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Abstract
This paper proposes a Deep Learning enhanced Princi-
pal Component Analysis (PCA) approach for outlier de-
tection to assess the structural condition of bridges. We
employ a partially explainable autoencoder architecture
to replicate and enhance the data compression and recon-
struction ability of PCA. The particularity of the method
lies in the addition of residual connections to account for
nonlinearities. We apply the proposed method to moni-
toring data obtained from two bridges under real opera-
tion conditions and compare the results before and after
adding the residual connections. Results show that the
addition of residual connections enhances the outlier de-
tection ability of the network, allowing to detect lighter
damages.

1 Introduction
The goal of Structural Health Monitoring (SHM) is
to assess the health condition of structures and to de-
tect damage from the measurement of physical vari-

ables, mainly, accelerations, strains, displacements and/or
tilts.[12] Mathematically, this is an inverse problem that
consists of finding a relation between the response of the
structure and its real condition.[15] Several approaches
exist attempting to solve this problem: from numerical
optimization of computational models to statistical meth-
ods. [12] With the irruption of Artificial Intelligence,
more complex data-driven techniques have emerged, in-
cluding Machine Learning and Deep Neural Networks,
among others. [42, 3, 39, 43]

Unsupervised learning is an approach to assess the
health condition of operating structures using data-driven
methods. [12, 11] Based on information from the refer-
ence (normal) state of the system, it detects departures
from the normal response.[37] In large civil engineer-
ing structures, monitoring data may come from multiple
sensor arrays of different type and nature, which include
noise and redundant information.[40] Thus, an important
step to extract representative features from measurements
is data compression.[10]

Principal Component Analysis (PCA) is one of the
most widely used data compression techniques.[20] It ap-
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plies a linear projection of the data into the orthogonal
subspace formed by the most relevant eigenvectors of the
covariance matrix of the dataset. [34] The inverse op-
eration reconstructs the original data from the principal
components with minimal loss of information. [23] PCA
provides one particular solution to the search of direc-
tions of maximum variance in the data, although there ex-
ist multiple other solutions with the same reconstruction
capabilities.[23]

There are some works that employ this methodology
for outlier detection purposes. [8, 41, 16, 17] Mujica et
al.[30] use the residual between a sample and its corre-
sponding projection onto the model of principal compo-
nents as a novelty indicator for structural condition as-
sessment. Garcia-Sanchez et al.[16] proposed an outlier
detection method to assess the behavior against horizon-
tal loads of a bridge in Mexico. The goal was to detect
malfunctions in the sliding bearings that allow the relative
displacement between the deck and the piers. We applied
PCA to compress monitoring data from four longitudinal
displacement sensors and isolate the effect of temperature
changes (which were not directly measured). [36] The
single-value performance indicator was the error between
the original measurements and the projection of the com-
pressed variable back into the original space using the first
two principal components, known as Q-statistic. [30]

In this work, we first realize that, in terms of data recon-
struction, PCA can be replaced by a simple autoencoder
Neural Network (NN) with some restrictions.[24, 23] An
autoencoder is a particular NN that reconstructs the in-
put data at its output with small error.[6, 21, 4] Com-
pared to traditional PCA, the use of NN requires a train-
ing phase.[19] The architecture contains two main parts,
namely the encoder and the decoder. The encoder reduces
the dimensionality of the original input. The decoder is
the inverse of the encoder and maps the compressed rep-
resentation back into the original data space.[38]

Since PCA performs data compression via a lin-
ear mapping, it may loose important (irrecoverable)
information.[38] To overcome this problem, some non-
linear approaches have emerged, such as kernel PCA,[31,
18] but they require the nonlinear function to be previ-
ously selected instead of finding it during training. Often,
finding an optimal nonlinear function for the kernel PCA
is a challenging task.[38]

With an autoencoder, we can easily overcome this limi-

tation by adding residual connections to the linear version
of PCA that account for nonlinearities. As a result, we
obtain a more accurate compression method. In addition,
the use of independent blocks for the linear and nonlinear
contributions allows for obtaining a partially explainable
model.[2]

Explainability is a key advantage of our proposed ar-
chitecture as it enables to work with simple linear trans-
formations when possible and incorporate nonlinearities
if required. By imposing specific constraints during train-
ing, we can also attain specific solutions such as PCA
in the linear approach. It also allows to understand the
improvement process with respect to traditional PCA.
The proposed NN architecture is the main methodologi-
cal contribution of the present paper.

