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1. Introduction

Deep Neural Networks (DNNs) have become prominent in various aspects of the field.
Convolutional Neural Networks (CNNs) are especially powerful in tasks such as image
classification, object detection, and image segmentation in the domain of computer vision. In
the construction industry, these networks are particularly useful for detecting crack images in
building components. However, there are numerous architectures of CNNs currently available.
Achieving the desired level of accuracy in construction datasets depends on several factors,
including the optimization of hyperparameters during the training process.

In recent times, various fields have begun employing CNNs due to their computational
prowess, with Structural Health Monitoring (SHM) being one such domain. For instance,
Seventekidis et al. (2020) proposed the implementation of a one-dimensional convolutional
neural network (1D CNN) for joint damage detection in structures, aiming to surpass the
limitations of computationally expensive model-based algorithms by automatically identifying
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damage-sensitive features in structural responses. Building on this trend, Puruncajas et al.
(2020) introduced a novel methodology for SHM of offshore wind turbine jacket foundations
using CNNs. As a result, application of CNNs in SHM has gained widespread acceptance,
leading to the development of various methods to enhance their performance. For example, Li
et al. (2023) proposed a Bayesian-Based Optimization method for hyperparameter tuning of 1D-
CNNs. However, this method heavily relies on Graphics Processing Unit (GPU) memory during
training, which may limit the scalability of the approach for larger datasets or models. Moreover,
the careful selection of hyperparameters, such as the dropout ratio, to prevent underfitting or
overfitting remains a challenging task that requires additional expertise in parameter tuning.

Numerous suggestions have been put forth for fine-tuning hyperparameters. Klein et al.
(2017) demonstrated the effectiveness of fast Bayesian optimization on large datasets, showing
impressive performance on machine learning applications. However, obtaining such large
datasets might not be feasible for specific fields. Bergstra and Bengio (2012) presented Random
Search, a method that selects random trials for hyperparameter optimization. While resulting in
good performance with random hyperparameters, this method, like Bayesian, suffers from
limited data resource issues.

Various new methods have recently emerged to improve upon these previous
approaches, specifically Analysis of Variance (ANOVA) with the Tukey test, and Orthogonal
Array Tuning (OAT). In 2023, Ottoni et al. (2023) published a method that employed ANOVA
and the Tukey test to optimize hyperparameters. This method showed promise in a construction
machine dataset but was limited to tuning only two factors for a binary classification problem.
The ANOVA method generates 18 combinations and runs each 05 times, yielding a total of 90
case runs. While producing good results, it requires significant resources and is inflexible. On
the other hand, Zhang et al. (2019) presented an OAT method that used more factors and fewer
combinations than ANOVA. However, it had limitations when applied to other categories of
datasets, such as Electroencephalogram (EEG), Inertial Measurement Unit (IMU), and Radio
Frequency ldentification (RFID). Additionally, the factors selected for tuning in this method are
not fixed, such as randomly selecting the number of layers and nodes in CNNSs.

Despite their strengths, a significant gap in these previous methods is that the
hyperparameters were not analyzed in more detail to acknowledge which factor has the most
effect on the results. Furthermore, while Zhang’s et al. (2019) OAT method demonstrates good
performance with common datasets, it may not be suitable for specialized concrete crack
datasets due to its randomly varying structural factors.

To address these gaps, this study presents a comprehensive OAT approach that applies the
concept studied by Kalaiselvi and Padmapriya (2021). We aim to enhance the efficiency of this
method by utilizing different categories of fixed factors rather than randomly selecting network
layers. Currently, numerous verified CNN architectures have demonstrated impressive performance,
and specific optimizer functions are beneficial for these architectures. Therefore, we employ
pre-trained CNN architectures and optimizers as the first two factors for OAT. The remaining factors
include the learning rate and loss function. OAT is applied to recommend the optimal combination
of these factors for concrete crack detection. Furthermore, we perform calculations to value the
hyperparameter factors and evaluate their specific effects on the model’s accuracy.

2. Orthogonal Array

In this section, before we perform the process of OAT, we show the history and some
information about the orthogonal array, its definition, theory, and its function.
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2.1. History of Orthogonal Array

The Orthogonal Array (Fraley et al., 2006) is an experimental design used to arrange
parameters that affect both the process and variance of a process, intending to verify the
efficiency of that process. This method was initially introduced as Taguchi’s method (Taguchi,
1988), developed by Dr. Genichi Taguchi of Japan. Taguchi’s method (Karna & Sahai, 2012;
Taguchi, 1988) aims to optimize high quality at low cost for manufacturers. Rather than
conducting numerous tests to evaluate all possible combinations, Taguchi’s method (Taguchi,
1988) employs an orthogonal array to identify the critical parameters for the entire process and
then tests pairs of combinations. This approach reduces the number of experiments required to
obtain the necessary data. The Taguchi method (Taguchi, 1988) was developed to investigate
the differences among parameters that affect the mean and variance of performance.

