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Abstract: Structural health monitoring (SHM) by using remote sensing and synthetic aperture radar
(SAR) images is a promising approach to assessing the safety and the integrity of civil structures.
Apart from this issue, artificial intelligence and machine learning have brought great opportunities to
SHM by learning an automated computational model for damage detection. Accordingly, this article
proposes online hybrid learning methods to firstly deal with some major challenges in data-driven
SHM and secondly detect damage via small displacement data from SAR images in a real-time
manner. The proposed methods contain three main parts: (i) data augmentation by Hamiltonian
Monte Carlo and slice sampling for addressing the problem of small displacement data, (ii) data
normalization by an online deep transfer learning algorithm for removing the effects of environmental
and/or operational variability from augmented data, and (iii) feature classification via a scalar novelty
score. The major contributions of this research include proposing two online hybrid unsupervised
learning methods and providing effective frameworks for online damage detection. A small set of
displacement samples extracted from SAR images of TerraSar-X regarding a long-term monitoring
scheme of the Tadcaster Bridge in United Kingdom is applied to validate the proposed methods.

Keywords: structural health monitoring; pre-collapse prediction; online learning; remote sensing;
small data; bridge

1. Introduction

In civil engineering, structural health monitoring (SHM) is a new technology for
evaluating the integrity and the safety of civil structures and infrastructures by using
data acquired from diverse sensors and computational techniques. On this basis, an SHM
strategy intends to obtain insightful information about the current or unknown condition
of a civil structure from measured responses over time. The key role of SHM is to detect
any abnormal change in structural behavior and measured responses of the structure. This
is because the performance of important civil structures (e.g., bridges, high-rise buildings,
dams, etc.) under operational and environmental conditions may decrease stemming
from aging, material deterioration, extreme events (e.g., earthquakes, strong wind, flood,
hurricane, etc.), overloads, impact of a foreign object, etc. Accordingly, a long-term SHM
system for anomaly/damage detection is mandatory for such structural systems that
significantly assist civil engineers in predicting and avoiding catastrophic events, such as
partial or global collapse, and also governmental authorities in reducing economic and
human losses [1–3].

Generally, there are numerous methods for implementing an SHM project depending
upon the type of sensing technology and data acquisition system (i.e., contact-based vs. non-
contact-based sensors) [4–6], the type of data (i.e., acceleration time histories, displacements,
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strains, images, videos, etc.) [5,7], the type of civil structure and built environment, the
type of data processing, the type of computational/statistical method (i.e., model-driven vs.
data-driven) [8,9], and the number of measurements (i.e., short-term vs. long-term [10–12]),
etc. Despite most of the aforementioned topics have been evaluated properly, the issue of
data processing of an SHM system needs further research.

Depending upon the type of data processing, an SHM system can be categorized
as batch/offline processing and stream/online processing. The key rationale behind
batch processing is to process a relatively large volume of data, all at once, through an
offline learning strategy. Actually, it presents an efficient technique to perform an SHM
project when large amounts of data can be collected over a period of time. Under such
circumstances, it can be considered that there is sufficient training data in an effort to
develop a statistical/computational model based on the concept of machine learning. On
the contrary, stream processing relies on the premise that an initial model constructed from
early data can instantaneously be analyzed and updated by receiving new data in an online
fashion [13].

More precisely, offline or batch learning aims at representing the training of a machine
learning model so that the data is initially collected over a period of time and then the
model of interest is learned with the same collected data. Despite the popularity and the
applicability of this technique, particularly in SHM [14–20], it cannot take advantage of
incremental learning from stream data. In some cases, measuring long-term vibration data
as well as all possible environmental and/or operational conditions in a fixed period is
attempted. The main idea lies in the fact that one can learn a promising model in a fixed
and long training time if it is possible to measure sufficient environmental/operational
and structural data. In this case, one can ensure that all possible uncertainty conditions
are incorporated. On the other hand, one assumes that the structure does not suffer from
damage during the training period. Although this assumption is plausible, two major
limitations emerge. First, it cannot be ensured that the same pattern of variability resulting
from the environmental and/or operational conditions is available in new data measured
after the training period, even in an undamaged structure. Simply speaking, it is natural
to consider that newly unpredictable environmental and/or operational conditions occur
out of the training period. As such conditions are often unknown and unpredictable, and
they do not incorporate into the learning process, false alarms (false positive errors) are
the main errors in decision-making. Second, the structure may suffer from any kind of
damage, e.g., a strong collision with the pier of a bridge or the occurrence of an earthquake,
during collecting the training samples in the training period. Therefore, it is illogical to
suppose that the structure does not sustain any damage or abnormal change during the
training time.

For these reasons, online or incremental learning under stream processing can fulfill
a more reliable and realistic condition of real-time SHM. In this regard, the expression
“real-time” mentions the implementation of data analysis, update of the learned model,
and an online decision by receiving new data. In online learning, the learning process
is performed in an incremental or online fashion by continuously feeding data, when
it arrives, and updating the initial model through such new data. As usual, an online
learning procedure starts by using prior small data to train an initial machine learner
(model). After measuring or receiving new data, it feeds into the model so as to update it or
make a decision. Accordingly, one needs to consider a criterion for distinguishing between
updating and decision-making in the problem of SHM. In case of ensuring the undamaged
condition of the structure, the learning process continues by updating the model of interest;
otherwise, this process terminates. In this case, the last model is considered the final trained
model and any new measured information should serve as test data. In the field of SHM,
several studies exploited the benefits of online learning for detecting damage in civil and
mechanical systems [21–24].

Although the online learning approach has succeeded in real-time SHM, some draw-
backs should be appropriately considered. One of them pertains to the issue that if the
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data used in developing the online model contains uncertainty or variability, the outputs
of the model may be erroneous. In the context of SHM, this challenge refers to environ-
mental and/or operational variability (EOV). This is due to the fact that such variations
can produce changes in the inherent properties of a civil structure (e.g., mass and stiffness)
similar to damage [12,25]. Accordingly, the structure may sustain damage; however, the
EOV conditions mask it and do not allow the technical method to alarm the emergence
of damage. This phenomenon often occurs when the magnitude of the EOV condition is
larger than the severity of the damage, particularly in minor damage cases, which refers to
false negative (i.e., false detection or Type II) error. On the other hand, the structure may
mainly be undamaged; however, the high rate of EOV leads to another erroneous result in
which case the method incorrectly alarms the occurrence of damage. This phenomenon
often occurs in sudden or harsh EOV conditions leading to a false positive (i.e., false alarm
or Type I) error. Because both false negative and false positive errors are concerned with
human and economic losses, it is indispensable to remove any variability conditions from
measured data either in an offline learning or an online learning strategy.

