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R efineries worldwide have been converting from 
manual operations and analogue instrumentation to 
automatic and digital operations for decades. This 
process has largely been completed for real-time 

control and monitoring, often by installing a distributed 
control system (DCS). But data analytics often lags behind, 
with many refineries still using manual methods to collect 
and analyse data.

This article will focus on how refineries can convert 
manual data analysis to an automated digital process by 
using advanced technologies such as artificial intelligence 
(AI) and machine learning (ML). Results from these analyses 
can be used to improve quality, increase throughput, 
decrease downtime, and optimise maintenance.

Digital data analytics projects usually start with a 
feasibility study, which typically takes a few weeks and 
includes the following tasks in this order:
n Identify the issues and develop a hypothesis 

for the root cause of each issue.
n Identify the available process data.
n Execute a trial of process data analytics 

using AI and ML technologies to solve 
the issues identified in step one.

n Determine the scope of the 
project with estimated costs 
and duration.
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The feasibility study typically identifies two categories of 
projects. The first is predictive maintenance for early 
detection of equipment failure, and the second is root cause 
analysis to identify what factors affect process inefficiencies 
and suggest improvements.

Predictive maintenance methods
There are various methods available for performing predictive 
maintenance by analysing digital data. This article will describe 
methods typically used by Yokogawa, some of which are 
proprietary, and others which are generic and used by other 
automation system vendors.

Figure 1 depicts an example of a system configuration. Data 
is collected from sensors by an edge computer in this 
example, although sensor data could also be collected by an 
asset management or similar system. In either case, data is 
then stored in a database and sent to another system for 
analysis.

As depicted in the bottom right of Figure 1, this system 
configuration uses the Mahalanobis Taguchi Method (MTM) 
and ML algorithms for predictive analysis. The models in MTM 
and the ML algorithms are generated by offline process data 
analytics software, which imports, displays, and analyses 
historical process data. 

Displays of overlay, scatter, and stratifying plots can be 
used to see the difference between normal and abnormal 
data, and these differences are often precursors to equipment 
failure (Figure 2). 

MTM vs ML
Many of the differences leading to failures cannot be easily 
detected through simple visual examination, but instead 
require automated and digital detection methods, such as 
MTM and ML.

MTM is a pattern recognition technology used for analysis 
of process data. A normal operating space is calculated using a 
correlation matrix of data collected during normal operations. 
The distance or difference between the ongoing process data 
and the normal space is determined using a matrix calculation, 
and this difference shows the degree of abnormality in the 
process. In the case of asset data, MTM shows the degree of 
asset abnormality, the precursor to equipment failure.

ML can also be applied for predictive maintenance, but 
this method first requires the selection of algorithms 
especially tuned for process data analytics, typically provided 
by an automation systems vendor. These algorithms are 
supplied with datasets from normal and ongoing operations, 
and the ML algorithms use a classifier to detect abnormalities. 
Ideally, the classifier predicts signs of asset failure. 

Typical ML algorithms include:
 n Algorithm using process data to resolve complex issues 

such as cavitation detection, root cause of motor 
malfunction, or clogged pipe detection.

 n Algorithm for simple issues requiring high accuracy and 
processing speed, such as quality variation estimation.

 n Algorithm for issues with bad data.
 n Algorithm for analysing only good data when there is no 

bad data and no requirement for fast processing speeds, 
such as compressor failure analysis.

 n Algorithm for handling 24-hour periodicity data such as 
temperature, which can be used for deterioration 
detection of pH sensors and other purposes.

MTM and ML results are typically sent to the edge 
computer, which has software designed to analyse the 
historical trend data and these types of results (Figure 3). 

Figure 2. Different types of plots depict the 
difference between normal and abnormal data, useful 
for predicting equipment failure.

Figure 1. This system configuration is for a typical 
refinery, with the sensor data collected by an 
automation system and used for analysis.

Figure 3. A Mahalanobis distance or difference, or 
a machine learning output, can be used to detect 
equipment abnormalities.
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Historical trend data is automatically displayed on the edge 
computer screens. Overlay plots of several periods of data, 
scatter plots of cause and effect data, and stratified plots are 
easily displayed by simple interactive operations.

The edge computer should also include an intuitive and 
easy-to-understand display of MTM and ML analysis results. 
This is critical because the raw results are not always clear and 
can be difficult to understand without interpretation by the 
edge computer. 

MTM and ML can be used separately or in conjunction, 
with each method having advantages and drawbacks. 

MTM clearly classifies normal and abnormal operations 
by using rules to detect the difference between abnormal 
and normal operations. Required computing resources are 
minimal because the algorithms are relatively simple. But the 
selection of feature values is critical, and large and 
homogenous datasets gathered from normal operations are 
required. Feature values are used to reduce the amount of 
input data. For example, if there are 100 samples of 
continuous data, in some cases average and standard 
deviation values can be used to represent these data as an 
input to MTM. Typical applications are product quality and 
equipment health checks.

ML is very versatile for analysing unknown datasets, and 
it is applicable to nonlinear problems and a wide range of 
issues. Unlike MTM, ML requires the selection of specific 
algorithms in advance, depending on the process and 
specific issues. ML requires extensive computing resources 
and the results require interpretation. Typical applications 
include pattern recognition and failure detection. 

Root cause analysis for quality issues
Root cause analysis can be used to detect process 
parameters causing inefficiencies. Quality variation is one 
example, where there is often an underlying trade-off 

between product quality and productivity. And even where 
this trade-off does not exist, it is very common to have 
quality variations and resulting out-of-spec products. In 
many cases where quality varies, process conditions are 
quite similar, making it difficult to determine the root 
cause.

