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Current situation

I Large quality control loops
due to end-of-line quality
inspection

I High resource consumption

I Offline analysis

I Control interventions only
possible with timely delay

Need for continuous moni-
toring and process control
interventions

Goal: Continuous quality control and process adaptation

Quality inspection…Process 2Process 1

Decentralised 
data acquisition

Real-time analysis of 
distributed sensor data

Quality 
information

Ok?

Real-time process control 
intervention based on 

quality prediction
No

►Process chain embedded quality control loops

►Scrap and rework reduction

►Saving of time, energy and money

►…

Distributed data analysis Sensor data processing for quality prediction

Aggregation and feature extraction from time series

Segmentation of value series and encoding of descriptive statistics 

Prediction of failure types Steel block quality prediction

Ultrasonic spectra for quality testing
Hot rolling mill process

► Aggregation from 60.000 features to 
2.170 features

► Detection of important patterns in 
production processes

[Stolpe, Blom, Morik, CS 2016]

Training of Local Models from Counts (TLMC)

Learning from Label 
Proportions (LLP)

Distributed learning

Distributed Learning of Local Models
[Liebig, Stolpe, Morik, MUD2 2015]

Step 1: 
Cluster Samples 
regardless of class 
affiliation 
Step 2: 
Minimise MSE

[Stolpe, Morik, ECML 2011]

Production process control strategies

Process parameter adaption Customer-requirement-oriented
process control

Adaptive process control

… …

Quality testing

𝑃𝑖

Orders

Data analysis

Quality
prediction

Optimisation
model

Assignment

Order release Order fulfillment

𝐴𝑗

ScrapReplacement order

OK?

Customer order

Desired
delivery date

Quality
requirements

(PCO-AP)
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𝑗∈𝐽

𝑥𝑖𝑗 = 1 f.a. 𝑖 ∈ 𝐼

 

𝑖∈𝐼

𝑥𝑖𝑗 = 1 f.a. j ∈ 𝐽

𝑥𝑖𝑗 ≥ 0 f.a. 𝑖 ∈ 𝐼, f.a. j ∈ 𝐽

Solve PCO-AP

Process simulation

Quality prediction

► Assignment of intermediate products to customer 
orders based on quality predictions
[Schmitt, Wiegand, Deuse, ZWF 2018]   [Schmitt, Hahn, Deuse, TecRep 2018]
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No of adaptable processes

Process
Internal variables (state, etc.)

Historic 
Data

Data Analytics

Process
Internal variables (state, etc.)

Controller

Inputs

(manipulated)

Disturbances
(non-manipulated Inputs)

Control Objectives

Sensor Outputs

Controller

Prediction 
Model

Decision
Support

Similarity 
Search

Decision Support
Decision

 Continue processing

 Adapt process 

parameters

 Reassign order

 Reject product

Quality Prediction Process Control

Constrained optimisation model
min 𝑓(𝑥) s.t. 𝑔(𝑥) ≤ 0, ℎ 𝑥 = 0
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Customer
requirements

Process
configuration

Order
backlog

Objectives

Input data
Prediction 

Model
Label

Process Monitoring
FIFO FIFO FIFO

935223 421000 234200

935223 1 1

935223 1 1

935223 1 1

936741 1 1

936741 1 1

420990 234200 93674103

421000 234200 93522201

421000 234200 93522202

421000 234200 93522203

701310 654821 94013601

419230 855000 93250701

► Integrated adaptive process control framework for 
optimal decision support

[Wiegand, Stolpe, Deuse, Morik, AT 2016]

► Real-time process parameter adaption utilising
quality prediction models and similarity-search 
algorithms [Schmitt, Deuse, IEEM 2018]

Application framework

Results

Concept

Realisation

1 2 3 4

Heating
furnace

Block
roll

Finishing
roll 1

Finishing
roll 2

Cutting
Ultrasonic

tests

Method SVM RBF Random Forest

Raw time series 
(TS)

50,10% 50,11%

Extracted features 77,04% 77,22%

Meta-features + 
raw TS

70,16% 81,41%
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[Stolpe, Blom, Morik, CS 2016]

Neighbouring predictions for
label at j send at time t+r,
based on local sensor
measurements & locally
trained models

Improved privacy and
communication by transfer of
label counts per batch to
neighbours only

D(j) with measurement window from node j

0 … P-1 P Label

x1(j) 3 … 60 7 High

x2(j) 2 … 20 4 High

xc(j) 1 … 15 2 Low

b

q j,Low=1
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Results

Results


