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Abstract.

Thanks to developments in machine learning (ML), particularly deep learning, which now has the greatest
performance among algorithms, narrow artificial intelligence, often known as "weak AL" has progressed
during the past few years. further machine learning for deep learning to provide potent model parameters
that can forecast the occurrence of certain events in the future, massive volumes of data, also referred to as
"big data” and must be rapidly collected. Such a big damage event dataset is not accessible in many other
fields, such as visual inspection of aeroplanes, and this makes it difficult to train deep learning algorithms to
work effectively. Good at spotting physical damage to aircraft structures. In order to reach this human-level
intelligence in aircraft damage inspection, it is possible to include inductive bias into deep learning. This paper
provides an illustration of how to incorporate expertise in aircraft engineering into the creation of deep
learning algorithms. The effectiveness of our method, which builds a deep convolutional neural network that
categorises crack lengths based on break propagation curves acquired from fatigue testing, was shown on
aerospace grade aluminium samples.
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1. Introduction

Airlines have implemented routine inspections and part replacement procedures, which have helped to partially
tackle the issue of ageing aircraft. This approach avoids having to purchase a new plane, which is the best but most
expensive choice, but it merely delays the issue. The parts replacement system will probably become overburdened as
the size of aged fleets increases due to the high volume of replacement components needed. Airlines must have a
monitoring system in place to alert maintenance staff when a part needs to be changed because of wear and tear rather
than service life in order to save time and money [1].

The ropes assist transmit the skin load to the interior structure and often handle a greater aircraft load. Almost
typically, the ropes are fastened to the aircraft's structure, sides, or skin. The pins used to affix the fasteners to the
framework gradually develop fatigue and stress fractures. Due to their tiny size (about 1.25 mm or 0.05 in.), proximity
to and location below the fastener's top, and frequent existence under the surface coating, these fissures are likely to go
undiscovered. Additionally eroded and needing inspection is the contact area between the pile and the skin|2].

These circumstances create intriguing technological issues. First, it is challenging to find any possible fractures that
may be present close to the fastener since they are small, stretch in all directions, and are frequently buried. Second, it
might be challenging to detect latent interlayer corrosion in laminated aluminium structures. In such constructions, the
necessary corrosion detection threshold typically equals 10% material loss. The system must be able to identify these
utterly distinct sorts of problems with only a single probe and test equipment in order to be genuinely practical.

Every machine learning model needs some sort of architectural design, as well as perhaps some initial presumptions
regarding the data to be studied. Every foundational idea and conviction that data production involves inductive bias is
generally true. Machine learning models' capacity to generalise to new data is significantly impacted by inductive biases.
Our model could go in the direction of global optimality if there is a significant inductive bias. On the other hand, weak
inductive bias is heavily impacted by random changes in the starting state and might lead to the model finding only local

optimal[3].
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Figure 1: longeron and cracks on longeron([4]

2. METHODOLOGY:

A multilayer perceptron is regularised via CNN. Every neuron in one layer is linked to every neuron in the next
layer, which is what is meant by a multilayer perceptron in most cases. As a result of their "complete connectedness,"
these networks are susceptible to data overfitting. Typically, training factors (such weight loss) are penalised, or
connectivity is decreased to control or avoid overfitting (dropping connections, dropping out, etc.) [5]. CNNs have a

different method to regularisation: they use smaller, simpler samples that are embossed in their filter and take use of the
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hierarchical model of the data and an increasingly complicated collection of patterns. surname. CNNs are therefore
quite low on the connectivity and complexity scale [6].

Biological processes provide as inspiration for constitutional networks. It has a network of connections between
neurons that resembles the way the visual cortex of animals is set up. Only a small portion of the visual field, known as
the receptive field, is used by individual cortical neurons to react to inputs [7]. Different neurons' receptive areas partially
overlap one another to fill the whole visual field [8].

Comparatively speaking to other image classification techniques, CNNs employ a little amount of pre-processing,.
In contrast to traditional techniques, which construct these filters by hand, machine learning enables the network to
learn how to optimise filters (or cores) [9,10]. This feature extraction's independence from prior information and human
interaction is a significant benefit.

In civil infrastructure including buildings, walkways, and concrete surfaces, CNN has been used to identify
cracks[11,12]. These results are encouraging and a first step in improving picture identification for CNN crack detection,
but more generalisation of domain knowledge matching is required to provide logical explanations for the deep learning
outcomes that can be explained[13].

