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Abstract. Bridge SHM solutions have been developed to assist with the assessment and
monitoring of bridges. State of the art bridge SHM solutions tend to be data based,
where machine learning algorithms are trained using large, historical bridge datasets,
and outlier analysis is subsequently used for anomaly detection. However, most bridges
lack the required healthy state data for machine learning approaches to be considered,
and many bridges are not in a healthy condition to collect the required data from. A
population based structural health monitoring (PBSHM) approach has recently been
proposed that seeks to facilitate knowledge transfer between similar structures. The
approach proposes that if two structures are similar enough, there could be scope to
make SHM inferences between the structures. The ability to make inferences between
bridges, which are currently monitored in isolation, would be highly valuable as a bridge
management tool, particularly if datasets could be leveraged between bridges through
transfer learning. However, before knowledge can be shared between bridges, there is
first a need to identify bridges that are similar enough for inferences to be made. The
PBSHM approach proposes the use of Irreducible Element (IE) models to describe
structures, which allows Attributed Graphs (AG) to generated and compared for
similarity using graph theory techniques. The general method for comparing structures
was trialled on bridges previously, however the resulting similarity metrics were for the
whole bridge as opposed to particular common zones of interest e.g. the deck. This paper
instead proposes that bridges be modelled as subsections of structures that interact via
shared boundaries (i.e., points of articulation such as bearings), as opposed to whole
structures. Bridge datasets are often limited to the part of the bridge that was
investigated, i.e., datasets particular to bridge decks, abutments etc. Therefore, the
extents of the IE models proposed in this paper are set to only include elements that
would pertain to a particular dataset. In particular, two beam and slab bridges are each
described with bridge deck, abutment and pier IE models to trial the concept. The
revised extents of the bridge IE models reduced the number of elements being
compared, resulting in increased resolution graph comparisons being carried out and
more meaningful similarity metrics between the bridge parts being achieved.
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1. Introduction

Bridges are valuable infrastructure assets; however, they are challenging and expensive to maintain.
Currently, there is an estimated bridge maintenance backlog of over 3000 bridges in Great Britain where
the bridges were identified as being substandard [1]. Of the substandard bridges deemed unable to carry
the heaviest traffic on roads today, approximately ~10% are intended to be returned to full load carrying
capacity over the next few years. Data driven approaches to bridge condition assessment are preferable
to visual inspections and can lead to an increase in load carrying capacity from assessment [2], [3],
potentially alleviating the maintenance requirement pressures. The motivation to improve the longevity
of infrastructure, with the advancement of technology and computing resources available, has seen a
large focus on data-based bridge SHM solutions being researched.

Monitoring systems for bridge SHM data collection have been proposed for both temporary and
permanent installations with increasingly available bridge datasets over time. This increase in data
availability has led to the growing development of bridge SHM tools that utilise Machine Learning (ML)
algorithms to support data-informed bridge SHM decisions [4]. In principle, these approaches use large
volumes of known-condition data to train a system and create operational benchmarks for a given data
type. Subsequent monitoring data is then compared to the benchmark for assessment, where anomalies
and outliers have been used to qualify conditions as well as detect, and even locate, damage on bridge
structures. To date, several candidate systems and approaches have been put forward, and a
comprehensive review of state-of-the-art ML-based bridge SHM systems can be found in [5], [6]. Whilst
the use of ML has shown great potential in providing bridge managers with the ability to make data-
informed bridge maintenance decisions, the capabilities of the ML-based systems are limited by the
quality and quantity of historical data available.

Recently, a population-based structural health monitoring (PBSHM) approach was proposed that
seeks to enhance the monitoring of structures by looking at what insights may be gained from other
structures in a SHM context [7]. As a bridge management tool, a PBSHM approach means a given bridge
with missing (or no) historical data, may be able to be monitored using some amount of transfer-learnt
data from a population of compatible structures. Transfer learning approaches have been limited in
application to real world bridge structures to date, though there are several proposed methods in the
bridge SHM literature. A Structural State Translation knowledge transfer approach was trialed between
numerical bridge models for pair of similar prestressed bridge decks [8]. The authors demonstrated that
despite subtle differences in topology, the bridge responses were similar enough for knowledge transfer
to be carried out between the pair of real bridges. There are examples of transfer learning occurring
between real bridges and numerical models of those bridges, where simulated data from the models are
used to create synthetic training datasets for machine learning algorithms [9], [10]. However, sharing
information between real-world bridge structures has been significantly limited as there are challenges
associated with environmental variance, sensor placement and noise, as well as subtle variation that
exists even between similar bridges [11]. Therefore, in terms of transfer learning between real bridge
structures, knowledge transfer has been limited to pairs of known identical elements [12], [13]. There is
currently a lack of understanding of the degree of similarity between structures, and the level of
knowledge transfer likely achievable between those structures for a wider uptake of the approach.

