input element and applies the weight to the hidden state of the LSTM, thereby adjusting the LSTM’s attention to the input. This combination retains the learning ability of LSTM and introduces the advantages of the attention mechanism, making the model have stronger feature extraction ability and adaptability when processing sequence data.

2.3 Solutions to the Problem of Little Data Samples Learning

Addressing the challenge of limited data samples in aerial target recognition, various strategies have emerged, including incremental learning, transfer learning, continual learning, and lifelong learning. Within this domain, innovative methods have been widely adopted. For instance, the Class Boundary Exemplar Selection-based Incremental Learning (CBesIL) preserves previous recognition capabilities through class boundary exemplars, outperforming state-of-the-art approaches in multiclass recognition accuracy [25]. An open-set incremental learning method has also been proposed, capable of recognizing and learning new, unknown classes while maintaining high accuracy and efficiency [26]. Another incremental learning approach focuses on extracting more information from old data by appending linear layers to the feature extractor and utilizing distilled labels for training on new data, demonstrating superior performance [27]. In the realm of transfer learning, a deep framework leveraging radar HRRPs has been introduced, enhancing target recognition performance [28]. Additionally, a transfer learning method based on electromagnetic properties from attributed scattering center models has been applied to SAR target recognition, achieving improved classification accuracy [29]. To tackle the overfitting issue due to limited labeled SAR data, a semi-supervised transfer learning method leveraging generative adversarial networks (GANs) has been presented, achieving significant accuracy enhancements over random-initialized CNN models [30]. An incremental learning system for radar signal recognition, adaptable to dataset changes and capable of new class inference, few-shot learning, and knowledge transfer, further underscores the value of these approaches in target recognition [31]. However, it is crucial to note that incremental, continual, and lifelong learning methods inherently rely on previous data or tasks as a foundation for new learning. When confronted with extremely limited or non-existent training data, these methods face significant challenges in aerial target recognition.

To overcome this limitation, we propose a novel dataset generation method grounded in expert knowledge and three-point estimation. This method addresses the difficulty of applying deep learning methods with scarce actual measurement data, offering a promising solution for target recognition in data-scarce environments.

3  Recognition Algorithm Based on Self-Attention and LSTM

3.1 Framework and Recognition Flow

The aerial target recognition framework designed includes a training process and a recognition process. In the training process, the model is trained based on a large number of labeled data, which are the training data, so that the model can classify the new input data. Generally, the real data are used as the training data, but in simulation, when there is a lack of real data, data with a probability distribution similar to the real data can be used as training data. In the recognition process, the unknown data are put into the trained model, and the type of aerial target will be the output. The framework of the proposed algorithm in this paper is shown in Fig. 1.
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Figure 1: Framework of the proposed algorithm

In the framework, the recognition model is very important. The target type can be obtained by inputting the target feature vector into the trained model of the algorithm. In practice, the observed value of the target is random due to the influence of target motion and sensor measurement error, and the result of single measurement and recognition will also have certain randomness. Through multiple measurements in continuous time, the influence of this randomness can be greatly reduced. So, the recognition model based on LSTM is designed to improve the recognition performance using the sequence data. Meanwhile, in order to better capture the global dependencies of the sequence, we use self-attention to optimize the initial connection weights of the LSTM, solving the problem of LSTM converging to local optima, thereby improving the recognition performance of the model.

We accumulate sensor measurements using a sliding window mechanism to form a continuous sequence of measurements. Then normalize it and input it into the self-attention layer. The self-attention layer weights the data features and outputs a new sequence. The sequence is put into the corresponding LSTM cells in the recognition model. Then, the output of the LSTM layer is put into the structure combined with the fully connected layer and SoftMax layer to identify the target, and the recognition result is the target type at the leading edge of the sliding window.

The recognition flow of the algorithm proposed in this paper is shown in Fig. 2.

