ﬁ Sensors

Article

A Lightweight and Efficient Method of Structural Damage
Detection Using Stochastic Configuration Network

Yuanming Lu !, Di Wang *, Die Liu 2 and Xianyi Yang 2

check for
updates

Citation: Lu, Y.; Wang, D.; Liu, D.;
Yang, X. A Lightweight and Efficient
Method of Structural Damage
Detection Using Stochastic
Configuration Network. Sensors 2023,
23,9146. https://doi.org/10.3390/
523229146

Academic Editor: Luca De Marchi

Received: 11 September 2023
Revised: 9 November 2023
Accepted: 10 November 2023
Published: 13 November 2023

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

School of Information Science and Engineering, Chonggqing Jiaotong University, Chongqing 400074, China;
diaodiaolu@gmail.com

School of Civil Engineering, Chongqing Jiaotong University, Chongqing 400074, China;
liudie111@163.com (D.L.); xianyi@yahoo.com (X.Y.)

*  Correspondence: diwang@cgjtu.edu.cn

Abstract: With the advancement of neural networks, more and more neural networks are being
applied to structural health monitoring systems (SHMSs). When an SHMS requires the integration of
numerous neural networks, high-performance and low-latency networks are favored. This paper
focuses on damage detection based on vibration signals. In contrast to traditional neural network
approaches, this study utilizes a stochastic configuration network (SCN). An SCN is an incrementally
learning network that randomly configures appropriate neurons based on data and errors. It is an
emerging neural network that does not require predefined network structures and is not based on
gradient descent. While SCNs dynamically define the network structure, they essentially function
as fully connected neural networks that fail to capture the temporal properties of monitoring data
effectively. Moreover, they suffer from inference time and computational cost issues. To enable
faster and more accurate operation within the monitoring system, this paper introduces a stochastic
convolutional feature extraction approach that does not rely on backpropagation. Additionally, a
random node deletion algorithm is proposed to automatically prune redundant neurons in SCNs,
addressing the issue of network node redundancy. Experimental results demonstrate that the feature
extraction method improves accuracy by 30% compared to the original SCN, and the random node
deletion algorithm removes approximately 10% of neurons.

Keywords: sensors; multi-sensors; stochastic configuration networks; structural health monitoring;
convolutional neural network; neural network pruning

1. Introduction

In engineering structures, structural damage represents an intrinsic impairment,
shaped by both environmental and mechanical factors, with the potential to spread in-
ternally. This type of damage accelerates the aging process and diminishes the intended
design lifespan of the structure, highlighting the pivotal importance of diligent monitoring.
In the field of structural health monitoring (SHM), monitoring techniques have evolved
from visual inspection to more advanced methods for structural health monitoring and
damage detection. Various technologies have been developed for the detection, localization,
and quantification of damage in structures [1-3]. Among them, vibration-based damage
detection techniques have been extensively researched and successfully applied. These tech-
niques assess damage in structures by recording and analyzing their vibration responses,
enabling informed decisions regarding structural health [4]. Over the course of several
decades, significant advancements have been achieved in this field [5-7]. The principle of
vibration-based damage detection is based on observing changes in the vibration response
characteristics of structures when subjected to external excitation. By employing suitable
sensors to record the structural vibration data and applying signal processing and pattern
recognition techniques, potential damage within the structure can be detected.
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Damage refers to changes in the geometric shape or material properties of a structure,
which have adverse effects on its performance, safety, reliability, and service life [8]. Unlike
complete failure, damage refers to the deterioration of structural functionality, resulting
in a decrease in performance [9,10]. If left untreated, damage accumulates gradually and
eventually leads to structural failure. The type of damage determines the mode of failure,
some of which develop gradually, while others occur suddenly [11]. For instance, damage
caused by corrosion or fatigue typically develops slowly, whereas destruction resulting
from earthquakes or fires may lead to rapid failure [12]. This difference is attributed to
variations in the mode of action and the extent of impact of different types of damage.

In order to monitor the structural health condition, it is necessary to deploy a mon-
itoring system on the monitored object. SHM systems have been applied in various
engineering fields, such as mechanical and civil engineering [13-15]. The monitoring sys-
tem conducts long-term measurements on the monitored object itself and its surrounding
environment [16] and analyzes the data collected by sensors to locate, identify, and quantify
damage [17]. A typical damage identification system is illustrated in Figure 1. A number
of sensors are installed on the monitored object, with different sensors serving different
purposes. For example, some are used for monitoring the vehicle load [18], while others
are used for anomaly detection [19]. The monitored object can be a bridge, tunnel, building,
mechanical equipment, etc. The sensors include vibration sensors, acceleration sensors,
pressure sensors, temperature sensors, and so on. These sensors collect relevant data
from the object under investigation, and, after undergoing operations such as data storage,
transmission, and management by the data system, the data are sent to the control center.
The control center performs relevant analysis using algorithms on the processed structured
data [20].
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Figure 1. Structure diagram of damage detection systems.

With the advancement of sensor technology and machine learning techniques, data-
driven monitoring methods have gained considerable attention. The development of
sensors has enabled the collection of large amounts of real-time monitoring data, while ma-
chine learning techniques have provided various neural network algorithms. Leveraging
machine learning, these monitoring methods can extract features from extensive real-time
monitoring data and accomplish the immediate assessment and monitoring of engineering
structure conditions. These methods not only automate the monitoring process, improving
its accuracy and reliability, but also provide timely alerts and warnings, assisting engineers
in taking appropriate maintenance and repair measures to ensure structural safety and
reliability. A large number of traditional machine learning methods have been applied
to structural health monitoring [21]. Traditional machine-learning-based identification
methods mainly included support vector machines [22], neural networks [23,24], cluster-
ing [25,26], and principal component analysis [27]. However, these methods still rely on
manual feature extraction, although they alleviate the issue of low monitoring efficiency.

