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[bookmark: _Toc8785]1. Introduction
With the rapid development of the world economy, people's living standards have greatly improved compared with the past, and people's material needs have gradually increased. In today's fast-paced social life, the intelligent construction of cities is an inevitable trend. The world's first underground rail transit, which was completed in 1863 by the United Kingdom, successfully provided new ideas for easing urban traffic pressure. Compared with traditional transportation methods, the subway has the advantages of fast speed, large passenger capacity, punctuality, safety, high efficiency, less pollution, and saving urban land resources [1].
The subway plays an important role in our daily life, so subway safety is also a concern for us. The subway is generally located underground in the bustling area of the city, and the lines of the subway are complicated. During the construction of the subway, the tunnel wall may leak water, the ground collapse, and the pipeline may be broken. During the subway operation, there may be excessive water accumulation in the tunnel and loosening of the track screws If it is not found in time, it may cause major safety accidents and losses. It is of great practical significance to monitor the subway structure against these hidden dangers and it is also very necessary. Metro structure monitoring is to obtain the real-time metro structure monitoring data, and analyze and detect it to determine whether there is a hidden danger in the subway, which can effectively reduce the occurrence of subway safety accidents [2].



[bookmark: _Toc2292]2. Background to the Proposed Research
In the subway structure monitoring, the subway track vibration signals are generated by sensors arranged in subway tunnels. The data generated by the sensors generally have the characteristics of time series, high dimensions, and large amount of data. Therefore, abnormal detection of subway track vibration sequences is also time series abnormal. One of the tests. Some time units of time series are milliseconds (ms), some are seconds (s), and some are minutes (m). Due to different units, the length of the time series is not the same. The anomalous data in the time series data is often relatively rare, because most of the anomalous data also means that an accident has occurred, and the probability of an accident in real life is extremely small. The causes of accidents are many and varied, resulting in higher dimensions of abnormal data. So anomaly detection in time series is a challenging task [3].
The following two difficulties are often encountered in anomaly detection:
(1) The scarcity of abnormal data, especially labeled abnormal data is very scarce. Exception labels are usually manually typed by the relevant staff, and the data can be used to determine whether the data is normal or abnormal. Therefore, it is more difficult and expensive to obtain a real dataset with abnormal labels for abnormal training [4].
(2) Diversity of abnormal data. The definition of anomalies is dynamic. There are different categories of anomalies in different application scenarios. Even in the same application scenario, the anomaly data is diverse. It cannot be judged by the same standard alone. It is like traffic. The speed of the car in the accident, the failure of the car's brakes, and the speed of the car with the accelerator as a brake are all examples of abnormal data. All these have caused the diversity of anomalous data, making the boundaries of anomalies and normal boundaries often blurred, and the types of anomalies are not fixed, and new anomalies that are different from the anomaly data set may be generated at any time. Therefore, the accuracy of anomaly detection is very low [5].
In addition to the two common difficulties in the abnormal detection of subway track vibration sequences, there is another difficulty in that the sample data volume is extremely large. Because the subway structure monitoring is a full-time and full-area monitoring of the subway, the number of sensors is large, the demodulation frequency is relatively high, and the data generated 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 require the introduction of 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 [6].
In recent years, more and more experts and scholars have invested in the research process of deep learning, and have made breakthrough progress in the fields of natural language processing, image processing and video processing. Google ’s AlphaGo victory over the human Go world champion based on deep learning illustrates that deep learning is a very worthwhile algorithm to study. Compared with traditional machine learning algorithms, deep learning usually includes multiple hidden layers in the model. During the training process, the recognition and selection of features are automatically completed without the need to introduce additional feature values, which avoids errors when manually selecting features. Improved the accuracy of model recognition and classification [7].


