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A B S T R A C T   

Industries that are in transition to Industry 4.0 often face challenges in applying data-driven methods to improve 
performance. While ample methods are available in literature, knowledge on how to select and apply them is 
scarce. This study aims to address this gap reported on the design and implementation of data-driven models for 
predictive maintenance at TATA Steel, Shotton. The objective of the project is to predict the wearing behaviour 
of the components in the steel production line for maintenance activity decision support. To achieve the pre-
dictive maintenance goal, the approach applied can be summarized as follows: 1. business understanding and 
data collection, 2. literature review, 3. data preparation and exploration, 4. modelling and result analysis and 5. 
conclusion and recommendation. The data-driven methods that were analysed and compared are: Partial Least 
Squares Regression (PLSR), Artificial Neu- ral Network (ANN) and Random Forest(RF). After cleaning and 
analysing the production line data, predictive maintenance with the current available data in TATA Steel, 
Shotton is best feasible with PLSR. The study further concludes that, predictive maintenance is likely to be 
feasible in similar industries that are in transition to industry 4.0 and have growing volumes of production data 
with varying quality and detail. However, as illustrated in this case study, careful understanding of the industrial 
process, thorough modeling and cleaning of the data as well as careful method selection and tuning are required. 
Moreover, the resulting model needs to be packaged in a user friendly way to find its way to the job floor.   

1. Introduction 

Industry 4.0, also referred to as Smart Industry, includes smart 
manufacturing, smart factory, lights-out manufacturing and Internet of 
Things (IoT) (Sniderman, Mahto, & Cotteleer, 2016). The essential idea 
of industry 4.0 is to apply automation, connectivity and big data ex-
change in manufacturing processes. In smart industry applications, 
automation is not limited to production but also includes automating 
decision making. One of the application areas is predictive maintenance. 
While various studies have discussed the potential of using big data, 
such as sensor data, on improving predictive maintenance, actual in-
dustry applications and reported experiences are scarce. In this study we 
aim at filling this gap, reporting on the design and implementation of a 
data-driven model and a software application of the model for predictive 
maintenance of rotating metal bush at Tata Steel, Shotton, UK. 

The prediction of rotating metal-to-metal contact wear is one of the 
critical areas 15 in predictive maintenance, as rotating mechanical 

components such as bearing and bush are widely implemented in ma-
chines and failures of these components cause down time of machinery 
and the entire production line. Existing prognostic methods can be 
classified into three categories: “Model-based prognostics”, “data-driven 
prognostics” and “Reliability-based prognostics” (Tobon-Mejia, Med-
jaher, Zerhouni, & Tripot, 2012). “Model-based prognostics” requires 
deep knowledge of system functions. Mathematical models are built to 
represent the system behaviour including component degradation pro-
cess. However, systems are often com- plex in reality, thus mathematical 
modelling is computationally expensive and various assumptions need 
to be made while building models. Reliability based 25 prognostics can 
also be referred to as “experience-based prognostics” which uses his-
torical data during a significant period of time and discover the statis-
tical distribution of each parameter. Poisson, exponential, weibull and 
log-normal distribution have been proposed in the literature for fail-
ure time distribution. This approach is easy to implement when histor-
ical data from a significant period of time is available. However, the 
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prediction result is generally less precise than results from model-based 
and data-driven methods. “Data-driven prognostics” aim at getting in-
formation from the raw data that is mainly from sensors. It typically uses 
artificial intelligence or statistical models to learn the wearing behav-
iour and to predict the condition in the future. A system based on a 35 
data-driven model operates automatically without considering the 
explanatory power to the real system or parameters. Although data- 
driven methods are not computational expensive, they generally still 
provide good prediction results for systems where it is easy to monitor 
data representing wearing behaviour or system failure. However, critical 
data such as those related to failure are often 40 missing in industry 
since failure has been prevented in every way possible, due to the huge 
cost of down time (Zschech, Heinrich, Bink, & Neufeld, 2019). Think for 
example of preventive periodical replacement components, a often 
expensive way to prevent failure. This project conducts a data-driven 
bush wear prediction based on data from the steel production line in 
Tata steel Shotton (UK). A critical part of the production line is main-
tained by replacing the component every four weeks, which leads to the 
fact that barely any failures occur. As the bush operates in a melted zinc 
pot and there are currently no sensors connected to it, the remaining 
width of the bush is measured every four weeks, thus the wearing data is 
only avail- able at the end of each maintenance cycle. For simplicity 
reasons, cycle will be used in the rest of this paper refer to maintenance 
cycle. Although this study is conducted at TATA Steel and addresses its 
bush wear case, we believe that the approach can be extended to many 
other similar environments, where data increasingly becomes available 
from production systems and maintenance operations, but may still be 
lacking for parts of the production or maintenance process. In such 
cases, data is usually varying in volume and complexity, and extensive 
historical data are missing, as several production components still lack 
near real-time sensing capabilities. 