[image: images]

Figure 2: Recognition flow of the proposed algorithm

Suppose that the feature vector of the target obtained by the i th observation is xi={x1,x2,…,xn}, n is feature vector dimension. First, we should choose a sliding window size s, which is larger than or equal to 1. Then, the measurement sequence {xi−s+1,xi−s+2,…,xi} is put into the recognition model, and the output y^i is got, which is the predicted target type in the i th observation. In the next recognition moment, the sliding window with length s and Step 1 slides forward and the output y^i+1will be got, which is the predicted target type in the (i+1)th observation. All subsequent recognition results would be obtained one by one.

The single recognition dataflow of the recognition algorithm is as follows:

[image: images]

3.2 Recognition Model

The recognition model is constructed from LSTM combined with self-attention. Through adaptive weighting, it can better handle global modeling and complex interaction relationships between multi-dimensional vectors when dealing with long sequences, and can improve target recognition ratio and denoise.

Self-attention mechanism is a component of the Transformer, which has the advantage that the weight assigned to each input feature depends on the interaction between the input features. It updates each element of the sequence by integrating global information from the input sequence [32], as shown in Fig. 3.
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Figure 3: Self-attention schematic diagram

The input sequence of the recognition model is the normalized time series X={x1,x2,…,xi}. Input it into the Self Attention layer, which calculates the input attention weight A to generate new weight enhanced feature vectors X′={x1′,x2′,…,xi′}. Then input it into the LSTM layer to obtain the final recognition result. The specific description is

X′=AV(1)

A=softmax(QKTdk)(2)

where dk represents the input feature dimension, Q, K and V represent three matrices mapped from the input. Unlike typical attention mechanisms, Q, K and V all come from the same input X.

Q=WqX(3)

K=WkX(4)

V=WvX(5)

where W represent parameter matrices for linear transformations, which can be learned through model training.

LSTM layer consists of a series of LSTM cells, which form a chain structure. LSTM avoids the problem of gradient disappearance, gradient explosion, and long-term dependencies in the training process of long sequence data by using the “gate” mechanism and the concept of cell state [33]. As shown in Fig. 4, the real input of the single LSTM cell includes the current input xt, the output ht−1, and the cell state Ct−1 of the previous cell. In the LSTM cell, there are the forgetting gate ft, the input gate it, the output gate Ot, and cell state Ct. These gates are used to adjust the flow direction of the output. The forgetting gate determines what information is discarded in the cell. The input gate determines how much new information need to be add to the cell. The output gate determines the value the cell outputs.
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Figure 4: Structure of LSTM cell

The expression of the forgetting gate ft is [34]

ft=sigmoid(Wf⋅[ht−1,xt]+bf)(6)

where Wf and bf are respectively the weights and offsets of the forgetting gate.

The expression of the input gate it is as follows:

it=sigmoid(Wi⋅[ht−1,xt]+bi)(7)

where Wi and bi are respectively the weights and offsets of the input gate.

The expression of the output gate is as follows:

Ot=sigmoid(Wo⋅[ht−1,xt]+bo)(8)

where Wo and bo are respectively the weights and offsets of the output gate.

The expressions of the output and state of cell are as follows:

ht=Ot⊙tan⁡h(Ct)(9)

Ct=Ct−1⊙ft+it⊙tan⁡h(Wc⋅[ht−1,xt]+bc)(10)

where Wc and bc are respectively the weights and offsets.

In the chain structure of LSTM, the inputs of the next cell are Ct and ht of the current cell [35].

In the method proposed in this paper, the LSTM layer is designed as a one-layer structure that contains s LSTM cells. At t time in a sliding window, the feature vector of the aerial targets is input into the t th LSTM cell.

The LSTM model in this method proposed is used to classify the target. We add a fully connected layer and a SoftMax layer in the last, as shown in Fig. 5.
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Figure 5: Structure added in the model

The output of the model is

y^=softmax(WT⋅ht+b)(11)

where W is the weight matrix, and b is the bias.

