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displacement measurements
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Abstract

This work investigates the effectiveness of using convolutional neural networks (CNNs) and instantaneous displacement
measurements for damage identification in beams. The study involves subjecting laboratory beams to eight distinct dam-
age scenarios and capturing the vertical positions of 60 points along the beam length during free-vibration tests using a
high-speed camera. The data obtained was subsequently used to train a CNN in a supervised manner to estimate the
level of damage at each point. Results showed that the CNN models were able to correctly localize and quantify the
damage levels when trained on data from all damage scenarios. The soundness of the proposed methodology was
demonstrated in a robustness assessment, where all eight damage scenarios were correctly identified even when two of

them were excluded from the training dataset.
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Introduction

Throughout the entire life cycle of any civil engineering
construction, the safety of users and the efficient func-
tioning of structural systems must be a top priority for
engineers. This is particularly crucial for large struc-
tures such as bridges, viaducts, tall buildings, and
towers, where monitoring the structure condition on a
continuous basis is imperative to detect abnormal
behavior and prevent -catastrophic failures. This
ongoing process of identifying structural failures or
malfunctions is known as structural health monitoring
(SHM).

Avci et al.' conducted an extensive literature review
and concluded that damage detection is the most criti-
cal aspect of an SHM system. Detection is the first step
in the damage identification process, which also
involves locating it and assessing its severity—
according to the well-known Rytter’s damage identifi-
cation. In order to achieve the three steps above
defined for damage identification, instead of using
classical approaches based on modal tracking,> * many

researchers have turned to machine learning.” artificial
neural networks (ANNSs) undoubtedly deserve to be
highlighted among the machine learning algorithms.
ANNSs are extremely versatile and can be applied to
SHM problems through various architectures, such as
fully connected networks,®’ autoencoders,®? and, more
recently, convolutional neural networks (CNNG). %!
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A CNN is a type of ANN commonly used in image
recognition and processing tasks.'”> In the context of
structural damage identification, a CNN is commonly
applied to detect and classify damage patterns in struc-
tural time series, such as those obtained through vari-
ous non-destructive testing techniques. The network
uses convolutional layers to learn spatial features of
the time histories by detecting local patterns associated
with damage. These features are then fed into fully
connected layers that perform the classification task.'?
Thus, the network determines the type and severity of
the damage present in the structure from where the
input data was taken. CNNs have shown promising
results in the field of SHM, and several recent works
have addressed this topic.'!"14 1

Since the input data for these algorithms must be
reliable, successful identification of damage in struc-
tures also depends on effective instrumentation. In
addition, in order to be able to locate and quantify
damage, it is usually necessary to have many instru-
mented points in the structure, which can add difficul-
ties to the already complex problem of damage
identification.'” Hence, a successful implementation of
damage identification requires instrumentation that is
not only effective, but also efficient. In this sense, the
use of cameras to capture displacements is an attractive
approach to overcome the challenges associated with
instrumentation composed of many sensors. In such
cases, adequate image processing of videos from the
tested structure can provide a substantial number of
displacement time histories corresponding to different
points in space. This approach can potentially replace
a large number of instruments based on sensors such
as displacement transducers.'®

In this context, this paper presents a comprehensive
analysis of beam damage identification based on CNN
and structural displacements obtained via image pro-
cessing. The authors have opted to use CNN since they
were originally created to deal with images, which are
the main inputs for the proposed methodology. This
differs from classical CNN applied directly to images
in that the images are preprocessed to extract displace-
ment information. The preprocessing largely improves
the signal-to-noise ratio of the training dataset and
reduces its dimensionality (from millions to tens).

The study uses a high-speed camera to evaluate a
dynamically monitored beam when subjected to eight
different damage scenarios (healthy structure and
seven damaged states). Time-series data of dynamic
displacements for 60 distinct beam points are extracted
for each scenario employing an ad hoc image process-
ing method. The deformed configurations of the beam
at different instants of time are then used to train a
CNN to identify, localize, and quantify the damage
level at each point. In addition, a robustness analysis is

carried out to assess the ability of the proposed metho-
dology to detect damage in samples from scenarios
that were completely excluded from the training
process.

Most of the previous works on CNN for damage
identification use convolution in time to learn, pre-
cisely, temporal patterns. For example, in Chen et al.'’
a single-channel time history is preprocessed to gener-
ate time-frequency images (spectrograms) that are then
used as inputs for a CNN. A distinctive aspect of the
present work is that time dependency of displacements
is not used as information at the input for the CNN.
On the contrary, the convolutional layers are intended
to learn spatial patterns. The algorithm is expected to
work based on the assumption that the specimen is in
free vibration and has proportional damping. Under
this condition, the instantaneous structural response is
a linear combination of mode shapes and deflection
due to gravity. Since both types of deformation have
shapes that are characteristic of the beam and its state,
instantaneous displacements are expected to convey
significant information about damage.

