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Comprehensive transient models (CTMs) are not readily available for complex industrial processes. In contrast,
fundamentals-based process models (FbPMs) often are readily available and data-driven models (DDMs) can be
readily developed. Generally, FbPMs have enough accuracy and safety margin to size equipment for steady-state
operations but in contrast to CTMs, are not accurate enough to predict the unique operational responses required
for applications, such as the definition of system functional failures in predictive maintenance (PdM). However, in
the absence of more accurate models, FbPMs may be valid to indicate response trends or determine operational
windows, with respect to safety and functionality. The case study is a Raw Material Preparation Plant, used to
screen, grind and dry coal for an iron-making process. Following DDM construction through supervised machine
learning from operational data, the validity of an available FbPM against operations is investigated through: (1)
comparison of FbPM and DDM regression responses (2) consideration of physical phenomena and (3) comparison
of sensitivity analysis results. Following validation, the definition and detection of functional failures in the plant as
obtained from the FbPM will be used as the first step towards system PdM.

Keywords: Functional Failure, Supervised Machine Learning, Sensitivity Analysis, Predictive Maintenance, Data
Driven Model, Fundamentals-Based Process Model, Coal, Morris Method.

1. Introduction
The premise of predictive maintenance (PdM) is
the desire to optimize maintenance through the
prediction of failures. A failure can be defined
as the physical breakage of a component or, more
generally, as the inability of the system to main-
tain functionality.System degradation, which can
lead to a functional failure (FF), is a dynamic
process that is governed by changes in both the
system and its environment. In complex systems
and operations, the definition of FF conditions is
not trivial. An FF consists of a set of system
operating conditions that define a state when the
system may not maintain functionality. If an FF
occurs, functionality may be restored or reassured
through the adjustment of operational settings or
the completion of maintenance; ideally, FFs can
be predicted and thus, an early step in the pursuit
of PdM is defining system FFs.

FFs are defined through physical measure-
ments, modeling process responses, or a combi-
nation of theses. Best practices recycle proven
designs, resulting in increasingly complicated sys-
tems that are beyond the unaided human abil-
ity to accurately model the, often transient, op-
erational responses. In contrast to these un-
available and potentially undevelopable compre-
hensive transient models (CTMs), fundamentals-
based process models (FbPMs) are often available
and data-driven models (DDMs) can be readily
developed.
A process model is a mathematical descrip-

tion of a change that systems undergo from one
state to another and the series of states through
which a system passes during the process; these
are the process and the path of the process, re-
spectively. A process model can be data-driven
(e.g. DDM), physics-based (e.g. FbPM), or it
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can be a hybrid form combining the two con-
cepts. In this work, a DDM refers to a regres-
sion model constructed from historical operational
data which is combined with statistical tools to
estimate relationships among variables to forecast
a future event. FbPMs are essentially bottom-
up approaches that enable estimation of system
process states or future events based on first prin-
ciples; they are not dependent on historical events
to predict a future response. The term FbPM
is utilized instead of physics-based process mod-
els to discriminate FbPMs from physics-based
predictive models within PdM. The latter focus
on prediction of the remaining useful life (RUL)
through a physics-of-failure approach. Process
models, either FbPMs or DDMs, may provide
the operational inputs required for physics-based
RUL models when monitoring the necessary input
parameters is unfeasible.
These generalized FbPMs have enough accu-

racy and safety margin to size equipment for
steady-state operations but in contrast to CTMs,
are not accurate enough to predict the unique
operational responses required for the definition
of FFs for PdM. However, in the absence of more
accurate models, FbPMs may be valid to indicate
response trends or determine operational windows
(OWs), with respect to safety and functionality.
DDMs developed from process data may predict
unique operational responses but are limited to
predicting responses of measurable parameters,
typically within limited OWs.
To customize a FbPM for a specific installation,

