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Abstract: Accurately and efficiently determining a system’s physical variables is crucial for precise
product-quality control. This study proposes a novel method for optimal sensor deployment to
increase the accuracy of sensing data for physical variables and ensure the timely detection of the
product’s particle size in a wet-grinding system. This approach involves three steps. First, a Bayesian
network (BN) is designed to model the cause—effect relationship between the physical variables by
applying the path model. The detectability is determined to confirm that the mean shifts of all the
physical variables are identifiable using sensor sets in the wet-grinding system. Second, the sensing
location of accelerometers mounted on the chamber shell is determined according to the coupled
computational fluid dynamics—discrete element method simulations. Third, the shuffled frog leaping
algorithm is developed by combining the BN to minimize the maximum data output deviation
index among all sensor sets and sensory costs; this is achieved under the constraints of the mean
shift detectability, achieving optimum sensor allocation. Subsequently, a case study is performed
on a zirconia powder production process to demonstrate that the proposed approach minimizes
the requirements of the data output deviation index, sensory costs, and detectability. The proposed
approach is systematic and universal; it can be integrated into monitor architecture for parameter
estimation in other complex production systems.

Keywords: sensor deployment; Bayesian network; parameter estimation precision; wet-grinding system

1. Introduction

Advances in sensing and computing technologies have led to the widespread ap-
plication of sensor deployment in numerous fields, such as structural health monitoring,
environmental protection, and the manufacturing industry, particularly for the control,
optimization, and estimation of parameters [1]. Good-quality data are crucial to the perfor-
mance evaluation of such plants. Although redundantly sensing every physical parameter
of a system can minimize information loss, the resulting sensor network could become
overloaded with data communication and analysis. This action is especially crucial when a
real-time decision is required for the remote diagnosis of disasters [2] or wireless sensor net-
works (WSNs) [3]. The complexity of data analysis increases exponentially with the number
of sensors, resulting in deleterious consequences for data analysis and processing [4].

Therefore, appropriate sensor deployment is crucial for efficient data acquisition. The
processing industry has become increasingly reliant on data to achieve the maximum preci-
sion of selected parameters and gross errors related to screening [5]. The sensor-deployment
issues investigated in recent years usually cover two common problems: deciding where to
physically install the sensors and determining the type, number, and location of sensors re-
quired to accurately monitor or diagnose faults at a critical point in an industrial system [6].
Wau et al. [4] designed a quantitative fuzzy graph technique to model the cause—effect
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relationship between system faults and sensor measurements. The sensor’s detectability for
faults is determined quantitatively using the single-edge values in a fuzzy graph obtained
by an analytic hierarchy process. This ensures the sensor signal acquisition’s reliability by
minimizing the system’s unobservability. Singhania et al. [7] proposed a multi-objective
formulation for optimal sensor deployment in large-scale manufacturing systems in terms
of the sensor costs, system reliability, and stability in WSNs. They created a convergence
trajectory-controlled ant colony system to perform sensor deployment in a case study on an
automated assembly robot. Lu et al. [8] used physics-based compressive sensing (PBCS) to
enhance the traditional compressed-sensing approach based on the physical knowledge of
a given phenomenon to monitor the temperature field of additive manufacturing processes.
Their experimental study demonstrated that only a few thermal readings are needed to re-
construct the three-dimensional temperature field using the PBCS approach for the additive
manufacturing processes. Using glowworm swarm optimization, Liao et al. [9] presented a
sensor-deployment scheme to enhance the coverage in WSNs. In their method, each sensor
node, being an individual glowworm, is attracted toward its neighbors with a lower inten-
sity of luciferin and moves toward one of them to maximize the coverage of the sensing
field. Another specific application area is computer vision for the traffic sensor location
problem (TSLP), which must fulfill two typical requirements: the number of sensors needed
and the best locations for their deployment. Owais presented a review article summarizing
the research contributions for solving the TSLP over nearly three decades, analyzing most
TSLP studies using a new categorization system [10]. Furthermore, another application
area includes WSNs, which have helped improve smart environments in various fields,
such as intelligent manufacturing, structural health monitoring, smart transport and cities,
and energy consumption [11]. Their review focuses on where to locate the sensors in every
physical area to increase the sensing coverage [12,13], lifetime, and energy savings [14,15]
at minimum costs [16].

