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[bookmark: _Toc31769]ABSTRACT
The identification and elimination of abnormal data in structural health monitoring system is helpful to correctly evaluate the operation status of the monitored subway. Aiming at the vibration monitoring data sets with different classification marks of a subway monitoring system, the abnormal mode detection method of sensors based on supervised learning is studied. Firstly, after establishing the balanced data set, in order to expand the size of different types of samples, the data expansion strategy of first derivative operation and equal length sequence segmentation is proposed. Secondly, in order to reduce the impact of invalid features in the original samples on training efficiency, the idea of feature selection and ranking importance measurement based on statistical analysis is adopted. Finally, a two-stage seven label classification model based on deep convolution neural network is established. The experimental results show that the method can distinguish the label "normal" and "abnormal", and identify the detailed exception category.
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1. [bookmark: _Toc43040065][bookmark: _Toc31028]INTRODUCTION
1.1 [bookmark: _Toc26108]Project Aim and Objectives
This subject is aimed at the safety monitoring of subway tunnel structures, and it is proposed to adopt the two-stage deep convolutional neural networks (CNNs) to detect abnormal vibration signals of subway tracks.
This topic is aimed at the detection and identification of abnormal signals in the monitoring of subway structures. It is proposed to carry out research on related methods for identifying abnormal patterns in time series signals based on CNNs. The main research contents are as follows:
(1) Data processing of subway track vibration signal
Aiming at the subway-to-track bed vibration data collected by the ultra-weak grating sensor array in the project, the construction method of the subway track bed vibration sequence sample library when the subway driving data is extracted is studied. Since the difference between the mean square error of the subway track vibration signal and the no track vibration signal is relatively large, it is necessary to set an appropriate mean square error and adaptive threshold to cut out the track vibration sequence from the original data, and preprocess the data to construct the subsequent The samples needed in the work.
(2) Construct deep convolutional neural networks suitable for processing multi-dimensional type data
In view of the wide variety of fiber grating sensors in subway structure monitoring, the frequency of fiber grating demodulator is not the same, the complex external environment and other issues, construct a project without introducing additional feature engineering, which has good versatility for anomaly detection, the two-stage deep convolutional neural networks (CNNs) is applied to the subway structure monitoring system, which improves the accuracy of abnormal monitoring of subway structure signals, reduces the cost of manual intervention, improves the efficiency of the system, monitors the signals in real time, and issues alarms when abnormal data is detected. Rail transit safety is of great significance.

1.2 [bookmark: _Toc8474]Report Structure
The proposed strategy has three components. First, the imbalance between sample sizes of different modes is reconciled. After the balanced dataset is obtained, the data is expanded by calculating the first derivative of the balanced dataset. To further increase the capacity of the dataset, each sample in the two datasets is divided into equal segments and overlaps evenly. To facilitate the study of supervised learning models, a feature selection based on time series statistics was made for balanced and enhanced datasets using the ranking importance measure of random forests. The selected PIM-based statistics are then substituted for the corresponding equal-length series. Finally, statistical-based feature sequences are overlaid into a matrix. With this matrix as input, two-stage supervised learning training based on two-dimensional deep CNN is performed, and the normal and distinguishable anomalies of "marker" are identified in detail.
[image: ]
Fig. 1. The overview procedure for data anomaly detection


