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a b s t r a c t

The commonly used method for estimating crack opening displacement (COD) is based on analytical
models derived from strain transferring. However, when large background noise exists in distributed
fiber optic sensing (DFOS) data, estimating COD through an analytical model is very difficult even if the
DFOS data have been denoised. To address this challenge, this study proposes a machine learning (ML)-
based methodology to complete rock's COD estimation from establishment of a dataset with one-to-one
correspondence between strain sequence and COD to the optimization of ML models. The Bayesian
optimization is used via the Hyperopt Python library to determine the appropriate hyper-parameters of
four ML models. To ensure that the best hyper-parameters will not be missing, the configuration space in
Hyperopt is specified by probability distribution. The four models are trained using DFOS data with
minimal noise while being examined on datasets with different noise levels to test their anti-noise
robustness. The proposed models are compared each other in terms of goodness of fit and mean
squared error. The results show that the Bayesian optimization-based random forest is promising to
estimate the COD of rock using noisy DFOS data.
© 2025 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/

4.0/).
1. Introduction

Crack is a visual indicator of rock failure patterns in the field of
rock engineering. Crack opening displacement (COD) is often used as
one of the important parameters that reflect the severity of cracks.
Understanding the change in COD is beneficial for study of crack
growth, which is closely related to energy exploitation, such as
exploitation of shale gas (Cong et al., 2022; Ma et al., 2024a) and oil
(Wang et al., 2022; Martyushev et al., 2023). Controlling CODwithin
a certain threshold is of vital importance for deep rock structures,
such as radioactive waste disposal tunnels (Bernier et al., 2017),
wellbore stability in deep gas-bearing formations (Ma et al., 2024b),
and rock tunnels for mining (Zhao et al., 2017). Therefore, it is
necessary to precisely measure or estimate the COD of rock cracks.
ock and Soil Mechanics, Chi-

s, Chinese Academy of Sciences. Pu
Various monitoring devices and/or techniques, such as fiber
Bragg grating (FBG)-based sensors (Babanajad and Ansari, 2017;
Morgese et al., 2022), digital image correlation (DIC) (Munoz and
Taheri, 2017; Aliabadian et al., 2019), Michelson interferometer
(Feng et al., 2013), and linear variable differential transformer
(LVDT) sensors (Bassil et al., 2020), have been developed for COD
measurement. However, the above-mentionedmethods either only
measure COD at a limited number of measure points or have
cumbersome procedures to use. For instance, the complicated post-
processing procedures are needed when using DIC method to
measure COD. To address the aforementioned limitations, distrib-
uted fiber optic sensing (DFOS) techniques are used by numerous
researchers to monitor the strain of structures and then estimate
the COD using the strain data (e.g. Li et al., 2022; Li et al., 2023; Liu
and Bao, 2023), because the DFOS techniques demonstrate unique
advantages over the aforementioned monitoring techniques in
terms of high-spatial-resolution distributed sensing, large sensing
range, and immunity to electromagnetic and electrical interference.
In addition, the strain accuracy of DFOS techniques (3 mε under fiber
spatial resolution of 1 mm) (Zhang et al., 2024) is higher than that
blished by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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Fig. 1. Schematic of strain transfer on the fractured rock surface (adapted from Lin
et al. (2021)).
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of StereoDIC (50 mε) (Abdulqader and Rizos, 2020). For instance,
Feng et al. (2013) established the relationship between the COD and
DFOS data by introducing the COD as an additional local disconti-
nuity of the host material into the strain transfer equations, which
enabled estimation of the COD using measured strain data. Based
on the results in Feng et al. (2013)'s study, several analytical models
were further developed to quantify the COD from the DFOS strains
(Babanajad and Ansari, 2017; Bassil et al., 2020; Morgese et al.,
2022). These analytical models can achieve a satisfactory result
on the COD estimation when minimal noise is associated with the
DFOS data. However, when the DFOS data have large background
noise, estimating COD through these analytical models is very
difficult even though the data are processed using noise reduction
techniques.

In recent years, deep learning (DL) and machine learning (ML)
have found an increasingly wide utilization in the field of civil
engineering (Zhao et al., 2023b, 2024; Chen et al., 2024; Guo et al.,
2024; Li et al., 2024). ML has a relatively strong ability to map the
nonlinear relationship between inputs and outputs, and this char-
acteristic makes it be applied to microcrack identification using
DFOS data (Song et al., 2020, 2021; Zhao et al., 2023a). Zhao et al.
(2023a) developed a hybrid attention convolutional neural
network (HACNN) for rock microcrack identification. The HACNN
demonstrated anti-noise robustness and achieved relatively satis-
factory results among different DFOS datasets with different signal-
to-noise ratios (SNRs). Now that a well-designed ML model can be
robust to noise when identifying rock microcracks, it may also
possess anti-noise robustness in prediction of the COD of rock.
Hence, it would be meaningful if ML models could be developed to
predict the rock COD from the DFOS data with strong noises, given
that the analytical models are challenging to do this.

