
 
 

Delft University of Technology

Document Version
Final published version

Licence
Dutch Copyright Act (Article 25fa)

Citation (APA)
Lantsoght, E., Cervantes, E., Santamaria, M., Matos, J. C., Akiyama, M., & Ruan, X. (2025). Bridge testing field data for
damage quantification and decision-making. In IABSE Symposium Tokyo 2025: Environmentally Friendly Technologies
and Structures: Focusing on Sustainable Approaches - Report (pp. 205-213). International Association for Bridge and
Structural Engineering (IABSE). https://doi.org/10.2749/tokyo.2025.0205

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.
Unless copyright is transferred by contract or statute, it remains with the copyright holder.
Sharing and reuse
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.
Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.

https://doi.org/10.2749/tokyo.2025.0205


IABSE Symposium 2025 
Environmentally Friendly Technologies and Structures  
- Focusing on Sustainable Approaches 
May 18-21, 2025 | Tokyo, Japan 

 

 

Bridge testing field data for damage quantification and decision-
making 

Eva Lantsoght 

Universidad San Francisco de Quito, Quito, Ecuador 

Delft University of Technology, Delft, the Netherlands 

Estefania Cervantes 

Universidad San Francisco de Quito, Quito, Ecuador 

Universidade do Minho, Minho, Portugal 

Monica Santamaria, Jose C. Matos 

Universidade do Minho, Minho, Portugal 

Mitsuyoshi Akiyama 

Waseda University, Tokyo, Japan 

Xin Ruan 

Tongji University, Shanghai, China 

Contact: e.o.l.lantsoght@tudelft.nl 

Abstract 

This paper proposes a framework for interpreting bridge field data with a focus on overall bridge 
performance, damage quantification, and data-driven decision-making. By leveraging recent 
advancements in bridge load testing, structural monitoring, and non-destructive evaluation, along 
with the development of interoperable platforms for bridge management, this paper synthesizes 
these insights into a cohesive framework. It also explores the long-term storage and utilization of 
data to inform future bridge management decisions. The proposed framework is designed to be 
flexible, accommodating varying timeframes (both throughout the bridge’s service life and duration 
data collection) and different types of data. Ultimately, this conceptual framework aims to assist 
bridge owners in making informed decisions regarding field interventions and enhance their overall 
decision-making processes. 

Keywords: bridge performance, decision-making, damage quantification, framework, load testing, 
non-destructive testing, structural monitoring. 

 

1 Introduction  

Assessment of existing bridges is becoming 
increasingly important in various parts of the 
world, as the existing bridge stock is aging, 
subjected to larger live loads, exposed to increased 
natural and man-made hazards, and at times 
undergoing material damage and degradation [1]. 

An accurate assessment not only requires 
modeling of the structure, but also methods to 
quantify the occurring damage and estimate the 
performance of the structure. Similarly, decision-
making post-assessment is of increasing 
importance to asset owners [2]. Field data 
collected from bridges, such as the information 
obtained during bridge load tests, structural 
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monitoring campaigns, and/or detailed inspections 
using non-destructive testing techniques, are 
typically employed to address specific questions 
about bridge performance. However, a more 
comprehensive and systematic integration of field 
data could offer significant long-term benefits for 
bridge owners. This paper proposes a framework to 
bring together various data streams of field data to 
quantify bridge damage and support the decision-
making of asset owners. 

2 Bridge field data  

2.1 Data from load testing  

Two types of load tests are typically carried out on 
existing bridges: diagnostic load tests and proof 
load tests [3]. Diagnostic load tests are carried out 
at relatively low load levels and focus on 
quantifying field behaviour of a bridge to develop 
field-validated analytical models. Proof load testing 
involves applying loads representative of the 
governing load combination to the structure and 
demonstrating directly that the bridge can 
withstand the applied loads.  

Recent advances in load testing differ in the 
application. For diagnostic load tests, recent 
advances have focused on streamlining the process 
of optimizing finite element models to most closely 
represent the measured behaviour of the bridge. 
For proof load tests, recent advances have focused 
on the application to shear-critical reinforced 
concrete slab bridges, which requires the 
development of mechanics-based shear stop 
criteria that can alert the testing engineer that 
further loading could result in irreversible damage 
or potentially even failure [4]. In addition, recent 
advances in proof load testing have focused on 
merging concepts from structural reliability with 
the practice of load testing [5]. 

The type of data generated in load tests depends 
on the applied sensors. Typically, the amount of 
data generated is limited as compared to the 
amount generated in structural monitoring 
campaigns, due to the shorter duration of a load 
test. In addition, when an analytical model is used 
to support assessment based on a diagnostic load 
test, this model can be considered data generated 
from the (analysis of the) test as well, which can be 

valuable input for future evaluations, potentially 
via repeat tests. 

