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Abstract


This paper proposes a structural damage detection method based on one-dimensional convolutional neural network (CNN). The method can automatically extract features from data to detect structural damage. First, a three-layer framework model was designed. Second, the displacement data of each node was collected under the environmental excitation. Then, the data was transformed into the interlayer displacement to form a damage dataset. Third, in order to verify the feasibility of the proposed method, the damage datasets were divided into three categories: single damage dataset, multiple damage dataset, and damage degree dataset. The three types of damage dataset can be classified by the convolutional neural network. The results showed that the recognition accuracy is above 0.9274. Thereafter, a visualization tool called “t-SNE” was employed to visualize the raw data and the output data of the convolutional neural network. The results showed that the feature extraction ability of CNN is excellent. However, there are many hidden layers in a CNN. The outputs of these hidden layers are invisible. In the last section, the outputs of hidden layers are visualized to understand how the convolutional neural networks work.
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1. Introduction


Structural reliability is a comprehensive evaluation indicator of structural performance, including reliability, stability, and durability. A structure must be able to withstand natural disasters, such as earthquakes and typhoons. As a result of the material aging and environmental corrosion, the structure will inevitably face a variety of structural damage, such as cracking, spalling, and so on. These damages will affect the reliability of the building structure and even cause collapse. Therefore, health monitoring systems are widely used in various structures such as bridges [1,2], harbors [3], high-rise buildings [4,5,6], large space structures [7], and so on. A health monitoring system includes data acquisition system, transmission system, data processing system, and safety assessment system [8]. A data acquisition system contains many sensors such as accelerometers, displacement meters, inclinometers, strain gauges, and stress gauges. These sensors collect huge amounts of data for health monitoring systems. The transmission systems are mainly divided into wired transmission system and wireless transmission system. With the continuous development of transmission technology, it provides convenience for health monitoring systems. In addition, the data processing system is the core of the health monitoring system. It determines the effect of implementation of the health monitoring system and provides the basis for structural safety assessment.



The purpose of the data processing system is to identify the degree and location of structural damage. According to the theory of structural dynamics, structural damage can change the structural dynamic characteristics, such as the mode shape, frequency, and stiffness of the structure [9]. The degree and location of the damage can be detected by the change of these modal parameters. Therefore, some structural damage detection methods [10,11,12,13,14] based on modal identification have been studied. These methods focus on the changes of the structural modal parameters. They can analyze the signal in both time and frequency domains. However, the frequency domain analysis of these methods mainly relies on the Fourier transform. When the Fourier transform extracts the frequency spectrum from the signal, all the time domain information of the signal is used. It lacks the ability to analyze the local features of the signal [15]. Nevertheless, the wavelet analysis has solved this problem. It uses a variable window to process the signal in both time and frequency domains [16]. The effect of structural damage on the output signal is very weak. The ability of wavelet analysis to extract local features can be used to identify the effect. Therefore, wavelet analysis is also widely used in the field of damage identification, such as damage recognition based on the principle of wavelet singularity detection [17] and damage identification by wavelet packet energy method [18].



Another type of damage identification technology is based on statistical information. At present, the mainstream structure in the building structure is the frame structure. The two most important components in the frame structure are beam and column. Thus, the possible damage locations of structures are limited. Collecting a large amount of information for limited damage is the advantage of statistical learning theory. This type of method collects the output signal of the structure under different conditions. Different damages have different effects on the output signal. Therefore, the damage identification problem can be converted into a classification problem. For example, the support vector machine [19,20,21,22] takes the characteristic parameters of the signal as the input for the network and takes the degree and location of the structural damage as the outputs for the network. Then, the structural damage dataset is established. One part of the dataset is used as a training set and the other is used as a validation set. The training set is used to train the model, and the validation set is used to verify the detection performance of the training model. Then, the model is used to identify the structural damage. Furthermore, support vector machines are friendly to small datasets. However, the dataset needs to be processed by feature engineering [23,24]. The core of feature engineering is the method of feature extraction. It includes data preprocessing, feature selection, and dimensionality reduction. Different types of damage extract different features. So, feature engineering requires a lot of experimental experience. The feature selection of data directly determines the accuracy of this type of damage identification method. Therefore, a damage identification method without having to rely on feature engineering is required.