In simple words, the proposed methodology treats the
frames of the video as individual and independent snap-
shots of the specimen. Not needing the time information
is an important practical advantage of the algorithm for
the following reasons. Firstly, free-vibration record seg-
ments can be automatically obtained using a dynamics-
based algorithm' or using state-of-the-practice object
detection (from the same video or using synchronized
cameras) to detect the forcing objects on the structure. In
this context, the shorter the free-vibration record
segments required, the easier (more likely) they are to
obtain.® Secondly, since time information is not
necessary, there is no need for time order or time conti-
nuity of the instantaneous displacements obtained from
video. Therefore, the algorithm can be fed with instanta-
neous displacements measured in any order and even on
different days. These facts can leverage the use of a large
number of samples corresponding to the same scenario
at a low cost. This aspect of the approach has two conse-
quences: on one hand, it yields a substantial increase in
the training data, as each deformed -configuration
becomes an input sample; on the other hand, relatively
high performance in terms of damage identification can
be obtained by combining predictions in an ensemble*!
method for example, the median of predictions.

As a final note, it can be said that learning spatial
patterns has the side advantage that they are expected
to be less sensitive to environmental conditions than
temporal patterns. Note that classical temporal patterns
as the structure natural frequencies can be even more
sensitive to day-night temperature changes than to
severe damage.?” On the contrary, classical spatial pat-
terns as modal shapes and modal curvatures are more
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sensitive to damage than to global changes (under the
assumption of sparse damage™). Good examples of
exploiting this phenomenon are the works of
Deraemeker et al.,>**> where local modal filters are
used as feature extractors for damage localization using
ambient vibrations under a changing environment.

Convolutional neural networks

CNNs,*® which are neural networks inspired by biol-
ogy, are commonly utilized in various systems for
object and event recognition in images or videos.
Despite being around for almost 30 years since their
inception, contemporary CNN architectures still incor-
porate similar characteristics as their predecessors,
including convolutional and pooling layers. In addi-
tion, back-propagation remains the most widely used
training method.?’

The broad application domains and popularity of
CNNs can be attributed to several advantages, such as
their ability to merge parameter extraction and feature
classification into a single learning body. Additionally,
the sparsely connected neurons of CNNs allow for effi-
cient processing of large inputs compared to fully con-
nected Multi-Layer Perceptron networks. CNNs are
also invariant to minor input data transformations,
including translation, scaling, and skewing, and are
able to adapt to various input sizes. These benefits are
highly valuable when dealing with SHM issues. This is
because the input data typically consists of temporal
histories with varying high dimensionality specific to
each problem, as well as characteristics that can change
irrespective of the damaged state of the structure being
analyzed, such as scale and amplitude. Although this is
the approach used in the vast majority of works that
address CNNs applied to SHM, it is not the case in
this article, where the input data consists of deformed
configurations of the structure instead of temporal his-
tories, as previously highlighted.

A complete review can be found in the work of
Goodfellow et al.?® for a comprehensive understanding
of CNNs. This review delves into the fundamental con-
cepts of CNNs, their architecture, and their impor-
tance in the field of computer vision. Bhatt et al.*’
provide a good overview of the history of CNNs, how
they work, and the various architectures developed
over the years. These references are excellent resources
for anyone seeking to understand the ins and outs of
CNNE.

Experimental program

The CNN utilized in this study was architected and
optimized through an iterative process consisting of

Figure I. Zoom view of the specimen in the damaged zone.
References: (a) clamped and (b) free.

Figure 2. Experimental setup. References: (1) high-speed
camera, (2) fixed support, (3) beam specimen, (4) background,
(5) lens, and (6) tripod.

training, testing, and validation, using only experimen-
tal data. These data were collected according to the
experimental program described below.

Test setup

The beam specimen under test (Figure 1, and reference 3
in Figure 2) consisted of a 1 m long straight cantilever
beam made of polypropylene with a 25.4 mm X 25.4 mm
squared cross-section. In the reference frame used, the
variable x represents the position along the longitudinal
axis of the beam. Specifically, x =0 m corresponds to the
free end of the beam, while x=0.8 m corresponds to the
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Table |I. Damage scenarios.

Scenario Depth d.(x) (mm) at Actual Dg(x) at
xd:O.Sm xd:0.6m xd:0.7m xd:O.Sm Xd =0.6m Xd =0.7m
Position 36 Position 44 Position 53 Position 36 Position 44 Position 53

#l 0 0 0 1.000 1.000 1.000

#2 0 0 5 1.000 1.000 1.930

#3 0 0 10 1.000 1.000 4.487

#4 0 0 13 1.000 1.000 8.595

#5 0 5 13 1.000 1.930 8.595

#6 5 5 13 1.930 1.930 8.595

#H7 5 10 13 1.930 4.487 8.595

#8 1 10 13 5.488 4.487 8.595

clamping point (see Figure 1). The resulting free span was
0.8 m long. The first natural frequency under healthy con-
dition was f; =7.69 Hz.

As shown in Figure 2, the scene was illuminated with
natural daylight. On the other hand, the camera pose
was aligned such that the line of sight was normal to
the specimen axis.