With regard to this, Deep CNN has developed and tested a fracture length categorization system based on the
results of fatigue testing's crack propagation cutrves. The network is therefore based on the physics of crack propagation
behaviour, in contrast to picture segmentation and thresholding|[14]. The classification results of CNN architecture crack
images with domain knowledge are compared with the classification results of images of the same networks are not
included in the domain, but pre-clustered by unsupervised machine learning, in order to assess the performance of

domain knowledge inclusion.

conv layers

Figure 2: Convolutional neural networks|[15]

3. Dataset preparation and Pre-processing:

The dataset of aircraft crack photos is taken, and each image is divided into three classes: big, medium, and tiny.
The last class is None. Images of aeroplanes with no cracks are in the None class. Based on the crack lengths found
during the fatigue test, these cracks are categorised. Each class contains photos with crack lengths and the results of
each fatigue test. There are 11803 total images in the data set. The crack lengths were divided into four groups by testing
those photos. Ninety-two percent (92%) of the 11803 RGB photos were used for training, sixteen percent (9%) for
validation, and six percent (652) for testing the trained model (6 percent). The RGB pictures were initially pre-processed
by turning them into grayscale images (i.e., pixel-averaged value) in order to decrease the computational load before

feeding the CNN with training data.
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Figure 1: large,medium, and small cracks

3.1. Data Pre-processing:

The RGB photos are turned into grayscale images in the data pre-processing stage so that the pixel values may be
reduced to 0 and 1. Typically, pixels in RGB photographs fall between 0 and 255. When the input values fall between
the range of 0 and 1, neural networks operate well. Thus, a grayscale image is created by converting an RGB image to
pixels. Additionally, scaling work is done at the pre-processing stage. The basic goal of scaling the photos is to uniformly

scale all of them in order to reduce network size mistake.

3.2. Building a CNN Model:

The input shape must be established before convolutional neural networks can be constructed. The network's input
shape is the size of the scaled picture. The network is initially given a convolutional layer with a filter size of 32 and a
window size of 3x3, and ReLLU is utilised as the activation function. The network is then given a pooling layer with a
window size of 2x2. The pooling layer shrinks the pixel size to its smallest possible size. Following that, a block of layers

of the same size is added, followed by the addition of two layers with the same characteristics but a size of 64. Using
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the model, the final pixel values are flattened, and a dense layer with 16 neurons is then added to the network. ReLLU
performs the activation function in the dense layer. Due to overfitting concerns, a hidden layer of the same size is added
once again, and then after verifying that there is no dropout function with neurons that are 50% active, a dropout layer
is added. The last output layer has four neurons, each of which represents one of the four classes—ILarge, Medium,

Small, and None. The SoftMax function's activation is present in the final output layer.

model = Sequential()

model.add(Conv2D(32, (3, 3), input_shape=input shape,activation="relu'))
model . add{MaxPooling2D(pool_size=(2, 2)))
model.add(Conv2D(32, (3, 3),activation="relu'))
model.add(MaxPooling2D(pool_size=(2, 2)))

model .add{Conv2D(64, (3, 3)),activation="relu')
model . add{MaxPooling2D(pool_size=(2, 2)))
model.add(Conv2D(64, (3, 3),activation="relu')})
model . add{MaxPooling2D(pool_size=(2, 2)))
model.add(Flatten())

model.add(Dense(16))
model.add(Activation('relu'))

model .add(Dense(16)})
model.add(Activation('relu'))
model.add(Dropout(8.5))

model .add{Dense(4))
model.add{ﬂctivation('softmax')ﬂ

The model summary includes the parameters for each layer, which affects how big the image is. The output class,

which consists of four classes, is then included in the outcome.

