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The human-machine collaboration (H-MC) is a model in which humans co-work with
artificial intelligence to complete specific tasks. The H-MC for structural health monitoring
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along with ML tools can provide a rapid assessment within minutes. However, if a detailed
model is missing, the response data can be reviewed by a skilled human counterpart to
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Motivation of this project stems from a previous study where CAV analysis successfully detected and located

damage. Result from a subsequent study indicated that CAV and R,, are good damage features to be utilized in
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BUILDING PORTFOLIO

The proposed framework is applied to 15 buildings instrumented by the California Strong Motion o LS 4- | s tmenze | Moo
Instrumentation Program (CSMIP) with accelerometers. cAv

Results show that the undamaged buildings are correctly detected as
indeed undamaged by the algorithm. In some cases (such as stations
58483, 24322, 58354, 57357 and 89494) novelty detection or POE
envelope alone will result in false positive detection but when used
together with ML these false positive results are eliminated Damaged Structures
successfully. The algorithm accurately detects damage for the s R

damaged buildings detecting both novelty and high POE values. 2pee SSHPSIBER — P —
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In these figures, the colored envelope is that for the POE envelope
with higher probability shown with darker color. The dots are the
response from each sensor installed at the roof level. When the dot is
blue (filled) in color, it is detected as an undamaged event. On the
other hand, when the dot consists of the red cross mark, it indicates
damage has been identified.
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CONCLUSION

* The H-MC framework combines ML capabilities and human expertise for rapid SHM

It detects damage using data from undamaged condition only.
« Application of this framework to instrumented buildings showed that the framework can
correctly label damaged and undamaged buildings eliminating false positive detections.
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