Definition of damage scenarios

The beam was artificially damaged by producing verti-
cal and rectangular Mode I (opening) cracks on its
upper surface using a hand bow saw. The actual widths
of the cracks were between 0.5 and 1 mm (Figure 1); so
they were small enough to be considered infinitesimal,
and large enough to avoid crack breathing. As a com-
bination of crack locations x4 and depths d., eight suc-
cessive damage scenarios were defined and executed,
which are summarized in Table 1. This table also pre-
sents the damage index Dpgj(xq), which is directly
related to d. and is defined further on. As shown in
Figure 1, cracks were produced at 0.1, 0.2, and 0.3 m
from the fixed end (x = 0.7, 0.6, and 0.5 m, respec-
tively), and their depths were measured using a Vernier
caliper for the quantification of the actual damage.

The region where the cracks were made was near
the fixed support of the beam. This is because higher
stresses are expected in that region, making it the most
likely area for damage. Additionally, that region gener-
ally exhibits greater curvature, increasing the likeli-
hood of detecting cracks using a spatial pattern-based
method. In any particular application, the damage sce-
narios used for training should reflect the more likely
situations, preferably from statistical data of actual
damage observed in the past.

Data collection

For each of the eight damage scenarios, two trials were
performed while captured in video. In these trials, free

vibrations were produced by imposing an initial displa-
cement of 4-5 cm to the beam tip. The incorporation
of two trials was intended to make the experiment more
representative of real-world scenarios, as it exposed the
experiment to different lighting conditions although the
camera pose remained invariant (image plane parallel
to the plane containing the displacements). In a partic-
ular actual application, the number and conditions of
data-collection trials should encompass all the likely
variabilities. For example, if the camera pose relative to
the beam or the boundary conditions of the macro-
structure could change, the training dataset should
include trials that capture these variabilities in each
damage scenario. In this way the CNN could identify
the damage being insensitive to such variabilities.

Videos were captured using a high-speed camera
Chronos 2.1-HD (as shown in Figure 2), with a total
duration of 2.7 s (approximately 20 times the period
corresponding to f), at a frame rate of 1000 fps, with
an exposure time of 100% (1/1000 s), and a resolution
of 1280 px X 1024 px. The region of interest was con-
sidered to be 1200 px wide out of the total resolution.
The distance between the camera and the specimen
was about 8 m. This was chosen simply as that allows
covering more than a half of the free part of the speci-
men with the available lens. Finally, the optical setup
resulted in a pixel scale of approximately 0.6 mm per
pixel.

Methodology definition
Input data

The proposed methodology relies on the number of
data points considered, that is, with more data points
available, the results tend to be better. This represents
a strong advantage for camera-based monitoring com-
pared to instrumented sensor-based approaches, since
it allows observing several data points at the same time.
In parallel, the larger the size of the horizontal window
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used for calculating vertical displacements, the higher
the accuracy of the results, as more pixels are involved
in the calculations of each point. However, fewer verti-
cal displacements are allowable from each snapshot.
On the other hand, smaller horizontal window sizes
allow for a larger number of vertical displacements
along the beam to be measured, but with reduced preci-
sion. Finding the ideal balance between the number of
monitored points and the number of pixels used for
each point is a challenge inherent to camera-based
instrumentation. In the current case, using 60 moni-
tored data points and a horizontal window with 20 px
per monitored point resulted in precise measurements.
This choice of the proposed methodology is based on
Saint-Venant’s principle and the study by Garrido
et al.>® The latter confirmed, numerically, statistically,
and experimentally, that a crack induces a reduction of
relative flexural rigidity not as a Dirac’s delta but in a
region around the crack. Moreover, the corresponding
apparent damage extent (along the longitudinal axis)
depends on the beam cross-section height and not on
the crack depth. Therefore, a general rule-of-thumb
could be to choose a point spacing smaller than the
apparent damage extent, which can be approximated
as the beam height (considering a piecewise linear
modelSo). For instance, in the specimen under test, the
cross-section height is 0.0254 m while the point spacing
resulting from using 60 points is approximately 0.01 m.

The first step in the proposed methodology is to
define a vector of 60 displacement measurements,
denoted asy=[y1 » »s Yoo ], which is used as
input data for training the CNN. This input vector was
obtained using image processing techniques, and a
summary of this procedure is presented below.

For extracting displacements from video, in the par-
ticular case of a straight beam, an axial edge is a good
natural feature if the background is uniform and of a
different color/intensity than the beam.”> An addi-
tional requirement is that one face corresponding to
the selected edge is always hidden from the camera per-
spective. Thus, the edge presents high contrast and is
not confused with the beam face.

In this work, the method described in Garrido
et al.> for a single image, which uses the beam edge as
a natural feature, was applied to each video frame to
obtain displacement records. The main steps of the
method are detailed below for the sake of
completeness.

The image, that is composed of rows and columns,
is partitioned in horizontal windows which are groups
of image columns. Each horizontal window corre-
sponds to a position in the beam where displacement is
required. In the present work, 60 horizontal windows
are considered.

For each video frame:

1. The image is converted to a gray scale by combin-
ing the three 8-bit color channels into a single
double-precision matrix of intensity values.