The other limitation of online learning methods pertains to the sensing technology and
the type of measured data. In most cases, the measurement process is based on traditional
contact-based sensors (e.g., accelerometers, strain gages, etc.). Alongside a computer-vised
technology for some SHM applications, such as surface crack detection [26,27] corrosion [28]
and bolt loosening detection [29], the use of satellite-based synthetic aperture radar (SAR)
to SHM, called here SAR-based SHM, has recently received increasing attention from civil
engineers due to its great advantages [30–32]. First, this technology can provide prior
information on the structure (i.e., based on the date of the satellite launch), particularly
previously baseline data. Second, it is highly cost-effective compared to many ground-based
sensing technologies without some of their limitations, such as dense sensor networks,
fault sensors, sensor malfunction systems, sensor placement optimization, etc. Third, the
SAR-based SHM through remote sensing can supply surface displacements over time with
high-resolution satellite images (i.e., up to 2–5 m operating at C-based in roughly 5.6 cm
wavelength and approximately 1 m for X-band in roughly 3 cm wavelength). In other
words, this technology allows civil engineers to have surface displacements with a precision
of up to millimeter-scale [33]. For this reason, it is necessary to identify some point targets
on a civil structure in an effort to show stable scattering properties along a time series of
satellite images.

The majority of SAR-based SHM applications have been based on direct anal-
yses of displacement data obtained from some satellite images. In this regard, Sel-
vakumaran et al. [34] utilized and analyzed 22 SAR images from 8 target points to
investigate the scour failure of a moderate-span masonry bridge in Tadcaster, United
Kingdom. Zhu et al. [35] considered a set of 57 COSMO-SkyMed stripmap SAR images
acquired from 17 February 2013 to 14 January 2018 in order to monitor the settlement
of a building in Foshan, China. Qin et al. [36] analyzed 18 displacement samples
at 3 target points from a bridge. In another research, Qin et al. [37] assessed the
structural performance and behavior of an arch bridge using a set of 96 SAR images
from different satellites. Milillo et al. [38] used 201 SAR images of some satellites in a
long-term SHM strategy from 2010 to 2015 to monitor a dam in Italy. Haung et al. [39]
analyzed 29 SAR images at 6 target points in order to demonstrate the correlation
between the displacement samples from these images and temperature variations.
Milillo et al. [40] evaluated the global collapse on the Morandi Bridge, Genova, Italy
through a large number of SAR images from different satellites to conduct a long-term
SHM. In their research, the authors only analyzed the displacement data in the vicinity
of the collapsed area of the bridge.

In contrast to vibration-based SHM techniques by traditional sensing technologies and
popular data (e.g., acceleration time histories, stain gages, etc.), which can contain adequate
vibration data, the SAR-based SHM is often performed by a small number of data, as the
above-mentioned references confirm this claim. This means that despite the possibility of
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implementing a long-term monitoring assessment (e.g., five years [38]) in a SAR-based SHM
project, a few satellite images are considered to extract displacement samples. On the other
hand, compared to the vibration- and vision-based SHM projects, the provision of a large
number of SAR images may be problematic due to some restrictions such as extremely large
sizes of satellite images and memory space limitations for collecting numerous images.
Therefore, SAR-based SHM is a process under small data. The other limitation of the
classical SAR-based SHM techniques is to directly analyze the small displacement samples.
There is no doubt that civil structures are complex and expensive systems that play crucial
rules in every society. In the problems of construction, maintenance, and reconstruction,
all of them require huge investments [33]. On this basis, it may not be logical to use
simple and unreliable SHM techniques despite applying a cost-effective sensing technology
(i.e., remote sensing). As mentioned earlier, the false positive and false negative errors
cause economic and human losses, respectively. Thus, it is essential to develop a more
rigorous approach to SHM of civil structures via SAR images.

For all the challenges discussed here, this article aims to propose automated online
hybrid learning methods compatible with an unsupervised learning class. These methods
consist of three main steps, including: (i) data augmentation by two Markov Chain Monte
Carlo (MCMC) algorithms, that is, Hamiltonian Monte Carlo (HMC) and slice sampling
(SLS), for dealing with the problem of small data, (ii) data normalization by an unsupervised
artificial neural network (ANN)-based strategy in an online deep transfer learning (ODTL)
algorithm using sequential auto-associative neural networks for addressing the problem
of EOV conditions, and (iii) feature classification by a novelty or decision-making index
based on the Euclidean norm of the Mahalanobis-squared distances (MSDs), called here
EMSD. The main differences between the online hybrid learning methods pertain to the
type of augmented displacement samples gained by two different MCMC algorithms. On
this basis, the ODTL process yields different outputs depending on the augmented data.
The major contributions and innovations of this article can be summarized as: (i) proposing
two innovative online hybrid learning methods called HMC-ODTL-EMSD and SLS-ODTL-
EMSD for health monitoring of civil structures using SAR images, (ii) proposing two data
augmentation algorithms based on HMC and slice sampling, (iii) proposing a novel online
data normalization by using the concept of DTL through sequential auto-associative neural
networks, and (iv) defining a novelty index called EMSD for providing scalar scores for
decision-making. A small set of displacement samples extracted from satellite images of
TerraSar-X regarding a long-term monitoring scheme of the Tadcaster Bridge in the United
Kingdom is utilized to validate the proposed methods.

