
1 

A Hierarchical Deep Convolutional Regression 

Framework with Sensor Network Fail-safe 

Adaptation for Acoustic-emission-based Structural 

Health Monitoring 

Shifeng GUOa,b, Hao DINGa,c, Yehai LIa,b,*, Haowen FENGa,b, Xinhong XIONGc, Zhongqing SUd, 

and Wei FENGb,* 

aShenzhen Key Laboratory of Smart Sensing and Intelligent Systems 

Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, 

P.R. China 

bGuangdong Provincial Key Lab of Robotics and Intelligent System 

Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, 

P.R. China 

cSchool of Transportation and Logistics Engineering 

Wuhan University of Technology, Wuhan 430070, P.R. China 

dDepartment of Mechanical Engineering 

The Hong Kong Polytechnic University, Hung Hom, Kowloon 999077, Hong Kong SAR 

Submitted to Mechanical Systems and Signal Processing 

(submitted on 19th October 2021, revised and re-submitted on 31st May 2022) 

* To whom correspondence should be addressed. Email: yh.li@siat.ac.cn
* To whom correspondence should be addressed. Email: wei.feng@siat.ac.cn

This is the Pre-Published Version.https://doi.org/10.1016/j.ymssp.2022.109508

© 2022. This manuscript version is made available under the CC-BY-NC-ND 4.0 license https://creativecommons.org/licenses/by-nc-nd/4.0/



2 

Abstract 

Lamb wave-based signals from sparse-distributed sensors are complicated and difficult to 

process for structural health monitoring (SHM), not only due to their dispersive and multi-

mode nature, but also due to the increasing complexity of materials and structures. Deep 

learning (DL) has attracted huge attention to help solve physical problems with a high level 

of automation and accuracy. However, its reliability and robustness are still questioned when 

performing the case-by-case model trained by inadequate datasets for practical scenarios, 

where many variables exist. In this study, a hierarchical deep convolutional regression 

framework is proposed to solve the impact source localization problem by acoustic emission 

signals. One-dimensional (1D) network is used due to its capability to process fast with raw 

time-series data. The window length of input data and the target of output results are 

discussed to improve the over-fitting issue. The sensor network fail-safe mechanism is 

designed via generalizing the model to handle abnormal situations with random faulty 

channels. Data augmentation and transfer learning techniques are utilized to train the fail-

safe model without the need for additional experimental data. Pristine case and multiple 

random-faulty-channel cases are used to test and validate the adaptation performance of the 

fail-safe model. The whole framework combines both pristine and fail-safe models to 

achieve high accuracy of impact localization results of both a simple homogeneous plate and 

a complex inhomogeneous plate with geometric features. The proposed DL framework of 

greatly improved reliability and robustness, also short processing time, is well suitable for 

real-time and in-situ SHM applications. 

 

Keywords: structural health monitoring; deep learning; convolutional neural network; 

acoustic emission; Lamb wave; impact localization 



3 

1. Introduction 1 

Structural health monitoring (SHM) is a real-time and in-situ damage identification 2 

technology of engineering structures for condition-based maintenance. This technology 3 

involves a variety of techniques to be implemented, among which Lamb wave exhibits a 4 

great potential for plate-like structures due to its advantages as long-distance propagation, 5 

easy actuation and reception, and sensitivity to defects [1]. Data acquisition of Lamb wave-6 

based SHM relies on sparse-distributed sensors to capture wave response over a large 7 

scanning area, along with the dispersive and multi-modal nature of Lamb wave, which 8 

complicate the signals and make the analysis and interpretation of them a daunting task for 9 

engineers. Conventional physics-based methods extract damage-related features (e.g., mode 10 

conversion, wave scattering, and attenuation) by studying the Lamb wave propagation 11 

behaviors [2, 3] and the interaction with defects [4-6]. However, the ever-increasing degree 12 

of complexity with the systems, from both materials (e.g., anisotropic composites and multi-13 

layer heterogeneity) and structures (e.g., with stiffeners, joints, and holes), intensifies the 14 

need for more sophisticated signal processing methods.  15 

 16 

The development of statistics-based methods like data-driven machine learning (ML) offers 17 

alternative solutions for interpreting signals [7-9], with no need for a priori knowledge of 18 

structural/material properties, in hope of achieving autonomous solutions with minimal 19 

requirement and dependence on human knowledge and experience. Algorithms like support 20 

vector machine (SVM) [10] and artificial neural network (ANN) [11-13] have been widely 21 

exploited for Lamb wave-based SHM over the last two decades. However, these ML 22 

algorithms usually require extensive data pre-processing (such as de-noising and feature 23 

extraction) which are often time-consuming and relying on domain expertise, therefore not 24 

suitable for real-time and automated damage detection. In recent years, with the rapid 25 
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development of computational capability, deep learning (DL) has emerged as a novel 26 

powerful approach not only in fields like computer vision and language processing, but also 27 

in industry diagnosis applications coping with a variety of non-destructive testing (NDT) 28 

methods [14], for example, crack detection by vision [15], welding detection using X-Ray 29 

images [16] and inspecting damaged composite structures using infrared (IR) images [17]. 30 

Lamb wave-based SHM also has the potential to benefit from DL due to its intricate 31 

behaviors [18] (e.g., damping, dispersion, reverberation, distortion, and multimodal 32 

characteristics). The high-level damage-related features hidden in the complex Lamb wave 33 

response, if recognized, can greatly improve the evaluation of the structure state. One of the 34 

major advantages of DL over other ML algorithms is that it can auto-extract high-level 35 

features, without the need for data pre-processing and human hand-picking, therefore leading 36 

to high accuracy of damage identification and increased automation level, albeit at the cost 37 

of large datasets and high computational capability. 38 

 39 

Taking acoustic emission (AE) as an example, a typical kind of passive SHM for crack 40 

extension and impact detection which is also the focus in this study, the instant broadband 41 

excitation makes the waveforms highly dispersive and complicated. Physics-based diagnosis 42 

methods utilize only simplified features, including triangulation via time of arrival [19], 43 

delta-T mapping [20], and reciprocal time-reversal [21, 22]. These techniques have intuitive 44 

and straightforward physical significance and their performance of source localization 45 

results would be limited by parameters in physical models, for example, the accuracy of pre-46 

known wave velocity and calculated arrival time in triangulation methods. Moreover, a 47 

