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1. Introduction

In both communities of industry and academia,
structural health monitoring (SHM) has raised growing 
concerns in the interest of guaranteeing the reliability of 
infrastructure systems and providing early warnings on 
structural damage or deterioration to avoid a catastrophic 
accident. The past two decades witnessed increasing study 
dedicated to structural health monitoring and structural 
health monitoring techniques has evolved from diagnosis to 
prognosis on the basis of monitoring data (Porter et al. 
2002, Ju et al. 2011, Lee et al. 2014, Parida et al. 2020, 
Papadimitriou 2004, Kopsaftopoulos and Fassois 2011, 
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Brownjohn 2007, Wang et al. 2022a, 2018a). The measured 
strain responses are increasingly used in structural state 
forecasting and diagnosis because they can directly 
manifest the safety state of the structural components or 
derive information on the bearing capacity of the whole 
structure (Ko and Ni 2005, Ni et al. 2009, Wan and Ni 
2019a, b). Therefore, accurate data modelling for structural 
strain responses has become a critical step for the 
dependable diagnosis and prognosis of structural 
conditions. 

Many cases show that structural health conditions can 
be estimated by analyzing their strain response (Wang et al. 
2023, Herbko et al. 2022, Braunfelds et al. 2022, Glisic 
2022, Theiler et al. 2014, Khan et al. 2021, Wang et al. 
2022b). The strain evolution is a typical nonlinear dynamic 
process for large and complex structures subjected to live 
load and environmental load (Locke et al. 2020, 
Mohammadi et al. 2007), especially during extreme events 
(such as typhoons, floods, and geologic hazards). Assessing 
the strain responses of bridges during those extreme events 
is critical to the design, repair, maintenance, and other 
decisions. The typhoon event is one of the important causes 
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of bridge damage. Monitoring the strain of bridges during 
typhoon events and processing the recorded strain data for 
structural performance evaluation has become a research 
hotspot. And, there is a strong need to develop an efficient 
and accurate data modelling and analysis method for 
structural strain responses. 

Gaussian process (GP) has become one of the most 
practical tools to solve the all-kind problem in the field of 
machine learning (Agou et al. 2022, Iba and Akaho 2010), 
the main reason is that for nonlinear problems the Bayesian 
framework can be used to solve the problems such as data 
training, model selection, forecasting. And another reason is 
that the GP problem can be resolved through a relatively 
simple linear algebra method (Talaei and Ma 2007). The 
limitation in the GP model is the assumption that the noise 
is constant throughout the input space. However, in actual 
problems, the noise is always changing (Skolidis and 
Sanguinetti 2011, Urban et al. 2015), that is, the noise 
variance is different, so the heteroscedastic Gaussian 
process (HGP) appears (Mousavi and Gandomi 2021, 
Bludszuweit et al. 2009) to solve this kind of problem. 
Traditional HGP algorithms employ another GP to define 
the noise variance, but this process can only obtain an 
approximate solution through Markov Chain Monte Carlo 
(MCMC) sampling or analysis rather than an exact solution 
through learning or analysis (Munoz-Gonzalez et al. 2016, 
Kersting 2007). While most likely heteroscedastic Gaussian 
process (MLHGP) replaces the full posterior distribution of 
the changing noise by a point estimation at the most likely 
value, and in this manner, the predictive posterior over the 
test output can be evaluated analytically. Thus, the MLHGP 
framework is computationally attractive in dealing with 
regression issues in the situation of monitoring data with 
input-dependent noises compared with other traditional 
HGP algorithms (Binois and Gramacy 2021). In addition, 
data regression and forecasting methods also include 
Bayesian algorithms (Wright 2008, Baesens et al. 2002, 
Crawford et al. 2019), support vector machines (SVM) 
(Subasi 2013, Yoon and Kim 2010), Neural Network 
(Majkovic et al. 2016, Partal 2017), and other machine 
learning methods (Sierra-Garcia and Santos 2021, Von 
Krannichfeldt et al. 2007). 

Despite the rapid advances in data science at SHM 
including the aforementioned machine learning algorithms, 
the specific goals of data modelling and analysis still face 
two typical challenges (Wan et al. 2022, Wan and Ni 2019b, 
Wang et al. 2022c, Wang et al. 2018b). (1) Firstly, relatively 
few studies have considered structural response forecasting 
under extreme events such as typhoon events. The structural 
response data under such extreme events fluctuates greatly 
and has strong randomness, which makes regression and 
forecasting more complex and difficult to deal with. (2) In 
addition, the accuracy and robustness of the research using 
the Gaussian process for structural response forecasting are 
insufficient, and the data processing method of 
heteroscedasticity needs to be further investigated. 

In order to resolve these two problems, this study 
proposes an improved Most Likely Heteroscedastic 
Gaussian Process (iMLHGP) methodology, which 
calculates the maximum probability in the posterior 

distribution of variance and incorporates an out-of-sample 
forecasting algorithm. Compared with HGP algorithms, the 
proposed iMLHGP method can improve the data modelling 
accuracy for estimating non-stationary typhoon-induced 
response statistics with high volatility, and extend the 
application range from data regression analysis to out-of-
sample forecasting analysis. The typhoon-induced strain 
responses of bridges are typical non-stationary data, and the 
proposed iMLHGP algorithm is especially suitable for data 
analysis for this kind of structural response. The main 
contributions of this article are as follows: Firstly, to the 
best of our knowledge, the proposed iMLHGP is initially 
used to perform regression analysis on the strain response 
of the bridge during typhoon events. Secondly, in this paper, 
the MLHGP algorithm is improved by incorporating an out-
of-sample forecasting algorithm, which would extend its 
application range from regression analysis to out-of-sample 
forecasting analysis. In addition, the regression and out-of-
sample forecasting performance of GP and iMLHGP were 
analyzed and compared in detail. Finally, by quantifying 
uncertainty and analyzing correlation, the influence of 
typhoon action on the bridge strain response is fully 
discussed and investigated. 