In recent years, deep learning has rapidly developed, and various deep learning meth-
ods have been introduced into structural damage identification, alleviating the inefficiency
of traditional machine learning methods in feature extraction [28]. Among these methods,
convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have been
widely used [29-31]. Some researchers have combined CNNs and RNNs to capture the
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spatio-temporal features of monitoring data [32,33]. Furthermore, to enhance the atten-
tion of the model to the relationships among sensors, attention mechanisms have been
introduced by some researchers [34].

Although deep-learning-based methods have improved the accuracy of damage de-
tection, these methods overlook the operational efficiency of the entire monitoring system.
In a monitoring system, numerous algorithms are integrated, and some algorithms are
deployed on embedded devices with limited computational capabilities, posing significant
challenges to algorithm efficiency. In addition to neglecting monitoring efficiency, the defini-
tion of neural network structures is subjective, experience-dependent, and static. Typically,
a fixed network structure is defined in advance and trained on fixed data. This approach
presents some issues. If the network is defined too complexly, there is a risk of overfitting
and wastage of computational resources. Conversely, if the network is defined too simply,
there is a risk of underfitting. For different monitoring tasks, traditional neural networks
require different structure definitions based on past experience. Once a network is defined,
its structure is generally not subject to alteration, and a static network configuration may
not be suitable for monitoring dynamic changes in data.

Data randomization learning is a fast modeling method. Pao et al. proposed a random
vector functional link network (RVFL) [35], but the RVFL does not have universal approxi-
mation capabilities in certain cases [36,37]. To address this limitation, Wang et al proposed
a stochastic configuration network (SCN) [38], which is an emerging incremental learning
method that dynamically increases network nodes based on previous errors and data. With
the introduction of the SCN, several outstanding studies related to SCNs have gradually
emerged. The strategy of “block learning” was introduced from the perspective of parallel
learning by Dai et al. [39], which accelerated the training process of the SCN. Zhao et al. [40]
introduced the chaotic sparrow algorithm to search for suitable hyperparameters, making
the training process of SCNs more stable. Liu et al. [41] utilized statistical characteristics of
vibration signals as inputs for the SCN, enabling the diagnosis of mechanical equipment
faults. Li et al. [42] combined convolution with an SCN to automatically grade vegetables
and fruits.

In terms of the dynamic nature of the structure, a randomly configured network can
alleviate the shortcomings of previous methods in dynamic environments. However, due
to its inherent nature as a fully connected neural network and the insufficient updating of
network nodes compared to gradient descent, it still has its drawbacks. Firstly, in relation
to the monitoring task, its input format is not user-friendly as it requires data inputs to
be one-dimensional vectors. In practical scenarios, multiple sensors [18,32,43] are often
deployed on the monitored object, resulting in the majority of monitoring data being two-
dimensional matrices. If these matrices are directly converted into one-dimensional vectors
and fed into the SCN, it can lead to loss of internal information within the data, resulting
in a degraded performance of the SCN. Secondly, there are redundant nodes within the
network. These extra nodes increase the number of network parameters and slow down
the inference speed, which is unfavorable for monitoring systems.

To address the first issue, inspired by extreme learning machines (ELMs) [44] and
random convolutional kernel transform (Rocket) [45], a feature extraction method based
on random mapping is proposed. Specifically, a large number of random convolutional
kernels are employed to extract features, which are independent of the backpropagation
algorithm, and the parameters of the convolutional kernels are not updated. The extracted
features serve as mappings in a high-dimensional space and are then fed into the SCN
for recognition. To tackle the second issue, this paper presents a random node deletion
algorithm that can prune redundant neurons in the SCN. Through simulation analysis,
the effectiveness of the proposed algorithm is verified. Specifically, the feature extraction
method proposed in this paper is capable of achieving a 30% performance enhancement
for the SCN on two monitoring datasets, thereby addressing the inherent deficiency of the
SCN in handling temporal data. The node pruning algorithm introduced in this paper can
remove 10% of neurons within an acceptable margin of error.



Sensors 2023, 23,9146

4 0f 23

2. Methods

In the context of structural health monitoring systems, a multitude of monitoring
models are deployed, necessitating consideration not only of the accuracy of these models
in monitoring tasks but also of their inferential speed. Some neural-network-based models,
such as recurrent neural networks [46], while capable of accurately predicting time series
monitoring data, exhibit a large number of parameters and require the manual predefinition
of network architecture based on prior experience. Defining a conventional neural network
that is too large results in a wasteful allocation of computational resources, whereas defining
one that is too small fails to meet the performance requirements. In contrast, SCNs represent
an incremental neural network approach wherein the network structure does not require
manual definition but is generated on-the-fly during the training process.

2.1. Review of SCN

The SCN is a neural network that has emerged in recent years that differs from
traditional gradient-based neural networks. It does not rely on gradient descent algorithms
and instead incrementally constructs the network structure by randomly configuring
suitable network nodes. The specific structure is depicted in the accompanying Figure 2.
The nodes in the intermediate hidden layer are incrementally constructed, starting with
the generation of the first node, followed by the second node, and so on until the N-
th node is generated. The solid lines represent already configured neurons, while the
dashed lines represent yet-to-be-configured and generated neurons. In the following
review, the main aspects of SCNs will be revisited and summarized. First, the general
approximation properties of an SCN will be introduced. Given a target function f : RY —
R™, suppose that a network has been configured with L — 1 hidden nodes, denoted as
frr = X Br®i(wlx +b) (L = 1,2,...; fo = 0), where B = [B11,B12,-- -, Brm]” and
P (wlTx + b;) is the activation function of the I-th node. The residual error is defined as

& 1=f—fi1= [ef—l,lr-“/ez—l,m]-

Hidden layer

Input layer

utput layer

Figure 2. Structure diagram of stochastic configuration network.