Model: “seguential 3"

Layer (type) Output Shape Param #
conv2d_8 (Conv2D) (None, 98, 98, 32) 896
max_pooling2d 7 (MaxPooling (None, 49, 49, 32) <]

2D)

conv2d_9 (Conv2D) (None, 47, 47, 32) G248
max_pooling2d 8 (MaxPooling (None, 23, 23, 32) =]

2D)

conv2d_16 (Conv2D) (None, 21, 21, 64) 18496
max_pooling2d § (MaxPooling (None, 1@, 10, 64) <]

20)

conv2d_11 (Conv2D) (None, 8, 8, 64) 36928
max_pooling2d_16 (MaxPoolin (None, 4, 4, 64) 5]
52D)

flatten_1 (Flatten) (None, 1024) =}
dense_5 (Dense) (None, 16) 16480
activation_18 (Activation) (None, 16) 5]
dense_6 (Dense) (None, 16) 272
activation_11 (Activation) (None, 16) <]
dropout_4 (Dropout) (None, 16) <]
dense_7 (Dense) (None, 4) 68
activation_12 (Activation) (None, 4) <]

Total params: 82,388
Trainable params: 82,388
Non-trainable params: @

Figure 4: Model summary
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3.3. Training a model:

The loss function, optimization function, and metrics to assess the model's performance must be calculated before
a neural network model may be trained. The categorical cross entropy is the loss function in this case. A loss function
used in multi-class classification challenges is the cross-entropy classifier. In certain situations, the sample can only fit
into one of several categories, and the model must select that category. It is intended to quantitatively measure the
variation between two probability distributions. This model uses the optimization function adam with a learning rate of
0.001. Adam is an alternative stochastic gradient descent optimization technique for deep learning model training. Adam
creates an optimization technique that can handle sparse gradients in noise issues by combining the best elements of the

AdaGrad and RMSProp algorithms. Accuracy is calculated as metrics.

model.compile(loss="'categorical crossentropy’,
optimizer="adam',

metrics=[ "accuracy'])

3.4. Saving the trained model:

A “h5” file contains the trained model. The data for final weights and bias are contained in that file. This prevents
the need for repeated training, can be simply applied to new models, and can be used to deliver work on the front end

using flask or other web frameworks.

4. RESULTS AND DISCUSSIONS:

Images used for training and testing are sent into the convolutional neural network. The loss in the output is back-
propagated through the optimization function in the network, which comprises the layers described. This will continue
for the 300 epochs that were predetermined before the output layer, which comprises 4 neurons and shows the classes
of "Large, Medium, Small, No Crack," contains neurons. The class that the network predicted is represented by the
maximum of the four neurons, and the accuracy and loss of the training and testing sets of data are shown with the use
of the matplotlib package. The accuracy of the exam was 88.76 percent, while the accuracy of the training was 86.2
percent. As a result, the accuracy of difficulties with picture categorization, which is greater than 80%, is significantly

better. As a result, the model does well with this categorization issue.
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Figure 5: loss and accuracy plots of test and train data

The confusion matrix for the model petrformance evaluation test is displayed. The item's actual worth is depicted
by the vertical line. The class to which the sample belongs in your data collection is referred to as the true value. You
have four courses, of course. The horizontal refers to the classes that the model predicted for those samples. Recall, f1-

score, and accuracy may be calculated from this confusion matrix in order to assess the model performance.
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Figure 6: Confusion matrix

The picture is transmitted to the stored model, which contains the final weights and bias, to test the model. The
expected values are displayed in figure 6 after passing a test image. These photographs have a 99.8% accuracy rate for
predicting major cracks, a 100% accuracy rate for predicting no crack images, and a lower accuracy rate for other images

because of poor image clarity. Therefore, this model may be used to locate cracks in aircrafts, categorise large and tiny
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fractures, and offer engineers information they can use to designate crack-free areas for repairs. rather than using the

eyes, which take a lot of time.

Figure 2: test images and results
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5. Conclusion:

This research demonstrates the use of domain knowledge in automated visual inspection for creating a deep learning
forecast that can be justified. The clustering method was able to divide the 11803 photos into 4 distinct groups, but not
in accordance with the 4 different crack lengths, but rather in accordance with variations in light intensity that occurred
while the photographs were being recorded. The network that was trained using variations in light intensity achieved an
accuracy of 88.76%. On the other hand, the biased CNN, which is taught using various fracture lengths, obtained
accuracy of 87.2 percent. These findings support our earlier hypothesis that Al-assisted NDT or structural health
monitoring (SHM) should incorporate human input in addition to pure unsupervised learning. However, as human
judgement may sometimes be flawed, we think that rather than relying only on either computers or humans, future

NDT and SHM should be built on reciprocal human-computer interaction.
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