2. Online Hybrid Learning Methods
2.1. Data Augmentation by MCMC

The proposed methods in this article aim at dealing with the problems of small data
and EOV conditions. For this first problem, these methods exploit a data augmentation
strategy based on the MCMC and the HMC algorithm to augment small displacement
samples. The augmented data samples are applied to visualize the EOV. In probability
theory, MCMC is a computer-driven sampling method that allows one to characterize a
probability distribution model by randomly sampling values out of the distribution of
interest without any entire knowledge about its mathematical properties [41]. The term
“Monte Carlo” is the practice of estimating the properties of a distribution by examining
random samples from the distribution of interest. Moreover, the term “Markov Chain”
refers to a sequential process of random sample generation in such a way that each new
sample depends only on the one before itself, i.e., new samples do not depend on any
samples before the previous [42]. Recently, Entezami et al. [43] utilized the MCMC method
to develop a probabilistic framework for a threshold estimator by small output samples re-
garding the problem of damage localization in SHM. This article attempts to take advantage
of this technique for data augmentation.
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2.1.1. Hamiltonian Monte Carlo Sampling

The HMC sampling is a gradient-based MCMC method that aims to generate samples
from a target probability density [44], i.e., the multivariate Gaussian distribution in this
study. Assume that the vector d∈ Rp×1 contains p-dimensional displacement samples.
Hence, one attempts to generate an N-dimensional multivariate set of displacement samples.
The HMC sampling is based on a logarithmic function of the target distribution, its gradient,
and a momentum vector λ. Using these details, one needs to define a Hamiltonian function
H(d,Ω) based on Hamiltonian dynamics as follows:

H(δ,λ) = U(δ) + V(λ) (1)

where δ∈d; U(δ) denotes the logarithmic function of the probability of interest and
V(λ) = 1

2 λTM−1λ in which M is a symmetric, positive definite matrix, (i.e., called the
mass matrix) that is typically diagonal, and is often a scalar multiple of the identity matrix.
On this basis, V(λ) can be equivalent to minus the logarithmic probability density of the
zero-mean Gaussian distribution with covariance matrix M [44]. Therefore, Hamiltonian
dynamics operate on δ and λ to develop Hamiltonian equations that aim at determining
how the vectors δ and λ change over time, t, in the following forms:

dδi
dt

=
∂H
∂λk

=
∂V(λ)

∂λk
(2)

dλi
dt

=
∂H
∂δk

=
∂U(δ)

∂δk
(3)

where k = 1, 2, . . . , p. Based on Equations (2) and (3), and the initial values of the parameter
d0 and the momentum λ0 at time t0, it is possible to simulate the parameter and the
momentum at any time t = t0 + ∆t, where ∆t is the duration time or step size, by the
leapfrog method [44]. Accordingly, the main objective is to predict d under pre-defined
chain (C) and sampling (N) numbers. As such, the HMC algorithm is performed to draw N
samples of d from the target probability distribution, designated here as D ∈ Rp×N , and C
chains under an iterative strategy (i.e., i = 1, . . . , C and j = 0, . . . , N − 1 for sampling D(i)

j+1)
and the acceptance probability criterion from Gelman–Rubin convergence statistic [45].
If the convergence statistic holds, the simulated parameter at the (j + 1)th iteration is
fixed; otherwise, the simulated parameter of the previous, jth, iteration should be selected.
Once the C sets of D have been determined, the average of these C sets is considered as
the final multivariate data. It should be noted that the same HMC sampling procedure
should be carried out for any new small data set. In the context of machine learning, the
process of decision-making is based on defining training and test data sets. Accordingly,
the augmented data matrix D is divided into two parts X ∈ Rp×n and Z ∈ Rp×m, where
n < N and m < N, referring to the training and test datasets. These matrices are fed into
the proposed data normalization algorithm to remove any influence of any variability
conditions from the augmented data.

2.1.2. Slice Sampling

Slice sampling (called here SLS) is one of the MCMC algorithms for drawing random
samples from a statistical distribution. The basic idea behind this technique comes from
the fact that any distribution can be sampled by selecting uniformly spaced points under a
probability distribution curve. The SLS algorithm generates random samples based on their
previous states. The SLS originates with the observation that to sample from a univariate
distribution in which case it is possible to sample points uniformly from the region under
the curve of its density function and then observe only at the horizontal coordinates of
the sample points. A Markov chain that converges to this uniform distribution can be
constructed by alternately sampling uniformly from the vertical interval defined by the
density at the current point and from the union of intervals that constitutes the horizontal
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slice using the plot of the density function defined by this vertical position. The great
advantage of SLS is its applicability to a wide variety of distributions. This technique is
often simpler to implement than Gibbs sampling and more efficient than simple Metropolis
updates due to its ability to adaptively select the magnitude of changes.

The SLS algorithm draws samples from the region under the density function using a
sequence of vertical and horizontal steps. At first, it selects a height at random from zero
to a PDF. Then, it chooses a new point randomly by sampling from the horizontal slice
of the density above the selected height. The SLS can generate random numbers from a
distribution with an arbitrary form of the PDF provided that an efficient numerical process
is available to find an interval, which is the slice of the PDF. Because the full details of the
SLS along with its theoretical aspects are available in Neal [46], its main steps are only
mentioned here:

(1) Assume an initial value xi within the domain of the target PDF f (x);
(2) Draw a real value y uniformly from (0, f (xi)), thereby defining a horizontal “slice” as

S = (x:y < f (x));
(3) Find an interval around xi that contains all, or much of the slice S;
(4) Draw the new point xi+1 within this interval;
(5) Increment i→i + 1 and repeat Steps 2–4 until obtain the desired number of samples.

In contrast to HMC sampling, it is not necessary to perform any gradient operation,
estimate any parameter, and consider chains. Nonetheless, in a similar manner, the main
objective of the SLS is to generate a new multivariate dataset (matrix) D ∈ Rp×N from the
initial small set of the displacement set (vector) d ∈ Rp×1. As such, in the following, the
augmented displacement matrix D is decomposed into two sub-matrices X ∈ Rp×n and
Z ∈ Rp×m, where n < N and m < N, referring to the training and test datasets.

2.2. Data Normalization by ODTL
2.2.1. Auto-Associative Neural Network

The auto-associative neural network is one of the tried-and-tested unsupervised ANNs
that mainly aims to reconstruct the input data at the output layer. This network makes
a feed-forward configuration with linear or sigmoid transfer functions as well as back-
propagation training algorithms [47]. The architecture of auto-associative neural network
entails an input layer, three hidden layers called mapping, bottleneck, and de-mapping and an
output layer. The network learns a mapping from given inputs to desired output values
by adjusting internal weights to minimize a least-square error objective function. Figure 1
shows a graphical configuration of this network. The input data is fed into the input
layer. By contrast, the output layer reconstructs the input data with the same dimension.
In the network topology, the bottleneck layer plays a key role in the functionality of the
auto-associative neural network, as it enforces an internal encoding and compression of
the input data. Hence, according to Kramar’s recommendation [47], the bottleneck layer
should have smaller neurons than the other hidden layers. The great advantage of the
auto-associative neural network is its unsupervised learning aspect and ability to remove
the noise, outliers, and any variability condition in data (features) [47–49].