LetT = {®Pq, Oy, D3, ... } be the set of real-valued functions and span(T’) be the space
spanned by I'. L, (D) represents all Lebesgue measurable functions f = [f1, f2,..., fm] :
RY — R™ defined on D C R?. The L, norm is defined as

I = (3 [ o) P 0
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The inner product of f and 0 = [01,65,...,0y] is defined as
m m
(f.0) = Z<fq,9q> = Z /qu(x)Gq(x)dx. 2)
q=1 g=1

Suppose that span(T’) is dense in the L, space and holds for @ € I',0 < ||®| < bg.
Given the inequality 0 < r < 1, as well as a non-negative sequence {y} with limit
limp ,, =0and yp < (1-7),forL =1,2,3,..., define §; = 231:1 OLg 0Ly = (1—1—
pe)ller—1,4|- If the random basis functions satisfy the inequality

<eL71,q/ (DL>2 = bé(sL,qr q= 1/ 2/ s, m, (3)

and the output weights of the hidden layer are

L
B =[B1 B2 -.., prL] = argming||f — ;ﬁj@j||f )
j=
then limy || f — fr|| = 0. After the introduction of the universal approximation property,

the subsequent section presents the generation process of an SCN. Consider a training
set consisting of N sample pairs {(x,,y,),n =1,2,...,N}, where x,, € RY, y, € R™. Let
X € RN*? and Y € RN*" represent the inputs and outputs, respectively, correspond-
ing to these N samples in the network. Furthermore, let ey _1(X) € RN*M denote the
residual error matrix, where each column ey _1(X) = [er_1,4(x1), ..., e1-1,4(xn)]T € RV,
g =1,2,...,m. The output vector of X at the L-th node, denoted on @y, is defined as

h(X) = [@(wlxy +br),..., ®(wlxy + b)) ®)

Then, the output matrix of the hidden layer in f; can be represented as Hy = [h;,
hy, .. .,hL]. Let

(e 1,4(X) - h(X))?
hl(X) - hp(X)

$rg = —(1-r- yL)e{_Lq(X)eL_l,q(X),q =12,....m (6)

be defined as an intermediate variable. Perform T},,x configurations on node &, selecting
the candidate node parameters that maximize ¢; = 231:1 GLq > 0 as the parameters for the
L-th node. Substitute the label matrix Y for the objective function in Equation (4), and then
calculate Equation (4) using the least squares method.

L
B= argminﬁHf — gﬁjqﬁjH = HtY. (7)
j=

Here, H™ represents the generalized inverse matrix of H. If the predicted results do
not meet the tolerance error or the number of nodes does not reach the predetermined
maximum number of nodes, the above operations are continued to generate new nodes.

As neural network node deletion is involved in this paper, the following formula is
provided for calculating the number of parameters in a single-hidden-layer fully connected
neural network. Assuming that the input layer has a dimension of I, the output layer has a
dimension of O, and the number of neurons in the intermediate hidden layer is L, with each
neuron having a bias term, the total number of parameters is denoted as P. The calculation
of the parameter of network count is given by

P=(I+0+1)L. ®)



Sensors 2023, 23,9146

6 of 23

In order to investigate the computational cost of the SCN, floating-point operations per
second (FLOPs) are introduced for a quantitative assessment of the SCN’s computational
performance. An SCN is fundamentally a single-hidden-layer fully connected neural
network with an activation function. The activation function employed in this study is
the Sigmoid activation function, expressed as 5(z) = nglw. Through straightforward

derivation, the SCN’s FLOPs can be represented as
FLOPs = (2L * (I 4+ O) +3L) * bs, )
where bs represents the batch size, denoting the number of input samples.

2.2. Feature Extraction Method Based on Randomly Parameterized Rectangular Convolution

The monitoring data for structural health monitoring can be defined using multivariate
time series from multiple sensors. In structural health monitoring, the focus is typically on
the state and performance of structures such as bridges and buildings. To obtain information
about the state of the structure, multiple sensors are commonly used to measure different
physical quantities, forming a monitoring dataset. For example, N acceleration sensors
may be used to collect signals at a frequency f for a duration of T, and these collected data
are combined to form a dataset based on acceleration signals. The input of the SCN is a
one-dimensional vector, while monitoring data are typically two-dimensional multivariate
time series data. If the monitoring data are directly flattened into a one-dimensional format
(as shown in Figure 3), the performance of the model trained on such data will be poor.
This is because flattening the data disrupts or even loses the information in the temporal
and channel domains. Therefore, a way needs to be found to ensure that the features of the
monitoring data can be effectively extracted.

Featurel

Sample

Feature2

MAANA AN A
| flatter> | inpu’>

FeatureN

Figure 3. Flattening of multivariate time series: dimension mixing and information loss.