This study aims at contributing in three ways to literature and 
practice: 

1. We demonstrate the use of data-driven models for predictive 
maintenance in 60 a steel industry context and in that way contribute to 
bridging the gap in the current state of the art and the theory for industry 
in transition to industry 4.0. 2. We demonstrate how to predict the 
bearing wear up to an 90% accuracy in Tata Steel UK while vibration 
data are not available and wearing measures are limited. The Partial 
Least Squares Regression (PLSR) model used for bearing 65 wear pre-
diction can be well generalized to situations when data are at high 
dimension but limited sample size. 

3. We propose a method for data processing in a real-world industry 
context when production data are large in volume and varying in detail 
and accuracy. We discuss generalizability of our findings to businesses in 
transformation to the digital era, where the infrastructure of data log-
ging, integration and analytic are not fully developed. 

The structure of this paper is as follows: Section 2 presents the 
approach and research design, Section 3 presents a literature review of 
the current state of the art. Section 4 describes the current situation at 
Tata Steel and the data collection process. Section 5 explains the data 
preparation steps and Section 6 gives the modelling process and results, 
which are further discussed in Section 7. The software tool development 
is presented in Section 8 and we conclude the paper in Section 9. 

2. Research design and approach 

The main research question has been set as: ‘How can data-driven 
methods be applied to predictive maintenance in industries that aim 
to benefit from industry 4.0 applications?’ 

To answer this main research question, we follow the approach 
shown in (Fig. 1) The research methods deployed include on-site in-
terviews, data collection and production line inspection to achieve 
Business Understanding, Literature Re- view, Data Preparation and 
Exploration, Modelling and Result Analysis. Each sub-question is 
answered in each subsequent section. Our approach follows an agile way 

of working, where we always go back to the previous steps when 
problems appear to the current step or additional information leads to 
reconsider earlier steps in the process.Fig. 1 

3. Literature review 

As the goal of this project is mainly to investigate the use of data- 
driven methods to predict wearing condition, we conducted a litera-
ture review to explore the cause of mechanical degradation and into 
methods to predict degradation, especially metal to metal contact wear. 
In (Cubillo, Perinpanayagam, & Esperon-Miguez, 2016), metal–metal 
contact wearing is classified into two stages: adhesive wear and fatigue 
wear. Adhesive wear is due to surface contact that leads to material 
transfer or loss from surface (Bayer, 2004). Fatigue wear, however, 
generates surface cracks that result in severe damage after a critical 
number of cycles. Adhesive wear can be modelled with Archard’s law as 

Fig. 1. Research approach.  
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follows: 

Volume[wear] = K ∗ Load* Sliding Distance/(3*Material Hardness) (1)  

where K is the wear coefficient that can be adjusted to fit more complex 
wear models. Methods for predictive maintenance in terms of wearing 
condition can be generally classified into three categories (Tobon-Mejia 
et al., 2012), namely mathematical model based methods, experience 
based methods and data-driven meth- ods. Mathematical modelling 
based methods produce good results, but require deep knowledge on 
system functions, which is a viewed as a disadvantage as this is often 
hard to obtain. Experienced based methods make decisions based on 
empirical events and often produce poor prediction results. Data-driven 
methods investigate the problem mainly from a data perspective. Ma-
chine learning is often used to learn the data patterns. Predictive 
maintenance using data-driven methods requires failure data as target 
variables and featured variables to de- scribe input data (Gouriveau, 
Ramasso, & Zerhouni, 2013). However, failure data is often not avail-
able in industries as down times are prevented at nearly any cost because 
of high down time cost. Artificial neural networks, support vector ma-
chines and random forest are the most implemented data-driven 
methods. In addition, hidden Markov models (HMM) with strict data 
structures and reliable computing performance have also drawn much 
attention. In recent years, many researchers have applied HMM in tool 
condition monitoring and achieved good results (Liao, Gao, Lu, & Lv, 
2016). Some recent papers are taken into consideration (Zhang, Zhang, 
Wang, & Habetler, 2019, Yang, Yin, Chang, Gao, & Yang, 2020, 
Schwendemann, 2021, Ding, Yang, Cheng, & Yang, 2021, Yang, Lei, Jia, 
& Xing, 2019). These work are on bearings with more state of the art 
methods (variants of NN such as RNN, CNN, FTNN.) However, the data 
used for wearing prediction are mostly experimental ones, which means 
machines are set up and run to failure for a number of times and data are 
collected from the sensors installed on the machine. In this way, critical 
parameters are fully obtained. Unlike these papers our contributions 
mainly lies in practice. We are aiming at solving existing problems. Such 
ideal data sets are hard to get in real industry. A limited number of 
studies have concentrated on predictive maintenance with missing la-
bels. Zschech et al. (2019) investigated prognostic model development 
with missing labels. These models first use unsupervised learning, such 
as clustering techniques to create labels and then use supervised 
learning, namely a Recurrent neural network (RNN), to predict future 
labels. In Amruthnath and Gupta (2018a), Amruthnath and Gupta 
(2018b) unsupervised learning has been investigated to detect faults 
early in predictive maintenance on experimental data. T-statistics, k- 
means clustering, c-means clustering and hierarchical clustering are 
implemented and compared. The results confirm that unsupervised 
learning can detect faulty behaviour and the clustering results are 
similar. Langone et al. (2015) propose a least square support vector 
machine(Ls-SVM) framework for maintenance strategy optimization 
based on real-time condition monitoring. It uses both clustering (unsu-
pervised learning) and a supervised leaning method namely nonlinear 
auto-regression (NAR) on, however, different data sets, and conclude 
that supervised learning can achieve better results but is computation- 
ally more expensive. The two methods combined may result in an 
optimised maintenance cost configuration. 