We suppose that there are K types of targets known, the output feature vector of the LSTM layer is ht={h1,h2,…,hn}. For the each of target type, the predicted value y^i can be described as

y^i=softmax(Wi⋅ht+bi)=e(Wi⋅ht+bi)∑k=1Ke(Wk⋅ht+bk)(12)

In particular, when s=1, the LMST layer has only one LSTM cell. Now, the ht−1 and Ct−1 are zero, the output of the LSTM model can express as

ht=sigmoid(Wo⋅xt+bo)⊙tanh(sigmoid(Wi⋅xt+bi)⊙tanh(Wc⋅xt+bc))(13)

We can see that ht is a nonlinear function when s=1. It also means that the recognition model not only recognizes aerial target through sequential data but also instantaneous data.

In the training process, for the target measurement data set(xj,yj), xj∈Rm, j=0,1,…,l, xj and yj respectively represent the sample feature vector and the sample labels, m and l respectively indicate the sample feature dimensions and the sample number. Put xj into the network for forward propagation to get y^j. For classification tasks, the cross-entropy loss function is commonly used. It can be expressed as

loss=−(yjlog⁡(y^j)+(1−yj)log⁡(1−y^j))(14)

The cross-entropy loss gradually increases as the predicted probability deviates from the actual label. It is also important to note that the cross-entropy loss heavily penalizes those predictions that have high confidence but are wrong.

4  Training Data Generation

In the practice of target recognition, there is often little or none training data due to the difficulty of data collection and category marking. So, it is necessary to simulate the training dataset according to priori knowledge. The simulated dataset is used to train deep learning models, and incremental learning and online learning methods can be adopted to continuously improve the recognition performance of the model.

4.1 The Representation of Uncertainty

Due to the influence of noise caused by sensor measurement and target motion, the target feature data obtained is uncertain. It is a core issue of the training data generation to accurately represent the uncertainty of the measured data of targets. The representation of uncertainty is usually expressed by fuzzy number and probability distribution [36].

The fuzzy number methodology offers a powerful tool to delineate the value range and distribution characteristics of features, effectively capturing the inherent uncertainty in measurements. Employing the triangular fuzzy number as an illustrative case, once its membership function is defined (as outlined in Eq. (12)), it can be succinctly represented by a triplet (a, b, c), where a, b, and c correspond to the lower bound, median, and upper bound, respectively.

However, the representation of fuzzy features and their membership degrees inherently involves numerous human factors, necessitating the adoption of different membership functions tailored to specific scenarios. This variability introduces a challenge: the algorithm based on fuzzy numbers can suffer from reduced flexibility, posing limitations in its application to aerial target recognition tasks.

Probability distribution methodologies predominantly embody the inherent uncertainty in target recognition through the lens of probability density functions. Each target measurement can be conceptualized as a random variable, adhering to a specific probability distribution, a prime example being the triangular distribution. These measurements are often intricately tied to multiple influencing factors, resulting in a composite probability distribution that encapsulates the totality of their individual distributions. Consequently, we frequently regard target features as a composite probability distribution.

To derive this synthetic distribution, various approaches exist, including the unified display method and the expansion method, among others. The unified display method, particularly utilized in this study, harnesses a single distribution density function that flexibly represents diverse distributions by adjusting its parameters. Specifically, leveraging the three-point estimation technique based on the upper and lower bounds as well as the modes of the target feature, we derive the probability density function of the beta distribution. This step culminates in the generation of a training dataset by sampling from this probability distribution, thereby ensuring that the data captures the intricacies and uncertainties inherent in the target recognition process.