Generally, root causes can be identified by combining 
two analytic approaches. The first approach is to 
investigate the correlation between quality and each 
possible process parameter in a step-by-step fashion 
(Figure 4). But with this approach, it is often not easy to find 
clear correlation when plotting the quality variable against 
process parameters at each step of the production process. 

One common method to address this issue is classifying 
the quality variable into three or more classes according to 
process conditions as shown at the bottom of Figure 4, and 
then plotting the quality variable when corresponding 
process conditions are nearly fixed within a certain range. 
This technique is a type of hypothesis testing using a 
stratified classification approach, and it is often very useful 
for discovering and finding the desired correlations.

The second approach is exhaustive correlation analysis 
and uses a regression model for estimation of quality 
variables based on process parameters selected as 
candidates for root causes of quality variation. Whether 
the created regression model is linear, or non-linear based 
on neural networks, the influence of each process 
parameter on quality – also often referred to as 
contribution of each factor – can be inferred by analysing 
the regression model.

Since the contributing process parameters are often 
selected using process or domain knowledge, it is 
reasonable to first investigate the relationship among 
process parameters through scatter plots, and then use ML 
techniques to estimate the contribution of each selected 

process parameter. 
The stratified 

classification approach 
– where relevant process 
parameters are first 
selected based on 
process knowledge, with 
the contribution of each 
analysed – is called 
hypothetical stratified 
analysis. 

The second approach, 
in which a regression 
model is first developed 
using all relevant 
parameters and then 
analysed using the 
contribution of each 
parameter, is called 
exhaustive correlation 
analysis. Typically, the 
most effective way to 
analyse process data is by 
using both of these 
approaches.

Figure 4. This root cause analysis method looks at the correlation between quality and 
each possible process parameter in a step-by-step fashion.
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Root cause analysis for 
equipment/process anomalies
Common equipment and process anomalies include 
compressor fouling, leakage from tanks and pipes due to 
corrosion, contamination caused by corrosion particles, 
device clogging as a result of formation of undesired 
polymer substances, and many others.

Using exhaustive correlation analysis, data which 
represents good and bad process or operating conditions is 
first collected. The collected data is then used to train an 
ML model, and then the contributions of each parameter to 
the anomaly can be estimated from sensitivity analysis 
performed on the created model. However, the data 
available for anomaly detection is often insufficient, which 
makes it difficult to find correlation in scatter plots or to 
create a classifier model using ML techniques. 

In such cases, the stratified classification approach using 
hierarchical clustering is more effective. Clustering is an 
unsupervised approach, where data does not require 
labelling or classification, allowing classification of data into 
an arbitrary number of clusters (Figure 5). 

By doing so, one may propose that a cluster containing 
some anomaly data is more likely to represent the causative 
bad process or operating conditions, and then analyse that 
cluster for better understanding of the root causes. 

The following three examples illustrate how these 
techniques can be used to solve common refinery 
problems.

Corrosion root cause analysis
Corrosion can occur when moisture is generated in the 
acidic vapour region of a pipe or tray around the top of a 
crude distillation main tower unit, with chloride and sulfur 
compounds the main contributing constituents. 

In one refinery, the amount of these compounds was 
reduced, and the temperature was controlled to remain 
higher than the dew point in an effort to reduce corrosion, 
but it still occurred frequently, requiring repairs. 

The process data with and without the occurrence of 
corrosion was analysed to find the root cause of corrosion. 
As a result, some of the operations were found to be 
different than expected. Specifically, the data showed that 
slight differences regarding introduction of neutraliser, 
temperature control at the topper, and desalter operation 
was causing corrosion. Adjusting these values eliminated the 
corrosion. 

Similar analyses are effective in finding the root cause of 
fouling in distillation towers or clogging by unexpected 
polymerisation in heat exchangers.

Catalyst deterioration root cause 
analysis
Catalyst deterioration in the hydrocracker unit and the fluid 
catalytic cracker unit in refineries is a common issue in 
reaction processes. The reactor temperature should be 
increased to keep the reaction constant through the life of 
the catalyst, but temperature increases should be minimised 
to reduce catalyst damage and maximise catalyst lifetime. 

Catalyst deterioration root cause analysis and prediction 
are required to maximise catalyst lifetime. Optimal 
operating conditions with different heat balances must be 
found according to catalyst deterioration. Process data 
analytics approaches including MTM and ML are deployed 
to solve these issues. 

Similar performance degradation can occur in the fired 
heater furnace, and this issue can be addressed by analysing 
furnace heat efficiency degradation.

Predicting product properties
Another common refinery issue is optimising crude 
switching and blend control, for example when gasoline is 
created by blending intermediate products. The prediction 
of gasoline properties from the laboratory analysis data of 
intermediate products is therefore very critical. ML models 
can be used to predict gasoline properties such as density, 
final boiling point, octane number, etc. by using historical 
data collected from laboratory analysis data.

Conclusion
Recently, combining rigorous simulation and ML approaches 
is attracting attention. 

The first approach is generating learning data for an ML 
model by process simulation. This takes a long time for data 
generation by process simulation and learning with an ML 
model, but after the ML model is established, the 
calculation speed to predict the process output by the 
model is much faster than with a process simulator. Once 
created, the model is available for many kinds of 
applications like prediction, early detection of process 
abnormality, and process optimisation.

The second approach is to use rigorous process 
simulation to confirm the root cause of issues identified by 
MTM or ML. With this approach, MTM and ML are used to 
find abnormalities and root cause candidates, but it can be 
difficult to interpret and understand the reason why the 
candidates were selected by MTM and ML. Rigorous process 
simulation can be used to address this issue, and to find 
root causes and recommended changes to operations. 

Figure 5. The analysis approach illustrated in this 
figure uses clustering to classify data.


