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A cable tension identification technology using percussion sound
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Abstract. The loss of cable tension for civil infrastructure reduces structural bearing capacity and causes harmful deformation
of structures. Currently, most of the structural health monitoring (SHM) approaches for cables rely on contact transducers. This
paper proposes a cable tension identification technology using percussion sound, which provides a fast determination of steel
cable tension without physical contact between cables and sensors. Notably, inspired by the concept of tensioning strings for
piano tuning, this proposed technology predicts cable tension value by deep learning assisted classification of “percussion”
sound from tapping a steel cable. To simulate the non-linear mapping of human ears to sound and to better quantify the minor
changes in the high-frequency bands of the sound spectrum generated by percussions, Mel-frequency cepstral coefficients
(MFCCs) were extracted as acoustic features to train the deep learning network. A convolutional neural network (CNN) with
four convolutional layers and two global pooling layers was employed to identify the cable tension in a certain designed range.
Moreover, theoretical and finite element methods (FEM) were conducted to prove the feasibility of the proposed technology.
Finally, the identification performance of the proposed technology was experimentally investigated. Overall, results show that
the proposed percussion-based technology has great potentials for estimating cable tension for in-situ structural safety
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assessment.
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1. Introduction

Steel cables have been widely wused in civil
infrastructures due to its light-to-weight ratio and high
strength capacity. Typical applications include stay cables in
long-span bridges, vertical and horizontal cables in point-
supported cable-net curtain walls, slings in suspension
bridges, and cable-net roofs in various stadiums. During
long-term service of cable structures, the change of cable
tension may bring harmful deformation and reduce the
bearing capacity of the structure. Cable condition
assessment has become an essential aspect in structural
maintenance process.

Traditional cable tension estimation methods can be
divided into direct measurement and indirect measurement
(Kim et al. 2020). The direct method obtains cable tension
by using measuring devices installed at the end of the cable
or enclose the cable surface, such as load cells, hydraulic
jacks, and Elasto-Magnetic (EM) sensors (Cappello et al.
2018, Sumitro et al. 2005). The indirect method mainly uses
a vibration-based approach, which can relatively get a fast
cable tension estimation compared to direct methods
(Caetano 2011, Geier et al. 2006, Kim et al. 2017, Li et al.
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2014, Shinke et al. 1980, Zui et al. 1996). The vibration-
based method computes the natural frequency of the cable
under excitation and estimates the tension by establishing
the relationship between frequency and cable tension.
Notably, several acceleration sensors need to be used to
measure the dynamic response, which causes the following
limitations: (i) Installation of extensive sensors is time-
consuming and cost-ineffective; (ii) Performance of
deployed sensors may be influenced by the in-situ
environmental conditions.

To overcome the current problems in the steel cable
tension estimation, a few recently developed methods have
been proposed. On the one hand, novel sensing devices and
sensing technologies have been applied in real-scale
structures, such as Elasto-Magneto-Electric (EME) Sensors
(Zhang et al. 2018b), Portable PZT-Interface Technique
(Huynh and Kim 2014), Fiber Bragg Grating (FBG) sensors
(Hu et al. 2017), FBG force-testing ring (Li ef al. 2015), the
smart FRP-OF-FBG cable (He er al. 2013). While these
new techniques represent valuable tools to evaluate cable
tension, the relatively complicated sensor installation in
advance still limits its applications. On the other hand, the
non-contact measurement methods have attracted increasing
attention in recent decades. These methods capture the
displacement time history curves during cable vibration and
compute the cable forces from the resonance frequencies.
For instance, the use of cameras to determine cable tension
(Du et al. 2020, Kim et al. 2017, Xu et al. 2018, Yang et al.
2019), the use of microwave interferometric radar to
estimate the cable tension in a long-span cable-stayed
bridge (Bartoli et al. 2008, Zhang et al. 2020a, Zhao et al.
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2020), and the application of Laser Doppler technology
(Nassif et al. 2005) have been reported. The detection
accuracy of current vision-based measurements is often
affected by the intensity of light and weather. Besides, most
of the reported vision-based approaches require artificial
markers on each cable before measurements, which highly
reduces the test efficiency. Though the reported cable
tension estimation accuracy of long-span bridges by using
the above-mentioned methods could exceed 95% (Bao et al.
2017, Feng et al. 2017, Wang et al. 2015), the tested cables
have to be excited with sufficient vibration prior to
measurements.