In this work, we employ a residual autoencoder to as-
sess the structural behavior of operating bridges. While
most bridge SHM works focus on the dynamic proper-
ties and acceleration signals[28, 8, 35, 5, 26, 13], here we
exploit other measurable time series from long-term mon-
itoring campaigns. The input variables are measurements
from different sensors, and constitute the target output to
be predicted by the autoencoder. We use the reconstruc-
tion error as a single-value novelty indicator for outlier de-
tection. We apply this methodology to two real structures
under service. The first one employs the same dataset as
Garcia-Sanchez et al.[16] for the Beltran bridge in Mex-
ico. The second case of study includes multivariate sensor
data from a continuous monitoring campaign of five years
of service life of bridge Infante D. Henrique in Porto, Por-
tugal.

Recently, autoeconders have been employed for out-
lier detection in several areas. [14] For example, Chen
et al.[7] apply autoencoder ensembles for unsupervised
outlier detection to various benchmark datasets to show
the effectiveness of the approach compared to traditional
techniques. Oh et al.[33] employ an autoencoder network
to detect abnormal operation sounds of a complex ma-
chine using audio spectrograms. Li et al.[25] propose
a hybrid autoencoder for anomaly detection in meteoro-
logical measurements to handle spatio-temporal data. All
these works employ basic autoencoder architectures and
dismiss the transition process to outperform linear data
compression approaches. In this work, we carefully de-
scribe the replication and enhacenement of PCA with an
explainable architecture.
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Within the area of civil engineering, Xu et al.[32]
present a Deep Learning approach that uses a convolu-
tional autoencoder to reconstruct vibration signals and
detect anomalies in a long span bridge. Ma et al.[27]
propose a variational autoencoder (VAE) based on deep
Bayesian neural networks to detect damage in beam-like
bridges under moving load. The method uses vibrational
data and it is validated with a simple beam numerical
model and a small-scale laboratory bridge experiment. Da
Fonseca[44] addresses a damage identification approach
using an autoencoder where the output (to map from the
compressed input) are the stiffness properties of the struc-
ture.

In this context of recent explosion of autoencoder meth-
ods for diverse SHM applications, our proposed method
provides a simple architecture with the following features:
(a) it is easily reproducible, (b) it outperforms PCA by
definition, and (c) it is an explainable autoeconder NN.
In addition, numerical results obtained for the two studied
bridges show a good health condition assessment.

2 Methodology

2.1 Linear autoencoder to approximate
PCA

An autoencoder is a particular type of Neural Network
that aims to reconstruct the input at its output that gen-
erally follows a feed-forward architecture. [24] It con-
sists of two consecutive modules, namely an encoder and
a decoder. The encoder reduces the dimensionality of
the original input while keeping all the relevant informa-
tion. Thus, it compresses the input data. The decoder
maps this reduced-dimension representation into the orig-
inal data space, providing the reconstructed measurement.
The encoding dimension limits the amount of captured in-
formation. Thus, there exists a trade-off between the com-
pression level and the reconstruction ability of the autoen-
coder.

Let M ∈ Mn×s be a set of n rescaled measurements
from s variables (sensors). For a certain measurement
m = (m1,m2, ...,ms)

T , each hidden layer le in the en-
coder operator applies an affine transformation followed
by an element-wise nonlinear activation function. The
same holds for the decoder operator, which applies to the

reduced-dimension vector. Based on this architecture, we
build an affine autoencoder without hidden layers. The
encoder operator Fa applies to the original measurement
m ∈ Rs and provides a lower-dimensional representation
zlinear ∈ Rk (with k < s):

zlinear = Fa(m; θa) =Wam+ ba, (1)

where θa = {Wa,ba}. Similarly, the decoder operator
Fc transforms the lower-dimensional linear representa-
tion zlinear into a reconstruction of the input m̂linear:

m̂linear = Fc(zlinear; θc) =Wczlinear + bc, (2)