2.2. Taguchi method design of experiments

In general, numerous case studies can be found online. For smaller arrays, manual
methods are usually sufficient; however, larger arrays typically require deterministic algorithms.
In some instances, the study might optimize for software-based solutions instead (Lazi¢, 2013).
There are several options for creating Taguchi arrays for the design of experiments, depending
on the number of times one wishes to test at each level for each hyperparameter. The philosophy
behind Taguchi’s method is centered on designing quality into a process through
hyperparameter design, tolerance design, and system design. Notably, hyperparameter design,
as our primary focus, is the most critical factor in achieving a specified target quality of results.

The general Taguchi method follows these steps:

- Reassess the current objective of the process, and more specifically, set a target for
the process performance measure. The difference between the performance attribute
and the target value forms the basis for defining the process’s loss function.

- Recognize the design hyperparameters that influence the process. Hyperparameters
are variables within the process that affect the performance measure. The range of
variation for each hyperparameter must be defined. As the number of levels for a
hyperparameter increases, the number of experiments to be conducted also increases.

- Construct orthogonal arrays for the design of hyperparameters, indicating the number
of conditions for each experiment. The choice of orthogonal arrays depends on the
number of hyperparameters and the variation levels for each hyperparameter.

- Perform the experiments as described in the completed array to collect data on the
impact on the performance measure.

- Carry out an extensive data analysis to understand the effect of different
hyperparameters on the performance measure.

In this paper, we present an experiment involving four factors (P = 4) and four levels of
each hyperparameter (L = 4) for which we design an array. Table 1 illustrates this arrangement.
For instance, when factor 1 is set at level 1, factor 2 is tested at levels 1, 2, 3, and 4 for all levels.
Similarly, factors 3 and 4 are tested at levels 1, 2, 3, and 4 for all levels. This pattern is repeated
when factor 1 is set at level 2 or level 3. Thus, our study adheres to the definition of an orthogonal
array, which requires that for each level of a factor, all L levels of the (P-1) other factors are
tested at least once - in this case, only once as well.
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2.3. Analyzing experimental data

Upon finalizing the experimental design and conducting the requisite trials, researchers
can leverage the performance metrics obtained from each trial to assess the comparative impact
of various parameters under study. For instance, the study showed the method within the L9
Orthogonal Array (Lazi¢, 2013). In illustrating the process of data analysis, we focus on using
the L16 array, as shown in Table 2.

Table 1
Orthogonal Array with 04 Factors and 04 Levels

Run Factor 1 Factor 2 Factor 3 Factor 4
1 1 1 1 1
2 1 2 2 2
3 1 3 3 3
4 1 4 4 4
5 2 1 2 3
6 2 2 1 4
7 2 3 4 1
8 2 4 3 2
9 3 1 3 4
10 3 2 4 3
11 3 3 1 2
12 3 4 2 1
13 4 1 4 2
14 4 2 3 1
15 4 3 2 4
16 4 4 1 3

Note. The Lis orthogonal array is used for the experimental design. The data are from “System of experimental
design” (Vol. 1) by G. Taguchi, 1988, UNIPUB/Kraus International

Table 2
Analyzing Experimental Data

Experiment Number Tl T2 T3 TN
1 T1,1 T1,2 T1,N
2 T2,1 T2,2 T2,N
3 T3,1 T3,2 T3,N
4 T4,1 T4,2 T4,N
5 T5,1 T5,2 T5,N
6 T6,1 T6,2 T6,N
7 T7,1 T7,2 T7,N




80 Tran Duc Manh. HCMCOUJS-Advances in Computational Structures, 16(1), 76-94

Experiment Number T1 T2 T3 TN
8 T8,1 T8,2 T8,N
9 T9,1 T9,2 T9,N
10 T10,1 T10,2 T10,N
11 T11,1 T11,2 T11,N
12 T12,1 T12,2 T12,N
13 T13,1 T13,2 T13,N
14 T14,1 T14,2 T14,N
15 T15,1 T15,2 T15N
16 T16,1 T16,2 T16,N

Note. The experimental design was organized using a standard Lis (4%) Orthogonal Array (OA). The data are from
“System of experimental design” (Vol. 1) by G. Taguchi, 1988, UNIPUB/Kraus International

Within this array configuration shown in Table 2, a flexible feature is evident, where a
varying number of trials can be incorporated. Here, T;; signifies distinct trials, with i denoting
the experiment number, and j represents the specific trial number. It is essential to underline that
while the Taguchi method permits the inclusion of a noise matrix encompassing external factors
that influence the process outcome, rather than relying solely on repeated trials, this particular
aspect falls beyond the purview of the current discussion presented in this article.

