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Monitoring-based Identification of Corrosion in Steel
Structures

Yasemin Kurtis, Antonina Kosikova, Konstantinos Vlachas, Rosalba Ferrari, Andrew W. Smyth, Eleni
Chatzi

Abstract. Over the service lifetime of a structure, corrosion in steel components progressively
deteriorates their load-bearing capacity and compromises overall structural safety. Despite its
substantial impact on structural performance, research on corrosion progression and its long-
term effects remains limited. Most existing studies focus on corrosion incidents in reinforced
concrete bars and steel cables, while effective methods for corrosion detection in steel members,
such as girders and other structural elements are scarce. This study presents a methodology for
detection and quantification of corrosion-induced damage in large-span steel structural compo-
nents. The proposed approach leverages measured strain data from the monitored structure and
employs a probabilistic framework to model and assess the progression of corrosion over time.
Corrosion localization is achieved via use of a data-driven indicator, relying on transmittance
functions, which are inferred from pairwise strain measurements at locations within the struc-
ture. To address the challenge of limited sensor measurements, a Gaussian Process Regression
(GPR) model is employed to predict strains at unmeasured locations. The method is validated
through numerical simulations employing a high-fidelity finite element model of a steel bridge.
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1 INTRODUCTION

Steel bridges constitute essential components of transportation infrastructure systems but are
inherently prone to corrosion-induced degradation, which progressively diminishes structural
capacity and incurs significant maintenance expenditures. Conventional inspection techniques,
including visual assessment and non-destructive evaluation (NDE) methods such as ultrasonic
testing and eddy current inspection, exhibit fundamental limitations in sensitivity and spatial
resolution, particularly when applied to the early detection of corrosion in regions characterized
by complex geometrical configurations [1, 2]. Advanced image-based inspection techniques,
such as infrared thermography, enhance corrosion detection capabilities, but their efficacy re-
mains limited in regions that are difficult to access [3]. Vibration-based monitoring provides an
automated framework for continuous, long-term assessment of structural integrity [4]. This ap-
proach relies on identifying alterations in the dynamic response of a structure, such as reductions
in stiffness and changes in damping behavior, as indirect indicators of damage. However, the as-
sessment is often limited to identifying updated modal parameters, such as natural frequencies or
mode shapes, with respect to a reference state, without explicitly linking these changes to specific
physical deterioration mechanisms. In particular, the relationship between corrosion-induced
material loss and the consequent reduction in structural stiffness in steel systems remains insuf-
ficiently explored, despite stiffness degradation being a primary contributor to structural failure
in these structures. Existing studies are primarily focused on evaluating the impact of corrosion
on structural behavior and performance characteristics, rather than providing methodologies
for real-time quantification of the corrosion severity [5, 6]. Furthermore, much of the existing
literature concentrates specifically on reinforced concrete elements and steel cables, while steel
girders and arch structures remain underinvestigated in the context of corrosion-induced stiffness
degradation [7, 8]. Consequently, a significant gap remains in the real-time monitoring and quan-
tification of corrosion progression for the in-service steel structures. This study aims to address
this gap through a strain-based probabilistic framework capable of identifying both the location
and severity of corrosion in steel structures, based on analysis of the strain measurements. The
proposed methodology comprises three key stages: First, damage localization is achieved using
transmittance functions, which capture alterations in the strain response to identify affected
regions. Second, strain prediction at uninstrumented locations is performed using Gaussian
Process Regression (GPR), a probabilistic machine learning technique that reconstructs strain
fields based on measurements from a sparse sensor network. Finally, the depth of corrosion is
estimated through an inverse problem, where the maximum likelihood estimate (MLE) is used
to determine the most probable depth of corrosion penetration based on strain measurements.
The methodology is validated through numerical simulations using a high-fidelity finite element
method (FEM) model of the Paderno d’Adda Bridge, as illustrated in Figure 1. The proposed
approach is systematically tested under both uniform and pitting corrosion scenarios, assessing
its capability to accurately localize damaged regions and quantify corrosion penetration depth
across varying damage conditions.
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(a) (b)

Figure 1: (a) Finite Element Model. (b) Paderno d’Adda Bridge.