An examination of the existing literature on application of the
ML regression models in geotechnical engineering (e.g. Matin et al.,
2018; Zhang et al., 2021a, 2021b; Zhu et al., 2021; Hou et al., 2022,
2023) reveals that the random forest (RF) (Breiman, 2001) and
extreme gradient boosting (XGBoost) (Chen and Guestrin, 2016)
become a relatively good option for predicting geotechnical pa-
rameters. For example, Zhang et al. (2021b) proposed a reasonably
practical strategy of using XGBoost and RF models to predict un-
drained shear strength of soft sensitive clays using five basic soil
parameters, which provides strong support for building surrogate
models for estimation of soil parameters relevant to design. The
reason that RF is so popular is because RF is unexcelled in accuracy
among current algorithms owing to its integrating results of many
learners. Moreover, an RF with an appropriate number of trees also
runs efficiently on large databases because learners of it can be
operated in parallel (Breiman, 2001). In addition, RF can perform
random sampling on a given dataset and randomly select features
from data, which makes RF has stable performance and is robust to
data noise. Motivated by these characteristics of RF, especially its
robustness against noise, RF-based models are developed for pre-
dicting COD of rock microcracks in this study. As is known, hyper-
parameters generally have a significant effect on the performance
of ML models. A poorly-configured ML may perform no better than
chance. For example, in a RF model, it is not that more trees are
better, because more tress may affect the training speed. Hence, the
Bayesian optimization is used to determine hyper-parameters of
ML models in this study. Compared to the two commonly used
parameter tuning methods (i.e. grid search methods and random
search methods), Bayesian optimization has fast speed and will not
miss important points in the search space (Bergstra et al., 2015),
which enables the best parameters for a ML model.

In this study, a machine learning (ML)-based methodology is
proposed to predict COD of rock from DFOS data. The idea of this
study is to train the Bayesian optimization-based ML models using
2620
DFOS data with minimal noise from a laboratory test while testing
the trained ML models using data with different SNRs. The idea
arises from the fact that different levels of noise (varying widely
depending on the environment) are associated with the field fiber
optic sensing data, and not all the data can be obtained from
different noisy environment and made into labelled training sam-
ples. Hence, it is very meaningful for COD prediction from the noisy
field fiber optic sensing data if the used Bayesian optimization-
based ML models are robust against data noise.
2. Analytical model for quantification of crack opening
displacement

To prevent the brittle fiber core from damage during structure
monitoring, the silica bare fiber is normally coatedwith a protective
coating layer. Furthermore, the optical fiber is commonly attached
to the surface of a structure through different types of adhesives
(Fig. 1). However, the protective coatings and adhesives would
result in imperfect strain transfer between the bare fiber and
structures due to their low modulus compared to that of the silica
bare fiber. Based on assumptions, strain transfer between the bare
fiber and host material (i.e. material being monitored) was inves-
tigated (Ansari and Libo, 1998; Li et al., 2006).

Feng et al. (2013) found the optical fiber sensor would bridge
crack appearing during monitoring when subjected to localized
strain discontinuity at the crack location. To consider the effect of
crack-induced optical fiber strain localization on the strain transfer,
they introduced the COD into the strain transferring model (STM)
and derived an equation to describe the relationship between COD
and strain distribution in the optical fiber. Based on the Feng et al.
(2013)'s approach, a new analytical model was developed by Bassil
et al. (2020) to consider the effects of imperfectly bonded multi-
layers on strain transfer between the optical fiber and host mate-
rial. The proposed analytical model (denoted as Bassil's model)
enabled the precise estimation of COD through the measured
strains at the crack location. Considering that multiple cracks
would occur on the surface of a cylindrical granite specimen during
the uniaxial compressive strength (UCS) test, Lin et al. (2021)
introduced Bassil's model to calculate the COD of each microcrack
on the surface of the granite specimen. In this study, the granite,
epoxy adhesive layer, and optical fiber form a typical three-layer
system, as presented in Fig. 1. The relationship between the
measured optical fiber strain ( 3) and COD of each microcrack can be
expressed as follows (Lin et al., 2021):



Fig. 2. Strain computed by STM and strain with Gaussian noise.

Fig. 3. Overall framework of the proposed methodology.
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where 30 is the basal strain on the surface of granite (mm/m), l is the
strain lag parameter (1/m), CODi is the crack opening displacement
of i-th microcrack (mm), xi is the location (coordinate) of i-th
microcrack along the direction of optical fiber (m), n is the total
numbers of microcracks, G is the shear modulus of the epoxy ad-
hesive material (MPa), Ef is the elastic modulus of fiber core (MPa),
re and rf are the radii of the epoxy adhesive layer (m) and optical
fiber (m), respectively.