multi-disciplinary expertise is required that is of-
ten not readily available. Due to the gap between
the required expertise for FbPMs and relative ease
of constructing DDMs, DDMs may be preferred
over FbPM. This is the incentive for the work
presented in this paper, aiming to improve sys-
tem specific DDMs predictive capabilities through
incorporating additional relevant parameters by
focused monitoring. However, which parameters
are relevant may be identified through FbPM in-
vestigations, as FbPMs incorporate unmeasurable
parameters but also permit exploration of funda-
mentally defined OWs, rather than OWs restricted
by the training data used to construct the DDM.
Therefore to identify the relevant parameters, sen-
sitivity analysis (SA) of the FbPM can be utilized.
As researchers are cautious for drawing con-

clusions based on a SA of poorly understood
processes (Sóbester et al. (2014); Meghoe et al.
(2019); Saltelli et al. (2019)), the validity of the
FbPM against operations should be investigated
prior to utilization of the FbPM on a system.
Such a validation will in this paper be accom-
plished through comparison of model responses
with monitoring data, consideration of physical
phenomena and comparison of model SA results.
The main contribution of this paper is demonstrat-
ing the value of a relatively simple and unvalidated

process model in detecting and predicting func-
tional failures in process industry plants, namely
a Raw Material Preparation Plant (RMPP) which
functions to screen, grind and dry coal for an iron-
making process.

2. Case Study
The analyzed RMPP is part of the HIsarna Pi-
lot Plant (HIsarna) at Tata Steel in IJmuiden,
The Netherlands. The HIsarna RMPP process
is depicted in Figure 1 with the sub-processes
numbered corresponding to the descriptions be-
low. The RMPP accomplishes its functions by
removing undesirable materials from run-of-mine
(ROM) materials (e.g. raw coal) by means of a
separation process. The complex process begins
at the atmospheric raw coal storage (1). ROM
materials are manually transported to temporary
storage and subsequently, mechanically and mag-
netically screened (2). The screened coal is then
ground within the impact dryer mill (3). After
grinding, as it is transported through the drying
column (4) towards the spinner separator (5) and
into the cyclone (6), it is concurrently being dried
by the preheated air/fuel gas mixture. At the cy-
clone it continues into one of three process paths
depending on the particle size; propelled by the
main fan (7), this composes the main drying gas
circulation loop, depicted in red (3-7). Exiting
the cyclone, the coal either returns to the mill (3),
collects in the baghouse (8) as it flows through the
drying gas recirculation loop (8-10) or is pneu-
matically conveyed for temporary silo storage (13)
before utilization in the HIsarna iron-making pro-
cess. Prior to storage, further drying/moisture ab-
sorption can occur during transportation. Process
air at the baghouse outlet either flows into the
stack as vent gas (9) or is reincorporated as recy-
cled gas (10) propelled by the combustion blower
(11) to the air heater (12) before re-entering the
main drying gas circulation loop at an increased
temperature. At the baghouse exit, process air
flows are controllable through two valves: the
vent gas damper and the recycled gas damper, at
(9) and (10), respectively. Further details on the
process are found elsewhere (Schepers (2019)).
HIsarna operations are research focused to de-

velop a novel iron-making process that can im-
prove steel production sustainability performance,
Meijer et al. (2019); this results in continuous im-
provement through adjustment of operating pro-
cedures and asset modifications. Production at
the RMPP began with logged data in early 2018.
However, due to continuous improvement initia-
tives, there are limited periods of extended op-
eration and the data is inconsistent. Thus, the
process is considered immature. There are inter-
acting process paths that consist of multiple sub-
systems, as depicted in Figure 2. The interactive
complexity of these paths and experience indicate
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Fig. 1. Schematic of the HIsarna Raw Material Preparation Plant process.