The rest of the paper is organized as follows: Section 2 
describes the formula derivation and improvement of GP, 
HGP, and iMLHGP; In the third section, the experimental 
verification results of the iMLHGP method are introduced 
in detail. In sections 3.2 and 3.3, GP and iMLHGP are used 
to perform regression and forecasting of structural strain 
response in typhoon and non-typhoon conditions, and the 
differences between the two methods are analyzed. In 
sections 4.1 and 4.2, the strain data uncertainties were 
quantified through the confidence interval width obtained 
by iMLHGP, and correlations in SHM data were 
investigated. Section 5 concludes the current works and the 
prospect of future directions. 

 
 

2. An improved MLHGP methodology 
 
An improved Most Likely Heteroscedastic Gaussian 

Process (iMLHGP) methodology is proposed in this study 
for high-accuracy data modelling and analysis of strain data 
with high volatility. The proposed iMLHGP is initially used 
to perform regression, forecasting and correlation analysis 
on the strain response of the bridge during typhoon events. 
The specific data modelling procedure using the proposed 
iMLHGP method is shown in Fig. 1. 

 
2.1 Heteroscedastic Gaussian Process 
 
Since GP framework employs Bayesian method to solve 

model learning, model selection, density estimation, etc, it 
can effectively solve the nonlinear regression problem, and 
also can deal with the over-fitting problem well (Zhang and 
Ni 2020). The purpose of using GP to perform regression on 
monitoring data is to obtain a function F, which corresponds 
to the data in each monitoring data set S to the data in time 
series T. Many uncertain factors in the actual monitoring 
process will cause the error of monitoring data. The 
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monitoring error can be expressed by 𝜀. The basic formula 
of the GP process can be expressed as follows 

 𝑠௜ ൌ 𝑓ሺ𝑡௜ሻ ൅ 𝜀௜ (1) 
 

where the observation error 𝜀௜ is usually assumed to be an 
independent normal distribution in the GP with the zero 
mean value and the variance is 𝑔௜. The set of the variances 𝑔௜ is G. 

The Gaussian process algorithm belongs to a kind of 
nonparametric Bayesian modeling method for an unknown 
function, which can be defined through a mean function 𝑚ሺ𝑡ሻ  and a covariance function 𝑘ሺ𝑡, 𝑡′ሻ . A simplified 
premise is placing prior information with a zero-mean GP 
on the function value, given as follows 

 𝑝ሺ𝑓|𝑡ሻ ൌ 𝑁ሺ0,𝐾ሻ (2) 
 

where K is the covariance matrix, and 𝑘௜௝ is calculated at 𝑡௜ and 𝑡௝ by the covariance function 𝑘൫𝑡௜ , 𝑡௝൯. Generally, 
the squared exponential kernel is usually used as the prior 
form of matrix 𝑘൫𝑡௜ , 𝑡௝൯, expressed by 

  𝑘൫𝑡௜ , 𝑡௝൯ ൌ 𝜂ଶ𝑒𝑥𝑝 ቂฮ𝑡௜ − 𝑡௝ฮଶ ሺ2𝑙ଶሻൗ ቃ (3) 
 

where ‖൉‖ is the Euclidean distance between 𝑠௜ and 𝑠௝, 𝜂 
is the signal amplitude, and 𝑙 is the characteristic length 
scale. 𝜂 and 𝑙 are measures of the similarity between the 
two monitoring values, which can be expressed by the 
parameter 𝜃௙ ൌ ሼ𝜂, 𝑙ሽ. The joint Gaussian distribution of the 
monitoring value 𝑠 and the function 𝑓∗ at the time point 𝑡∗ can be expressed as 

 ቂ𝑦𝑓∗ቃ~𝑁 ൬ቂ00ቃ , ൤𝐾 ൅ 𝑄 𝑘∗     𝑘∗்   𝑘∗∗൨൰ (4) 

 
where 𝑄 is the noise variance diagonal matrix ሾ𝑄ሿ௜௜ ൌ 𝑔∗ଶ, 
which is assumed to be the independent normal distribution. 

 
 𝑘∗ is the covariance vector between the training time point 𝑡௜ and the test time point 𝑡∗ obtained from the covariance 
function and 𝑘∗∗ is the prior variance calculated from the 
covariance function at 𝑡∗. The posterior distribution for 𝑓∗ 
at 𝑡∗ would be calculated through the conditional identity 
of multivariate Gaussian distribution. 

