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A B S T R A C T   

An investigation was made into a method for Structural Health Monitoring (SHM) of a composite wing using 
Convolutional Neural Network (CNN) model. In this method, various aerodynamic loads of an aircraft during 
flight and corresponding strain data were used for CNN model training. The proposed method was demonstrated 
by numerical simulation using vortex lattice method for aerodynamic loads of an A350-type aircraft in over a 
thousand flight conditions and a Finite Element (FE) model as a digital twin of the full-scale composite wing. To 
represent the measurement of 324 sensors mounted in the 18 skin-rib joints of the inboard wing, strain data from 
the 18 × 18 elements of the FE model in the sensor locations were calculated corresponding to the flight loadings. 
The strain data from the original structure FE model were employed to train a CNN model that was classified as 
healthy samples. Damaged elements were then introduced in random locations to produce data samples corre
sponding to the same set of flight loads for the CNN model training. In the subsequent damage detection process 
using the trained CNN model, confusion matrix, uncertainty and sensitivity analysis were evaluated. The study 
results show that robust damage detection results can be obtained with 99% accuracy without noise and 97% 
accuracy with 2% Gaussian noise. In the damage localization process, threshold value was set at 1.5, 2 or 2.5, and 
83% overall accuracy was achieved using the CNN model when the threshold value was 1.5. The study 
demonstrated that the proposed method is efficient, accurate and robust.   

1. Introduction 

Composite materials especially laminated carbon fibre reinforced 
plastics have superior mechanical performance and large weight saving 
potential for airframe structures due to their significantly higher specific 
stiffness and strength properties than traditional metallic materials. This 
has led to dramatic increase of composite materials usage in large civil 
airplanes such as A350 and the B-787 in the last decade [1–4]. However, 
laminated composite materials are prone to various inconspicuous 
damages that may lead to failure in different modes, such as fiber 
breakage, matrix crack and delamination [5–8]. This feature raises a 
major concern on composite structure integrity that reduces signifi
cantly the safety margin in the design and weight saving in practice. In 
addition, non-reinforced composite laminate through thickness is prone 
to transverse loading. This raises a concern on load transfer capability of 
bonded structure joint and mechanical failure. Therefore, the 

conventional joint connection using rivets and bolts is adapted in the 
state-of-the-art bonded composite airframe joint to ensure its structural 
integrity. 

In order to fully explore the potential of airframe structures using 
composite materials, early detection of damages or defects is important. 
Unlike the metallic skin however, an impact damage in laminated 
composite skin is normally barely visible hence difficult to detect by 
observation or image processing. A Structural Health Monitoring (SHM) 
system in particular an onboard one based on sensing technology pro
vides an effective means for damage detection of composite airframe. 
The state-of-the-art SHM systems utilize various measurement tech
niques including strain, ultrasonic guided waves, vibration signal or 
electromechanical impedance to form a sensor network installed on the 
structures alongside with data processing [9,10]. The strain and vibra
tion signal measurement as a mature technique has been employed to 
detect structural damage using modal test data in 1990′s [11,12]. This 
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approach relies on the fact that a local stiffness degradation due to 
structural damage leads to a measurable strain redistribution in the 
sensing region. However, it is unpractical to embed strain gauges, op
tical fibres or accelerometers in the laminate or install on the structure 
surface. A large number of strain-based SHM studies for aircraft struc
tures have been carried out in literature, but the majority demonstrated 
the technology by taking panel or beam test samples under simple 
loading scenarios. 

To find a practical solution, Guo and Li [2,13] developed a composite 
fastener as an alternative to the conventional metallic rivet for com
posite structure joint reinforcement. The composite fastener has been 
further developed into a novel Smart Composite Fastener (SCF) with 
embedded sensor and micro transmitter. Taking a composite wing as 
example, at least a few percent of the tens of thousands metallic rivets 
distributed in the structure joints could be replaced by the SCF to form a 
sensing network. Since those joints between skin cover and ribs and 
spars are the critical regions where high-quality bonding for intensive 
load transfer are required, they are hence reinforced and obviously the 
locations for health monitoring. The present method was developed 
based on this technology and hypnosis that strains in the joint regions of 
a composite airframe vary with the aerodynamic loadings during flight. 
So does the output signal of the SCF in response to the strain and loading 
variation that can be used to indicate the structure health status. 