In recent years, convolutional neural networks have made remarkable achievements in the field of object detection. The convolutional neural network was first proposed in 1985 [25]. It was then applied to the multi-layer neural network, and the first convolutional neural network model was proposed [26]. However, the computational complexity of the model is too large. The development of convolutional neural networks has been stagnant. Until 2006, Hinton pointed out that multiple-hidden-layer neural networks have superior feature learning ability [27]. Since then, convolutional neural networks have developed continuously and have achieved amazing results in various fields [28]. The convolutional neural networks extract features by a series of layers such as convolutional layer and pooling layer. It can realize the end-to-end object detection, and the training model can be used to directly classify the input data. The method requires a large amount of data. The existing health monitoring system generates a large amount of monitoring data. How to use them effectively has become an important issue. The big data and convolutional neural networks can improve the accuracy of structural damage detection [29,30,31]. In 2017, Cha et al. [32] applied the convolutional neural network to crack detection. They can identify and locate cracks in the image. Then, deep learning is widely used in the field of damage detection [33]. Hurricanes as a natural disaster often cause severe damage to infrastructure [34]. Kakareko et al. [35] used CNN to identify trees and their types from satellite images. The tree damage assessment module was used to calculate the vulnerability function and thus estimate the likelihood of road closure. Amit et al. [36] proposed an automatic disaster detection system based on CNN and satellite images that can be used to identify landslides and floods. Experimental results showed that the system has an average identification accuracy of between 80% and 90% for disasters. Zhao et al. [37] proposed a method that combines Mask R-CNN and building boundary regularization to extract and localize building polygons from satellite images. Experimental results showed that the proposed method produces better regularized polygons. Cha et al. [38] proposed a Faster R-CNN and machine vision-based damage identification method for five different types of surface damage. The results showed that the proposed method has an average precision of 87.8% and the detection speed of 0.03 s per image. However, these methods belong to supervised learning, which requires data with labels. In contrast, unsupervised learning does not require data labeling, which greatly improves the engineering application scenario. In the unsupervised mode, structural damage detection is referred to as unsupervised novelty detection. Cha et al. [39] proposed a fast-clustering algorithm based on density peaks for structural damage detection and localization. A Gaussian kernel function with radius was introduced to calculate the local density of data points, and a new damage-sensitive feature was proposed. Wang et al. [40] proposed an unsupervised learning method based on deep auto-encoder with a one-class support vector machine. The experimental results showed that the proposed method could achieve high accuracy in structural damage detection and also complete minor damage identification with an accuracy of over 96.9%.



This paper proposes a frame structure damage detection method based on a one-dimensional convolutional neural network. First, a three-layer framework model was designed. Second, the displacement data of each node was collected under the environmental excitation. Additionally, the data was transformed into the interlayer displacement, which formed a damage dataset. Third, the damage datasets were classified by the convolutional neural network. This research’s content is described as follows: Section 2 introduces the overall framework of the method and the architecture of the proposed CNN; Section 3 implements the single damage location detection; Section 4 implements the multiple damage location detection; Section 5 implements damage degree detection; Section 6 visualizes the convolutional neural network; Section 7 concludes this article.




2. Formulation of Analytical Model


In this paper, a structure damage detection method based on one-dimensional convolutional neural network has been proposed. The overall framework of the method is shown in Figure 1. First, a three-layer framework model was built by ABAQUS. Damage was simulated by decreasing the stiffness of the column. Then, the displacement data of each node was collected under the environmental excitation. The data was transformed into the interlayer displacement, which formed a damage dataset. The dataset was entered into the proposed convolutional neural network to identify the location and degree of structural damage. In order to verify the identification effect of convolutional neural networks, three datasets (single damage dataset, multiple damage dataset, and damage degree dataset) were generated.