The signal-to-noise ratio (SN number) is computed for every conducted experiment to
evaluate the impact on the output.

Vi
SN; = 10log— 1
2 Og Siz ( )
where:
N
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Here, denotes the mean value, and represents the variance, is the value of performance
given by the experiment. Besides, u stands for the trial number, with Niis the number of trials
for experiment i. Specifically, yi corresponds to the value of the experimental characteristic for
a given experiment instance.

In this study case, the following definition of the SN ratio is calculated by maximizing
the performance of characteristic.

N;
1 1
SNi = —1010g ﬁ y—z (4)
l u

u=1
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To determine the SN ratio for individual experiments, the mean SN value is computed
for each factor and its corresponding level. The calculation process illustrated below exemplifies
this procedure for Parameter 3 (P3) within the array, as shown in Table 3.

The SN ratio value is computed and shown in Table 3. The value of rank (R) is identified
by finding the maximum value of the SN ratio. It presents the fact that the largest R value is the
most effective variance in the process.

Table 3
The Average SN Value

Experiment Number F1 F2 F3 F4 SN
1 1 1 1 1 SN1
2 1 2 2 2 SN2
3 1 3 3 3 SN3
4 1 4 4 4 SN4
5 2 1 2 3 SN5
6 2 2 1 4 SN6
7 2 3 4 1 SN7
8 2 4 3 2 SN8
9 3 1 3 4 SN9
10 3 2 4 3 SN10
11 3 3 1 2 SN11
12 3 4 2 1 SN12
13 4 1 4 2 SN13
14 4 2 3 1 SN14
15 4 3 2 4 SN15
16 4 4 1 3 SN16

Note. Signal-to-noise (SN) ratios are calculated based on the Lig Orthogonal Array (OA) design. The data are from
“System of experimental design” (Vol. 1) by G. Taguchi, 1988, UNIPUB/Kraus International

Table 4
Rank of Variance

Level/ factor F1 F2 F3 Fa
1 SNF1,1 SNF21 SNF31 SNFa41
2 SNF1,2 SNF2,2 SNF32 SNFa,
3 SNF13 SNF23 SNF33 SNF43
4 SNF1.4 SNF2.4 SNF3.4 SNF4.4
A A1 A2 A3 A4

Note. The response table for signal-to-noise (SN) ratios is constructed using the Taguchi method. The data are from
“System of experimental design” (Vol. 1) by G. Taguchi, 1988, UNIPUB/Kraus International
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The SNF is computed by calculating the average value of the SN value shown in
Table 3. For illustration, the equation for F3 is calculated below:

SN1 + SN6 + SN11 + SN16

SNF3’1 = 4 (5)
SN2 + SN5 + SN12 + SN15

SNF3’2 = 4 (6)
SN3 + SN8 + SN9 + SN14

SNF3‘3 = 4 (7)
SN4 + SN7 + SN10 + SN13

SNP3,4 = (8)

4

At factor 3, to calculate the value of Level 1, which means SNrz1 is calculated by the
average of the whole SN value of Level 1. The other SNr values are computed in the same way.
The A is calculated by subtracting the highest SNr value and the lowest SNr value.

3. Convolutional neural networks preparation
3.1 Data seting

The SDNET2018 (Dorafshan & Maguire, 2017) dataset is a significant resource for
training, validating, and benchmarking artificial intelligence-based crack detection algorithms
for concrete. It comprises over 56,000 images of cracked and non-cracked concrete bridge decks
(Figure 1), walls (Figure 3), and pavements (Figure 2), with cracks ranging in width from
0.06mm to 25mm. The dataset also includes images with various obstructions, such as shadows,
surface roughness, and background debris. This resource will be beneficial for the ongoing
development of deep-learning convolutional neural networks for concrete crack detection,
which is an area of active research in the field of structural health monitoring. The dataset was
created by capturing 230 images of cracked and non-cracked concrete surfaces using a 16MP
Nikon digital camera. The bridge decks were located at the Utah State University (USU)
Systems, Materials, and Structural Health (SMASH) Laboratory, while the inspected walls
belonged to the Russell/Wanlass Performance Hall building on the USU campus. The pavement
images were acquired from the roads and sidewalks on the USU campus. Each image was
segmented into 256 x 256px sub-images, and each sub-image was labeled as “cracked” if there
was a crack in the sub-image or “on-cracked” if there was no crack.