In addition, the sensitivity of strains from the SCF is different to 
different failure modes and loading conditions. For example, the 
occurrence of delamination in composite structure is more sensitive to 
compression and shear rather than tension [14]. Moreover, debonding 
failure is more sensitive to shear, hence torsion compared with bending 
moment [15]. In the scenario of unknown likely failure mode, strains 
collected from those SCFs in various loading cases during flight could 
provide adequate data for damage detection. Although the data may 
contain healthy or local failure information, if exists, traditional damage 
identification methods are not able to extract and identify the failure 
information from the large number of strain data samples. To this end, 
machine learning or deep learning algorithms have been increasingly 
adopted for damage classification, localization and prediction in recent 
years [16]. Compared with conventional machine learning algorithms 
for SHM, the major advantages of deep learning are the ability to 
automatically extract features from raw data and suitable to model 
large-scale data. Alvarez-Montoya et al. [17] developed an in-flight and 
wireless damage detection system in a UAV composite wing using strain 
field pattern recognition and Self-Organizing Map (SOM)-based pro
cedure. As an unsupervised machine learning algorithm, this method 
can classify the damage with unlabelled dataset. Alavi et al. [18] pro
posed a damage detection system integrating static strain data of beam 
and gusset plate structures from Finite Element (FE) simulations and 
Probabilistic Neural Network (PNN). According to literature, the Con
volutional Neural Network (CNN) model is widely utilized as a feature 
extractor and classifier to diagnose structural damages. Investigation 
into composite structure damage diagnosis using CNN based on different 
techniques and signals was carried out [19–24]. A damage diagnosis 
study using CNN fed through the strain distribution was performed and 
achieved high accuracy results [25]. However, the study was limited to a 
steel panel under tensile load case. 

Although some efforts have been made in damage diagnosis using 
deep learning methods, the studies so far are based on simple structures 
and limited loading cases. There is little well received research for SHM 
of full-scale composite structure and taking all possible flight loading 
cases of an aircraft. This current study presents an investigation into 
damage detection and localization of a full-scale composite wing using 
CNN. It is practical to collect strain data of a healthy structure during 
flight. However, it is not feasible to collect adequate strain data samples 
of damaged structures for the CNN model training even in the whole 
service life of an airplane. Therefore, a numerical model to represent the 
real-life airframe must be established. In other words, a digital twin of 
the real-life airframe should be created and updated based on the 

measured strain and loading data. It can then be used to predict the 
failure in different modes that likely occur in the service lift of an 
airplane. The proposed method can be divided into four steps as 
depicted in Fig. 1. In step-1, aerodynamic analysis was performed to 
simulate the flight loadings based on an airplane design data in various 
flight conditions. In step-2, an FE model of the composite wing structure 
as part of the digital twin of the airframe was established to simulate the 
strain distribution in various flight loading cases. Based on the FE model 
of the original structure, damages in different failure modes can be 
simulated with the strain data at the sensor locations calculated under 
the same set of flight cases. In step-3, the strain data was processed as 
input data samples. In step-4, an end-to-end method was proposed for 
CNN model training to identify structural damages. In the analysis, the 
resulting test accuracy, uncertainty and sensitivity of the CNN models 
were evaluated. 

2. Example of numerical models 

2.1. Flight load analysis 

In this present study, a large civil airplane was taken as an example 
with the main dimensions shown in Fig. 2. The Maximum Take-Off 
Weight (MTOW) and Maximum Landing Weight (MLW) are 280,000 
kg and 207,000 kg, respectively. 

In the initial design phase, the aerodynamic loadings on the aircraft 
were calculated for all likely manoeuvres and flight conditions in a flight 
mission divided into 6 flight phases including take-off, climb, cruise, 
descent, approach and landing. The parameters definition for different 
flight conditions [26] are shown in Table 1 where the flight speed, Angle 
of Attack (AoA), aileron and flap deflection angles in MTOW and MLW 
cases were considered. This leads to over 1000 flight load cases in total. 
Based on the design data and flight performance requirements, a geo
metric model of the aircraft was created for aerodynamic load calcula
tion using the Vortex Lattice Method (VLM) [27]. Fig. 3 shows the 
results of the spanwise lift force and pitching moment on the wing model 

Fig. 1. Framework of the proposed method.  
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in five of the flight cases. 

2.2. FE model and analysis of the composite wing 

In the FE model, the composite wing structure of the aircraft was 
simplified and constructed by the main structural components including 
the skin covers, spars, ribs and stringers as shown in Fig. 4. This model 
consists of 34 ribs, 34 T-section stringers and 4 rectangular section 
stringers. Based on the initial design, the resulting thickness of the wing 
skin, ribs, spars and stringers, are shown in Fig. 5. The thickness of ribs 
increases along the span from wingtip (1.8 mm) to maximum (20 mm) at 
the kink section. 