An ELM [44] is a simple machine learning approach. Initially, the ELM randomly
initializes the input weights of the hidden layer. Then, it linearly maps the data using
these weights to a high-dimensional space. Finally, it updates the weights between the
hidden layer and the output layer using the least squares method. Rocket [45] is a simple
yet effective method for single-variable time series classification. Its basic idea is to use a
large number of randomly generated convolutional kernels to extract features from the
time series, which are then used for subsequent modeling tasks. Rocket argues that time
series data are not as complex as images or natural language, and therefore do not re-
quire complex neural networks or tedious training processes. Rocket has been validated on
single-variable time series data. However, the original Rocket method uses one-dimensional
convolutional kernels, which may not capture the channel-domain information effectively
for multivariate time series monitoring data. Inspired by ELMs and Rocket, this study
introduces a feature extraction approach based on random two-dimensional convolutional
kernels. Experimental results demonstrate that extending the one-dimensional kernels
in Rocket to two-dimensional kernels leads to performance improvements. Traditional
two-dimensional convolutions use square kernels with odd side lengths, which may be
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more suitable for images than monitoring data. Therefore, it is worth emphasizing that
this study selects random two-dimensional convolutional kernels that are more suitable
for monitoring data, with the width and height chosen from a given range of positive
integers. The experimental results also confirm the effectiveness of using random rect-
angular kernels. The feature generation methods based on Rocket, square convolutional
kernels, and rectangular convolutional kernels are illustrated in Figure 4. In all three
methods, the convolutional kernels move from left to right and from top to bottom, and the
features are selected by directly choosing the maximum value in the feature maps. The
forward figure of the entire framework is shown in Figure 5. Given a sample, features are
constructed using the approach depicted in Figure 4. N convolutional kernels are randomly
generated, with each kernel generating a feature. Thus, a sample corresponds to N features.
These features, generated through random convolutions, are used as inputs for the SCN.
For the hyperparameters of the convolutional kernel (kernel size, input-output channel
numbers, stride, padding, dilation factor, number of convolution groups, bias), a range
is given. In the experiments, the convolutional kernels are randomly generated based on
these specified ranges. The weight parameters of the convolutional kernels are initialized
randomly using the Kaiming uniform [47] method. The specific configurations of the random
convolutional kernels used in the experiments are provided below.

left to right;

AN MAN A~ SN g [ [ Feature(Maximum value)

[ ] feature map

umop 03 dn

left to right (a)

WWWM

AN~ MAN AN

feature map

umop 03 dn

Feature(Maximum value)

left to rightE (b)

ST R [ - - -

Feature(Maximum value)

umop 03 dn

feature map

(c)

Figure 4. Different styles of convolution kernel for random feature extraction. (a) One-dimensional
convolution kernel, (b) square convolution kernel, (c) rectangular convolution kernel.

G ith d Featurel

onv with random

Sample convl&Max pooling )
Featurez"' A

T N AN A AN AT e Conv with random |:l'> nEw

MANA A A~ conv2&Max pooling iR/

ooo

AN~ MMAN SN e
o

Conv with random :;
convN&Max pooling [

FeatureN .5

Figure 5. A framework for training SCN based on random convolution kernel.
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Specifically, the side length of the three convolution kernels is randomly determined
by selecting integers from 1 to 10, with each integer having an equal probability of selection.
The number of channels in the output feature map is set to 1. The stride, zero-padding,
and dilation factors are equally and randomly determined from integers within the range of
1 to 3. The bias of the convolution kernels is randomly drawn from a uniform distribution
between (—1,1). The weights are initialized using PyTorch, a deep learning framework’s
built-in weight initialization method. The input features of the SCN are represented by the
maximum values of the feature maps. The specific setting methods for parameters of the
convolution kernel are shown in Table 1.

Table 1. The range of values for convolutional kernel parameters.

Parameters 1 XK K x K K1 X K>
Kernel size randint [1, 10] randint [1, 10] randint [1, 10]
I/0O channels 1 1 1
Stride randint [1, 3] randint [1, 3] randint [1, 3]
Padding randint [1, 3] randint [1, 3] randint [1, 3]
Dilation randint [1, 3] randint [1, 3] randint [1, 3]
Groups 1 1 1
Bias u(—1,1) u(—1,1) u(-1,1)
Weight Kaiming uniform Kaiming uniform Kaiming uniform

2.3. Random Node Deletion Algorithm

Given a pre-trained SCN with L neurons, the node deletion problem can be considered
as an approximate dynamic programming problem. The original problem is defined
as follows: the accuracy of the network is maximized by deleting a certain number of
neurons. The state of this problem, referred to as states[n], represents the maximum
accuracy achieved by deleting n nodes from the total of L nodes. In other words, it is
necessary to compute the combination of nodes, calculate the accuracy for each combination,
and select 7 nodes from the L nodes for deletion, resulting in C}' possible combinations.
After the nodes are deleted, the accuracy of the network is calculated and the accuracies
are stored in a List. The state transition equation can be defined as follows:

states[n] = max(states[n — 1|, max(List)) (10)

The current state n represents the maximum accuracy achieved among all models
with 7 nodes removed, compared to the maximum accuracy achieved in the previous state.
However, due to the involvement of combinatorial calculations, the time complexity is
considerably high. To mitigate this, a randomized node deletion approach is employed
as an approximation, aiming to reduce the time cost. It is worth emphasizing that the n
removed nodes are deleted randomly, and the probability of removal is equal for each node
to be deleted.

An acceptable accuracy threshold, denoted as ¢, is set as the pruning criterion. In this
study, B is defined as € = a — 0.01, where « represents the accuracy of the original network.
This indicates that the accuracy of all pruned networks generated during the pruning
process is expected to be no more than 1% lower than the accuracy of the original network.

The following pseudo-code (Algorithm 1) presents the algorithm for node deletion:
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Algorithm 1. Node Random Pruning Algorithm.

Given the parameters to be deleted, W = [wy, ..., wr],b = [by, ..., bL],B = [B1, - BL],
where L is the number of node; the initial accuracy of the network, «; test data X, Y;

setting an acceptable accuracy € = a — 0.01; and the maximum number of nodes that
can be deleted, Ny;x = [0.2% L|.