Other sensor-deployment research focuses on the location of an estimated product fea-
ture or parameter that a sensor measures instead of the place where the sensor is physically
installed. Therefore, the number and location of sensors must be based on the product fea-
tures or parameters to be measured [6]. From this perspective, the challenge of designing a
sensor system is selecting product features or parameters to measure in different industrial
application scenarios [17]. Ding et al. [18] suggested a sensor distribution for variation
diagnosis in a multistation assembly process. Using a state-space model, a diagnosability
index was developed to quantify the effectiveness of the sensor distribution. The variational
transmissibility between stations was considered, and a backward propagation strategy
was designed to determine the measurement stations. Shukla et al. [19] created an optimal
sensor allocation for root-cause analysis that maximizes the number of measurement points
placed at key characteristics (KCs). The critical product and process design features are
considered, and a feature-based procedure is presented to include arbitrary locations and
KCs in the final sensor layout. He et al. [20] proposed a quantitative cause—effect graph
(QCEQG) to handle the heterogeneity among the properties of sensors and faults. The QCEG
models the cause—effect relationship between the system faults and sensor readings. Based
on minimizing the fault unobservability, sensor deployment is performed to facilitate single-
station multistep manufacturing process monitoring. Sun et al. [21] investigated the effects
of sensor allocation optimization on the diagnosability of a multistation manufacturing
system (MMS). They proposed three indices (detectability, locatability, and isolatability)
to measure the system’s diagnosability. A two-step process is presented to specify the
variable transmission between stations and variation diagnosis within a station. Based on
an established definition of sensor allocation in a Bayesian network (BN), Liu et al. [22]
developed a “best allocation subsets by intelligent search” (BASIS) algorithm to identify
the optimal sensor allocation at minimum cost under different specified average run length
(ARL) requirements. They designed a diagnosis ranking method to determine the root
cause by ranking all the identified potential faults in a manufacturing system. Considering
the effects of the propagation of fault risks, Li et al. [23] proposed a gray relational analysis
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(GRA)-based quantitative causal diagram (QCD) sensor allocation strategy to describe the
fault-sensor and fault-to-fault causal relationships. The data-driven-based GRA calculates
the coefficients of the fault risk propagation. Mehrjoo et al. [24] proposed an information
theory-based optimal sensor placement (OSP) framework for parameter estimation and
strain estimation considering sensor costs. A Bayesian OSP method combined with modal
expansion is used to minimize the information entropy regarding the strain time histories
at critical locations of an offshore wind turbine. A multi-objective function is proposed to
balance sensor costs and information entropy balanced by the weight factor. It was found
that the OSP results are sensitive to the weight factor; the Pareto solutions for OSP are
also presented.

From this literature review, it is clear that previous studies in this area do not address
certain key concerns:

(1) Although many papers describe the causal model between faults and sensors for
variation diagnosis in complex manufacturing systems based on the sensor distribu-
tion, they lack a causal analysis of the key physical parameters closely related to fault
characteristics and their critical quantitative representation.

(2) Currently, the objective of the optimal sensor distribution for variation diagnosis in
complex manufacturing systems primarily focuses on system observability, system
diagnosability, system reliability, the coverage of the sensing field, and sensor sys-
tem costs. Few attempts have been made considering the precision of the physical
parameters obtained from the sensor distribution.

(3) The metaheuristic algorithm is more advantageous than traditional mathematical
programming methods for multi-objective optimization (MOO) problems. It is con-
sidered a potential and powerful tool for solving the MOO problem. However, its
application in the field of sensor layouts is still minimal.

These three issues are the research questions discussed in the following sections.

2. System Detectability Based on Bayesian Networks

Optimal sensor deployment is “mission-specific,” meaning that the sensor-deployment
strategy is closely related to specific objectives, such as decision-making and knowledge
discovery [25]. This article focuses on the crucial issue of parameter estimation precision in
wet-grinding systems. Wet grinding performance evaluation relies on estimating specific
variables, such as model parameters or performance indicators. These particular variables
can be determined via data reconciliation and monitoring; that is, adequate sensors must
be allocated at the right places to guarantee the precision of the variables involved in the
estimation scheme. Having all physical parameters sensed in a wet-grinding system is un-
necessary and impossible because of their intrinsic dependence/correlation relationships.

An effective method to represent the causality between physical parameters in a
system for wet grinding performance evaluation is to create probabilistic networks or
probabilistic graphical models, which are increasingly being viewed as a convenient high-
level language for structuring a complex system of equations and an explicit representation
of dependence/correlation between variables that ignores the specific functional details.
BNs are a popular probabilistic network—a powerful method for presenting and reasoning
with uncertainty. A valuable technique for BNs is to assume that the arcs represent causality.