Fig. 6 shows the wing geometry and mesh of the FE model. Total 
13,720 2D shell elements (QUAD4) were taken with an element size of 
0.17 × 0.23 m for the majority of the structure FE model. The material 
properties and the laminate layup and stacking sequences for each 
component as a result of an initial design are shown in Table 2. 

3. Structure damage identification by deep learning 

This section presents the training, validation and testing datasets 
preparation process for damage classification and localization of the 
composite wing structure using deep learning. 

3.1. Damage models and dataset preparation 

3.1.1. Damage models 
The FE model of the original wing structure without damage was 

called as pristine structure or healthy structure (H). In order to provide 
data for the CNN model training, damages were created based on the 
original wing FE model in two different cases for investigation. 

In case 1, considering the most critical structure in the kink and near 
the root regions of the wing, three damages were selected randomly on 
the upper skin of the wing in the regions. As shown in Fig. 7, the dam
ages were modelled by the finite elements D1, D2 and D3 in the locations 
close to the rib 2, rib 8 and rib 10, respectively. The distance of the 
damaged elements D1, D2 and D3 from their nearest SCFs in the rib joint 
2, 8 and 10 are 0.46 m, 0.43 m and 0.28 m, respectively. Although 
various numerical modelling and simulation for structure damages have 
been studied in previous research [28,29], the presented study was 
focused on the feasibility of the proposed method for SHM rather than 
producing an accurate damage model. In composite structure design, a 

Fig. 2. An example aircraft with key dimensions taken in the study.  

Table 1 
Parameters definition for different flight load cases.   

MACH AoA (̊) Aileron (̊) Flap (̊) Weight 

Take-off 0–0.3 2.4–8 0 0; 10; 15 MTOW 
Climb 0.3–0.85 -0.8–1.9 0 0 MTOW 
Cruise 0.85–0.89 -1–2 0; ±25; +25; -25 0 MTOW 
Descent 0.3–0.85 -2–2 0; ±25; +25; -25 0 MLW 
Approach 0.2–0.3 0.8–16 0 0; 20 MLW 
Landing 0–0.2 -6–14 0; +25 0; 40 MLW  

Fig. 3. The lift force and Pitching moment of the wing in five flight conditions 
(the values in the legend indicate the Mach number, AoA, Aileron and 
Flap angles). 
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Fig. 4. The internal structure of composite wing FE model.  

Fig. 5. Composite wing skin, rib and spar thickness (min t = 1.8 mm, max t = 20 mm).  

Fig. 6. Wing geometry and mesh of FE model.  
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knockdown factor between 0.45 and 0.55 is considered based on 
experiment for a laminate containing a Barely Visible Impact Damage 
(BVID). In composite impact testing, a typical laminate sample dimen
sion is 0.1 × 0.15 m [30]. Therefore, in the present study, the damage 
model was simplified by reducing the modulus (or stiffness) of the 
damaged elements from 20% to 80% in 20% increment. The damaged 
element D3 of size 0.11 × 0.16 m and reduced modulus of 40% in the 
wing kink region are close to the typical test sample of BVID. The 
damaged element D1 and D2 of size 0.17 × 0.23 m as shown in Fig. 9 
with reduced modulus represent an increased damage due to compres
sion after impact. Fig. 8 shows the resulting strain distribution of the 
healthy and damaged structure models under the aerodynamic forces in 
one of the flight cases (0.5 MACH). In this example, the modulus of the 
damaged element D1 was reduced by 80%. The strain variation around 
the damaged element is clearly noticed. 

In case 2, the number of damages was increased to 28 and evenly 
distributed on the upper skin between the 18 skin-rib joints in the 
inboard wing as shown in Fig. 10. The area of each damage depends 
upon the local element size in the same range as the damage D1 and D3 
in case 1. The damage model was created by reducing the element 

modulus in the range of 20%-80% in the same manner as case 1. 
The wing skin-rib assembly joints usually cause critical concerns on 

structural integrity and overall efficiency due to geometry change and 
load transfer [31]. In this study, total of 324 SCFs were mounted on the 
upper side of the 18 skin-rib joints of the inboard wing (18 SCFs 
mounted in each joint) as shown in Fig. 7. In practice, a sensor would be 
embedded within each of the 324 SCFs to collect output signals in 
response to the strains acting on the SCFs during flight. However, in the 
present numerical simulation, the resulting average strains of the 324 
elements in the SCFs locations were calculated and used to represent the 
sensor signals. Those extracted strain data were arranged to 18 × 18 × 1 
tensor as shown in Fig. 9 as input data for the CNN model training. The 
strain data was then normalized to make all the parameters into the 
range [0,1] and transformed into grayscale images, which was used as 
input to feed the CNN architecture. 