1. Initialize states <— zeros(Npax + 1),states|0] < a,diclist < ]
2. Forn = 1To Ny, +1 Do

3. num = C},accuracy_and_indices <—{ },accuracy;ist <[ |

4. If num > 10000

5. num = 10000

6. For k = 1 To num Do

7. Randomly choice indices of n nodes from original nodes.

8. Remove the corresponding nodes from the original list
based on the indices of the nodes to be deleted.

9. W* =delete(W, indices)

10. b* =delete(b, indices)

11. B* =delete(B, indices)

12. Calculate the accuracy of the model after removing the nodes.

13. accuracy =accuracy_score(W*,b*, B*, X, Y)

14. If accuracy > €

15. accuracy_and_indices <—append{accuracy : indices}

16. accuracy_list <—append [accuracy]

17. End For (corresponds to Step 4)

18.  diclist <—append[accuracy_and_indices|

19.  states|n] =max(state[n — 1],max(accuracy_list))

20. End For (corresponds to Step 2)
21. Return states, diclist.

In the pseudo-code, the parameter “num” represents a hyperparameter that can be
appropriately adjusted as the problem scale increases. In addition to returning the ap-
proximate state matrix, the pseudo-code also returns a list that stores the model accuracy
and node indices. This list can be utilized to select an appropriate model based on the
stored data. For instance, in a monitoring environment with a high tolerance for errors,
models with a minimal number of parameters can be preferred. Conversely, in a monitor-
ing environment with a low tolerance for errors, models with relatively higher accuracy
are prioritized.

3. Explanation of Experimental Dataset

To validate the effectiveness of the proposed method in this paper, experiments will
be conducted using a scaled-down mode of the Heichonggou Extra Large Bridge located in
Yunnan, China (hereinafter referred to as the scaled-down mode) [32], as well as benchmark
public data [43]. The following section provides an overview of the basic information and
loading conditions of the data.

The scaled-down mode is divided into two halves, with the scaled-down mode (left
half) serving as the prototype for constructing a scaled-down mode. Figure 6a shows the
original image of the bridge, Figure 6b depicts a scaled image at a ratio of 20:1, and Figure 6¢
represents the scaled-down mode built in the laboratory. The basic structural parameters
of the bridge are as follows: the superstructure of the main bridge consists of three-span
prestressed concrete continuous rigid frame bridges with lengths of (98 + 180 + 98 m),
and the total length of the bridge is 397 m. The box girder adopts a single-box, single-cell
structure with vertical web plates. The top width of the box girder is 12.5 m, and the width
of the box is 6.5 m. To simulate the structural damage and deterioration of the prototype
of the Heichonggou Grand Bridge, excitation was applied at the mid-span position of the
scaled-down mode based on the stress characteristics of the bridge structure. During three
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different static loadings applied to the mid-span of the scaled-down mode, varying degrees
of cracks were observed in the structure. In the first excitation, a single transverse crack
with a width of 0.06 mm and a length of 14.3 cm appeared in the mid-span bottom plate of
the scaled-down mode after applying an external force of 2.889 KG. In the second excitation,
two transverse cracks formed in the mid-span bottom plate of the scaled-down mode after
applying an external force of 6.097 KG. The crack widths were measured to be in the range
of (0.11-0.13) mm and (0.02-0.04) mm, while the crack length remained the same. In the
third excitation, two transverse cracks in the mid-span bottom plate of the scaled-down
mode further developed. The crack widths increased to 0.12 mm and (0.06-0.08) mm,
respectively, while the crack length remained unchanged. The specific conditions for each
working condition are shown in Table 2.

490,00 ) 900,00 ) 490.00

430.00 190 340

25.00

(c)

Figure 6. Schematic diagram of the scaled-down model. (a) Real scene image of the bridge; (b) Actual

dimensions of the bridge; (c) Concrete model of the bridge scaled down to 1:20 ratio.

Table 2. Description of scaled-down bridge dataset damage states.

Case Descriptions
D1 No damage in the bridge structure.
D2 One crack with width of 0.06 mm.
D3 Two cracks in the mid-span of scale model with widths of (0.11-0.13) mm and (0.02-0.04) mm, respectively.
D4 Two cracks in the mid-span of scale model with widths of 0.12 mm and (0.06-0.08) mm, respectively.
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The second dataset used in this study is the IASC-ASCE benchmark finite element
model dataset. The structural damage scenarios of the model are denoted as D1, D2,
D3, D4, D5, D6, and D7, representing structural damage scenarios one to seven, respec-
tively. The corresponding details of each structural damage scenario are presented in the
Table 3 below.
Table 3. Description of IASC-ASCE benchmark finite element model dataset damage states.
Case Descriptions
D1 No damage.
D2 Remove all diagonal supports on the first floor.
D3 Remove all diagonal supports on the first and second floors.
D4 Remove one diagonal support on the first floor.
D5 Remove a diagonal support on the first and third floors.
D6 D4 + Weaken the left side of the 18 element (first layer beam element).
D7 Reserve 2/3 of an oblique support area on the first floor.

The IASC-ASCE benchmark finite element model consists of six different structural
damage scenarios and one initial structural condition. Each scenario is associated with
16 collected accelerometer data, with 8 sensors along the x-axis and 8 sensors along the
y-axis, distributed across a four-story frame structure. Each accelerometer is used to capture
the vibration signals of the model. Different structural damage states are simulated by
removing supporting units or loosening bolt connections within the structure.

As shown in Figure 7, the damage conditions for scenarios D2 to D7 are depicted,
with each damage scenario corresponding to the conditions listed in the table. The damaged
regions are highlighted with red circles and red dashed lines. Due to the simultaneous
sampling of vibration signals by the 16 sensors for each scenario, the acceleration vibration
data for each scenario form a multivariate time series with 16 dimensions.
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Figure 7. The benchmark framework.

In general, there are multiple sensors on the monitored object, which collect monitoring
information of different dimensions; that is to say, the monitoring data usually consist
of multiple dimensions, and it is necessary to analyze the correlation between different
dimensions of data. From the perspective of strong correlation between sensors, a one-
dimensional convolutional kernel cannot simultaneously scan the data of multiple sensors,
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which may result in the extracted features ignoring the similarity between them. From the
perspective of weak correlation between sensors, this may also lead to the convolutional
kernel neglecting the differential information between different sensors. The correlation
matrices of sensors for the scaling model and the benchmark model are provided below.
From the perspective of the quantitative analysis of correlation coefficients, it is necessary
to choose a two-dimensional convolutional kernel.