In terms of data processing, statistical features are widely used in 
wear prediction (Zschech et al., 2019). Vibration signals are used as 
indicator of the condition in most of the literature. Some literature use 
current and or frequency (Cipollini, 2018) as it is commonly considered 
available even though not in the case of this paper. Acoustic emission is 
another commonly used variable (He, 2017) which is also not applicable 
in this case Data cleaning and huge data set handling, according to 
(Brown, 2015), should include: data analysis, definition of trans-
formation workflow and mapping rules, schema-related data trans-
formation, verification, transformation and back-flow of cleaned data. 
These steps are provided as the guide for data cleaning to detect errors 

and inconsistencies, transforming data into standard format with the 
least possible manual inspections and verifying the correctness of data 
transformation. Panagiotis (2018) is one of the few works using real life 
data. However, the data used is logged events, different from sensory 
and production data, and in the context of flight failure which is also 
different from the context industrial production settings, like the heavy 
steel industry. 

This paper intends to address several gaps in the current state of art. 
We have not identified any approaches for data cleaning in the literature 
regarding predictive maintenance. Thus, we briefly describe our 
approach in handling a large data set in this paper. Moreover, we report 
on the feasibility of using alternative variables when either failure data 
or condition indicator variables are available. Finally, we focus on 
capturing the heavy industrial context where complex process are 
involved and further investigate how to develop data-driven models in a 
real heavy industry or manufacturing setting. This work has proven the 
feasibility of component condition monitoring which contributes to 
maintenance practice of heavy industry of over-maintaining their assets 
so creates cost savings. Different from most of the literature, we address 
the challenges faced by industries, aiming to apply industry 4.0 concepts 
while essential data may be missing and data may lack consistent 
quality. 

4. Maintenance decisions at Tata steel Shotton 

Till the start of this project, maintenance decisions have been made 
based on experience by the engineers in Tata Steel, Shotton. Specifically, 
the current maintenance cycle of the pot gear (Fig. 2) is approximately 
four weeks where no other faults occur such as strip break. At the end of 
every four weeks, the line is shut down and the pot gear is replaced, even 
if there has not been any failure. Engineers have been trying out larger 
bush diameters to prolong the maintenance cycle (the time interval of 
replacing the pot gear). 

To collect data on the wear from different perspectives, we extracted 
data from in total four separate production systems/sources. The four 
data sources 185 are: The Set-up sheet, the Data warehouse and two 
sensor-based data sources for system tracking. The set-up sheetA.16 
records data regarding component properties such as roll diameter, roll 
condition before the rolls are put into the zinc bath and the bush con-
dition before and after each maintenance cycle. Bush wear data is logged 
after each maintenance cycle approximately every 4 weeks (data was 
registered starting from 15-05-2019). The data in the set up sheet are 
logged manually originally in paper and made digitally during this 
work. Human measurement errors are hard to avoid and are considered 
when further analysing the data. In our paper, our primary goal is not to 
propose a novel approach that proves to perform well in comparison to 
ones in the literature. Instead, our goal is to predict the wear of the 
bearing that is sunk in a zinc pot considering its special features and 
show that this provides useful information. These special features 
depend on the structure of the bearing which also differs from the 
normal bearing. No sensors are connected to the bearing which cannot 
be seen and heard either. The only way to maintain the bearing condi-
tion is to replace it every 4 weeks without predictions. Based on the 
current practice, our proposed method can provide big improvement as 
in to monitor the wear to avoid over-maintenance. This is applicable in 
every galvanizing line in steel industry where coating is involved. 