2.1. Numerical Simulation


A three-dimensional finite element model was established by ABAQUS. The seismic fortification intensity is 8 degrees, the layer height is 4500 mm, and the span is 7200 mm. The model and the number of beams, columns, and joints are shown in Figure 2. Both columns and beams are made of Q235 steel. Further details of the beams and columns are shown in Table 1.



As a result of material aging and environmental corrosion, the structure will inevitably face a variety of structural damage such as cracking, spalling and so on. These damages can change the stiffness of the components and affect the safety of the building structure. In this paper, damage was simulated by decreasing the stiffness of the column. In the detection of damage location, the stiffness of column 1, column 6, and column 11 was reduced by 20%. In the detection of damage degree, the stiffness of column 1 was reduced by 10%, 20%, 30% and 40%, respectively.




2.2. Dataset Generation


The displacement data of each node was collected under environmental excitation. The number of displacement data that each node collects is 19,950, and the acquisition frequency is 100 Hz. The data were transformed into the interlayer displacement. The interlayer displacement data of 12 nodes (1, 2, 3, 4, 5, 6, 7, 8, 9, 11, 12 and 13) were selected as the dataset. The number of interlayer displacement data that each sample contains is 50. There is no overlap between each sample. Thus, the number of each type of sample is 399. The generation process of each type of sample is shown in Figure 3. In this paper, the displacement of each node was used as the input. Therefore, the detection of building displacements is a very important topic. For large infrastructures, it is not practicable to use ordinary laser displacement sensors to monitor the displacement. In order to improve the feasibility and convenience of detection, machine vision methods can be used to obtain the displacement data of each node. For instance, the displacement detection method based on optical flow and unscented Kalman filter can accomplish the displacement of large infrastructures with low noise levels [41].




2.3. Convolutional Neural Networks


A typical convolutional neural network consists of a convolutional layer, a pooling layer, and a fully connected layer. These layers work together to extract features from the data. Then, the classification is completed by the fully connected layer. Through the series of operations, the convolutional neural network can reduce the dimensionality of data and make it easier to be trained. The details of the proposed convolutional neural network architecture are shown in Table 2.



	(1)

	
Convolutional layer







A traditional neural network consists of an input layer, a hidden layer, and an output layer. There are many neurons in each layer. Additionally, the neurons between two adjacent layers are fully connected. Therefore, it produces a large number of parameters. Excessive parameters will cause gradient dispersion. Convolution can reduce parameters in the neural network and improve learning efficiency. Therefore, the convolutional layer is the most important component of the convolutional neural network. Two-dimensional convolution is often used in image processing. However, the input data are interlayer displacement in this paper, and one-dimensional convolution is very suitable for this kind of damage detection. The data is inputted into the convolutional layer, and the convolutional kernel in the convolutional layer and the input data are convoluted. The input shape of the first convolutional layer is 50 × 12, the kernel size is 5 × 12, the kernel number is 32. Each convolution operation only processes a part of the input data. The convolutional kernel starts at the upper left corner of the input data, and the parameters of the convolutional kernel are multiplied by the parameters of the coverage area. Then, the multiplied values are summed. The convolutional kernel moves one element (stride = 1) down for the next convolution. The initial parameters within the convolutional kernel are randomly generated. In this convolutional neural network, each convolutional kernel can generate a 46 × 1 matrix with input data. Thus, the output shape of the first convolutional layer is 46 × 32. The convolution operation diagram is show in Figure 4.



	(2)

	
Activation function







In order to simulate the human nervous system, a neural network is proposed. The human nervous system responds only to some neurons. The activation function is also intended to activate some neurons. The activation of neurons is determined by the activation function. The activation function is divided into linear activation function and nonlinear activation function. Linear activation functions can only provide linear mapping capabilities and do not improve the expressive power of the network. Therefore, the nonlinear activation function has been widely used. Common nonlinear activation functions are sigmoid, tanh, and rectified linear unit (ReLU). These nonlinear activation functions are shown in Figure 5.