2. [bookmark: _Toc29264]LITERATURE REVIEW
In recent years, with the rapid development of China's national economy, the subway has become a convenient and mainstream way of transportation in the city. The subway has a large carrying capacity, is on time and does not occupy space on the ground, and it is also the key urban transportation foundation of the country. Facilities, more than 50 cities have been built and planned to build subways in China [1]. 
The construction of the subway shows signs of vigorous development, but the safety problems of the subway also follow. On the one hand, the construction of urban underground rail transit is mainly carried out inside the rock and soil body, no matter which excavation method is adopted, it will inevitably disturb the underground rock and soil body and make it lose its original balance. Therefore, the construction of subway tunnels will inevitably affect ground subsidence, and in severe cases will cause tunnel collapse, ground collapse, existing underground pipeline rupture, and damage to ground structures. On the other hand, with the large-scale development and construction of the urban rail transit network, problems such as intersections and transfers between different lines will inevitably be encountered, and there will be projects such as the crossing of the newly built lines in the vicinity of the existing subway line areas and inter-area tunnels Happening. For example, in the 2023 rail transit line planned for the fourth round of Wuhan Metro, the number of node stations and subway tunnels crossing each other is as high as 110. At the same time, the opening of the subway will also be accompanied by the appreciation of the surrounding land and the increase in various construction projects such as commercial housing, resulting in more and more foundation pit projects above and lateral to the tunnels along the subway. Underground engineering such as digging will also break the force balance of existing subway tunnels. How to ensure the safety of subway construction and operation has become an important issue that subway engineering and operation departments need to face urgently. To ensure the safe construction and operation of the subway, in addition to establishing a sound safety production mechanism and strictly controlling the construction quality, structural monitoring and safety assessment of the subway are also very important protective measures.
Metro structure monitoring is a long-term task. The main purpose of monitoring is early warning, which is to diagnose and evaluate the future shape of the metro structure [2]. Using long-term accumulated real-time monitoring big data, an evaluation model for judging the evolution of subway structural status can be established. This method not only helps to grasp the immediate working status of the tunnel structure, but also can formulate effective disaster prevention measures in advance according to the prediction results of the model, and can also provide technical support for the efficient construction of the subway [3]. In addition, due to the long period of metro structure monitoring, many contents and complicated influencing factors, in addition to the continuous improvement of metro structure monitoring methods and methods, it is also necessary to develop advanced and reliable assessment theory for the safety status of metro structures for management and technical personnel. Provide a diverse basis for decision-making. Structural condition assessment [4] is an important means to realize the modernization and scientificization of safety production and operation management. Underground engineering structures such as subway tunnels also need to select appropriate safety monitoring methods to achieve timely safety assessment of the structural operation status.
The ultra-weak grating sensor array [5] has the advantages of large capacity, high precision and long distance, and can effectively meet the safety monitoring of subway structures. Distributed vibration monitoring based on ultra-weak grating sensor arrays has been reported to be successfully used for train tracking [6], intrusion location [7] and structural status recognition [8]. The train vibration response obtained by this monitoring has natural sequence characteristics in time or relative position, and is a typical sequence data. In the ideal data collection, transmission and storage process, the data is generated by one or more conventional generation processes, and has a relatively uniform generation mechanism. However, due to the influence of transmission noise, etc., other generations cannot be ignored in actual engineering. The mechanism has data effects.
It is defined as anomaly detection to find data patterns that do not conform to the expected behavior [9], that is, to identify abnormal points or outliers generated by these inconsistent patterns. Anomaly detection has a wide range of application scenarios in the real world, such as credit card fraud detection, insurance fraud detection, medical health auxiliary diagnosis, network intrusion detection, security critical system error detection, military reconnaissance, etc. [10]. Intuitively, when some data points are significantly different from and deviate from the normal data point set, there is reason to suspect that such data points are anomalies produced by a generation mechanism that is different from normal data [11]. The data anomalies in subway structure monitoring belong to time series anomalies, that is, the data anomalies are related to time.
The detection of abnormal data mainly includes statistical analysis, traditional machine learning and neural network.
The statistics-based method uses some statistical features to estimate whether the data in a test sample belongs to the same category. A simple statistical analysis method is based on the distance between samples to measure, and these distances can be measured using standard deviation or Mahalanobis distance (Mahalanobis Distance) and some other probability distance. Yu Hao and Wang Bin et al. [12] optimized outlier detection in 2010, and proposed an efficient distance-based filtering method o-RFA, which can detect uncertain data and reduce the number of candidate sets that need to be detected. , Improve the detection efficiency. In 2016, Dai [13] proposed the use of distance-based outlier detection methods. Dai converts noisy Twitter data into regions, and then uses regions to perform region-based hypothesis testing to achieve rapid outbreak detection. Ahn [14] proposed a new data outlier detection method in 2018. This method is based on the asymptoticity of the high-dimensional distance metric and compares it with the existing method on simulated data to verify the effectiveness of the method Sex. Gaussian distribution is the simplest anomaly detection technique with parameters [15]. Assuming that the distribution of data belongs to a Gaussian distribution, statistical modeling can be performed based on the mean and covariance of the data. According to the Gaussian distribution criterion, when the sample data is greater than 3σ, it can be determined as abnormal data. When the sample is of high dimensions, a mixed Gaussian model or a multivariate Gaussian model can be used. Reddy and Rao [16] proposed an algorithm for detecting outliers of seasonal univariate network traffic data using Gaussian Mixture Models (GMMs) in big data scenarios in 2017. The training data is eliminated by checking the probability associated with each data point Outliers in the test, and then rebuild the GMMs, using the recalculated GMMs to detect outliers in the test data. Moustafa [17] proposed a new outlier Gaussian mixture (OGM) anomaly detection technology for detecting zero-day attacks. Experiments show that the algorithm is superior to other detection rates and false alarm rates in both original and simulated web data. Machine learning mechanism. Liu Fengwei et al. [18] proposed an anomaly detection algorithm based on Gaussian distribution that can automatically update the anomaly threshold based on the sample, and applied it to the analysis of residential electricity consumption anomalies. Ullah [19] constructed an anomaly detection framework in a crowd scene. The framework extracts motion features from a time window, uses GMMs technology to learn these feature behaviors, and then marks whether the moving particles belong to an anomaly according to the variance of the Gaussian distribution. The effectiveness of this method is verified on the benchmark data set. Acar [20] describes a method for anomaly detection of background features of hyperspectral images using GMMs. The method initializes GMMs with spectrally dimensionally reduced pixels, and estimates each spectrum through GMMs to obtain anomaly maps. Experiments prove that the method is on-machine The detection results on the hyperspectral data set are superior to the other two density-based anomaly detection methods.
In the supervised anomaly detection mode, traditional machine learning models such as SVM, HMM [21], CRF [22] can be directly applied to sequence anomaly detection scenarios. For example, Liao [23] uses the CRF algorithm to detect anomalies in GPS data . However, due to the problem of data imbalance and the pattern accuracy of abnormal data, the actual effect of supervised learning algorithms in sequence anomaly detection is usually not good. Scholkopf [[24] and Duin [25] both proposed the One-class SVM series algorithm, which uses the kernel method to map normal data to high-dimensional space, but this method ignores the sequence dependence of sequence data. Yu and Joachims [26] extended the standard SVM algorithm. But experiments show that this algorithm is not suitable for semi-supervised learning application scenarios. Pazen et al. [27] used a non-parametric model to model abnormal samples based on kernel density estimation, and used statistical hypothesis testing to decide whether to accept the sample as abnormal. Although traditional machine learning methods have excellent performance in binary classification problems, there are still some defects in the sequence anomaly detection. For example, how to determine the parameters, how to choose the kernel function, etc. Most traditional machine learning models are now based on experience, and there is no better method. Traditional machine learning methods are difficult to train for large-scale data [28], and a large amount of time and space are required during the training process, which has low efficiency and poor results. When multiple classifications of multiple abnormal data are required, a combination of multiple network models is needed to realize the classification, which is difficult and low in classification accuracy.
In semi-supervised or unsupervised anomaly detection mode, the most important thing is to model the original distribution of normal data. Therefore, the statistical modeling ability determines the upper limit of the anomaly detection model. In recent years, deep learning has shown strong nonlinear distribution fitting capabilities for highly structured data and signal processing type data in various applications in the real world. Recent practical and theoretical studies have shown that deep architectures have better generalization capabilities than shallow structures on many challenging recognition tasks [29], of which the most critical thing is the multi-levels that increase with the level of feature abstraction Network expression. With the deepening of deep learning research, a variety of deep neural network architectures for different problem scenarios have been derived. Among them, Hinton [30] proposed a self-encoding network in 2006, which has been widely used in data compression and feature expression. The variational self-encoding network based on variational inference and neural network can approximate the real data distribution and extract potential data structures, while the neural network is excellent in dealing with sequence problems.
The neural network in sequence learning is a neural network that imitates biology and connects a large number of neurons into a network structure. The neural network was first derived in 1943 based on mathematical theory and algorithms. Due to the lack of resources at the time, the proposed model simply could not verify its accuracy. When the subsequent perceptron and back-propagation algorithms were proposed, the neural network was really developed. The simplest neural network model has 3 layers, namely the input layer, the hidden layer and the output layer. Each layer is composed of multiple neurons, and the output of each layer is used as the input of the next layer. Compared with other anomaly detection techniques, the neural network does not require any statistical analysis and prior feature engineering. It only needs to input samples, select the appropriate activation function, neural network layer and loss function, and the neural network can be automatically trained and learned. Adjust its parameters and network structure.