dependencies exist. The system is dynamic due
to the statistical nature of all grinding operations;
the dominant sources are the inherent randomness
in the ROMmaterial composition and grinding re-
sponse, system degradations and ongoing modifi-
cations. This results in a non-linear system where
the inputs and outputs, or the cause and effects, are
not obvious or directly related. In conclusion, the
HIsarna RMPP is an immature multilevel coupled
complex system that is characterized by interac-
tive, dynamic, and non-linear complexities.
As iron-making process stability and product

quality depend on the processed coal meeting
specifications, reliable RMPP functionality is op-
erationally critical. Considering the complex in-
teractions and operational philosophy, developing
a CTM to investigate FFs is impractical for this
evolving system. Alternatively, FFs can be in-
vestigated through FbPMs or DDMs that relate
operational conditions to the maintenance driver
of functionality degradation.
In absence of direct relationships between

maintenance and functionality, established indi-
rect relationships are considered. Systemic wear
is a leading mechanism in RMPP functionality de-
terioration and a maintenance driver. The param-
eters that influence systemic wear also influence
the milling efficiency, Uuemõis et al. (1996). As
milling efficiency relates the system’s ability to
meet size and drying specifications, the relation-
ship between maintenance and operational func-
tionality is established. The parameters expected
to dominate system degradation are the inputs and
outputs of the RMPP interacting process paths.
Examples of these parameters are temperature,
pressure, mass flow rates, and composition of

the ROM materials, processed materials, and gas-
mixtures (Uuemõis et al. (1996)). In this case
study, the inability to dry the wet raw coal to
specification is a FF state.

3. Functional Failure - Drying
In this work, drying refers to the removal of liquid
surface water from coal by vaporization due to
convection. The rate of drying is influenced by
the properties of the coal and the drying medium,
e.g. moisture content, structure, composition,
temperature, relative humidity and the velocity
of the drying medium. The capacity of air to
remove moisture is primary dependent upon its
initial temperature and humidity; that is, higher
temperatures and lower humidity levels increase
the air’s moisture removal capacity.
Process gas temperatures are monitored at 5

locations at the HIsarna RMPP. The mill outlet
temperature (MOT), measured between (5) and
(6) in Figure 2, is the primary continuous oper-
ational indicator that enough heated drying gas
is present for the evaporation of the moisture.
As coal is hygroscopic and can absorb moisture
from its surroundings, it is important to maintain
the process temperature above the system dew
point temperature (TDEW); this ensures drying and
prevents moisture reabsorption. The RMPP is
intended to operate above, but as near, the sys-
tem dew point as practicable. Fundamentally, the
failure condition occurs when the MOT is less
than TDEW; at this point moisture condenses on
surfaces below TDEW and the evaporated liquid
can re-infiltrate the coal. Thus, it is critical that
the mill and subsequent systems operate above
TDEW. Monitoring TDEW, and all other associated
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inputs and outputs, directly is impractical due to
the harsh operating conditions. Therefore, process
models are beneficial. A FbPM for a RMPP and
the DDMs developed from the RMPP operational
data are presented in Section 4 and Section 5,
respectively.

4. Unvalidated Fundamentals-based
Process Model

The HEXS model is an in-house simulation tool
that is a steady-state heat and mass transfer pro-
cess model of RMPP operations. It is a FbPM for
RMPP drying that estimates process parameters
values related to a specific degree of drying of wet
coal by simulating RMPP process conditions. The
model integrates physics-based fundamentals and
statistical empirical relationships in a spreadsheet
environment utilizing automated iterative calcula-
tions that incorporate look-up tables. Other RMPP
functions, such as the screening and grinding of
coal, are not included in the HEXS process model.
However, as these mechanisms affect the drying
process, the steady-state HEXS model cannot be
considered a CTM. It is also not considered a
DDM or a hybrid process model, as the statis-
tical relationships utilized are from standardized
industrial processes and not derived directly from
operational data, e.g. Wagner et al. (2000).
The HIsarna RMPP is constructed from a modi-

fied design of a RMPP installation that previously
operated in Kwinana, Australia as part of Rio
Tinto’s HIsmelt Process Plant (HIsmelt). The HIs-
arna RMPP incorporates many design improve-
ments but also utilizes many of the same original
equipment manufacturers as those at the Kwinana
RMPP. Consequently, the HIsarna RMPP design
is not the same as the Kwinana RMPP, but the two
plants have many comparable and/or representa-
tive qualities including the general configuration
of the process paths as depicted in Figure 2. This
situation is common in manufacturing and may be
at the level of redundant equipment within a single
facility or entire plants, as in the case study.
When Tata Steel acquired the patents from