where θc = {Wc,bc}. PCA is a particular solution to
the reconstruction problem, but not the only one. [23]
By definition, principal components are orthonormal and
produce uncorrelated z features.[23] We can impose these
restrictions to the weight matrixWa as well asWc =WT

a

during the training phase to achieve PCA. In such a case,
ba ∈ Rs and bc ∈ Rk are null vectors and the weight
matrices Wa ∈ Rs×k and Wc ∈ Rk×s contain the first
k eigenvectors of the covariance matrix of M column-
wise and row-wise, respectively. However, focusing on
the task of data reconstruction, we can indistinctly employ
a linear autoencoder that replicates PCA, or any other or-
thogonal solution, as long as they reach the same level of
captured information as PCA. This provides explainabil-
ity to the linear part of the model since we can tailor the
autoencoder to accomplish additional requirements when
needed.

2.2 Residual connections to enhance PCA
performance

In this work, we propose a novel autoencoder architecture
that enhances the performance of PCA in measurement
reconstruction. We start from the linear autoencoder de-
scribed in section 2.1 and add residual connections to ac-
count for nonlinear relationships in the data. Figure 1 de-
scribes the model as a block diagram.

The encoding module adds two parallel operations.
Fa(m; θa) is the linear transformation described in sub-
section 2.1. The residual connection Fb(m; θb) follows a
feed-forward architecture [19] that applies a linear trans-
formation followed by a nonlinear activation function g
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Figure 1: Block diagram of the residual autoencoder

through Lb layers. This yields the lower-dimensional vec-
tor z:

z = FE(m) = Fa(m; θa) + Fb(m; θb). (3)

The same architecture holds for the decoding step FD,
which reconstructs the original measurement from its
lower dimensional representation:

m̂ = FD(z) = Fc(z; θc) + Fd(z; θd) (4)

Here, the operator Fc(z; θc) applies the linear transfor-
mation, while Fd(z; θd) is the residual connection with
the feedforward network architecture and nonlinear acti-
vation functions. This simple block-wise architecture is
explainable, which contributes to understand the enhance-
ment over linear PCA.

The objective of the autoencoder is to effectively
recover the original measurements from their lower-
dimensional representation. The reconstruction error
ρ(m) measures the misfit between an original data point
m and its corresponding reconstruction m̂ using the
squared l2 norm:

ρ(m) = ‖m− (FD ◦ FE)θ(m)‖22, (5)

where θ = {θa, θb, θc, θd} contains the weight and bias
parameters of the four modules that build the residual
autoencoder and ◦ stands for the composition operator.

Training the model consists of finding the parameter set
θ∗ that minimizes a loss function based on the reconstruc-
tion error for the training dataset M:

Lθ∗ := argmin
θ
‖M− (FD ◦ FE)θ(M)‖22 (6)

2.3 Outlier detection procedure

The final goal of the methodology is to detect abnormal
behavior of bridges from experimental measurements ac-
quired during monitoring. We train the residual autoen-
conder with measurements from the undamaged (healthy)
condition. The reconstruction error is expected to be
small for unseen measurements that also correspond to
this state. But if we evaluate new data coming from a dif-
ferent scenario (namely, a damaged one), the autoencoder
will poorly reconstruct them.

We employ the reconstruction error ρ as the damage
sensitive indicator. The threshold value α for outlier de-
tection is the 99 percentile of the training dataset. For a
new measurement mnew ∈ Rs acquired within a future
monitoring campaign, we obtain the reconstruction error
and compare it against the threshold value. Algorithm 1
describes this procedure.

4



Algorithm 1: Reconstruction error-based out-
lier detection

Input: mnew ∈ Rs, FE , FD, θ∗, α
Output: ρ

1 Compute the reconstruction error:
ρ = ‖mnew − (FD ◦ FE)θ∗(mnew)‖22

2 if ρ > α then
3 mnew is abnormal, indicate outlier
4 else
5 mnew is healthy

3 Results

3.1 Beltran bridge in Mexico

We apply the proposed method to assess the global be-
havior of an asymmetric prestressed concrete viaduct in
Mexico: the Beltran bridge. The bridge contains four slid-
ing bearings at the deck-pier contacts to allow for relative
displacements and limit the horizontal loads reaching the
piers. But if these devices lose their sliding properties,
large displacements and subsequent cracking can occur at
the pier caps. Garcia-Sanchez et al.[16] provide further
details. Figure 2 shows the profile of the bridge.