 𝑝൫𝑓∗|𝑡∗,𝜃௙ ,𝑔,𝑇, 𝑆൯ ൌ 𝑁൫𝜇௙∗ ,𝜎௙∗ଶ൯,𝑤ℎ𝑒𝑟𝑒 (5) 
 𝜇௙∗ ൌ 𝑘∗் ሺ𝐾 ൅ 𝑄ሻିଵ𝑠 (6) 
 𝜎௙∗ଶ ൌ 𝑘∗∗ − 𝑘∗் ሺ𝐾 ൅ 𝑄ሻିଵ𝑘∗ (7) 
 
A posteriori distribution of the test output 𝑠∗ can be 

obtained by adding the noise variance 𝑔∗ଶ to the function 
value 𝑓∗ at the test time point 𝑡∗ as 

 𝑝൫𝑠∗|𝑡∗,𝜃௙ ,𝑔,𝑇, 𝑆൯ ൌ 𝑁൫𝜇௦∗ ,𝜎௦∗ଶ ൯,𝑤ℎ𝑒𝑟𝑒 (8) 
 𝜎௦∗ଶ ൌ 𝜎௙∗ଶ ൅ 𝑔∗ଶ ൌ 𝑘∗∗ − 𝑘∗் ሺ𝐾 ൅ 𝑄ሻିଵ𝑘∗ ൅ 𝑔∗ଶ (9) 
 
Both the kernel parameter 𝜃௙ and the noise level 𝑔ሺ𝑡ሻ 

need to be learned from the data. In the GP, the noise level 
is constant throughout the input time series, so the noise 𝑔ଶሺ𝑡ሻ ≡ 𝜎௡ଶ and the noise matrix 𝑄 ≡ 𝜎௡ଶ𝐼 can be derived. 
The unknown kernel parameter 𝜃௙ and the noise matrix 𝜎௡ଶ are the hyperparameter 𝜃௦ ൌ ൛𝜃௙,𝜎௡ଶൟ of the GP model 
and can be resolved by maximizing the logarithmic 
marginal likelihood. 

 𝑙𝑜𝑔 𝑝ሺ𝑠|𝑇,𝜃௦ሻ ൌ − 12 𝑠்ሺ𝐾 ൅ 𝜎௡ଶ𝐼ሻିଵ                                 −12 𝑙𝑜𝑔|𝐾 ൅ 𝜎௡ଶ𝐼| − 𝑛2 𝑙𝑜𝑔ሺ2𝜋ሻ (10)

 
This process is known as the type II maximum 

likelihood (ML-II) estimate of the hyperparameters 𝜃௧ , 
which can be obtained by optimizing algorithms 
(Rasmussen and Nickisch, 2010) that pursue a local 

 
Fig. 1 Technical overview of SHM data modelling enabled by the iMLHGP model 
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maximum with an acceptable range or a possible global 
optimum. 

If the heteroscedastic data is applied to the 
homoscedasticity model, the model will select an average 
noise level as the noise matrix 𝜎௡ଶ. GP regression in the 
data with obvious heteroscedasticity will lead to a decrease 
in the accuracy of regression. Some improvement measures 
for the GP method can improve the accuracy of regression. 

The HGP requires the estimation of noise at each point. 
An independent Gaussian process is placed for the 
logarithms of the data noises (Goldberg 1998), denoted as 𝑧(𝑡)  =  log𝜎(𝑡) . This z-process employs a different set of 
hyperparameters 𝜃௭ and a covariance function 𝑘௭. In this 
manner, the noise levels 𝜎 and 𝜎∗ are expressed through 
a probabilistic model. Therefore, the HGP predictions 
would be evaluated through marginalization 

 𝑝(𝑠∗|𝑡∗, 𝑆,𝑇)= ඵ𝑝(𝑠∗|𝑡∗, 𝑧, 𝑧∗, 𝑆,𝑇)𝑝(𝑧, 𝑧∗|𝑡∗,𝑇)𝑑𝑧𝑑𝑧∗ (11)

 
The analytic solution of this integral is difficult to 

obtain. Generally, the Monte Carlo sampling method is used 
to extract samples ሼ(𝑧ଵ, 𝑧ଵ∗), … , (𝑧௞, 𝑧ଶ∗)ሽ  from 𝑝(𝑧, 𝑧∗|𝑡∗,𝑇)  and approximate the integral by ଵ௞ ∑ 𝑝൫𝑠∗|𝑥∗, 𝑧௝, 𝑧௝∗,𝑇, 𝑆൯௞௝ୀଵ . This sampling method has the 
disadvantages of the huge amount of calculation and time-
consuming. By comparison, the MLHGP framework is 
simple and computationally attractive to handle data 
modelling problems with varying noise. In the MLHGP 
framework, a point estimation on the most likely value is 
adopted to replace the posterior distribution of the input-
dependent noises, and thus the predictive posterior would 
be analytically solved. The specific process of MLHGP will 
be introduced in the following chapters. 

 
2.2 An improved most likely heteroscedastic 

Gaussian Process regression 
 
The MLHGP algorithm replaces the posterior 

distribution of the input-dependent noises with the point 
estimation on the most likely value, which greatly improves 
the computational ability to handle data modelling problems 
with varying noise for computation. In order to further 
improve the accuracy, and extend its application range from 
regression analysis to out-of-sample forecasting analysis. 

 
 

This study proposed an improved MLHGP framework by 
incorporating an out-of-sample forecasting method. 