3.1.2. Data preparation for damage case 1 
Furthermore, four groups of datasets of different flight load cases and 

data samples as listed in Table 3 were considered to evaluate their in
fluence on the analysis results. For Dataset 1 and Dataset 2 scenarios, the 

Table 2 
Material properties and laminate layup of the composite wing model.  

Isotropic E (GPa) ν  

T-Section Stringer 118.9 0.31 
Rectangular Section Stringer 123.6 0.25 
Rib 79.3 0.34  

Spars and Skin Laminate E1 = 190GPa E2 = 17.7GPa G12 = 6.6GPa ν = 0.27  
Section Laminate Layup 

Upper & Lower Skin (Section 1,3) [45/− 45/0/45/0/− 45/90/45/0/− 45/0/45/90/− 45/0/45/0/− 45/0/45/0]s  

Upper & Lower Skin (Section 2,4) [45/− 45/0/45/0/− 45/90/45/0/− 45/0/45/90/− 45/0/45/0/− 45/0]s  
Upper & Lower Skin (Section 5) [45/− 45/0/45/0/− 45/90/45/0/− 45/0/45/90/− 45/0/45/0/− 45]s  
Upper & Lower Skin (Section 6) [45/− 45/0/45/0/− 45/90/45/0/− 45/0/45/0/− 45/0]s  
Upper & Lower Skin (Section 7) [45/− 45/0/45/0/− 45/90/45/0]s  
Front Spar [45/− 45/0/45/0/− 45/90/45/0/− 45/0/45/0/− 45/90/45/0/− 45/0/45/90/− 45]s  
Rear Spar [45/− 45/0/45/0/− 45/90/45/0/− 45/0/45/0/− 45/90/45/0/− 45]s   

Fig. 7. Three damage locations in composite upper wing.  
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damaged element D1, D2 and D3 modulus were reduced by 80% in the 
structure for analysis in all flight cases. In the ‘H’ (healthy) structure in 
the noise-free scenario, there were 1000 flight load cases and 324 strain 
data in the sensor locations available for model training and testing. For 
the ‘H’ and 3 damage (D1, D2, D3) scenarios, a dataset of total 4000 ×
324 was obtained. To simulate the noise due to environmental effects in 
practice, a randomly generated white Gaussian noise (AWGN, N(0,σ2)), 
where σ2 is the variance of the measurement noise was introduced in the 
training, validation and testing datasets. Four different noise levels 
(0.5%, 1%, 1.5% and 2%) were added to the original Dataset 1 samples 
for model training only, while Dataset 2 samples remain noise-free 

during training. To evaluate the sensitivity of the method to different 
damage severities, damage D1 of four different damage severities 
(modulus reduced by 80%, 60%, 40% and 20%) were set in Dataset 3 to 
compare with the ‘H’ model using the noise-free data samples in all 
flight load cases. To reduce the influence of different flight conditions on 
strain distribution variation and improve the damage detection accu
racy, the data samples used in Dataset 4 were collected from only the 
Landing phase. 

For Dataset 1, Dataset 2 and Dataset 4, the trained models were 
tested 10 times with test data samples including different noise levels 
(0%, 0.4%, 0.8%, 1.2%, 1.6% and 2%). Noise level denotes the ratio 
between the standard deviation of measurement noise to the actual 

Fig. 8. Strain distribution in span-wise direction for (a) pristine structure and (b) damaged structure (D1 of stiffness reduced by 80%) at aircraft speed 0.5 MACH.  

Fig. 9. Sensor locations and pre-processing of CNN input data.  
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strain values. For Dataset 3, trained models were tested with noise-free 
samples. None of the loading scenarios of training datasets was used in 
the testing. It is a common practice to randomly split the data into 
training, validation and testing sets in machine learning models. Fig. 11 
shows the number of load cases for neural network training, validation, 
and testing. Dataset 1 and Dataset 2 were randomly split by a ratio of 

6:2:2. Dataset 3 was randomly split by a ratio of 8:1:1. Dataset 4 contains 
500 training sets, 100 validation sets and 56 testing sets. All the 4 groups 
of data were trained, validated and tested in CNN models, which will be 
illustrated in the next section. 

3.1.3. Data preparation for damage case 2 
Except for damage detection, localizing the damage is also a key 

issue for SHM. In Dataset 5, the damage locations of each damage and 
the strain data were both collected for the damage localization task. In 
Fig. 10, the red points represent the 28 damage locations, and the orange 
rectangles represent 324 strain data collection elements. The co
ordinates of each damage location were stored as a bounding box in an 
order of (y,x,w,h), where x and y indicate the coordinate of the upper left 
node of a damaged element, w and h define the width and length of the 
damaged element. For example, the bounding box of the four damage 
locations in the first column were defined as (1,2,2,2), (1,7,2,2), 
(1,12,2,2) and (1,17,2,2) respectively. While the damage locations in 
the second column were defined as (4,2,2,2), (4,7,2,2), (4,12,2,2) and 
(4,17,2,2) respectively. By analogy, the damage locations in the last 
column were defined as (18,2,2,2), (18,7,2,2), (18,12,2,2) and 
(18,17,2,2). 