The noiseless crack-induced optical fiber strain and the noiseless
optical fiber stain in the vicinity of the crack locations (black solid
line in Fig. 2) can be fitted using Eq. (1), and the fitting curve is the
red solid line, as presented in Fig. 2. As the crack locations (xi), the
optical fiber strain ( 3), and the strain lag parameter (l) is known, the
COD at each location can be computed. However, when the
measured strain has a certain level of noise (e.g. grey dotted line in
Fig. 2), it is challenging to accurately fit the strain using Eq. (1).
Therefore, the COD at each location cannot be computed using Eq.
(1).

ML is good at mapping the nonlinear relationship between in-
puts and outputs, and this characteristic makes the precise pre-
diction of COD possible. To predict the COD using ML approaches,
several consecutive strain values collected in the vicinity of crack
locations and its corresponding COD can be used as input and
output of ML algorithms, respectively. As the computation of COD
using the noiseless monitoring strain and STM is easy, the datawith
minimal noise can be used to train a ML model to predict the COD.
However, the obtained ML model trained using noiseless data
usually performs poorly among the data with a certain level of
noise. The idea of this study is to make a ML model perform well
among the new collected datawith different SNRs, even though the
ML model is trained using noiseless data.
3. Methodology for prediction of crack opening displacement
of rock microcracks

AML-basedmethodology is proposed for COD prediction of rock
microcracks, and the framework of the proposed methodology is
illustrated in Fig. 3. In the proposed methodology, a dataset with
one-to-one correspondence between strain sequence and COD is
2621
first established. Then, four ML models will be optimized using
Bayesian optimization method, and the obtained Bayesian
optimization-based ML models will be tested on the established
testing dataset. Different levels of Gaussian noises are then added
to the testing dataset to test the anti-noise robustness of the
Bayesian optimization-based ML models.

3.1. Dataset establishment for machine learning models

The dataset should be established prior to the development ofML
models. This study aims to predict the COD of rock, and the data are
collected from a previous UCS test (Lin et al., 2021). In that UCS test, a
cylindrical specimen of granite with a height of 140.3 mm and
diameter of 69.2 mmwas loaded on the uniaxial compression tester
(UCT). To collect the strain during the loading process, an optical
fiber was attached to the surface of the granite specimen forming a
spiral fiber (marked as ‘S’) and five hoop fibers (marked as ‘H1 - H5’),
as presented in Fig. 4. More details about this UCS test can be found
in Lin et al. (2021)'s work. The fiber was connected to a Rayleigh
optical frequency domain reflectometry (OFDR) to acquire strain
data. The following characteristics of the Rayleigh OFDR ensure that
the monitoring strain signal has minimal noises. First, the Rayleigh
OFDR is good at demodulating the signal monitored within 100 m.
The Rayleigh scattering-based system has a spatial resolution of
1 mm and acquires strain data every 5 s. The fiber attached to the
surface of the granite specimen is less than 6m; thus, when the total
fiber loss is small, the fiber loss-induced noise is small. Therefore, the
monitoring signal containsminimal noises. Second, the slow loading
speed of the granite sample does not cause significant strain changes
inside the optical fiber, which alsomakes the Rayleigh backscattered
light suffer less interference. The strain curve plotted in Fig. 4 uses
the collected strain data by OFDR. It can be seen from Fig. 4 that the
collected data have few or no noises because the curve is basically
free from noise-induced fluctuations.

Since the collected strain data have minimal noises, they can be
fitted using the STM (i.e. Eq. (1)), and then the COD can be
computed. It should be noted that the strain used in Eq. (1) to
compute the COD refers to as the crack-induced optical fiber strain
at the centre of crack location. The strain in the vicinity of the crack
locations influences COD, given that microcracks have a certain



Fig. 4. Uniaxial compressive strength test.
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width. Therefore, the idea in this study is to use strain sequence
with a certain length to map a COD through ML algorithms. To
establish a dataset with one-to-one correspondence between strain
sequence and COD, the following two steps are needed:

(1) Compute the COD using Eq. (1) and themeasured strain data.
During the calculation of COD, the strain lag parameter (l) of
34 is used for the optical fiber with acrylate cables, as sug-
gested by Bassil et al. (2020). Fig. 5 shows an example of the
computation of COD using the STM. It shows that three
microcracks present in H2 region at the location of 0.101m
(region II), 0.136 m (region III), and 0.190 m (region IV),
respectively, and three local peak points of the measured
strain (black solid line) correspond to the three cracks
(Fig. 5). The strain computed by the STM is plotted with a red
curve in Fig. 5. The residuals between the measured strain
and computed strains are �178 m 3, �262 m 3, �8 m 3at regions
II, III, and IV, respectively. The maximum residual is only
11.2% of the measured strain. Therefore, the error of
computing COD via Eq. (1) is not larger than 11.2%. It is
feasible to compute the COD using Eq. (1) because of the low
error.