minimum number of sensors is required to perform. It is almost impossible to localize AE 48 

sources via a single sensor unless leveraging edge reflections by complicated physical 49 

knowledge and tomography algorithms [23, 24]. On the other hand, DL could automatically 50 
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extract high-level features and perform AE source localization via a single sensor [25]. It 51 

was also shown that convolutional neural network (CNN), one of the most widely used DL 52 

algorithms, outperformed not only physics-based methods [26], but also classical ML 53 

algorithms as ANN [27] and SVM [26] in AE source diagnosis. More sophisticatedly, Zargar 54 

and Yuan [28] designed a hybrid CNN-RNN (recurrent neural network) framework to auto-55 

extract spatial-temporal features from full wavefields for impact monitoring. 56 

 57 

However, like other ML algorithms, DL models are susceptible to over-fitting, i.e., only 58 

perform well on the training data but poorly on unseen data. In SHM applications, due to the 59 

numerous variables in real conditions, the input data for training is inherently not i.i.d. and 60 

would become unseen data with a little change (from environment, instruments, stochasticity 61 

of dynamical systems, etc.). Over-fitting means that the DL model fails to learn the physical 62 

problem or insufficiently generalizes to practical scenarios. This raises two major issues 63 

which are highly concerned in the engineering world: reliability and robustness. For real-64 

time in-situ SHM, false or missing alerts would highly jeopardize the practical value and 65 

hence of little tolerance. The prediction accuracy of DL for SHM is tendentiously very high 66 

in most reported work. However, if there exists the possibility of imbalanced data or leakage 67 

of testing data into training datasets, its performance in real scenarios may become a 68 

“Garbage in - Garbage out” process. For example, since the experimental data of Lamb 69 

wave-based SHM is difficult to obtain for a large amount, analytical or numerical simulation 70 

results were widely used as input data to train DL models, either solely [29, 30] or together 71 

with a small portion of experiment data [31, 32]. Physical models in the analytical or 72 

numerical simulation are highly idealized that results may match well with the experimental 73 

data for the first-arrived waves [29], but deviate as the time increasing while involving 74 

complex physical phenomena as mode conversion, dispersion, scattering, reflection, etc. 75 
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[33]. Thus, the reliability of such DL models trained by simulation results is uncertain in real 76 

scenarios. There are several methods to reduce over-fitting by modifying the training 77 

network, such as weight regularization and dropout [32, 34]. However, the DL model works 78 

as a “black box” and it is difficult to control target-relevant features to be extracted. 79 

Therefore, researchers tried to use a priori physical knowledge to bias the learned features 80 

not to be misrepresentative [28, 33, 35]. A typical example is to superimpose artificial 81 

random noise to simulation results to augment input data, and DL models can learn to focus 82 

on low-frequency features rather than superfluous high-frequency features in real data [29, 83 

33]. Another example is to time-reverse the extracted wave-propagating features from time-84 

series data to focus the outputted source locations [28]. 85 

 86 

On the other hand, a robust DL algorithm must be generalized enough to avoid the “Garbage 87 

in - Garbage out” process with variation in the input model in similar cases. Generally, a DL 88 

model is specifically tailored to learn how to solve a particular problem, i.e., if test data are 89 

not obtained for exactly the same model, they will be treated as bad input and the outcome 90 

would be a poor output. For industry applications as NDT, if the inspected structures are of 91 

different geometry, dimensions, or materials from the training structure, or operated under 92 

different conditions, the used DL model must be retrained with new training data and labels 93 

recollected from every new situation, which is significantly expensive and often impossible. 94 

In-situ Lamb wave-based SHM, in particular, relies on fixed sensors on structures to transmit 95 

diagnostic signals [36], hence the varied properties of sensor networks in real physical 96 

situations should be considered in the design of DL models and verification of prediction 97 

accuracy. Ewald et al. [30] discussed the accuracy of CNN-predicted damage locations with 98 

different sensor layouts by repeated training for each individual case. Liu et al. [37] 99 

investigated the influence of sensor number on predicted AE source location errors by a 100 
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regression neural network via also individual training processes. Zhang et al. [38] considered 101 

the non-uniform bonding quality of sensors by data argumentation in training the CNN 102 

model which could be used directly on a different plate. For impact detection by AE, each 103 

impact is an independent event, the detection of which relies on one-shot measurement. 104 

However, there is a high chance that one or several channels in the sensor network cannot 105 

give correct responses at that moment, possibly due to failure, environment influences of 106 

temperature and humidity, crosstalk from nearby electric devices, poor contact of wires, 107 

electro-magnetic interference or others. These influences may be temporal but there is no 108 

chance to detect again. Captured signals with one or several faulty channels would usually 109 

be regarded as erroneous data and be removed from input dataset for training and test [37]. 110 

Such trained model would cause missing or false alerts in real SHM applications with 111 

possible random-faulty-channel situations.  112 

 113 

In this work, a hierarchical deep learning framework was proposed for AE source detection. 114 

Impact simulated by ball drop was stochastic excitation resembling the reality that the 115 

excited AE waveforms would not be the same even dropped at the same place due to slight 116 

variations of impact angle, rotation of the ball in the air, imbalanced holder force, or 117 

fluctuation of the base. Thus, there is little possibility of leaking testing data into training 118 

datasets and the reliability and robustness of proposed methods can be tested and validated 119 

by sufficient unseen data. Moreover, through a self-assembled automated impact stage, it 120 

was convenient to obtain large enough datasets for DL, without concerning about the 121 

reliability issue associated with adopting simulation results. The main body of the proposed 122 

framework was a one-dimensional residual network (1D-ResNet) model. A regression layer 123 

was implemented to acquire impact locations rather than zone-wise classification tasks in 124 

many others’ work of coarse resolution [27, 29, 39]. The over-fitting issue was also discussed 125 
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by quality control of the input and output with physical bias. Most importantly, the situations 126 

of random faulty channels were considered. The input multi-channel signals were firstly 127 

processed by a CNN model for fast binary classification to identify and isolate faulty 128 

channels. Data augmentation and transfer learning by inductive bias based on physical nature 129 

were implemented during the network training process, in order to generalize the model with 130 

adaptation to a bunch of random-faulty-channel cases. The proposed method was further 131 

verified on a complex inhomogeneous plate with geometric features. To the best of the 132 

authors’ knowledge, it is the first time such a practical fail-safe mechanism being considered 133 

in developing DL-assisted SHM methods of high robustness and reliability.  134 

 135 

2. Problem Descriptions 136 

AE waves typically propagate as Lamb waves in thin-plate structures, which could induce 137 

challenge for feature extraction in physics-based source localization methods. Taking 138 

example for time-of-arrival (TOA) or time-difference-of-arrival (TDOA) based methods, to 139 

triangulate the source, the arrival time of wavefronts at each of the sensors needs to be 140 

estimated accurately, and also the group velocity of the corresponding wave mode. However, 141 

for low-velocity impact events, A0 mode is dominant as compared to the S0 mode with high 142 

amplitude in the low-frequency range but is also highly dispersive. As illustrated in Figure 143 