As can be seen from Figure 5, the derivatives of sigmoid and tanh are zero when x approaches infinity. This situation easily causes the vanishing gradient problem, and the state of network cannot be updated. However, the ReLU activation function has a relatively broad excitatory boundary. It solves the vanishing gradient problem. Additionally, the ReLU activation function is the most used activation function in deep learning.



	(3)

	
Pooling layer







The role of the pooling layer is to reduce the size of the feature map. The pooling layer is similar to the convolutional layer, it also has a kernel. However, the pooling kernel does not contain any parameters. The pooling layer is divided into maximum pooling layer and mean pooling layer. The pooling operation starts at the upper left corner of the input data. For the maximum pooling, the maximum value of all the parameters in the coverage area is outputted. For the mean pooling, the mean value of all the parameters in the coverage area is outputted. The movement of the pooling kernel is the same as the movement of the convolutional kernel. The pooling layer is also called the down sampling layer, which can reduce the parameters in the feature map and improve the training efficiency of the model.



	(4)

	
Fully connected layer







The fully connected layer can be seen as a “classifier” in the convolutional neural network. The convolutional layer maps the raw data to feature space of the hidden layer, and the fully connected layer maps the learned distributed feature to the sample tag space. Each neuron in the fully connected layer is connected to all neurons in the anterior layer. The output signal of the fully connected layer is passed to the objective function (loss function) for classification. A dense layer is a classic fully connected neural network layer. The output shape of last fully connected layer is 4 in this CNN. This value is consistent with the number of categories.



	(5)

	
Loss function







The inconsistency between the predicted value and the actual label of each sample is called loss. The smaller the loss, the better the detection performance of the training model. The function that is used to calculate the loss is called the loss function. The most used loss function in deep learning is softmax, which is used for multi-classification problems. It can map the outputs of multiple neurons into intervals of 0 to 1. These values can be understood as prediction probabilities. The label corresponding to the highest probability is outputted as our prediction result.





3. Single Damage Location Detection


3.1. Single Damage Dataset


In the single damage location detection, the stiffness of column 1, column 6, and column 11 was reduced by 20%. The displacement data of each node was collected and converted into interlayer displacement. The single damage dataset includes four categories: “c0”, “c1”, “c6”, and “c11”. The category “c0” means that there are no damaged columns; “c1” means that the damaged column is column 1; “c6” means that the damaged column is column 6; “c11” means that the damaged column is column 11. The data in the dataset were obtained from the finite element model. The specific parameters in the finite element model were set according to the damage types mentioned above. Displacement of each node in the finite element model under environmental excitation was collected. Meanwhile, the displacement of each node was converted into interlayer displacement, i.e., the interlayer displacement of 12 nodes was obtained. The acquisition frequency was set to 100 Hz. Each sample contains 50 data points, which is 0.5 s of acquisition time. Each sample in the dataset is a matrix of 12 × 50. Among them, 12 represents 12 nodes and 50 represents 50 data points. The number of samples is 399 in each category, and the dataset contains a total of 1596 samples. After these samples are randomly sorted, 1200 samples were used for training and verification, 396 samples were used as test set.




3.2. Detection Result


The training set and the valid set are inputted into the proposed convolutional neural network. The training accuracy and the valid accuracy increase with the increase of the number of iteration steps, and finally reach a stable state. Training accuracy and valid accuracy are shown in Figure 6. When the number of iteration epoch is 100, the training accuracy is 1.0 and the valid accuracy is 0.9953. The detection accuracy has met the requirements of engineering.



A detection model can be obtained by training the dataset. Test set is used to test the detection performance of the model, and the test result is shown in Table 3. The number of samples in the test set is 396. The recognition accuracy of “c0” is 100%, which is the highest. The recognition accuracy of “c6” is the lowest, at 92.2%. The average recognition accuracy of the four categories is 96.7%. The result showed that this method can identify single damage location accurately.