(2) Select a strain sequence with a certain length for computing
a COD. In this study, the values from 32 consecutive mea-
surement points with the peak point as center are sampled
as a strain sequence to map a COD, as presented in Fig. 6. The
reason for selecting 32 points as a strain sequence is that the
length ensures that the points for two neighboring 32-point
2622
strain sequences do not overlap. For example, the center
(peak point) corresponding to crack I and crack II are 0.101 m
and 0.136 m, respectively, as shown in Fig. 6. If taking 32
strain points with the peak point as center, the right point
corresponding to crack I and the left point corresponding to
crack II are at the location of 0.116 m and 0.120 m, respec-
tively. There is a gap of three points, and the points for the
two neighboring 32-point strain sequences do not overlap.
Besides, the value of 32 is an integer power of 2, which fa-
cilitates operations.

Through the two steps, a dataset with one-to-one correspon-
dence between strain sequence and COD can be established. The
length of a strain sequence is 32, and the strain sequence can be
regarded as a 32 � 1 matrix. A total of 6120 strain sequences cor-
responding 6120 COD values are obtained from the UCS test. A total
of 5508 samples are randomly chosen for training set, while 612
samples are set aside for testing.

3.2. Machine learning algorithms

3.2.1. Support vector regression (SVR)
SVR is a supervised ML approach to handle a regression problem

that allows for a real-valued function estimation. SVR handles
nonlinear data through a kernel function that transforms the input
data to a higher-dimensional kernel space. The detailed introduc-
tion about SVR can be found in Awad et al. (2015). To train the SVR,
setting of kernel parameter (g) and penalty parameter (C) is



Fig. 5. The testing specimen and measured strain as well as the strain fitted by STM.

Fig. 6. Schematic of strain sequences for COD of rock microcracks.
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important. Following a previous study (Zhao et al., 2023a), using
‘scale’ mode to automatically calculate kernel parameter (g) can
help an SVR to achieve good performance. The best penalty
parameter (C) can be determined through optimization. A total of
5508 matrices (each having a length of 32 � 1) are used to train the
SVR, and 612matrices not used as training samples are employed to
examine (i.e. test) the trained SVR model.
3.2.2. Multi-layer perceptron (MLP)
MLP consists of an input layer, one ormore hidden layers, and an

output layer. The number of hidden layers in an MLP and the
number of nodes in each layer can vary for a given problem. The
power of an MLP comes precisely from nonlinear activation func-
tions. The initial learning rate influences the training speed and
performance of an MLP. More details of MLP can be found in
Murtagh (1991). In this study, the MLP with 3 hidden layers is used,
and these 3 hidden layers have 24, 16, and 8 neurons. The initial
learning rate and training batch size are important parameters, and
they can be determined through optimization. The data that are
used to train and test SVRmodel are also used to train and test MLP,
respectively.
3.2.3. Extreme gradient boosting (XGBoost)
XGBoost is a boosting tree model that sequentially integrates
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the outputs of many base decision trees. During the growth of
XGBoost, each newly added tree learns from its former trees and
updates the residuals. A greedy algorithm is used to establish new
decision trees through iteratively adding branches starting from a
single leaf node. The information needed to build the decision tree,
namely the weight assigned to each leaf node, the information gain
after splitting the node, and the eigenvalue importance ranking
function, can be obtained from the objective function. More details
of XGBoost can be found in Chen and Guestrin (2016). The number
of trees of XGBoost (denoted as n_estimators) and the maximum
depth of the tree (denoted as max_depth) are main parameters to
determine the XGBoost regression trees (RTs). The optimization of
these two parameters and other parameters will be explained in
Section 4.1. The data that are used to train and test SVR model are
also used to train and test XGBoost, respectively.

3.2.4. Random forest
RF is an ensemble algorithm that integrates multiple trees

through the idea of Bagging. The basic unit of RF is the classification
tree or RT. The RT uses the heuristic method to divide the sample
space, and selects the j-th variable and its value (s) as the splitting
variable and splitting point. Therefore, the following two sample
subspaces can be defined as

R1ðj; sÞ¼
n
x
���xðjÞ � s

o
(3)

R2ðj; sÞ¼
n
x
���xðjÞ > s

o
(4)

The mean square error (MSE) of the two sample subspaces is
computed as

MSEs ¼min
j;s

2
4min

c1

X
xi2R1ðj;sÞ

ðxi � c1Þ2 þmin
c2

X
xi2R2ðj;sÞ

ðxi � c2Þ2
3
5

(5)

cm ¼ 1
Nm

X
xi2Rmðj;sÞ

xi ðm¼ 1;2Þ (6)

The RT can automatically find the j and s to obtain the minimum
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MSEs, and it will divide the sample following MSEs until the node
where the sample is located is a leaf node, as shown in Fig. 7. More
details on RTcan be found in Loh (2011). The RF algorithm performs
random sampling with replacement (bootstrap sampling) for the
established training set in Section 3.1. It will randomly select N
training samples from the training set to form a sub-training set,
and the sub-training set is allowed to contain duplicate samples.
Therefore, the sub-training set for each tree is different. For each
selection of N training samples to establish the k-th RT, approxi-
mately one-third of the samples will not participate in the gener-
ation of the k-th tree. This one-third of the samples is the out-of-
bag (OOB) samples, and they will be used to compute the OOB er-
ror to evaluate the performance of k-th RT (Breiman, 2001). The
growth process of RF is presented in Fig. 8. A number of n RTs will
be grown to predict n values of COD, and the average value of the n
COD values will be calculated as the final COD value.