Suppose that x1, . . . , xp are p data points fed into the input layer in which case it
contains p neurons. The auto-associative neural network is viewed as a serial combination
of two single-hidden layer networks. In other words, it contains a coding process in the
first network and a de-coding process in the second. For this reason, it highly resembles
the autoencoder neural network [50]. The input, mapping, and bottleneck layers represent
the nonlinear function G aiming at projecting the feature samples x1, . . . , xp to a lower
dimension space of lm neurons of the mapping layer and then lb neurons of the bottleneck
layer. The mapping layer often uses a nonlinear transfer function (i.e., the sigmoid function
in this article) to map the input data onto the bottleneck layer. The transfer function in
this layer can be linear or nonlinear, without affecting the generality of the network. This
mapping is expressed as follows:
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bi = Gi(x), i= 1, 2, . . . , lb (4)

where bi denotes the output of the ith bottleneck neuron; lb represents the number of
neurons of the bottleneck layer; and x = [x1 . . . xp]T is the vector of the p-dimensional feature
samples or inputs. Subsequently, the bottleneck, de-mapping, and output layers decode
the outputs of the first network through another nonlinear function H that reproduces an
approximation of the inputs from the factors at the output of the bottleneck layer in the
following form:

x̂ j = Hj(b), j= 1, 2, . . . , lm (5)

where x̂j represents the output or reconstructed data at the jth output layer.
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2.2.2. Deep Transfer Learning

In this section, it is attempted to introduce a novel method for real-time early damage
detection of civil structures based on the concept of online learning or incremental learning.
In the context of machine learning, the online learning aims to update the learning process,
or the trained model by using new information (training data). In this regard, if the
information of interest confirms that it came from the abnormal (damaged) condition of
the structure, the learning process terminates and the information is considered as the
test data.

The procedure of feature normalization by the proposed ODTL algorithm is the key
part of the proposed method. The main purpose of this step is to learn a deep network
of sequential auto-associative neural networks. On the other hand, the deep transfer
learning (DTL) aims at addressing one of the major demanding issues in machine learning
regarding the problem of hyperparameter optimization. It is a strategy for estimating
any unknown parameter of a machine learning model that has direct influence on the
model’s performance. For example, the number of neurons of hidden layers of an ANN
is a hyperparameter. According to the concept of transfer learning, one can utilize part
of the full information of a well-established model in future tasks. Transfer learning is
a new branch of machine learning, particularly deep learning and ANNs, that aims at
transforming knowledge and information or the learning process of a related and successful
domain (i.e., the source domain) for applications to other areas [51]. In this research, the
main hyperparameter optimization pertains to determining the number of hidden layers of
the mapping, bottleneck, and de-mapping layers. Even though there are some techniques
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to solve this problem, they may not be suitable for SHM and its major challenge, that is, the
negative effects of the EOV conditions.

The main idea behind the proposed method is that the auto-associative neural net-
work with pre-defined neurons of the mapping, bottleneck, and de-mapping layers may
be sufficient for removing the EOV conditions, without any hyperparameter selection.
As mentioned in Figueiredo et al. [52], an auto-associative neural network with 10 and
2 neurons for the mapping (de-mapping) and the bottleneck layers is reasonable for
vibration-based applications. In particular, the choice of two neurons for the bottleneck
layer can capture the nonlinear relationship between the structural features and the vari-
ability conditions. Although this idea provided correct results on Figueiredo et al. [52],
Sarmadi et al. [16] demonstrated that the use of one auto-associative neural network by
using the aforementioned neuron sizes cannot be effective for SHM under severe variability
conditions. Hence, a deep network of sequential ANNs is applied to address this drawback.
First, the general concept of this deep network is described and then its online version is
discussed in detail. Figure 2 indicates the graphical representation of a deep network of
sequential auto-associative neural networks. In essence, the DTL is an iterative algorithm
consisting of more than one ANN. The key rationale behind the DTL for removing the EOV
conditions is to determine the residuals between inputs and outputs applied to learn an
auto-associative neural network at each iteration. In the first step (iteration), the input data
is the augmented displacement set. By computing the residuals between the inputs and
the outputs, the next ANNs are re-trained by the residual samples of the previous step
(iteration). This procedure continues until a stopping condition satisfies at the last iteration.
Finally, the last residual set treats as the normalized augmented data.
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The only requirement of this method is to find the stopping condition of its iterative
algorithm. Although the numbers between 2–10 can provide reasonable results, it is better
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to develop an effective approach to find the optimal stopping condition. This approach is
based on examining several iteration numbers and computing an error based on the outputs
of each iteration. In other words, after each iteration, it is possible to determine a residual
set (matrix). Accordingly, one can compute its MSD values and estimate a threshold limit.
Using the concept of a false positive, the error rate is calculated at each iteration. Finally,
the iteration number with the minimum error is selected as the optimal number of ANNs
for the DTL algorithm. It should be clarified that since the determination of the stopping
condition is only carried out by the augmented training data, the mentioned error is the
false positive of the MSD values.

2.2.3. Online Deep Transfer Learning

The use of sufficient (augmented) data is one of the major requirements of the deep
network in the DTL algorithm. Simply speaking, it relies upon an offline or batch learning
process. Here, one attempts to propose its improved version under an online learning
algorithm, which includes two stages. First, an online learning strategy is implemented
until the stopping condition ends the learning process. In this stage, the algorithm decides
that the new data no longer belongs to the undamaged or normal condition and it is
most likely concerned with a damaged state. In other words, the algorithm triggers
the emergence of damage. Thus, the second stage begins by learning a one-step-ahead
sequential auto-associative neural network. For simplicity, Figure 3 shows the flowchart of
the proposed ODTL method in both stages.