3. [bookmark: _Toc12834]Aims & Objectives
Aims:
Develop a fiber-optic grating subway structure monitoring system, and apply an anomaly detection algorithm based on deep residual network to the system, so that it can monitor the subway track vibration signals and judge whether they are abnormal signals [8].
Objectives:
(1) Data processing of subway track vibration signals
In the real environment, the subway track vibration data is collected by sensors, and the subway driving data is extracted from the mass data to construct a subway track vibration sequence sample. In the data preprocessing stage, wavelet transform is first used to denoise it. In the wavelet transform process, the most suitable wavelet base, number of decomposition layers, thresholds, and threshold functions are selected, so that the processed signal can retain the original characteristics of the signal while filtering out noise [9].
(2) Sequence anomaly detection algorithm based on ResNet
For the traditional sequence anomaly detection method, it is necessary to obtain labeled anomalous data, perform feature extraction and feature classification on the data, and the sequence anomaly detection accuracy cannot reach a high level. The feature engineering of ResNet neural network model has good universality for sequence anomaly detection problems with different lengths and higher dimensions. In the model training phase, the subway track vibration data set is used to train separately, and a large number of experimental hyperparameter optimizations are performed on the model to build a model with a higher accuracy rate of anomaly detection and compare it with different anomaly detection algorithms to verify the algorithm's performance [10]. 
Therefore, combined with ResNet, this paper studies a large number of samples in subway track vibration sequence anomaly detection, anomaly data is difficult to obtain, and high-dimensional difficulties, and proposes a ResNet-based subway track vibration sequence anomaly detection method. This method trains the model with the normal subway track vibration sequence, calculates the abnormal score of the sequence by the error between the input sequence and the output sequence of the model, and compares the abnormality threshold with the abnormality threshold to determine whether the input data belongs to abnormal data, thereby avoiding data set failure. Equilibrium predicament. Finally, the model is applied to the actual subway structure monitoring system to detect abnormality of subway track vibration signals [11].




[bookmark: _Toc21190]4. Research Methods

[bookmark: _Toc16898]4.1 Philosophy
This article uses a combination of induction and deduction.

[bookmark: _Toc20426]4.2 Strategy
In the case of a large number of subway data sets from Wuhan, Python is used to conduct in-depth research on the platform Pycharm.

[bookmark: _Toc26416]4.3 Approaches

4.3.1Preprocessing operations
In this paper, the wavelet threshold denoising method is used to reduce noise, and the appropriate wavelet basis function, decomposition layers, threshold and threshold function are selected through experiments [12].
4.3.2ResNet-based sequence anomaly detection algorithm
The algorithm uses normal data to train the modeling, Gaussian modeling is used to reconstruct the error between the input sequence and the output sequence of the model, then MLE is used to estimate the abnormal score of the input sequence, and finally the original sequence is judged by comparing with the set abnormal threshold Whether an abnormality has occurred [13].
[bookmark: _Toc9519]4.4 Risks & Limitations
(1) The determination of the abnormal threshold will seriously affect the accuracy of the algorithm.
(2) The detection effect of the algorithm is poor in samples where the abnormal data is not obvious.
(3) The scope and boundary of the algorithm are limited.
[bookmark: _Toc19272]4.5 Data Evaluation


When measuring the vibration of subway tracks, the range of measurement points is wide, the number is large, and the monitoring time is long. Therefore, the vibration signal is transmitted to the fiber grating demodulator through the optical cable and demodulated into actual physical quantity data is very huge [14]. Normal train driving data is required to construct the vibration signal samples, and not all the data collected is train driving data, which also contains data that does not pass by and abnormal data caused by external construction, external intrusion and sensor damage. . From these complicated and massive data without any labels, it is difficult to manually select the normal data of the train to construct the vibration sequence sample, the cost is high, and the time is long [15].


[bookmark: _Toc12974]6. Resources & Planning

[bookmark: _Toc16799]6.1 Resources Required
In order to successfully complete the project, the following resources will be required:
1. PC/Laptop – to be used for the building of the system
2. IT and Information Management journals that refer to past and current research
3. Books on the subject area – to be borrowed from the University and local
4. A large amount of subway data-has been obtained from the subway rail transit in Wuhan, Hubei, China
[bookmark: _Toc3794]6.2 Gantt Chart
	Task
	possible start
	Length
	Type
	Dependent
on...

	1. High level analysis 
	week 1
	5 days
	sequential
	

	2. Selection of software platform 
	week 1
	1 day
	sequential
	1

	3. Installation and commissioning of software 
	week 3
	2 weeks
	parallel
	2

	4. Detailed analysis of core modules 
	week 1
	2 weeks
	sequential 
	1

	5. Detailed analysis of supporting utilities 
	week 1
	2 weeks
	sequential
	4

	6. Programming of core modules 
	week 4
	3 weeks
	sequential
	4

	7. Programming of supporting modules 
	week 4
	3 weeks
	sequential
	5

	8. Quality assurance of core modules 
	week 5
	1 week
	sequential
	6

	9. Quality assurance of supporting modules 
	week 5
	1 week
	sequential
	7

	10.Core module training 
	week 7
	1 day
	parallel
	6

	11.Development of accounting reporting 
	week 6
	1 week
	parallel
	5

	12.Development of management reporting 
	week 6
	1 week
	parallel
	5

	13.Development of management analysis 
	week 6
	2 weeks
	sequential
	5

	14.Detailed training 
	week 7
	1 week
	sequential
	1-13

	15.Documentation 
	week 4
	2 weeks
	parallel
	13
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