2.2 Data from structural monitoring  

Monitoring campaigns are often distinguished by 
their different time spans: from bridges that are 
equipped with sensors during construction, over 
short-term campaigns that identify aspects of 
structural performance and that may or may not be 
repeated at various points in time, to longer-term 
campaigns coupled with performance thresholds 
[6].  

 

Figure 1. Smart aggregates in rebar cage [7]. 

Recent advances in the field of monitoring include 
the deployment of new sensor types, such as smart 
aggregates [8] (Figure 1). In addition, most recent 
research related to monitoring address processing 
the data from monitoring campaigns [9], the 
development of physics-based thresholds from 
structural mechanics and dynamics to monitoring 
data, forecasting bridge behavior using machine 
learning and monitoring data, and the combination 
of insights from monitoring and probabilistic 
approaches [10]. 

The data generated in structural monitoring 
campaigns depends on the sensors used for 
monitoring. The amount of data can be significant, 
especially for bridges with a large number of 
sensors that are sending signals frequently [9]. The 
analysis, interpretation, and fusion of the data is a 
topic that is still under research [11]. 

2.3 Data from inspections, including NDE  

Various types of non-destructive evaluation (NDE) 
tests are commonly performed on existing bridges 
to efficiently assess the condition of aging 
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structures, including acoustic and visual methods, 
stress wave techniques, electromagnetic methods, 
and other tests [12]. The open-source NDToolbox 
aids in identifying the most suitable non-
destructive testing (NDT) methods, providing 
detailed insights into their principles, applications, 
and limitations [13, 14]. It includes comprehensive 
information on impact and ultrasonic pulse echo, 
half-cell potential, impulse response, ultrasonic 
surface waves, ground-penetrating radar, chain 
dragging/hammer sounding, electrical resistivity, 
infrared thermography, galvanostatic pulse 
measurement, visual inspection, microwave 
moisture testing, chloride concentration analysis, 
and eddy current testing [14]. Additionally, it 
identifies deterioration and recommends the best 
methods for detecting each [14]. 

Visual inspection (VI) is one of the most widely NDT 
methods, primarily for examining visible surfaces 
[15, 16]. VI is typically the first step in assessing a 
bridge's condition and is often supplemented by 
additional NDT methods to provide detailed and 
quantitative information on interior defects when 
necessary [12]. However, its effectiveness is 
limited, as it heavily depends on the knowledge 
and experience of the inspector. 

Recent advances in VIs include the use of 
unmanned aerial vehicles (UAVs, see Figure 2) and 
computer vision (CV) to enhance and automate 
these processes. UAVs enable access to hard-to-
reach structural elements, while CV supports the 
analysis of data obtained from UAV-based VIs by 
utilizing algorithms designed to identify and 
evaluate defects [17]. Augmented reality (AR) 
further enhances these processes by facilitating the 
visualization of inspection results, overlaying 
defect information directly onto the structural 
elements in real time [17], enhancing efficiency 
and accuracy of VIs.  

The type of data generated in VIs primarily consists 
of high-resolution images, videos, and detailed 
condition assessment reports. Unlike long-term 
structural monitoring campaigns, the data from VIs 
is typically limited to surface-level assessments and 
is not continuously updated over time. However, 
when advanced technologies such as UAVs or CV 
algorithms are employed, the generated data often 
includes 3D models of the structure, providing a 

comprehensive visualization of its condition. In 
addition, depending on the tools and 
configurations used, defect measurements, such as 
crack dimensions, and spatial coordinates may also 
be obtained. 

 

Figure 2. DJI Air 2S used for inspections [18] 

3 Integration of field data  

3.1 Towards standardized data formats  

As field testing now involves a larger number of 
testing methods, and the associated types of data 
generated, we observe that the current state-of-
the-practice involves a broad range of types of data 
output. In some cases, proprietary tools for 
obtaining and/or processing field data turn these 
systems into black boxes, which complicates data 
fusion to provide broader insights into the amount 
of damage and overall bridge performance. 
Standardized and open data formats are 
preferable, and open formats allow for a richer 
processing and integration of the data streams. 