The development of neural networks has formed a variety of models today, and different neural network models can be constructed for anomaly detection in different application scenarios. For example, in 2011, Neme [31] combined with neural network to detect whether the text was written by the same author, but research shows that this method is difficult to train for relatively long sequences. In 2013, Benzing [32] combined neural networks to detect anomalies in the spectrum. In 2015, De [33] used neural networks to predict abnormalities in the short-term consumption of natural gas, but the algorithm can only detect short-term data and cannot detect complex abnormalities. In 2016, Kosek [34] defined a smart grid context anomaly detection method based on an artificial neural network model. This method can discover malicious control of grid behavior in low-voltage grids. In 2017, Wess [35] implemented ECG signal anomaly detection based on neural networks and FPGA learning methods. The network model has 12 inputs and 6 hidden layers. The activation function implements piecewise linear approximation and ECG detection The rate is as high as 99.82%; Goh and Adepu [36] use recurrent neural networks for network physical system anomaly detection. This method can not only detect anomalies in the CPS area, but also identify the sensors that are attacked, compared to other unsupervised learning methods for sequence data Have better detection effect. In 2018, Hu Tao [37] designed a convolutional neural network to detect abnormal events in audio, but the model is only suitable for one-dimensional audio data. The noise interferes with the data and the data has multiple In terms of dimensions, the performance of the algorithm is not as good as GMMs and BP neural networks; Sheraz [38] proposes an enhanced network anomaly detection algorithm based on deep neural networks, which is trained through the NSLKDD training data set and compared with traditional machine learning classification algorithms. It is concluded that the model has excellent performance in the network intrusion detection system. Chalapathy [39] proposed a class of neural network models (OC-NN) to detect anomalies in complex data sets. OC-NN combines the ability of deep networks to extract the characteristics of multi-dimensional data. The data in the hidden layer is generated by OC-NN Target-driven representation, experiments show that OC-NN is superior to other anomaly detection methods on complex data sets. He Chun [40] et al. used BP neural network to detect faults in large-scale hybrid circuits. Kim [41] uses the C-LSTM neural network for web traffic anomaly detection. C-LSTM uses a sliding window to preprocess the data, automatically extracts the time series features in the web traffic data, and obtains normal data through confusion matrix and t-SNE classification And abnormal data, but the algorithm cannot perform real-time detection, there is a certain delay, and there are still many problems in the model to automatically find the optimal parameters; Racki [42] applies convolutional neural network (CNN) to the visual surface In the field of automatic detection, a CNN-based surface anomaly segmentation detection framework is designed. This model uses less learning parameters while maintaining high classification accuracy; Radford [43] uses RNN for network traffic anomaly detection, through RNN Learning the communication sequence between computers on the network to identify abnormal network traffic, the model constructed can predict the communication between two IPs, and can measure the typical or atypical degree of the observed communication sequence through reconstruction errors.
Although neural networks have been widely used in sequence anomaly detection, in the process of use, the continuous increase of network depth will lead to gradient dispersion or gradient explosion and degradation problems, that is, as the depth increases, the accuracy rate will first rise Then reach saturation, and then continue to increase the depth will cause the accuracy to decline.
In the field ofstructural health monitoring (SHM) system involving the fault diagnosis of sensor signals, Yi, et al. [44] indicated the importance of sensor validation to ensure the accuracy and reliability of monitoring structure health assessment, and reviewed related sensor validation methodologies that can eliminate the deviation between measured variables and true values. In the abnormal data diagnosis for the case of fewer sensors, the technique of cumulative sum chart used for the detection of shifts in the high-rate GPS carrier-phase measurements in a long-span bridge was reported in [45]. Besides, for the diagnosis of bridge expansion joint displacement, an analysis method based on principal component analysis and hyperspherical support vector machines was proposed in [46]. In the fault diagnosis of sensors with a certain scale, Huang, et al. [47] established a multivariate statistical model based on dynamic or auto-regressive characteristics and verified the superiority of their proposed method through a benchmark finite element model. Hernandez-Garcia, et al. [48] ever discussed the applicability of three identification methods about sensor fault anomaly based on statistical monitoring models aiming at the truss bridge model. Moreover, the imbalance of samples in different modes that are often encountered in reality was not considered. With the improvement of computer hardware performance, machine learning and deep learning are gradually being used to address the pattern classification issues in the area of SHM. The latest publications in SHM and related various applications using emerging deep-learning-based methods were reviewed in [49]. Among them, there have been lots of reports on the research of detecting data anomaly through deep learning based on computer vision [50,51]. However, the cost of these methods by converting sequence signals into images and then extracting features are often expensive or even prohibitive. In some recognition research on the sequence signal itself, Li and Sun [52] used a scaled-down bridge model to simulate and output a one-dimensional sequence signal containing anomalous effects and achieved accurate classification for four scenarios based on deep learning model. Although current researches have gradually verified the feasibility of artificial intelligence methods in identifying sensor signal abnormalities through numerical simulations and small-scale experiments, the studies aiming at long-term datasets of actual SHM systems are still less.
Traditional machine learning methods include classification or clustering algorithms. Some scholars have improved on classic methods such as Bayesian networks and support vector machines. Today, anomaly detection algorithms based on Bayesian networks and anomaly detection algorithms based on support vector machines have been formed.
The theoretical basis of Bayesian network's anomaly detection algorithm is Bayesian theory. Bayesian theory refers to reasoning about the probability of an event with a known probability when reasoning and making decisions about uncertain problems. When it comes to the problem of anomaly detection, it is to calculate the probability of normal data in the sample, and then Use the Bayesian learning method to analyze the probability of anomalies. Under the Bayesian linear regression framework, Joanne proposed to use the Bayesian method to process outlier data. The essence of the algorithm is to assume that the sample data all have independent variances. The final estimate is obtained by weighted regression of the sample data, and the comprehensive The performance of the algorithm is evaluated on the data, which proves the ease of use and robustness of the algorithm. In 2012, Giuli and Maggi proposed a Bayesian optimization method for anomaly detection of capital asset pricing models. The basis of the algorithm is to assume that returns follow an independent normal distribution and impose a partition structure on the parameters of interest. The Bayesian optimization method can distinguish between standard observations and non-standard observations. Qianqian studied the problem of GNSS time series outlier detection based on Bayesian statistical theory, proposed a model for detecting different types of anomalies at the same time, and designed a posterior probability calculation algorithm based on the standard Gibbs Sampler. Dorj proposed an anomaly detection algorithm for electronic systems based on Bayesian hidden Markov model. This algorithm uses Bayesian hidden Markov model parameters as random variables of Dirichlet distribution, and uses the conjugate prior method to derive Di The posterior hyperparameters of Likeley distribution result in an accuracy rate of 88.9% for the detection of abnormal behavior of electronic systems on the IGBTs data set. Pauwels defines an anomaly detection algorithm for complex logs based on dynamically expanding Bayesian networks. This algorithm uses dynamic Bayesian networks to model the normal behavior in log files. The model can expand log files from the data itself. Learn that even if new values or new combinations of values appear in the log file, the model can score them.
Support Vector Machine (SVM) was proposed by Vapnik in 1963. It belongs to a kind of supervised learning two classifier. Its basic idea is to find a hyperplane in space to divide all samples into two, making The sample data in the same category is the shortest distance from this hyperplane. Matsuno proposed a method of generating high-confidence regions using nonlinear support vector machines with Gaussian kernels. This method limits the robot's decision-making area under the task conditions, reduces the robot's error in task condition recognition, and realizes robot assembly Anomaly detection. Zuluaga uses detection support vector machine (DD-SVM) to perform abnormal detection of blood vessel feature selection, but a large amount of labeling data is required in the detection process. Wu and Su proposed a weighted least squares support vector machine (WLS-SVM) based on quantum particle swarm optimization algorithm. This algorithm overcomes the shortcomings of LS-SVM training, but will make the algorithm lose its sparsity and robustness . Bao proposed a multi-dimensional sequence anomaly detection method based on cost-sensitive support vector machine (C-SVM), which converts the multi-dimensional sequence into feature vectors losslessly, removes the useless features of these vectors, and then uses C-SVM to process these vectors. Carry out dynamic testing and perform abnormal sequence detection on dynamic unbalanced data. Jiang has developed a one-class SVM-based central monitoring and data acquisition (SCADA) anomaly detection system. In this system, OCSVM can normally capture data sets in a small area by solving an optimal problem with slack variables and parameter trade-offs. Most of the data, thereby detecting anomalies in the data. Experiments show that this method can effectively protect the SCADA system. Shang Wenli and Zhang Shengshan and others proposed a Modbus TCP communication anomaly detection model based on PSO-SVM. This model uses particle swarm optimization PSO to optimize parameters and effectively identify Modbus according to the frequency of different long and short pattern sequences in the Modbus coding sequence. Medium TCP traffic is abnormal. Montague proposed an anomaly detection algorithm based on nonlinear semi-supervised support vector machine, which can be used to deal with the problem of unbalanced positive and negative samples in anomaly detection. Khaokaew compares the performance of feature selection techniques and support vector machines in network anomaly detection. Experiments show that SVM training time is shorter and accuracy is higher.
In recent years, more and more experts and scholars have invested in the process of deep learning, and have made breakthrough progress in the fields of natural language processing, image processing and video processing. Google’s development of AlphaGo based on deep learning to defeat the world champion of human Go shows that deep learning is a practical algorithm that is worth studying. Compared with traditional machine learning algorithms, deep learning usually contains multiple hidden layers in the model. During the training process, feature recognition and selection will be completed automatically. There is no need to introduce additional feature values, which avoids mistakes when manually selecting features. Improve the accuracy of model recognition and classification.
In 2016, Zeng Xueqiong of South China University of Technology and others constructed a convolutional neural network model for transmission abnormal classification. This method first uses short-time Fourier transform, continuous wavelet transform, and S transform to perform time-frequency analysis on the simulated signal, and then constructs the structure. The convolutional neural network model optimized by the optimization parameters classifies the time-frequency images. This method still achieves good results in the gearbox abnormal identification experiment under variable speed. In 2016, Abdeljaber of the University of Qatar and others established a structural health monitoring system based on a convolutional neural network. The system was based on the largest simulated stand in the experimental environment built by the University of Qatar. By constructing a one-dimensional convolutional neural network model, the features were extracted And recognition classification into a compact learning body. This method can automatically extract the best damage-sensitive features from the original acceleration signal, and perform vibration-based damage detection and damage location in real time while ensuring the calculation efficiency. In 2017, Esteva of Stanford University published an article in the world's top journal Nature, claiming that the convolutional neural network model built by his team can reach the level of a skin cancer diagnosis expert. In the experiment, the team collected about 130,000 clinical images, including 2032 different disease types, and finally the recognition results were particularly excellent, and the diagnostic accuracy rate was as high as 91%. In 2017, Jing of Tianjin University proposed an adaptive multi-sensor data fusion abnormal diagnosis method based on deep convolutional neural network. This method can learn features from the original data and adaptively optimize the combination of different fusion levels to meet any Requirements for abnormal diagnosis tasks. Through testing on the star gear box test bench, this method is compared with other feature extraction and classifier recognition methods. The experimental results show that the proposed method has the best diagnostic accuracy. In 2018, Shanghai Jiaotong University's Fang Cheng et al. proposed an electromagnetic spectrum signal classification method based on improved convolutional neural network. In this method, the full bispectrum of the signal is used as the input of the convolutional neural network. Through the improved classic convolutional neural network model, the signal characteristics are independently learned, and the recognition rate of the unknown signal modulation type reaches 97% and the signal identity attribute recognition rate reaches 96%. Excellent results, better generalization ability than other methods, and effectively solve the problem of slow decline of the loss function in the recognition process.
In this paper, the data anomaly research utilized monitoring values of 38 vibration sensors with a one-month length of the SHM system of subway. In the following second section, the capacity and raw characteristics of the dataset with seven labels were described. Next, aiming at the capacity imbalance of different labels and the original difference of the same label, the strategies of data augmentation and feature selection were proposed to ensure the effectiveness of supervised-learning-based classification training. Finally, to achieve high-accuracy classification recognition of data anomaly, the two-stage deep convolutional neural networks (CNNs) were established through trial and error under ten-fold cross-validation.