The Data warehouse records mainly procurement-related dataA.17, 
such as the product that the customer ordered, the product delivered, 
the team ID and batch ID etc. Data are logged approximately every half 
hour. The data from different interfaces to the data warehouse are not all 
logged at the same time point. Some parameters such as ‘coil width’ 
appear repetitively, but can’t be interpreted logically. For example, the 
finished coil width is supposed to be narrower than the ordered and 
received coil width, but they are logged larger. Such phenomena, to a 
certain extent, reflect the poor data quality in the data warehouse. Two 
sensor-based data sources (IBA EMASS system) are logging process- 
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related parameters in a much higher frequency (more than one obser-
vations per second in EMASS and more than one observation per minute 
in IBA) see appendixA.19 and A.18. 

We used the statistical software package “R” for data reading, 
cleaning and integration because R is capable of handling the large data 
size of the data from the sensor systems. Other tools we tried with the 
data sets, such as OpenRefine, could not handle the vast volumes of 
sensor data. 

5. Data preparation and exploration 

5.1. Data reading and cleaning 

Four data sources are relevant to support data-driven maintenance 
decisions: IBA, EMASS, the Setup sheet and the data warehouse. Pro-
cessed sample data can be found in Appendix A. In Appendix B lists of 
variables and their explanations are presented for each data source. IBA 
and EMASS are sensor-based data sources whereas the Set-up sheet, the 
data warehouse component and the product related data, are logged 
manually. The data size of IBA and EMASS is much larger than the other 
sources and the data format thus required more time when cleaning the 
data. 

The data cleaning process is more close to data engineering, as the 
cleaning algorithm has to be built based on the specific raw data 
structure and problems will keep on occurring until the data are fully 
structured. It may take a long time only to read the data due to memory 
limit of the system and the software. 

The software used here is R which can read 2 GB to 4 GB data at a 
time with reasonable speed. A maximum of 2 billion indices can be 
stored in memory. It is important to split the file into smaller pieces and 
clean them separately. If the sub-files are still not readable because they 
are over-sized, it is important to run operations before reading the file, 
such as skipping lines while reading to keep the data size fit for the 
software. The IBA data from 17/03/2019 to 13/09/2019 stores 
3,119,156 observations and 687 variables in one single text file. It was 
not feasible to read it as a whole so the text file was split into 10 sub-files 
using R and read again. Based on the suggestions of domain experts, 27 
variables are selected as essential variables. After reducing the variables 
to 27 it becomes feasible to read the whole dataset as the data size is 

reduced. Time to read the data set was reduced to around 15 min. After 
reading the data set, then it is impossible to conduct any further oper-
ations on the data due to lack of memory thus we wrote a script to reduce 
the size of the data set by only read certain rows in data file per day. The 
rows are selected such that the data used cover the whole day. EMASS 
data which is the largest of all stores over 5 million observations per day. 
At some days over 6 billion observations are recorded. The EMASS is 
logging over 200 text files per day and zips them automatically. On the 
system we used, R is able to read a 6-billion observation text file in one 
and half hours but no additional operations could be executed. As the 
data size of one day is already large and as there are thousands of ob-
servations within one minute, the data are read by skipping every 
80–500 rows depending on the data size for that day. 

Set-up sheets and data warehouse are logged manually, thus the 
logging frequency is not as high as that of the sensor-based data. 20,232 
observations were read from the data warehouse using R and the pa-
rameters logged in the setup sheet were manually transferred into Excel 
files.(15–05-2019 to 01–12-2019) Data quality is checked by summari-
zing the data and by comparing the data to the norm values provided by 
the domain expert of Tata steel Shotton. For example when exploring 
tension which is a critical parameter, we have extracted its maximum, 
minimum, mean and median values and compare them with the norm 
value provided by domain expert. We found that data had hardly ever 
been logged within the norm, indicating that the data is generally messy 
with poor quality. 

As this project has the time span of half year and wearing measures 
are recorded since the project started, the data samples that are used in 
modelling are gradually increased as a new sample is becoming avail-
able each time when the pot gear get replaced. Initially, we use 6 sam-
ples to train and cross-validate the model, and eventually expand to 9 
samples to evaluate the model. The feature selection process is done 
together with modelling based on the initial 6 samples. The detailed 
feature selection and modelling process can be found in Section 6. 