Rio Tinto, they also received the thermodynamic
HEXS model without any model specific docu-
mentation. Limited access to the HEXS model de-
veloper and former HIsmelt staff indicate that the
available version of the HEXS model is satisfac-
torily tuned to operational data from the HIsmelt
RMPP. That is, the HEXS model reasonably rep-
resents HIsmelt RMPP operations. The developer
also indicated that the model is tunable to HIs-
arna RMPP operations, or any equivalent plant,
by adjusting selected parameters. As opposed
to DDMs constructed from operational data, the
HEXS FbPM can be dimensioned to the mod-
eled RMPP. Attempts by HIsarna staff to tune the
HEXS model with HIsarna RMPP process data
were unsatisfactory. Specifically, when HIsarna

RMPP data is used as the input, the HEXS model
is unable to return results that adequately demon-
strate agreement with expected responses, despite
tuning attempts. The inability to tune could mean
the model is (1) not valid for HIsarna RMPP
due to design and operational modifications or (2)
valid but untunable due to a lack of specific tuning
expertise. Moreover, the plant is operating in a
transient manner, while the model is steady-state
and thus, latency in sub-system responses is not
modeled. While this does not necessarily invali-
date the HEXSmodel to operation, it may indicate
additional data cleaning is required to remove
transient periods prior to comparison. The model
may be valid as not all parameters are physically
monitored, and estimated values are used in the
HEXSmodel as input parameters. The parameters
that are monitored do not have the same units and
are not monitored at the same locations. With
questions of validity, data quality, and conditional
model mismatch, when comparing similar inputs
and outputs, a one-to-onefit of the HEXSmodel to
HIsarna RMPP data would be more coincidental,
rather than expected. Despite this, validation can
be investigated using a relative method.
Validation in a relative manner requires iden-

tifying commonalities between the HEXS model
and the HIsarna RMPP. The MOT is continuously
monitored at the HIsarna RMPP, simulated in the
HEXS model and relates to the potential FF asso-
ciated with inadequate coal drying. Considering
the MOT as the model output allows comparison
of plant responses to FbPM predictions through
a relative comparison as presented in Section 6
and 7. Furthermore, the difference between the
MOT (drying medium) and TDEW is considered
with respect to FFs in Section 8.
The direct comparison of input parameters from

the HIsarna RMPP with those of HEXS is chal-
lenging, as some modalities do not have the same
units and/or comparable ranges, but represent the
same physical quality. In the HEXS model, dry-
ing ability is ensured when the medium drying
temperature is above the TDEW at four locations
throughout the modeled RMPP. In the HIsarna
RMPP, there are only two comparable locations
where applicable temperatures are monitored, and
the limits of acceptable/explorable OWs differ by
as much as 250 ° C. In HEXS, influences due
to transitions from one sub-system to another are
only accounted for with efficiency parameters. In
practice, geometrical changes caused by pipes,
transitions, contact boundaries, and locations of
sensors influence the behavior being monitored.
Within the HEXS model, there are over 300 vari-
ables that can be tuned or applied as input; a
comparison of these variables with those that are
controllable or can be monitored at the HIsarna
RMPP, identified 20 input factors. The approach
may result in neglecting the truly dominant pa-
rameters but if they cannot be controlled or mon-
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itored, practically, they are process noise to the
controllable parameter and those that can be mon-
itored. As the model uses iterations to converge to
a the given output, prior to determining the model
outputs presented throughout this case study, the
remainder of the over 300 variables are reinitial-
ized each time.

