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Lilly Fast Facts
A heritage 148 years strong, founded on May 10th,1876



Manufacturing Processes Anomalies Detection & Diagnosis In a Nutshell
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WHAT HOW WHY
Progress from Descriptive to Predictive

Machines Performance Monitoring
Embedding Advanced Analytics

in Machine Performance Data Analysis To Support Reliable Supply

CAPACITY INCREASE

PROCESS STABILITY

DESCRIPTIVE
ANALYTICS

What 
happened?

Why did 
it happen?

DIAGNOSTIC
ANALYTICS

PREDICTIVE
ANALYTICS

What will
happen? PRESCRIPTIVE

ANALYTICS

What should
we do?



PROCESS MANUFACTURING

• CIP
• SIP
• AUTOCLAVES
• COMPONENT PROCESSORS
• PARTS WASHERS
• VPHP
• FORMULATION
• FILTRATION
• …

PROCESS MANUFACTURING CYCLE
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Manufacturing Processes: Phases and Variables



CYCLE #1
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Objective: anomalous cycle detection
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Technical Knowledge Based
Leading Indicators Definition

Process Leading Indicators Monitoring

PROS:

• Easy to be interpreted

Anomaly Detection: Technical Knowledge Approach

CONS:

• Potential technical knowledge bias
• Process dependent approach, difficult 

to scale up
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Process Signals Comparison Time Series Distances
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Euclidean Distance
(Scale Similarity)

Permutation Distribution Distance
(Shape Similarity)
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Upper Control Limits Anomaly Detected

Anomaly Detection: Statistical Learning Approach 



How to scale up with Seeq
The applicability of the timeseries distance approach encounters a problem of scalability: for example, given 2 equipment with 10
probes which implements 5 different processes, and each process is made of 7 phases, the final number of timeseries distances is:
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This high number of distances to be monitored poses a scalability problem that has been solved with the following architecture:

Python Code
Power BI

For each combination of 
equipment, probe, process, 

phase generate:

Condition
Capsule Adjustment

Reference profile definition
Metrics computing

Asset definition
URL of predefined plot

Get Seeq data using 
python API.

Integrate Seeq data 
with data coming 

from other sources

Store calculated 
features into a 

database 
(relational in this 

case)

Connect Power 
BI to the 

database and 
show equipment 

status

Leverage Seeq 
Assets and Seeq 

plotting/calculation 
capabilities to allow 
quick deep diving



Architecture Example

Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK1
Equ X1>> ProductY1 >> PhaseZ2 >> ProbeK1
Equ X2>> ProductY2 >> PhaseZ3 >> ProbeK3
Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK1
Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK1
Equ X1>> ProductY1 >> PhaseZ2 >> ProbeK1
Equ X2>> ProductY2 >> PhaseZ5 >> ProbeK3
Equ X2>> ProductY3 >> PhaseZ1 >> ProbeK5
Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK1
Equ X1>> ProductY1 >> PhaseZ2 >> ProbeK1
Equ X2>> ProductY2 >> PhaseZ3 >> ProbeK8
Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK1
Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK7
Equ X1>> ProductY1 >> PhaseZ2 >> ProbeK1
Equ X2>> ProductY2 >> PhaseZ3 >> ProbeK3
Equ X5>> ProductY3 >> PhaseZ1 >> ProbeK5
Equ X1>> ProductY1 >> PhaseZ8 >> ProbeK1
Equ X1>> ProductY1 >> PhaseZ2 >> ProbeK3
Equ X2>> ProductY8 >> PhaseZ3 >> ProbeK3
Equ X1>> ProductY1 >> PhaseZ1 >> ProbeK1
Equ X1>> ProductY5 >> PhaseZ1 >> ProbeK9
Equ X1>> ProductY1 >> PhaseZ2 >> ProbeK5
Equ X2>> ProductY2 >> PhaseZ4 >> ProbeK3
Equ X2>> ProductY3 >> PhaseZ1 >> ProbeK5

Power BI control tower
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Process Signals Comparison

Anomalies DiagnosisSIMULATED DATA FOR PRESENTATION ONLY



Actual Implementation Status

PROCESS MANUFACTURING

DISCRETE MANUFACTURING

UTILITIES GENERATION
& DISTRIBUTION

AUTOMATED WAREHOUSE

PACKAGING

The Processes The Digital Capabilities The Business Values

Fault Diagnosis

Components Anomalies Detection

Alarm Anomalies Detection

Variability Analysis

+15% Capacity Increase
on Early Stages Processes

+20% Availability Uptime
on Mature Processes

-15% Workload Reduction
of Industrial Engineers



Key Take Aways

Leverage Seeq to:

• Historian data ingestion

• Process data segmentation
Define conditions to segment the data into phases. Data Lab gives the possibility to automate 
this step.

• Process features computing
Timeseries Euclidean distance can be calculated directly in Seeq

• Time series data visualization
Seeq Asset with predefined plot help the user to visualize the raw data and integrate with more 
variables and information

• Easy scalability
Seeq Data Lab and Seeq API for Python allow easy replication of the same approach on 
multiple assets