The PBSHM approach therefore has two main themes: (i) identifying similar structures (or parts of
structures), and (ii) investigating what, if any, data may be shareable between the structures. For a
homogeneous population of structures that can be represented by a single model [14], such as with wind
farms, transfer learning has been utilised with success where data from the population of wind turbines
proved useful in enabling performance monitoring for individual turbines within the population [15].
For a population of heterogeneous structures however, that is, structures that may be subtly or
substantially different to one another, transfer learning may not be feasible. If two structures that are not
compatible were to share SHM data, negative transfer could occur, where negative transfer refers to
inferences being made that could harm the performance of the SHM system. To prevent negative transfer
from occurring, there is a need to identify structures, or parts of structures, that would be similar enough
to one-another for some level of knowledge transfer to be sensible [16], [17]. The PBSHM approach has
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proposed the use of Irreducible Element (IE) models to capture information about a structure that would
be significant to that structure’s response [18]. Attributed Graphs (AGs) are then generated from IE
models, allowing graphs of structures to be compared for similarity using graph theory techniques.
Similarity metrics are evaluated from the AG comparisons, informing of the likelihood of there being
transferrable knowledge between the compared structures.

The use of IE models to describe bridges has been explored once (with real bridges) already, using
an initial population of eight bridges of five different types [19]. The work introduced the largest and
most complicated structures to be described with IE Models (so far), with the results showing promise
in the AG comparisons being able to identify identical, and completely different bridges apart. However,
for bridges that had partial matches, limited information was available without further interrogation and
the similarity metrics between bridges calculated using the Jaccard Index (JI) proved sensitive to the
size of graphs (of structures) being compared. To that end, this paper presents problem-driven IE models
for bridges. Problem-driven IE models were introduced in [20] where wings of an aircraft were modelled
for a damage detection and localization problem. Details of the structures deemed irrelevant to the
knowledge transfer problem were omitted. In this paper, the same concept is applied to bridges, where
common datasets are often limited to subsections of bridges. Therefore, if one were creating IE models
for bridges with a view to transfer learning potential between parts of bridges (with datasets), where
would the extents of IE model for the bridges and parts of bridges be?

IE models describing two beam and slab bridges are presented, using the same two beam and slab
bridges from the work in [19]. Subsections of the original IE models are modelled to a higher granularity
demonstrating improved informativity and relevance of partial matches between bridge parts, whilst
maintaining a minimum level of information within the IE models to prevent false matching occurring
[21]. Section 2 presents a summary of the work carried out in [19], reviewing the process of describing
a bridge with IE’s and limitations of the resulting comparisons. Section 3 presents purpose-driven IE
models for bridges (parts), reducing the information contained in each model to achieve more
meaningful AG comparisons. Section 4 then investigates the effectiveness of the problem-driven IE
models for comparing reduced AGs of the two beam and slab bridges featured in [19], compared to the
original similarity metrics obtained.

2. Irreducible Element models and Attributed Graphs (for bridges)
The PBSHM approach works by first comparing structures, or parts of structures, for similarity. The
(parts of) structures are described with an Irreducible Element Model and then converted to an Attributed
Graph (AG) for comparison. In the first application to bridges, the IE Models were used to describe the
topology of whole bridges at a high level of detail, including all deck and support elements within the
models. Figure 1 (a) is a photo of the first beam and slab bridge (B&S 1), and Figure 1 (b) is a photo of
the second beam and slab bridge (B&S 2). The second beam and slab bridge is largely similar to that of
the first beam and slab bridge, with two main variations:
o The first bridge features four beams per span, supporting the bridge deck, where the second
bridge features five beams per span, and
e The first bridge’s abutments are skeletal abutments, made up of four columns supporting a wall,
where the second bridge’s abutments are bank seats with little flexure in their design.