5. Data-Driven Model
The DDM is constructed by means of supervised
machine learning (SML) and trained with histori-
cal HIsarna RMPP operating data. The DDM con-
struction and the validation activities are similar
to those recommended by Kotsiantis (2007) in-
cluding data identification, pre-processing, train-
ing set definition, algorithm selection, and evalu-
ation against a test set. Forty-four relevant inputs
are available for the SML that potentially relate
the MOT, TDEW and operational settings. The
modalities considered include temperatures, pres-
sures, flow rates, masses, concentrations, valve
positions, torque, and power. The data set spans
approximately 18 days and is retrieved in a cyclic
formwith a 60 second resolution interval resulting
in a total of 25,922 observations per factor. The
representative accuracy of data is not significantly
affected by the selected retrieval method and inter-
val while accounting for available computing re-
sources; this is based on investigations comparing
1, 30, 60, 120 and 300 second intervals retrieved
either in cyclic or average mode. The representa-
tive accuracy improved at lower retrieval intervals
(higher data resolution) but not to an appreciable
level that justifies the computational expense.
Minor data pre-processing was required to ac-

count for data gaps. Approximately 0.027% of the
data is missing and substituted by linearly interpo-
lated data based on previous and consecutive data
points. The 70/30 approach is utilized for training
data definition; 70% of the data is utilized as the
training set and 30% of the data is the test set to
check the validity of the model predictions.
To identify a suitable regression algorithm

for the DDM, in random order, nineteen re-
gression algorithms are trained by k-fold cross-
validation (CV) SML and evaluated on their root
mean square error (CV-RMSE). A fivefold cross-
validation is selected and the CV-RMSE is com-
puted by the MATLAB 2018b regression learner
tool. The predictive performance of the models
are assessed by validating against the historically
recorded MOT response. This best performing
DDM is defined by the lowest CV-RMSE of the
algorithms. Gaussian Process Regression Models
(GPR) perform better than Support Vector Ma-
chines (SVM), Linear Regression (LR), Regres-
sion Trees and Ensembles of Trees. The GPR
Rational Quadratic algorithm is selected as the
best performing algorithm and the goodness of fit
(GoF) is checked against the test data set.

The GoF between the selected best performing
model and the measured MOT is evaluated by
the absolute error (difference) between the pre-
dicted (yfit) and actual (yreal) values. The yfit
are forecasted using the GPR Rational Quadratic
algorithm and trained with 70% of the data set
containing 18,144 observations. The GoF is good
within the training data set, except for a single out-
lier of approximately 45 ° C or 38.6% of the pre-
dictive range. Considering the model predictive
capabilities within the 30% test data set, a sudden
increase in deviations occurs at the transition from
the trained 70% to the untrained 30%. Within
the test data set, the RMSE is 4.41 ° C (3.8%)
and the maximum absolute error associated with
a single outlier is approximately 21 ° C, 17.5% of
the entire MOT operating domain. The errors are
reasonable for the processes considered.
Retraining the model with 100% of the data

set (25,922 observations) reduces the RMSE to
0.52 ° C, or an error of approximately 0.4% over
the MOT range. The frequency and extremes
of the outliers are also reduced; the maximum
outlier is approximately 18 ° C (15.4%) compared
to approximately 45 ° C (38.6%) in the 70%
trained model. Therefore, as expected, the 100%
trainedmodel appears to have increased predictive
power as compared to the partially trained DDM.
Additionally, as an RMSE of 0.4% is relatively
small compared with its operating domain, the
100%-trained DDM is expected to simulate the
representative behavior of the physical HIsarna
RMPP MOT, as long as the RMPP is within the
operating range of its training data set. The min-
imum and maximum values utilized in the DDM
analysis are derived from the HIsarna RMPP data
set; however, it is found that utilizing data within
80% of the monitored range improved results.
The prediction accuracy of the DDM increases
when data within the upper and lower 10% are
neglected, as within the dataset, observations in
the monitored upper and lower bounds are less
frequent. Nevertheless, the DDM trained by 100%
of the data is used in subsequent FbPM validation.