In order to display the predicted results of the test set more intuitively, a visualization tool called “t-SNE” was employed to visualize the raw data and the output data of the convolutional neural network. “t-SNE” is a nonlinear dimensionality reduction technique, it is particularly well suited for the visualization of high-dimensional datasets. Thus, the raw data and the output data of CNN are displayed in two dimensions, as shown in Figure 7. The two-dimensional display of raw data is terrible. There is no distinction between the categories. However, the two-dimensional display of the output data of CNN is perfect. There is a clear distinction between the categories. The results showed that the proposed convolutional neural network has a powerful ability to extract features automatically.





4. Multiple Damage Location Detection


4.1. Multiple Damage Dataset


In the multiple damage location detection, stiffness of the damaged column was reduced by 20%. The multiple damage dataset includes five categories: “c0”, “c1c6”, “c1c11”, “c6c11”, and “c1c6c11”. “c0” means that there are no damaged columns; “c1c6” means that the damaged columns are column 1 and column 6; “c1c11” means that the damaged columns are column 1 and column 11; “c6c11” means that the damaged columns are column 6 and column 11; “c1c6c11” means that the damaged columns are column 1, column 6, and column 11. The data in the dataset were obtained from the finite element model. The specific parameters in the finite element model were set according to the damage types mentioned above. Displacement of each node in the finite element model under environmental excitation was collected. Meanwhile, the displacement of each node was converted into interlayer displacement, i.e., the interlayer displacement of 12 nodes was obtained. The acquisition frequency was set to 100 Hz. Each sample contains 50 data points, which is 0.5 s of acquisition time. Each sample in the dataset is a matrix of 12 × 50. Among them, 12 represents 12 nodes and 50 represents 50 data points. The number of samples is 399 in each category, and the dataset contains a total of 1995 samples. After these samples are randomly sorted, 1500 samples were used for training and verification, 495 samples were used as test set.




4.2. Detection Result


The training set and the valid set are inputted into the proposed convolutional neural network. Training accuracy and valid accuracy are shown in Figure 8. When the number of iteration epoch is 100, the training accuracy is 0.9900 and the valid accuracy is 0.9833. The detection accuracy has met the requirements of engineering.



A detection model can be obtained by training the dataset. Test set is used to test the detection performance of the model, and the test result is shown in Table 4. The number of samples in the test set is 495. The recognition accuracies of “c0” and “c6c11” are 100%. The recognition accuracy of “c1c6c11” is 92.9%, 91 samples can be identified correctly, 4 samples can be misidentified as “c6c11”, and 3 samples can be misidentified as “c1c6”. The average recognition accuracy of the five categories is 97.36%. The result showed that this method can identify multiple damage locations accurately.



The raw data and the output data of CNN are displayed in two dimensions, as shown in Figure 9. The two-dimensional display of raw data is also terrible. There is no distinction between the categories. However, the two-dimensional display of the output data of CNN is perfect. There is a clear distinction between the categories. It is not as effective as the two-dimensional display of single damage location detection; a small number of samples were misclassified. There are overlaps between different categories in the multiple damage location detection. For instance, “c1c6c11” means that the damaged columns are column 1, column 6, and column 11. Other categories overlap with “c1c6c11” partially. So, it is more difficult to distinguish. Nevertheless, the recognition accuracy of “c1c6c11” is 92.9%. The results showed that the proposed convolutional neural network has a powerful ability to detect multiple damage location.





5. Damage Degree Detection


5.1. Damage Degree Dataset


Section 3 and Section 4 both verify the effect of the structural damage location detection. This section verifies that the method still has a good recognition effect on the structural damage degree. Only column 1 was selected as the damaged column. In order to simulate different degrees of damage, the stiffness of the column 1 was reduced by 0, 10%, 20%, 30%, and 40%, respectively. The damage degree dataset includes five categories: “0”, “10%”, “20%”, “30%”, and “40%”. The number of samples is 399 in each category, and the dataset contains a total of 1995 samples. After these samples are randomly sorted, 1500 samples were used for training and verification, 495 samples were used as test set.




5.2. Detection Result


The training set and the valid set are inputted into the proposed convolutional neural network. Training accuracy and valid accuracy are shown in Figure 10. When the number of iteration epoch is 100, the training accuracy is 0.9642 and the valid accuracy is 0.9467. The detection accuracy has met the requirements of engineering.