In the proposed iMLHGP framework, the posterior of 
noise 𝑝(𝑧, 𝑧∗|𝑡∗,𝑇) is approximated as 

 𝑝(𝑧, 𝑧∗|𝑡∗,𝑇) ≈ 𝛿(𝑧̃, 𝑧∗෥ ) 𝛿(𝑧̃, 𝑧∗෥ ) = 1,𝑤ℎ𝑒𝑛 𝑧̃ = 𝑧∗෥ : 𝛿(𝑧̃, 𝑧∗෥ ) = 0, otherwise 
(12)

 
where (𝑧̃, 𝑧∗෥ ) is the most likely log-noise level, and δ is the 
Dirac delta function. Thus, Eq. (11) can be approximated as 

 𝑝(𝑠∗|𝑡∗, 𝑆,𝑇) ≈ඵ𝑝(𝑠∗|𝑡∗, 𝑧, 𝑧∗, 𝑆,𝑇)𝛿(𝑧̃, 𝑧∗෥ )𝑑𝑧𝑑𝑧∗≈ 𝑝(𝑠∗|𝑡∗, 𝑧̃, 𝑧∗෥𝑆,𝑇) 
(13)

 
The most likely noise level is given by a noise posteriori 
 (𝑧̃, 𝑧∗෥ ) = 𝑎𝑟𝑔𝑚𝑎𝑥(௭෤,௭∗෦) 𝑙𝑜𝑔 𝑝(𝑧̃, 𝑧∗෥ |𝑡∗,𝜃௭, 𝑆,𝑇) (14)
 
The input noise is also given by GP, and the posteriori is 

normally distributed. The most likely noise level can be 
expressed as 

 (𝑧̃, 𝑧∗෥ ) = ൫𝜇௭,𝜇௭∗൯ (15)
 

where 𝜇௭ and 𝜇௭∗ represent the posterior mean of noise at 
training time point 𝑡 and test time point 𝑡∗, respectively. 
The integral in Eq. (11) can be rewritten as 

 𝑝൫𝑠∗|𝑡∗,𝜃௙,𝜃௭, 𝑆,𝑇൯ ≈ 𝑝൫𝑠∗|𝑥∗,𝜃௙, 𝑧̃, 𝑧∗෥ ,𝑆,𝑇൯= 𝑝൫𝑠∗|𝑥∗,𝜃௙, 𝜇௭,𝜇௭∗ , 𝑆,𝑇൯ (16)

 
Thus, the mean and variance of the predictive posterior 

distribution of the test output are given by Eqs. (8) and (9), 
which fit the Gaussian distribution. 

The key point of the iMLHGP algorithm is the 
evaluation of the most likely noise level. The main methods 
used to estimate the noise level in the present MLHGP 
framework are illustrated in the following equation 

 𝑔௜ଶ = 1𝑞෍0.5൫𝑠௜ − 𝑠௜௝൯ଶ௤
௝ୀଵ  (17)

 
where 𝑞 is the size of the sample, and 𝑠௜௝ are samples from 

 

Algorithm 1 Improved MLHGP Method with Forecasting Function Based on SHM Data 

input： Initial training data S= ሼ𝑻,𝒀ሽ with 𝑻 = ሼ𝒕𝒊ሽ|𝒊ୀ𝟏𝒏ି𝟏 and Y= ሼ𝒚𝒊ሽ|𝒊ୀ𝟏𝒏ି𝟏,  𝝁𝟎,  𝝈𝟎, 𝒈𝟎,𝒒. i represents the index number of data point. 
output： Forecasts of 𝒚𝒏ି𝟏,⋯ ,𝒚𝑵 at the times 𝒕𝒏ି𝟏,⋯ , 𝒕𝑵 in terms of mean vector 𝝁 and variance vector 𝝈. 
function mlhgp (t, y) 

for Each new point observed do 𝒊 = 𝒊 + 𝟏 𝒈𝒊 = 𝒎𝒍𝒉𝒈𝒑 (𝒕𝒊ି𝟏,𝒚𝒊ି𝟏) 
update 𝝁 and 𝝈 such as 𝝁 = 𝝁 ∪ 𝝁𝒊,𝝈 = 𝝈 ∪ 𝝈𝒊. 
update S= ሼ𝑻,𝒀ሽ with 𝑻 = ሾ𝑻, 𝒕𝒊ሿ 𝒂𝒏𝒅 𝒀 = ሾ𝒀,𝒚𝒊ሿ 

end for 
end function 
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from the posterior predictive distribution of the training 
output 𝑠௜, which is Gaussian distribution with mean 𝜇௦∗ 
and variance 𝜎௦∗ଶ  given in Eqs. (8) and (9), respectively. 

The forecasting algorithm of iMLHGP is developed in 
this study to extend the application range for out-of-sample 
SHM data forecasting. The iMLHGP time series forecasting 
approach is detailed in Algorithm 1. This paper adopts the 
iMLHGP algorithm to process the real-time monitoring data 
obtained by the SHM system. 

 
 

3. iMLHGP data modelling for strain 
measurements in typhoon conditions 
 
In this section, in order to demonstrate the performance 
 
 

 
Fig. 2 Ting Kau Bridge 

 
 

 
 

and accuracy of the iMLHGP data modeling method in 
typhoon conditions, the iMLHGP algorithm was applied to 
the real-world field monitoring data from the Ting Kau 
Bridge in Hong Kong. Specifically, iMLHGP is employed 
for strain monitoring data regression and forecasting in 
different external excitation conditions, including typhoon 
load and non-typhoon conditions. 

 
3.1 Ting Kau Bridge with the sophisticated SHM 

system 
 
Ting Kau Bridge is a three-tower cable-stayed bridge 

with a total span of 1,177 m from the northwest of Tsing Yi 
Island and Tuen Mun Road. Completed in 1998, the bridge 
serves as a primary connector between the Hong Kong 
International Airport and the rest of Hong Kong. Ting Kau 
Bridge features three bridge towers with heights of 170 m, 
194 m, and 158 m, located on the Ting Kau headland, on a 
reclaimed island in Rambler Channel, and on the northwest 
of Tsing Yi shoreline, respectively. The three towers are 
provided with sufficient strength and stiffness by steel 
beams and transverse stability cables located under the deck 
of the bridge. Meanwhile, the main tower is equipped with 
longitudinal stability cables to connect the deck of the two 
pylons to improve the stability of the whole bridge 
structure. The decks of the Ting Kau Bridge are located on 
both sides of the towers, which can improve the structural 

 
 

 
 

 
Fig. 3 Layout of anemometers and strain sensors 

 
Fig. 4 Strain gauge arrangement of the L-L cross section 
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Fig. 5 48-hour SHM strain field data on 13-14 Oct. 