(b)

Figure 1 photos of beam and slab bridges, (a) B&S 1, (b) B&S 2.

Attributed graphs were then generated from IE Models (of each bridge). Figure 2 (a) shows the AG
representation of the first beam and slab bridge (B&S 1) and Figure 2 (b) is the AG representation of
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the second beam and slab bridge (B&S 2). Both graphs show the respective bridges in their Canonical
Forms (CF) [22], where the red circles represent regular elements, blue circles ground elements, and the
black lines between the various elements represent the relationships between those elements. Groups of
elements have been circled (magenta) and annotated for clarity.

Deckslab &_ Parapets

Deck Beams

Deck Beams Deckslab & Parapets
2 Deck Beams

Deck Beams

0
! . ‘\
\
AbuterT Abutment Abutment e Abutment
(a) 2 Span Bridge With 4 Beams/Span (b) 2 Span Bridge With 5 Beams/Span

Figure 2 Attributed Graph representations of beam and slab bridges, (a) B&S 1, (b) B&S 2.

In layman’s terms, the graph comparison approach used in this paper, seeks out the largest matching
graph that would exist in both of the two graphs (of structures) called the maximum common subgraph
(MCS). The Jaccard Index was used to calculate the level of similarity between two graphs, numerically
representing the size of the MCS relative to the largest AG being compared. Results range from 0 to 1,
where 0 is no match between two graphs, and 1 is a complete match. Figure 3 (a) shows the resulting
similarity metrics between the two beam and slab bridges, and (b) shows the annotated maximum
common subgraph (MCS) between the two bridges, with the unmatched elements and connections at
50% transparency. The JI similarity metric between the two bridges was calculated as 0.51, where the
0.49 of unmatched elements are mostly from the abutment structures (bottom left and right portions of
Figure 3 (b)). Considering only the bridge decks, two deck-supporting beams, one per span, did not
match (with associated relationships).

Deckslab & Parapets

(a) (b) Deck Beams _ Deck Beams
1 (@ : / —"»)
- : an : / !
B&S 1 051 . N ._.,_{[‘k\_ —"7
B&S 2 0.51 0.5 d :
0.25 a7 i
B&S 1 B&S 2 | o %
. o by
. ’7 Piers e
Abutments Abutments

Figure 3 Results from Attributed Graph comparisons, (a) Jaccard Index similarity metrics, (b)
annotated maximum common subgraph shared between two beam and slab bridge attributed graphs.

Whilst the results obtained from the first bridge AG comparisons were indicatively positive in
detecting a partial match, the partial matches lacked any immediate meaningfulness. That is, where the
two beam and slab bridges have similar deck structures, the JI similarity metric is relative to the MCS
size compared to the largest AG, therefore variations between the bridge supports causes a substantial
reduction in what would otherwise be expected to be a reasonably large match. The large matching deck
portion is only noticed with interrogation of the MCS constituents.
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The beam and slab bridges produce easy digestible graphs for visual interpretation; however, this is
not always true. Particularly when element and relationship numbers of IE models are much larger,
Hypergraphs become the more sensible, but less human-interpretable, representation of the bridge. The
lack of intuition can cause substantial confusion in interpreting JI similarity metrics as including larger
element and relationship numbers reduce the value, and therefore impact, of each matched (and
unmatched) element and relationship.

3. Revised extents of bridge IE Models

Considering larger bridges and other bridge-like structures that would be described with large numbers
of elements (and relationships), the increased element numbers reduce the value of each matched (and
unmatched) element using the JI similarity metric to calculate the similarity. This limited value of
matches between larger AGs presents potential limitations in identifying similar structures, or parts of
structures. Therefore, there needs to be some consideration about the amount of information included
within IE models when using the JI similarity metric. Figure 4 shows three linking corridors between
buildings. The corridors could be considered as bridges, with buildings where, traditionally, one would
find bridge supports. If the structures at the support locations were to be included in the IE model detail,
the linking corridors would become difficult to identify similar structures from the similarity metrics
due to the complexities of the support structures. There is an array of examples of bridges that are
ancillary to much larger structures, much like bridge supports are (generally) ancillary to bridge decks.