In the end, each sample contains normalized features (Table1) and 
the wearing measure of the corresponding maintenance cycle. A sum-
mary process of data reading and processing can be found in Fig. 3. 
Missing values and outliers are deleted and filled with normal value 
(norm of the variable) suggested by the data itself. The way we define 
outliers and norm value is by making a summary of each variable, list 

Fig. 2. Pot gear.  
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the average, maximum and minimum value and then check with domain 
expert to know the normal range for the specific variable. If the value of 
the variable falls far away from the normal range we view it as outlier. 
The norm value of variable is defined based on the knowledge of domain 
expert. Detailed code and operations can be found in Appendix C, D and 
E. Outliers are removed but only when we are sure that it is not the right 
value. 

5.2. Data exploration 

We implement unsupervised learning (hierarchical clustering and K- 
means clustering techniques) to identify abnormalities in the data. 
Validation for unsupervised learning has been done by looking back at 
the events recorded in the shift report. Nearly all dates that have been 
clustered out can be confirmed with either planned or unplanned issues 
that happened. However there are also quite some days with abnormal 
events that have not been clustered out. The main reason is that the data 
set only contains data from one section of the production line and the 
fact that some variables are logged wrongly decreases data quality. If 
data from the whole line can be collected (with good data quality), the 
clustering performance should improve and this provides a new direc-
tion of predictive maintenance project for the future. Moreover, 
advanced unsupervised learning techniques may be worth investigating 
to increase the clustering performance. 

6. Modelling and result analysis 

In this section we select models and apply to the data to predict the 
wear and report on the results with a comparison. We investigate the 
performance of partial least squares regression, artificial neural net-
works and random forest. The reason for choosing neural network and 
random forest is that they are widely used in current state of art and in 
some cases provide good results. Especially, the neural network has 
shown great performance and therefore can be considered as a bench-
mark method. The PLSR rarely appears in predictive maintenance 
context, however, PLSR in theory is suitable for small sample size with 
high dimension and that is the characteristic of our data set after pro-
cessing and cleaning. That is why PLSR is tried out and compared with 
other commonly used methods. These techniques have shown promising 
performance in theoretical settings but far less is known on their per-
formance in actual industry settings with big but fragmented and 
inconsistent data. Data are normalized before being put into models to 
keep different variables comparable. The target variable (maximum 

wear width of the bush) are not normalized. 6.1. Partial Least Squares 
Regression By using the features selected according to the Partial Least 
Squares (PLS) theory (sliding distance and force related variables), we 
use ”Leave One Out” cross validation to evaluate the performance of 
Partial Least Squared Regression (PLSR) model. Every time we run the 
model we will use a different maintenance cycle of the bush as test 
sample and the rest of the cycles as training ones. This is to make sure the 
model has the most variance of samples to learn from (as many training 
samples as possible). As PLSR is an extension of principle component 
regression, the data are projected into lower dimensions as “latent 
variables”. The number of latent variables are called “the number of 
components” during the experiments from now on. The number of 
components has to be chosen before predicting new results. Many 
techniques can be used to choose the most effective number of compo-
nents, here we plot the number of components against Root Mean 
Square Error of Prediction (RMSEP) and choose the most effective 
number of component when the RMSEP is the lowest. The modelling 
process has been first conducted with the initial sample size of 6 RMSEP 
and using different sample as test data. The result can be found in Fig. 4. 
As the prediction error is very similar on the initial six samples. We plot 
a learning curve using 3 additional samples (Fig. 5). Feature set 3 
(Table 1) is selected as it produces the least error in the learning curve. 
The reason we choose RMSE and R squared value as performance indi-
cator is that to evaluate regression models we want to know 395 how 
much the prediction differs from the real value. We use R squared value 
to evaluate the variance of the data set represented by the models which 
will follow in model comparison. One of the advantages of using PLSR is 
that wearing can be found by plotting the correlation plot. As shown in 
one of the representative correlation plot, maximum tension, minimum 

Table 1 
Selected Feature.  

Features 

Total Length 
Scrap Length 
Total Surface 
Mean Tension 
Minimum Tension 
Maximum Tension 
Median Tension 
Skewness Tension 
Kurtosis Tension 
Standard Deviation Tension 
RMS Tension 
Remaining Bush Width Days 
Roll Diameter  

Fig. 3. Data processing.  

Fig. 4. Performance on initial 6 samples PLSR.  
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tension and sink roll diameter are the most influential factors for pre-
diction (Fig. 6). 