(non-typhoon) 
 
 

 
Fig. 6 Track of Megi (1013) on 13-24 Oct. 2010 

 
 

 
Fig. 7 48-hour SHM strain field data on 21-22 Oct. 

(typhoon) 
 
 

wind resistance performance. The stay cables are distributed 
on four cable planes, which are respectively anchored to the 
fixed ends of the main girders of the combined bridge deck, 
and the tensioned ends are located in the steel anchor box at 
the top of the bridge tower. 

The SHM system of Ting Kau Bridge mainly includes 
accelerometer, anemometer, displacement transducer, strain 
gauge, temperature sensor, GPS, etc. The monitoring field 
data analyzed in this study include the strain measurements, 
wind speeds and temperature data. Totally, there are 66 one-
direction dynamic strain gauges and 22 three-direction 
dynamic strain gauges at Ting Kau Bridge. The data used in 
this section mainly comes from 12 sensor channels, as show 
in Figs. 5 and 7. The distribution of the strain sensors is 
shown in Fig. 3. The sensors data used in this paper are 

from the strain sensors located on the L-L cross section. L-L 
section is roughly located in the middle of one span, where 
the structural responses are relatively large, and the 
structural responses are more significantly affected by 
external effects such as vehicle load and wind load, so the 
sensor data on this cross section is selected for data 
modelling and analysis. The specific sensor layout for this 
cross section is shown in Fig. 4. For example, “SECTION 
3-3” in Fig. 4 shows the position of the sensor arrangement 
with channel number SS-GLE-12, which is arranged at the 
bottom of “SECTION” 3-3 I-beam at the mid-span L-L 
cross section. The serial prefix SS is the abbreviation of 
“Strain Single”, and the serial prefix SR is the abbreviation 
of “Strain Rosette”. “DETAIL 1” shows the location of the 
sensor layout with channel number SR-GLE-05, which is 
located at the west edge of “DETAIL 1” at the L-L cross 
section. Fig. 5 shows the strain response data recorded by 
the sensor system at the L-L cross section on 13-14 October 
in non-typhoon condition. The subtitles in Fig.5 represent 
the sensor channel number. For example, for SRGLE05A, 
the serial prefix SS is the abbreviation of “Strain Single”, 
and the serial prefix SR is the abbreviation of “Strain 
Rosette”. The abbreviation “GLE” in the middle represents 
the sensor located on the eastern side of the L-L section. 
Similarly, “GIE” in the middle represents the sensor located 
on the eastern side of the I-I section. “GIW” in the middle 
represents the sensor located on the western side of the I-I 
section. “05” is the serial number of the sensor, and “A” 
represents one of the directions of the sensor. 

In October 2010, the typhoon named Megi hit Hong 
Kong. According to the statistics by the Hong Kong 
Observatory, Megi was the only super tropical cyclone over 
the northwestern Pacific in the year 2010. When Typhoon 
Megi was approximately 570 km south-southeast away 
from Hong Kong, “Standby Signal No. 1” was issued on 20 
October. “Standby Signal No. 1” is the lowest warning 
signal for tropical cyclones in Hong Kong. In the Hong 
Kong area, winds were fresh north to northeasterly, 
sporadically strong in offshore waters. With Megi moving 
closer on 21 October at a distance of approximately 480 km 
southeast of Hong Kong, “Strong Wind Signal No. 3” was 
released. “Strong Wind Signal No. 3” is a tropical cyclone 
warning signal with one level higher than “Standby Signal 
No. 1”. On 22 October, Megi reached 430 km to the east-
southeast at 2 a.m. Local winds also diminished gradually 
and the Strong Wind Signal No. 3 was superseded by the 
Standby Signal No. 1 at 6:05 p.m. As winds weakened 
further, all signals were countermanded at 8:40 p.m. 

In this study, recorded strain data in two time periods, 
i.e., 13-14 October (non-typhoon) and 21-22 October 
(typhoon), with different external load conditions were 
selected. The strain sensor has a sampling frequency of 51.2 
Hz, collecting 184,320 data points per hour. Fig. 7 shows 
the strain response data recorded by the sensor system at the 
L-L cross section on 21-22 October when typhoon Megi 
had the greatest impact on the bridge. By comparing Fig. 5 
and Fig. 7, it can be found that the regularity of strain 
response is stronger under non-typhoon action. Under 
typhoon, the randomness and uncertainty of strain 
monitoring data are greater, and the heteroscedastic 
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characteristic is more obvious. 
 
3.2 iMLHGP regression performance for typhoon-

induced strain responses 
 
In this section, iMLHGP was employed for strain 

monitoring data regression analysis in both typhoon and 
non-typhoon conditions. The results are shown in Fig. 8, 
and the employed strain monitoring data are recorded from 
SR-GLE-05A on 14 October (non-typhoon) and 22 October 
(typhoon). In order to reduce the running time of the 
proposed algorithm, the original data is preprocessed by 
moving average process. 