The monitoring campaign used fiber optic sensors and
was active from August 2012 to August 2013. Due to
occasional shutdowns of the system, the effective moni-
toring time was of approximately nine months. We em-
ploy time series from four longitudinal displacement sen-
sors (see Figure 2). The data was acquired at a sampling
frequency of 200 Hz, and the mean value was calculated
and stored every ten minutes for each sensor. This sub-
sampling considerably reduces the storage space while
permitting the analysis of long-term variations. After
this pre-processing step, we have four sensor signals with
37,692 measurements each. We employ the first 90% of
the data randomly split into 85% for training and 15%
for validation. We use the final 10% for testing pur-
poses. We adapt the architecture described in section 2
to fit the four-dimensional input. The residual connec-
tions are symmetric and contain three layers each. This
architecture provides adequate results. We first solve for
the linear autoencoder (only Fa and Fc are active) for a
two-dimensional compression. We design the linear au-

toencoder to replicate PCA by imposing the constraints
that hold for the principal components. Table 1 compares
the transformation matrices of traditional PCA (PC1 and
PC2 stand for the first two principal components of the
training data covariance matrix), the designed linear au-
toencoder with the constraints, and an unconstrained ap-
proach with null bias terms. We observe that the three
configurations capture the same level of information. In
subsequent steps in this work we employ the constrained
linear autoencoder that replicates PCA results.

After solving the linear autoencoder, we incorporate
the residual connections (Fb and Fd) to build the non-
linear autoencoder. In order to evaluate the enhacenment
of the residual connections over the linear approach, we
fix the previously obtained weight matrices and only train
the nonlinear modules. Figure 3 shows the loss functions
for the training and the validation datasets for both the lin-
ear and the residual autoencoder. The number of epochs
indicates the repetitions over the training dataset to min-
imize the loss function. We observe in figure 3a that the
linear autoencoder converges after just 50 epochs with a
loss function value of 0.0946 for the training dataset. Fig-
ure 3b shows the effect of adding the residual connections
to the linear autoencoder. After 300 epochs the loss func-
tion decays to a value of 0.0171. When the output di-
mension of the encoder is equal to two, the amount of
information captured during training raises from 90.41%
to 98.05% when we add the residual connections. This
means that the residual connections contribute to reduce
the reconstruction error from 9.59% to 1.95% (≈ 80% er-
ror reduction) When the output dimension of the encoder
is reduced to one, the level of captured information is be-
low 90% for both architectures (linear and residual). This
made impractical the outlier detection task.

For comparison, we implemented a kernel PCA and
tried different kernel functions (radial basis (rbf) and co-
sine functions).[22] For the rbf function, we attained a
42.99% of information captured, and a 76.77% was at-
tained for the cosine function. Since the real distribution
of the data is unknown, it is nontrivial to find a kernel
function that outperforms the linear solution.

We analyze the reconstruction ability of the two con-
figurations via the crossplots (ground truth vs predictions)
of the sensor signals. Here, the ground truth are the mea-
surements of each sensor, and the predictions are the re-
constructed variables. The square of the correlation coef-
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Figure 2: Beltran bridge profile with sensor location

Table 1: Comparision of PCA and constrained linear autoencoder

PCA Constrained approach Unconstrained approach

PC1 PC2 w1
a w2

a w1
a w2

a w1
c w2

c

0.5365 0.1071 0.5362 0.1077 -0.6544 0.4597 -0.2502 0.2914
0.4957 -0.5296 0.4954 -0.5308 -1.0375 -0.1796 -0.4716 -0.2116
-0.5078 0.3025 -0.5084 0.3016 0.8989 -0.0449 0.3907 0.0359
0.4567 0.7852 0.4750 0.7846 -0.0789 1.0556 0.0450 0.7865

% captured 90.41 90.41 90.41

ficient r2 provides a numerical measure of the correlation
between ground truth and prediction for each sensor (see
Table 2). Figure 4 compares the crossplot corresponding
to sensor 1 for the linear and the residual models. We
observe a superior performance for the residual model.