In damage localization task, the CNN was trained with the data 
collected from the Climb Phase. Hence, 64 loading scenarios were used. 

Fig. 10. Damage locations for damage localization task.  

Table 3 
Details of the four datasets.   

Stiffness Reduction Load Case Noise 
Level 
(%) 

Class Total 
samples 

Dataset 
1: 

80% All flight 
phases/ 
1000 

0, 0.5, 
1, 1.5, 2 

H, D1, 
D2, D3 

20,000 

Dataset 
2: 

80% All flight 
phases/ 
1000 

0 H, D1, 
D2, D3 

4000 

Dataset 
3: 

20%,40%,60%,80% All flight 
phases/ 
1000 

0 H, D1 8000 

Dataset 
4: 

80% Landing/ 
656 

0 H, D1, 
D2, D3 

2624  

Fig. 11. Load cases for CNN training, validation and testing.  
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All the damage scenarios were simulated by reducing the stiffness of an 
element by 80%. In this section, the neural network was trained, vali
dated and tested with noise-free data. As a result, a total of 1792 
damaged samples were generated in Dataset 5. Dataset 5 was randomly 
split into training, validation and testing datasets by a ratio of 8:1:1. 

3.2. CNN architectures 

The framework of CNN was firstly proposed by LeCun [32] for the 
task of classifying images of handwritten digits. After years of devel
opment, the performance of this method has dramatically improved. It 
has proven to be a very efficient structure for image recognition, speech 
recognition, object detection and many other domains. For a given input 
instance, this method tries to build a prediction function parametrized 
by weights. The loss function is used to measure the error between the 
true value and the prediction. The training process is consisting of 
feedforward and backpropagation [33]. The feedforward process eval
uates the prediction function. After that, the backpropagation process 
adjusts the weights according to their contribution to the error by using 
the Stochastic Gradient Descent (SGD) algorithm. The parameters were 
updated with the learning rate. The learning process was to seek the best 
prediction function and best possible values of weights to minimize the 
loss function [34]. 

CNNs receive the input in the form of multiple arrays: one- 
dimensional (1D) volumes for signals; 2D for images or audio and 3D 
for volumetric images or video. CNNs are featured by four key proper
ties: local connections; shared weights; subsampling and many layers 
[35]. Typically, the structures of CNNs are composed of the filter stage 
and classification stage (or regression stage). The filter stage is formed 
by stacking convolutional layers, activation layers and pooling layers. 
The main objective of the convolutional layer is to extract features by 
sliding a filter or kernel over small patches of the image from the input 
image. An activation layer, such as the Rectified Linear Unit (ReLU), 
follows the convolution operation. The pooling layer is employed to 
reduce the resolution of the feature maps by performing a down- 
sampling operation. To achieve better performance, batch normaliza
tion layers can also be employed between convolutional layers and 
activation layers. The convolutional and pooling layers are followed by 
one or more fully-connected layers. The damage detection task treats the 
case as a classification problem where the goal is to determine the 

presence of damage. The damage localization task estimates the location 
of the damage where it is treated as a regression problem. Different 
prediction functions and loss functions were adopted for the classifica
tion task and localization task. 

It is important to select appropriate loss functions to converge and 
optimize the proposed model. Two different loss functions were adopted 
for the damage detection and localization tasks. The detection part 
employed the cross-entropy loss. The formula of cross-entropy loss is 
shown below: 

L c = −
∑N

i=1

∑M

c=1
ticlnpic (1)  

where N and M indicate the number of samples and classes, tic is the 
indicator that the i-th sample belongs to the c-th class, pic is the value of 
probability prediction from the softmax function. 

The regression part computes the loss between the predicted and the 
true bounding box with the Mean Squared Error (MSE), which is the L 2 
loss function. 

L 2 =
∑N

i=1

(ti − t̂i )
2

N
(2)  

where ti represents the target output and t̂i is the network’s prediction 
for sample i. During the regressor training process, if the predicted 
bounding box satisfied the conditions of Equation (3), the damage 
location was marked as correct. 

|y− ŷ| < thr  

|x− x̂| < thr  

|w− ŵ| < thr  

|h− ĥ| < thr (3)  

where (ŷ, x̂, ŵ,ĥ) is the predicted damage location, (y, x,w, h) is the true 
damage location, thr is the threshold. 