As shown in Fig. 8, the regression means and 95% 
confidence interval were obtained by the iMLHGP method. 
To illustrate the accuracy of the iMLHGP method, the 
results obtained by the GP method are also provided as a 
comparison. In non-typhoon conditions, the mean squared 
error (MSE) of the iMLHGP and the GP are 0.0798 and 
0.4865, respectively. And in typhoon conditions, the MSE 
of the iMLHGP and the GP are 0.1481 and 0.2316, 
respectively. This indicates that the iMLHGP regression 
accuracy obtained is higher both for typhoon and non-
typhoon conditions. As shown in Figs. 8(a) and (b), the 
strain data points from 0:00 to 7:00 are more concentrated, 
and the confidence interval obtained by the iMLHGP 
algorithm is narrow, while the confidence interval obtained 
by GP is wider. In Fig. 8(a), at 8:00 for the rush hour, the 
noise in the data becomes larger and the confidence interval 
obtained by iMLHGP becomes wider, while the confidence 
interval obtained by GP does not change. Generally, the 
iMLHGP confidence interval width varies as the data 
characteristic changes both for typhoon and non-typhoon 

 
 

 
 

conditions, which indicates that iMLHGP can better capture 
the heteroscedasticity of strain data compared with the GP 
method. 

In addition, the variation of data noise with time is 
obtained by the iMLHGP algorithm, and the variation of 
regression error with regard to time is calculated, both for 
non-typhoon and typhoon conditions. The results are shown 
in Fig. 9. 

Regarding to non-typhoon conditions shown in Fig. 
9(a), the data noise around 8:00 is relatively higher and the 
estimated confidence interval obtained by iMLHGP shown 
in Fig. 8(a) also gets wider. However, the confidence 
interval of GP evaluation does not change much, as shown 
in Fig. 8(a). Thus, the confidence interval of the iMLHGP 
method can be changed with the variation characteristics of 
the noise, so it can better reflect the characteristics of the 
data by the iMLHGP method. As shown in Fig. 9(a) that the 
main trend of data noise change is affected by the vehicle 
load. During the period from 0:00 to 7:00 when there is less 
vehicle traffic on the bridge, the noise in the data is small. 
During the daytime, the vehicle traffic increases and the 
noise becomes larger. Especially in the morning around 
8:00 for the rush hour, the traffic is heavy, and thus the 
noise in the data also reached a peak. 

For typhoon conditions, as shown in Fig. 9(b), the data 
noises around 9:00 and 16:00 are relatively higher, and the 
estimated confidence intervals by iMLHGP shown in Fig. 
8(b) get wider. However, the confidence intervals of GP 
evaluation do not change much, as shown in Fig. 8(b). 
Typhoon Megi had the greatest impact on Hong Kong on 22 
October. Affected by this typhoon, there was almost no 
vehicle passage on the bridge during this day, so the strain 
data noise on that day was mainly caused by the typhoon. In 

 
Fig. 8 Regression results for strain monitoring data: (a): non-typhoon conditions (14 Oct.); (b): typhoon conditions (22 Oct.) 

 
Fig. 9 Data noise and regression error: (a) estimated monitoring data noise (non-typhoon); (b) estimated 

monitoring data noise (typhoon) 
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Fig. 9(b), empirical noise represents the actual noise in 
strain monitoring data and the estimated noise is evaluated 
through iMLHGP. There are two peaks for the noise around 
9:00 and 16:00, respectively. At this time, the confidence 
interval of iMLHGP regression in Fig. 8(b) is smaller than 
that of GP regression, which is more consistent with the rule 
of the noise distribution. After 16:00, the noise gradually 
decreases, and the confidence interval of iMLHGP 
regression in Fig. 8(b) also gradually decreases. 

 
3.3. iMLHGP forecasting performance for typhoon-

induced strain responses 
 
By incorporating an out-of-sample forecasting 

algorithm, the iMLHGP would extend its application range 
from regression analysis to out-of-sample forecasting 
analysis. In order to verify the forecasting performance of 
the proposed iMLHGP, the validation tests are carried out 
based on the strain monitoring data from SR-GLE-07 in 
both typhoon and non-typhoon conditions, compared with 
the GP method. And the corresponding results are shown in 
Fig. 10. 

Regarding to non-typhoon conditions shown in Fig. 
10(a) and (b), the forecasting curve obtained by the GP 
algorithm has obvious local fluctuations near 18:00 and 
20:00, while the forecasting curve obtained by the iMLHGP 
algorithm is relatively smooth and is more consistent with 
the characteristics of the original data. As shown in Table 1, 
for non-typhoon conditions, the MSE of the iMLHGP 
algorithm is 0.2976, with a 3.25% improvement in accuracy 
compared to the GP algorithm (0.3076). Thus, the 
forecasting accuracy of the iMLHGP method is higher. 

For typhoon conditions, as shown in Fig. 10(c) and (d), 
there are more local fluctuations in the forecasting curve 

 
 

Table 1 MSEs for GP and iMLHGP forecasting results 

 Non-typhoon conditions 
(14 Oct.) 

Typhoon conditions 
(22 Oct.) 

MSE of 
the iMLHGP 

0.3076 0.2447 
0.2976 0.1698 

 

 
 

obtained by the GP method, and the iMLHGP forecasting 
curve remains relatively smooth. The curve fluctuates 
greatly because the forecasting results are greatly affected 
by noise. Thus, the iMLHGP forecasting results are less 
affected by noise. In terms of strain monitoring data, more 
attention is paid to its overall change trend. The iMLHGP 
forecasting curve has good smoothness, so it can better 
reflect the overall trend change. As shown in Table 1, for 
typhoon conditions, the MSE of the iMLHGP algorithm is 
0.1698, which improves the accuracy by 30.61% compared 
with the GP algorithm (0.2447). Therefore, the percentage 
improvement in the accuracy of strain response forecasting 
using the proposed iMLHGP in typhoon conditions is much 
higher than that using the iMLHGP in non-typhoon 
conditions. Compared with Fig. 10(b), the confidence 
interval obtained in Fig. 10(d) has relatively large 
variations, indicating that the data has heteroscedasticity in 
typhoon conditions. The structural strain noise under the 
action of the typhoon is more complex with higher 
randomness, so the iMLHGP algorithm is more suitable for 
the data-driven forecasting and analysis of typhoon-induced 
strain responses. 