The correlation matrix of sensors for the scaled-down mode is shown in Figure 8.
According to the rule of correlation strength assessment, if the correlation coefficient falls
between 0.3 and 0.5, it indicates a moderate level of correlation. It can be observed that
there are moderate correlations between sensors 3 and 4, 1 and 6, 6 and 7, and so on. If the
correlation coefficient ranges from 0.5 to 1, it signifies a strong correlation between variables.
Strong correlations can be observed between sensors 1 and 3,7 and 9, 9 and 11, and so forth.
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Figure 8. Spearman correlation matrix of sensors in scaled-down mode.

The correlation matrix of sensors for the benchmark model is shown in Figure 9,
providing quantitative measures of correlation. Due to the smaller size of the benchmark
model compared to the scaling model, the sensors are more densely distributed, and they
exhibit a higher degree of correlation. Whether it is a monitoring object with densely
distributed sensors or loosely distributed sensors, there are always sensors within these
objects that exhibit strong correlation. Therefore, when extracting features, it is important to
consider extracting features from multiple sensors simultaneously. Although the correlation
matrix graph provides specific values of correlation coefficients, it may not be user-friendly
for engineers who are interested in identifying sensors with strong correlations. To address
this, a novel network graph approach for determining correlations is presented below.
Figure 10 illustrates a network graph depicting the correlations of benchmark among
sensors of benchmark model. The black nodes with assigned numbers represent the
corresponding sensor IDs. Researchers can rapidly and qualitatively assess the correlation
between sensors based on the thickness and length of the connecting edges. The shorter
and thicker the lines in the figure, the stronger the correlation among the sensors indicated.
Referring to Figure 9, taking the strongest correlation between sensor 8 and sensor 6 as an
example, the two most strongly associated points can be quickly identified in the graph.
Without the assistance of Figure 10, this identification process would be considerably slower.
Therefore, the introduction of such a network graph is deemed necessary.
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Figure 9. Spearman correlation matrix of sensors in benchmark model.

Figure 10. Network graph of node correlations.

4. Experiments

In the benchmark, an arrangement of 16 accelerometer sensors was set up within
the structural framework. Thus, the dimensionality of the monitoring data collected
by these 16 sensors is 16. A random selection of data, using a window of length 60,
was performed for each working condition, collecting 500 samples for each. In total,
3500 samples were collected. Experimental validation indicated that both longer sample
lengths and a greater number of samples (beyond 500) had negligible effects on the model’s
performance, as excessively long samples could slow down the training of the model.
The 3500 collected samples were divided into training and testing sets in a 7.5:2.5 ratio.
For the scaled-down model with 18 sensors, samples of length 60 were also taken, but there
were 1000 samples for each category, resulting in a total of 4000 samples. These were
similarly divided into training and testing sets at a 7.5:2.5 ratio.

4.1. Experiments on the Random Feature Extraction Algorithm

To examine the impact of the number of network nodes on model performance, four
scenarios were selected with node numbers of 150, 200, 250, and 300, while controlling the
number of features, NK, to be 150, 200, 250, and 300, respectively. In other words, in this
section of the experiment, there are three variables: maximum node number, number of
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convolutional kernels, and types of convolutional kernels. By manipulating these variables,
the accuracy of the model was observed (based on the average of 20 repetitions). The ex-
periments were conducted on two datasets, and the results are shown in Figures 11 and 12.
The subplots in the figures represent the accuracy of different models trained with varying

numbers of convolutional kernels.
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Figure 11. Analyzing the impact of the count of nodes on the performance of the model on the
benchmark dataset. (a) Node count: 150; (b) node count: 200; (c) node count: 250; (d) node count: 300.
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Figure 12. Analyzing the impact of the count of nodes on the performance of the model on the
scaled-down model dataset. (a) Node count: 150; (b) node count: 200; (c) node count: 250; (d) node
count: 300.

Taking subplot (a) as an example, the number of convolutional kernels, NK, is set to
150, which means that the input dimension of the network is 150. The red line represents
the data without any transformations directly fed into the model, while the lines of other
colors represent the data after feature extraction before being fed into the model. It can
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be observed that directly concatenating the raw sensor data and feeding them into the
network for training yields poor results, with an accuracy of only about ten percent.
However, after feature extraction using random convolutional kernels, the overall model
performance improved by approximately 30%. In general, as long as random convolutional
kernels are used, the model performance will be improved compared to the original SCN.

Specifically, among the three feature extraction methods, the model using rectangular
convolutional kernels exhibited the best performance, followed by the model using square
convolutional kernels with a slight decrease in performance compared to the rectangular
kernel model. The model using one-dimensional convolutional kernels showed a larger
decrease in performance compared to the rectangular kernel model.

Examining the red lines in the four subplots, these lines fluctuate around 16% without
any clear trend. For a seven-classification model, achieving a performance of only 16%
after training indicates that the model performs poorly in the prediction task. The main
reasons for the low model performance are insufficient model complexity, poor data
quality, inadequate feature extraction, and overfitting. The number of nodes is varied,
i.e., the complexity of the network changes, but the overall model performance does not
show a changing trend, which suggests that the low predictive performance is not due to
insufficient model complexity.

Based on the performance of the model on the training set during training, overfitting
is not evident, as the accuracy of the model on the training set remains consistently low.
The reliability of the benchmark task data can be ensured, but directly inputting the raw
data into the SCN leads to a deterioration in data quality. From the lines of different colors,
it can be seen that after introducing feature extraction methods, the performance of the
SCN improves significantly, and the accuracy of the model can increase with increasing
complexity. From this perspective, it can also be concluded that the main reason for the poor
performance of the SCN on monitoring data is its inability to effectively extract features
from the monitoring data.