A detection model can be obtained by training the dataset. The test set is used to test the detection performance of the model, and the test result is shown in Table 5. The number of samples in the test set is 495. The recognition accuracy of “0” is 100%. The recognition accuracy of “30%” is 84.3%, 70 samples can be identified correctly, 1 sample can be misidentified as “40%”, and 12 samples can be misidentified as “20%”. In addition, it can be found that the misidentified samples always are identified as adjacent categories. The difference between adjacent categories is very small, and it is difficult to distinguish them. However, the average recognition accuracy of the five categories is 97.36%. The result showed that this method can identify damage degree accurately.



The raw data of the test set and the output data of the convolutional neural network are, respectively, displayed in two dimensions by “t-SNE”, as shown in Figure 11. The two-dimensional display of raw data is also terrible. There is no distinction between the categories. However, the two-dimensional display of the output data of CNN is perfect. There is a clear distinction between the categories. Because the difference between adjacent categories is very small, the misidentified samples always are identified as adjacent categories. In short, the proposed convolutional neural network can complete the damage degree detection.





6. Visualization of Convolutional Neural Networks


Convolutional neural networks have many hidden layers. The dataset is inputted into the CNN, and it automatically completes feature extraction and classification. However, the process of data processing in convolutional neural networks is confusing. In order to understand more intuitively how the convolutional neural networks work, the convolutional kernel and the outputs of some hidden layers are visualized.



6.1. Visualization of Convolutional Kernel


The convolutional kernel is one of the most important components in a convolutional layer. The initial parameters within the convolution kernel are randomly generated. These parameters are continually updated during the training process until the end of the training. The proposed convolutional neural network consists of two convolutional layers. The first convolutional layer has 32 convolution kernels of size 5 × 12. The second convolutional layer has 64 convolution kernels of size 5 × 32. The first two convolution kernels of the two convolutional layers are visualized. The visualization of the two convolution kernels in the first convolutional layer are shown in Figure 12. Each column of convolutional kernel is called the channel. The convolution kernel in the first convolutional layer has 12 channels. The curves of each channel are shown in Figure 13.



The visualizations of the two convolution kernels in the second convolutional layer are shown in Figure 14. Each column of convolutional kernel is called the channel. The convolution kernel in the second convolutional layer has 32 channels. The curves of the first twelve channels are shown in Figure 15.




6.2. Visualization of the Outputs of Hidden Layers


In order to understand the process of CNN processing data, the input data, output of convolutional layer, output of pooling layer, and output of fully connected layer are visualized. In this section, the single damage test dataset is used as the input data. The shape of input data is 50 × 12. The data of each channel represent the interlayer displacement data of each node. The number of the data of each channel is 50, and the acquisition frequency is 100 Hz. The curves of each channel of the input data are shown in Figure 16. These curves are similar, and all have the characteristics of two cycles.



Convolution is the process of feature extraction in CNN, so the convolutional layer is also the most important part of the CNN. Taking the first convolutional layer as an example, the input shape is 50 × 12, the convolution kernel size is 5 × 12, and the number of the convolution kernel is 32. The output shape of the convolutional layer is 45 × 32, and each channel is generated by convolving the 12 channels of input data. The curves of the first twelve channels of output are shown in Figure 17. It can be seen that most of the twelve channels still maintain the characteristics of two cycles.



The role of the pooling layer is mainly to reduce the size of the feature map. Its input shape is 46 × 32, the pooling kernel size is 2 × 32, and the number of the pooling kernel is 32. Additionally, there are no parameters in the pooling kernel. The output shape of the pooling layer is 23 × 32. The curves of the first twelve channels of output are shown in Figure 18. The pooling layer reduces the size of the input data, but the outputs still maintain the shape and characteristics of the input data. At the same time, the curve becomes smoother. Thus, the pooling layer is similar to a filter.



