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While bridges and various civil engineering structures are ageing across the| |* The overview of the whole process of data acquisition and damage detection methodology « From the results obtained it can be inferred that the three ML algorithms can
world, the demand has been on a constant rise. As a result, the risk of failure detect damage from the recorded strain readings.
and the corresponding socio-economic Iimpacts have largely increased. Setting up the system Each techni has it ¢ of advant d limitati
Furthermore, the presence of damage that may not be detected in a timely ach technique has {ts own set of advaniages and fimiations.
manner can lead to catastrophic consequences. So, regular monitoring and installation of Initial set of S e , , * The ANN model can only detect damage In the region of the target sensor,
assessment of these structures have become very crucial. While visual srein sensors data in non- processed to This cataset not globally.
: - ' ; : an damaged state obtain strain o _ _ o _
Inspection has been the most widely used technique till now, modern Structural system is obtained values’ dataset the ML model « SOM-PCA classification technigue addresses this limitation as it can detect

Health Monitoring (SHM) systems aim for more reliable and cost-effective ways.

Today’s technology includes various high-precision and durable data acquisition damage globally.

techniques and sensors but requires effective data processing techniques for Utilizing the system for damage detection * Both these techniques have an ML model that needs to be designed and
damage assessment. The work herein explores the use of Machine Learning Calculate the difference various model parameters which need to be fine-tuned appropriately for good
(ML) as an effective way to process and analyze the data for an automated between ANN predicted performance.

damage detection methodology. Various supervised and unsupervised | vales and actualreadings S » . e .

algorithms are considered. The performance of these techniques is tested by New strain data This datais fed Measure the Mahalonobis PN | |- Additionally, the final damage identification step involves a threshold value
implementing them on data obtained from laboratory experimental analysis P mtcli/ltLh;:)rj;r;ed dlstagﬁs Zi;cs\ﬁiznc&es\’:é rF')s,omtS for the which needs to be carefully defined for reliable results.

carried out on a prestressed concrete beam and steel box girder. Additionally, system Strfncssgit?on: 8 | |- As a result, these methods would need to be optimized for each set of data to

tests on a steel bridge girder specimen will be carried out to further verify the
efficiency and applicablility of the ML algorithms. Finally, the approach will be
Implemented in the field on an existing steel bridge.

yield appreciable performance and results.

« The KNN-GA-DBSCAN approach is a fully automatic approach that doesn't
require any such parameter optimization. Even if the data changes, it can
adapt itself without the need for any external involvement.

« 3 different model techniques were implemented

.
. . _ SOM-PCA technique KNN-GA-DBSCAN » But, this algorithm, like SOM-PCA classification, cannot perform damage
Case studies were carried out based on the data obtained from laboratory ANN Approach ocalizat
' ' ' i * SOM stands for Self Orgnising * KNN: K Nearest Neighbour, GA: ocalization
experimentations performed on two different specimens. * ANN stands for Artificial Mabs. PCA stands for Princioal Genetic Algorithm, DBSCAN: . _ _
Neural Network. bS- _ P . ' " * Training KNN-GA-DBSCAN requires a much larger time.
- : : * Asupervised ML technique. component ,.Analy5|s : Sen5|ty.Bas.ed Sp§t|al CI.ustermg
Specimen 1: Prestressed Concrete Bridge Girder . Uses an ANN-based prediction * Anunsupervised ML technique. of Aprs)llcatlons with l:ljouse.
A : : , , model to predict strains at the * Forms baseline clusters training Anot. er unsupervise ML
prestressed concrete bridge girder embedded with FBG strain target sensor taking other on non-damaged state data. algorithm like SOM-PCA
sensors was tested in the lab under bending. Cracks were formed A sensors’ data as inputs. * Calculates the Mahalanobis * Forms baseline clusters and
in the tension side of the beam due to bending forces. + Compares the actual and g':ttsg;z:jtt";:irl‘uzte:r’sdata ;'Z‘Izsr'getso“;::"c"lfit; o The testing will be carried out on a 20 ft steel beam specimen designed such
TR il E;eillcatteei ?ctnrsigrsrzrr]ietween « Mahalanobis distance measures + Uses DBSCAN for clustering and that under a specified load from the actuators, it will simulate the similar levels
i — them to detect damage. how many standard deviations its inherent ability to detect of stresses that actual bridges will experience. The specimen has an end plate
away a point is from the mean nolse. and a splice plate connection so that various kinds of damaged can be induced

of a distribution.

without any destructive operation over the specimen.
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Detecting Cracks due to Bending Stresses in Prestressed Concrete Bridge Girder
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A steel box girder was tested under fatigue loading. A & oot Threshold limit "1 KNN-GA-DBSCAN | oo |
crack was created in the middle of the section and the 00951 o | | | | | | | - | |
specimen was exposed to positive and negative bending No damage case Damaged case ’ ST T T ammoniacors | | Along with this, some additional beams will also be used for destructive testing.

loads to make the crack propagate along the denoted
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