We finally determine the threshold value α as the 96th
percentile (p-96) over the training reconstruction errors.
We select a percentile vallue that ensures a rate of false
positives below 5% as well as delivers adequate equi-
librium between false positves and negatives. Figure 5
shows the histograms for the linear and residual autoen-
coder training reconstruction errors, and the correspond-
ing threshold values.

Table 2: r2 metric for the sensors in Beltran bridge.

Sensor ID Sensor type Linear Residual

1 Displacement 0.891 0.978
2 Displacement 0.908 0.981
3 Displacement 0.842 0.981
4 Displacement 0.975 0.988

3.1.1 Testing.

We now test the ability of both autoencoder configurations
in the detection of outliers. We use the testing dataset
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(a) Linear autoencoder

(b) Residual autoencoder

Figure 3: Loss function evolution for the Beltran bridge
dataset

that contains the final 10% of the data. We simulate dam-
age by reducing the displacement measurements at one
of the sensors to represent a loss of sliding properties at
that bearing. We do so by applying a reduction factor to
the measurements of sensor 1. We consider three differ-
ent damage levels: 50%, 30% and 20%. For each level
of damage, we duplicate the test data set and apply the re-
duction factor to the second half of the measurements.[16]
Figure 6 compares the control charts for the three damage
levels. The shadowed regions in Figure 6 cover the part
of the testing affected by damage.

Table 3 gathers the fraction (%) of false positves (FP)
and false negatives (FN) for each case. The presence of
false positives occurs probably due to the short length of
the monitoring period (less than a year). The training
phase covers a limited range of environmental variations
and the testing dataset includes data from a healthy sce-

nario that corresponds to an unseen month of the year.
We believe we can overcome this with longer monitoring
campaigns. We also observe that the linear autoencoder
needs stronger damages to be able to detect it. While the
residual autoencoder still detects a damage of 30% with
less than 3% of false negatives, the linear autoencoder
considerably fails for that scenario. For a damage sever-
ity of 20% affecting the bearing, the residual autoencoder
increases the rate of FN but still detects it.

Table 3: Outlier detection results for Beltran bridge.

Architecture type Damage level(%) FP(%) FN(%)

Linear 50 2.30 3.15
Residual 50 1.26 0.00
Linear 30 2.30 73.93
Residual 30 1.26 2.89
Linear 20 0.12 91.80
Residual 20 1.26 15.63

3.2 Infante Dom Henrique bridge in Porto
The Infant Dom Henrique bridge was opened to road traf-
fic in 2002 between the cities of Vila Nova de Gaia and
Porto. It consists of a rigid prestressed reinforced concrete
box-beam deck supported over a 1.50 m thick reinforced
concrete arch. This is a unique structure that achieved a
world record due to the shape of its arch span of 280 m to
cross river Douro. More detailed information regarding
its structural aspects can be found in Adão da Fonseca et
al.[9]

Given the particularities of the bridge, a monitoring
system was installed to control construction and assem-
bly operations, being afterwards also used to assess the
long-term behavior. It employs several sensors located at
the main sections of the bridge, registering one data point
per hour. There are three types of sensors: strain gauges,
clinometers, and thermometers. Magalhães et al.[1] pro-
vide further information regarding sensor properties and
location, as well as monitoring aspects.

Although the monitoring campaign covered more than
ten years of service life of the bridge, there occurred some
shutdowns of the system that prevented the records to be
continuous. For this reason, in this work we employ five
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(a) Linear auteoencoder (b) Residual autoencoder

Figure 4: Beltran bridge training crossplots for sensor 1

years of monitoring, which are practically free from fail-
ures. For the particular purpose of this work, we use a
total of 19 sensors located at some regions that are critical
for the structural behavior. The selected sensors were free
from important shutdowns and included eight clinome-
ters, seven strain gauges, and four thermometers. Thus,
in this case study, the temperature is treated as as an input
variable. Figure 7 shows the profile of the bridge and in-
cludes the time series for the three strain gauges located
at cross-section C.