1, different frequency components propagate with different group velocities, thus the wave 144 

energy would spread over time with the increase of the distance. Initial waveforms from 145 

impact location A would be elongated with distance, i.e. waveforms could be different when 146 

arriving at different sensors (S1 and S2). Conventional picker methods like threshold 147 

crossing would struggle with the accurate determination of arrival time and group velocity 148 

of dispersive wave modes even on a simple homogeneous plate, resulting in drastically 149 

decrease in the performance of source localization. Complicated signal processing methods 150 
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like wavelet transformation could be used but require expert knowledge [40]. Moreover, 151 

other interference could also affect the results, like attenuation, edge reflections, mode 152 

conversion, and plate echoes, which further complicate waveforms.  153 

 154 
Figure 1. (a) Illustration of a simple homogeneous plate; (b) acquired AE signals of different 155 

propagation distances; (c) dispersion curves at the low-frequency range and the frequency 156 
bandwidth of AE signals. 157 

Another important issue is related to the complex inhomogeneous structures with geometric 158 

features like stiffeners, bolts, and holes, which are common in engineering practice. The 159 

assumption of straight-line propagation is invalid. An example is shown in Figure 2, where 160 

the impact-generated wave at the center A can propagate in a straight line to some sensors 161 

(S2 and S3) but not to others (S1 and S4) due to the obstruction of internal cavities. Thus, 162 

the waveforms would be different even with the same distance between the source and the 163 

sensors. 164 

 165 
Figure 2. (a) Illustration of a complex inhomogeneous plate with two internal cavities; (b) acquired 166 

AE signals with the same straight distance. 167 
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DL algorithms have unique advantages as autonomous feature extraction and source 168 

localization. However, they are vulnerable to certain practical issues, like faulty signals due 169 

to environmental or electrical noise. The occurrence of faulty signals is generally stochastic 170 

in sensor channels and diversiform for each impact event. Even with only one faulty channel 171 

in the input space, the output could be adversely influenced. This work is focused on 172 

enhancing the robustness of DL models by considering fail-safe adaptation. A preliminary 173 

study will be implemented on a simple homogeneous plate first. Later a case study on a 174 

complex plate with two arbitrary cavities will be used to verify the effectiveness of the 175 

proposed method. The other complex inhomogeneities like varying thickness, reinforcement 176 

of different material compositions, and anisotropic composites will be left for future studies. 177 

 178 

Although not the focus of this study, the optimal number of sensors is an interesting topic 179 

worthy to be mentioned. For physical-based methods, minimum requirement exists due to 180 

limited features used. For example, the TDOA-based methods require at least three sensors 181 

in isotropic and homogeneous plates with pre-known wave velocity [19]. On the other hand, 182 

DL-based methods have the potential to work with a single sensor [25], benefitting from the 183 

high-level implicit features auto-extracted from the whole signals with sufficient information 184 

rather than only TDOA of direct waves. Although few sensors are attractive from the point 185 

of view of cabling and costs, a certain degree of redundancy is necessary by considering 186 

system reliability against environmental noise, geometric scattering, material attenuation, 187 

etc. [41]. By increasing the number of sensors, the accuracy of source localization can be 188 

improved. Thus, there is no general solution, since each application has different constraints 189 

[42]. In this study, to fully investigate the fail-safe adaptation performance of the proposed 190 

method, a redundant network of eight sensors for a square-shaped plate was used, with 191 

diverse faulty-channel situations.  192 
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3. Proposed DL-assisted Impact Detection Method 193 

3.1. Introduction to CNN 194 

CNN is a feed-forward neural network based on convolution kernels to extract useful 195 

features, which can be categorized as 1D-CNN, 2D-CNN, and 3D-CNN by the type of input 196 

or dimensions of convolution direction. 1D-CNN is mostly used on series datasets to identify 197 

the local pattern within the one-dimensional window. It is generally used for analyzing signal 198 

data recorded by sensors, audio, etc. 2D-CNN is used on two-dimensional matrix datasets 199 

like images. 3D-CNN is the further extension of 2D-CNN with the input of three-200 

dimensional volumetric data or a sequence of two-dimensional matrices (e.g. slices in a 201 

computer tomography scan, frames in a video) [43]. Since CNN has achieved great success 202 

in the computer vision field, researchers tried to transfer those 2D-CNN models to Lamb 203 

wave-based SHM. As the 2D-CNN kernel slides in two directions (length and width), certain 204 

transformation methods are required to convert time-series acoustic signals into 2D images 205 

(either in RGB or grey-scale format), for example through short-time Fourier transformation 206 

[29, 30, 33] and wavelet transformation [24, 44, 45] into time-frequency domain data. 207 

Although time-frequency data was proven to contain rich information for AE signals in 208 

physics-based methods [40, 46], the problem is that such transformation usually takes 209 

significant time, which is not suitable for real-time SHM. Another issue is that transform 210 

algorithms are highly dependent on the basis function and window size by human-picking, 211 

which weakens the automation advantage of DL algorithms. Moreover, the processing of 2D 212 

images is computationally costly and certain compression is necessary, which would result 213 

in loss of information about the high-level damage features hidden in the raw Lamb wave 214 

signals. This problem may not be important for object recognition in computer vision, but 215 

would get serious in the damage diagnosis field where time resolution is highly important 216 

for accurate results. Furthermore, some researchers tried to transfer pre-trained CNN models 217 
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from the computer vision field to acoustic-based damage diagnosis applications, to increase 218 

the training efficiency and mitigate the need for large training datasets [24, 28, 29, 47]. 219 