2. For each image column: The horizontal edge is
detected using the smooth Gaussian gradient cal-
culated along the vertical direction. The vertical
Gaussian window is 15 px long and ranges =3
standard deviations.

3. The image gradient is binarized using a threshold,
and then the largest connected component is identi-
fied using the flood-fill algorithm. This component
is a region of the image that will be used as a mask.

4. For each horizontal window:

(a) For each image column:

i. Where the mask is active: Gradient
peaks are estimated and located with
sub-pixel resolution by using cubic
splines.

(b) A straight line is fitted using the peak loca-
tions as sample points and their amplitudes
as weights in a weighted least-squares linear
fitting.!

(c) The vertical positions y; are estimated as the
y-intercepts of each fitted straight line
(assuming the y;-axis is at the middle of each
horizontal window).

After obtaining temporal histories at 60 points of
the beam, the identification of the input vectors for the
CNN is done by directly observing the displacements
measured at each of the 60 points monitored for a
given instant of time. Figures 3 and 4 describe typical
input vectors y=[y1 12 3 veo ] of data points
and their respective positions on the beam. As depicted
in Figure 4, the change in curvature induced by a crack
is too subtle to be discerned with the naked eye.
However, CNN architecture can internally amplify
such changes through convolution.

Each experimental trial lasted for 2.7 s, with a data
acquisition frequency of 1000 Hz, yielding a total of
2700 input data vectors per trial y for each damage sce-
nario. To mitigate the impact of noise in the monitored
signals, the authors decided to utilize deformed config-
urations that had more substantial displacements.
Specifically, out of 2700 deformed configurations, only
1350 configurations with the highest displacement
amplitudes, based on the displacement at the free end
of the beam, were used in this work. Since all free-
vibration tests were performed twice, the total number
of samples per damage scenario was 2700.

Labeling

In the present work, damage is quantified numerically
using the following damage index:
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Figure 3. Description of input data y, numbering and position
on the beam. Points 36, 45, and 53 (x4 = 0.5, 0.6 and 0.7 m,
respectively), represent crack positions.
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Figure 4. Two samples of the training dataset.
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where Elq(x) is the flexural rigidity at x; and EI,(x) is
the flexural rigidity of the healthy beam, being constant
with respect to x in this case of uniform beam; and E is
the Young’s modulus, also constant.

To use the CNN in a supervised learning setting,
actual values of Dgp(x) have to be established. This was
done by following three criteria:

1. At the crack locations x4, actual values of Dgj(x)
were estimated by geometry as:

Ixa) [, de(xa)\ ™’
Iy(xq) <1 h ) @

where: I, (xq) and Ig(xq) are the moments of inertia
at the crack location without and with the crack,
respectively; dc(xq) is the crack depth; and 4 is the
cross-section height. The moment of inertia /4(xq)
was approximated under the assumption that the
neutral axis is at the middle of the remaining cross-
section height.?*-*°

Dgj(xq) =

scenario #8
scenario #7
scenario #6
scenario #5
scenario #4
scenario #3
scenario #2
1 —— scenario #1

Fhets

2: AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA A A W

0 10 20 30 40 50 60
position

Figure 5. Actual values of Dg(x) for the eight damage
scenarios, which were used as labels for training the CNN.
CNN: convolutional neural network.

2. Around each crack, actual values of DEl(x)f1 =
Hgi(x) were assumed to follow a piecewise linear
function in the interval [xq — Aq,x4+hd], as the
healthy index Hgj(x) in®~°. The parameter 24 is
named as apparent damage extent and it has been
shown to be dependent only on the beam height /4
as 2hg = hy.>°

3. Actual values of the damage index for all unda-
maged points, that is, outside the neighborhoods
of the cracks [xq — A4, x4 + k4], are Dgr(x) = 1.

The resulting actual values of Dgi(x) are shown in
Figure 5 for the eight damage scenarios. These values
were used as labels for training the CNN.

CNN architecture

The architecture of the CNN used in this work was
defined through a previous study where various config-
urations were evaluated. Among the analyzed config-
urations, the one presented in Figure 6 was found to
produce the best results, and was thus the chosen
model. It consists of a neural network formed by an
input layer composed of displacement amplitudes cal-
culated for a given time instant for each of the 60 mon-
itored points of the beam (vector y), followed by five
convolutional layers, a flattened layer and four fully
connected layers, leading to an output layer with 60
neurons, respectively associated with the values of
Dg(x) at each position x of the beam. Finally, the
CNN contains a total of 874,188 learnable parameters.

Batch normalization and Rectified Linear Unit
(ReLU) activation functions were applied to the out-
puts of each of the convolutional and fully connected
layers, except for the last fully connected layer, where
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Input Layer
(60x1)
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Convolutional Layer 1
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G i R
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& (60) 7

Figure 6. Architecture of the applied CNN.
CNN: convolutional neural network.

Table 2. Description of convolutional layers.

Layer Activations Padding Stride Kernel length
#1 60 X 16 Yes I 4
#2 30 X 32 Yes 2 4
#3 15 X 64 Yes 2 4
#4 8 X 128 Yes 2 4
#5 4 X 256 Yes 2 4

batch normalization was not applied. In each convolu-
tional layer, symmetric padding was added to both

Table 3. Description of CNN hyperparameters.