In the growth process of RF, the number of trees of RF (denoted
as n_estimators), the maximum depth of the tree (denoted as
max_depth), and the number of features to consider when
searching for the best segmentation (denoted as max_features)
have significant effect on the performance of RF. These three pa-
rameters can be determined through the Bayesian optimization
process. The training and testing of the RF also uses the data that
are used to train and test SVR model, respectively.
3.3. Bayesian optimization

There are two commonly used parameter tuning methods for
ML algorithms, namely grid search and random search. However,
the speed of grid search methods is slow, and random search
methods may miss important points in the search space. Fortu-
nately, a third option exists: Bayesian optimization. Bayesian opti-
mization enables the identification of best parameters for all
models, and therefore the best models can be selected through
comparison. The general process of Bayesian optimization can be
summarized as follows:

(1) A surrogate function [s(x)] is selected as the approximation of
function of the objective function [f(x)], and the prior prob-
ability distribution [p(y)] of the surrogate function can be
easily initialized;

(2) An acquisition function [a(x)] is selected, and the x value that
maximizes the value of a(x) is determined to obtain the next
value (i.e. xnþ1); third, the value of f(xnþ1) is then computed
Fig. 7. Schematic of re
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and stored; fourth, the (xnþ1, f(xnþ1)) is used to update s(x)
and obtain the posterior probability distribution [p(yjx, Dn)],
which will be used as the prior probability distribution of the
next iteration; finally, repeat steps 2e4 until the maximum
number of iterations is reached. This process is summarized
in Table 1. The key to the Bayesian optimization is to establish
surrogate function and acquisition function. One of the
commonly used surrogate function is the tree-structure
Parzen estimator (TPE), which uses the Expected Improve-
ment (EI) as acquisition function. More details about TPE can
be referred to the authors' previous work (Zhou et al., 2021).

In this study, Hyperopt, a Python library, is used to perform the
Bayesian optimization of ML algorithms. Hyperopt can be used to
efficiently optimize the ML algorithm in which many hyper-
parameters need to be set (Bergstra et al., 2015). Information
about all the points evaluated during the optimization process can
be accessed and visualized via Hyperopt. Moreover, Hyperopt for-
malizes the practice of model optimization, so that benchmarking
experiments can be reproduced. There are three steps to use
Hyperopt and they are summarized in Fig. 9.
3.4. Evaluation indicators

It is crucial to evaluate the ML algorithms using appropriate
performance indices. For this purpose, five indices, namely the
goodness of fit (R2), mean squared error (MSE), root-mean-square
error (RMSE), standard deviation (STD), and correlation coeffi-
cient (r) are selected to evaluate the prediction performance of ML
algorithms. R2 value close to 1 indicates a better predictive ability of
a ML model. The R2 value is computed as

R2 ¼ SSR
SST

¼ 1� SSE
SST

(7)

where SST is the total sum of squares and SSE is the error sum of
squares:

SST ¼
XN
i¼1

ðyi � yÞ2 (8)
gression tree (RT).



Fig. 8. Schematic of random forest.

Table 1
Process of Bayesian optimization.

Algorithm Bayesian optimization

1: for n ¼ 1, 2, …do
2: Select new xnþ1 by optimizing acquisition function a

xnþ1 ¼ arg½max aðx; DnÞ�
x

3: Query objective function to obtain f(xnþ1)
4: Augment data Dnþ1 ¼ {Dn, (xnþ1, f(xnþ1))}
5: Update surrogate function [s(x)]
6: end for

Fig. 9. The steps of using Hyperopt.
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SSE¼
XN
i¼1

ðfi � yiÞ2 (9)

where fi is the predicted value of ML algorithms, yi is the label
(actual value), and y is the average value of all the yi. SSR is
regression sum of squares (SSR ¼ SST - SSE).

The MSE and RMSE values close to 0, the STD value close to the
observation value (i.e. SST), and r value close to 1 indicate a better
predictive ability of a ML model. The MSE, RMSE, STD, and r values
are computed by

MSE¼ 1
N

XN
i¼1

ðfi � yiÞ2 (10)

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ðfi � yiÞ2
vuut (11)

STD¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ðfi � f Þ2
vuut (12)
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r¼

PN
i¼1

ðfi � f Þðyi � yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1

ðfi � f Þ2
s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i¼1
ðyi � yÞ2

s (13)

where f is the average value of all the fi.
Fig. 11. The effect of number of trees on the performance of the BO-RF.
4. Analysis of COD prediction results of ML models

4.1. Hyper-parameter optimization

The SVR, MLP, XGBoost, and RF are optimized using Bayesian
optimization method. Through Bayesian optimization, the hyper-
parameters of these four ML algorithms are summarized in
Table 2. All the hyper-parameters that are to be estimated in
searching space is specified by uniform distribution (Table 2).
Hyperopt enables obtaining information about all the points eval-
uated during the optimization process. Taking BO-RF as an example,
the number of trees (n_estimators), the maximum depth of the tree
(max_depth), and the number of features to consider when
searching for the best segmentation (max_features) are visualized,
and the results are presented in Fig. 10. The lighter point in Fig. 10
indicates that RF obtains a better result. It can be known in Fig. 10
that the RF can achieve higher cross validation accuracy (i.e. cross
validation R2) when the values of n_estimators, max_features, and
max_depth are set to16, 6, and 21, respectively.