3. [bookmark: _Toc8748]RESEARCH AND DEVELOPMENT METHODOLOGY
3.1 [bookmark: _Toc26257]Research Methodology
3.1.1 [bookmark: _Toc8741]Existing Problems
(1) The scarcity of abnormal data, especially the labeled abnormal data is very scarce. Abnormal labels are generally manually marked by the relevant staff. According to the labels, it can be judged whether the data is normal or abnormal. Therefore, it is more difficult and expensive to obtain a real data set with abnormal labels for abnormal training.
(2) Diversity of abnormal data. The definition of anomalies is dynamic. In different application scenarios, anomalies have different categories. Even in the same application scenario, the anomaly data is also diverse. It cannot be judged by the same standard alone, just like traffic. The speed of the car in an accident, the failure of the car's brakes, and the speed at which the accelerator is used as a brake all belong to the category of abnormal data. These have caused the diversity of abnormal data, making the boundary of the abnormal and the normal boundary ambiguous, and the type of the abnormal is not fixed. It is possible to generate new anomalies different from the abnormal data set at any time. Therefore, the accuracy of anomaly detection is very low.
(3) In addition to the above two common problems in the abnormal detection of subway track vibration sequence, there is also a problem that the amount of sample data is extremely large. Because the subway structure monitoring is full-time and global monitoring of the subway, the number of sensors is large, the demodulation frequency is relatively high, and the generated data is massive. Traditional anomaly detection methods such as classification-based, statistics-based, and machine-learning-based methods basically ignore the original time series of the data, and need to introduce additional feature engineering. The detection efficiency of large-scale data sets is low, and the accuracy of classification is low. Traditional anomaly detection methods are extremely difficult to apply to subway track vibration sequences.