In order to show the data smoothing effect of the 
iMLHGP forecasting analysis, the training data and 
forecasting data in typhoon conditions are shown in Fig. 11. 
As shown in Fig. 11, the first two-thirds of the data are 

 
Fig. 10 Forecasting results on the mean for strain monitoring data: (a) GP forecasting (non-typhoon); (b) iMLHGP forecasting 

(non-typhoon); (c) GP forecasting (typhoon); (d) iMLHGP forecasting (typhoon) 
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monitoring raw data which are used as training data, and the 
last third is the iMLHGP forecasting data. It can be seen 
that there is more fluctuation in the training data curve 
because of the typhoon-induced noise. The forecasting data 
curve from the iMLHGP method is smoother, which can 
better reflect the overall trend of strain changes. 

 
 

4. Uncertainty quantification and correlation 
analysis for strain measurements 
 
4.1 Uncertainty quantification through the iMLHGP 

framework 
 
In the process of regression and forecasting modelling, 

the data in different periods have different volatility and 
noise, and thus data uncertainties in different periods vary. 
In this study, the confidence interval width of the iMLHGP 
model is used to quantify the data uncertainty. A wide 
confidence interval indicates strong uncertainty in the 
monitoring data, and the accuracy of the data modelling will 
deteriorate. In order to investigate the variation of data 
uncertainty, this study carried out the regression analysis for 
strain monitoring data. Specifically, regression analysis on 
strain monitoring data obtained by the SR-GLE-07 sensor in 
non-typhoon conditions was carried out. The confidence 
interval width obtained by this regression can reflect the 
uncertainty degree of data. The confidence interval width 
can be obtained by the confidence interval in the iMLHGP 
regression results obtained in Section 3.2. Specifically, the 
confidence interval width can be calculated by solving the 
difference between the upper and lower confidence intervals 

 
 

 
 

at the sample point. 
Fig. 12 shows the variation of confidence interval width 

with regard to time for non-typhoon conditions, 
respectively. As shown in Fig. 12, the width of the 
confidence interval changes obviously over time. 
Interesting pattern changes in the confidence interval width 
can be disclosed when taking a closer look at this figure. 
Around 8:00 and 19:00 on 13 October and 14 October in 
non-typhoon conditions, there are some obvious peaks with 
wide confidence intervals. These periods also coincide with 
peak traffic hours. While the width of the confidence 
interval is small from 21:00 on 13 October to 6:00 on 14 
October when there are few vehicles during the night and 
early morning hours. In summary, in the cases of non-
typhoon, the uncertainty of data is mainly affected by the 
vehicle load. However, in typhoon conditions, due to the 
significant reduction of vehicles, the peak values of the 
confidence interval in the peak traffic hours are not obvious 
and prominent, which is smaller than that in the non-
typhoon vehicle peak period. 

 
4.2 Correlation Analysis for Strain Measurements 
 
In order to confirm the correlation between the strain 

data uncertainty and the wind speed in typhoon conditions, 
the proposed iMLHGP framework is employed to 
investigate this correlation. The uncertainty of strain 
monitoring data can be quantified by the confidence 
interval, so the relationship between confidence interval and 
wind speed can be used to verify the relationship between 
the strain data uncertainty and wind speed. The wind speed 
data and strain data on 21 October in typhoon conditions 

 
Fig. 11 Illustration of training data and forecasting data 

 
Fig. 12 Strain monitoring data uncertainty quantified by confidence interval width under non-typhoon 

conditions (13-14 Oct.) 
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Fig. 13 Correlation between confidence interval and wind 

speed: data points and regression curves on 21 Oct. 
(typhoon) 

 
 

were adopted for correlation analysis. And the 
corresponding results are shown in Fig. 13. In Fig. 13, the 
regression curve is obtained through the least square 
polynomial fitting algorithm on the basis of data points. 

Fig. 13 shows the correlation between the wind speed 
and the confidence interval width in typhoon conditions on 
21 October. According to the regression curve in Fig. 13, 
the width of the confidence interval gradually increases 
with the increase of the wind speed. And the wind speed 
was relatively small at that time, which made a weak 
contribution to the uncertainty of the strain data of the 
bridge in non-typhoon conditions. It shows that when wind 
speed is high, the correlation between wind speed and 
confidence interval width is high. But in non-typhoon 
conditions, there is no such change rule. The correlation 
between confidence interval width and wind speed is weak 
in non-typhoon conditions. 

Due to the thermal expansion and cold contraction of 
building materials, it is critical to investigate the effect of 
temperature on strain monitoring data. In order to explore 
the relationship between temperature variation and strain 
monitoring data, temperature and strain monitoring data 
points in both non-typhoon and typhoon conditions are 
investigated for correlation analysis, and the corresponding 

 
 

results are shown in Fig. 14 
Fig. 14(a) shows the correlation between the strain 

measurements and the temperature in non-typhoon 
conditions from 13:30 on 13 October to 13:30 on 14 
October. As the temperature rises, the absolute value of 
strain increases gradually. As the temperature drops, the 
absolute value of strain decreases gradually. And in the 
process of temperature rise and temperature drop, a closed 
annular curve is formed, indicating that the strain of the 
structure is in the elastic stage and there is no residual strain 
under the action of temperature. 