The effect of the number of trees on the performance of the BO-
RF is also investigated, and the results are plotted in Fig. 11. It shows
in Fig. 11, the performance of the model hardly increases when the
number of trees is higher than 16.
Table 2
The best hyper-parameters of the four used ML models.

Approach Hyper-parameters Searching s

SVR C [0, 100]
MLP batch_size [5, 20]

learning_rate_init [0.0005, 0.0
XGBoost n_estimators [100, 1000]

max_depth [2, 20]
learning_rate [0.001, 0.01
gamma [1, 9]
min_child_weight [0, 10]
subsample [0.8, 1]
colsample_bytree [0.1, 1]
reg_alpha [0.1, 1]
reg_lambda [0.1, 1]

RF n_estimators [1, 25]
max_features [1, 8]
max_depth [1, 25]

Fig. 10. Determination o
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4.2. Results of ML models on training and testing datasets

The above mentioned four ML models are executed using the
hyper-parameters introduced in Table 2 on a desktop equipped
with an Intel Core i9-12900K CPU, an NVIDIA RTX 3090 GPU, and
64 GB of RAM. These models are trained and tested using the
established dataset in Section 3.1. It should be noted that the data in
the dataset have minimal noises.

The 10-fold cross-validation is used to investigate the relation-
ship between training samples (sizes) and the goodness of fit (R2).
As indicated by R2 during training process (Fig. 12), the learning
ability of BO-SVR and BO-MLP is poorer than that of BO-XGBoost
and BO-RF when the training samples are less than 3000. The
learning ability of BO-RF is slightly higher than that of BO-XGBoost.
The testing R2 score of these four ML models increases with in-
crease of the training samples. These ML models, except for BO-
pace Optimal value Tuning time (s)

60 170
10 195

05] 0.001
456 262
12

] 0.01
6.4873
7
0.9569
0.3448
0.97
0.1618
16 61
6
21

f hyper-parameters.



Fig. 12. The effect of training samples on the performance of the four ML models.
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MLP, almost maintain a stable R2 score when the training samples
are large than 3000. It shows that the division of the amount of data
for the training and testing dataset are appropriate.

Fig. 13 shows the Taylor diagram of the four ML models in pre-
dicting COD on the testing dataset. The Taylor diagram includes
three metrics: STD, r, and RMSE. For an ideal ML model to predict
COD, the value of r and RMSE would be close to 1 and 0, respec-
tively, while the STD value would be close to the observation value.
Herein, the observation value refers to as STD of the label
(measured value). Therefore, the closer the point to the observation
point in Taylor diagram, the better the performance of the ML
model. For the testing dataset, it can be seen in Fig. 13 that the
capability of the BO-MLP, the BO-XGBoost, and the BO-RF in pre-
dicting COD are very similar, and these three ML models are su-
perior to the BO-SVR model in terms of COD prediction.
Fig. 13. Taylor diagrams of different ML models for the testing dataset.
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In this study, the labels of COD (i.e. the COD computed by STM)
in the established dataset are denoted as the measured COD. Fig. 14
shows the distribution of measured COD and predicted COD along
the datum line y ¼ x. If the predicted COD is equal to the measured
COD predicted by the four ML models, the points will fall on the
datum line y ¼ x. It can be seen in Fig. 14 that all points are
concentrated near the datum line y ¼ x. The discreteness of the
distribution of predicted COD for the BO-MLP, BO-XGBoost, and BO-
RF is relatively similar, which means the predictive ability of these
three models for COD is similar. The discreteness of the distribution
of predicted COD for the BO-SVR model is slightly larger than that
for the other three models; however, the predicted results of COD
are also satisfactory.

From the above analysis of 10-fold cross-validation results, the
Taylor diagram, and the prediction results of COD, it shows that all
the SVR, MLP, XGBoost, and RF can achieve satisfactory perfor-
mance on the testing data with minimal noises after the Bayesian
optimization of hyper-parameters, and their predictive ability are
very similar. However, in engineering practice, the field data
collected from sensors or optical fibers typically contain various
types of noises, which vary widely depending on the environment.
Therefore, it is necessary to investigate the predictive ability of the
models that are trained using the data with minimal noises, when
facing noisy testing data.
4.3. Performance comparisons between different approaches under
noisy environment

Training ML models on clean data (or data with minimal noise)
and evaluating their performance on noisy data are an effective
means to examine a model's robustness against data noises. The
additive white Gaussian noise has a clear analytical expression and
is often used to study the noise resistance of DL or ML models
(Zhang et al., 2018; Zhao et al., 2019). Therefore, in this study, only
the additivewhite Gaussian noises with different SNRs are added to
the established testing dataset to create composite noisy datasets.