Figure 4 Linking corridors between buildings.

To overcome the challenge of comparing bridges as AG’s, using the JI similarity metric to quantify
similarities, there needs to be a revision of the extents of bridge IE Models. Whilst [20] noted there is
need for minimum information contained within an IE model for sensible comparisons to be achieved,
the previous implementation on bridges demonstrated problems associated with too much information
creating vague partial matches. Therefore, rather than comparing AGs for whole bridges, problem-
driven models should be considered that capture subsections of a bridge IE model, relative to common
datasets that may be used for SHM transfer learning. Datasets for bridge decks are often used to assess
and diagnose the bridge deck (and elements), and likewise for bridge supports. Information beyond the
shared connections of these structures is significantly reduced, where forces are grounded, or articulation
occurs, or two system responses compete rather than harmonize. For bridge deck data, limits of useful
information would typically be at the bridge bearings, located at the support structures, where it would
then make sense to condense the information about the support structure elements within a bridge deck
IE model. Inversely, bridge support structures can then be modelled with the bearings (supporting the
bridge deck) set as the extents of the model, condensing bridge deck information (and other supports)
to the ground elements. Figure 5 demonstrates the revised extents for the first beam and slab bridge
model. Previously, the whole bridge was captured where each red line denoted a ground (extent) of the
structure, below each support. The blue lines at the top of each support, where the supports meet the
bridge deck elements, represent the internal ground locations introduced for the problem-driven models.
The one beam and slab bridge IE model can then be described with four purpose-driven IE models (for
the bridge deck, intermediate pier, and two abutments, respectively). The original grounds, for whole
bridge models, were considered below the support structures; the revised extents are effectively
additional grounds set at the top of the support structures. For the bridge deck IE model, the three new
ground elements would be representative of the two abutments and intermediate pier structures,
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respectively. For each of the abutments and the intermediate pier IE models, the introduced grounds
would be representative of the bridge deck.

o Span 1 Span 2 —

—

Figure 5. Beam and Slab bridge elevation showing whole bridge with original extents (red lines)
below each support and new extents proposed atop each support (blue lines).

The reduction of ancillary information is not new to engineering and features as common practice
during various aspects of design and assessment of bridge structures, from FE Models with “reactions”
at supports, to structural force calculations using Method of Sections approach. A similar concept is
adopted here, where the ancillary structures are not ignored, but their detail is condensed, and
consideration is reserved for their inputs on the system in question without penalising similarity
metrics.

4. Effects of revised extents on bridge IE Models and AG comparisons
Remodelling the two beam and slab bridges from Section 2 with the considerations of Section 3, three
models are used to describe each bridge:

e one model describes the two-span bridge deck structure,

e one model describes the intermediate pier, and

e one model describes the abutment structures.

As the two abutments of the bridge can be considered homogeneous, complete topological matches
to one another, only one IE model is required to represent both abutments. The extents of the models
(ground elements) have been set at the bearings of the bridge, where, typically, information about the
adjoining structure would be reduced in most datasets. Where in an FE model, one could have multiple
reactions to represent multiple points of contact with an adjacent structure, within an IE model, a ground
element represents the adjoining third-party structure. As such, only one would be required per adjoining
structure. Figure 6 shows the (CF) AGs for the first beam and slab bridge Deck, Pier and Abutment(s),
respectively. Figure 7 shows the (CF) AGs for the second beam and slab bridge Deck, Abutment and
Pier structures, respectively. As highlighted with the previous AGs, the red circles are regular elements,
and the blue circles are ground elements. The lines between elements represent (and contain information
for) the relationships between those elements. The location of bearings between the deck elements and
support elements for both deck and support models are described as ground elements, where one could
expect inputs on the structure from the adjoining structure.

2 Span Deck With 4 Beams/Span  Abutment Pier

Figure 6 Attributed Graph representation of bridge parts for first beam and slab bridge.
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2 Span Deck With 5 Beams/Span Abutment Pier

Figure 7 Attributed Graph representation of bridge parts for second beam and slab bridge.