4.2 Target Feature Probability Distribution

This paper employs the three-point estimation method to assess the probability distribution of typical target features, drawing from the fundamental principles of the Program Evaluation and Review Technique (PERT) [37]. Three-point estimation serves as a pivotal tool in accurately forecasting progress and costs [38]. To implement this method, one initially establishes the maximum and minimum values, subsequently engaging domain experts to identify the most plausible empirical value, serving as the mode. Typically, the mode corresponds to the value that occurs most frequently within the stipulated maximum and minimum range. Once the maximum, minimum, and mode are determined, the beta distribution is commonly adopted to model the probability distribution of the value under consideration. This choice stems from the beta distribution’s characteristic smooth probability density function, which offers a suitable framework for estimating the likelihood of various outcomes within the specified range.

Beta distribution is very suitable to represent the more complex synthetic probability distribution [39]. Fig. 6 shows the comparison of the beta distribution and other common distributions at the same maximum and median.
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Figure 6: Beta distribution and the other distributions

The expectation of beta distribution is as follows:

μij=(aij+4bij+cij)/6(15)

where aij,bij,cij are respectively the minimum, mode and maximum of the j th feature of the i th known target.

Beta distribution has two parameters α,β, and its mode b and expectation μ are

{b=α−1α−β−2μ=αα+β(16)

By substituting the actual mode and expectation into the above formula, the two parameters α,β can be obtained, and then the probability density function of each feature of each type of target can be obtained.

f(xij|α,β)=xα−1(1−xij)β−1∫01μα−1(1−μ)β−1dμ(17)

Then the training data set can be obtained by Monte Carlo simulation according to its probability distribution. The feature of the known target is expressed in the form of beta distribution parameters, and the known target feature set [(αij,βij)]m×n could be established, where (αij,βij) is the beta distribution parameter value of the j th feature of the i th type of known typical target.

4.3 Relationship with MADM

The measurement data pertaining to targets frequently encompass inaccuracies and vague information, rendering MADM grounded in fuzzy information a prevalent and pertinent topic in target recognition research [40–42]. The objective of MADM leveraging fuzzy numbers is to devise an efficient membership function, which meticulously delineates the degree of affiliation of the measurement data to a particular category [43,44]. This article delves into the intricate interplay between our proposed methodology and MADM founded on fuzzy numbers. The innovative algorithm introduced herein endeavors to explore the utilization of probability distributions as a means to generate synthetic data and subsequently train models, particularly in scenarios where procuring vast quantities of authentic data poses significant challenges.

Literature [43] uses triangular fuzzy numbers to represent target features. The membership function of the triangular fuzzy number A(aij,bij,cij) is defined as

μA(x)={x−aijbij−aij,aij≤x≤bijcij−xcij−bij,bij<x≤cij(18)

When multiplying μA(x) by a constant 2/(cij−aij), the following expression would be obtained:

μA(x)2cij−aij=f(x|aij,bij,cij)(19)

We can see that f(x|aij,bij,cij) is the probability density function of triangular distribution with the minimum aij, mode bij and maximum cij. It can be seen that the meaning of triangular fuzzy number is consistent with triangular distribution. Moreover, literature [43] uses the Euclidean distance to measure the similarity between the observed fuzzy number and the known fuzzy number. This process can be equivalent to calculating the probability that the observed value falls in the triangular distribution corresponding to triangular fuzzy numbers. Therefore, it can be said that the method using LSTM and generating data by three-point estimation based on triangular distribution has the same basis as the MADM method using fuzzy numbers, and the effect of the two algorithms is comparable.

Compared with triangular distribution, beta distribution has a smoother probability density curve and higher approximation to the real data distribution. When the three-point estimation method based on beta distribution is to generate data set, the recognition performance is supposed to be further improved.

4.4 Data Set Generation

When ample real data is available for the target recognition task, it can be directly leveraged for model training. Conversely, in scenarios where no measurement data can be procured, the methodology outlined in this section offers a viable solution for data acquisition, which can then be utilized to train the recognition model. For the detection and recognition of aerial targets, a diverse array of sensors and intelligence sources, such as various types of radar and listening equipment, come into play. These sensors are capable of capturing the electromagnetic spectrum characteristics, motion patterns, and other pertinent features of the targets. In practical applications, the information gathered by detection sensors primarily comprises track details and radiation signatures of the aerial targets.