Fig. 14. Comparison of the measured COD and COD predicted by different models on the testing dataset.

Fig. 15. A monitored strain sample that is added Gaussian noises with different SNR values.
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The larger the value of SNR, the smaller the noise intensity. The SNR
(unit: dB) is computed as

SNR¼10 log10

�
Psignal
Pnoise

�
(14)

where Pnoise and Psignal are the power of noises and signals,
respectively.

The composite noisy datasets with an SNR value ranging from
0 to 20 dB are used to investigate the anti-noise robustness of BO-
SVR, BO-MLP, BO-XGBoost, and BO-RF model. Fig. 15 presents an
original measured data fragment and its corresponding composite
noisy data fragment with SNR values of 0, 10 dB, and 20 dB. The
composite signals with SNR value of 0 and 10 dB fluctuate violently,
as displayed in Fig. 15.

The goodness of fit (R2) and MSE of the four ML models on the
composite noisy datasets with different SNRs are summarized in
Table 3 and Fig. 16. It can be seen in Fig. 16a that the R2 values of the
BO-XGBoost model and the BO-RF model are far better than those
of the BO-MLP model and the BO-SVRmodel when the SNR value is
lower than 6. Even when the SNR value is 0, the R2 value of the BO-
Table 3
The R2 and MSE of different ML models on composite datasets with different SNR values

Model Metric Testing dataset SNR (dB)

20 16

BO-SVR R2 0.9708 0.9300 0.87
MSE 17.4358 41.7974 76.3

BO-MLP R2 0.9922 0.9717 0.94
MSE 4.6632 16.8875 35.6

BO-XGBoost R2 0.9839 0.9715 0.95
MSE 9.6039 17.0108 25.2

BO-RF R2 0.9863 0.9672 0.95
MSE 8.1780 19.5967 24.4
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XGBoost model and the BO-RF model are above 0.8, whereas the R2

values of the BO-MLP model and the BO-SVR model are below 0.25.
As displayed in Fig. 16b, the MSE of the BO-XGBoost model and the
BO-RF model is much smaller than that of the BO-MLP model and
the BO-SVR model when the SNR value is lower than 6. Moreover,
the MSE of the BO-RF model is smaller than that of the BO-XGBoost
model. The Taylor diagram of the four MLmodels in predicting COD
on the composite dataset with SNR of 0 is presented in Fig. 17.
Compared with the points representing the BO-SVR and the BO-
MLP model, the points representing the BO-XGBoost and the BO-
RF model are closer to the observation point. Conclusion can be
drawn from above analysis that the BO-XGBoost model and the BO-
RF model are more robust for Gaussian noises, in comparison with
the BO-MLP model and the BO-SVR model. The anti-noise robust-
ness of the BO-RF model is slightly superior to that of the BO-
XGBoost model.

Fig. 18 shows an example of the COD prediction results from the
four MLmodels on the composite dataset with SNR¼ 2 dB. It shows
that the discreteness of the distribution of predicted COD for the
BO-SVR and the BO-MLPmodel is much larger than that for the BO-
XGBoost and the BO-RFmodel. Moreover, the COD values predicted
.

12 8 4 0

22 0.7452 0.5354 0.2080 0.0774
385 152.2228 277.5179 473.1061 551.1096

03 0.8975 0.8443 0.6033 0.2047
695 61.2371 93.0263 236.9491 475.0907

77 0.9439 0.9282 0.8694 0.8002
705 33.4845 42.9031 78.0430 119.3357

91 0.9438 0.9204 0.8858 0.8293
326 33.5848 47.5460 68.1789 101.9942



Fig. 16. The R2 and MSE of different ML models among composite noisy datasets.

Fig. 17. Taylor diagrams of different ML models for the composite dataset with
SNR ¼ 0 dB.

Fig. 18. Comparison of different models in predicting
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by the BO-SVR and BO-MLPmodels have negative values, indicating
that the COD predictive ability of the BO-SVR and BO-MLP model is
poor when the SNR is low (i.e. the noise intensity is high).

The COD values predicted by the BO-RF model on composite
datasets with different SNRs are plotted in Fig. 19. As shown in
Fig.19, the predicted COD values become increasingly accuratewith
the increase of SNR value (i.e. the decrease of noise intensity). Even
when the SNR value is low (e.g. ranging from 0 to 8), the COD values
predicted by the BO-RF model can also be distributed relatively
evenly on both sides of the datum line y ¼ x. The BO-RF model
demonstrates a good anti-noise robustness even though the noise
intensity is high. It should be noted that only additive white
Gaussian noise is applied to test the noise resistance of the used ML
models in this study, so the BO-RF model is more useful for data
with additive white Gaussian noise.
5. Discussion

The reasons that the BO-RF model achieves the best perfor-
mance among the used ML models will be discussed by analyzing
the differences in COD prediction performance. As shown in Table 3,
the BO-SVR and the BO-MLP can achieve good performance with
COD on the composite dataset with SNR ¼ 2 dB.