In the specifics of the datasets, it is acknowledged that the positive class comprises 8,484
images, while the remaining datasets consist of the negative class. A substantial disparity exists
between the two classes in terms of quantity. To guarantee the fairness and impartiality of the
model, this study aims to rectify the data distribution to achieve a balanced quantity. From the
47,609 images in the negative class, 8,484 images are randomly selected for the non-cracked
class. After normalizing the datasets for both classes, we divided them into training, validation,
and test sets, allocating 0.2 to testing and 0.8 to training.
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Figure 1

Sample Images of Cracked (Upper Row) and Non-cracked (Lower Row) Concrete Bridge Decks
from the SDNET2018 Dataset Sample Images of Cracked (Upper Row) and Non-cracked
(Lower Row) Concrete Bridge Decks from the SDNET2018 Dataset

Note. The dataset images have a resolution of 256 x 256 pixels. The data are from “Bridge Inspection: Human
Performance, Emerging Technologies and Robotics,” by S. Dorafshan and M. Maguire, 2017, Journal of Bridge
Engineering, 22(9), p. 15. Copyright 2017 by American Society of Civil Engineers.

Figure 2
Sample Images of Cracked (Upper Row) and Non-cracked (Lower Row) Concrete Pavements

Note. The dataset images have a resolution of 256 x 256 pixels. The data are from “Bridge Inspection: Human
Performance, Emerging Technologies and Robotics,” by S. Dorafshan and M. Maguire, 2017, Journal of Bridge
Engineering, 22(9), p. 15. Copyright 2017 by American Society of Civil Engineers.
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Figure 3
Sample Images of Cracked (Upper Row) and Non-cracked (Lower Row) Concrete Walls

A

Note. The dataset images have a resolution of 256 x 256 pixels. The data are from “Bridge Inspection: Human
Performance, Emerging Technologies and Robotics,” by S. Dorafshan and M. Maguire, 2017, Journal of Bridge
Engineering, 22(9), p. 15. Copyright 2017 by American Society of Civil Engineers.

3.2. Convolutional neural network architecture

In recent years, machine learning and deep learning have become widely used terms in
artificial intelligence. These methods have proven to be more effective in dealing with complex
problems compared to traditional approaches. In a neural network, each layer’s output results
from matrix operations involving the previous layer’s output, learnable weights unique to that
layer, trainable biases, and activation functions that introduce nonlinearities essential for
network performance optimization.

The output layer represents the final frontier where data processing culminates. Here,
data is examined to yield probability scores crucial for subsequent classification tasks. It is
common practice for these probabilities to undergo evaluation through a logistic function,
thereby facilitating precise data classification and decision-making processes based on the
network’s learned representations.

In Neural Networks (NNSs), the training process involves two distinct but complementary
stages: feedforward and backpropagation. During feedforward, the input data propagates
through the network’s layers, with each layer applying a linear transformation followed by a
non-linear activation function. The output of the final layer is then compared to the desired target
value using a loss function, which quantifies the model’s prediction error. Backpropagation
leverages this error signal to update the network’s internal parameters, namely the weights and
biases associated with each connection. By calculating the gradients of the loss function
concerning these parameters, the algorithm determines their contribution to the overall error.
These gradients are subsequently used to adjust the weights and biases in a direction that
minimizes the loss function. Through the iterative application of feedforward and
backpropagation over a training dataset, the neural network progressively refines its internal
representation and enhances its ability to map input data to the desired output.

This case study shows two nodes of the output for the classification problem, with one
of them representing the crack class and the other representing the non-crack class.
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The convolutional layer serves as a fundamental building block within Convolutional
Neural Networks (CNNSs). It encompasses essential components, including filters and feature
maps, designed to process image data effectively. These images are represented as 3D matrices,
with dimensions corresponding to height, width, and depth. Specifically, the depth dimension
corresponds to the color channels Red, Green, and Blue (RGB) in an image. To extract
meaningful features from these images, a crucial element known as a feature detector, often
referred to as a kernel or filter, operates within the convolutional layer. By analyzing pixel
values, this feature detector identifies relevant patterns, thereby contributing significantly to the
overall success of CNNSs in image recognition tasks.