The IE Models and AGs are much smaller than the previous models and graphs in [19], and as a
result, the value of each matched (or unmatched) element is increased. Figure 8 shows the AG
comparison results between the two beam and slab bridge decks. Figure 8 (a) shows the similarity
metrics between the bridge decks, and Figure 8 (b) shows the (annotated) MCS with unmatched elements
set to 50% transparency. The similarity metric increases from 0.51 to 0.89 with the condensing of the
ancillary structures. The 0.89 is more indicative of the level of similarity between the two bridge decks
than the original 0.51, using engineering judgement, as the only difference between the bridge deck AGs
is an additional beam per span supporting the deck in B&S 2.

(a) (b)
1
B&S1 Deckslab & Parapets
0.75 Deck Beams . S Deck Beams
’ Ty ] =
B&S 2 0.5
0.25
B&S1 B&S 2
0 Grounds

2 Span Deck With 4/5 Beams/Span match

Figure 8 Similarity metrics between beam and slab bridge decks.

For the bridge supports, the [E Models and AGs for each of the support structures were smaller than
those for the bridge decks. Figure 9 shows AG results comparing the four bridge supports. B&S 1 A and
B&S 1 P refer to the first beam and slab bridge abutment and pier structures, respectively. B&S 2 A and
B&S 2 P are also Abutment and Pier structures, respectively, but for the second beam and slab bridge.
The comparisons were able to distinguish differences between two different abutments (0.2), whilst
identifying the two notionally identical piers (1.0). The perfect match makes sense as the only difference
between the two piers is the number of beams supported (for the bridge deck), hence a perfect match
where changes to the bridge deck properties would be captured by changing ground element properties.
Finally, whilst B&S 1 abutment and pier graphs look and are topologically identical, the embedded
attributes within the graphs, particularly contextual attributes such as element type, allow distinction
between the two structures resulting in a similarity of 0.6. The partial similarity between the piers and
B&S 1 abutment largely makes sense as the abutment features a wall in place of the pier structures’ cap
beams. Overall, the JI similarity metrics between the bridge supports are in line with what one would
expect when comparing the support structures. The similarities and differences of the support structures
are much clearer than if they were to be considered within the whole bridge models, where they pose
minority representation.
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0.75

0.5

0.25

Figure 9 Similarity metrics between bridge support structures.

5. Conclusions

Irreducible Elements (IE) models have been shown to be capable of describing bridge structures
previously, allowing Attributed Graphs (AG) of bridges to be generated and compared for similarity.
However, the similarity metrics between bridges compared as AGs, calculated using the Jaccard Index,
are sensitive to both the size of the structures and the level of detail included in the IE model. Bridges
are often large structures and therefore JI similarity metrics for partial matches between whole bridges
in their Canonical Forms (CF) are of limited informativity owing to the size of the IE models required
to describe whole bridges.

Using two beam and slab bridges for demonstration, this paper considers revised extents for bridge
IE Models, compared to the original work in [19]. To improve the informativeness of the JI similarity
metrics for partial matches between bridges, the two beam and slab bridges are described as a series of
(part) structures that interact, rather than a single (whole) structure. The extents of the bridge IE Models
are set to mimic extents of information typically contained in common bridge datasets, in line with the
aims of PBSHM to facilitate information sharing between similar structures. Bridge bearings are
considered as common ground elements between bridge deck and support structures, leading to JI
similarity metrics between the bridges (parts) that are more reflective of the actual similarity between
the bridges (parts), than achieved when comparing whole bridges.

The PBSHM approach proposes two main themes of work, identifying structures that are similar,
and then, investigating what information may be sharable between the (similar) structures. The revision
of bridge model extents is of particular importance for comparisons featuring larger, more complex
bridges when using the JI similarity metric. These include long span or multi-span bridges, as well as
bridge structures within or between buildings, where the general method for comparing whole structures
results in too low a resolution of graph comparison to achieve meaningful similarity metrics. The work
in this paper therefore provides an approach for modelling and comparing parts of bridges (or other large
structures), where model extents are governed by the extents of information in common datasets. Whilst
a positive step towards sow PBSHM can be applied to bridges, there is still a need to check that similar
bridges have similar responses, that transfer learning would be appropriate. There is also further
investigation required as to what elements should be contained in a problem driven IE model, and to
what detail should they be described to reflect their associated datasets most accurately. The work from
this paper proposes it is more sensible and economical to approach this from a problem driven
perspective, by comparing bridge decks, or supports, and associated datasets.
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