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PROCESS CONTROL IS A KEY TO MANUFACTURING OPERATIONS, AND 
continuous improvement in process control is a key to 
success. But sometimes, the options for process 
improvement are not clear; and when challenges arise, it’s 
not always easy to tell how they relate to specific 
remedies in process control. As we move into an era of 
intelligent manufacturing, however, data analytics is 
emerging as a powerful tool to solve these problems.  

What is it? 

Data analytics seeks to provide insights into data that 
allow for improved decision making. In a process control 
application it does this by looking for patterns that relate 
process conditions and control parameters to measurable 
manufacturing outcomes. By modeling these cause-and-
effect relationships, data analytics can be used as a 
predictive tool, forecasting the impacts of changing 
process parameters. These models can help companies 
better understand and proactively exploit relationships 
between process control parameters and outcomes.  

All of this helps manufacturers see performance trends 
and understand where a process is, but more importantly, 
where it’s going. This information can be used to adjust 
parameters before problems arise, improving outcomes 
toward a specific business goal. And while manufacturing 
has conventionally relied on the intuition of experienced 
operators for this kind of insight, data analytics reveals 
such insights more quickly, and provides more confidence 
in the expected results. 

How does it Work? 
Every process creates data. When a part is machined, for 
example, the tool moves at a certain speed, the machine 
provides a certain level of power, and coolant, work-
piece, and tooling temperatures react to the created heat. 
The produced part also has measurable quality attributes. 

Data analytics works by capturing (i.e. measuring) as 
much of that information as possible, finding patterns 
within it, correlating patterns to control parameters, and 
identifying relationships between those parameters and 
the process outcomes.  

The first step is capturing the available information. Most 
control parameters, and many process outcomes, are 
already measured. In this sense, many manufacturers 
may not realize how much data they already have, and 
can probably do more with data that already exists. 
Many machines, for example come equipped with 
integrated sensors that often go underutilized. Similarly, 
most manufacturing processes capture data on defects 
that can be related to the available process data to 
understand connections. Even data sources like your ERP 
or building control system can provide data that might be 
related to operational and energy efficiency.  

Starting small (a single high-value machine or process) can 
help you understand the technical challenges and costs of 
analytics, as well as illustrate the business value of a larger 
application. This can also help you develop a technical 
blueprint and inform an implementation strategy to 
expand your analytics capability system-wide. As you 
approach a particular machine or process, it’s critical to 
understand what data you already have, and what 
additional data might still be needed to provide insight. 
If more data is needed, rapid advancements in sensing 
and metering technologies are making it easier and more 
cost effective to collect it, even on legacy machines. 

The second step is recognizing and modeling patterns in 
the data. Old fashioned empirical observation can reveal 
obvious patterns and, coupled with engineering and 
operational system knowledge, can guide data analytics 
development. A wide variety of different analytics tools 
and approaches—often rooted in statistical algorithms—
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can then be applied to draw insight from data. Here, 
having someone familiar with the available methods and 
tools can be a key to project success. It’s also critical to 
understand that robust models and reliable insights can 
only come from large amounts of data. This means that 
analytics requires modeling processes within the typical 
range of performance limits in order to “train” the 
algorithm about how a process should work. That data 
must be supplemented by real-world event data that 
illustrates what it looks like when something falls outside 
of the defined limits. For example, modeled process data 
may use a set of measured (real-world) conditions and 
quality defect incidence data to learn the causal 
relationships between defects and control variables. 

The final step is deploying the model to support decision-
making. What does this look like? It could be simulating 
the effects of potential process changes on performance, 
and then implementing a change to improve it. Or, it may 
be real-time warnings of impending problems developing 
within a process, allowing managers to schedule proactive 
maintenance. In cases like these, the outputs from an 
analytics system provide insights that require action by 
appropriate decision makers. In some other cases, data 
analytics might signal significant economic or safety 
threats (such as a major machine failure), meaning it could 
make sense to automate a responsive action (for example, 
an automated system shutdown). Of course, automating 
actions, and pushing into the territory of artificial 
intelligence, requires a great deal of confidence in 
analytics models. Thankfully, as new data and events are 
generated over time, analytics algorithms will “learn” 
from them, increasing the accuracy of models, meaning 
manufacturers can be more certain about the insights and 
impacts of potential actions.  

Why does it Matter to Me? 
While many still see data analytics as a “digital” or “smart” 
manufacturing capability beyond the reach of ordinary 
manufacturers, the technologies are already available, 
and rapidly advancing. Commercially-available off-the-
shelf systems like Amazon Web Services, Microsoft Azure, 
and Google Cloud make data storage, processing, analysis, 
and visibility simple and accessible worldwide. Likewise, 
GE’s Predix provides an analytics platform with potential 

to integrate business and engineering models for decision 
making. With many pieces of the data analytics pipeline 
already available, the specialized talent required and cost 
burden of integrating analytics systems are greatly 
reduced. And while some cost considerations remain, 
three key benefits make the investment worthwhile: 

First, data analytics can improve quality control. By 
offering a greater understanding of the effects that 
process variables have on product quality, data analytics 
can inform manufacturers about what kinds of systemic 
changes are best suited to quality improvement. Similarly, 
data analytics can help monitor the performance of a 
machine or process as a whole, and predict how gradual 
trends in deterioration—that might not be otherwise be 
noticed—will affect product quality in the future. 

Second, data analytics can help in problem solving where 
a cause might otherwise be difficult to identify. By 
providing the analytics system with examples of events 
that that you would like to prevent, the data analytics 
algorithms can “learn” the cause-and-effect relationships 
in the data that lead to the event.  

And finally, data analytics can reveal ways to improve 
system performance. Whether by tracking energy to 
reduce total consumption; analyzing system-wide job 
planning to reduce peak power demand; or simply 
identifying process parameters where adjustments can 
reduce material scrap and potential rework, data analytics 
can help manufacturers save money and reduce 
environmental impacts on the floor as well as in the field.  

How can I get Started? 
For most companies, the key is to start small; a single 
machine or process can help illustrate how the technology 
works, and its business value. In terms of technology, 
many powerful tools are available from open-source 
resources to support development. Raw data analysis 
tools like Python and R, as well as machine learning and 
programming software like Amazon Machine Learning, 
and TensorFlow (the same technologies used internally by 
Amazon and Google, respectively) are open-source and 
widely compatible. In fact, COE-ASM uses technologies 
like these to prototype new systems; but they are also 
broadly scalable within your manufacturing operation.  
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