Therefore, for the original SCN, changing the number of nodes has little impact on
performance. This is because the operation of directly concatenating the raw data together
as input leads to the loss of information between different sensors. Once the distribution of
data is disrupted, different classes of samples will lack separability, and the compactness
among samples of the same class will decrease. However, for models that incorporate
feature extraction methods, the performance shows an improvement of around 30% in
terms of accuracy, and, in terms of trend, the performance of model can increase with an
increase in the number of nodes.

In order to investigate the influence of the hyperparameter K on the model, four
scenarios were selected with the number of features, K, set to 150, 200, 250, and 300. Similar
to previous experiments, four sets of experiments were conducted with the number of
nodes set to 150, 200, 250, and 300, respectively. The validation was performed on both the
benchmark dataset and the scaled-down model, as shown in Figures 13 and 14. From the
two plots, it can be observed that, under the same value of K, the performance of the
proposed random rectangular convolutional kernel is the best. On the test data of the
scaled-down model, the detection accuracy increases as K increases.

However, the feature-based SCN is more sensitive to the hyperparameter K. Al-
though the accuracy does not increase with the increase in K, it has been proven to be a
hyperparameter that can alter the performance of the model.

Furthermore, on the scaled-down dataset, the performance of the original SCN exhibits
a clear trend with the variation in K. Overall, after introducing the feature extraction
method, the accuracy of the SCN is no longer in a nearly constant state regardless of
how the hyperparameters are changed. As K increases, the performance of the model
also improves.

The accuracy obtained from 20 training runs was utilized to construct a box plot for
analysis, as shown in Figure 15, depicting the results on the benchmark dataset. This further
confirms the influence of introducing feature extraction methods on the accuracy of the
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model. It can be observed that the box representing the accuracy of models trained on raw
data is relatively low, indicating a lower level of fluctuation in accuracy compared to models
trained on feature-extracted data. Regardless of the model type, the achieved accuracy is
not considered high, suggesting that the benchmark task is relatively challenging. In terms

of performance improvement, this approach offers a solution to enhancing the low accuracy
of SCNs in complex monitoring tasks.
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Figure 13. Influence of K number (NK) on model performance in benchmark dataset. (a) NK: 150;
(b) NK: 200; (c) NK: 250; (d) NK: 300.
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Figure 14. Influence of K number (NK) on model performance in scaled-down bridge dataset.
(a) Node count: 150; (b) node count: 200; (c) node count: 250; (d) node count: 300.
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Figure 15. Box plot of benchmark accuracy. (a) The number of K is 150; (b) the number of K is 200;
(c) the number of K is 250; (d) the number of K is 300.

The box plot on the scaled-down model is shown in Figure 16. It can be observed
that the introduction of feature extraction methods on the scaled-down model data leads
to a more stable training process and a smaller fluctuation range in model performance
compared to the original SCN. In comparison to the benchmark task, the proposed method
demonstrates stability on the monitoring data of the scaled-down model. It is evident that
the accuracy of the model exceeds 90% when using the proposed method. In situations
where the performance of the model is high, training stability is crucial. A large fluctuation
in the model can easily lead to local optima. The defect of the tendency to converge to
local optima has led to an increase in the training cost required for the model to achieve
optimal performance.
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Figure 16. Box plot of scaled-down model accuracy. (a) The number of K is 150; (b) the number of K
is 200; (c) the number of K is 250; (d) the number of K is 300.
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In summary, this section validates the effectiveness of the proposed method on dif-
ferent types of datasets. The proposed method maximizes model performance in more
challenging monitoring tasks. Additionally, in easier monitoring tasks, the proposed
method not only improves performance but also enhances training stability.

4.2. Experiments on the Random Node Deletion Algorithm

In the experiments of this section, the convolutional kernel pattern was set as rectan-
gular kernels, with 200 features and 250 neurons. Based on the aforementioned settings,
experiments were conducted on two datasets.

4.2.1. Experiments on the Random Node Deletion Algorithm in the Benchmark Dataset

Figure 17 presents a statistical analysis of the frequency of deleted nodes in the model
when applying the random deletion algorithm. The x-axis represents the node numbers
in the hidden layer, while the y-axis represents the corresponding frequency of nodes
being deleted. It can be observed that some nodes have a high frequency of being deleted,
indicating the presence of relatively direct redundant neurons in the network. Further
experiments revealed that removing these highly deleted neurons individually does not
significantly affect the performance of the network and may even lead to improvements.
Figure 18 presents the statistics of the threshold-satisfied models in the random node
deletion algorithm. The x-axis represents the accuracy of the model, while the y-axis
represents the number of neurons deleted relative to the original model. The title indicates
that the accuracy of the original model before node deletion is 48.29%. It can be observed
that during the execution of the entire random node deletion algorithm, the highest accuracy
reaches 51.71%, with a deletion of 10 neurons relative to the original network. The accuracy
improvement of 3.42% relative to the original accuracy is achieved. Considering the input
dimension of 200, neuron count of 250, and output dimension of 7, the reduction in network
parameters is calculated as 2080 based on Equation (8).

In the algorithm, the upper limit for neuron deletion is set to 20% of the original
network, allowing for a maximum deletion of 50 neurons. Given an acceptable accuracy,
among the models that meet the €, as Figure 18 shows, over half of them have deleted at
least 30 neurons, and over one-third have deleted at least 40 neurons. When using an SCN
for damage identification on this challenging benchmark dataset, a considerable number of
redundant neurons are present. This method effectively eliminates these redundant nodes.
Many models have deleted more than 45 neurons, indicating that the limit of algorithm is
not restricted to 20%. Hence, when performing node deletion on an SCN exhibiting high
redundancy, it is possible to set a larger value for the upper limit.
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Figure 17. The frequency of deleted nodes (Experiments based on the Benchmark dataset).
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Figure 18. The relationship between the accuracy and the number of deleted nodes after the comple-
tion of the random node deletion algorithm (Experiments based on the Benchmark dataset).