Drawing inspiration from literature [43], this paper selects velocity V (km/h), acceleration A (m/s2), height H (km), and emitter carrier frequency F (GHz) as the key target features. Utilizing the data generation approach detailed in this section, a target feature set is constructed based on these features. This feature set encompasses five distinct types of known, typical targets. The target feature set, established through the normalization of beta distribution values, is presented in Table 1.
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The data set is established with the sampling data according to the target feature set. The dataset is divided into training dataset and testing dataset with the ratio 8:2. In order to test the robustness of the algorithm and the generalization ability of the model, the testing data is not limited to the same distribution as the known target features but is randomly selected within p times of the target feature value range. The sampling number of each typical target is q, and the total number of samples is 5 × q. So, when we take the value of q as 5000, the scale of training dataset and the testing dataset respectively are 20,000 and 5000.

5  Experimental Verification

To verify the effectiveness and practicability of the algorithm, the data have been simulated and the algorithm has been experimented in this paper. The experimental environment is a 64-bit Windows 10 system, the CPU is Intel (R) core (TM) i7-10750h, the CPU @ 2.60 GHz, 2.59 GHz, and the memory has 16 GB. Python language is used to program.

We use accuracy and false alarm as the evaluation indexes.

Accuracy is the ratio of the number of all correctly classified samples to the number of all samples, which can be expressed as

Accuracy=(TP+TN)/(P+N)(20)

where TP is the number of samples that are classified as positive in the positive samples, TN is the number of samples that are classified as negative in the negative samples, P is the number of positive samples, and N is the number of negative samples.

The expression of false alarm ratio is as follows:

falsealarm=FP/(FP+TN)(21)

where FP is the number of samples that are classified as positive in the negative samples.

5.1 Performance Comparison of the Algorithms

MADM is a vital and efficient methodology in the field of target recognition research. At the heart of its success lies the precise determination of feature weights, which is pivotal in assessing the influence of diverse feature values on decision outcomes. However, this particular challenge does not apply to LSTM-based target recognition algorithms, where feature weight optimization is inherently addressed through the network’s learning process. As evidenced by the experiments reported in the literature [43], the application of MADM utilizing fuzzy numbers has demonstrated impressive results in target recognition. Notably, the dataset and parameter values (p and s) employed in this paper align with those used in the cited literature, ensuring a fair comparison. Specifically, when the p value is fixed at 1.2, Table 2 presents a comparative analysis of the recognition performance between the two algorithms, highlighting the changes in recognition efficacy as the s value varies from 2 to 6. This comparison underscores the effectiveness of the fuzzy number-based MADM approach in enhancing target recognition capabilities.
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It should be noted that the sliding window size s in this paper is consistent with the meaning of “number of observation groups” in literature [43]. As can be seen from Table 2, compared with the MADM based on fuzzy numbers, the algorithm proposed in this paper has greatly improved recognition accuracy and reduced false alarm rate. Fig. 7 shows the change trend of the recognition accuracy and false alarm ratio of the two algorithms with the sliding window size s changing.

[image: images]

Figure 7: Change trend of recognition accuracy and false alarm ratio

5.2 Robustness Analysis

Robustness stands as a crucial performance metric for target detection algorithms, holding immense significance in practical applications. This robustness is manifested in the algorithm’s ability to withstand errors stemming from target feature measurements and target maneuvers, which is quantitatively represented by the parameter p in this context. Specifically, a p value of 1 signifies that the measured target feature values adhere strictly within their prior distribution range, thereby promising high recognition accuracy. Conversely, as the p value escalates, there is an increased likelihood that measured target feature values will exceed their respective prior distribution boundaries, leading to a deterioration in recognition performance. Table 3 provides an overview of the recognition performance exhibited by the recognition algorithm introduced in this paper, under varying conditions of p and s values.
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In Table 3, it can be seen that the recognition accuracy of the algorithm proposed in this paper is much higher than the MADM based on fuzzy number. The visualization of recognition performance is shown in Fig. 8.
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Figure 8: Comparison of the recognition accuracy of the two algorithms