6.1. Artificial neural network 

In order to maintain consistency in model comparison, models are 
trained on the features selected. An Artifical Neural Network (ANN) has 
parameters to tune, namely the number of layers, number of nodes on 
each layer, and the initial weight of each neuron. The Default training 
mechanism, when using R, is that the model will stop training when the 
mean squared error is less than 350 0.01. Initial training weights are 
assigned randomly. This causes problems as the prediction result may be 
different every time we run the model. In order to produce consistent 
results, whenever a good prediction result is produced, we will record 
the weight matrix and set it as initial weights and then train the model 
using different training samples and again validate it using the test 355 
sample. A neural network contains an input layer on which the number 
of nodes is equal to the dimension of the data set. In our case the number 
of input layer is 13. The output layer is set with one output node of 1. A 

decision has to be made for the number of nodes on the hidden layer. It is 
suggested by Heaton (2017) that the optimal size of the hidden layer is 
usually between the size of the 360 input and size of the output layers. It 
is also suggested by Heaton (2017) that the situations in which perfor-
mance improves by adding a second (or third, etc.) hidden layer are very 
few. One hidden layer is sufficient for the large majority of problems. 
The number of nodes is decided by using one cycle as test set and adding 
up neurons from 1 to 13, and choosing the number when the prediction 
result is fluctuating around the label of the test sample instead of other 
random values. The structure of the ANN is tuned using Cycle 6 as test 
sample where the real label is 17 and the prediction result is 16.999712. 
We do not change the number of layers and number of nodes on each 
layer anymore for further experiments. The Neural network structure we 
use is 12, meaning disregarding input layer, output layer and bias nodes 
(Blue nodes in Fig. 7) there is 1 hidden layer with 12 nodes. After setting 
the NN structure, we use Leave One Out (LOO) cross validation again to 
select the initial weights by using one cycle as test set and training the 
model on the rest of the samples. The reason why we only use one 
sample as test set is that we want to maximize the number of training 
samples. A similar approach has also been used in literature (Li, Meng, 
Cai, Yoshino, & Mochida, 2009). The model is evaluated based on Root 
mean squared error (RMSE) value which is the measure of prediction 
deviation from the real value. A graph with a comparison of RMSE value 
when using different cycle as test sample can be found in Fig. 8. We can 
see from the graph that ANNs produces a stable result on the initial 6 
samples no matter which sample was used as the test sample. All RMSE 
values are within 1 mm. The prediction result is always close to the real 
value. However, using cycle4 as test set does produce the best result. 

In order to show more intuitively how close the neural network 
prediction result 385 is to the real value, we plot Fig. 9. A learning curve 
has been plotted to monitor the change of the prediction accuracy when 
more samples are added into training samples (Fig. 10). 

6.2. Random forest 

Based on (Biau & Scornet, 2016), Random Forest should also be able 
to handle small 390 sample sizes. Thus, we have tried out the random 
forest algorithm. The default number of trees in R is 500. Different from 
ANN, we do not have to tune the parameter in Random Forest as it is a 
random process. Samples chosen for each tree are different and the 
features chosen at each split are chosen randomly. We thus expect the 
model to produce a different result even with the same samples. This is 
considered one of the disadvantages of using Random Forest. The model 
is not able to predict special cases (Cycle 4 and Cycle 2) and the RMSE is 
7.16 mm which is rather large for wear monitoring as the total diameter 
of the bush is only 30 mm. We also plot the learning curve to see whether 
the prediction gets more accurate when more samples are taken into 
consideration. We can see that the error slightly dropped but still does 
not fall into an acceptable range (Fig. 11). 

6.3. Comparison 

We compare the three models (partial least squared regression, 
artificial neural network and random forest) by adding one sample to the 
training set at a time. Starting with 5 training samples and 4 test samples 
and then 6 training samples, 3 test samples and so on. Then we take the 
RMSE (Root Mean Squared Error) and R squared value of the test sam-
ples. R squared value is the measure indicating the amount of variance 
the model can represent. RMSE indicates the prediction accuracy. The 
smaller the RMSE is the better the model performs whereas the larger 
the R squared value is the better the model performs. Physical or 
mathematical degradation models can also be explored providing suf-
ficient knowledge on the wearing behaviour (Si et al., 2012). Our paper 
focuses on data-driven methods, other modelling types are not taken 
into consideration. The comparison table can be found in Table 3 and 
Table 2. By plotting the learning curve regarding each measure (Fig. 12 

Fig. 5. Learning curve PLSR with different feature set.  

Fig. 6. Correlation plot PLSR.  
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and Fig. 13) we can see that PLSR is holding the largest R squared value 
and the smallest RMSE in general. Thus, it is the best suitable model for 
current available data. 