Although good results were achieved, controversies about the validation exist with concern 220 

about the fundamentally different physical meanings between optical images and acoustic 221 

waves [30]. 1D-CNN, on the other hand, has proven its ability to analyze discrete time-series 222 

data and identify local features within the selected window [31, 32, 38]. It allows raw signal 223 

input without extensive data pre-processing, and thus is suitable for real-time SHM. It also 224 

reduces the computational cost and minimizes the loss of information from the signal 225 

conversion. In a few studies, DL was used to process 3D wave data comprised of frames of 226 

wave propagation on a 2D plane along time [28, 48]. Such full wavefields can only be 227 

captured by scanning laser Doppler vibrometer, high-speed camera, or simulation, which are 228 

not applicable for SHM either in time consuming or measurement system. Therefore, 1D-229 

CNN is worthy of exploiting for interpreting raw time-series acoustic signals in Lamb wave-230 

based SHM.  231 

 232 

Deep residual network (ResNet) is an improved CNN algorithm to handle the problems of 233 

gradient instability and network degradation when using deep networks to solve complex 234 

tasks [49]. It is characterized by a basic unit that may appear multiple times in the 235 

architecture which is called a residual block (ResBlock). Within each ResBlock, residual 236 

features are learned by introducing extra shortcut connections to skip over several layers. 237 

Considering the complexity of Lamb wave signals, the deep neural network is favored for 238 

feature extraction with a sufficient number of hidden layers. Thus, in this study, a one-239 

dimensional residual network (1D-ResNet) model with multiple branches was proposed.  240 

3.2. Architecture of the 1D-ResNet model 241 

The proposed 1D-ResNet model is shown in Figure 3. There are six kinds of layers used, 242 
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which are convolutional (Conv) layer, batch normalization (BN) layer, rectified linear unit 243 

(ReLU), max-pooling (MaxPool) layer, average-pooling (AverPool) layer, and fully-244 

connected (FC) layer. The roles played by these layers are feature extraction, accelerating 245 

training, nonlinear combination, features selection (both types of pooling layer), and 246 

regression, respectively. The time-series data of eight channels as input of the network is 247 

first reduced by a Conv layer with a kernel size of 7 and a stride of 2, then passed to a 248 

MaxPool layer with a pooling size of 3 and a stride of 2. These two layers are both used for 249 

dimensionality reduction. The reduced vectors are then inputted to three branches 250 

simultaneously. Each branch is composed of three sequential ResBlocks with increasing 251 

input channels from 64, 128 to 256. These ResBlocks are used to extract features such as the 252 

rising edge, falling edge, sharp change, gentle segment, and other features of the input 253 

signals. The difference among the three branches is the convolution kernel sizes in 254 

ResBlocks increasing from 3, 5 to 7. Within each ResBlock (illustrated in Figure 3), the 255 

feature extraction path consists of Conv layer, BN layer, and ReLU, with a shortcut 256 

connection path skipping directly from input to output. Outcomes of both paths are merged 257 

to be the output of the total block after being activated by 258 

 ( ( ) ( , ))y f h x F x W= + , (1) 259 

where x is the input of this block, F stands for the transform of weight layers, and W is the 260 

weights used. h(x) demonstrates the way of shortcut connection which is usually equal to x. 261 

f is the activation function of ReLU here. 262 

 263 

After passing through multiple ResBlocks of multiple branches, the receptive fields of the 264 

features extracted in the original input signals are substantially increased. The obtained 265 

features from low level to high level can contribute synergistically to predicting results. At 266 

the end of the three branches, AverPool layers are used to reduce the dimensions of the 267 
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extracted features map, and then all extracted features are integrated into a large feature 268 

vector. The feature vector will be further regressed by two FC layers with a ReLU activation 269 

function between them. 270 

 271 
Figure 3. Architecture of the proposed 1D-ResNet model. 272 

The output target of the network in this study is a 1×8 vector, corresponding to eight 273 

predicted distances from impact location to the positions of eight sensors. The reason is that 274 

AE signals from different sensors may not produce results of the same accuracy, considering 275 

the distance influence from the source to sensors. To mitigate the possibly-raised over-fitting 276 

issue, the targets of convergence are relaxed as eight individual source-to-sensor distance 277 

values. The results were compared with the common “End-to-End” output of a 1×2 vector 278 

as the predicted impact location in the form of x and y coordinates. Resembling the physics-279 

based time-of-flight identification method that deals with ellipse-like or hyperbola-like 280 

damage loci [4], for each sensor a circle can be drawn as the locus of the source. Multiple 281 

loci lead to intersections. To achieve the final predicted results of impact locations, an 282 

intersection-clustering algorithm is proposed and detailed in Table 1. An example of three 283 
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sensors is shown in Figure 4. Firstly, six points are obtained from intersecting three circles 284 

of three sensors (for the non-intersecting cases, two closest points from the two circles are 285 

used instead). Then the center point is calculated and the farthest point is removed. After 286 

that, the new center point is calculated again. This is one-step clustering. After three times 287 

repeating the clustering step, the final predicted center result is obtained. In this study, eight 288 

sensors were used and thus 28 steps of clustering were required. 289 

Table 1 290 
Procedure of the proposed intersection-clustering method. 291 
Input: M-number of sensors; P-positions of M sensors; D-outputted distances to M sensors. 

Output: L-predicted impact location. 

1. Plot M circles which use Pi as the center and Di as the radius for ith sensor; 

2. Calculate all intersections of each pair of M circles, integrating a set I with a total number of 

2𝐶𝐶𝑀𝑀2 ; 

3. Set k as the number of remaining intersections with an initial of 2𝐶𝐶𝑀𝑀2 ; 

4. While (k > 𝐶𝐶𝑀𝑀2 ) do 

5.         Calculate the center of current intersections in I as point C; 

6.         Calculate the offset O from each intersection in I to C; 

7.          Remove the intersection with the largest O from I, k −= 1; 

8. Obtain C of the last I, as L; 

9. return L 

 292 

 293 
Figure 4. Example of the intersection-clustering procedure with three sensors. 294 

3.3. Hierarchical framework with sensor network fail-safe adaptation 295 

Based on the proposed 1D-ResNet and localization method, a hierarchical framework with 296 

generalized sensor network fail-safe adaptation is designed as shown in Figure 5. There are 297 
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two phases and three models in this framework. In the training phase, a 1D-ResNet model 298 

will be trained firstly with full-set data of all channels under pristine conditions (i.e., no 299 

faulty channel in all input data). Then the pre-trained model is transferred to learn from a 300 

random-faulty-channel dataset for the fail-safe model. The sensor faulty situations are 301 

complicated and diversiform. It is impractical to obtain experimental data on all possible 302 

faulty cases. Thus in this study, the random-faulty-channel dataset is achieved by data 303 

augmentation from the original full-functioned-channel dataset. Deactivating λ channels by 304 

artificially setting the value as zero yields faulty-channel data with 8-λ good channels.  305 