In the Fig. 8, the blue ring area represents the difference between the recognition accuracy of the two algorithms at the same value. The outer circle area represents the recognition accuracy of the algorithm proposed in the paper, and the inner circle area represents the recognition accuracy of the MADM based on fuzzy number. By observing the change law of the ring area, two change trends can be obtained: First, with the expansion of the range of value, the difference between the two algorithms gradually widens; Second, with the increase of sliding window size, the performance gap between the two algorithms increases gradually. Trend 1 shows that the target recognition algorithm proposed in this paper is more robust than the MADM based on fuzzy number. Trend 2 shows that the performance of target recognition algorithm proposed in this paper is getting better and better by continuous accumulation by sliding window.

The target recognition algorithm based on LSTM proposed can distinguish singular values and show better robustness. It also means that the algorithm proposed has better anti-noise performance. The MADM based on fuzzy number achieves better recognition performance than a single measurement by averaging the measurement sequence. However, when the noise distribution is not Gaussian white noise, this method is no longer effective.

5.3 Influence of Data Set Generation Methods

In order to explore the influence of the data generated by different probability distributions on the recognition accuracy, the datasets generated by different probability distribution described in Section 4.2 are used for experimental comparison.

The beta distribution and triangular distribution are determined by the minimum, mode, and maximum values of the data of literature [43]. The normal distribution and Laplace distribution are determined by the maximum and minimum values, that is, the maximum and minimum values are taken as 0.99 quantiles to calculate the mean and standard deviation of the two types of distribution, and then their probability density functions are obtained. Finally, the data set is generated by Monte Carlo simulation.

The algorithm model is trained with the training data sets obtained from the above four probability distributions. Then the recognition accuracies of each model trained are compared. When the sliding window size is 5, the recognition results are shown in Table 4.
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5.4 Specific Scenarios Analysis

A simulation scenario has been meticulously designed to evaluate the performance of the trained model. This scenario leverages a flight simulation system to extract aircraft flight data, specifically tailored for an alert patrol mission. The target’s flight trajectory, clearly depicted in Fig. 9a, encompasses the entire duration of the mission, from inception to completion. Throughout this duration, a total of 100 observations were extracted, each serving as a basis for individual target recognition tasks. To ensure optimal recognition performance, a sliding window approach was employed, with an initial window size of 1 that gradually expanded to 8 over the first 8 observation instances. The outcomes of these recognition attempts are visually presented in Fig. 9b, offering a comprehensive view of the model’s performance under varying conditions.

[image: images]

Figure 9: The effect of target recognition. (a) Flight track. (b) Comparison of recognition results [43]

In Fig. 9a, the whole track is divided into three segments according to the change of target motion. In the AB track segment, the target flies to the mission area. In order to achieve the concealment of the action, the electromagnetic spectrum signal is camouflaged, and the emitter carrier frequency F is similar to the Class 4 target. The number of measurements in this track segment is thirty. In the BC track segment, when the target arrives at the mission area, the electromagnetic spectrum signal returns to the normal level. However, in order to achieve the best mission effect, the target flight altitude is always close to the critical value, which is similar to the normal cruise altitude of Class 4 target. The number of measurements in this track segment is forty-seven. In CD track segment, the target is returning, all attribute features return to normal level, and the number of measurements in this track segment is thirty-three.