Remote Sens. 2022, 14, x FOR PEER REVIEW  10  of  25 
 

 

emergence of damage. Thus,  the second stage begins by  learning a one‐step‐ahead se‐

quential auto‐associative neural network. For simplicity, Figure 3 shows the flowchart of 

the proposed ODTL method in both stages. 

 

Figure 3. The flowchart of the proposed ODTL method. 

More precisely, the proposed ODTL algorithm starts with the first augmented dis‐

placement data from the first SAR image. The major goal is to learn a deep network of 

sequential auto‐associative neural networks and extract the residual dataset. Since the first 

stage contains only one set of augmented data, this augmented data acts as both the train‐

ing and the validation sets. In the following, the MSD measure is applied to calculate the 

distance values of these datasets. Naturally, both datasets yield similar distance quanti‐

ties. The MSD values of the training data are then considered to determine an alarming 

threshold (i.e., a criterion for the stopping condition). In this study, a 95% confidence in‐

terval of the distance values of the training data is applied to obtain the threshold. The 

main idea behind the first stage of the proposed ODTL method is to incorporate only the 

error in decision‐making related to the validation data. This is because any new data in 

Inputs: The augmented data X1,...,Xi (i=1,2,…)  

Learn a deep network of sequential auto-associative neural networks 
based on the DTL algorithm

Extract the residual data of the 
training data: Ex

Calculate the MSD values of Ex and Evi

Estimate a threshold based on the 95% confidence 
interval of the MSD values of Ex

Error<βYES

Compute the Euclidean norm of the MSD values of Evi

NO Terminate the online learning

Recall the last deep network before Xi 

Set Xi as the test data Zj (j=i,i+1,…) 

Extract the residual data of the validation data Ezj

Calculate the Euclidean norm of the MSD values of Ezj

i=i+1

Read new test data Zj

j=i+1

Set Xi as the augmented validation data

Extract the residual data of the 
validation data: Evi

The augmented data Xi belongs to the normal condition

Stage 1 – Online Learning

Stage 2 – Online Damage Detection

Figure 3. The flowchart of the proposed ODTL method.

More precisely, the proposed ODTL algorithm starts with the first augmented displace-
ment data from the first SAR image. The major goal is to learn a deep network of sequential
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auto-associative neural networks and extract the residual dataset. Since the first stage
contains only one set of augmented data, this augmented data acts as both the training and
the validation sets. In the following, the MSD measure is applied to calculate the distance
values of these datasets. Naturally, both datasets yield similar distance quantities. The
MSD values of the training data are then considered to determine an alarming threshold
(i.e., a criterion for the stopping condition). In this study, a 95% confidence interval of
the distance values of the training data is applied to obtain the threshold. The main idea
behind the first stage of the proposed ODTL method is to incorporate only the error in
decision-making related to the validation data. This is because any new data in the first
stage of online learning is defined as validation data. If this set belongs to the normal condi-
tion (i.e., the false positive error becomes zero or insubstantial), it is added to the previous
datasets to update the learning process; otherwise, it sends to the second stage as the test
data related to the damaged condition. In the online learning procedure, one supposes
that any new information (augmented validation data) originates from the undamaged
or normal condition. Therefore, their distance values should fall under the threshold. Ac-
cording to the number of false positive errors (i.e., the number of samples whose distance
values are over the threshold) or its percentage (i.e., the ratio of the number of distances
over the threshold per the total number of all distance values), it is possible to make two
main decisions:

(1) If the error is smaller than a pre-defined criterion (β), it makes sense that the hypothesis
of the validation data (i.e., this dataset pertains to the normal condition) is accurate.
Therefore, one should add it to the previous data (after the first iteration) and a new
deep network of sequential auto-associative networks should be learned and updated.
This emphasizes that the online learning should be continued. Furthermore, the
Euclidean norm of the MSD quantities of the validation dataset are calculated to
provide an output at each step of the online learning for real-time damage detection;

(2) If the error is larger than a pre-defined criterion (β), it makes sense that the hypothesis
of the validation data (i.e., this dataset is related to the normal condition) is inaccurate.
On this basis, it is necessary to terminate the online learning procedure and start the
second stage of the ODTL algorithm regarding real-time or online damage detection.
Hence, the label of the augmented validation data is changed to the test data. To
provide a novelty score of the test data, the one-step-ahead deep network of sequential
auto-associative neural networks from the test data is applied to extract the residuals
of the test samples. Subsequently, the Euclidean norm of the MSD values of the test
residual samples are calculated to store as novelty scores. When a new data sample is
received, it is labeled as a new test point and the aforementioned levels concerning
the previous test data are repeated, once again.

2.3. Feature Classification by EMSD

To make the final decision about the current state of the structure in the real-time
damage detection scheme, it only suffices to determine a novelty score. Unlike most of
the unsupervised anomaly detection techniques [10,11,25], the proposed online learning
methods do not explicitly use an alarming threshold to compare novelty score with this
limit and make a decision. In other words, the threshold estimation is incorporated into the
algorithm of the ODTL algorithm, as shown in Figure 3. On the other hand, the proposed
novelty score differs from those techniques. In this research, rather than vector-style novelty
scores, a scalar index is defined to detect damage in an online manner. This index is the
Euclidean norm of the MSD values of the residual samples at each iteration step of the
ODTL algorithm.

Assume that E = [e1, . . . , en] ∈ Rp×n refers to the matrix of residual samples extracted
from the deep network of sequential auto-associative neural network. This matrix can
be representative of each of the augmented training, validation, and test data. The main
objective is to estimate its mean vector me ∈ Rp and covariance matrix Σe ∈ Rp×p. Having
considered n vectors of E, the MSD is derived as:
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Dei = (ei −me)
TΣ−1

e (ei −me) (6)

Using both Equation (6), one can determine n distance values De1 , . . . , Den . Hence, the
EMSD of these distances is given by:

de =
√
(De1)

2 + · · ·+ (Den)
2 (7)

Therefore, the scalar novelty score de is considered to only present the outputs of the
online learning and online damage detection. It should be noted that when the second
stage of the OTSL algorithm starts, this means that the structure suffered from damage.