Hyperparameter Attribute
Gradient decay factor 0.9000
Squared gradient decay factor 0.9990
Epsilon I.00E — 04
Initial learn rate 1.00E + Ol
Learn rate schedule Piecewise
Learn rate drop factor 0.3162

Learn rate drop period 25

L2 regularization 1.00E + Ol
Gradient threshold method 12 norm
Max epochs 100

Mini batch size 256

Shuffle Every-epoch
Execution environment CPU

Batch normalization statistics Population

Output network Last iteration

CNN: convolutional neural network.

sides of the input vector. This was done to make sure
that the output vectors of the layer would have the
same length as the input if the kernels had a stride of
one. However, to reduce dimensionality, a stride value
of two was used in all layers except for the first. Figure
6 presents a scheme of the applied CNN, where the
dimensions of the activations are shown. Tables 2 and
3 summarize the convolutional layers and hyperpara-
meters, respectively. The CNN layers and hyperpara-
meters were set after an extensive grid search analysis
using Matlab® deep learning toolbox.

Training/testing procedure

A 10-fold cross-validation scheme®' was adopted in
this work. It is a common technique in machine learn-
ing and statistical modeling to assess the performance
of a model and estimate its accuracy. It involves divid-
ing a dataset into 10 equally sized “folds” or subsets
and then training and evaluating the model 10 times,
each time using a different fold as the test dataset and
the remaining nine folds as the training dataset. The
10-fold cross-validation works as follows:

1. Dataset preparation: The original dataset is ran-
domly divided into 10 equal-sized folds. This pro-
cedure guarantees that cach fold has equal
distribution of data points and maintains the origi-
nal data randomness.

2. Model Training: The model is then trained with
nine folds (i.e., the training dataset) while holding
one fold out for evaluation (i.e., the testing set).
Training consists in optimizing the model para-
meters based on the training data.
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Figure 7. Convergence analysis of the root mean squared
error (RMSE) through training.

3. Model Evaluation: The trained model is then evalu-
ated on the held-out fold (i.e., the test dataset) to
assess its performance.

4. Fold Rotation: Steps 2 and 3 are repeated 10 times,
with each of the 10 folds used once as the test
dataset and the other nine as the training dataset.
This process ensures that each data point in the
original dataset is used for training and testing and
that the model is evaluated on different subsets of
data.

5. Performance Metrics Calculation: After all 10
iterations, the performance metrics of the model
on the test datasets are averaged to obtain an
overall performance estimate for the model.

The advantage of 10-fold cross-validation is that it
provides a robust estimate of the model performance
using multiple train-test splits, which helps in reducing
the impact of randomness and data variability. It also
ensures that the entire dataset is utilized for both train-
ing and testing, making it more reliable for model eva-
luation when compared to other techniques.

The CNN models employed in this study were
trained utilizing the Adam optimizer,** with the objec-
tive function (OF) being the mean squared error
between the predicted Dgj(x) profile and the actual
profile, that is:

60
OF= %kz_; (Dgx(x¢) — DEIpred(xk))2 3)

where [ DEipred (X1)

vector of the CNN.
A convergence analysis was performed to determine
the necessary number of epochs. Figure 7 presents a
typical response obtained for the mean squared error
as a function of the number of epochs for the first test
fold (similar results are obtained for the other nine
folds), showing that the mean squared error practically

Deipred(¥60)] is the output

stabilizes after 100 epochs. In fact, the reductions of
the root mean squared error from the Ist to the 100th
epoch, and from the 1st to the 150th are 99,983% and
99,988%, respectively. Therefore, to avoid increasing
the computational time required for the training with-
out a significant increment in the mean squared error, a
limit of 100 epochs was chosen for all the evaluations.
Training data were divided in mini-batches of 256 sam-
ples that were shuffled at the end of every epoch. The
initial learn rate was 0.001, but this value was pro-
grammed to be reduced by a factor of /0.1 at every
25 epochs. This is done to prevent the model from tak-
ing steps that are too large when the error is already
low.

Results

The primary aim of this work is to evaluate if the pro-
posed methodology accurately classifies the eight dam-
age scenarios of the tested beams, pointing out the
location and extent of structural damage using the
CNN. In that way, out of a total of 1350 (deformed
configurations) X 8 (damage scenarios) = 10,800
input data samples, 9720 were designated for training
purposes, while the remaining 1080 were allocated for
validation at each fold.

An assessment procedure is carried out for the posi-
tion situated 100 mm from the support (i.e., monitored
position 53 of the tested beam (xq=0.7m)—refer to
Figure 1), and the same analysis is similarly applied to
the remaining monitored points. According to Table 1,
the damage indexes for position 53 vary from 1.000
(healthy structure—scenario #1) to 8.621 (scenario #8).
Figure 8 presents the results obtained using the CNN
for all the validation data across all the folds and all
the damage scenarios associated with position 53.
These results indicate that the point clouds obtained
for the validation data are in reasonably good agree-
ment with the damage index values for position 53
across the eight damage scenarios.