Inspired by the concept of tensioning strings for piano
tuning, this paper proposes a novel technology using
percussion sounds to identify the tension of steel cables.
Steel cable serving in different tension values generates
unique tones of sound when it is tapped by impact
hammers. To better understand the mechanism among
impact, vibration, and sounding, analytical studies and
numerical simulations were firstly performed to reveal the
relationship between cable tension and natural frequency.
Subsequently, a series of “percussion” tests were
investigated under different cable tension values. Mel-
frequency cepstral coefficients (MFCCs) extracted from
sounds as acoustic features to train the proposed CNN
network for tension identification. Therefore, the cable
force estimation method based on acoustic features
(MFCCs) and deep learning (CNN) is a potential method,
especially for infrastructures with small-span cables and
complex boundary conditions. Nevertheless, as far as the
author knows, there is no report in the relevant literature at
present.

2. Methodologies

Acoustic-based approaches have shown great potentials
in structural health monitoring, which include bolt loosening

monitoring (Kong et al. 2018), cup-lock scaffolds looseness
detection, fault diagnosis for rolling bearings (Wang et al.
2020c), early warning of hazard for pipelines (Wan and
Mita 2010), and metal fatigue crack detection (Li et al.
2020, Wang et al. 2020b). Most of the aforementioned
approaches apply Acoustic Emission (AE) sensors and do
not directly analyze the sound signals generated by the
acoustic waves. Significantly, it is quite difficult to establish
the relationship between tensions and percussion sounds by
using theoretical or mathematical methods. And the deep
learning approaches offer the possibility to construct
percussion sounds to cable tensions prediction model.
Specifically, the 2D CNN framework was selected in this
study since its ability to adaptively extract features from
high-dimensional data, improve parameters sharing and
connection sparsity, and dramatically enhance the
effectiveness of feature classification. As a consequence,
the technology of cable tension identification is proposed
based on the processing of sound signals, which mainly
includes two steps. As shown in Fig. 1, the first step is to
establish a database of percussion sounds from tapping steel
cables under different tension conditions. After that, an
optimized CNN framework is employed for classifying
percussion sounds and determining cable tension levels.
During the CNN training, MFCCs features of percussion
sounds are extracted and divided into training and testing
datasets. To achieve the precise prediction, deep network
parameters are optimized based on the training accuracy
and final prediction results are stored in the cable tension
database.

2.1 MFCCs features extraction

Since the obtained percussion sounds contain noise
components, it is crucial to extract proper features from
sound data to ensure the accuracy of the prediction. MFCCs
have been proven as an effective tool to extract acoustic
features for structural damage identification (Cheng et al.
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Fig. 1 The flowchart of the proposed cable tension identification technology
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2020, Dai 2016, Wang et al. 2020a, Yuan et al. 2021). It has
to be remarked that the MFCCs features can simulate the
non-linear mapping of human ears to sound and retain intact
important information about sound signals generated by the
cable under percussion. Specifically, MFCCs allow better
mitigate insignificant changes in the high bands of the
energy spectrum. An example of a sound signal, its MFCCs
extraction process is described in Fig. 2. After pre-
emphasis, framing, and windows of the input audio signal
in the time domain to avoid energy leakage, the fast Fourier
transform (FFT) is employed to obtain the signal’s energy
distribution in the frequency spectrum (Zhang et al. 2018a).
Subsequently, we apply the frequency spectrum passes a
Mel-filter bank composed of a series of triangular filters.
Finally, by taking the magnitudes' logarithm at each of the
Mel-frequencies and utilizing the Discrete Cosine
Transform (DCT), we obtain the MFCCs features. The more
specific extraction steps are as follows:

(1) Pre-processing: The pre-processing process can be
divided into three steps: pre-emphasis, framing,
and windows. Compared with the initial input
signal, Pre-emphasis increases the magnitude of
higher frequencies. To maintain the sound
frequency contours, the signal is split into short-
time frames and the Hamming windows function is
applied to each frame. We can realize these steps
through

S(n)=8(n) Xas(n—1) 095 < a <0.99 (1

{ s'(n) =8(n) xw(n)

w(n) = 0.54 — 0.46cos(2nn/L — 1) 2)
0<n<L-1

where $(n) is a sequence of frames after framing
operation, a is the pre-emphasis ratio, whose
value is usually taken as 0.98, and L denotes the
Hamming window length. Following the FFT
performed on the pre-processed signal $(n), the
spectrum can be calculated using Egs. (3)-(4),
where X(k) is a complex number for each of N
frequency bands representing magnitude, and P (k)
represents the power spectrum of each frame.

N
W= smem (- 50)  1sk=N ®)
1
PUO) = X @

(2) Mel-filter bank filtering: As shown in Fig. 2, these
filters are non-uniformly spaced on the frequency
axis, that is to say, fewer filters in high-frequency
regions. The mapping relationship between Mel-
frequency fe; and frequency fy, in the filter
bank can be described by Eq. (5).

)

sz)

Fmer = 11271 (1 + 205

A Mel-filter bank filters the frequency spectrum
computed from the previous step to obtain the Mel-
spectrum X’'(k). This process can be achieved by
the following equations

X' = Y HIWIX (P ©
k=1
0 k<f(m-1)
m fm—1) <k < f(m)
_ f(m)
HI =1 fon+1) -k @
f(m) <k < f(m+1)

fm+1)— f(m)
\ 0 k> f(m+1)

where 0 <m < M, M is the number of filters,
and the center frequency is f(m), and H(k)
denotes a set of created triangular filters.

Typically, Mel-spectrum peaks denote dominant
frequency components of the sound signal
connected by a smooth curve (see Fig. 2), which
refers to the spectral envelope. Consequently, a
spectrum consists of a spectral envelope
E(k) = |X(k)|? and spectral details H(k), which
can be expressed in the following form

| X" (k)| = H(k) x E (k) ®)

(3) Logarithm operation: Calculate the log magnitude
of each Mel-filter bank output |X'(k)| according
to Eq. (9). This step intends to make features less
variable to acoustic coupling variations

In|X'(k)| = In|H(k)| + In|E (k)| )

(4) Discrete cosine transform (DCT): we can separate
spectral envelope and spectral details by DCT.
Taking [n|X'(k)| into Eq.(10) yields the time
domain signal X'(k), which is significantly
different from the original signal. Finally, apply a
low-frequency filter to X'(k) can obtain e(k),
and the vectors of e(k) forms MFCCs are features
of sound signals. The DCT process can be
expressed as shown in Egs. (10) and (11)

M-1
x'(k) = Z In[X'(k)]cos [n(k —0.5) %] (10)
n=0,1, T.:jo

x'(k) = h(k) + e(k) (11)

2.2 Convolutional Neural Network (CNN)

CNN, as a deep learning network, was first proposed by
LeCun ef al. (1998) and applied to document recognition.
With the rapid progress of computing hardware and data
processing approach, the CNN offers a few approaches to
data classification and regression from the massive dataset
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Fig. 3 The architecture of the proposed CNN model

(Lecun et al. 1998, Tang et al. 2019, Tome et al. 2019, Ye et
al. 2019). For example, Modarres et al. (2018) developed a
CNN-based approach to identify the existence and type of
structural damage. Xin et al. (2020) applied CNN to
construct the relationship between scalograms of acoustic
emission signal and bridge status. Santos et al. (2016)
presented an online damage detection technique based on a
deep learning algorithm for structure. It is worth noting that
CNN combines computational speed and accuracy when
analyzing databases obtained from the percussion sounds,
and ensures that cable tensions can be identified efficiently
in applications. Compared with traditional artificial neural
network (ANN), CNN contains a feature extractor
composed of convolutional layers and pooling layers (Dai
2016). A set of convolution kernels, as well as several
feature maps, form the convolutional layer. The principal
purpose of setting convolutional layers is to extract input
data features, and various sizes of kernels can obtain
different feature information. Moreover, the pooling layers
are used to reduce feature maps’ dimensions but preserve
the significant information. These procedures simplify the
complexity of networks and enhance the generalization
ability of the model.

