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Road Map

Context and Objectives

Bridge Asset Data

Machine Learning Methodology (ML)

Predicting Bridge Properties

Application to Screening for Seismic Shear Vulnerability

L essons Learned



Al and Machine Learning Relationships

ificial Intelligence

Deep Learning

Natural
Computer Language

Vision Processing

* Rule-based syste
* Expert systems
* CNNs, RNNs, Transformers

ML; CV and NLP often use Deep Learning techniques



Large-Scale Application of ML
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Bridge Managers Not So Fortunate!!
Large Inventory and Limited Data
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Scale of Bridge Inventories

Region Number of
Bridges

United

620 k R
States e

...........

California 26 k

Washington 85 K oot Dmagye g (TS o

Okanogan

Forest

¢
vasma

(]
g o
4 Klickitat J‘E
Gillm Morrow
Wasco

Source: 2025 National Bridge Inventory, USDOT 8



Applications of ML to Bridge Management

> Structural Health Monitoring
— Extensive/Expensive Instrumentation
— Data Interpretation

> Computer Vision for Inspection Orders of Magnitude

— Inspection Images/Videos Less Information
— Structure Metadata

— Measures of State
— Data Interpretation

> Predictive Performance

— Inventory Databases

— Measures of Performance

— Observations of Performance



Seismic Resilience of Inventory

CSZ Full Rupture Seattle Fault

https.//earthquake.usgs.gov/scenarios/
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Problem and Objectives

Problem:

— Bridge characteristics needed for:
> Prioritization of bridges for retrofit/modernization
> Regional scale resilience/loss estimation for natural hazards

— Limited information on key properties

Objectives:

— Determine whether machine learning can help estimate key
properties of bridges with information that is readily

available.

— Apply ML algorithm to a real problem (seismic screening)

— Provide recommendations for DOT's to utilize this technology
for inventory management
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Overview of ML Strategy
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Train
Algorithm
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Feature Importance
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Inventory Data
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National Bridge Inventory (NBI)

116 Properties per Bridge

|[dentification & Location
Clearance

Traffic

Inspection

Funding

Limited Structural Info.
— Max Span Length

— Deck Width

— Structure Type

— Material Type

— Year of Construction
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Year Built (NBI)
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Detailed Bridge Database (WSDOT)

Reviewed ~800 Sets of Plans (WSDOT, UW students)
Focus on Bridges with Columns

Removed Bridges with:

— Single Spans

— Wall Piers

— Pile-Supported (timber, steel, CIP, PSC)
— Not in NBI or Unclear Plans

478 Bridges with Columns

Collected Details

— Column Geometry

— Column Reinforcement Details
— Abutment Properties
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Spacing of Transverse Reinforcement
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Machine Learning Framework
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Target Variable Distributions

Columns per Bent
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_ Measures of Target
SIX ML Accuracy Variables

Results/ Models

, |
/\ f C'olumns per Bent ! Sf?afumﬂ Minimurg Aspect Hati
\ (E{EE + SE R* + SE/-> RMSE = 5E ‘ R* + SE
1.285 £+ 0.054  0.238 £ 0.069 | 2.130 £ 0.052 [ 0.194 = 0.033
0.976 £ 0.033  0.570 £ 0.015 | 1.818 &= 0.046 [ 0.415 = 0.015
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R2 of Algorithms
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Feature Importance

Columns per Bent
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Weight Given to ML Algoritmns
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Application to Seismic Screening
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Identification of Shear-Critical Columns

Shear-Critical Column Index (C/D)

[1.6 (‘éf_\ +0.5 Q)] -
Yy / Y
SCCT = _

Results
Prediction of SCCI
Scenario RMSE 4+ SE R2 + SE
YEAR BUILT 0.956 + 0.031 0.131 4+ 0.033
NBI ONLY 0.961 + 0.035 0.119 4+ 0.051
NBI + BeEsT KBC PREDICTIONS 0.928 4+ 0.031 0.174 4 0.050

CALCULATED SCCI FrROM KBC PREDICTIONS 0.948 £+ 0.018 0.133 £ 0.056
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Finding Shear-Critical Columns

e —a— Perfect Knowledge

—#— NBI + Best KBC Predictions
Calculated SCCI from KBC Predictions

Percentage of Shear-Critical Bridges Identified (%)

0 20 40 60 80 100
Cumulative Number of Bridges Inspected
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Including L/D as a Feature
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Summary

> Bridge Engineering Applications often have Data
Characteristics that Differ from Better Known, Large-Scale
Applications

> Assessed Performance of Six Machine Learning Algorithms
in Predicting Column Characteristics Based on NBI Data

> Applied AutoML (AutoGluon) Algorithm to Identification of
Shear-Critical Columns

> Performance Assessed with Acceleration in Identification of
Critical Columns.
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>

>

>

Lessons Learned

Need Multi-Disciplinary Team
— ML Expertise
— Domain Expertise

Better to Implement Variety of Algorithms

Repeat Sampling for Small Datasets to Improve Reliability

Measure Success by Added Value to Asset Managers
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Thank you
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