By executing the same procedure for each monitored
point, it is possible to summarize the results and obtain
Figure 9. This figure represents the damage levels iden-
tified along the beam for each evaluated scenario. The
figure shows the median predictions for each point,
compared to their respective actual values. The pre-
sented average values of the medians of the damage
indices for all folds at each damage state in comparison
with respective actual values confirm the good classifi-
cation performance of the CNN.

Table 4 presents the mean values obtained for all
folds at the regions where damage was actually caused,
with their respective standard deviations. The obtained
values for the points located in undamaged regions
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Figure 9. Comparison of actual values of Dg(x) and respective
median predictions, constructed with validation data from all
scenarios.

exhibited outstanding concurrence with the corre-
sponding target values (unitary values). Due to the
substantial number of points demonstrating these char-
acteristics, and considering that including these results
would considerably expand the size of Table 4 without
contributing with pertinent information for the analy-
ses, these findings have been omitted. Similarly, the
findings for the points near the crack regions displayed

remarkably similar behaviors to those observed in the
corresponding points where the cracks were intention-
ally induced. Therefore, these results have also been
excluded from Table 4. Hence, based on the results
presented in Table 4, it can be affirmed that the pro-
posed methodology not only detected the presence of
damages in the analyzed beam, but also accurately
located and quantified these data. The coefficient of
variation (CoV), used as a measure of the relative error
and calculated as 100% o/, resulted lower than 2%
in all the cases (scenarios and positions). The largest
relative error occurred, as could be expected, when
only one small crack was present in the beam specimen
(position 53 in scenario #2).

The training step takes around 452 s (roughly 7.5 min)
on a Desktop (12th Gen Intel Core 17-1255U 1.70 GHz;
16 GB RAM; 512 GB SSD; made in Brazil). With
today’s CPU/GPU (Grapbhics Processing Unit) computa-
tional capabilities, associated with parallel computing
schemes, there should be no problem in applying this
methodology to more complex structures. Please note
that the methodology itself does not depend on specific
boundary conditions (although the training might),
allowing it to be applied independently to individual
beams or columns within a macrostructure. As a result,
the dimensionality increases (roughly) linearly with the
size of the monitored region. However, the size of the
training dataset could increase faster to encompass inter-
action between beams or columns. From a computational
perspective, the most relevant aspect is that a CNN could
be assigned to each beam or column and trained in
parallel.

Median of predictions as ensemble algorithm

A very simple ensemble algorithm is proposed in this
work to combine a number of predictors to yield a
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Table 4. Comparisons of mean values of Dg(x) obtained from all folds with actual values, including coefficients of variation.

Scenario Position 36 (x4=0.5m) Target Position 44 (x4=0.6m) Target Position 53 (x4=0.7m) Target
pto (%CoV) pto (%CoV) pto (%CoV)
#1 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000
#2 1.000 == 0.000 (0.000) 1.000 1.000 == 0.000 (0.000) 1.000 1.916 = 0.033 (1.722) 1.930
#3 1.000 == 0.000 (0.000) 1.000 1.000 == 0.000 (0.000) 1.000 4.480 = 0.026 (0.580) 4.487
#4 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000 8.579 = 0.035 (0.409) 8.595
#5 1.000 == 0.000 (0.000) 1.000 1.927 = 0.010 (0.519) 1.930 8.580 + 0.036 (0.419) 8.595
#6 1.926 = 0.013 (0.673) 1.930 1.927 = 0.009 (0.466) 1.930 8.581 = 0.032 (0.375) 8.595
#7 1.926 = 0.015 (0.780) 1.930 4481 = 0.027 (0.603) 4.487 8.580 = 0.024 (0.280) 8.595
#8 5.485 = 0.024 (0.436) 5.488 4.484 = 0.017 (0.379) 4.487 8.589 + 0.022 (0.258) 8.595

CoV: coefficient of variation.

more accurate and robust global prediction. The pro-
posal is to use predictions of the same method (the
developed CNN), fed with different samples, as weak
predictors.

A number of sophisticated ensemble algorithms
have been proposed and implemented in practice along
the years. However, the basic idea is that ensemble
averaging of weak predictors can improve the perfor-
mance of single predictors and add robustness. This
occurs when the errors made by different predictors are
independent, and thus the ensemble average reduces
the variance portion of the error.?! The sophistication
of the ensemble algorithms is usually intended to
increase the error independence, even when the number
of weak predictors is small. This is not the case of the
methodology proposed in the present paper, where the
number of predictions can be huge for the reasons
exposed in the introduction section.

Figure 8 shows that the predictions (blue dots) of the
CNN developed in the present work have some disper-
sion around the actual values (yellow line). The vast
majority of them are close to the actual values (see
CoVs in Table 4), but some of them are certainly far.
These anomalous cases can occur in practice and are
likely to be particularly problematic if they trigger incor-
rect actions on the structure under test. An interesting
feature that must be seen in Figure 8 is that the disper-
sion is not symmetric. For example, in scenarios with
severe damage, the point clouds are biased to lower val-
ues of the damage index. This asymmetry makes the
mean not the best average option as ensemble. Besides,
the mean is sensitive to highly biased outliers, which
certainly can occur as can be seen in Figure 8.