Deep learning models are full of hyperparameters and finding the 
best configuration for these parameters can improve the performance of 
the neural networks [36]. The architectures of CNN can be built in 

Fig. 12. Proposed architecture of CNN for (a) damage classification task (b) damage localization task.  
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various ways by stacking convolutional layers, pooling layers and fully- 
connected layers. The hyperparameters include the number of con
volutional layers and fully-connected layers, the number of kernels (2 to 
27), kernel size (3*3 or 5*5) and pool size (1*1 with stride of 1 or 2*2 
with stride of 2), learning rate (2 to 2−8), batch size, and randomly 
selected hidden layer sizes. 

The learning rate is one of the most important hyperparameters, 
which controls the amount of the updated weights during neural 
network training. In general, the larger the learning rate the quicker the 
training process, although it may result in a sub-optimal final set of 
weights. A smaller learning rate may allow the model to gain more 
optimal set of weights, but may need significantly larger training 
epochs. If the learning rate is too small, the training may never converge 
or stuck in a suboptimal solution. Therefore, an appropriately config
ured learning rate is important for the neural network model to achieve 
good performance in a given number of training epochs. 

Fig. 12 (a) shows the proposed architecture for Dataset 1, Dataset 2 
and Dataset 4. The network was composed of two convolutional and 
pooling layers for automatically extracting features from the healthy and 
damaged cases. Fully-connected and softmax layers were used to classify 
the inputs as Healthy (H), Damage 1 (D1), Damage 2 (D2) and Damage 3 
(D3) cases. The weights were initialized randomly and trained from 
scratch. The learning rate was set to 0.01. In this paper, a batch size of 64 
was implemented in the training process for all the CNN models. Table 4 
summarises the details of the proposed CNN architecture in Fig. 12 (a). 

The proposed network for Dataset 3 was composed of two convolu
tional layers and one maxpooling layer. The kernel size of the con
volutional layer was set to 3 × 3. The number of kernels was 8 and 16 
respectively. Pool size 2 × 2 with a stride of 2 was used for the pooling 
layer. The last convolutional layer was connected to one fully-connected 
layer. The softmax layer outputted two structural conditions: Healthy 
(H) and Damaged 1 (D1). The weights were initialized randomly. The 
learning rate was set to 0.0026. This model was trained, validated and 
tested in four different damage severities (stiffness reducing 20%, 40%, 
60% and 80%). 

The architecture of the regression neural network in Fig. 12 (b) was 
converted from the classification neural network in Fig. 12 (a). The CNN 
architecture for localization task (Dataset 5) replaced the fully- 
connected layer, softmax layer and classification layer with a fully- 
connected layer of size 4 and a regression layer. The weights for the 
regression neural network were initialized using the weights from the 
classification neural network. Keeping the layers and weights from the 
classification task can significantly speed up the network training. In this 
CNN model, the learning rate of 0.001 was adopted. The threshold 
values 1.5, 2 and 2.5 were selected for thr described in Equation (3) to 
discover the damage localization accuracy. The results are illustrated in 
the next section. 

4. Results and discussion 

4.1. Damage classification task 

This section presents the performance of the proposed methodology 

for damage classification task. For Dataset 1, Dataset 2 and Dataset 4, 
the models were trained for up to 10 epochs. Fig. 13 shows the detailed 
classification results of the CNN models on the testing data with 
confusion matrixes. The vertical axis shows the true classes, while the 
horizontal axis shows the predicted labels assigned by CNN classifier. 
Confusion matrix visualizes the testing results and shows the testing 
accuracy for each class. Fig. 13 (a-d, g, h) shows the results of Dataset1, 
Dataset 2 and Dataset 4 with the testing data noise levels of 0% and 2%, 
respectively. In Fig. 13 (a, c, g), the overall prediction accuracies for the 
three datasets are 99.9%, 94.4% and 97.8%, respectively. The major loss 
of accuracy was mainly due to misclassifying the H and D2 cases. 

Table 4 
Proposed network configuration for Dataset 1, Dataset 2 and Dataset 4.  

