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Abstract This paper presents a brief overview of vibration-based damage identification studies based on Deep Learning
(DL) in civil engineering structures. The presence, type, size, and propagation of structural damage on civil infrastructure
have always been a topic of research. In the last couple of decades, there has been a significant shift in the damage detection
paradigm when the advancements in sensing and computing technologies met with the ever-expanding use of artificial
neural network algorithms. Machine-Learning (ML) tools enabled researchers to implement more feasible and faster tools
in damage detection applications. When an artificial neural network has more than three layers, it is typically considered as
a “deep” learning network. Being an important accomplishment of the ML era, DL tools enable complex systems which are
made of several layers to learn implementations of data with outstanding categorization and compartmentalization capability.
In fact, with proper training, a DL tool can operate directly with the unprocessed raw data and help the algorithm produce
output data. Competitive capabilities like this led DL algorithms perform very well in complicated problems by dividing
a relatively large problem into much smaller and more manageable portions. Specifically for damage identification and
localization on civil infrastructure, Convolutional Neural Networks (CNNs) and Unsupervised Pretrained Networks (UPN’s)
are the known DL tools published in the literature. This paper presents an overview of these studies.

Keywords Civil engineering structures - Damage identification - Damage localization - Infrastructure health - Deep
learning

1 Introduction

Inspecting the overall performance of engineering structures has always been important for maintaining structural health.
While the traditional way of damage monitoring on civil infrastructure has been through visual inspections [1-3], along
with the advancements in sensors and monitoring technology, dynamic response of structures has started to be exploited for
condition assessment [4—10] and serviceability evaluation [11-17] of structures. Along with the implementation of Machine
Learning (ML) based procedures in structural damage detection (both nonparametric ML and parametric ML methods), it has
been reported that both supervised ML procedures and unsupervised ML procedures need the step of feature extraction to be
completed first, so that the input data is represented with reference to a certain number of manually selected features [18-20].
Even though some of the manually selected features operate very well for some specific cases, they might not necessarily
work on other cases. Therefore, with the intention to keep away from manually selected features in complicated ML-based
methods, Deep Learning (DL) methods were created. DL or “Deep Neural Network™ is also referred to as “Deep Neural
Learning” or “Representation Learning.” It is a subset, indeed a special type of ML-based procedures. A great characteristic
of the DL is, without programmer intervention, it can extract optimum input representation directly from the raw signal
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while enhancing the classification accuracy. DL has the capability to learn by correlating the features per training, and then
process the feature extraction step based on the training. The competitive attribute of the DL is the fact that it can learn
in an unsupervised manner from unstructured data which enables it to tackle large problems by dividing it into smaller,
more manageable problems. DL has been in use by numerous other fields but their applications in vibration-based damage
detection of civil infrastructure only are discussed in this paper.

Standard Artificial Neural Networks (ANNSs) typically comprise an input layer. This layer is followed by hidden layers,
which are followed by an output layer. ANNs comprising multiple layers excluding input and output layers are accepted
as “deep” networks. It can also be considered as when the number of hidden layers increase, then the network “depth”
gets increased, to make the network a “Deep” one. For DL development, the study by Hinton and Salakhutdinov [21] is
considered as a pioneer study. DL structures are divided into four parts in [22]: Recursive Neural Networks; Recurrent
Neural Networks; Convolutional Neural Networks (CNNs); and Unsupervised Pretrained Networks (UPNs). Unsupervised
Pretrained Networks are further categorized into Generative Adversarial Networks (GANs); Deep Belief Networks (DBNs);
and Autoencoders (Deep Autoencoders). For damage detection of civil infrastructure, the DL tools utilized in the literature
have been CNNs and UPNSs. Therefore, this review includes these studies.