3.1.2 [bookmark: _Toc1808]Key Issues
(1) Replace traditional machine learning methods with CNNs to perform anomaly detection on multi-dimensional type data, tune the hyperparameters of the model, select the appropriate number of iterations, the number of hidden variables, and the number of hidden layers to improve the model performance.
(2) Anomaly data is often difficult to obtain in anomaly detection. This is because anomaly cases may mean heavy accidents, and such cases are relatively rare. Usually, we can only obtain relatively few instances of anomaly data. Therefore, the time series data collected by fiber grating sensors laid in subway tunnels are often extremely unbalanced, and abnormal samples are difficult to obtain. By using the two-stage deep convolutional neural networks (CNNs) to train the normal signals monitored by the subway, the reconstructed time series data is obtained. The error between the reconstructed sequence and the original input data sequence is used to determine whether the original input data is abnormal. 

3.2 [bookmark: _Toc15248]Experimental Design
In order to achieve the research goal of this topic. First, a comprehensive understanding of the subway structure monitoring system. There are many types of fiber grating sensors in the subway structure monitoring system, and the frequency of the fiber grating demodulator is also different. The external environment is complex, the length of the collected signal data is inconsistent, the dimensions are high, and sometimes Order. In order to solve these problems, we then deeply analyzed the advantages and disadvantages of traditional sequence anomaly detection methods, and discussed the feasibility of using CNNs to perform anomaly detection on subway track vibration sequences. In the following second section, the capacity and raw characteristics of the dataset with seven labels were described. Next, aiming at the capacity imbalance of different labels and the original difference of the same label, the strategies of data augmentation and feature selection were proposed to ensure the effectiveness of supervised-learning-based classification training. Finally, to achieve high-accuracy classification recognition of data anomaly, the two-stage deep convolutional neural networks (CNNs) were established through trial and error under ten-fold cross-validation.
More in details:
(1) Taking the infrastructure with known structural health monitoring results as the data acquisition object, the acceleration data of M days are obtained by acceleration sensor;
Suppose there are N sensors, the sampling frequency is f, and the data set is acquired. The signal length of time series signal per hour is 3600 * F, and the dimension of labeled data set is 24 * m * n;
(2) The balanced data set is obtained by random function balanced extraction, and then the enhanced data set is derived from the first derivative of the balanced data set through data enhancement;
(3) The samples in balanced data set and enhanced data set are segmented, and the data set is expanded based on equal length segmentation;
Assuming that the original sample data dimension is n, by dividing it into equal length samples of P dimensions n / P, and the overlapping dimension between fixed equal length samples and equal length samples is n / Q, the samples are transformed from n-dimensional to (Q-1) n / P sequences by stacking equal length samples, and the hourly time series signal is expressed as a matrix of (Q-1) * n / P;
Assuming that the original sample data dimension is n, the original sample data is divided into 30 equal length samples with N / 30 dimensions, and the overlapping dimension between the fixed equal length samples and the equal length samples is n / 60, the samples are transformed from n-dimensional to 59 n / 30 sequences by superposition of equal length samples, and the hourly time sequence signal is expressed as a matrix of 59 * n / 30;
(4) The statistical index is used as the input feature of training to replace the segmented equal length segment and its first derivative sequence;
(5) The total data set is divided into training sample subset and test sample subset. The training sample subset is divided into two parts: training sample and verification sample, and test sample subset is taken as test sample;
(6) According to the proposed data enhancement and feature selection method, 3600 * f original samples are transformed into a 60 * 12 matrix; the first row of each matrix is composed of the original undivided samples and their first derivative, and the remaining 59 rows are composed of the first derivative and the same first derivative fragments.
(7) The abnormal diagnosis model of time series monitoring data is established;
According to the idea of two-stage recognition of different patterns, two models based on supervised learning are established by deep-seated CNN;
The first stage model is used to identify the "normal" tag and "abnormal" tag; the second stage model is used to identify the detailed categories corresponding to the "exception" tag.
According to the above scheme, the statistical indexes in step (4) are selected as follows:
(4.1) from the original time-domain signal and the time-domain signal after the first derivative, 10 statistical index characteristics are obtained, which are maximum value, minimum value, average value, median, standard deviation, range, effective value, mode, kurtosis and skewness;
(4.2) according to the random forest strategy of PIM (permutation importance measure), the contribution importance of different statistical indicators as candidate features is evaluated;
(4.3) select the first six statistical indicators according to their importance.
Based on the strategy of random forest, the contribution importance of different statistical indicators as candidate features was evaluated. Statistical based ranking of balanced and enhanced datasets from 500 randomly selected samples for each pattern. According to this idea, in the subsequent supervised learning model, six statistical indexes with higher PIM value are used as the input features of training, instead of the equal length segment and its first derivative sequence.
According to the above scheme, the combination of statistical indexes in step 4) follows the following principles:
When selecting six statistical indexes to construct the combined training input of samples, there are three arrangement modes
First, the combination of the top six statistical indexes in the feature importance ranking based on the original sub segment and the top six statistical indexes in the feature importance ranking based on its first derivative sequence;
Secondly, the combination of the top six statistical indicators in the feature importance ranking based on the original sub segments and the top six statistical indicators in the feature importance ranking based on the original sub segments;
Third, the combination of the top six statistical indexes in the feature importance ranking based on its first derivative sequence and the top six statistical indexes in the feature importance ranking based on its first derivative sequence;
According to the accuracy effect of the three permutations in the test set, the combination of input features is determined.
According to the above scheme, the training method of the first stage model in step (7) is as follows:
The training steps are as follows:
(7.1) the binary classification model is composed of input layer, hidden layer and output layer; the number of nodes in input layer and output layer is set as B, the number of hidden layer nodes is t, the weight of each layer is a random number matrix between 0 and 1, the offset value of each layer is the default value, and the activation function of each layer connection is sigmoid function;
(7.2) set the model learning rate as C and the maximum number of training epoch as S;
(7.3) the loss function of the model is defined as the mean square error of input sample data and output sample data;
(7.4) in the training process, adjust C, s, B, t and batch_ Ten fold cross validation method was used to evaluate the influence of each parameter size on the model performance, and the training of binary classification model was completed.