3. Application: The Tadcaster Bridge

In this section, a set of small displacement samples extracted from a few SAR images
is considered to demonstrate the applicability and effectiveness of the proposed methods.
This dataset belongs to the SAR-based SHM on the Tadcaster Bridge, Tadcaster, North
Yorkshire, United Kingdom, which was provided by Selvakumaran et al. [34]. Before
presenting the SHM results, it is important to clarify the reasons for incorporating this
case-study. This case-study provides a realistic condition of a partial collapse of a full-scale
civil structure. Hence, it is very suitable for assessing SHM before a global collapse. It
should be noted that the main aim of an SHM strategy is to predict any global collapse. This
case study contains a long-term monitoring strategy with a few SAR images that is able to
demonstrate the importance of our idea and proposed methods. It considers appropriate
distributed target points to capture or to measure displacement data. Such measurements
are equivalent to a dense sensor network of contact-based sensors with optimum sensor
placement. It utilizes high-resolution SAR images.

3.1. A Brief Description of the Bridge

The Tadcaster Bridge is a historic nine-arch masonry bridge over the River Wharfe
in Tadcaster, United Kingdom. The road bridge is believed to date from around 1700. It
is the main route connecting the two sides of the town and one of two road crossings in
the town, the other being the bridge for the A64 bypass. The bridge is approximately
100 m long and 10 m wide, carrying a single lane of vehicular traffic in each direction and
a pedestrian walkway on each side. The present bridge (prior to collapse) comprises two
structures of different dates, built side by side to expand the width of the original structure.
Documentary evidence suggests that it was built from 1698 to 1699 replacing an earlier
bridge on the same site that had been swept away by flood. Flooding events in recent years
prior to the collapse meant that the bridge was inspected by divers to detect movement
of the riverbed that may have resulted in scour. The Tadcaster Bridge partially collapsed
on 29 December 2015 after flooding that followed Storm Eva, and reopened on 3 February
2017 after a major re-building of the damaged area. Figure 4a illustrates this bridge, while
Figure 4a,c indicates the damaged area (i.e., partial collapse).
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To analyze the deformation behavior in the period preceding collapse, 45 TerraSAR-X
Stripmap mode images (3 × 3 m ground resolution) taken prior to the collapse in the
period from 9 March 2014 to 26 November 2015 were analyzed. The final acquisition
in November was the last image available prior to the bridge collapse on 29 December
2015. These image acquisitions were taken at 11-day intervals, where possible. Based
on the DInSAR methodology and Small Baseline Subset (SBAS) technique, a small set of
45 displacement samples at eight points called “a”, “b”, “c”, “d”, “e”, “f”, “g”, and “h”
in Figure 5 is extracted to directly analyze them for pre-collapse prediction [34]. On this
basis, the target point at “b” is the location of the partial collapse (i.e., the damaged area
of the Tadcaster Bridge). As such, the other points are the undamaged areas of the bridge.
Figure 6 shows the variations in the displacements of the undamaged and the damaged
areas. Indeed, these displacements are the movements of the line of sight (LOS) of the
SAR satellite over time, and they were plotted as movements relative to the position of the
bridge at the first acquisition, taken on 9 March 2014 (i.e., the first image). Moreover, the
Small Baseline Subset (SBAS) technique was utilized to detect eight different distributed
scatterer locations across the bridge and then to obtain the displacement data [34]. Notice
that each of these target points is equivalent to a classical contact-based sensor. The other
important note is that although the SAR images can cover a large area in the unit of km,
the process of extraction of displacement samples is based on selecting many target points
(scatterers) on the area that one needs to extract displacement samples. This is one of
the initial steps in the InSAR techniques. In other words, the interferometric processing
generates interferograms to identify stable distributed scatterers. One of the advantages of
the InSAR techniques is to distribute scatterers over a large area and also a specific area
with the small scale. For example, in the displacement measurements of the Tadcaster
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Bridge, Selvakumaran et al. [34] utilized the scatterers over Tadcaster city, the bridge, and
the collapse area.
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Figure 5. The eight points of displacement samples (i.e., the point “b” is the location of the partial
collapse) [34].
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From Figure 6, it is observed that the small set of displacement samples in a long-
term monitoring scheme includes randomly unpredictable variations. Apart from the
last two displacement samples regarding Images #44 and #45 at the point “b”, there are
large variations in the other displacement samples. Such variations are related to the EOV
conditions. Moreover, the amounts of displacement samples include positive and negative
values. This means that the direct analysis of changes in displacements for decision-making
is slightly questionable. Therefore, it would not be reasonable to only lie in a direct data
analysis or graphical interpretation for SHM of an important civil structure.

3.2. Data Augmentation and Variability Assessment

In order to further investigate the effect of EOV conditions, the small displacement
data is augmented by using HMC and slice sampling techniques to prepare augmented
data. In HMC sampling, the numbers of extended samples N and chains are set as 100
and 10, respectively. Furthermore, the number of extended samples N regarding the slice
sampling is set as 1000. Accordingly, a small set of each displacement data of the eight
target points regarding each image is converted to larger sets of 100 and 1000 augmented
data samples.

Figure 7a–c shows the augmented data associated with HMC and slice sampling,
respectively. A simple graphical comparison between Figure 6, which shows the real small
displacement samples, and Figure 7a reveals that the use of HMC sampling can better
observe the EOV conditions. However, as Figure 7b illustrates, this conclusion is not valid
for slice sampling. Although this technique significantly helps to recognize variations in the
augmented displacement samples of the damaged conditions (i.e., Images #44 and #45), the
variations in the other images are very small. To provide a fair comparison between HMC
and slice sampling, Figure 7c indicates the augmented displacement data with N = 100.
The same conclusion in Figure 7b is also observable. Another important note is Figure 7
pertains to the detection of abnormal change in the bridge with the direct observation
of the augmented data. Although the augmented samples of Images #44 and #45 differ
from the other images, there are three limitations of directly applying such information
for a critical event, such as pre-collapse detection. At this moment, it is assumed that the
condition of the bridge is unknown. First, the augmented data samples of some images
roughly resemble the corresponding samples of Images #44 and #45. This means that the
direct use of such samples increases the probability of a false alarm. Second, some sets
of the augmented data have positive values, whereas others have negative values. This
property makes it difficult to accurately decide when the bridge suffered from damage.
Third, this study proposes two online learning methods for real-time SHM. This means that
it is not necessary to collect all data during a fixed training period. In other words, before
the occurrence of damage, it is essential to consider the other data samples in an effort to
avoid false alarms or false detection errors.