In contrast to the process of updating the weight and bias parameters during
backpropagation and gradient descent in the training phase, certain convolutional-layer
parameters, known as hyperparameters, are adjusted to modify the output volume size and the
information-extraction method.

The number of filters or kernels influences the creation of the feature map and
determines the depth of the feature map.

The stride, or the step size of the kernel, is responsible for moving the kernel across the
image to acquire the pixel values for multiplication. Typically, the stride is set to one, as a larger
step results in a smaller output size.

Padding is used to maintain the size of the input image during the convolution process.
There are three types of padding: valid padding is rarely used; same padding is the most
commonly employed method to ensure the output size matches the input size by adding a zero
matrix beforehand; and full padding is used when increasing the output size.

Over many years, there has been a lot of development in the deep-learning field based
on the fundamentals of published architecture. Those who deeply supported the selection of the
hyperparameters instead of hand-tuning the structure of the CNN architecture.

3.2.1. AlexNet

AlexNet was first introduced as the champion of the ImageNet Large Scale Visual
Recognition Challenge in 2012 by Krizhevsky et al. (2012). The model consists of five layers
combined with a max pooling layer and relies on activation for each layer except the output layer.

3.2.2.VGG16

Developed by the Visual Geometry Group at the University of Oxford, VGG16 stands
as a convolutional neural network (CNN) architected specifically for image classification tasks.
Notably, VGG16 leverages a significant parameter count, reaching approximately 138 million.
To achieve its functionality, the network employs a series of 3 x 3 filters with matching stride
and padding configurations. This approach contrasts with the utilization of a large number of
hyperparameters, opting instead for a more regularized architecture. In this study, pre-trained
weights from ImageNet were utilized for all network architectures to accelerate convergence.

3.2.3. Resnet50

The ResNet model, an acronym for Residual Network, was initially proposed in 2015 by
researchers He et al. (2016). This model has gained widespread recognition in the field of image
classification and computer vision. The ResNet50 variant was constructed based on the
foundational principles of the ResNet34 architecture. A key innovation of the ResNet model is
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the incorporation of shortcut connections, which enable the addition of more convolutional
layers without exacerbating the issue of gradient vanishing. This feature significantly enhances
the c learning capability and overall performance.

3.2.4. Densnet121

The Densely Connected Convolutional Network (DenseNet) architecture, introduced by
Huang et al. (2018), stands out for its approach to feature propagation within convolutional
neural networks (CNNs). Unlike traditional CNNs that utilize a sequential flow of information
between layers, DenseNet employs a strategy of dense connectivity. This translates to each layer
receiving not only the original input but also the feature maps generated by all preceding layers
in a feed-forward manner. This approach fosters feature reuse and facilitates efficient parameter
sharing across the network. Consequently, DenseNet-121, a specific variant within the
DenseNet family, achieves comparable performance to deeper networks while maintaining a
smaller parameter footprint.

3.3. Optimizer

The computation of model losses is a complex procedure, particularly when dealing with
models that encompass thousands to millions of parameters that need to be
updating. Optimizers are algorithmic solutions designed to modify various attributes such as
weights, bias, or the learning rate, intending to minimize the model’s losses. The majority of
these optimizers are grounded in the principle of gradient descent, which is commonly employed
in linear regression and classification algorithms. The process of backpropagation facilitates the
transfer of losses from one layer to another within the model, and the subsequent update of
parameters is contingent upon these losses. In this case of the current study, 04 levels of
optimizer are applied: Adaptive Gradient (AdaGard), Root Mean Square Propagation (RMS),
Stochastic Gradient Descent (SGD), and Adaptive Moment Estimation (ADAM).

3.4. Loss function

In the area of machine learning, loss functions, also known as error functions, serve as
pivotal tools for evaluating the efficacy of trained models on a given dataset. These functions
play a crucial role in both classification and regression tasks. Mathematically, loss functions are
constructed to quantify the discrepancy between the predicted outputs of a model and the
corresponding ground truth values. This gquantification is typically achieved by calculating a
distance or error metric between the two sets of values. By minimizing the loss function during
the training process, the learning algorithm is effectively guided toward parameter adjustments
that optimize model performance and enhance its predictive accuracy. Consequently, the loss
function serves as a cornerstone for model training, providing essential feedback that drives the
learning process toward convergence.