On the other hand, Figure 8§ also shows that the med-
ian of all the predictions of each damage scenario (red
line) is practically identical to the actual values (yellow
line). Therefore, the median of predictions is chosen as
ensemble. The remaining question is: how many predic-
tions are needed to have a robust ensemble? This is

answered by calculating the median for an increasing
number of samples, each yielding a prediction, for each
damage scenario and for each position on the beam spe-
cimen. The respective charts with ensemble algorithm
predictions for positions 36, 45, and 53 are shown in
Figure 10. For easy comparison, this figure shows the
relative errors between the median of predictions and
the respective actual value of Dgi(x) for different num-
bers of samples. Moreover, no significant errors were
detected for the remaining points of the beam

Figure 10 shows that in all scenarios, the median of
predictions converged with a relative error lower than
1%, with less than 1500 samples. Excluding the most
challenging scenario (#2), that is, the one with a single
small crack, the convergence occurred with less than
500 samples. Note that each sample corresponds to a
single video frame and it yields a single prediction,
which is then averaged using the median. Therefore,
1500 samples simply means 1.5 s of not necessarily con-
tinuous or ordered video recording during free vibra-
tion. This can be easily achieved in many practical
applications.

As a final remark, it is worth recalling that the loss
of time continuity or time order of samples is proble-
matic in classical temporal-pattern-based CNNs for
SHM. In the proposed methodology, such a loss is ben-
eficial because it is likely to increase the error indepen-
dence between predictions and, therefore, to improve
the ensemble performance.

Robustness assessment

A robustness test was conducted to evaluate the effi-
ciency of the presented methodology in identifying
damage in novel scenarios. This test involved training
the CNN while excluding damage scenarios #5 and #6
from the training dataset. Subsequently, the trained
CNN was subjected to data related to the eight ana-
lyzed scenarios, including those not considered in the
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Figure 10. Performance of the median of predictions as
ensemble algorithm for positions 36, 44, and 53. This is the
relative error between the median of predictions and the
respective actual values of D (x) for different sample counts.

training phase. This evaluation aimed to assess the
ability of the methodology to generalize and accurately
detect damage in unseen scenarios, thus indicating its
robustness and reliability in situations closer to real-
world applications.

Similarly to Figure 8, the results for position 53
(xg=0.7m) are presented in Figure 11 but now for the
robustness assessment. It can be observed that despite a
noticeably higher dispersion of results for the damage
scenarios not seen in the training phase, the proposed
methodology accurately detected the damages at this
position for the eight damage scenarios. In particular, it
can be seen that the median of the predictions is slightly
under the actual value of Dgj(xs3), that is, the model
slightly underestimates the damage at position 53.

By following a similar procedure as before, Figure
12 was generated, showcasing the identified damage
levels along the beam for each evaluated scenario. The
figure presents the median predictions for each point
compared to their actual values. As expected, the per-
formance of the proposed methodology decreased, par-
ticularly for scenarios #5 and #6, which were not
included in the training phase. Despite this, all damage
scenarios were accurately detected and localized. In
terms of damage quantification, more pronounced dif-
ferences are observed at position 45, as well as their
respective neighborhoods. At this location, damage
was underestimated in scenario #5 and overestimated
in scenario #6. However, the predictions are close to
the actual values.

It is worth noting that scenario #5 is special in the
sense that is the only one in which there are 2 cracks
(the remaining have 0, 1, or 3 cracks). The prediction
performance that Figure 12 shows for this scenario is
very good in regards to detection and localization. This
is important because it evidences that the CNN is not
simply classifying the damage scenarios by learning one
global spatial pattern for each scenario. On the con-
trary, the CNN is identifying damage by learning local
spatial patterns related to local damage. If, in the pre-
diction phase, the CNN had yielded a False Positive at
position 36 or a False Negative at position 44, the

9r I
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8t True values
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#3 #4 #5 #6 #7 #8

Scenarios

Figure 1 1. Dg(x) for position 53 (x4 =0.7 m) at each validation fold and damage scenario for the robustness assessment. Thinner
vertical lines for a given scenario separate validation data from each of the 10 folds.
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Figure 12. Comparison of actual values of Dg(x) and
respective median predictions, constructed for the robustness
assessment.

methodology would have to be limited only to damage
scenarios observed in training. This would have drasti-
cally restricted the fields of application of the proposed
methodology; but it was not the case.

Table 5 compares the predicted values of Dg;(x) for
the positions on the beam where cracks were induced,
with their respective standard deviations, target values,
and coefficients of variation, for the robustness assess-
ment. These results confirm those shown in Figure 11,
where a higher dispersion of predictions and a decrease

in the performance evaluation of Dg;(x) values can be
observed, especially for the cases not used in the net-
work training. Despite this, it can be noted that the
proposed methodology exhibited promising results, as
it demonstrated excellent performance for the cases uti-
lized in the training process and reasonable perfor-
mance for the remaining scenarios. The relative error
in damage quantification was under the 20% even in
the special case of the unseen scenario #5 at positions
36 and 44.