 306 
Figure 5. Schematic diagram of the proposed hierarchical framework. 307 

In the test phase, the test data with unknown conditions are firstly processed by a 1D-CNN 308 

model for binary classification. The classification model has a simple structure comprised 309 

of two Conv layers, two ReLU layers, one MaxPool layer, and one AverPool layer for feature 310 

extraction. Then the extracted features go through one FC layer and one ReLU to perform 311 

feature linear and nonlinear transformations. Finally, a soft-max layer outputs two values 312 

between 0-1 for each channel, corresponding to the probability of good and faulty cases. For 313 

the case of all-good channels, the well-trained pristine model is used to predict. Otherwise, 314 

the faulty channels are identified and zeroed to uniform all kinds of faulty signal forms and 315 
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conform the input data to the fail-safe training data. Then the well-trained fail-safe model is 316 

used to predict.  317 

 318 

The training and testing were implemented in the PyTorch deep learning framework 319 

(developed by the Facebook AI team) in a normal computer system with CPU of Intel Core 320 

i7-9700, GPU of NVIDIA Quadro P2200 with 5 GB video memory, and RAM of 16 GB. 321 

The API NVIDIA CUDA with version 10.2 was installed to accelerate the training process. 322 

The Adam optimizer was used with a momentum of 0.9. The learning rate was set to be 323 

0.002 as the initial value and exponentially decayed with training epochs. The training mini-324 

batch size was set to be 8.  325 

4. Preliminary Study on A Simple Homogeneous Plate 326 

4.1. Experimental setup and dataset acquisition 327 

As shown in Figure 6, a 6061 aluminum plate with a size of 300×300 mm2 and a thickness 328 

of 2 mm was chosen as the study object. A sensor network comprising eight lead zirconate 329 

titanate wafers (PZT, PSnN-5 from Yu Hai Electronic Ceramics) was pasted on the surface 330 

by ethyl acrylate adhesive. Sensor location optimization was not concerned in this study. 331 

Thus, the eight PZTs were deployed along the outer perimeter of the plate to inspect the area 332 

within as the common way. The aluminum plate was suspended and fixed on the horizontal 333 

test bench by clamps to avoid vibration interference. In order to obtain sufficient and 334 

reproducible data for training and testing, a three-axis automated impact stage was designed 335 

and assembled. The stage was controlled by a main unit of the stm32F407 chip with three 336 

closed-loop motors for precise movement in the x-y plane and pre-set drop height. A 337 

triggerable electromagnet unit was fixed on the slider. The impact was simulated by 338 

dropping a ferromagnetic ball with a diameter of 7 mm and a mass of 14 g. This ball was 339 
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firmly attached to the electromagnet by electric charging. The unit stopped at every 340 

intersection of the training grid to perform a drop impact by discharging. The eight-channel 341 

data acquisition device (NI PXIe-5105) was used to capture AE signals from sensors 342 

synchronously at a sampling rate of 10 MSP/s. The acquisition length was set as 6144 343 

sampling points (SPs) which equaled about 610 μs. Such window length was sufficient to 344 

record wave signals for all impact cases.  345 

 346 
Figure 6. Self-assembled three-axis automated impact stage and arrangement of training and test 347 

spots. 348 

The training area is 180×180 mm2 with a 10 mm grid. To account for the stochastic nature 349 

of impact AE signals, three times drop impact were simulated on each spot at each of six 350 

different heights (10, 15, 20, 25, 30, 35 mm). Thus, a total number of 6498 sets of pristine 351 

training data were obtained with 361 training spots. The random-faulty-channel dataset for 352 

training the fail-safe model was achieved by artificially deactivating λ channels. To obtain a 353 

generalized model, every possible faulty-channel case needed to be included, e.g., 𝐶𝐶81 cases 354 

for λ = 1, 𝐶𝐶82 cases for λ = 2. Theoretically, λ can be varied from 1 to 7 and one pristine set 355 

of original data can be augmented by 𝐶𝐶81 + 𝐶𝐶82 + ⋯+ 𝐶𝐶87 = 254 times. Although in-turn 356 

exhaustively deactivating channels can augment massive data, it will be time-consuming and 357 

impractical to train. In this study, for convenience, at least 3 functioned sensors were 358 

considered, i.e., λ varied from 1 to 5. For each λ-faulty-channel case, λ random-selected 359 

channels were deactivated for every pristine 8-channel impact data. In such a partial 360 

augmentation way, the size of the fail-safe training dataset was five times of the pristine 361 
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dataset and the generalization purpose for different faulty-channel cases was fulfilled. The 362 

test data for the pristine model were generated by drop impact at 16 random-selected spots 363 

with six heights, and the total number was 96. The test data for the fail-safe model were 364 

obtained in a similar way but with artificially malfunctioned channels.  365 

 366 

The dataset for the binary classification was generated by collecting 500 good single-channel 367 

signals and 100 bad signals during the experiment as poor clamping, loose connection, and 368 

drop directly upon sensors, 450/90 for training and 50/10 for testing. After training 100 369 

epochs, the model can correctly classify the signal with an accuracy of over 98.5%. Such a 370 

model needs only 4.16 ms to process a single 8-channel data. 371 

4.2. Results and discussions 372 

To qualify the performance of models, the loss function and accuracy are firstly defined. The 373 