For further evaluation of the EOV conditions, Figure 8 depicts the box plots of the
augmented displacement data obtained from the HMC and slice sampling. In Figure 8a, it
is clear that the utilization of data augmentation helps to better observe the EOV conditions
by using HMC sampling. However, it is slightly difficult to get the same conclusion via
the augmented data from slice sampling. Hence, one can conclude that HMC sampling
outperforms slice sampling in order to graphically evaluate the rate of variations caused
by environmental and/or operational conditions. Nonetheless, the same conclusion in the
aforementioned figures is that the occurrence of damage leads to significant increases in the
augmented data and their variances, as can be observed in both box plots in Figure 8. In
this regard, one can observe that the last image has the largest variance. It should be noted
that although the small displacement points at Images 44 and 45, see Figure 6, indicate
variances in data, it is difficult to reach the conclusion as good as the augmented data. This
indicates how the aforementioned theory interprets variations in real data appropriately.
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For more rigorous evaluation, Figure 9a,b shows the logarithmic values of the medium
absolute deviation (MAD) of the augmented displacement samples obtained from the HMC
and slice sampling, respectively. In statistics, MAD is a robust measure for assessing the
variability in data. Accordingly, a large MAD quantity is representative of large variability
and vice versa. For this reason, the MAD values of the augmented data are computed to
investigate the effect of the EOV in a numerical manner. From Figure 9, one can observe
that the augmented displacement samples from both sampling techniques could properly
indicate the influence of the EOV conditions. As can be seen, along with the augmented
data of the damaged conditions (i.e., Images 44 and 45), there are large variations in the
augmented displacement samples of some normal conditions. An important note is that
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the augmented data for the slice sampling could also indicate the EOV effect. This conveys
the importance of numerical analyses rather than graphical assessment.
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3.3. Data Normalization and Feature Classification

As mentioned earlier, one of the advantages of the proposed online hybrid learning
methods is to simultaneously implement the procedures of data normalization and feature
classification. For the first procedure, the main aim is to train an online model based on
the ODTL algorithm of sequential auto-associative neural networks. Hence, the iterative
online algorithm begins with the augmented displacement set from the first SAR image
and β = 20%. This amount makes sense that one can suppose that the augmented data with
the error rate larger than this value is most likely concerned with the damaged condition of
the structure.

In this regard, Figure 10 shows the variations in the error rates by receiving any new
SAR image or new augmented displacement samples. In this figure, the horizontal axis
depicts the number of iterations, which is equivalent to the number of augmented data
or images. In the iterative algorithm, the sample number of neural networks is set as 10.
From Figure 10, one can observe that the error rates are equal to zero at some iterations,
while the others are relatively large values. Nonetheless, the largest error value belongs
to the 44th iteration, regarding Image #44. This means that the process of ODTL and
updating the deep neural network should be terminated. Afterward, this model is applied
to extract the test residual samples of any new data. Hence, the neural network updated
at the 43rd iteration is set as the final model or last network. The comparison between
Figure 10a,b regarding the HMC-ODTL-EMSD and the SLS-ODTL-EMSD reveals that the
second approach provides smaller errors in the normal condition.

Remote Sens. 2022, 14, x FOR PEER REVIEW  20  of  25 
 

 

3.3. Data Normalization and Feature Classification 

As mentioned earlier, one of the advantages of the proposed online hybrid learning 

methods is to simultaneously implement the procedures of data normalization and fea‐

ture classification. For the first procedure, the main aim is to train an online model based 

on the ODTL algorithm of sequential auto‐associative neural networks. Hence, the itera‐

tive online algorithm begins with the augmented displacement set from the first SAR im‐

age and β = 20%. This amount makes sense that one can suppose that the augmented data 

with the error rate larger than this value is most likely concerned with the damaged con‐

dition of the structure. 

In this regard, Figure 10 shows the variations in the error rates by receiving any new 

SAR image or new augmented displacement samples. In this figure, the horizontal axis 

depicts the number of iterations, which is equivalent to the number of augmented data or 

images. In the iterative algorithm, the sample number of neural networks is set as 10. From 

Figure 10, one can observe that the error rates are equal to zero at some iterations, while 

the others are relatively large values. Nonetheless, the largest error value belongs to the 

44th iteration, regarding Image #44. This means that the process of ODTL and updating 

the deep neural network should be terminated. Afterward, this model is applied to extract 

the test residual samples of any new data. Hence, the neural network updated at the 43rd 

iteration is set as the final model or last network. The comparison between Figure 10a,b 

regarding the HMC‐ODTL‐EMSD and the SLS‐ODTL‐EMSD reveals that the second ap‐

proach provides smaller errors in the normal condition. 

(a)  (b) 

   

   

Figure 10. Evolution error rates  in the  iterative process of the ODTL algorithm: (a) HMC‐ODTL‐

EMSD, (b) SLS‐ODTL‐EMSD. 

In addition, Figure 11a,b indicates the optimal numbers of the sequential auto‐asso‐

ciative neural networks at each iteration of the HMC‐ODTL‐EMSD and the SLS‐ODTL‐

EMSD methods, respectively. As such, in Figure 11a, the last network for the first method 

contains six sequential auto‐associative neural networks, while the second method in Fig‐

ure 11b includes nine networks for constructing the final online model. One of the inter‐

esting properties of the proposed online hybrid learning methods is the lack of final deci‐

sion‐making by comparing any novelty score with any threshold limit. In other words, 

each output of the ODTL‐EMSD algorithm can help to make a decision. For example, the 

evolution of the error rate in Figure 10 demonstrates that the information extracted from 

E
rr

or
(%

)

E
rr

or
(%

)

Figure 10. Evolution error rates in the iterative process of the ODTL algorithm: (a) HMC-ODTL-
EMSD, (b) SLS-ODTL-EMSD.