Layer Name Layer Description 

Input 18 × 18 × 1 Image 
Convolution-1 Filter size (3 × 3), Stride 1, Number of Filter 8, Batch 

Normalization, ReLU 
MaxPooling-1 Filter size (2 × 2), Stride 2 
Convolution-2 Filter size (3 × 3), Stride 1, Number of Filter 16, Batch 

Normalization, ReLU 
MaxPooling-2 Filter size (2 × 2), Stride 2 
Fully-connected, 

Softmax 
Output = 4  

Fig. 13. Confusion matrixes of CNN in damage classification.  
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Specifically, 5.1% examples of the D2 case were misclassified in Dataset 
4, out of which 1.5% were misclassified as D3, 3.6% were misclassified 
as H. Similarly, 9.5% examples of the H cases were misclassified as D2 in 
Dataset 2, and 0.5% of the D2 cases were misclassified as H in Dataset 1. 
The misclassification results are consistent with the physics of the 
problem, because the strain at D2 is smaller than D1 and D3 in the wing 
structure. Hence, the H case and D2 case may have the same response to 
certain loading conditions. However, when increasing the noise level 
from 0% to 2%, the major loss of accuracy was mainly due to noise. 
Fig. 13 (e, f) presents the results of Dataset 3 with the material stiffness 
decreased 20% and 80%, respectively. The damaged areas are the same 
for the two cases. More severe damage causes greater changes in the 
strain of the structure. Thus, the overall classification accuracy 
increased from 91% to 100%. In general, the results above demonstrate 
the feasibility of CNN models in damage classification task on the given 
datasets. 

As the deep learning models perform successfully on all the four 
datasets, Dataset 1, Dataset 2 and Dataset 4 were selected to analyse the 
uncertainty of the model. Adding various levels of noise to the data to 
simulate the environmental effects and measurement noise enhances the 
reliability of the proposed method. The accuracy and robustness of the 
CNN model are discussed. Fig. 14 presents the testing accuracy for 
Dataset 1, Dataset 2 and Dataset 4 in damage classification task. Herein, 
the horizontal axis shows the noise level of the testing data, while the 
vertical axis shows the damage classification accuracy of each case after 
testing 10 times. Fig. 14 (a) presents the best testing performance among 
the given training cases. According to the figure, the proposed archi
tecture classified the four cases with 99% accuracy for noise-free data. 

The high accuracy represents the proposed methodology is capable of 
learning the damage features. It is noticeable that the testing accuracy 
decreases with the increase of the noise levels. However, the testing 
accuracy remained above 97% under 2% noise level, which illustrates 
that the CNN is robust for various levels of noise. The testing accuracies 
of Fig. 14 (b) are lower than Fig. 14 (a). The testing accuracy was 94% 
for noise-free data, but it dropped to 79% for the noise level of 2%. 
Hence, adding different levels of noise in the training process helped the 
neural network to learn damage features under uncertainty. Then, the 
training, validation and testing dataset was segmented according to 
flight status. For example, Dataset 4 was composed of data only collected 
from the landing phase. It is noticeable that the testing accuracy in 
Fig. 14 (c) is higher than in Fig. 14 (b). This is because the damage 
condition in this study is simulated by reducing the element stiffness, the 
resulting damage mode is sensitive to all flight conditions. The neural 
network training based on the flight conditions can help to reduce the 
variation of strain distribution due to load differences. For different 
types of damage modes however, some damage modes may be insensi
tive to a specific load condition and affect the damage detection results. 

Dataset 3 was used to analyse the sensitivity of the model. The CNN 
classifier was employed to predict labels for cases under four different 
damage severities (stiffness reduced by 20%, 40%, 60% and 80%). For 
example, Fig. 15 displays the testing accuracy of detecting the damage 
D1 of different damage severity after testing 10 times based on the 
model trained for up to 100 epochs. The results show that the testing 
accuracy was 93% for the smallest damage D3 (modulus reduced by 
20%), and became 99% when the damage severity increased with 
modulus reduced by 40%; the testing accuracy reached 100% when the 
element modulus was reduced by larger than 60%. Since the more severe 
the damage, the more likely to be detected, the testing accuracy provides 
an indicator for the damage severity apart from damage detection ac
curacy by using the method. 

4.2. Damage localization task 

The CNN model was further employed to predict the coordinate of 
the damages. This section trained the CNN model with Dataset 5, which 
was collected from the Climb Phase. As described in Section 3.1.3, the 
strain information for 324 data acquisition points were extracted for the 
analysis. 28 damage locations and 64 loading scenarios were considered. 

Fig. 14. Testing accuracy of damage classification task trained with (a) Dataset 1, (b) Dataset 2 and (c) Dataset 4.  

Fig. 15. Testing accuracy of damage classification result in four different 
damage severities (Dataset 3). 

Table 5 
Examples of bounding box predicted by CNN.  