2 Use of UPNs in Damage Detection of Civil Infrastructure

Within the UPN categorization structure, Autoencoders are found to be the only network found in literature that was deployed
for damage identification and localization of civil structures. Within DL use, the Deep Autoencoders comprise multiple
hidden layers and original data description is more efficient per the learned features which enhances the classification
performance. An ensemble classification technique was used in [23] and then in [24] utilizing weight majority voting. In
these studies, the Autoencoder methodologies were referred to as Deep Neural Networks. Since the damage indicators are
often sensitive to environmental conditions such as temperature changes, in [23], the proposed damage identification method
addresses these factors by employing Couple Sparse Coding (CSC) and Autoencoders. Using analytical and experimental
data from bridges, the methodology was verified with noisy data conditions, temperature variations, and even modeling
errors. Principal Component Analysis was also used. In [24], the similar methodology was repeated on a beam per impact
hammer excitations using the demonstration in [25], focusing on different damage conditions via variations on frequency
response functions. The procedure was also utilized on a truss bridge model and found to be successful in the presence of
various uncertainties and changing external conditions.

On another identification study on a steel structure, the relationship learning and dimensionality reduction was used with
the autoencoders in [26] where the correlation between the stiffness values and modal characteristics were investigated
through pattern recognition. Modal parameters were the input information while the resulting damage was the output
information of the system. A pre-training was applied on the hidden layers. The procedure was validated numerically and
experimentally; also, the performance was reported to be better than the traditional ANNS.

3 Use of CNNs in Damage Detection of Civil Infrastructure

3.1 2D CNNs

Convolutional Neural Networks (CNN5s) are a class of supervised ANNs and primarily used in face/object recognition in
computers [27, 28]. They have quickly become well known and widely used among the rest of the DL algorithms because of
their efficient and fast operation directly on the raw signals [29-33]. When the researchers realized that CNNs are surpassing
performance of standard ML procedures in speed and accuracy, more focus has been placed on the application of CNNs
on various engineering applications [28, 34, 35]. CNNs are indeed multi-layer feed-forward artificial neural networks in
supervised format, inspired by the way mammalian brain’s vision cortex operates [36]. CNNs are found advantageous to
other networks because of their capability to comprise extraction and classification steps in one body while they process the
training on the raw signal. They can adapt to different size of input meanwhile they operate well with the transformations
like distortion, skewing, scaling, and translation.

The number of fully connected layers in CNNs typically supersedes the number of layers for pooling and convolution. The
CNN architectures are governed by various combinations of subsampling factors: size of kernels; numbers of convolution,
fully connected and pooling layers (hyperparameters); and neuron numbers in each of these layers. CNN trainings are
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in supervised format via the back-propagation (BP) loop procedures. With every BP loop, the sensitivities of network
parameters are calculated to improve the parameters until a termination protocol is met. Further information on this procedure
is reported in [37-40].

One example study for CNN use for damage identification is a 5-DOF laboratory benchmark structure which is
investigated numerically in [41]. The structure demonstrated in [42] was employed for numerical investigation. 2D CNNs
were used; therefore, 1D vibration signals were mapped into 2D format to be able to process the network model. The
proposed CNN methodology was verified with the acceleration data of El Centro earthquake applied on the structural frame
even in the presence of noise. The results were reported to outperform some of the traditional ML-based methods.

In another relevant study [43], a methodology based on CNNs was introduced for identifying and quantifying damage on
a concrete bridge. Experimental verification was shown for the presented method where four damage scenarios were studied
utilizing the acceleration response of the bridge. 2D CNNs were used again and based on 48 shake table tests, 40 sets of data
were assigned for CNN training and 8 sets of data were assigned for validation. 2D CNN performance was reported to be
successful for detection and quantification of damage.

In [44, 45], a CNN-based methodology was introduced for damage identification by processing images via functions of
transmissibility where the stiffness reductions on members were simulated as damage. A beam and a spring-mass assembly
was used to generate data and validate the proposed method using finite element models. The damage detection method was
reported to perform successfully.