In the field of non-destructive testing of structures, 
various academics, researchers, and producers of 
NDE equipment are collaborating to apply a 
uniform data format, the DICONDE standard, as 
described in various ASTM standards already [19]. 
DICONDE (Digital Imaging and Communication for 
Non-destructive Evaluation format) is a data 
format based on the medical imaging standard 
format DICOM, used for the transfer, storage, 
exchange and archiving of medical information. As 
a result, DICONDE is a documented data format 
and as a standard describes how NDE images and 
signal data are to be stored and archived [20]. 
DICONDE data files are binary files using two parts: 
a header with the metadata, and the image or pixel 
data. Multiple types of NDT data can be processed 
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using the open source DICOM Toolkit [21] or the 
pydicom library in Python [22]. 

The movement in the NDE field to develop a 
uniform data standard paves the way for other 
types of field data, including monitoring data and 
load testing information, to transfer, store, 
exchange and archive information. More 
importantly, the development of open source 
libraries and tools shows the path forward for data 
fusion, resulting in richer interpretations of bridge 
conditions and support asset owners’ decision-
making. 

3.2 Leveraging digital twins  

The integration of digital twins into bridge 
management systems marks a significant 
advancement in structural engineering, 
revolutionizing the aggregation, analysis, and use 
of bridge performance data for decision-making. 
Recent progress in numerical modeling has 
enhanced our understanding of material 
interactions and failure mechanisms, improving the 
accuracy of structural assessments. Digital twins, 
built on Building Information Modeling (BIM) 
frameworks and continuously updated with real-
time data, allow for dynamic feedback on bridge 
health. BIM provides a foundational repository of 
geometric and material details, which, combined 
with data from digital twins, ensures a live, 
accurate representation of a bridge’s current state. 

By aligning physical behaviors with numerical 
simulations, digital twins enable real-time 
computation, enhancing monitoring capabilities 
and enabling prompt anomaly detection. 
Moreover, by leveraging advanced modeling 
techniques and real-time data, digital twins can 
predict future bridge conditions, assisting in 
proactive maintenance planning and targeted 
interventions that extend bridge lifespan. 

Digital twins also enable extensive data 
aggregation, consolidating historical records, 
sensor-based measurements, and environmental 
data. This information is processed through 
numerical models to generate indicators of bridge 
performance, which are visualized through user-
friendly interfaces. Such tools aid stakeholders in 
identifying critical areas requiring attention and 
assessing the severity of detected issues, 

enhancing the clarity and impact of data-driven 
decision-making. By simulating maintenance 
strategies within the digital twin environment, 
bridge managers can evaluate outcomes before 
real-world implementation, minimizing 
uncertainties and optimizing intervention 
effectiveness. As digital twin technology evolves, 
its role in bridge performance assessment will 
continue to support the longevity and safety of 
essential transportation networks. 

4 Interpretating integrated field data 

4.1 Overall bridge performance  

Until recently, the interpretation of field data was 
limited to point-wise comparisons, such as 
comparing an analytically determined strain at a 
critical location to the measured strain. Recent 
advances in the use of finite element modelling 
have changed this approach to a comparison based 
on global bridge behaviour [23]. When interpreting 
the global bridge behaviour, potential causes of 
differences between the analytically predicted 
behaviour and the measured behaviour can be: 
overload or insufficient capacity under service 
loading to fulfil the serviceability limit state 
requirements (potentially caused by vintage 
details, design errors, or vintage construction 
practices), deterioration and material degradation 
which can result in a loss of strength and/or 
stiffness, or geotechnical problems such as 
settlements or scour. 

Global measures for bridge performance are 
currently often descriptive in nature, rely heavily 
on visual inspections, and may thus lead to variable 
results depending on the inspector and engineer 
involved in assessing the condition of the bridge. 
Future work can include the development of data-
driven global measures of bridge performance that 
consider the fused data from different field testing 
techniques and that rely on the bridge’s digital twin 
to address overall parameters related to strength 
and stiffness in the light of structural mechanics 
and dynamics-based analysis. 

4.2 Damage quantification 

Recent advances in the field of damage 
quantification and interpretation are related to the 
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following aspects: the use of probabilistic methods 
for source localization in acoustic emission signals 
[24], the interpretation of measurements during 
load testing using stop criteria, monitoring 
thresholds, and interpretation of images from 
drone inspections or other types of remote 
inspections using machine learning. 

In terms of stop criteria used during proof load 
testing, recent advances have focused on linking 
structural responses (strains, crack widths, etc) to 
the failure mechanism (shear failure of flexural 
failure, see Figure 3). In addition, new stop criteria 
based on concrete mechanics theories are 
developed [4]. Similarly, novel methods of crack-
based assessment of existing bridges have shown 
how linking observed damage, concrete 
mechanics, and the expected failure mechanism 
can give a richer interpretation to crack 
measurements [25].  