AE signals of all eight sensors from n-th impact case are paralleled sequentially as the input 374 

vector 𝑿𝑿𝒏𝒏 ∈ ℝ8×SPs . In the proposed intersection-clustering method, the corresponding 375 

impact location is calculated from its source-sensor distances as the output vector 𝒀𝒀𝒏𝒏 ∈ ℝ1×8, 376 

while for the common “End-to-End” method, the corresponding impact location is directly 377 

indicated by its x and y coordinates as the output vector 𝒀𝒀𝒏𝒏 ∈ ℝ1×2. In the training phase, 378 

the impact locations are known and used to generate labels. The training process is to 379 

optimize the parameters in the model to minimize a loss function of mean squared error 380 

between the outputs of the model and the labels,  381 

 { } { } 2

2
ˆLoss ( )= −F n nYX , (2) 382 

where {𝑿𝑿𝒏𝒏} is the input dataset and �𝒀𝒀�𝒏𝒏� is the label dataset. ℱ is the mapping function of 383 

the proposed 1D-ResNet model. 384 

 385 



20 

The predicted accuracy of impact location is defined by normalizing mean localization error 386 

(MLE) with respect to the size of the inspected area. MLE is the average distances from the 387 

predicted location (𝑥𝑥𝑛𝑛,𝑦𝑦𝑛𝑛) to the real coordinates of impact source (𝑥𝑥�𝑛𝑛,𝑦𝑦�𝑛𝑛) for N impact 388 

cases, 389 

 

2 2
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∑
, (3) 390 

where DInspected is the dimension size of the inspected area and is 180 mm in this study. 391 

4.2.1. Influence of window length of input data 392 

In general, the DL model can learn more features with longer input data. However, the 393 

training cost, such as computing time and memory, must be considered in reality. The 394 

selected window length cannot be too short that fails to provide sufficient features, nor too 395 

long that rises computing burden. Thus, input data with different window lengths (of 2048, 396 

3072, 4096, 5120, and 6144 SPs) were trained respectively by the same 1D-ResNet 397 

architecture for 200 Epochs with Adam optimizer. The performance of the pristine model 398 

was exhibited as Loss and Accuracy curves of training and test datasets (labeled as tr_loss, 399 

tr_accuracy, test_loss, test_accuracy, respectively) with respect to epochs in Figure 7a-e. 400 

The final values of them with other performance parameters were summarized in Table 2. 401 

   402 
(a)                                                                 (b) 403 
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   404 
(c)                                                                 (d) 405 

   406 
(e)                                                                 (f) 407 

Figure 7. Loss and accuracy curves of the pristine model with different window lengths of input 408 
data: (a) 2048 SPs; (b) 3072 SPs; (c) 4096 SPs; (d) 5120 SPs; (e) 6144 SPs; (f) “End-to-End” 409 

model with window length of 6144 SPs. 410 

Table 2 411 
Model performance with different window lengths of input data. 412 

Window length 2048 3072 4096 5120 6144 

Final tr_loss 222.74 3.60 0.41 0.57 0.22 

Final test_loss 1387 70 27 9 6 

Final tr_accuracy (%) 91.92 99.06 99.59 99.54 99.71 

Final test_accuracy (%) 75.99 95.94 96.86 97.94 98.38 

Final accuracy difference (%) 15.93 3.12 2.73 1.6 1.33 

Final training MLE (mm) 14.55 1.69 0.73 0.83 0.53 

Final test MLE (mm) 43.22 7.31 5.65 3.71 2.91 

Time effort per step (ms) 3.57 4.13 4.39 4.72 5.45 

 413 
With a window length of 2048 SPs, both the loss and accuracy curves exhibit unstable 414 

performance with epochs in Figure 7a, and the final accuracy difference between training 415 

and test data is as large as ~16% (the blue dash line and orange dash line), which indicates a 416 

high degree of over-fitting. The model cannot learn sufficient useful features from the short 417 

training data and give poor predicted results. When the window length is extended to 3072 418 
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SPs and longer, the final test accuracy can reach higher than 95%. Both the loss and accuracy 419 

curves show smooth and fast convergence in Figure 7b-e. The test accuracy improves 420 

gradually with increasing window length as expected. For the longest input window length 421 

of 6144 SPs, the final test accuracy can reach as high as ~98%, which is very close to the 422 

corresponding final training accuracy. 423 

 424 

The required time per training step increases steadily with the increase of window length 425 

from 3.57 ms to 5.45 ms. This is also the processing time per impact case in the test phase, 426 

which is suitable for real-time SHM. Such short time cost is benefitted from raw signal input 427 

without data pre-processing. The training time per epoch can be estimated by further 428 

multiplying by the amount of data in the training set, which is 6498. Since the training time 429 

is acceptable in our lab environment, 200 epochs and 6144 SPs were used for the following 430 

studies. For a more efficient training process in industrial applications, a trade-off between 431 

test accuracy and training time must be considered by reducing epochs of training and 432 

window length of input data.  433 

4.2.2. Influence of target of output 434 

In this study, the impact location was obtained by the proposed intersection-clustering 435 

method with source-to-sensor distance output from the model. To study the influence of 436 

forms of output data, a similar model with “End-to-End” output was implemented for 437 

comparison. The last layer of the “End-to-End” model outputted directly the coordinates of 438 

impact location while the other structures remained the same. The training and test 439 

procedures were implemented in the same way and loss and accuracy curves are shown in 440 

Figure 7f. 441 

 442 

Through comparing Figure 7f with Figure 7e, it is obvious that the proposed model has 443 
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better performance than the “End-to-End” model during training. The test accuracy is higher 444 

and the difference of accuracy between training and test is smaller. The convergence of both 445 

loss and accuracy curves are smoother and faster. The “End-to-End” model, on the other 446 

hand, has relatively good performance on the loss and accuracy curves of the training dataset, 447 

while poor performance on the loss and accuracy curves of the test dataset, which implies a 448 

worse over-fitting issue. It should be noted that the proposed model can achieve stable and 449 

accurate results within only 100 epochs, which shows the potential for more efficient training 450 

progress. The predicted location error is visualized in Figure 8 with all test data. The 451 

proposed intersection-clustering method can clearly achieve more accurate predicted impact 452 

locations. The results indicate that relaxing targets of convergence can help mitigate the 453 

over-fitting issue, especially in this study the targets of output as source-to-sensor distances 454 

having clear physical meaning. 455 

  456 
(a)                                                                 (b) 457 

Figure 8. Predicted and actual impact locations: (a) proposed model with intersection-clustering 458 
method; (b) “End-to-End” model. 459 