3.2 1D CNNs

The CNN applications discussed above were based on conventional 2D CNNs which—as the name implies—are a better
fit for 2D inputs like videos and images. For 1D signals, One-dimensional CNNs were proposed in [38] for detection of
arrhythmia in electrocardiograms and then utilized in numerous applications that employ 1D signals [36, 46-51]. 1D CNNs
do have some architectural changes when compared to the 2D counterparts, but in a sense, they can be considered as similar.
The performance of 1D CNNs, however, is found to be surpassing 2D CNNs in many platforms [52-55] due to several
reasons. The most important one is the fact that 1D CNNs carry much less computational complexity than 2D CNNs. The
other reason is 1D CNN architecture is compact and it is designed in a way that even when the training data is not plenty,
difficult problems are successfully solved with the smaller number of neurons and hidden layers. On the other hand, for
2D CNNs, when the data is not plenty, overfitting problems tend to arise. On another note, back-propagation and forward-
propagation procedures of 2D CNNs require special hardware like GPU farms, while 1D CNNs are mostly fine with standard
CPU use on a basic personal computer. All these points make 1D CNNs a better fit for real-time use than 2D CNNss.

A relatively large laboratory structure was used in [40] where 1D CNNs were deployed to train and test 31 damage
scenarios. A sensor is placed at each node of the structure and trained separately for that node, where the assigned 1D CNN
processed the data collected at the corresponding sensor. The methodology was reported to be successful not only for single
but also for double damage scenarios. It was also noted that the damage identification, localization, and quantification were
performed in real time. The source code, the test data, benchmark dataset, and accompanied files are shared online on a
public website [56]. The benchmark dataset is also published as a conference paper [57]. More information on the large
laboratory structure can be found in [58]. Considering the fact that the introduced “damage” was only loosening the bolts
at joint locations (an almost negligible rotational stiffness change), it can be stated that the compact 1D CNNs are capable
of distinguishing very complex acceleration data with uncorrelated content. It is important to note that a basic personal
computer was used in [40], and all of the damage scenarios were predicted accurately, faster than the requirements accepted
for real time.

The material presented in [40] was followed by additional experimental studies such as [50] and [32] where the 1D CNN-
based approach introduced in [40] was implemented on a Wireless Sensor Network working directly on the data collected by
wireless sensors. 1D CNN architecture was in compact form with 2 CNN layers (four neurons/layer) and 2 MLP layers (five
neurons/layer). The damage detection and localization performance results were reported to be satisfactory for all damage
scenarios imposed on the laboratory frame.

Yet, it was noted that the classifier training operation discussed in [40] and [50] involves long data recordings, which
was on the manageable side for a laboratory frame, yet it can be cumbersome (and sometimes unrealistic) for large civil
infrastructure. In an attempt to address this, an updated version, “adaptive 1D CNNs” were proposed in [49] and [51] utilizing
the data presented in [59]. It was reported that the training was conducted with less effort with the adaptive 1D CNNs, and
damage detection, localization, and quantification tasks were processed successfully for all damage conditions discussed in
[59].
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4 Conclusions and Recommendations for Future Work

As discussed so far, the researchers all over the world have been using DL procedures for detecting, quantifying, and locating
damage on civil infrastructure. It has been reported that the CNN procedures are relatively easy to implement since the CNN
procedures do not mandate manual extraction of features, which means the users can operate straight with the raw signals.
There is also no need for pre-processing because the system can operate directly on unprocessed signal. When it comes to
a comparison between 2D and 1D CNN:g, it was reported that training for ID CNNs is a relatively easier process since they
are in compact form. On another note, 1D CNNs were reported to comprise lower computational complexity than 2D CNNss.
Especially in cases of sparse data, 1D CNNs were still able to perform satisfactorily for detecting, locating, and quantifying
damage.

Yet, it is important to note that some of the identification methods per DL are involving supervised algorithms. For large
civil engineering infrastructure, it is not always feasible to manage this since obtaining “before damage” and “after damage”
recordings is logistically difficult and sometimes even the attempt itself is unrealistic. Based on this, there is a need for
development of new methodologies to eliminate the dependency on data, especially for “after damage” conditions. In order
to go around the need for data for damaged conditions, one alternative way would be researching the available data for the
existing damaged conditions of structures (forming a library of structures) and establishing a link between an undamaged
structure and computer simulations of a library of damaged structures. As a final note, it is observed that the number of
studies involving unsupervised or semi-supervised studies for damage identification is relatively low; therefore, additional
research is required on unsupervised methods.
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