In addition, Figure 11a,b indicates the optimal numbers of the sequential auto-associative
neural networks at each iteration of the HMC-ODTL-EMSD and the SLS-ODTL-EMSD
methods, respectively. As such, in Figure 11a, the last network for the first method contains
six sequential auto-associative neural networks, while the second method in Figure 11b
includes nine networks for constructing the final online model. One of the interesting
properties of the proposed online hybrid learning methods is the lack of final decision-
making by comparing any novelty score with any threshold limit. In other words, each
output of the ODTL-EMSD algorithm can help to make a decision. For example, the evolution
of the error rate in Figure 10 demonstrates that the information extracted from Image #44
is dependent on the damaged condition and the bridge may be threatened by dangerous
situations, such as partial or global collapse. However, in order to further assess the process
of damage detection, the EMSD values on each date or image are shown in Figure 12. As
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can be seen, the EMSD quantities on 15 November 2015 regarding Image #44 is larger
than the previous images. The comparison between the HMC-ODTL-EMSD and the SLS-
ODTL-EMSD methods demonstrates that the latter provides better and larger output and
decision-making than the former regarding Image #44. The other important conclusion is
that the EMSD values on 26 November 2015 associated with Image #45 suddenly increase so
that these are the largest distance quantities among the other values. This clearly indicates
the growth of damage or the level of the damage severity. Therefore, one can state that the
proposed methods could quantitatively estimate the severity of damage. In Figure 12b, one
can observe that the EMSD values of the two last images differ from the other quantities. In
contrast, the only EMSD amount of the last image in Figure 12a is different from the EMSD
values of the undamaged conditions (i.e., the images 1–43). Hence, it can be concluded
that the proposed SLS-ODTL-EMSD method can provide more appropriate results of early
damage detection compared to the HMC-ODTL-EMSD technique.
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Figure 11. Selecting the optimal number of sequential auto-associative neural networks (nnOpt) at
each iteration before terminating the iterative process of the ODTL algorithm: (a) HMC-ODTL-EMSD,
(b) SLS-ODTL-EMSD.
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The other important note in Figure 12 is that the detection of the undamaged conditions
before Image #44 means that the proposed methods work well. More precisely, one of
the main objectives of SHM is to declare the current state of a structure in terms of being
undamaged or being damaged before the occurrence of a catastrophic event, such as
collapse. If it is assumed that the current status of the Tadcaster Bridge is unknown, the
main goal is to collect a SAR image, extract displacement data, augment small displacement
samples, and implement the proposed online learning methods, as shown in Figure 3.
Accordingly, the first set of the augmented data from the first image is selected as the
baseline data (X1) and the next image (on a different date) is considered as the validation
data (e.g., X2). If the methods declare that this set belongs to the undamaged (normal)
condition, it can be concluded that the structure operates normally, and the validation data
can be added to the training set and the process continues. In Figure 12, as the proposed
methods yielded the accurate decision about the undamaged condition of the bridge before
Image #44, one can deduce that these methods are successful in health monitoring of the
bridge. However, when the augmented data of Image #44 is used, the methods terminate
the first stage (online learning) and arrive at the second stage (online damage detection).
Afterward, all measured (augmented) data should be considered as the test data. From
Figure 12, one can conclude that the methods accurately detect the undamaged and the
damaged states of the bridge before the occurrence of the partial collapse.

Here, it should be justified that although the flooding caused the partial collapse of one
part of the Tadcaster Bridge, the scour was the main factor. On the other hand, although the
bridge partially collapsed on 29 December 2015; both proposed methods seriously trigger
the existence of an adverse variation on 15 November 2015, i.e., regarding Image #44, and
a worse change on 26 November 2015, i.e., regarding Image #45. This means that these
methods can help authorities and the bridge owners to prevent an adverse phenomenon
such as a partial collapse, which can threaten human life and induce considerable economic
losses due to rehabilitation or even rebuilding of seriously damaged structures.

4. Conclusions

The main objective of this article was to propose new online hybrid learning methods
called HMC-ODTL-EMSD and SLS-ODTL-EMSD for early damage detection and pre-
collapse prediction of civil structures. The key novel element of the proposed methods in
this article was their online learning and online damage detection procedures. Moreover,
new data normalization based on the ODTL algorithm and a new feature classification
metric, EMSD, were proposed. The small displacement samples of the Tadcaster Bridge
obtained from some satellite images of TerraSAR-X were applied to validate the proposed
methods. The main conclusions of this study can be summarized as follows:

(1) The proposed idea for the augmentation of the small displacement data through
the HMC and slice sampling provided better observations of structural responses,
structural behavior, and EOV conditions. Regarding the last item in the graphical
evaluation, the HMC sampling better indicated the variations caused by the envi-
ronmental and/or operational conditions as well as damaged cases. However, the
numerical assessment via the MAD measure revealed that both the HMC and slice
sampling succeeded in demonstrating the EOV conditions. Generally, the augmented
displacement data outperforms the small data for this issue;

(2) The second stage of the proposed methods regarding the online data normalization
and online damage detection accurately detected the damaged state of the bridge and
predicted the pre-collapse condition on 15 November 2015 (i.e., the 14 days before the
partial collapse on 29 November 2015). In other words, the online hybrid learning
methods correctly alarmed the emergence of damage and the hazard of collapse before
its occurrence. This alarm triggered before 26 November 2015 (i.e., the 3 days before
the partial collapse), when the outputs of the proposed methods indicated the growth
of damage and abnormal changes in the bridge;
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(3) In both online hybrid learning methods, the EMSD value of Image #45 regarding 26
November 2015 was larger than the corresponding value of Image #44 concerning
15 November 2015. This means that the proposed methods could correctly and
quantitatively estimate the level of damage severity;

(4) Although both HMC-ODTL-EMSD and SLS-ODTL-EMSD gave reasonable results
of early damage detection and succeeded in alarming the occurrence of damage at
the earliest time (i.e., 15 November 2015), the latter outperformed the former due
to smaller error variations in the normal conditions (i.e., the images 1–43) and more
discriminative EMSD values between the undamaged and damaged conditions.

For further research in this category, it is essential to develop the online learning
method with a more rigorous and robust stopping condition for β. As mentioned earlier,
the main reason for applying the displacement samples of the Tadcaster Bridge is an appro-
priate target point distribution on the structure similar to contact-based sensor networks.
Hence, new machine learning methods for locating the damaged area of the structure can
be proposed. Accordingly, any new method should be able to identify the location of the
point “b” as the damaged zone of the structure.
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