2 DESCRIPTION OF THE MODEL

The FEM model of the Paderno d’Adda Bridge, originally developed in [9], was used in this
study. The model, assembled in Abaqus using Euler-Bernoulli beam elements, represents the
bridge’s truss frame including the parabolic arch, piers, and upper girder deck. Geometric and
boundary condition data were obtained from original design drawings archived in the Archivio
Storico Nazionale di Torino. Built-in constraints were applied at the arch shoulders and pier
bases, with roller supports at the upper beam bearings. The model comprises 5,337 beam
elements and 12,794 nodes, resulting in 13,444 degrees of freedom. In this study, uniform
material properties were assigned to the main structural components. A Young’s modulus of
204 GPa and a Poisson’s ratio of (.30 were used for all components, while the mass density
varied: 8.19 g/cm? for the arch, 14.5 g/cm? for the girders, and 1.03 g/cm?® for the piles.

To simulate operational conditions, a dynamic train load was applied following the approach
proposed in [10]. It was implemented as a repeating sequence of one second unloaded and one
second loaded conditions, using concentrated forces of 19.27 kN at each girder node, determined
based on historical loading conditions [11]. This type of loading represents an idealized, periodic
train-passing scenario. While it does not reflect exact axle passage intervals, it allows for
studying the structure’s response to alternating loads under consistent timing. Strain data were
collected at 100 Hz during 20 seconds of loading and 80 seconds of free vibration. To simulate
structural degradation, both uniform and pitting corrosion cases were simulated in the FEM
model. The arch and girder elements were selected for analysis due to their increased exposure
to environmental stressors, such as proximity to the water surface, and their susceptibility to
high strain concentrations resulting from cyclic traffic loading [12], [13]. Uniform corrosion is
modeled as a distributed reduction in T-beam flange thickness over extensive regions of the upper
and lower arch chords, representing generalized material degradation resulting from prolonged
corrosive exposure [14]. Pitting corrosion was modeled as a series of localized cross-sectional
reductions confined to 5 cm-wide regions near girder joints. These regions were chosen to reflect
areas of increased vulnerability, such as joints and welds, where corrosion is often initiated and
accelerated due to crevice effects, moisture retention, and stress concentration. The simulated
pits represent localized material degradation, capturing the irregular and severe nature of pitting
typically observed in in-service steel structures [6, 15].
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3 METHODOLOGY
3.1 Damage Location Identification

The adopted damage localization approach is based on the use of transmittance functions as
a data-driven indicator to identify the corroded regions. The transmittance function (TF) Tl; (w)
is defined as the ratio of the cross-spectral density (CSD) over the power spectral density (PSD)
at the reference location [16]:

G5 (w)
G5, )

TS () = (1)

where Gf]. (w) is the CSD function of the strains between locations i and j, and G; ; (w) is the
PSD of the strains at location j. This formulation allows for capturing the dynamic relationship
between strain responses, making it an effective output-only indicator for structural condition
assessment [16]. To enhance sensitivity to damage, the TF is computed within an isolated
frequency band corresponding to the natural frequencies of the bridge, as shown in Figure 2(a).
The analysis is based exclusively on strain data recorded during the structure’s free vibration
response after the train passing. To quantify changes in the TF between the healthy and corroded
states, a Damage Indicator (DI) is employed, following the formulation introduced in [17]. While
originally developed for transmissibility functions, the DI is here adapted to assess strain-based
TF variations associated with corrosion-induced damage and defined as:

[ ITh(@) = T()ldo
[ 1T (@)lde

Dl;j = 2

where Tli' (w) is the TF for the healthy and TS (w) the TF for the damaged state, and [w1, w2 ]
corresponds to the selected frequency band.

3.2 Strain predictions at unmeasured locations

To address the common constraint of limited sensor availability in real-world monitoring
systems, the proposed methodology incorporates GPR to predict strain values at uninstrumented
locations. The strains of the healthy (undamaged) state of the bridge are computed from the
calibrated FEM model, providing a comprehensive baseline. For the corroded state, strain mea-
surements are restricted to a subset of locations corresponding to installed sensors, simulating
sparse spatial coverage. The GPR model was trained on healthy-state strain data, using sensor
node strains as input features and strains at unmeasured locations as output. Training involved
maximizing the likelihood under a multivariate normal distribution, given by:

P(eobs(1)|X) = N(€ons(t) | X, K(X,X":8)), with 8= [o].07.07] 3)

n

where €yps(?) is the vector of observed strain values at the selected node, extracted from the
calibrated FEM model in the healthy state, which corresponds to the unmeasured location in the
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monitored real-world structure and X is the matrix of input data corresponding to the observed
strains at reference nodes in the healthy state. The K(X, X’; 8) is the kernel-covariance matrix
of the training inputs where 6 denotes the vector of kernel hyperparameters: length scale, signal
variance and noise variance. The trained model was then employed to predict unmeasured strain
values at the corroded element as:

€obs (17) = K(X*, X3 0) [K(X, X3 0)] " €ans (1) 4)

where K (X*, X’; @) is the covariance matrix between the new inputs X* (strains at the reference
nodes in the corroded structure) and the training inputs X with @ being the optimal kernel
function parameters learned during the training step. The Matérn 3/2 kernel, combined with a
stationary kernel to account for measurement noise, was selected as the most suitable candidate
based on preliminary analysis of strain cross-correlation functions. This composite kernel is
defined as:

Fos fo
k(x;,x; | 0) =a']2c (1+\/§%) exp (— 312)+a-,,21, ®)
o o
I I
where r;; is the Euclidean distance between the locations x; and x;; the &2 represents the
measurement noise variance and / is an identity matrix.

3.3 Corrosion Depth Estimation

Once strain time histories are obtained at both measured and predicted locations, an inverse
problem is formulated to estimate the severity of corrosion by quantifying the depth of material
penetration. This formulation enables the characterization of corrosion intensity based on
deviations from the expected structural response. The observed strain values correspond to
the measured data at the sensor locations in the corroded state obtained from the FEM model.
The predicted strain values are derived from a force-based strain formulation of a linear system
subjected to both axial and bending effects, while incorporating changes in cross-sectional
properties and the moment of inertia as a function of corrosion depth d. The relationship is
expressed as:

F(t)  c(dM(r)

fpred(t;d) = EA(d) + EI(d) (6)

where F'(t) and M (¢) denote the axial force and bending moment as functions of time, extracted
from a calibrated FEM model; E is the Young’s modulus of the material; ¢(d) is the distance
to the element neutral axis; A(d) is the cross-sectional area, and /(d) is the moment of inertia
—expressed as functions of the corrosion depth penetration d. For this study, Bayes’ theorem
with a non-informative prior was employed as :

P(d | {€ps(1)}) o P({€ops (1)} | d) (7
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By systematically evaluating the strain response for a range of potential corrosion depths, the
method identifies the depth value that maximizes the likelihood of the observed data. The
posterior probability P(d | {ebs(?)}) of the corrosion depth is considered to be proportional
to the likelihood P({€,bs(2)} | d) of the observed strain time-history given the corrosion depth
d. Assuming independent and identically distributed (i.i.d.) measurements, the likelihood is
formulated as:

B N 1 (€obs () = fpred(t; d))2
P({eons(1)} | d) = ﬂo =P~ = 2 ®)

where €s(t) represents the observed strain at time 7; €ped(?; d) is the predicted strain-time
history, estimated according to Eq.(6), the -2 is the variance of the time-history of the residuals
between €gp(f) and €preq(?;d), and N corresponding to the size of the datasets. Given the
simplified strain formulation, discrepancies between the predicted and measured strain values
may arise due to modeling assumptions inherent in the FEM representation. To account for such
discrepancies, a modeling error term is incorporated into the formulation, ensuring a more robust
and reliable estimation of corrosion severity. This error is computed as the difference between
the measured and predicted strains in the healthy state and is assumed to remain constant when
propagated to the corroded state.

It is important to emphasize that the adoption of a probabilistic approach, rather than direct
estimation of corrosion depth from observed strain, facilitates the quantification of epistemic
uncertainty, or degree of belief, in the inferred values. This enhances the framework’s applica-
bility to structural health monitoring by providing confidence bounds on the estimated corrosion
severity. However, the method relies heavily on the following two assumptions. First, it pre-
sumes that loading conditions remain consistent between the healthy and corroded states. In
this study, a single train passage is employed as the representative loading scenario. Second,
it assumes that the structure exhibits linear elastic behavior, wherein axial strains are linearly
proportional to axial forces, and bending strains are linearly proportional to bending moments,
in accordance with Hooke’s Law.