The CNN architecture for cable tension identification
proposed in this research is given in Fig. 3. The framework
composes of an input layer, four convolutional layers, two
pooling layers, a fully connected layer, and an output layer.

As we have mentioned before, the convolutional layer
performs the calculation on input data, and Eq. (12) shows
this process (Yarotsky 2017)

hisy = ReLU(W;hy + by) (12)

where h;, W;, and b; is the value of representing the
output, weight matrix, and bias of the [ th Ilayer,
respectively, and ReLU is the active function.

In addition, the dropout algorithm is utilized after each
convolution calculation to debase the risk of over-fitting.
Subsequently, the feature maps after batch normalization
are decreased in dimension through average pooling and
maximum pooling. Furthermore, the reduced feature maps
are converted into training output through the fully
connected layer and the SoftMax function. Finally,
Calculated the loos function J(W,b) according to the
training output and update the parameters W and b of the
networks through the gradient descent algorithm. The
optimization operation is as follows

_ 8] (W, b)
e aw 13

8J(W,b) ()
bl = bl - }la—ljl

where A is the learning rate. Notably, CNN is continuously



A cable tension identification technology using percussion sound

" ELEMENTS

ELEMENTS

(a) For cable length of 290 mm
ANSYS| 2

479

NODAL SOLUTION

(b) For cable length of 575 mm

Fig. 4 The numerical models and first-order frequencies of cables with two lengths under 1 kN tension

trained until the loss function converges to the optimal
value.

2.3 Relationship between cable tension and
percussion-induced vibration

To the best of our knowledge, percussion signal
properties due to cable vibration are highly determined by
cable natural frequencies. In terms of the slim-short cables,
such as cable-supported facades or roofs (Patterson 2011,
Zhang et al. 2020b). Flat taut string theory is utilized to
demonstrate the relationship between cable tension and
natural frequencies (Kim and Park 2007). The cable tension
T can be computed as follows

2
T = 4ml? (f—”) (14)
n

where m, L., m and f, denote the mass per unit length,
length, order of calculation, and natural frequency of cable,
respectively. The first-order natural frequencies of two
lengths’ cables are computed by Eq. (14), and listed in Table
1. Specifically, a numerical model is established adopting
the tension-only element “Link 10” in software ANSYS.
The cable with fixed boundary conditions at both ends and
subjected to axial tension is divided into 12 parts. To realize
the pretension of the cable, an initial strain is applied to the
element. As an example, the frequencies of cables with
lengths of 290 mm and 575 mm under the tension of 1 kN

are shown in Figs. 4(a)-(b) respectively.

As seen in Table 1, the natural frequencies increase with
the increase of cable tension. Meanwhile, under the same
cable tension degree, the frequencies decrease with the
increase of the cable length. Consulting the working
mechanism of the piano, piano tones are generated by

Table 1 Frequencies calculated by string theory and FEM
under different tensions

Length (mm)
Test  C20le 290 575
No tension
) (kN) Theory FEM Theory FEM
(Hz) (Hz) (Hz) (Hz)

1 1 81.25 80.22 41.02 40.58
2 10 256.99 253.62 129.61 127.91
3 20 363.62 358.67 183.39 180.89
4 30 445.57 439.28 224.72 221.55
5 40 514.76 507.24 259.62 255.82
6 50 575.81 567.11 290.41 286.02

vibrating strings. The measured vibration frequency values
fn are used for piano tuning. In this research, f; refers to
the vibrational frequency of a cable. Analytical and
numerical studies conducted a preliminary study to prove
that it could be a possible solution to recognize the cable
tension using percussion sound.

