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The challenge

Wardhana, K., & Hadipriono, F. C. (2003). Analysis of recent bridge failures in the United 

States. Journal of performance of constructed facilities, 17(3), 144-150.

Markogiannaki, O., Xu, H., Chen, F., Mitoulis, S. A., & Parcharidis, I. (2022). Monitoring of a 
landmark bridge using SAR interferometry coupled with engineering data and forensics. 
International journal of remote sensing, 43(1), 95-119.

Deterioration and corrosion is a leading cause of bridge  
failure 
→ 9% of bridge failure due to corrosion



The challenge



Prestressing is used both in the cantilevers and in the precast beams

Balanced-cantilever bridge central part

40m
Prestressed beams

40m
Prestressed beams



Water ingress – a slow process that causes deterioration of the tendons



Deteriorated tendons cannot carry the max weight



Deteriorated bridge and lorry weight increases over the years



Deteriorated bridge after 50 years



Deteriorated bridge- Potential failure mechanisms (1)
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Deteriorated bridge- Potential failure mechanisms (2)
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Gaps in our knowledge

• No fragility models available for corroded bridges

• Cause-agnostic nature of deflection: creep, shrinkage, tendon loss, 
history of loading, environmental conditions & prestressing 
drawings/designs not available



The motivation

• Corrosion may lead to permanent deck 
deflections and in many occasions 
rapid decision making is required to 
avoid fatalities

• Damage cannot be interpreted without 
invasive and/or expensive inspections

• Corrosion of bridge tendons is a typical deterioration mechanism 



What is proposed

• Cause-agnostic approach: Focuses on specifying the result, i.e., the bridge damage state rather 
than explaining the exact deterioration mechanism 

→ its more important to know the DL rather than what left in the bridge

• Use deck deflection forensic data that can be obtained with very little or no physical interaction 
with the bridge 

→ bridge might be sensitive to load testing or invasive tests

• Develop a methodology to pair vertical deck drifts with bridge damage states utilising Machine 
Learning

→ because FEM analysis is tedious for non-linear systems



The framework



Case-study
• Landmark balanced cantilever bridge in Greece

• Excessive deflections at the free ends of the 30m cantilevers



Finite element model

• Segmental construction of the balanced cantilever was modelled

• 3D solid elements were utilised for the deck 

• 1D elements were used for the tendons

• Both geometric and material nonlinearities were considered



Tendon-loss scenarios (a)

• Different variations of the bridge model were analysed 

• Variations account for several tendon loss scenarios and 3 concrete Young’s 
modulus

• Each scenario was paired to a different bridge damage state: 

     - Moderate  - Severe  - Critical



Tendon-loss scenarios (b)

• Vertical deck drift profiles were computed for: 

(a) 27 tendon-loss scenarios

(b) Three values for concrete Young’s modulus
Training Set



Drift-based fragility functions

• Probability of reaching or exceeding a damage state given a 
certain level of maximum vertical drift ratio 

• Ignoring Young’s modulus in the definition of the fragilities induces 
bias and results in unconservative fragility estimates

Kazantzi, Moutsianos, Bakalis, Mitoulis 
(2024) (accepted)



Damage state identification through k-NN 

• Input: measured deck vertical drifts and Young’s modulus

• Output: bridge damage state

• Training set + k-NN machine learning algorithm
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US1 43% 50% 29% 18 

US2 71% 86% 86% 22 

US3 71% 64% 43% 30 

US4 57% 57% 57% 17 

US5 48% 43% 14% 25 

Izonin, Kazantzi, Mitoulis (2024) (under review)



Damage state identification

• Tendon loss predictions using 1, 2 or 3 neighbours

• 3 neighbours mostly sufficient for predicting the bridge damage state

• Accuracy could be improved via:

(a) expanding the training set 

(b) use of more advanced machine learning algorithms



Conclusions

• Cause-agnostic bridge damage state identification methodology 

• Monitored deck drift data and numerically estimated bridge 

deflection curves are exploited

• Easy to implement + very little interaction with the asset

• Can be tailored to account for other deterioration mechanisms

• Could assist routine monitoring

• Suitable for assessments without destructive testing 
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