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Context: What is the Problem?
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Context: What is the Problem?
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How Is Fault Diagnostics from Images done?
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What are the Technical and Scientific Challenges?
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Opportunities: What Can Be Done?
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Objective: What are we Trying to Do?
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Relevance: Why is it Useful? (1)
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Relevance: Why is it Useful? (2)
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Developed Method
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Developed Method
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Developed Method
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Developed Method
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Insulator Defect Image
Dataset (IDID)

y Dexter Lewis, Pratik Kulkarni, August 11, 2021, "Insulator Defect

Detection", IEEE Dataport, doi: https://dx.doi.org/10.21227/vkdw-x769.s

Critical Components:

N
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e.g. Swiss power grid:
6700 km long = 12 000 pylons
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Case Study
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Relevance: Why is it Useful? (1)
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Results: Proposed Approach on Validation Set
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Results: Proposed Approach on Validation Set
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Relevance: Why is it Useful? (2)
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Results: DL model
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Results: Proposed Approach In-field Application
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Conclusion
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Conclusion
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Conclusion
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