7. Discussion 

The entire modelling process has been done 3 times because more 
data are 420 collected over time. It has been discovered that the way 
data is processed strongly effects the feature selection part of the 
modelling. The ANN model seems to suffer from over-fitting problems. 
ANN resulted in near perfect prediction on initial samples and drasti-
cally dropped in prediction power when new samples are taken into 
account. This problem may be solved by continuously adding new 
samples and then retraining the model, when the model has learned 
enough about variance from the samples, the result should be reasonable 
and stable. The ANN structure is also likely to require modifications 
when more samples are coming in. All three chosen modelling tech-
niques have their own advantages and disadvantages. Within the current 
context of Tata steel and given the currently available data, PLSR is the 
most suitable model to implement for now. The stable pre- diction result 
produced by the PLSR model in turn confirms Archard’s Law that the 
predictor variables and the target variable form a linear relation based 
on the currently available data samples. The strength of PLSR model is 
its explanatory power and its ability to allow model builders to see the 

contribution of each variable to the prediction result. This is significant 
when it comes to decision support. PLSR also produces consistent and 
stable results which are easier to implement and maintain as new data 
comes in. As the data size grows bigger, the modelling performance is 
subjective to change but it is likely to converge at some point. 

Application of an Artificial neural network has the potential to pro-
duce prediction result with very high accuracy on training samples but 
the prediction performance is unstable with the currently available 
samples. Meanwhile, with a small sample size the ANN has to be tuned 
many times in order to fit the data. This needs manual tuning and re-
quires a huge amount of iterations for updating the weights on each 
neuron. However, this problem should gradually disappear when more 
data becomes available. Another disadvantage of ANN is that it is a 
”black box” model thus it is hard to interpret the results as in an ANN it is 
very complex to obtain insight in which variables effect the wearing 
condition the most. The Random forest model is so far not able to either 
fit nor predict with current samples. The model combined too many 
random pro- cesses thus should require huge data sets before it can 
produce decent results. However, Random Forest is the least computa-
tionally expensive among all three modelling techniques as it does not 
need parameters tuning or component selection. Random forest seems a 
technique that worth re-trying when the sample size becomes suffi-
ciently large and it can potentially be the most user friendly model for 
online monitoring because it is the least computational expensive. 

Fig. 7. Neural Network (12).  
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A small sample size brings challenges from the very beginning of data 
exploration when we did correlation test between variables and bush 
wear. Because the sample size is too small, we cannot really draw any 
conclusions on relation ships between tension and wear although they 
seem to have a strong correlation based on the samples we have. The 
same holds for the linear regression model. We can not be sure that the 
variables and bush wear follow a linear relation based on only six cycle 
samples. 

The linearity might be gone when more data becomes available. 
However, the good prediction results from the PLSR model are to some 
extent validating the correlation and linear relationships between ten-
sion, run length and wear measures because the underlying theory 
behind PLSR is linear regression. 

The modelling process from feature selection to model selection 

Fig. 8. ANN performance and selection.  

Fig. 9. RMSE comparison using different test samples to find initial weight.  

Fig. 10. Learning Curve ANN.  

Fig. 11. Learning curve random forest.  

Table 2 
Modelling RMSE comparison.  

Number of Training samples PLSR ANN RF 

5  2.23  0.39  7.16 
6  3.53  4.39  5.65 
7  5.74  6.58  6.43 
8  4.14  5.26  6.09 
Average  3.91  4.15  6.33  

Table 3 
R2 comparison of models.  

Number of Training samples PLSR ANN RF 

5  0.85 1 − 0.53 
6  0.61 0.4 0.01 
7  0.18 − 0.07 − 0.02 
8  0.53 0.25 − 0.01 
Average  0.55 0.39 − 0.14  
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should be repeated over pre-set time intervals to discover more about 
the stability and ac- curacy in longer term. At the beginning when model 
performance is not stable the modelling process should be repeated 
more frequently, e.g. once per month. When the modelling performance 
converges, the maintenance interval can be longer, say every 3 months 
or every half year depending on the specific situation. In the worst case 
scenario where the modelling performance is dropping, more investi-
gation into other techniques should be done in order to maintain the 
prediction accuracy. 

The methods and modelling techniques can be well generalized into 
application areas that have similar characteristics. These are businesses 
that are transforming into digital era where the connectivity of the data 
infrastructure is limited, in which data are not integrated into one 
platform, instead, stored in different data sources. Data are in large 
volumes and in high number of features and mostly unstructured. These 
are areas where wear is not directly observable and failure data is 
limited. Possible applications having similar characteristics areas are 
machine tools in discrete manufacturing (Akcay, Topan, & van Houtum, 
2020), wheels in rolling stocks (Li, Ren, Enblom, Stichel, & Li, 2020). 
These systems have data in large volumes with a high number of features 
(dimension) that explain wear. Yet, the wear is hid- den and precise 
measuring of wear is only possible during periodic inspections, and 

therefore, predicting wear is essential between inspections. Our data- 
driven prediction model can directly be applied to these sorts of sys-
tems. We believe that PLSR can be applied to the situation where data 
are in high dimension meaning that the data includes many features and 
sample sizes are small. 