3. Experimental study
3.1 Experimental setups

To validate the proposed cable tension identification
technology, experimental verifications were carried out. As
shown in Fig. 5, the experimental setup mainly includes a
loading servo-hydraulic tester, a set of acquisition
equipment (the power amplifier, I/O device, and compact
DAQ), an impact hammer, and a microphone.
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As shown in Eq. (14), the cable tension T is directly
related to parameters m, L., and f,. Therefore, the cable
samples with two lengths (sample 1: 290 mm % 10 mm,
sample 2: 575 mm x 10 mm), labeled as 290 and 575, were
prepared for percussion tests. Meanwhile, to simulate the
fixed boundary condition when cable serves, test cables
were applied with a pre-tightening tension with chuck. A
microphone with a sampling rate of 20 kHz was set to
collect percussion sounds generated by hammer tapping. To
investigate the influences of hammer head material on
identification accuracy, two impact heads with different
materials (metal and nylon) were investigated for all tests.

3.2 Test procedures

The percussion sound dataset, as depicted in Table 2,
was divided into six categories (i.e., 1 kN, 10 kN, 20 kN, 30
kN, 40 kN, 50 kN). The percussion signals were manually
labeled by a combination of tension, length, and material.
The experiment was done by randomly tapping one-half or
one-quarter of the cable 50-70 times under each tension
degree via the hammer mounted with a metal or nylon
impact tip. Notably, this experiment differs from the
traditional test procedure in that tapping times are
artificially altered with the aim of introducing certain
randomness in the dataset to enhance the adaptability of the
prediction model. We split the sound signals into 100-140
segments for simplification with 0.7s, and the process was
shown in Fig. 6. Totally, 2652 sound signals were prepared
for the dataset.

3.3 Cable tension identification using CNN

As mentioned previously, to effectively extract depth
information from the dataset and conduct precise prediction,
a CNN model was proposed, and the detailed parameters
were listed in Table 3. Notably, by comparison with a basic
CNN model, the proposed CNN architecture substituted the
pooling layer after each convolutional layer with the global
pooling layers after all convolution operations were

Table 2 The dataset of sound categories

Sound

categories Sound categories Labels Numbers Total
abbreviations numbers
dataset No.
1-290-Me 1 kN 102
| 1-290-Ny 1 kN 137
1-575-Me 1 kN 101
1-575-Ny 1 kN 102
10 kN 101
10-290-Me
) 10-290-Ny 10 kN 109
10-575-Me 10 kKN 113
10-575-Ny
10 kN 130
20-290-Me 20 kN 101
3 20-290-Ny 20 kN 111
20-575-Me 20 kN 124
20-575-Ny 20 kN 112
2652
30-290-Me 30 kN 102
4 30-290-Ny 30 kN 102
30-575-Me 30 kN 120
30-575-Ny 30 kN 123
40-290-Me 40 kN 100
5 40-290-Ny 40 kKN 101
40-575-Me 40 kN 113
40-575-Ny 40 kN 118
50-290-Me 50 kN 104
6 50-290-Ny 50 kN 102
50-575-Me 50 kN 108
50-575-Ny 50 kN 116

completed to simplify the number of parameters. Besides,
we randomly selected 80% and 20% of the experiment data
as the training dataset and validation dataset individually to
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Table 3 CNN model node parameters

Output Shape Parameters

(None, 40, 259, 1),
Batch size = 16

(None, 40, 259, 1) 4
(None, 40, 259, 10) 90
(None, 40,259, 10) 40
(None, 40, 259, 10) 0
(None, 20, 130,20) 1800
(None, 20, 130, 20) 80
(None, 20, 130, 20) 0
(None, 10, 65, 50) 9000
(None, 10, 65, 50) 200
(None, 10, 65, 50) 0

Layer (Type)

input (Input) 0

batch normalization (BN)
conv2d (Conv2D)

batch normalization 1 (BN1)
dropout (Dropout)

conv2d 1 (Conv2D)

batch normalization 2 (BN2)
dropout_1 (Dropoutl)
conv2d 2 (Conv2D)
batch_normalization_3 (BN3)
dropout_2 (Dropout2)

conv2d_3 (Conv2D) (None, 5, 33, 100) 45000
batch_normalization 4 (BN4) (None, 5, 33, 100) 400
dropout_3 (Dropout3) (None, 5, 33, 100) 0
global_average pooling2d

(Avg Pooling) (None, 100) 0
global max_pooling2d

(Max Pooling) (None, 100) 0
concatenate (Concatenate) (None, 200) 0
dense (Dense) (None, 1000) 200000
dropout_4 (Dropout4) (None, 1000) 0
dense 1 (Densel) (None, 6) 6006

repeatedly train the model.