For long-term structural monitoring, an added 
challenge is the incorporation of the seasonal 
changes to existing concrete structures, reflecting 
changes in temperature and humidity. As such, 
structural monitoring thresholds need to consider 
the influence of the environmental conditions to 
the structural responses, in relation to the failure 
mechanism and the meso-scale mechanics.  

The next step in coming to integrated methods for 
damage quantification of existing bridges is 
through data fusion, resulting in a richer image of 
the condition, in combination with an 
understanding of the effect of environmental 
conditions, failure mechanisms, structural 
mechanics, and, where relevant, the influence of 
time resulting in material degradation, 
deterioration, and changes to the support 
conditions. 

 

Figure 3. Stop criteria locations for shear [4]. 

4.3 Data-driven decision-making  

While data-driven approaches have significantly 
advanced decision-making in civil infrastructure 
management, relying solely on such methods 
presents challenges. The inherent variability and 
complexity of real-world infrastructure conditions 
often require complementary experimental and 
simulation-based data to enhance the reliability 
and accuracy of predictions. As highlighted in 
recent studies, integrating data-driven methods 
with results from corrosion and loading 
experiments can create robust pseudo-databases, 
enabling more informed and practical decision-
making [26, 27]. 

For instance, corrosion experiments combined 
with machine learning (ML) models can predict the 
extent of internal reinforcement corrosion of 
concrete members based solely on visible crack 
patterns. This capability allows for a more precise 
evaluation of the remaining load-carrying capacity 
of corroded components, aiding in decisions 
regarding repair and maintenance priorities. 
Similarly, load tests provide critical insights into the 
structural responses under stress, which, when 
integrated with data-driven models, can refine 
predictions of structural degradation and failure 
probabilities. Such hybrid approaches illustrate the 
necessity of combining experimental data, 
simulations, and ML techniques [28]. By 
incorporating laboratory results into data-driven 
frameworks, it becomes possible to predict the 
extent of damage more accurately and to evaluate 
the need for intervention based on quantified 
reductions in load-bearing capacity. These 
methods ensure that decision-making is not only 
reactive but also proactive, addressing potential 
issues before they escalate. 

Moreover, simulation-based studies further 
enhance the predictive power of ML by modeling 
complex structural behaviors that are difficult to 
capture through observational data alone. For 
example, simulations of corrosion propagation and 
its impact on structural integrity can fill gaps in 
monitoring data, providing a comprehensive view 
of a structure’s health over time. 

The integration of data-driven approaches with 
experimental and simulation-based methods 
marks a critical step forward in civil infrastructure 
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management. This combined strategy not only 
enhances the robustness of decision-making 
processes but also ensures that interventions are 
both timely and efficient, addressing the 
multifaceted challenges of modern infrastructure 
systems. 

5 Post-assessment steps  

5.1 Long-term data storage 

In the field of bridge testing, different systems 
collect a variety of data types, including images, 
numerical data, electrical signals, and sound waves. 
These data vary significantly in type, size, and 
duration, making the standardization and 
integration of all data the initial and crucial 
processing step. Standardization ensures 
consistency in data formats, thereby enhancing the 
efficiency and reliability of subsequent analysis and 
processing. 

However, the rapid increase in data volume, 
particularly for high-capacity materials such as 
images and videos, poses significant challenges to 
traditional storage methods. The storage space 
required for such data is often limited, 
necessitating the translation of engineering data. 
By converting high-dimensional, multi-faceted raw 
materials into structured data storage formats, the 
demand for storage space can be substantially 
reduced, and the costs associated with subsequent 
computations can be minimized. This data 
translation approach offers significant advantages 
in long-term storage and management. 

Currently, artificial intelligence (AI) algorithms play 
a pivotal role in data storage and management. 
Techniques such as correlation analysis, clustering, 
and dimensionality reduction enable AI to 
effectively integrate and clean data, eliminate 
redundant information, and retain essential 
details. These algorithms not only enhance the 
efficiency of data processing but also improve the 
usability and accuracy of the stored data, making 
them indispensable in the initial stages of data 
storage. 

In summary, addressing the growing volume of 
data in bridge testing requires a combination of 
standardization and integration, data translation, 
and the application of AI algorithms. 

5.2 Forecasting bridge performance  

Forecasting bridge performance has improved 
through ML techniques. Methods such as recurrent 
neural networks (RNNs), Gaussian process 
regression, and long short-term memory (LSTM) 
models excel in analyzing time-series data, 
enabling accurate predictions of structural 
responses and degradation trends over time  [29, 
30]. These techniques allow for a more proactive 
approach to maintenance by providing detailed 
insights into the long-term behavior of bridges. 