After the second pooling layer, data are entered into the Flatten layer. The data are converted from a matrix to a vector. Then, the vector is inputted into the fully connected layer. The last fully connected (Dense) layer output the predicted probabilities of all sample. The probabilities of the first ten samples in single damage test dataset are shown in Table 6. As can be seen, each sample can be identified with high probability. The result showed that the model has a strong ability to detect structural damage.





7. Conclusions


In this paper, a structure damage detection method based on one-dimensional convolutional neural network is proposed. The interlayer displacement of each node is collected under different damage states. The data are directly inputted into the proposed convolutional neural network, the data features are learned autonomously, and the damage detection result of the frame structure is outputted. Section 3 and Section 4 both verify the effect of the structural damage location detection. Section 5 verifies the effect of the damage degree detection. The results showed that the proposed method has high detection accuracy in all three types of damage detection. Furthermore, the method does not require feature extraction. The proposed method allows high-precision identification for various types of damage to building structures. However, it is difficult to build accurate finite element models in practical inspection. Therefore, further validation of the effect of the rough finite element model on damage identification is required. In addition, displacement is used as the input to the network in this paper. For large infrastructures where displacement is not easily detected, acceleration-based damage identification methods can be further considered. In the last section, the convolutional kernel and the outputs of some hidden layers are visualized to understand more intuitively how the convolutional neural networks work. Although the findings gained by studying convolutional neural networks are still unclear, visualization is the first step in understanding convolutional neural networks. In the future, the further research of the hidden layers of convolutional neural networks is required.
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Figure 1. The overall framework. 






Figure 1. The overall framework.
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Figure 2. The model and the number of beams, columns, and joints. 
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Figure 3. Sample generation. 






Figure 3. Sample generation.
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Figure 4. Convolution operation diagram. 






Figure 4. Convolution operation diagram.
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Figure 5. Activation function. 






Figure 5. Activation function.
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Figure 6. Training accuracy and valid accuracy. 
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Figure 7. The two-dimensional display of data. (a) raw data (b) output data of CNN. 
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Figure 8. Training accuracy and valid accuracy. 
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Figure 9. The two-dimensional display of data. (a) raw data (b) output data of CNN. 
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Figure 10. Training accuracy and valid accuracy. 
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Figure 11. The two-dimensional display of data. (a) raw data (b) output data of CNN. 
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Figure 12. The visualization of convolution kernels in the first convolutional layer. (a) Kernel 1 (b) Kernel 2. 






Figure 12. The visualization of convolution kernels in the first convolutional layer. (a) Kernel 1 (b) Kernel 2.



[image: Applsci 13 00140 g012]







[image: Applsci 13 00140 g013a][image: Applsci 13 00140 g013b] 





Figure 13. The curve of each channel. (a) Kernel 1 (b) Kernel 2. 






Figure 13. The curve of each channel. (a) Kernel 1 (b) Kernel 2.



[image: Applsci 13 00140 g013a][image: Applsci 13 00140 g013b]







[image: Applsci 13 00140 g014] 





Figure 14. The visualization of convolution kernels in the second convolutional layer. (a) Kernel 1 (b) Kernel 2. 
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Figure 15. The curve of the first twelve channels. (a) Kernel 1 (b) Kernel 2. 
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Figure 16. Input data. 
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Figure 17. Output of the first convolutional layer. 
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Figure 18. Output of the first pooling layer. 
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Table 1. The parameters of beams and columns.






Table 1. The parameters of beams and columns.





	
Component

	
H × B × t1 × t2 (mm)

	
Materials






	
Columns (No. 1~4)

	
500 × 400 × 12 × 16

	
Q235




	
Columns (No. 5~12)

	
350 × 350 × 12 × 16




	
Beams (1~12)

	
350 × 350 × 12 × 16











 





Table 2. The details of the proposed CNN architecture.






Table 2. The details of the proposed CNN architecture.