4. [bookmark: _Toc13756]DESIGN AND IMPLEMENTATION
4.1 [bookmark: _Toc31718]Design
As shown in Figure 1, an abnormal diagnosis method for sequential monitoring data of structural health monitoring system is presented. Figure 1 is the overall flow chart of this paper. The object of abnormal pattern recognition is based on the acceleration data of subway for one month, including the following steps:
In the original data collected by the acquisition device, there are 38 sensors with the sampling frequency of 20Hz. For 38 sensors, one month (31 days) data, the dimension of labeled data set is 744 * 38.
After random function balanced extraction, the length of any sample in the enhanced dataset derived from the first derivative of the balanced dataset is still 72000, and the available sample size of the dataset is doubled. The data set is expanded based on equal length division, and the derivative signal is obtained by differential derivation.
The length of the extracted cutting signal is 2400 (equivalent to 2-minute signal), and the cross length of the next cutting signal and the previous cutting signal is 1200 (equivalent to one minute signal), and the same processing method is used to process the derivative signal. Finally, 59 original signal cutting signals and 59 derivative signal cutting signals are obtained. Each 72000 dimensional sample in the balanced and enhanced data sets is divided into a series of 2400 dimensional equal length segments, in which the fixed 1200 dimension overlaps. Therefore, each 72000 dimensional sequence can be transformed into 59 2400 dimensional sequences.
By superimposing these sub segments, the hourly time series signal can be expressed as a matrix of 59 * 2400.
Specifically, the waveform diagram of hourly sample points is shown in Fig. 2.
[image: IMG_0672(20201119-212120)]
Fig. 2. Data augmentation through equal-length segmentation
In order to master the overall characteristic distribution, after the above data expansion operation, the maximum value, minimum value, standard deviation and other statistical results of all equal length line segments are output.
In the process of statistical analysis, for the "missing" mode, when no data is collected, the average value of non empty period is used to fill in the null value, and zero is filled in the sample sequence.
According to PIM strategy based on random forest, the contribution importance of different statistical indicators as candidate features was evaluated. According to this idea, in the subsequent supervised learning model, the statistical index with higher PIM value is used as the input feature of training, instead of the equal length segment and its first derivative sequence.
Through many experiments, the statistical ordering results of balanced and enhanced datasets obtained from 500 randomly selected samples of each mode are compared. It is found that the contribution of six statistics in the derivative signal is higher, as shown in formulas (1) - (6).

Range (1)

Maximum (2)

Valid value (3)

Standard deviation (4)

Kurtosis (5)

Minimum (6)




Where,  represents the  input sample data and  represents the mean value of the  sample.

According to this point, the six statistics in the derivative signal are used and extended to the original signal. Firstly, six statistics of the original signal are extracted, and the statistics of the derivative signal are extracted at the same time. Then, the statistics of the original signal and the derivative signal are processed by the same processing method. Finally, the statistics of the original signal and the statistics of the cutting signal are spliced together longitudinally to form the  data set.
[image: IMG_0669(20201119-212151)]
Fig. 3. The feature combination based on the sorting results of PIM
As shown in Figure 3, the sorting results of the original sub fragment and its first derivative sequence are different. When six statistical indexes are selected to construct the combined training input of samples, there are three arrangement modes.
Arrangement 1: the combination of the top six statistical indexes in the feature importance ranking based on the original sub segment and the top six statistical indexes in the feature importance ranking based on the first derivative sequence.
Arrangement 2: the combination of the top six statistical indicators in the feature importance ranking based on the original sub segment and the top six statistical indicators in the feature importance ranking based on the original sub segment.
Arrangement 3: the combination of the top six statistical indicators in the feature importance ranking based on its first derivative sequence and the top six statistical indicators in the feature importance ranking based on its first derivative sequence.
After repeated experiments and comparison, according to the accuracy effect of the model in the test set, the third scheme is selected and the following two-stage deep convolution network training is carried out.
20% of the total dataset was used for testing, and the remaining 80% was divided into two parts, namely training (90%) and validation (10%). In the training process, ten fold cross validation method is used to evaluate the influence of model parameters on the model effectiveness.
According to the proposed data expansion and feature selection strategy, the original sample of 72000 dimensions is transformed into a matrix of 60 * 12. The first line is the statistics of the original undivided samples and their first derivative, and the remaining 59 lines are the statistics of equal length segments and their corresponding first derivative.
Before the model training, the data needs to be further normalized. Considering that the data set is not a traditional data set, but a stack of statistics, each column of the data set is composed of a certain combination of the original signal and the cutting signal. If only a simple global normalization processing, because some statistics values are relatively large and the difference is large, Some statistics are relatively small and the difference is small.
If a simple normalization is adopted, the difference will be smaller and the training effect will be affected, so the normalization strategy needs to be changed. Normalize the maximum and minimum values in a column and map them between (- 1, 1), as shown in formula (7).

