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The Industrial Bottleneck

e Allcritical downstream tasks

L , , Current State (Manual & Slow)
(optimization, control, simulation)

depend on an accurate plant model Sparse sensor : Manual Expert E Active Plant
* Industrial process plants operate data Analysis Model tasks

dynamically

Our Approach (Automated & Fast)

* They never have 100% sensor coverage

» |dentifying the active network is a big Sparse sensor Active Plant Downstream
data Model tasks

challenge

Our Solution: The GNN Pipeline

* We frame the problem as graph completion task
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No Sensor Status Unknown
Absent (Unknown) 0 0 1
Yes
End < Present & Active 1 1 0
The GINEConv architecture designed to predict node & edge states from encoded ,
features Present & Inactive 1 0 0
Results & Key Takeaways
y y *** From Sparse to Complete:
**Classification Accuracy A Case Study
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Reduced ...  Successfully demonstrated active network identification as graph completion task.
the avrrage o * Our GNN model accurately and automatically reconstructs the full plant topology
error from € . .
GED59to0 ° ... using ONLY sparse sensor data and plant’s structural graph.
GED 7 * Achieved high performance (78.45% GED improvement). Further improvement can be
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obtained by providing process-rich information.
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J5 % s o 2w = w1 * [Thisstudy provides the foundational, real-time plant model necessary for all

(Mismatch reduction in GED

downstream tasks.
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