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Industry 1.0 Water and steam power, mechanization     1800 -

Industry 2.0 Electricity, mass production                        1900 -

Industry 3.0 Automation and information technology    1970 -

Industry 4.0 Cyber-physical systems, big data           2011- now



Considered the Father of Statistical 
Quality Control

Western Electric employee

Stressed the importance of 
considering the time order of data.

His Plan/Do/Check/Act cycle was a 
precursor to Six Sigma DMAIC 
process.

Walter A. Shewhart 1891 – 1967



The first control chart 
June 6,  1924



6Illustrative Control Chart



7
Histogram of Quality Measure with Specification Limits



Process Monitoring

Phase I – Historical baseline time series data are used to
characterize and understand process variation and
improve the process.

A model is fitted to data and the in-control parameters
estimated.
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Jones-Farmer LA, Woodall WH, Steiner SH, and 
Champ CW. 2014. An Overview of Phase I Analysis 
for Process Improvement and Monitoring. Journal 
of Quality Technology 46(3), 265-280. 
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Phase II – Data are collected sequentially and changes from
the baseline model are to be detected.

Figure 2: Shewhart X-bar and R charts



The basic Shewhart X-bar chart allows only one component of 
variation. Sometimes we need a three-way chart.
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Sometimes we need to incorporate 
an influential covariate.
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Profile Monitoring
If we have enough data, we can monitor the 
function itself over time.  
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Brill RV (2001). “A Case Study for Control Charting a Product Quality 
Measure That is a Continuous Function Over Time”. Presentation at the 
45th Annual Fall Technical Conference, Toronto, Ontario. 
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Profile Monitoring
Example:  Semiconductor Manufacturing (from Vivek Ajmani)
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Linear Profile Data Framework
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Example: Board Vertical Density Profile Data from 
Walker and Wright (JQT, 2002)

We have 24 profiles of vertical density, each  profile consists of 
n =314 measurements. 
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Example:  Another density profile
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Example:  Dose-Response Profile of a Drug 
(DuPont)
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Many assignable causes produce

effects that are real, but small and

unimportant. In fact, it is often

completely uneconomical to detect

these effects, much less worry about

how to correct them.

Sometimes control charts are too sensitive. As Freund

(1960, IQC) wrote:



Some consequences of false and 
nuisance alarms

With too many such alarms, the monitoring is ignored or
abandoned.

Adjusting a process unnecessarily increases variation.

Investigations of such alarms cost time and money.

One can be distracted from more important problems.
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An I-Chart shown without (left) and with (right) 
plotted specification limits. (Reproduced from Crichton 

and Faltin, Pharmaceutical Engineering, 2018) 
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Solution: Increase width of Shewhart chart limits (an 
acceptance control chart) or increase the reference 
value of a cumulative sum (CUSUM) chart.
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Industry 4.0 is characterized by 

 Use of sensor technology in multistage processes

 High dimensional data (Volume)

 High and varied sampling frequencies (Velocity)

 Use of process and quality data in many forms (Variety)

 Complicated relationships among variables

 Monitoring, diagnosis, root cause determination

 Necessity of AI and machine learning methods 

(see, e.g., processminer.com) 
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Colosimo BM, Jones-Farmer LA, Megahed, FM, Paynabar
K, Ranjan C, and Woodall WH (2024). “Statistical Process
Monitoring from Industry 2.0 to Industry 4.0: Insights into
Research and Practice.” To appear in Technometrics.
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Some other process monitoring applications:

 Public health surveillance

 Monitoring surgical outcomes

 Monitoring shapes and surfaces

 Monitoring social network communications

 Monitoring machine learning algorithms

 Personalized health monitoring
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Conclusions

• SPM methods evolved in order to handle changes in the 
amount and types of available data in Industry 3.0.

• SPM methods will need much more development in 
Industry 4.0. In some cases machine learning and AI will 
be needed. See processminer.com.  

• Academic/industry cooperation is increasingly 
important.