Fig. 19. The COD predicted by BO-RF among composite datasets with different SNR values.

Fig. 20. Feature importance: (a) BO-RF, and (b) BO-XGBoost.
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high R2 and low MSE values on the testing dataset, but their per-
formance on the datasets with low SNR value is poor. The BO-SVR
and the BO-MLP are single algorithms, and they can learn crack
features well from a given dataset through optimizing hyper-
parameters. However, after adding Gaussian noises to the testing
dataset, a lot of new features, as well as features similar to those on
the training dataset, appear in the composite noisy datasets. The
obtained BO-SVR and BO-MLP model cannot provide a good fit to
the data from the noisy datasets that are not used to training
process, because features on noisy datasets similar to those on the
training dataset interfere with accurate prediction of COD.

The BO-XGBoost and BO-RF model are ensemble learning
models, and they integrate results from many learners. During the
growth of BO-XGBoost, the residual of the previous RT is learned to
obtain a current RT. Each subsequent RT aims to reduce the residual
of the previous RT. This iterative process continues until the re-
sidual no longer decreases. The BO-XGBoost finally integrates the
results of each RT. The underlying principle of the BO-XGBoost (i.e.
Boosting) is that a proper synthesis of the results of multiple
learners will produce a result superior to the result of any indi-
vidual learner. The prediction result of the BO-XGBoost on the
datasets with strong noise are also a synthesis of the results of
multiple learners. Therefore, the BO-XGBoost is robust to noise, and
thus its COD prediction performance is better than that for single
algorithms (i.e. BO-SVR and BO-MLP).

The BO-RF model will perform random sampling on a given
dataset. This sampling method guarantees that different training
datasets can be obtained, and thus the individual learners trained
on these different datasets are independent and have large differ-
ences. Therefore, the ensemble learning model integrated by these
individual learners have strong generalization ability. Moreover,
the features among a dataset are randomly selected during the
training of the ensembled BO-RFmodel. The importance of features
obtained from the training of the BO-RF and the BO-XGBoost is
shown in Fig. 20. Since there are 32 points in a strain sequence (see
Section 3.1), the sequence can be regarded as having 32 features
2630
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(denoted as f1 to f32). The points representing features of f1 - f16
are at the left of the peak point (representing features of f17), and
the points representing features of f18 - f32 are at the right of the
peak point. It can be known from Fig. 20 that the BO-RF model
randomly select features, some feature points on one side of the
peak point (including it) are considered very important by the BO-
RF model. Whereas the feature selection of the BO-XGBoost has
certain rules, the feature points of the boundary are considered
most important, followed by feature points in the vicinity of peak
point. It is the random sampling, random selection of features, and
characteristics of result integration that make the BO-RF robust to
data noise. Therefore, the anti-noise robustness of the BO-RF is
better than that of BO-XGBoost on the DFOS with different SNR
values.

6. Conclusions

This study proposes a ML-based methodology to achieve the
crack opening displacement (COD) prediction using distributed fi-
ber optic sensing (DFOS) data. Through the proposed methodology,
the prediction of COD using noisy DFOS data with different SNR
values is achieved.

(1) In the proposed methodology, a dataset with one-to-one
correspondence between strain sequence and COD is first
established using the DFOS data. The Bayesian optimization
method is then used to select the more important parame-
ters associated with the used MLmodels. Hyperopt, a Python
library, is used to perform the Bayesian optimization, since
Hyperopt can be used to simultaneously optimize the mul-
tiple hyper-parameters of a ML algorithm in an efficient way.

(2) A total of four ML models, namely the BO-SVR, the BO-MLP,
the BO-XGBoost, and the BO-RF, are optimized using
Bayesian optimization method. For the COD prediction, all
four models achieve an R2 value above 97% on the original
testing dataset. To test the anti-noise ability of the BO-RF
model, the original testing dataset is added into additive
white Gaussian noises with SNRs ranging from 0 to 20 dB.
The BO-RFmodel demonstrate a relatively optimal anti-noise
ability, and it performs random sampling with replacement
on a given dataset and randomly selects features for training.
This random property increases the anti-noise ability of the
BO-RF model and makes it superior to the other used ML
models in terms of anti-noise robustness.

This paper provides an alternative approach to predict the
microcrack's COD. For ongoing and future research, the BO-RF
model will be combined with convolutional neural networks
(CNNs) to achieve the more better COD prediction performance
from the noisy DFOS data. The fully connected layer of a CNN can be
replaced with the BO-RF to further improve the model's anti-noise
robustness. It should be noted that a CNN should be delicately
designed in order to prevent big errors of the CNN's extracted
features from being introduced into the BO-RF model.
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