4.2.3. Performance of fail-safe model 460 

To adapt to random faulty-channel situations, the DL model needs to be generalized enough 461 

by considering all possible faulty-channel situations. The training dataset is a big problem 462 

that it is not possible to generate sufficient and diverse data through experiments. In this 463 
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study, a data augmentation technique was implemented. The training dataset for the fail-safe 464 

model was generated from the pristine training dataset by artificially zeroing random 465 

channels, and the size was 5 times larger. Transfer learning was performed to train the new 466 

model for high efficiency and accuracy, with the help of pre-trained parameters from the 467 

existing pristine model.  468 

 469 

Several cases were discussed in the test phase to validate the proposed fail-safe model. The 470 

study cases were divided by the number of random faulty channels as λ-random-faulty-471 

channel (λ-RFC, λ=1, 2, 3, 4, 5) and pristine (0-random-faulty-channel) cases. The fail-safe 472 

test data were similarly generated from pristine test data as the training data. For each 8-473 

channel AE signal set from a single impact event at randomly selected test spots, λ sensors 474 

were selected randomly and deactivated by zeroing the AE signals of corresponding 475 

channels. In such a way, the size of the test dataset for each λ-RFC case was the same as for 476 

the pristine case. The training curve and test results of the fail-safe model are shown in 477 

Figure 9. It can be observed that the training loss curve and all the test accuracy curves show 478 

smooth and steady convergence within 200 epochs. When the number of faulty channels 479 

increases from 1 to 4, the predicted accuracies only decrease slightly, remaining above 96%, 480 

which is comparable to the accuracy of the pristine model for pristine data (98.38%). For the 481 

5-RFC case, the accuracy drops suddenly below 94%. In this situation, only three sensors 482 

are functioned and could not contribute enough useful features. It can also be observed from 483 

the test localization error distributions in Figure 10. When the number of faulty channels is 484 

less than 5, the distribution of the location error is bell-shaped and concentrated in the low 485 

error area. For 5-RFC, the location error increases and is concentrated in the high error area, 486 

Interestingly, when testing pristine data on the fail-safe model, the predicted accuracy is 487 

higher than RFC cases (97.59%), although not as good as obtained on the pristine model. 488 
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Even the parameters were retrained for fail-safe adaptation, the high generalization 489 

performance of the fail-safe model enables it to process pristine data well.  490 

 491 
Figure 9. Training curve and test results of fail-safe model. 492 

 493 
(a)                                                                 (b) 494 

 495 
(c)                                                                 (d) 496 

 497 
(e)                                                                 (f) 498 

Figure 10. Histograms of localization error distribution of fail-safe model tested by: (a) pristine; 499 
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(b) 1-RFC; (c) 2-RFC; (d) 3-RFC; (e) 4-RFC; (f) 5-RFC. 500 

To validate the superiority of the fail-safe model, the same λ-RFC test data were also fed to 501 

the pristine model. The final predicted results are summarized in Table 3. The pristine model 502 

fails to handle random-faulty-channel cases. The accuracy of predicted impact locations 503 

decreases dramatically with the number of faulty channels increasing. The location error 504 

increases from 2.91 to 48.51 mm with an accuracy of 73.05% for 5-RFC case. In summary, 505 

the pristine model has low level of reliability and robustness. On the other hand, the proposed 506 

fail-safe model shows good and constant prediction performance under all cases, which 507 

exhibits a great potential for in-situ SHM applications in real scenarios. Figure 11 gives the 508 

localization results of the 1-RFC case by the pristine model and fail-safe model, where the 509 

difference in predicted accuracy can be seen clearly.  510 

Table 3 511 
Performance of pristine model and fail-safe model under different test cases. 512 

Test case pristine 1-RFC 2-RFC 3-RFC 4-RFC 5-RFC 

Test MLE of pristine model (mm) 2.91 10.24 15.95 25.05 33.31 48.51 

Test MLE of fail-safe model (mm) 4.33 4.63 4.69 5.77 6.56 11.41 

Test accuracy of pristine model (%) 98.38 94.31 91.14 86.08 81.49 73.05 

Test accuracy of fail-safe model (%) 97.59 97.43 97.42 96.79 96.36 93.66 

 513 

   514 
Figure 11. Localization results of 1-RFC: (a) pristine model; (b) fail-safe model. 515 
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For various forms of error signals in real scenarios, the whole framework works in the 516 

following steps. Firstly, a 1D-CNN classification model was used to process the raw signals. 517 

For all-good-channel cases, the pristine model is used to predict. Faulty channels once 518 

identified, if any, are uniformed by setting all error signals to zero values, in such a way to 519 

conform to the data form in the fail-safe training dataset. Then the fail-safe model is used to 520 

predict. To validate the whole framework, 3 sensors at the top left corner were disconnected 521 

on purpose when performing impact tests and treated as validation case 1. Validation case 2 522 

was disconnecting 3 sensors at the bottom right corner. Thus, the obtained AE signals in 523 

these two cases have three channels of only noise. The localization results are shown in 524 

Figure 12. Comparing Figure 12a and Figure 8a, it can be found that poorer results are 525 

predicted when the impact source is located near the top left corner. The same phenomenon 526 

can be found in Figure 12b, where the accuracy of impact at the bottom right corner decrease 527 

with 3 malfunctional sensors around. These results are consistent with physical knowledge 528 

that the AE signals of nearby sensors can help produce more accurate results of impact 529 

locations than faraway sensors, due to dispersion and signal complexity after long-distance 530 

Lamb wave propagation. It also proves that the DL model has successfully learned this 531 

physical problem and weighted different contributions of sensors to the final predicted 532 

results based on source-to-sensor distances. 533 
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    534 
(a)                                                               (b) 535 

Figure 12. Localization results of fail-safe model: (a) validation case 1; (b) validation case 2. 536 

5. Case Study on A Complex Inhomogeneous Plate  537 

5.1. Experimental setup and dataset acquisition 538 

As shown in Figure 13, a larger plate with a size of 500×500 mm2 and a thickness of 2 mm 539 

was chosen with a network of 8 sensors. Two artificial cavities were manufactured on the 540 

plate to create inner boundaries which complicated the AE signals from impact location to 541 

sensors as in Figure 2. The training area is 400×400 mm2 with a 20 mm grid. Three times 542 

of drop impact were simulated on each spot at each of six different heights (10, 15, 20, 25, 543 

30, 35 mm). Thus, a total number of 7434 sets of pristine training data were obtained with 544 