After removing null values, we obtained a total of 19
sensor signals with 34,641 measurements each. We use
the first 90% of these data with a random split into 80%
training and 20% validation. We adapt the autoencoder
architecture for a 19-dimensional input. In this case, the
residual connections are also symmetric and consist of six
layers each. This number of layers provides adequate re-
sults and the architecture has not been further optimized.
We first solve for the linear autoencoder (only Fa and Fc
are active) for a two-dimensional compression. We design
the linear autoencoder to approximate PCA by imposing
the constraints satisfied by principal components. The in-
formation captured is similar to that of PCA (92.93%).

After solving the linear autoencoder, we incorporate the

residual connections (Fb and Fd) that yield the residual
autoencoder. In order to evaluate the enhancement of the
residual connections over the linear approach, we fix the
weight matrices obtained and train the nonlinear modules
only. Figure 8 shows the loss functions for the training
and validation datasets for both the linear and the residual
autoencoder. As with the Beltran bridge, we observe that
the linear model (see Figure 8a) converges with around 50
epochs at a value of 0.0716 for the training dataset. Figure
8b shows the effect of adding the residual connections af-
ter 300 epochs, with the loss function reaching a value of
0.0311 for the training dataset. For a compression into a
two-dimensional vector, the captured information during
training raises from 92.93% to 97.05% after adding the
residual connections, indicating an enhancement in the re-
construction. A compression into a one-dimensional vec-
tor provides a level of captured information below 90%
for both architectures (linear and residual), making im-
practical the outlier detection task.

For comparison, we implemented a kernel PCA and
tried different kernel functions (radial basis (rbf) and co-
sine functions).[22] For example, the cosine function pro-
vided a 80.10% of information captured.

We analyze the reconstruction ability of the models via
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(a) Linear autoencoder

(b) Residual autoencoder

Figure 5: Beltran bridge training histograms for sen-
sor 1

the crossplots (ground truth vs predictions) of the sen-
sor signals. Table 4 shows the correlation between the
ground truth and the predictions for the training set (sen-
sor 9), including the r2 metric. Again, the residual au-
toencoder exhibits superior performance. We finally ob-
tain the threshold value α for outlier detection as the p−98
over the training reconstruction errors. Figure 10 shows
the corresponding histograms for the linear and residual
autoencoder, indicating the threshold value.

3.2.1 Testing.

We test the outlier detection ability of the proposed
methodology. We compare the results for the linear
and the residual autoencoder. Since the entire monitor-
ing campaign corresponds to the normal operation of the
bridge (healthy state), we employ a numerical model built
in ANSYS to simulate damage. The model was also em-
ployed by Magalhães et al.[29], where various damages

Table 4: r2 metric for the sensors in Infante bridge.

Sensor ID Sensor type Linear Model Residual Model

1 Clinometer 0.993 0.992
2 Clinometer 0.994 0.993
3 Clinometer 0.995 0.993
4 Clinometer 0.996 0.994
5 Clinometer 0.985 0.989
6 Clinometer 0.990 0.991
7 Clinometer 0.863 0.954
8 Clinometer 0.899 0.954
9 Strain gauge 0.907 0.959
10 Strain gauge 0.944 0.978
11 Strain gauge 0.942 0.974
12 Strain gauge 0.833 0.929
13 Strain gauge 0.845 0.944
14 Strain gauge 0.780 0.929
15 Strain gauge 0.756 0.932
16 Thermometer 0.962 0.983
17 Thermometer 0.996 0.991
18 Thermometer 0.971 0.987
19 Thermometer 0.996 0.990

Average 0.916 0.962

secenarios were created by reducing the stiffness at cer-
tain cross sections of the structure by 10%.