In Fig. 9b, a notable improvement in target recognition accuracy is evident when comparing our proposed method to the MADM approach based on fuzzy numbers. Specifically, in the AB track segment, our method reduced the number of recognition errors from seven to three. Similarly, in the BC segment, the errors dropped from six to just two. Furthermore, in the CD segment, the MADM approach based on fuzzy numbers incurred one error, whereas our algorithm achieved zero errors. Throughout the entire process, which encompassed one hundred measurements, our method demonstrated a remarkable performance, with a recognition accuracy of 95%. In contrast, the MADM approach based on fuzzy numbers yielded an accuracy of merely 86%, highlighting the superiority of our proposed algorithm in enhancing target recognition precision.

5.5 Discussion

The essence of the algorithm proposed is a data-driven approach, which is currently a popular research method. It is through training a neural network model to fit the data, thereby changing the model and achieving target recognition. The traditional recognition method based on MADM is a model-driven approach, which first sets a certain mathematical model and then judges the data through the model without changing the model itself.

We first verify the superiority of data-driven over model-driven experiments. From the experimental results in Section 5.2, it can be seen that compared with MADM based on fuzzy numbers, the algorithm proposed in this paper greatly improves recognition accuracy and reduces false alarm rates. The reason for the poor performance of MADM based on fuzzy numbers is that it requires manual setting of feature weights, and the subjectivity of manually setting feature weights has a negative impact on classification performance. This is precisely why the data-driven approach outperforms the model-driven approach.

This superiority is also reflected in the experiment in Section 5.3. As can be seen, the algorithm proposed in this paper demonstrates better robustness. The reason is that MADM based on fuzzy numbers uses Euclidean distance to measure the similarity between observed fuzzy numbers and known fuzzy numbers. When the measured target feature values are separated from the original probability distribution region, it is difficult to distinguish them by distance. The algorithm proposed utilizes the powerful nonlinear processing capability of LSTM to solve this problem.

As the literature [43] described, the MADM based on fuzzy number has better performance than other weighting methods and the relative entropy ranking method is improved, which is better than other MADM methods; The similarity index is improved, which is better than other indexes. The effect of the algorithm in this paper is better than the MADM based on fuzzy numbers, which shows that the role of machine learning in eliminating human factors in decision-making is effective.

The data-driven approach relies heavily on data, and the experiment in Section 5.3 verified the impact of training data generated from different probability distributions on recognition accuracy. Of course, in the later stage of the method proposed in this paper, incremental learning can be used to introduce measured data to continue training the model, gradually improving the recognition performance of the target. This is also one of the advantages of the algorithm proposed in this paper, which cannot be achieved by model-driven methods.

The algorithm proposed in this paper is used for the identification of military aircraft. Because the measured data cannot be made public. Therefore, in the experiment in Section 5.4, a simulation data set was used to verify the effectiveness of the algorithm. At the same time, it is also a specific demonstration of the identification process of the proposed algorithm. The experimental results show that our method is superior to the MADM method based on fuzzy numbers.

6  Conclusions

Based on extensive experimentation, the following conclusions can be drawn regarding the target recognition algorithm proposed in this paper:

1) The algorithm exhibits remarkable recognition performance, surpassing the MADM based on fuzzy numbers. Under identical conditions, it achieves an increase in target recognition accuracy by over 3.15% and a reduction in the false alarm rate by at least 3.33%.

2) The proposed algorithm displays exceptional robustness, thanks to the incorporation of self-attention and LSTM. This integration enhances the algorithm’s adaptability to both sensor measurement noise and noise arising from target motion. Consequently, when utilizing the algorithm presented in this paper under identical sliding window conditions, the average decrease in recognition accuracy caused by increased errors is mitigated by 9.2%, underscoring its resilience and reliability.

3) Compared to triangle, normal, and Laplace distributions, the data set generated using the three-point estimation method with the beta distribution more accurately simulates real target features. This makes it highly practical for target recognition applications, particularly in scenarios with limited sample sizes.