4 METHODOLOGY APPLICATION

The following section demonstrates the application of the proposed strain-based methodology
on the FEM model of the Paderno d’Adda Bridge. Initial evaluations were performed for two
severe cases: a 25 mm bottom flange reduction representing uniform corrosion, and a 31 mm
reduction representing pitting corrosion. The methodology’s was further assessed under realistic
conditions, accounting for prediction uncertainty and measurement noise. Finally, sensitivity to
varying corrosion severities is examined.

4.1 Damage Location Identification

Damage location identification was performed using the transmittance-based DI for both
uniform and pitting corrosion cases. The frequency band used for the TF computation is
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illustrated in Figure 2(a). The sensor locations are presented in Figure 2(b). The DI was
computed for multiple possible combinations of sensors and the corresponding evaluation is
presented in Figures 2(c),(d).
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Figure 2: (a) Frequency band determination. (b) Sensor locations. Sensors placed within the
uniform corrosion zone are labeled with the prefix ‘UC’, while those located in pitting corrosion
zones are denoted by ‘PC’. (c) DI-values for uniform corrosion. Node combinations are labeled
using structural prefixes: ‘a’ indicate nodes on the arch and ‘g’ for the girder. (d) DI-values
for pitting corrosion. The same prefix convention applies as in (c), with the additional suffix ‘p’
indicating nodes subjected to pitting corrosion.

For uniform corrosion, the computed DI values indicate that all sensor combinations involving
only the girder nodes exhibit low values, suggesting that the girder remains in a healthy condition.
Similarly, combinations between girder nodes and the uncorroded arch node 2349 yield low
DI values, indicating that node 2349 is in a healthy state. In contrast, sensor combinations
involving either node 907 or node 1681 show significantly higher DI values, suggesting that
these locations are likely damaged. Additionally, the DI value between nodes 907 and 1681
remains low, implying that, while both nodes are affected by corrosion, their transmittance
remains unchanged. This behavior suggests a similar level of degradation at both nodes and
in the surrounding area, indicating that the damage likely extends between the two sensor
locations. These results demonstrate that transmittance analysis successfully localizes damage by
identifying areas with significant changes in strain response. However, in practical applications,
where the exact damage location is unknown, the consistently low DI across girder sensors
would indicate that the girder is largely unaffected. This would shift the focus to the arch as the
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primary area of concern. Furthermore, the broader distribution of high DI values indicates that
uniform corrosion affects a wider region of the structure, rather than being limited to specific
locations. In contrast, the DI values for pitting corrosion, reveal a highly localized response.
The highest DI is observed at PC-77, which is positioned directly within the pitting corrosion
region. A smaller increase in DI is detected at sensor 99, which is located near the pit, while all
other sensor locations exhibit negligible DI values. This pattern indicates that the transmittance
changes are concentrated around the pit, with minimal impact on the surrounding structure. This
localized response is consistent with the expected behavior of pitting corrosion, which generates
highly concentrated stress variations. In contrast, the uniform corrosion case exhibits a broad
spatial distribution of elevated DI values. The stark difference in DI distribution profiles, broad
and diffuse for uniform corrosion versus sharply localized for pitting corrosion, underscores
the potential of transmittance-based analysis to differentiate between corrosion types affecting
structural elements.

4.2 Estimation of the corrosion depths at measured locations

Following the identification of the corrosion location, the severity of the damage can be
subsequently estimated through the probabilistic framework. For the uniform case, the method
accurately identifies corrosion depths close to the actual value of 25 mm for node 1681 within the
damaged area (Figure 3(a)), particularly, the estimation has a relative error of 2.04%. For node
2349, located in the uncorroded region, the method infers a negative value as the corrosion depth
(Figure 3(b)). Although this result may seem counterintuitive, it reflects forces redistribution
due to adjacent damage, effectively indicating nearby corrosion, while confirming that the node
itself remains healthy.

(a) (b)
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Figure 3: Uniform corrosion: (a) 1681 (corroded). (b) 2349 (uncorroded).