6. Linear Regression and Physical
Phenomena

As part of the validation, Linear Regression (LR)
of selected response factors can be utilized to
roughly correlate the DDM and HEXS FbPM. By
comparing simplified LRs fit to model responses,
correlations can be considered. LR is in the form
of y = ax + b, where a is the slope, x is the ob-
served value, b is the y-intercept representing the
model determined output. This method evaluates
the overall global gradient of the specified domain
and indicates the direction of the trend line. Based
on the expected mismatch of outputs described in
Section 4, only the sign of the slope is considered
to compare the two model responses: positive (P ),
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negative (N ), or neutral (O). The responses are
considered in agreement if the slopes of the LRs
are P − P , N − N , or O − O; however, results
must be cautiously considered as agreement may
occur by chance, e.g. one of the compared slopes
is parabolic.
From the 20 changeable input factors in the

HEXS model and 44 factors in the DDM, seven
common factors are identified that are moni-
tored/modeled in a similar location, and have
equal physical quantities and units. An Anderson-
Darling test, Anderson and Darling (1952), on the
time series data demonstrates the individual oper-
ational data factors are not normally distributed.
Therefore, to compare the LR response of each
model, these seven individual factors are varied
between the minimum value and maximum value
in 100 equal steps, and the resultant model re-
sponse is fit with a LR trendline. The resultant
slopes are shown in Table 1. The same minimum
and maximum values, based on operational data,
are utilized in the regressions for both models.

Table 1. Slopes of linear regressions

Factor DDM HEXS Compare

1 0.237 0.624 P-P
2 -0.185 0 N-P
3 -0.043 0.001 N-O
4 0.135 0 P-O
5 -0.242 -0.852 N-N
6 0.014 1.34 P-P
7 0.120 0.405 P-P

Table 1 shows that four of the seven slopes are
in agreement. More detailed analysis of Table 1
and the responses determines that the validity of
the HEXS model to represent the HIsarna RMPP
as determined by LR is non-conclusive. The fac-
tors that have the greatest effect on the MOT are
intelligible, based on knowledge of the physical
phenomena within the system, as they relate to
heat input (burner temperature) and heat extrac-
tions (amount of recycled gases as indicated by
two valve positions). For both the DDM and
HEXS model, when the burner temperature (Fac-
tor 7) increased, theMOT increases while all other
input factors are fixed. This is expected because
the burner is the main heat source in the RMPP.
When the vent gas damper position (Factor 5) is
opened, less process gas is recycled for heat, and
thus it is expected that the valve is opened further,
the MOT decreases. When the recycle gas damper
(Factor 6) is opened, the already heated process
gas is reused and further opening should result in
the MOT increasing. These trends are confirmed
for both valves (factors 5 and 6); however, varying
the position of the recycle damper position has

a minimal effect on the MOT within the given
domain.
For the three factors not in agreement, Factors

2, 3 and 4, the slopes of the HEXS model LR are
approximately zero, particularly when compared
to the other factors. The disagreement of these
three factors does not support, nor disprove the
HEXS model validity, but may indicate inclusion
of these parameters is unnecessary in the DDM.
It also indicates additional factors in the HEXS
model may be dominating factors and the influ-
ence is not identified by limiting the investigation
to seven corresponding factors. These findings
are supported by detailed response investigations
(not presented). As HEXS model validity is non-
conclusive following examination of the LR and
physical phenomena, validation attempts continue
through comparing sensitivity analyses for both
models and further examination of physical phe-
nomena in Section 7.

7. Sensitivity Analysis
Three aspects of SA are considered for validation
to examine the relative contribution of inputs:
(1) SA of 20 HEXS model inputs (2) SA of 44
DDM inputs, and (3) comparison of SA results
for the seven common factors (as identified in
Section 6). Analysis of similarities and differ-
ences, in the ranking and magnitude of the relative
contribution, of common inputs by each model,
provides an indication of validity and allows fur-
ther consideration of physical phenomena. Based
on case study characteristics, elementary effects
(EE) are selected for the SA, Morris (1991). The
Morris method uses a randomized one-factor-at-
a-time design and data analysis is based on the
resulting EE that allows isolation of the changes in
an output that are solely due to a particular input,
Morris (1991). The Morris method can be used to
indirectly examine the relationship between input
and response factors, Meghoe et al. (2019). De-
tails on the method are covered elsewhere, Morris
(1991); Campolongo et al. (2007); Sóbester et al.
(2014); Saltelli et al. (2019); Meghoe et al.
(2019); Schepers (2019).
For the HEXS model, the number of runs r(k+