A variety of loss functions have been formulated to cater to specific objectives. For
fundamental machine learning tasks, efficient loss functions such as mean squared error
(MSE) and mean absolute error (MAE) have been developed, which are predominantly applied
to regression problems. In this case of study, the MSE is the selection for testing. In the context
of classification problems, binary entropy is typically employed for models with two classes,
while categorical cross-entropy is commonly used for multi-class classification. Generally,
entropy serves as a measure of the probability distribution, indicating the most suitable class for
the data. An additional loss function utilized in model testing is the Kullback-Leibler (KL)
divergence. This concept is grounded in a theoretical framework that contrasts the information
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encapsulated in two distinct probability distributions. The KL divergence incorporates certain
probabilistic parameters, such as the mean and variance, to characterize the distribution of
random variables dispersing within a specified latent space. This function provides a
quantitative measure of the divergence between the actual and predicted probability
distributions, thereby facilitating the evaluation of model performance.

3.5. Confusion matrix

Following the training process, a confusion matrix serves as a valuable tool for
evaluating the performance of a classification model. This matrix provides a clear visualization
of the model’s prediction outcomes compared to the actual ground truth labels. By analyzing
the distribution of values within the confusion matrix, key performance metrics can be readily
calculated. These metrics include precision, recall, accuracy, and F1-score, which offer insights
into the model’s ability to correctly identify true positives, true negatives, false positives, and
false negatives. Through this comprehensive analysis, the confusion matrix facilitates the
identification of the model’s strengths and weaknesses, enabling targeted improvements during
the model development process.

- True Positive (TP): Model correctly predicted the positive class.
- True Negative (TN): Model correctly predicted the negative class.
- False Positive (FP): Model incorrectly predicted the positive class.

False Negative (FN): Model incorrectly predicted the negative class.

TP + TN

= 9
Accuracy =5 U IN 1 FP + FN ®©)
TP
. . - - 10
Precision TP T FP (10)
TP
_ 11
Recall TP T FN (12)

1 P Precision X Recall (12)
score = Precision + Recall

3.6. Platform of trainingzW

In this study, all experiments will be performed using the 15000H Intel series chip
hardware. The networks will be utilized from the powerful framework Tensorflow version
12.4.0 library.

3.7. Proposed experimental setup

To apply the Taguchi L16 orthogonal array defined in section 2 to our crack detection
problem, we parameterize the CNN architectures, optimizers, learning rates, and loss functions as
the four control factors. Due to computational hardware constraints and the objective of rapidly
screening for the best hyperparameter combinations, each configuration was evaluated once for
10 epochs. This setup is sufficient for OAT to identify the relative effectiveness of the factors
before dedicating resources to extensive training. Although repeated runs were not conducted, the
inherent ability of the OAT method to evaluate the impact of each hyperparameter independently
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through the Signal-to-Noise (SN) ratio analysis ensures that the identified optimal combination is
a statistically driven selection rather than a result of random chance.

Table 5
Factor-Level of Convolutional Neural Network

F1 F2 F3 F4
L Arch Opt Learning rate Loss function
1 AlexNet AdaGrad 0.0001 binary_crossentropy
2 VGG16 RMS 0.001 KL_Divergence
3 ResNet50 SGD 0.01 MSE
4 DenseNet121 ADAM 0.1 categorical entropy

Note. The factors and levels for the CNN model optimization are selected based on common architectural standards
and hyperparameter tuning practices. The researcher’s data analysis

4. Results

In this section, following the Orthogonal Array theory, this study set up the four factors
and four levels to run the analysis shown in Table 5.

In this scholarly investigation, the arrangement of factors and levels was facilitated by
the Orthogonal Array (P4.L4). Excluding the optimizer, the loss function was proposed as a
recommendation. Furthermore, four distinct levels of the learning rate were employed in this
particular study, namely: 0.0001, 0.001, 0.01, and 0.1. In all experiments, the batch size was set
at 128 to reduce the resources required for training, which was conducted for 10 epochs.

Initially, this research was conducted to ascertain the factor that would exert the most
significant influence on the model. This was achieved by utilizing the Taguchi Method Design
of Experiments, as depicted in Table 6. The indices of the confusion matrix were employed,
where Tij represent individual trials. The outcomes of the experiment were evaluated using the
Signal-to-Noise (SN) ratio, as illustrated in Table 7. Data for analysis via Table 8 presents the
ranking of factors that yield the most optimal impact on the model. In this instance, the loss
function appears to be the most critical hyperparameter in the CNN model.