During typhoon events, Fig. 14(b) shows the correlation 
between the strain measurements and the temperature from 
15:00 on 21 October to 15:00 on 22 October. As marked in 
Fig. 14(b), in the stage of “temperature rise”, the absolute 
value of strain data increases gradually with the 
temperature. In the stage of “temperature drop”, the 
absolute value of strain data decreases gradually with the 
temperature. However, the marked parts of Fig. 14(b) show 
some local changes in typhoon conditions compared with 
that in non-typhoon conditions. In these “local change” 
areas, the correlation between the strain and temperature 
monitoring data is ambiguous. The main reason maybe that: 
The typhoon has an influence on the strain responses, 
resulting in the variation form of strain data in some local 
change parts, and thus the correlation trend between the 
strain and temperature monitoring data does not form a 
closed annular curve compared with that in non-typhoon 
conditions. In typhoon conditions, the overall change of 
bridge strain data is mainly affected by the temperature, 
while the local fluctuation is affected by the typhoon event. 

 
 

5. Conclusions 
 
The initial attempt at performing data modelling and 

analysis on the SHM measurements during typhoon events 
using the iMLHGP method has been presented in this study. 
Based on the original regression function, the iMLHGP 
method incorporates an out-of-sample forecasting method 

 
 

 
Fig. 14 Correlation between temperature and strain: (a) non-typhoon conditions (13-14 Oct.); (b) typhoon conditions 

(21-22 Oct.) (c) non-typhoon conditions (13-14 Oct.); (d) typhoon conditions (21-22 Oct.) 
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that can extend its application range from regression 
analysis to out-of-sample forecasting analysis. The 
proposed iMLHGP method overcomes this limitation of 
constant variance of Gaussian process (GP), and can be 
used for estimating non-stationary typhoon-induced 
response statistics with high volatility. To be specific, the 
iMLHGP method calculates the maximum probability in the 
posterior distribution of variance, to achieve the high-
accuracy regression and forecasting results of 
heteroscedastic data with high volatility. Making accurate 
regression and forecasting for SHM data under extreme 
events with large volatility and strong uncertainty is an 
important problem in the SHM field. In this context, the 
iMLHGP method can be of high value because of its 
superiority in processing heteroscedastic data. 

The accuracy of the iMLHGP for data regression and 
forecasting is demonstrated by dealing with the strain 
monitoring data of a real-world long-span cable-stayed 
bridge (i.e., TKB in Hong Kong) during typhoons. Some 
interesting observed conclusions specific to the problem 
solved above are as follows: 

 
(1) Regarding to regression analysis: The results show 

that compared with GP regression, the iMLHGP 
algorithm has smaller MSE and higher regression 
accuracy regardless of the typhoon, iMLHGP 
regression is more consistent with the noise 
characteristics of the data itself. It can also be 
concluded that the change in the mean curve is 
mainly caused by temperature and is not greatly 
affected by the typhoon. Meanwhile, in non-
typhoon conditions, the noise is mainly caused by 
vehicle load.  In typhoon conditions, the noise is 
mainly caused by wind load due to the reduction of 
vehicle movement. 

(2) With respect to forecasting analysis, the accuracy of 
the iMLHGP algorithm is higher in both typhoon 
and non-typhoon conditions than that of the GP 
algorithm, and the forecasting strain curve 
processed by the iMLHGP algorithm is smoother. 
Meanwhile, the degree of accuracy improvement 
using iMLHGP in typhoon conditions is much 
higher than that in non-typhoon conditions, which 
proves that the algorithm has better robustness 
performance, especially for typhoon-induced 
structural response forecasting. 

(3) In terms of uncertainty quantification, the 
uncertainty in strain data is quantified by confidence 
interval width. In non-typhoon conditions, the 
uncertainty of data is mainly affected by the vehicle 
load. In typhoon conditions, the uncertainty of data 
is affected by typhoon events and the confidence 
interval width in the peak traffic hours is smaller 
than that in the non-typhoon vehicle peak period. 

(4) In terms of the correlation analysis, the correlation 
between strain data uncertainty and wind speed, and 
the correlation between temperature and strain are 
analyzed. The following conclusions can be drawn. 
Firstly, the uncertainty in the strain data of the 
bridge was mainly caused by vehicles in non-
typhoon conditions and was affected by both 

vehicles and wind speed in typhoon conditions. 
Secondly, in non-typhoon conditions, the variation 
trend of bridge strain is affected by temperature. In 
typhoon conditions, the overall change of bridge 
data is affected by temperature and the local 
fluctuation is affected by wind speed. 

 
Through the iMLHGP regression analysis, the 

heteroscedasticity of monitoring data error over time can be 
quantitatively considered, and the monitoring data 
regression model can be established to obtain scientific and 
accurate response data. The iMLHGP forecasting model can 
accurately predict the future change trend of the bridge 
strain response based on the previous historical monitoring 
data, and carry out early warning to avoid the occurrence of 
catastrophic accidents. As for future works, the authors 
intend to automate the proposed methodology to realize the 
real-time forecasting of monitoring data embedded in the 
SHM system. In addition, the iMLHGP framework will be 
investigated to analyze the temporal and spatial correlation 
between sensor data to further improve the accuracy of the 
algorithm. 
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