（7）
Where: A represents the column element,  represents the minimum value in the input sample data, and  represents the maximum value in the input sample data.
The invention uses convolution neural network in deep learning to build two classification models for normal data and abnormal data expansion recognition and six classification models for abnormal types recognition (corresponding to 6 kinds of abnormal type marks). The model structure diagram is shown in Fig. 4 and Fig. 5.
[image: IMG_0670(20201119-212138)]
1. The 1st stage model based on deep CNNs for two-label classification
[image: IMG_0671(20201119-212130)]
1. The 2nd stage model base on deep CNNs for multi-label classification
Fig. 4 and Fig. 5. The proposed two-stage models for the identification of seven patterns

The specific steps of training the  binary network model are as follows:

(1) Set the number of layers of the  network to 8. The number of input layer is 0; the number of middle layer is 1,2,3,4,5,6; the number of output layer is 7;


(2) The  network is trained by training set data as input. The  network training process is as follows:





(2.1) The input layer training data set matrix  is randomly divided into  sub matrices with the  same column vector dimension, , where  is the number of sub matrices.

(2.2) in order to make the model more robust, noise is introduced into the input data, that is, the input data is randomly reset to 0 with a certain probability. Specifically, in each batch, batch = batch × (rand (batch)_ Size, d) > k), where rand (batch)_ If the value in the randomly generated matrix is less than the threshold value K, the corresponding elements in the batch will be reset to 0, and the batch data set after adding noise is defined as , i = 1,2,3,..., batch_ size。

(2.3) parameters of initialization network, specifically, set the weights of input layer to hidden layer and hidden layer to output layer as random number matrix between 0 and 1, and set the initial value of network bias as .




(2.4) set the learning rate as  and set the maximum training times  as  times;





(2.5) set the connection mode from input layer to hidden layer as ,. Where  is the activation function, and the expression is shown in formula (8);  is the weight matrix from input layer to hidden layer, and  is the offset value of hidden layer;

（8）


(2.6) set the connection mode from hidden layer to output layer as ,.



Where  is the activation function,  is the weight matrix from hidden layer to output layer, and  is the offset value of output layer;



(2.7) the training goal of the  network model is to minimize the loss function  of the network by finding a set of optimal network parameters . The expression of the loss function is shown in formula (9).

（9）






Where: the first term on the right side of the equation represents the sum of the error types of the input data type and the output data of the network; the second term is the regularization constraint term, which is used to prevent training over fitting; and  are the input vector and reconstruction vector of the  sample respectively; and  represent the mean square deviation between  and , and the expression is shown in formula (10).

(10)




(2.8) adjust the learning rate , bias the initial value  and  size of the training  model to make its loss function converge and the cross validation accuracy reaches the maximum value.




(3) After training the two classification  model, the abnormal tag data is extracted to form the feature matrix , which will be used as the input sample data of the second stage six classification  network to train the  model.

(4) Repeat step (2) to train the  model.
Finally, the accuracy of confusion matrix formed by ten fold cross validation is the quantitative result index of abnormal pattern recognition.

4.2 [bookmark: _Toc22603]Implementation
(1) Background Analysis
Figure 6 randomly selects and plots the time-domain waveforms of two samples from different modes, where the transverse axis represents the sampling time and the vertical axis represents the acceleration response amplitude.It is obvious that for the same classification label, the original waveforms of the samples are different to some extent.
[image: 图片1]
Fig. 6. 7 Differences between Class 7 Data Features and Similar Samples
(1) Data Enhancement and Statistical Feature Extraction
In order to avoid the influence of imbalanced sample distribution on the prediction accuracy of supervised learning classification training, 527 samples were randomly selected from each model based on label 4 with the least number of samples. On this basis, in order to improve the training effect, the balanced sample set is enhanced according to the derivative strategy to form the derivative data set. Among them, the data of missing tag has the phenomenon of null value in local or overall period sampling. In view of this phenomenon, 0 is used to replace the null value of the whole period before derivation. The mean value of the whole sample is used to replace the null value in the local period. At this time, the total sample size of 38 sensors that can be used for training in one month is 7378. For the defined sample statistical characteristics, the maximum, minimum, mean, median, standard deviation, range, effective value, mode, kurtosis and skewness are selected as primary features to replace each sample.
(2) PIM Feature Ordering
In order to ensure the reliability and stability of feature importance ranking, the maximum decision tree of random forest (RF) is set to 10000 through repeated trial calculation, and the results of feature importance ranking as shown in Figure 7 can be obtained by statistics of 10 kinds of statistical indicators.
[image: IMG_0676(20201119-220652)]
Fig. 7. statistical importance ranking
(a) Statistical ordering of original samples (b) ranking of statistics after first derivative
The statistical characteristics of the original samples and the first derivative samples are arranged in order of importance from high to low. From Figure 7, it can be found that the six statistical features with the highest importance ranking among the obtained statistical features are the same, namely range, maximum value, effective value, variance, kurtosis and mean value.
After getting the order of importance of statistical features which can represent the original samples, it can be used for supervised learning training instead of the original samples. Firstly, the sum data is divided into training set and test set according to the commonly used partition ratio of 7:3 in machine learning. At this time, the training set contains 2582 samples and the test set contains 1107 samples. According to the importance of the above for primary characteristics, the conclusion is sorted.
(3) Supervision and Classification Training
In order to evaluate the ability of the proposed strategy for outlier pattern classification and to measure the recognition effect of different machine learning classifiers, k-nearest neighbor (KNN), decision tree (detree), support vector machine (SVM) and RF were used as supervised learning classifiers. In training, in order to evaluate the best learning effect of each model, the grid search method is used to optimize the training parameters. In the experiment, supervised learning is based on scikit learning in Python. The main configuration of computer hardware includes CPU Intel coretm i7-9750h, 8g ram and NVIDIA geforce GTX 1050 graphics card.