A key advantage of ML in this domain is its capacity 
to incorporate multiple factors affecting bridge 
performance. For instance, models can 
simultaneously analyze overload impacts, 
environmental effects, and aging-induced 
deterioration to provide a comprehensive 
assessment of bridge health. Bayesian updating 
methods further enhance these models by refining 
predictions based on real-time monitoring data, 
ensuring their reliability and adaptability [29]. 

Practical applications of ML-based forecasting are 
already transforming the field. Studies have shown 
that integrating SHM data with ML models enables 
accurate predictions of deflection patterns and 
corrosion rates, which are essential for maintaining 
structural integrity. These advancements have 
significant implications for extending the 
operational lifespan of bridges, optimizing 
maintenance schedules, and improving overall 
safety [30]. Furthermore, predictive models enable 
bridge managers to prioritize interventions based 
on the likelihood of failure, reducing the risk of 
catastrophic incidents while ensuring efficient 
resource allocation. The adoption of ML for 
forecasting bridge performance represents a 
paradigm shift in infrastructure management. By 
leveraging advanced analytics and predictive 
modeling, this approach supports sustainable and 
resilient infrastructure systems, ensuring their 
functionality as critical components of modern 
transportation networks. 

5.3 Link to future bridge management 
decisions  

Bridge managers heavily depend on data and 
models/tools as their basis for decision making. 
High-quality information, coupled with a deep 
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understanding of the structures, their damage 
mechanisms, and the associated costs of 
maintenance and intervention strategies, is 
essential to making sound decisions.  

Computational frameworks have been developed 
to evaluate different maintenance scenarios and 
their long-term impacts on bridge performance 
and associated costs to support optimal decision 
making [31]. These frameworks often incorporate 
sets of bridge condition data gathered over 
multiple years to forecast future performance. 
Condition ratings based primarily on visual 
inspections and sometimes complemented with 
non-destructive testing are the prevalent approach 
for assessing the bridge structural performance 
and building the forecasting models [32]. However, 
recent advancements in data collection, such as 
bridge load testing and SHM, together with the 
implementation of structural reliability methods 
and ML-based forecasting models, provide a more 
accurate assessment of the bridge behaviour and a 
deeper understanding of the deterioration 
processes. Decision-makers can rely on these 
advancements to make more objective, informed, 
and optimal decisions regarding the timing and 
type of interventions.  

At the same time, the incorporation of these data 
and models allows for more accurately measuring 
Key Performance Indicators (KPIs). These KPIs are 
central to decision-making as they provide a 
framework to evaluate and optimize key aspects 
such as reliability, safety, availability, economy, 
and environmental performance, and guide 
decisions that align maintenance actions with 
defined performance goals and stakeholder 
expectations [32]. 

6 Resulting framework  

Bringing together the aspects from the previous 
sections, we propose a framework for interpreting 
bridge field data with a focus on overall bridge 
performance, damage quantification, and data-
driven decision-making, see Figure 4. This 
framework also includes the long-term storage and 
utilization of data to inform future bridge 
management decisions, which could potentially be 
realized via a digital twin. By leveraging recent 
advancements in bridge load testing, structural 

monitoring, and non-destructive evaluation, along 
with the development of interoperable platforms 
for bridge management, the proposed framework 
synthesizes these insights into a cohesive format, 
showing how various aspects of current research 
can come together to develop data-driven bridge 
management decisions. Moreover, the framework 
identifies the need to clearly define the objectives 
of a bridge assessment and field data collection 
campaign from the beginning, as this objective 
should be the guiding principle for decisions 
regarding data gathering, fusion, analysis, and 
interpretation.  

 

Figure 4. Decision-making framework. 

The proposed framework is designed to be flexible, 
accommodating varying timeframes (both 
throughout the bridge’s service life and duration of 
data collection) and different types of data. This 
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conceptual framework aims to assist bridge owners 
in making informed decisions regarding field 
interventions and enhance their overall decision-
making processes. 

7 Summary and conclusions  

This paper introduces a framework for interpreting 
bridge field data with a focus on overall bridge 
performance, damage quantification, and data-
driven decision-making, relying on recent 
advancements in bridge load testing, structural 
monitoring, and non-destructive evaluation, 
interoperable platforms, and the long-term storage 
of the data generated. The framework is designed 
for bridge management, including supporting 
future decisions based on forecasting methods. 
The proposed framework is designed to be flexible, 
accommodating varying timeframes (both 
throughout the bridge’s service life and duration 
data collection) and different types of data. The 
aim of this conceptual framework is to assist bridge 
owners in making informed decisions regarding 
field interventions and enhance their decision-
making processes. 
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