In practice, the selection of the loss function is contingent upon numerous aspects, such
as the problem presented in the model. In addition to this, the architecture is also a significant
hyperparameter that influences the model’s results. These are being published and developed at
an accelerated pace on a daily basis.

Table 5
SN Ratio Results

Run 1 2 3 4 5 6 7 8
SN 3.803 3806 0.305 7.217 -1.539 25.074 24.634 11.136
Run 9 10 11 12 13 14 15 16

SN 2113 4224 3.625  4.757 25.074 11.847 0.224 11.521

Note. The Signal-to-Noise (SN) ratios were calculated using the ‘Larger-is-better’ quality characteristic to optimize
model accuracy. Data analysis result of the research
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Table 6
Experimental Analysis of CNNs

Run Factor 1 Factor 2 Factor 3 Factor 4 Accuracy Precision Recall F1 score Loss
1 1 1 1 1 0.500 0.624 0.502 0.340 0.693
2 1 2 2 2 0.498 0.249 0.500 0.332 0.693
3 1 3 3 3 0.520 0.559 0.522 0.432 0.432
4 1 4 4 4 0.498 0.249 0.249 0.332 1.027
5 2 1 2 3 0.498 0.249 0.500 0.332 0.375
6 2 2 1 4 0.502 0.251 0.500 0.334 8.021
7 2 3 4 1 0.502 0.251 0.500 0.334 7.625
8 2 4 3 2 0.498 0.249 0.500 0.332 1.612
9 3 1 3 4 0.688 0.794 0.788 0.787 0.570
10 3 2 4 3 0.510 0.755 0.608 0.543 0.275
11 3 3 1 2 0.624 0.641 0.623 0.611 0.679
12 3 4 2 1 0.774 0.779 0.773 0.773 0.773
13 4 1 4 2 0.502 0.251 0.500 0.334 8.021
14 4 2 3 1 0.539 0.539 0.539 0.539 1.749
15 4 3 2 4 0.802 0.820 0.802 0.799 0.459
16 4 4 1 3 0.847 0.847 0.847 0.847 0.119

Note. The experimental results for each run are obtained from the training and validation processes using the SDNET2018 dataset. Accuracy, Precision, Recall, and F; score are
reported as mean values. Data analysis result of the research



90 Tran Duc Manh. HCMCOUJS-Advances in Computational Structures, 16(1), 76-94

Table 7
Ranking of Factor
Level/Factor 1 2 3 4

1 3.630 7.363 5.245 11.260
2 14.826 9.126 1.812 10.910
3 1.568 7.044 6.198 -4.397
4 6.406 2.897 13.175 8.657
A 13.259 6.229 11.364 15.657

Note. The response table for SN ratios is used to identify the relative importance of each factor. A is calculated as the
difference between the maximum and minimum average SN values for each factor. Data analysis result of the research

Table 9
Range Analysis of CNN
Row no Factor 1 Factor 2  Factor 3 Factor 4 Accuracy

1 AlexNet AdaGrad  0.0001 binary_crossentropy 0.500
2 AlexNet RMS 0.001 kl_divergence 0.498
3 AlexNet SGD 0.01 MSE 0.520
4 AlexNet ADAM 0.1 categorical entropy 0.498
5 VGG16 AdaGrad 0.001 MSE 0.498
6 VGG16 RMS 0.0001 categorical entropy 0.502
7 VGG16 SGD 0.1 binary_crossentropy 0.502
8 VGG16 ADAM 0.01 kl_divergence 0.498
9 ResNet50 AdaGrad 0.01 categorical entropy 0.688
10 ResNet50 RMS 0.1 MSE 0.510
11 ResNet50 SGD 0.0001 kl_divergence 0.624
12 ResNet50 ADAM 0.001 binary_crossentropy 0.774
13 DenseNet121 AdaGrad 0.1 kl_divergence 0.502
14 DenseNet121 RMS 0.01 binary_crossentropy 0.539
15 DenseNet121 SGD 0.001 categorical entropy 0.802
16 DenseNet121 ADAM 0.0001 MSE 0.847

Alvl 0.504 0.547 0.618 0.579
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Row no Factor 1 Factor 2  Factor 3 Factor 4 Accuracy

Alv2 0.500 0.512 0.590 0.530
Alv3 0.649 0.612 0.561 0.593
Alv4 0.673 0.654 0.503 0.623
Lowest Acc 0.500 0.512 0.503 0.530
Highest Acc 0.673 0.654 0.618 0.623
Range 0.173 0.142 0.115 0.092

Importance Factor4>  Factor 1> Factor 3 > Factor 2

Best level Level 4 Level 4 Level 2 Level 4

Optimal value DenseNetl21 ADAM 0.001 categorical entropy 0.823

Note. Range analysis results indicate that Factor 4 (Loss Function) has the most significant impact on model accuracy
with a range value of 0.173, followed by Factor 1, Factor 3, and Factor 2. Data analysis result of the research

The OAT approach was employed to execute these with an index of around 0.5. This
suggests that the selected factors did not contribute to the model’s performance.