1) is equal to 1050 with r = 50 and p = 32; it
is 9000 for the DDM with r = 200 and p = 32,
where the design space is a k-dimensional p-grid,
k is the number of inputs, p is the number of levels
for each input and r is the number of trajectories
constructed. The estimated measures considered
are the absolute mean, μ∗, the mean, μ, and the
standard deviation, σ of the EEs. For simplicity,
equally spaced steps are utilized because each
parameter has a different distribution and some
of the distributions are unknown. The levels are
varied between the maximum and minimum val-
ues, based either on operational data, or HEXS
model constraints. Since the intent is to compare
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the results, the ranges for the seven comparable
factors identified in Table 1, are equal and based
on operational settings.
As the EE sensitivity measure is a relatively

qualitative global SA, it is difficult to rank the
relative importance of each factor. Therefore, to
compare results from the DDM and HEXS model;
therefore, to compare, the results require normal-
ization, which is done in two ways:

x∗

prop = xi

(
k∑

i=1

xi

)−1

· 100% (1)

xrelative =
xi − xmin

xmax − xmin
· 100%q (2)

Eq. 1 considers the proportion of the contribution,
x∗

prop, relative to the total contribution of all com-
pared factors for a model, where x is either the
absolute mean or the standard deviation. Eq. 2
accounts for the order of magnitude mismatch
between models by determining the relative con-
tribution within the considered range of contri-
butions. These comparisons require correspond-
ing OWs. The relative absolute mean, μ∗, and
the corresponding normalizations for the DDM
and HEXS model are presented in Table 2. The
comparison by standard deviation is also possible
but as factor interaction is not discussed, results
are omitted. The resultant screening plot for the
normalized μ∗

relative and σ∗

relative for the DDM and
HEXS models is shown in Figure 7.

Table 2. DDM and HEXS: relative absolute mean

Factor DDM HEXS
μ
∗

μ
∗

prop μ
∗

relative μ
∗

μ
∗

prop μ
∗

relative

1 1.543 13 18 1599 13 0
2 0.652 5 2 2145 3 1
3 0.557 5 0 2541 3 2
4 0.566 5 0 5268 7 7
5 1.773 15 22 2887 4 3
6 0.744 5 3 8840 12 14
7 6.049 51 100 52518 69 100

Figure 7 shows the relative contribution for
each model is not equivalent by factor, e.g.
D5 �= H5, unless an artifact of figure construction,
e.g. D7 = H7. For each factor 7, the D and H
correspond to the DDM and HEXSmodel, respec-
tively. Considering Table 2, the greatest agree-
ment is in Factor 7; it demonstrates a dominant
contribution in both model responses, with 69%
and 51% for the HEXS model and DDM, respec-
tively. Of the 20 HEXS model inputs, factor 7
accounts for 28% of the total contribution. Of
the 44 DDM model inputs, factor 7 accounts for
5.8% of the total contribution. As the other fac-
tors do not contribute significantly to the overall