4.2.2. Experiments on the Scaled-Down Model

The frequency of deleted nodes in the model during the execution of the random
deletion algorithm is presented in Figure 19. The horizontal axis represents the node index
in the hidden layer, and the vertical axis represents the number of times the corresponding
node was deleted. Compared to Figure 17, Figure 19 appears to be more sparse. In other
words, in the experiments conducted on the scaled-down model, the degree of node
redundancy is not higher than that of the models trained on the benchmark dataset. This is
because the data in the scaled-down model are relatively easier to learn compared to the
benchmark dataset, resulting in a higher effectiveness of nodes generated by the SCN and
lower node redundancy. Despite the lower node redundancy, the random node deletion
algorithm still removes some neurons while ensuring the accuracy of the model. Figure 20
shown displays the accuracy of the selected models and the corresponding number of
deleted nodes after executing the random node deletion algorithm. Without any node being
deleted, the original accuracy of the model is 93.06%. In the case of maximum accuracy
optimization, five neurons are deleted, resulting in a reduction of 1040 parameters. With a
0.13% improvement in accuracy, 17 nodes are deleted, and the parameter count is reduced
by 3536. On average, the SCN in the experiments on the scaled-down model can delete
10 neurons.
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Figure 19. The frequency of deleted nodes (Experiments based on the scaled-down model dataset).



Sensors 2023, 23,9146

20 of 23

The original accuracy is:93.06

o 20
818 17
C
_016
214 1313
212 11 11
310 o 10
5 8 76
gﬁ 5 5
4
=2
0 N OO N OONOUOMNOUONOVUOMUOWVUOMUOWVOMm OO
T NMINnN OO A M N 0O ANMNn OO0 oA
N AN N N NN NMO OO OO OO MM T ST T NN
O OO O O OO O Oy O O OO O O O O O O O &od o O O
Accuracy(%)

Figure 20. The relationship between the accuracy and the number of deleted nodes after the comple-
tion of the random node deletion algorithm (Experiments based on the scaled-down model dataset).

4.3. FLOPs Analysis of SCN

In accordance with the FLOPs computation Formula (9) for the SCN, the influence of
node removal on FLOPs is visualized. In general, the dimensions of the input layer and
output layer of the SCN are kept constant, i.e., the values of I and O remain unchanged,
while the number of neurons in the hidden layer, denoted as L, is varied. Given that this
study encompasses two datasets, each dataset identifies a different number of operating
conditions. First, an analysis of FLOPs is conducted based on the benchmark dataset. Specif-
ically, the input layer length of the SCN is set to 200, the number of neurons in the hidden
layer is set to 250, and the output layer length is set to 7, with a batch size of 100. To observe
the changes in FLOPs before and after the removal of 10% of neurons, a reduction of 10%
in neurons is applied to the initial 250 neurons. As depicted in Figure 21, after removing
10% of the neurons, FLOPs decrease by approximately 10%. More precisely, after removal,
the floating-point computations of the SCN are reduced by around one million. Subse-
quently, an analysis of FLOPs is carried out based on the downsampled model dataset,
with the only alteration being the output layer length set to 4. All other settings remain
consistent with the experiments based on the benchmark dataset. Analyzing Figure 22
leads to the same conclusion, where the removal of 10% of neurons results in a reduction of
approximately one million floating-point computations.
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Figure 21. The relationship between the number of deleted nodes and SCN FLOPs (based on the

benchmark dataset).
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5. Conclusions

1.

Key Findings: The study’s primary findings can be summarized in three key points:

a. Using raw multisensor data directly as input for the self-constructing network
(SCN) is unsuitable.

b. Employing randomly generated rectangular convolutional kernels for feature
extraction is effective.

c.  SCNs contain redundant nodes, and the random node deletion algorithm effi-
ciently eliminates them.

Feature Extraction Enhancement: In traditional deep learning, a fully connected
network handles classification by extracting features. SCNs operate similarly but
lack robust feature extraction capabilities for complex monitoring data. To address
this, we introduce a convolution-based feature extraction approach inspired by deep
learning, utilizing randomly generated rectangular convolutional kernels. This method
is validated through experimental results.

Improved Model Performance: Concatenating raw data as input leads to information
loss between sensors and low accuracy. The introduction of feature extraction using
random convolutional kernels significantly improves model performance, with accu-
racy increasing by approximately 30%. Notably, rectangular convolutional kernels
outperform one-dimensional kernels similar to Rocket.

Random Node Deletion: The experiments with the random node deletion algorithm
demonstrate its potential for enhancing model performance, particularly when used on
benchmark datasets. This approach achieves parameter reduction and improved per-
formance.

Overall Implications: The experimental results emphasize the impact of employing
random feature extraction, adjusting convolutional kernels, and node deletion on
model performance. These findings are valuable for optimizing model design and
parameter selection in monitoring data processing.

SCN for Multisensor Data: Conventional SCNs are not suitable for multisensor mon-
itoring data. The study introduces random 2D convolutional kernels for feature
extraction in this context. Future research should explore improved feature extraction
methods and enhanced random mapping approaches.

Future Applications: While this paper primarily focuses on loss recognition, the frame-
work has the potential to extend to other monitoring tasks, such as anomaly detection,
remaining useful life prediction, and vehicle load modeling.

The method proposed in this paper is better suited for data with small mean fluctua-
tions (such as acceleration data oscillating around zero), and is not applicable to data
where mean values suddenly increase or decrease, such as deflection and strain [48].
When sampling from non-Gaussian or mixed probability distributions, it is relatively
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easier to collect data with skewed characteristics, heavy tails, and the presence of
outliers as compared to the Gaussian distribution. This poses a significant challenge
for time series models. Subsequent research will consider more universally applicable
models for data of different distributions.
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