A BN is a directed acyclic graph that facilitates the representation of the causal rela-
tionships among physical variables in the wet-grinding system. A BN has two components:
its structure and parameters. The structure, or topology, of a BN should capture qualitative
relationships between physical variables. The design of a BN can be obtained from learned
data or engineering knowledge. The former uses a series of statistical significance tests
of conditional independence for structure learning [26]. The latter primarily depends on
domain knowledge from human experts. In light of the practical experience of professional
technicians in the field of wet grinding, the latter was adopted in this study to build the
topology of the BN. In particular, two nodes should be connected directly with the arc,
indicating the direction if one affects or causes the other. The nodes in a BN represent
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a set of physical variables, F = {Fy, Fy, ..., F,;}, from the wet-grinding system. A set of
directed arcs connects the pairs of nodes, F; — F;, representing the direct dependencies
between variables. If there is a directed arc from F; to F;, then F; is a direct cause (called a
parent) of F;, denoted by R (Fj), k € Z*. Otherwise, if there is an indirect path from F; to
Fj, thatis, F; —» -+ — Fj, then F; is an indirect cause (called an ancestor) of Fj, denoted by
N (F;), k € Z". The parameters of a BN are a set of conditional probability distributions
to quantify the relationships between connected nodes. When the wet-grinding system
runs under normal conditions, all physical variables are assumed to adhere to the standard
normal distribution. Here, a linear Gaussian parameterization of the BN is employed to
represent the relationship between the various physical variables [27], that is:

m;
Fi=) 6(R(F) F) - Ri(F) + 9 @
k=1

where J(-,-) is a path coefficient. All the physical variables follow the standard nor-
mal distribution; thus, ¢; and &} (Fj) are independent of each other, z9j~ N(O, 0]2) ; here,

szz 1—2:11 S(Re(F), F) - o(Ri(F;), F;), and p(-,-) is the Pearson correlation. The pa-
rameterization in Equation (1) has also been applied to path modeling by Wright [28].
The graphical model is developed to portray linear causal relationships based on sam-
ple correlations. Path modeling is preferable because it concisely illustrates the causal
features of BNs.

Let () be an active path between F; and F;, where k is the number of active paths
between F; and F;. Such an active path does not go against the direction of an arc after
having gone forward. Next, the path coefficient, (-, -), can be expressed as follows:

Pisj if {F — Fi} = Oy
6(F, F) = { Zf]i_l (pg—r)  for other%Fq —F} ey @)
k

where p; ., = [, 6(F;, F;) is the Pearson correlation along the incoming paths from F; to
F;, and v is the number of directed arcs in an active path from F; to F,. The causal influences
represented by a path coefficient can easily be read from the graph illustrating that model.
Under the linear Gaussian parameterization of the BN in Equation (1), the causal impacts
between two physical variables, F; and F]-, can be determined. Specifically, if there is one
directed path from F; to Fj, it is easy to derive that the causal influence is equal to the
product of all path coefficients on the corresponding directed path. Otherwise, the causal
effect of F; on Fj is the sum of all directed paths from F; to F;. That is, the causal influences
of F; on F;, denoted by 7;_,, can be expressed as follows:

H/\é(Pi/Pj) ,k:l
6(F,F)} ,k>2
i) = 1Zk{HA (Fi. Fj) } oy ©)
0 , otherwise

where k is the number of active paths, (); A is the number of directed arcs in an active path
from F; to F;. To achieve the target product quality, the wet grinding process is always kept
under control. An effective method for this is to build monitoring control charts on sensor
outputs to detect abnormalities, known as assignable variation, as abnormalities are often
relatively high in magnitude. Letting &S ={S1, Sy, ..., Si} be the sensor set to detect the
assignable variation in the series of physical variables, 7 = {F1, Fp, ..., F,} (m < n), then
control charts can be built for the output of each sensor to flag and identify the occurrence
points of system abnormalities. The single mean shift of physical parameters sensed is
conducted to improve the wet-grinding system’s detection accuracy. Assuming a single
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mean shift in F; is ¢;, the causal effect of an ancestor, Fj, on this variable, F;, can be obtained
as Equation (4); here, ¢; is the single mean shift in F; induced by ¢;.

€j = TTi € 4)

Equation (4) shows how the mean shift ¢; in a variable F; propagates to any variable F;
in the BN. The ARL of a Shewhart control chart on F]-, in terms of detecting the mean shift
in F;, denoted by ©1,€]" is defined as follows [29]:

@1, = Lo (19— 5) +9(~202 = )] e =) ~ 022 =5)] 7, ©

where ¥(+) is the cumulative distribution function, z,,, is the upper a/2 percentile of
the standard normal distribution, and « is a type-I error of the Shewhart control chart.
The simplified mathematical expression can be obtained for Equation (5) through integral
calculation. Mathematically, this equation can be expressed as

1
1- l/J(Z,,(/z - ‘C’j) + lp(_za/Z - gj)

Py = (6)

Assuming that the set of sensors used to detect the single mean shift of the group of
physical variables F = (F1, Fp, ..., F}is S = {5k}, k € 1,2, ... , n}, the mean shift &, of Fy is
monitored by sensor Si. If Sy € S is the sensor such that the causal effects of F; on Sy are
the largest among all the sensors in S, Fy = argmaxsies (7;;); then, the control chart on F
has the minimum ARL for detecting . Therefore, the following proposition can be given
under a BN framework to ensure the inclusion of all the physical variables, 7, whose mean
shifts are detectable by S.