Although the proposed algorithm has a good effect in the application of aerial target recognition, we should realize that the data used in this paper is simulation data, and the recognition effect of the training model might be attenuated when it comes to real target. In future study, we can further apply our method on real targets and with a few data, and we can combine incremental learning, transfer learning, continual learning, lifelong learning, and other methods to improve the accuracy of real target recognition.
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Table 1: Target feature set

Target label Target features

\Y% A H F

(a1, B1) (o, B2) (a3, B3) (ots, Ba)
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Table 3: Algorithm robustness analysis

D Recognition accuracy (%) of the algorithm in literature [43]/of the proposed algorithm
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90.52 94.86 97.07 98.30 98.86 99.21 99.56
p=2.0 68.64 63.47 60.31 57.57 57.25 55.73 52.68
88.51 92.58 95.54 96.72 98.28 98.45 98.79
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Table 4: Comparison of recognition ability

Data set generation Recognition accuracy (%)
method

p=1.0 p=12 p=14 p=1.6
By beta distribution 99.98 99.80 99.52 99.00
By triangular distribution 99.94 99.65 99.19 98.86
By normal distribution 97.87 96.92 95.83 94.10

By Laplace distribution 95.42 94.69 93.12 92.02






OEBPS/Images/CMC_55326-fig-5.png





OEBPS/Images/logo.png





OEBPS/Images/CMC_55326-fig-7.png
Accuracy (%)

100 A

O
W
!

90 A

85

Accuracy
of the proposed algrithm

Accurac
False alarm

of the MADM based on fuzzy number

False alarm
of the proposed algorithm

S - 2
—* ofthe M}ADM based on fuzzy number [
—p—
-

[ 14

Sliding window size s

False alarm (%)





OEBPS/Images/CMC_55326-fig-9.png
Latitude (°)

28.5

28.01

27.51

27.0

---- Track
f PN
{\ C
23T
e B\:}
D .o
Leioe” :>
2 ¥
125.2 i25.5 126.0 126.5 127.0
Longitude (°)

(a)

Class 51

Class 41

Class 3 1

Class 2 1

Class 11

Recognition result of the
algorithm in literature Zhang et al. (2021)
Recognition result of
the algorithm proposed

B C D
w11l 1 1 1 L | 7 L I |
T T I
(e A A
B C D
20 40 60 80 100
Recognition times
(b)





OEBPS/Images/CMC_55326-fig-4.png
STM
Cell

LSTM
Cell






OEBPS/Images/table-2.png
Table 2: Comparison of recognition performance

Recognition accuracy (%)

False alarm ratio (%)

Algorithm in Algorithm proposed Algorithm in Algorithm proposed
literature [43] literature [43]

2 0.9442 0.9816 0.0617 0.0292

s Recognition accuracy (%) False alarm ratio (%)
Algorithm in Algorithm proposed Algorithm in Algorithm proposed
literature [43] literature [43]

3 0.9593 0.9946 0.0501 0.0201

4 0.9705 0.9994 0.0419 0.0137

5 0.9786 0.9996 0.0308 0.0092

6 0.9834 1.0000 0.0280 0.0075
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Algorithm 1: The aerial target recognition algorithm based on self-attention and LSTM

Input: the observation sequence {x,_,.|, X,_,»,...,X;} of an aerial target.
Output: the recognition type y; in the i th observation.

1:

2
3
4:
5:
6
7
8

if the recognition model has been trained then
IIthe recognition process
Put the sequence {x,_,,1,X;_.2, ..., X;} into the model;
Get the predicted target type ;.
else
[Ithe training process
Generate the training data set using three-point-estimating method as Section 4.4;
Construct the structure of recognition model as Section 3.2;
Set training parameters: epoch, mini-batch;
for ¢ € epoch: do
for x € mini-batch: do
Computer the output value y by Eq. (12);
Computer the loss value by the loss function Eq. (14);
end for
Update model parameters by back-propagation;
end for
go to the recognition process

18: end if
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