Conclusions

This article presented a comprehensive analysis of dam-
age identification in a beam. Various aspects ranging
from experimental tests to direct damage identification
were addressed. For this purpose, a cantilever beam
was tested in the laboratory and the results were used
to evaluate a methodology for damage identification
based on CNNs. The tested beam was subjected to
eight scenarios of induced damage, and its dynamic
responses were captured through image processing
under free-vibration, allowing for the monitoring of
transverse displacements at 60 points along its length.

Instead of using temporal histories as input data for
the CNN, as commonly done in related works, this
work introduced the deformed configuration of the
beam obtained from the measured displacements at
each of the 60 monitored positions for a single time
instant. When trained with data from all the analyzed
damage scenarios, the CNN was able to correctly
identify, locate, and quantify the induced damage
(CoV < 2%).

A robustness assessment was conducted where the
CNN was trained with six out of the eight damage sce-
narios and validated with data from all eight tested sce-
narios. For this situation, the proposed methodology
correctly detected and located the damage, but with

Table 5. Comparisons of mean values of D (x) obtained from all folds with actual values for the robustness assessment.

Scenario Position 36 Position 44 Position 53

pro (%CoV) Target pnro (%CoV) Target pto (%CoV) Target
#l 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000
#2 1.000 + 0.000 (0.000) 1.000 1.000 + 0.000 (0.000) 1.000 1.934 + 0.022 (1.136) 1.930
#3 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000 4.490 = 0.014 (0.312) 4.487
#4 1.000 = 0.000 (0.000) 1.000 1.000 = 0.000 (0.000) 1.000 8.586 = 0.021 (0.245) 8.595
#5 1.010 + 0.024 (2.376) 1.000 1.303 + 0.222 (17.04) 1.930 8.442 *+ 0.046 (0.544) 8.595
#6 1.524 = 0.192 (12.59) 1.930 2.790 = 0.243 (8.704) 1.930 8.482 = 0.028 (0.329) 8.595
#7 1.934 = 0.013 (0.671) 1.930 4.487 + 0.012 (0.268) 4.487 8.588 = 0.016 (0.186) 8.595
#8 5.498 = 0.019 (0.346) 5.488 4.486 + 0.011 (0.245) 4.487 8593 = 0.018 (0.209) 8.595

CoV: coefficient of variation.
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less quantification precision (CoV < 20%). The
results obtained in this article indicate that the pro-
posed methodology has good potential for real-life
applications, where CNNs can be trained with various
damage scenarios to which the structure may be sub-
jected. Furthermore, the results demonstrate that the
CNN was able to offer reasonable damage prediction
even when subjected to scenarios that were not used
during their training.

The main finding of the present work is that damage
can be detected, located and quantified in a beam using
a data-driven model that is fed with snapshots taken
during free vibration. Moreover, using instantaneous
displacement field instead of displacement time history
as the model input, has important practical advantages:

e There is no need for data time continuity or time
ordering.

e Spatial-continuity, -ordering, and -positioning are
easily achieved when displacements are obtained
from video.

e Free-vibration records are statistically easier to be
obtained, since they can be shorter in duration.

e The number of samples corresponding to a damage
scenario, and consequently the number of predic-
tions, can be huge. This enables the use of a very
simple ensemble method, such as the median of
predictions.

The proposed approach could be applied to specific
beams or columns of a macrostructure independently.
In this way, instrumentation and CNN architecture
remain invariant. However, training should be done for
each beam or column under testing and, likely, hyper-
parameters optimized also independently. Special care
should be taken in the preprocessing stage, which may
involve the removal of rigid body motions. The neces-
sity of this step depends on the camera installation,
whether it is inside or outside the macrostructure.

Finally, it can be said that using a data-driven
model has well-known practical advantages. For exam-
ple, there is no need for physically identifying the beam
parameters (E, I, length) or its boundary conditions.
However, when this is combined with the extraction of
structural responses from video, there is an additional
advantage: the model can compensate systematic
errors, for example, minor camera misalignment and
other optical distortions. This can happen given that
the training dataset is statistically rich, and the model
has been trained with the same optical setup and it is
complex enough. When comparing the experimental
setup with the excellent results, it seems that such a
compensation has occurred in the present work.
However, more in-depth investigations are needed to
fully elucidate this error-compensation mechanism.

The most important limitation of the proposed meth-
odology is inherent to any data-driven method, which is
that the more likely damage scenarios should be known
a priori and induced in a specimen for generating a rich
training dataset. This dataset could be enhanced with
synthetic data through numerical simulations. However,
the methodology is still based on known damage scenar-
ios. On the contrary, physics-based methods are more
general; for example, the method presented in Garrido
et al.?®> only depends on damage sparsity. However,
physics-based methods can be susceptible to systematic
errors in instrumentation, which are easily and automat-
ically handled by data-driven methods as the one pro-
posed in the present paper.
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Note

1. Weighted fitting is advantageous because image columns
where the beam and the background are of similar inten-
sities are penalized. On the contrary, zones of high con-
trast are emphasized.
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