The results for the pitting corrosion depth identification are presented in Figure 4. Node 77 is
located directly at the pit, while node 99 is located nearby in the uncorroded area. For node 77
the estimated corrosion depth slightly overestimates the actual depth corresponding to a relative
error of 14.74%. At node 99, the method effectively indicating a corrosion depth near zero and
captures the likelihood of the absence of corrosion at this location.
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Figure 4: Pitting corrosion: (a) 77 (corroded). (b) 99 (uncorroded).

4.3 Estimation of the corrosion depths at unmeasured locations

To evaluate the affect of predicted strains for corrosion depth identification, Node 1447 was
selected for analysis. This node lies within the corroded region identified through transmittance
analysis but was not instrumented with a sensor, thereby allowing assessment of the method’s
performance using strain values inferred through GPR using two measured neighboring nodes
as the input features (Figure 6(a)). The predicted strains for node 1447 are plotted against
the reference FEM strains in Figure 5(a) and the uncertainty of the predictions is shown in a
magnified window in Figure 5(b).
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Figure 5: (a) GPR predicted strain-time history. (b) Uncertainty quantification.

To quantify the influence of strain prediction under different instrumental conditions, three
cases were considered. First, a reference case was established by using FEM strain data for
both healthy and corroded states, treating the node as if it was measured directly. In the second
scenario, FEM strain data from two reference nodes was used for the healthy state, while GPR
was applied to predict corroded-state strains at the unmeasured node. Finally, the measurements
noise was added to the reference nodes strain time-histories used for the GPR predictions. The
noise was introduced as Gaussian White Noise, equivalent to 10% of the root mean square
(RMS) of the measured strain signals.

The results, shown in Figure 6, indicate that while the method allows us to successfully detect
corrosion at the unmeasured location, the accuracy decreases. The relative error in the estimation
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of the depth of corrosion increases from 5.96% when using FEM strains to 12.84% with GPR
predicted strains, which underscores the method’s sensitivity to the accuracy of strain data. The
introduction of noise further increases the estimation error by approximately 2%, highlighting
the compounding effect of measurement noise and prediction errors. Despite these challenges,
the method provides corrosion depth estimates close to the actual values, demonstrating its
applicability for real-world scenarios.
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Figure 6: (a) Unmeasured location (node 1447), and the neighboring locations (nodes 907
and 1681) used for the GPR prediction. Prefix ‘UC’ stands for uniform corrosion. (b) 1447-
Measured. (c) 1447-Predicted. (d) 1447-Predicted based on the noisy strain measurements.

4.4 Sensitivity to different corrosion stages

To realistically model corrosion, its progression over time must be considered. The corrosion
loss for unprotected steel is typically described by an exponential function. Based on the bridge
location in Lombardy, Italy, the corrosion is assumed to follow a low degradation rate:

C = Cxt°8 = 0.0341%9 )

where C is the average corrosion penetration in mm, t is the exposure time in years and Cy,
Cp are environment-dependent parameters. For the first 12 years, the corrosion rate is set to
zero, accounting for protective coatings delaying material loss [12]. The accumulated section
loss (Figure 7(b)) is derived from the time-dependent corrosion rate (Figure 7(a)). Initially, a
section loss of 25 mm, corresponding to 100 years, was implemented to assess the methodology.
To further evaluate its performance under different levels of material deterioration, additional
uniform corrosion stages were introduced, corresponding to section losses of 8 mm at 50 years,
15 mm at 75 years, and 35 mm at 125 years. The results are shown in Figure 7(c).
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Figure 7: (a) Corrosion Rate. (b) Accumulated Section loss. (c) Depth Estimation node 1447
for different corrosion stages.

5 CONCLUSION

This study introduces a strain-based methodology for the detection and quantification of
corrosion in steel structures, demonstrated through a case study on a steel arch bridge. The
proposed approach effectively identified damage locations and estimated corrosion depths for
both uniform and pitting corrosion scenarios. The findings highlight the method’s sensitivity
to different stages of corrosion, the accuracy of strain prediction at uninstrumented locations,
and the influence of measurement noise on the reliability of corrosion assessment. Future work
will focus on incorporating force redistribution effects and stiffness degradation to relax the
assumption of identical internal forces in healthy and corroded states, thereby enhancing the
method’s applicability and robustness for real-world structural health monitoring.
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