We follow the same approach as [29] to simulate dam-
age at cross-section A (see Figure 7). It is important
to mention that unlike natural frequencies, the measured
variables are local and not global. This means that they
are only significantly affected by damages that occur close
to their emplacement. Hence, the affected sensors are the
two clinometers located at both sides of cross-section A.
For the remaining sensors, the effect of damage is negli-
gible. We run various simulations including the undam-
aged scenario and damages with different severity levels.
For each damage scenario, we obtain the relative varia-
tion of the rotations in A with respect to those given by
the undamaged simulation. Table 5 describes the dam-
age scenarios and indicates the average variation factor
for the measurements of the two affected sensors. The
test dataset contains the final 10% of the total monitor-
ing data, resulting in 3,663 data for each sensor. For each
damage level, We duplicate the test dataset and affect the
second half of the measurements. Particularly, we apply
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(a) Linear auteoencoder (b) Residual autoencoder

(c) Linear auteoencoder (d) Residual autoencoder

(e) Linear auteoencoder (f) Residual autoencoder

Figure 6: Beltran bridge testing control charts

the obtained relative variations to the measurements from
the two clinometers placed at the damaged cross-section.
We feed the complete test dataset to the autoencoders and
obtain the damage indicator (i.e. the reconstruction error

ρ) for each new measurement. Figure 11 shows the con-
trol charts of the damage indicator for outlier detection.

The shadowed regions correspond to the part of the test-
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Figure 7: Infante D. Henrique bridge profile with sensor location

ing dataset affected by damage. Table 6 gathers the results
in terms of false positives and false negatives.

We observe that the incidence of false positives is very
small for both the linear and the residual autoencoders.
Since the monitoring campaign covers five years, it is
possible to train the networks for a wide enough range
of environmental and operational variations. In terms of
false negatives, the performance of both approaches is still
good for a damage severity of 30%, but the linear au-
toencoder starts to raise some false negatives (below 1%).
For a damage severity of 20%, the rate of change in the
measurements is very small and thus reconstruction errors
slightly increase. The linear autoencoder completely fails

Table 5: Description of the damage scenarios for Infante
bridge.

Damage level(%) Description Variation factor ∆

50 Stiffness reduction 0.25
30 Stiffness reduction 0.12
20 Stiffness reduction 0.075

Table 6: Outlier detection results for Infante bridge.

Architecture type Damage level(%) FP (%) FN(%)

Linear 50 3.03 0.00
Residual 50 0.71 0.00
Linear 30 3.03 0.62
Residual 30 0.71 0.00
Linear 20 3.03 89.08
Residual 20 0.71 10.67

in the detection of this damage, while the residual archi-
tecture presents close to 11% of false negatives.

4 Conclusions

We have tested a novel approach for SHM of bridge struc-
tures using a particular autoencoder architecture for out-
lier detection. We conclude that the addition of residual
connections to account for nonlinearities significantly im-
proves the reconstruction ability of the autoencoder. This
enhances the outlier detection task to assess the structural
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(a) Linear autoencoder

(b) Residual autoencoder

Figure 8: Loss function evolution for the Infante bridge
dasaset

condition, allowing to detect smaller damages. This is an
important advantage of the methodology since it allows to
report early damage before it becomes irreparable.

The proposed methodology remains in the unsuper-
vised learning domain, yielding to an outlier detection ap-
proach (level I in Rytter scale [37]). However, we can in-
terpret the reconstruction error as a damage quantification
value with an adequate analysis. In addition, the locally-
constrained sensitivity to damage of the employed vari-
ables may help to discover the damaged region. Once an
alert rises - indicating damage -, we can analyze the in-
dividual reconstruction errors for each sensor. We expect
that those sensors located nearby the damaged region will
have a larger contribution to the damage indicator.

When using local quantities as the monitoring vari-
ables, such as displacements or rotations, the SHM sys-
tem will only detect damage if it occurs close to any of the

existing sensors. Hence, these sensors must be located at
the most critical elements/parts of the structure. The use
of fiber optic technology may allow to install dense sensor
array distributions for more accurate assessments in terms
of damage location.

The existence of long-term varying phenomena such as
global warming may change the response of the structure
over time. The SHM system may undergo an increase in
the amount of false positives due to the mismatch between
the previous and the current healthy condition. This poses
the need for a dynamic training phase, updated every x
years to include more recent information, as long as in
situ periodic inspections are performed that demonstrate
the health of the structure so as to be considered an un-
damaged state.

We orientate future work towards the use of numerical
simulations to include the response of the structure under
different synthetic scenarios. This enables the transition
to supervised learning approaches able to quantify and lo-
cate damage. This requires the execution of massive sim-
ulations for the training phase that cover a wide amount
of damage scenarios and incorporate uncertainty.
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