In our paper, we are predicting the non-observable degradation/ 
wear of bush for monitoring instead of predicting the degradation/wear 
over a future time interval. Hence, our focus is monitoring rather than 
predicting the future. By inserting the parameters into Fig. 15, we are 
able to predict current remaining bush width instead of the remaining 
bush width in the future. Therefore, prediction horizon is not the focus 
of this paper. Regarding the frequency of data updates, it is fixed and 
outside the scope of this project. The result shows in the paper is a proof 
of concept that predicting/monitoring the bush condition by data-driven 
methods is feasible. By adding more data the monitoring performance 
can be increasing or decreasing. The recommended data update fre-
quency is 4 weeks as that’s a normal cycle length when the rolls are 
pulled out and bush condition can be inspected. 

8. Implementation 

To implement predictive modelling into the Tata steel operation, a 
web front- end has been developed for monitoring purposes. By having 
the web front- end, engineers will obtain insights into the current wear 
and predicted wearing pattern of the bush. The web interface contains 
two main parts; the first part is the input, including date, sink roll 
diameter and bush diameter (Fig. 14). As for each maintenance cycle, 
the sink roll diameter and bush diameter are subject to change, it is not 
possible to have these automated in the modelling process. Date is an 
essential input. When users select a date, the algorithm will automati-
cally search for the start day of the maintenance cycle that contains the 
user selected date and predict the remaining bush width of each day 
within that cycle. The prediction result of the selected date is presented 
at the bottom of the graph, both the wear width and the remaining width 
(bush width - predicted wear width). Combining the information of the 
predicted wearing pattern and the predicted wear (Fig. 15), decision 
makers should be able to decide whether to replace the part or not and to 
determine when the maintenance activity should be planned. By 
monitoring the remaining bush width, we can avoid to over-maintain 
the rolls. When the predicted remaining bush width is big, then the 
engineers can decide not to replace it even though the rolls are in the 
zinc pot for 4 weeks. We can also combine replacing the rolls in com-
bination with the product change. As when there is a product change, we 
need to pull the rolls out of the zinc pot and replace the pot with another 
chemical pot. If in that case the predicted bush width is very thin, we can 
replace it while changing the pot such that downtime is reduced by 
lowering the shutdown frequency and create savings. 

Fig. 12. Learning curve R squared value.  

Fig. 13. Learning curve RMSE.  

Fig. 14. Web page input.  
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9. Conclusions 

Our paper shows that it is feasible to predict the component condi-
tion using existing data related to the component when vibration data is 
not available. Partial least squared regression (PLSR) predicts the bush 
wear with a good accuracy and produces stable results. Thus, PLSR is 
recommended for the currently available data in this project at Tata steel 
and this experience gives support for PLSR to be considered for pre-
dictive maintenance in similar real world industry settings. The value of 
this research project mainly lies in the ability to monitor current wear 
and thus provide insight on the wearing behaviour for maintenance 
decision support and for discovery of differences between the theoretical 
and practical context. The biggest limitation of this project is the sample 
size. By the end of this project the sample size has been increased from 
the initial 6 to 9 samples. According to the plotted learning curve, the 
prediction error first rises and then drops in the end based on 9 samples. 
We can not know whether the error will continue to drop or it may in-
crease again when more samples are taken into account. Thus it is 
necessary for the model to be retrained and re-evaluated with new data. 

Our paper contributes by predicting the real time bearing wear, 
which is important in steel production. We think that our findings 
contribute to predictive maintenance planning in steel production. Yet, 
there are several possible directions to extend the research in the future: 
(1) Predict the future bush wear. (2) Make use of unsupervised learning 
and correlation tests to detect abnormal events in the production line. 
(3) Expand the model to other sites/lines. (4) Follow a similar meth-
odology to build models for other problem areas within the production 
line. (5) Investigate various data processing platforms that are emerging 
to reduce the time needed for data reading and processing. Such steps 
are likely to be similar in comparable industry settings where in- 
creasing amount of data becomes available from production lines. 
However, these data may have diverse volume, quality and consistency, 
and the feasibility of applying the method presented here for predicting 
maintenance would need careful examination of its suitability and 
reliability compared to alternative data-driven modelling methods. 
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