5. [bookmark: _Toc3998]RESULTS AND DISCUSSION
The beneficial effects of the methods mentioned in this paper are as follows:
For the unbalanced vibration data set with known labels in the actual subway structural health monitoring system, the first derivative operation can not only double the size of the original data, but also further reveal the characteristics of the original samples, which is conducive to improving the accuracy of the diagnosis results. For time series signals, it is a feasible data enhancement method to transform the original sample series into equal length segments with fixed overlapping regions.
In addition, the statistical analysis and feature selection based on PIM sorting can simplify the sample input expression and improve the training efficiency of the model. Two stages of data anomaly detection, instead of classifying all patterns at once. According to different recognition targets, a more suitable sample size can be selected from the original unbalanced data to participate in the algorithm training, which is conducive to improving the prediction accuracy based on deep convolution model.
The proposed two-stage CNN models were implemented by Python package Tensorflow 2.0. The average training runtime of each fold for the proposed model was approximately 2.43 seconds, and the related experimental debugging based on deep CNNs was performed by the computer with a GPU core (GTX 1050) with four 2.80 GHz processors (Intel Core i7-7700). Due to the difference in the difficulty of the two-stage training, from the setting in Table 3, it took more epochs to finish the 10-fold cross-validation and reach the acceptable performance for the second-stage than that of the first stage. The common in the two-stage training was that the convergence speed was rather quick in the initial epochs for all of the datasets from the 10-fold cross-validation. In Fig. 8, the typical convergence characteristic was depicted by training processes about accuracy and loss represented by the result of onefold in the second-stage training.
[image: IMG_0678(20201119-221144)]
(a)                                   (b)
Fig.8. Typical training processes about (a) accuracy and (b) loss
Moreover, the average testing accuracies in each fold of cross-validation for the two-stage models based on deep CNNs were elaborated in Fig. 9, in which the least average accuracy in two-stage can reach 98.28% and 95.83%, respectively. Due to a relatively larger size of the participated dataset and fewer classification labels, the overall prediction accuracy of the first stage for the testing dataset should be higher than that of the second stage. This expected intuition was also clearly verified in Fig. 9. 
[image: IMG_0679(20201119-221149)]
Fig. 9. Average accuracies in each fold of cross-validation for the two-stage models
Furthermore, the prediction accuracies of each pattern were illustrated by confusion matrixes of the testing dataset shown in Fig. 10. The results of the confusion matrixes demonstrated that the prediction accuracies of different patterns were balanced for both the two-label and six-label classifications. For the label 'square', the currently established model can guarantee the most satisfactory recognition accuracy. Moreover, the accuracy results of the labels ‘normal’ and ‘missing’ were also close to 100%. Except for the label ‘trend’, the prediction accuracy of other patterns all exceeded 96%. One possible reason for the relatively low accuracy of the label 'trend' (95.74%) was the interference caused by the similarity of the labels ‘trend’ and ‘drift’ reflected in Figure 10.
[image: IMG_0680(20201119-221156)]    [image: IMG_0677(20201119-221139)]
(a) Two-label classification            (b) Six-label classification
Fig. 10. The confusion matrixes of the two-stage models based on deep CNNs across all 10 folds


Figure 11 shows the classification accuracy of RF, SVM, KNN and detree classifiers on the test set when the input samples are combined by different features. In addition, in order to illustrate the effect of data enhancement and feature extraction, figure 11 also provides the results of classification training on the balanced original sample data X by using four classifiers, and the corresponding abscissa is . It can be seen that the classification accuracy without data enhancement and feature extraction can only reach the accuracy level of 11 ~ 15%, while the training results of various classifiers can be improved by about 85% by using the strategy proposed in this paper. Secondly, for different feature mixing methods, the change trend of the overall average classification accuracy of the four supervised learning classifiers is the same, and in the case of the same feature combination, the classification accuracy of RF and detree is better than SVM and KNN, and the average classification accuracy is about 6% higher. For the input marked with , the prediction accuracy of RF and detree reaches 96.11%, but the confusion matrix in FIG. 12 shows that the recognition accuracy of the two classifiers for normal category is only 88.69% and 89.88%, which is easy to be confused into outlier and minor types.

According to Fig. 11, the overall average classification accuracy of the four classifiers is better than other input expressions, and RF has the best effect, reaching 97.10%. In order to further reveal the recognition effect of the four classifiers on different categories when the feature mixing mode is used as input, the confusion matrix of the four classifiers on the test set is given in FIG. 13. It can be found that the recognition accuracy of SVM and KNN classifier is not balanced well for different categories, while RF and detree are more robust for different patterns, and the overall effect of RF is better The recognition accuracy of one kind of data is more than 95%, and the recognition rate of drift, square and missing is close to 100%. At this time, the recognition accuracy of normal has increased from 88.69% in FIG. 12 (d) to 96.84% in FIG. 13 (d) compared with the feature blending mode marked with .
[image: IMG_0683(20201119-222610)]
Fig. 11 classification accuracy of four models under different features mixing
[image: IMG_0682(20201119-222605)]
Fig. 12 confusion matrix of test sets of different classifiers under different feature mixing modes
[image: IMG_0681(20201119-222600)]
Fig. 13 confusion matrix of test sets of different classifiers under different feature mixing modes


6. [bookmark: _Toc14478]CONCLUSIONS AND RECOMMENDATIONS
For the unbalanced vibration dataset with known labels from the actual subway SHM system, the first-order derivative operation not only can double the scale of the raw dataset but also further revealed the feature of the raw sample. Then, for the time-series signal, it was a feasible data augmentation method to convert the original sample sequence into equal-length segments with fixed overlapping areas. Moreover, statistical analysis and feature selection based on PIM sorting had proven to help simplify sample input expression and boost the efficiency of model training. Further, it was acceptable to perform step-by-step data anomaly detection instead of classifying all patterns at once. In this way, according to the identification target of interest, a more appropriate sample size can be selected from the original imbalanced data to participate in the algorithm training, which was conducive to improving the prediction accuracy of the model based on deep CNNs.


7. [bookmark: _Toc29619]REFLECTION
In this paper, based on the measured vibration monitoring data of a subway line, aiming at the imbalance of different abnormal mode sample library and the difference between the same mode samples, this paper proposes a strategy to enhance the sample size after balancing based on the first-order derivation, and to characterize the original samples based on the random forest importance ranking statistics. The test results of different machine learning classifiers show that the proposed strategy can significantly improve the recognition accuracy of abnormal pattern classification based on supervised learning. In addition, the research results show that the ideal abnormal pattern recognition effect can be achieved by using the mixed partial features as the training input.
[bookmark: _GoBack]In conclusion, the method proposed in this paper can improve the learning efficiency of identifying data anomalies based on supervised learning, and provide a reference for the training preprocessing of the phenomena such as data set imbalance and differences between samples of the same pattern.
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