According to the ANOVA and Tukey test method proposed by Study 4, the results
demonstrated a satisfactory performance with an accuracy of 0.811. Nevertheless, the drawback
of this method was discovered to be overfitting. Initially, the accuracy showed a considerable
divergence, as depicted in Table 9. Regrettably, the disparitsy between the training and testing
groups became more pronounced. Additionally, the loss index exhibited noteworthy
improvement around epochs 3 and 5, but it still fell short of the desired outcome. It should be
noted that this method solely focused on two types of hyperparameters, thereby limiting the
ability to control the learning rate or loss function.

The performance of the newly proposed OAT method, as illustrated in Figure 7, achieved
an accuracy of 0.823, surpassing that of the ANOVA method. Initially, the loss value was high,
but after three epochs of training and updating, both the loss and accuracy were significantly
improved. The enhanced OAT method outperforms the previously recommended OAT method
in Study 2 due to its efficient utilization of pre-trained or verified architectures. Compared to
the ANOVA and Tukey test methods, the OAT method has the same number of hyperparameters
for combination. However, the OAT method effectively addresses overfitting issues by actively
selecting the learning rate factor, which is the primary reason for the model's initial loss but its
subsequent improvement after 10 epochs.

While the absolute accuracy improvement from 0.811 (ANOVA method) to 0.823
(proposed OAT method) may appear modest, its practical significance for Structural Health
Monitoring (SHM) is substantial. The proposed framework achieves this competitive accuracy
while drastically reducing the computational overhead (requiring only 16 runs compared to 90
runs in ANOVA or 256 in a full grid search) and effectively mitigating overfitting. However,
the absence of repeated runs for comprehensive statistical analysis (e.g., confidence intervals)
remains a limitation of this current screening phase, which will be addressed in future studies to
further validate the statistical meaningfulness of the hyperparameter rankings.
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Figure 4
Training Accuracy and Loss Results over 10 Epochs Using the OAT Method Proposed
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Note. The training process follows the orthogonal array tuning (OAT) method to optimize deep neural network
hyperparameters. The data are from “Deep neural network hyperparameter optimization with orthogonal array
tuning” by X., Zhang, X., Chen, L., Yao, C., Ge, and M. Dong, 2019. arXiv. (https://arxiv.org/abs/1907.13359)

Figure 5
Training Accuracy and Loss Results over 10 Epochs Using the Anova and Tukey Test Method
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Note. The comparative training and loss results were evaluated using analysis of variance (ANOVA) and Tukey’s
test. The data are from “A statistical approach to hyperparameter tuning of deep learning for construction machine
classification” by A. L. C. Ottoni, M. S. Novo, and M. S. Oliveira, 2023, Arabian Journal for Science and
Engineering, 49(1), p. 5

Figure 6

Training Accuracy and Loss Results over 10 Epochs Optimized by our Proposed Orthogonal
Array Tuning (OAT) Method
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Note. The training and loss performance metrics were optimized using the Orthogonal Array Tuning (OAT)
framework in this study. Data analysis result of the research
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5. Conclusion

This study applies an efficient approach to enhance the computational performance of
CNN models for SHM applications. The method leverages the OAT framework in conjunction
with hyperparameter tuning. Traditionally, an exhaustive grid search would necessitate 44 = 256
unique combinations. The OAT method, inspired by Taguchi’s Method, significantly reduces
this computational burden by identifying a strategically chosen subset of 16 combinations. This
reduction translates to a significant decrease in training resources. The efficacy of this approach
is validated through testing on the SDNET2018 dataset. These initial evaluations demonstrate
promising performance while minimizing training costs. As CNNs are often regarded as a “black
box”, it is essential to employ a systematic method for selecting hyperparameters to ensure
efficiency in SHM fields. The successful application of the OAT framework across different
CNN architectures suggests that this systematic tuning approach is generalizable. It can be
adapted to various image-based detection tasks in civil engineering, providing a reliable balance
between model performance and computational economy.
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