	Layer
	Input Shape
	Output Shape
	Kernel Number
	Kernel Size
	Activation





	Convolution 1-D
	(50, 12)
	(46, 32)
	32
	5 × 12
	ReLU



	Max Pooling 1-D
	(46, 32)
	(23, 32)
	None
	2 × 32
	None



	Convolution 1-D
	(23, 32)
	(19, 64)
	64
	5 × 32
	ReLU



	Max Pooling 1-D
	(19, 64)
	(9, 64)
	None
	2
	None



	Dropout
	(9, 64)
	(9, 64)
	None
	None
	None



	Flatten
	(9, 64)
	(576)
	None
	None
	None



	Dense
	(576)
	(512)
	None
	None
	ReLU



	Dense
	(512)
	(4)
	None
	None
	Softmax










 





Table 3. The test results.






Table 3. The test results.





	
Count

	
Predicted Damage Location




	
c0

	
c1

	
c6

	
c11

	
Total

	
Accuracy






	
Actual damage

location

	
c0

	
88

	
0

	
0

	
0

	
88

	
100%




	
c1

	
4

	
107

	
1

	
0

	
112

	
95.5%




	
c6

	
7

	
0

	
95

	
1

	
103

	
92.2%




	
c11

	
0

	
0

	
1

	
92

	
93

	
98.9%




	
Total

	
99

	
107

	
97

	
93

	
396

	
Overall: 96.7%











 





Table 4. The test results.






Table 4. The test results.





	
Count

	
Predicted Damage Location




	
c0

	
c1c6

	
c1c11

	
c6c11

	
c1c6c11

	
Total

	
Accuracy






	
Actual damage location

	
c0

	
79

	
0

	
0

	
0

	
0

	
79

	
100%




	
c1c6

	
0

	
106

	
1

	
0

	
0

	
107

	
99.1%




	
c1c11

	
0

	
3

	
92

	
2

	
0

	
97

	
94.8%




	
c6c11

	
0

	
0

	
0

	
114

	
0

	
114

	
100%




	
c1c6c11

	
0

	
3

	
0

	
4

	
91

	
98

	
92.9%




	
Total

	
79

	
112

	
93

	
120

	
91

	
495

	
Overall: 97.36%











 





Table 5. The test results.






Table 5. The test results.





	
Count

	
Predicted Damage Degree




	
0

	
10%

	
20%

	
30%

	
40%

	
Total

	
Accuracy






	
Actual damage degree

	
0

	
104

	
0

	
0

	
0

	
0

	
104

	
100%




	
10%

	
1

	
101

	
3

	
0

	
0

	
105

	
96.2%




	
20%

	
0

	
7

	
91

	
3

	
0

	
101

	
90.1%




	
30%

	
0

	
0

	
12

	
70

	
1

	
83

	
84.3%




	
40%

	
0

	
0

	
0

	
7

	
95

	
102

	
93.1%




	
Total

	
105

	
108

	
106

	
80

	
96

	
495

	
Overall: 92.74%











 





Table 6. Outputs of the second dense layer.






Table 6. Outputs of the second dense layer.





	
Count

	
Actual Label

	
Predicted Probability




	
c0

	
c1

	
c6

	
c11






	
1

	
c0

	
0.999811351

	
0.000161445

	
0.000027148

	
0.000000002




	
2

	
c0

	
0.998547852

	
0.001296385

	
0.000152911

	
0.000002789




	
3

	
c11

	
0.000000000

	
0.000113217

	
0.000004276

	
0.999882460




	
4

	
c6

	
0.000062114

	
0.000006914

	
0.999927998

	
0.000003033




	
5

	
c1

	
0.000000033

	
0.997018099

	
0.000000534

	
0.002981388




	
6

	
c11

	
0.000000000

	
0.000013744

	
0.000000236

	
0.999986053




	
7

	
c6

	
0.000017072

	
0.000000700

	
0.999981999

	
0.000000228




	
8

	
c6

	
0.000013143

	
0.000000302

	
0.999986529

	
0.000000028




	
9

	
c6

	
0.000028204

	
0.000005069

	
0.999965072

	
0.000001662




	
10

	
c1

	
0.000272773

	
0.999088407

	
0.000012289

	
0.000626528
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