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ABSTRACT

This independent study explores methods for detecting conditions conducive to fouling in the
industrial quenching tower process. It encompasses a comprehensive approach, starting from gathering
requirements from chemical engineers, analyzing and designing data extraction systems, transforming
data, and automatically storing time-series data from sensors located in the refinery to database system
(Data Pipelines Implementation). Designing the infrastructure (Infrastructure) both on-premises and on a
cloud platform, followed by developing program scripts. The stored data is then presented to users through
digital dashboards that provide accurate and timely information in an understandable format using
information graphics, allowing users to view additional details as needed. A crucial aspect is the alert
system on the dashboard, which can detect fouling-conducive conditions based on predefined thresholds
from a set of sensors (Alert & Monitoring), enabling operators to take preventive measures promptly.

Finally, the independent study involves creating predictive models using machine learning to
forecast key factors contributing to fouling based. The study uses supervised learning techniques with

Long Short-Term Memory (LSTM) networks to analyze.

Keywords: Fouling in the industrial quenching tower process, Internet of Things (IoT), Digital Dashboard,

Machine Learning (LSTM)
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