Following the MFCCs features extraction procedure, the
original one-dimensional signal was transformed into a
spectrum representing acoustic features in the time-
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frequency domain. In the CNN training and testing phase,
we fed the MFCCs features corresponding to per signal data
into the CNN model as summarized in Fig. 6. Firstly, the
size of the input feature maps was 1@40 x 259
(channels@width x height). After four convolutional layers
and two global pooling layers, the feature map size was
dropped to 100@5 x 33. Then, these decreased-dimensional
feature maps were transmitted to the fully connected layer.
Finally, the probability expression of the prediction results,
namely the cable tension, was determined by the SoftMax
function.

4. Results and discussion

Fig. 7 illustrates the training/testing process (overall loss
and accuracy) and cable tension identification results of the
proposed CNN model after 100 iterations. All sound signals
and sound with only metal tips were used as two training
datasets, whose corresponding tests (denoted as T1 and T2)
were the sound only with nylon tips and six sets of
untrained sound (i.e., 20 segments from each cable tension
degree), respectively. The CNN model was trained and
validated with 80% and 20% of the dataset individually.
The learning rate is 0.003, and the minibatch size is set to
10 (Yu and Chen 1997). Simultaneously, the loss function in
training is the Cross-Entropy (CE) criterion, which is
employed to compute the error between the estimated cable
tension and the real results. Overall, the curves fluctuate up
and down, related to the number of the overall dataset. As
shown in Fig. 7(a), with the increasing of iterations, the
accuracy of training and testing was approximately 1.0,
respectively. Conversely, the loss value decreases to 0.0. To
investigate the influences of hammer head material, the
trained CNN using only sound signals with the metal tip
was tested by sound signals with the nylon tip, and the cable
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tension identification results are depicted in Fig. 7(b).
Overall, the testing average accuracy for T1 is 99.33%, and
the high accuracy is also achieved on T2 with 92.67%,
which indicates that the effect of hammer head material on
identification accuracy is almost negligible.

On the one hand, the accuracy rate can reflect the
performance of a CNN model. The higher the accuracy rate,
the better the performance of the model. On the other hand,
in some cases, such as uneven sample distribution, the
accuracy rate cannot truly reflect CNN's performance.
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Consequently, we artificially add noise to part of sound
signals in the dataset as new input data to visible the
robustness of CNN. It is evident that the proposed CNN
model has high accuracy in the six categories of cable
tension identification even in the presence of various noise,
as shown in Fig. 8. For instance, the highest and lowest
identification accuracy rates from 1 kN to 40 kN reach 92%
and 89%, respectively. The prediction results demonstrate
that MFCCs can well describe the features of a sound signal
generated by cable vibration, and CNN can effectively
capture the dynamic changes of the acoustic features of
signals. In addition, the processing step could be further
compiled into software and embedded in portable devices
for fast data processing and cable tension condition
assessment.

5. Conclusions

In this paper, a steel cable tension identification method
using acoustic features and deep learning is proposed.
When a steel cable is excited by impact, it generates
different sounds with the change of its tension. Analytical
and numerical studies show the relationship between the
cable natural frequencies and cable tension. To further
validate the proposed method, a series of tests were carried
out to collect sound data from different cable tension
conditions. A developed CNN model was tested with the
only sound with a nylon tip and six untrained dataset
signals, respectively. Results show that the average
accuracy of the cable tension identification in two tests (T1
and T2) reaches 96%. In future work, sound data will be
greatly enriched with the consideration of different cable
diameters, and the hammer and microphone will be
improved and installed on cable-climbing robots or drones
to achieve automatic cable tension estimation. Moreover, it
ought to be further optimized to improve the current model
with shorter time-consuming and high precision.
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