Case True Damage 
Location 

Predicted Damage 
Location 

Error 
(|Predicted − True|)  

1 (7, 17, 2, 2) (8.8, 16.9, 2.1, 1.9) (1.8, 0.1, 0.1, 0.1) 
2 (16, 7, 2, 2) (15.3, 7.5, 2.1, 1.9) (0.7, 0.5, 0.1, 0.1) 
3 (10, 2, 2, 2) (10.6, 2.9, 1.9, 1.9) (0.6, 0.9, 0.1, 0.1) 
4 (16, 2, 2, 2) (15.4, 2.5, 2.0, 1.9) (0.6, 0.5, 0, 0.1) 
5 (1, 12, 2, 2) (1.0, 10.6, 2.1, 2.2) (0, 1.4, 0.1, 0.2)  
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The model was trained for up to 50 epochs. Then, the trained model was 
tested with noise-free data. Table 5 gives five examples of bounding 
boxes predicted by CNN and compares the errors between the true 
damage locations and the predicted locations as well. Fig. 16 visualized 
the damage localization results by plotting the true damage location in 
green box and the predicted damage location in yellow box. 

Fig. 17 shows a representative result of the testing errors at each 
damage location for localization task. Herein, the x-axis and y-axis show 
the value of x and y in the bounding box of the testing data respectively, 
while the z-axis shows the testing errors. In Fig. 17 (a), the proposed 
method localized the damage with 83% overall accuracy when the 

threshold value was 1.5 (thr = 1.5). When the threshold values were 2 
(Fig. 17 (b) thr = 2) and 2.5 (Fig. 17 (c) thr = 2.5), the overall accuracy 
increased to 95% and 99% respectively. As it is seen, the proposed model 
has better performance in predicting the damages at the central position 
than at the edge. The reason for this may be that there are fewer data 
acquisition points at the edge to monitor the health condition of the 
structure than at the centre. Reorganizing the distribution and number 
of the data acquisition points can be a potential strategy for increasing 
the damage diagnosis precision. 

The CNN model was tested 10 times with randomly selected training, 
validation and testing data to localize the damage. Fig. 18 shows the 
overall testing accuracy when the threshold values were 1.5, 2 and 2.5. 

Fig. 16. Damage location estimation of 5 cases in Table 5 (green box: true 
damage location; yellow box: predicted damage location). 

Fig. 17. Damage localization task testing errors at each damage location for thresholds: (a) thr = 1.5; (b) thr = 2; (c) thr = 2.5.  

Fig. 18. Performance analysis of localization task for thresholds 1.5, 2 and 2.5.  
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When the damage location was searched in the larger region by 
increasing the threshold, the accuracy rate was increased obviously. The 
testing accuracy was almost 99% for threshold value 2.5. The high 
overall localization accuracy demonstrates that the proposed method 
can successfully predict the damage locations. However, the CNN model 
cannot give a visible function to describe the relationship between the 
input strain data and the output results, though it can classify the 
structural health condition and predict the damage locations. This is 
because the characteristic of a deep learning model is to find the rela
tionship between the inputs and outputs by constructing complicated 
layers. These layers make the model possible to fit the datasets. How
ever, it also makes the deep learning model too complicated to give a 
visible function. 

5. Conclusion 

An investigation into a proposed CNN-based data-driven SHM 
method is demonstrated by numerical analysis using the strain data to 
represent a network of 324 sensors output from the skin-rib joints of an 
aircraft composite wing in response to various flight loads. In this 
method, all parameters of the CNN model were jointly trained hence 
suitable for large-scale data. Based on the investigation, some conclu
sions can be drawn below.  

• The damage features of a structure are included and remain in the 
strain data for different loading cases in an aircraft flight mission. 
The features can be identified by employing the CNN-based method 
to classify the structural health conditions based on the strain data 
samples in different flight loading cases.  

• The introduction of system noise can avoid overfitting and lead to a 
better testing performance to improve the reliability of the method. 
In the case of noise (2%) existing in the data samples used for CNN 
model training and testing, the reduction of testing accuracy of the 
structural damage is negligible. In the case of noise-free data for 
training only, the testing accuracy can be reduced by about 13% for 
2% noise existing in the data samples for testing.  

• The sensitivity of the damage classification task can be used to 
evaluate the damage severity. Furthermore, the pre-trained CNN 
regressor can be used to localize the damages. The performance of 
the damage localization task can be evaluated according to the 
damage locations and threshold values. The method shows an overall 
damage localization accuracy of 83% for the threshold value of 1.5.  

• The damages occurring in the middle of the wing structure can be 
better detected with smaller testing errors than the damages near the 
junction of skin and the front and rear spars.  

• The CNN performance highly depends on the training dataset; hence 
the accuracy and robustness of the model can be improved by 
increasing the samples in the training dataset.  

• This proposed CNN-based SHM method is of high accuracy in 
structure damage classification and localization tasks and demon
strates its feasibility for application. 
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