413 training spots (28 spots lost due to cavities). Considering the longer propagation path, 545 

the acquisition length was increased to 12288 SPs by trial and error as in Section 4.2.1. The 546 

other settings were similar to Section 3.1.  547 
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 548 
Figure 13. Illustration of the complex inhomogeneous plate and arrangement of training and test 549 

spots. 550 

5.2. Results and discussions 551 

The proposed model with the intersection-clustering method was firstly performed under 552 

pristine conditions. Similarly, the results were compared with the “End-to-End” model. Loss 553 

and accuracy curves are shown in Figure 14. The proposed model outperforms again with a 554 

complex inhomogeneous plate. The test accuracy is higher and the difference in accuracy 555 

between training and test is smaller. The convergence of both loss and accuracy curves are 556 

smoother and faster. The predicted location error is visualized in Figure 15 with all test data. 557 

The results are consistent with those of a simple homogeneous plate and verify the 558 

effectiveness of the proposed method to improve the accuracy of predicted impact locations. 559 

Although with more complicated AE signals, the DL model can successfully learn features 560 

for impact localization at a high-level accuracy, which is comparable with the result of a 561 

simple plate. The test MLE is 7.33, which is larger than the 2.91 of the simple plate, but the 562 

test accuracy is close, 98.17% vs 98.38%, due to the larger inspected area. 563 
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   564 
(a)                                                                 (b) 565 

Figure 14. Loss and accuracy curves of (a) proposed pristine model with intersection-clustering 566 
method; (b) “End-to-End” model. 567 

  568 
(a)                                                                 (b) 569 

Figure 15. Predicted and actual impact locations: (a) proposed model with intersection-clustering 570 
method; (b) “End-to-End” model. 571 

The performance of the fail-safe model was also verified with the complex plate. The final 572 

predicted results are summarized in Table 4. The results are also consistent with the previous 573 

one with a simple plate. The accuracy of predicted impact locations decreases dramatically 574 

for the pristine model with the number of faulty channels increasing. For the fail-safe model, 575 

the location accuracy only decreases slightly to 95.10% for the 5-RFC case, compared to 576 

75.75% of the pristine model. The proposed fail-safe model can achieve relatively stable 577 

accurate prediction of impact locations under diverse random-faulty-channel cases, which 578 

has proven to be reliable and robust enough for practices in complex SHM applications.  579 

Table 4 580 
Performance of pristine model and fail-safe model under different test cases. 581 
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Test case pristine 1-RFC 2-RFC 3-RFC 4-RFC 5-RFC 

Test MLE of pristine model (mm) 7.33 25.05 32.64 46.41 70.32 96.99 

Test MLE of fail-safe model (mm) 7.61 8.18 8.26 8.93 11.97 19.61 

Test accuracy of pristine model (%) 98.17 93.74 91.84 88.40 82.42 75.75 

Test accuracy of fail-safe model (%) 98.10 97.96 97.94 97.77 97.01 95.10 

 582 

6. Concluding Remarks 583 

In this study, a hierarchical deep convolutional regression framework with fail-safe 584 

adaptation is proposed for impact localization from AE signals. A multi-branch 1D-ResNet 585 

model was used to process raw time-series data for feature extraction, followed by a 586 

regression layer to obtain source location results. The pristine model was trained by a full-587 

functioned-channel dataset. The fail-safe adaptation was achieved by transferring the pristine 588 

model to learn from a random-faulty-channel dataset, which was augmented from the full-589 

functioned-channel dataset. To implement such framework, signal data from each channel 590 

was first binary classified by a simple 1D-CNN model for further processing by either 591 

pristine or fail-safe model. The regressive output was source-to-sensor distances. The final 592 

predicted impact location was obtained by a proposed intersection-clustering method. 593 

Without the need for signal pre-processing, the whole process takes only a few milliseconds 594 

for a single impact case (4.16+5.45 ms), which is well suited for real-time SHM. 595 

 596 

The performance of the well-trained model was qualified by loss and location accuracy. By 597 

comparing different window lengths of input data, it can be concluded that the balance 598 

between accuracy and training speed can be achieved when using a proper window length 599 

containing sufficient features. The performance of outputting source-to-sensor distances 600 

with the proposed intersection-clustering method is better than that of outputting merely 601 

location coordinates with the “End-to-End” model. Such quality control of input and output 602 
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would achieve a certain degree of physical bias, leading to the mitigated over-fitting status. 603 

These results show that high-level accuracy has been achieved with the raw time-series 604 

signals, which contain sufficient features for 1D-CNN models to learn from. In other cases, 605 

where insufficient features are available, e.g. with few sensors or a large inspected area, 606 

including frequency or time-frequency domain information could be a possible way to 607 

increase the prediction accuracy. 608 

 609 

Although the well-trained pristine model can predict accurate impact location in normal 610 

situations with all sensors fully functioned, it is not general enough to handle abnormal 611 

situations with faulty channels, which is complicated and not rare in in-situ SHM 612 

applications with fixed sensor networks. The fail-safe model has a much better performance 613 

than the pristine model when handling random-faulty-channel cases. The predicted location 614 

error could maintain at a low level with even five faulty channels, which is about 10 mm 615 

compared to ~50 mm error predicted by the pristine model. Thus, the proposed framework 616 

has proven to be effective for various faulty scenarios of the sensor network during operation 617 

of the inspected structure, and exhibits a high level of reliability and robustness as a DL-618 

assisted automated in-situ SHM method. These results were further validated on a complex 619 

structure. More complicated AE signals were obtained due to inhomogeneous features which 620 

were extremely difficult to process with physics-based methods. The proposed DL method 621 

has achieved high-level accuracy of impact localization again with fail-safe adaptation.  622 

 623 

This work may not be the ultimate answer to using DL for SHM. However, it provides a 624 

solution to solve a practical issue that is common in reality but seldomly considered in the 625 

lab environment. The sensor network fail-safe adaptation realized by data augmentation and 626 

transfer learning can be extended to other SHM methods including active Lamb wave-based 627 
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technology without additional experiments. Generalizing DL models makes a step further to 628 

bridge lab experiments and practical industry applications with much more variables, and 629 

gains trust in DL algorithms by relieving worries about insufficient and imbalanced training 630 

data. It should be mentioned that, a side benefit is implied that the fail-safe model should 631 

also work well for sensor network deployments with fewer sensors such as a four-corner 632 

sensor network, without the need for retraining. 633 
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