response, particularly to the DDM, comparison is
potentially meaningless when considering contri-
butions. However, for the demonstration of val-
idation procedures, comparison is continued. In
Figure 7, only factor 7 has a direct correlation for
comparable ranking due to diagram construction;
however, the values and the ordering of the other
factors are generally consistent when considering
the physical phenomena. Investigations revealed,
the mismatch in the magnitude of contribution of
Factor 1 between the models is due to an artificial
correlation as a consequence of the limited OW of
the DDM. This artifact is also a viable explanation
of the mismatch in total contribution of factor 7.
Within the DDM, the SA indicates that rainfall
and external temperatures dominate responses.
The correlation between ambient temperatures is
due to corresponding rainfall rather than a fully
representative response; however, there is an oper-
ational conclusion to the analysis, that improving
the atmospheric storage of the ROM is benefi-
cial to process control and consistently meeting
product specification. That is, a more consistent
initial condition of the ROM moisture results in
a more consistent drying process. While not a
profound interpretation of physical phenomena,
this conclusion is now fully supported by the data
analysis and a solid foundation for the business
case of directed system improvements.
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Fig. 2. Screening plot relative absolute mean and relative
standard deviation for seven comparable factors

8. From Validation to Functional
Failures

The premise of the investigations is, should the
FbPM be found to reasonably reflect the real-
world process of the HIsarna RMPP, that it can
provide insights into the parameters that influence
the actual system and sub-systems of the HIsarna
RMPP, such as defining FFs. During validation,
agreements and disagreements between the HEXS
model and the DDM are identified. The agree-
ments are inline with expectations based on physi-
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cal phenomena and the disagreements are explain-
able considering the limited OW of the process
data and model construction; thus, indicating the
validity of the HEXS model to reasonably repre-
sent conditions. As there are disagreements, no
evident conclusion can be made that the FbPM
model and DDM are in agreement for all OWs.
However, based on FbPM historical development
and usage, the level of confidence achieved is ac-
ceptable; the approach provides a viable method-
ology that accommodates available resources to
investigate FFs.
As stated in Section 3, FFs can be related to

operation through the TDEW. To utilize the models
to investigate FFs, a SA can be repeated on the
HEXS model with the output set to the difference
in temperature, ΔT , between the drying medium
temperature and TDEW. Across the HEXS defined
OWs, conditions when ΔT ≤ 0 are then deter-
mined for each input factor. This identifies the set
of conditions that can lead to the potential FF. The
most influential factors are prioritized due to the
use of SA. Of the most influential, the controllable
factors are candidates for operational adjustments
to prevent or respond to FFs.
If FbPM validation confirms representation

of operational behavior, automated controls and
alarms for FFs can be directly incorporated into
transient operations. When a generalized repre-
sentation is established and there is not a one-to-
one representation, as in the case study, the re-
sults can be used either with additional validation
or to improving data-driven approaches through
targeted monitoring. These solutions are a com-
promise that accommodates available resources
and permits continued caution regarding SA con-
clusions. Either through non-resource intensive
spot measurements or highly targeted sensor in-
stallations, implementation of either strategy is
an economical solution to explore and improve
operations while pursuing PdM.

9. Conclusion
The work demonstrates how an unvalidated FbPM
can be utilized to define the dominant influencing
factors and functional failure conditions in a com-
plex system. The FbPM can be validated through
comparisonwith a DDM constructed from process
data, consideration of physical phenomena, and
sensitivity analysis. It can assist predictive main-
tenance pursuits by defining the potential fail-
ure conditions in larger operating windows than
DDMs permit. The work demonstrates how tools
and information typically available in an industrial
settings can be developed into actionable informa-
tion for operational improvements. It presents an
economical solution to several commonly encoun-
tered problems, rather than an ideal solution, such
as comprehensive transient models may permit.
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Uuemõis, H., H. Kangur, and I. Veerus (1996).
Wear in high-speed impact mills. International
Journal of Mineral Processing 44-45(SPEC.
ISS.), 301–313.

Wagner, W., J. R. Cooper, A. Dittmann, J. Ki-
jima, H.-J. Kretzschmar, A. Kruse, R. Maresˇ,
K. Oguchi, H. Sato, I. Sto¨cker, O. Sˇifner,
Y. Takaishi, I. Tanishita, J. Tru¨benbach, and
T. Willkommen (2000, 1). The IAPWS Indus-
trial Formulation 1997 for the Thermodynamic
Properties of Water and Steam . Journal of En-
gineering for Gas Turbines and Power 122(1),
150–184.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