Proposition. Given the sensor set S ={S1, Sy, ..., Smi to detect the assignable variation in the
series of physical variables, F = {Fq, Fy, ..., Fy} (m <n), a mean shift ¢; in F; € F can be detected
by S, if the following conditions are fulfilled:

& >zyp— (1 — (@fgi>1>, )

where @Y. is an upper bound according to specific domain standards of Shewhart control charts.

1,8,’

Proof of Proposition. As shown in the control chart, F has the minimum ARL in detecting
&, and q:;%l& > Q‘)l,g]. can be obtained, meaning that

¥(zas2 =€) = P(—2as2 —€j) <1-— (©%{3i) 8)

For both the positive and negative mean shift ¢;, )(—z,/» — ¢j) = 0, the above equa-

-1
tions can be summarized as §(z,/, — €j) <1— (@%{SJ . Taking the inverse function of

{(-) on both sides of the above equation and reorganizing the abovementioned equations
results in Equation (7). Therefore, the detectability of the set of physical parameters can be
determined according to Equation (7) when the average running length and the range of a
single mean shift are specified. [

3. Accelerometer Allocation Based on Coupled Computational Fluid Dynamics-Discrete
Element Method (CFD-DEM) Simulations

The wet stirred-media mill is more efficient than conventional grinding techniques,
such as tumbling mills, for fine and ultra-fine grinding. There is a dearth of online internal
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state information for the manufacturer to effectively optimize the grinding process. Com-
puter simulations based on the CFD-DEM coupling method provide a means to estimate
hidden process variables online, such as the bead-bead impact energy, which cannot be
directly measured during the operation of an actual wet stirred-media mill. Experimental
studies and computer simulations have demonstrated that the impact energy among beads
is related to the grinding rate [30,31]. Moreover, it has been recently reported that the
impact energy among beads in a wet-stirred mill can be determined through the impact
energy of the bead wall, which can be detected by accelerometers mounted on the mill’s
shell via proper signal processing [32]. Although the CFD-DEM coupling method allows a
massive amount of bead-wall impact data to be collected over the entire wet-stirred mill
boundary, data collection must be constrained in a systematic approach that is generally
only sensitive to bead—wall impact events on the mill’s shell. This action can ensure that ac-
celerometers are placed at the positions of strong surface vibrations generated by repeated
bead-wall impacts.
The comminution process in wet stirred-media mills is a time-varying dynamic process.
Two conditions must be fulfilled to fully break product particles in a specific time. The first
is that the number of bead—wall collisions per unit time must be sufficient, and the second
is that the intensity of each bead—wall collision must be sufficiently high. To meet these
conditions, a stress model is developed to better describe the grinding mechanism in a wet-
stirred media mill [33]. Two parameters can demonstrate the basic concept underlying the
stress model: the first is the stress number, SNy, which denotes the number of bead-wall
collisions per unit time, where every bead—wall collision is called a stress event. The
second is the stress intensity, SI,,, which denotes the magnitude of the bead-wall impact
energy or force at each stress event. Thus, a measure for SNy, can be derived according to
Equation (9):
SNpw = &n - s - Ny - tg, )

where &, 15, N, and ty are the scale factor, rotation speed of the stirrer, number of beads in
the chamber, and grinding time, respectively. Derived from the kinetic energy of the beads,
the stress intensity Sl is the other essential parameter that characterizes a comminution
process, and it can be represented as follows:

Y —1
SIbw:ﬁwdg.vi-pb-(H;;) , (10)
where B, dy, v, and py, are the scale factor, the bead’s diameter, the bead’s absolute velocity,
and the bead’s density, respectively. Y, and Y}, are the Young’s moduli of the product
particles and the bead material, respectively. Therefore, the impact energy of the beads to
the chamber wall, E;;,, can be described by the product of the stress number, SN, and the
stress intensity, S, which can be determined using Equations (9) and (10), respectively:

Ebw = Swa : SIhw (11)

The selected measurement parameter is the impact energy of the beads on the chamber
wall, which can be detected using proper signal processing by accelerometers mounted on
the chamber shell. The zones where the accelerometers are installed must be constrained
systematically and are generally only sensitive to bead—wall impact events under certain
operating conditions. Therefore, the following definitions can be given under the bead-wall
impact events used to identify the sensitive areas on the chamber wall under different
operating conditions.

Definition. Supposing that the accelerometers are mounted on n zones of the chamber shell, under
m disparate operating conditions, the sensing data are detected by accelerometers in the n zones

of the chamber shell, and the average impact energy, Eww,j( 1<i<m,1<j<mn),isobtained
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via proper signal processing. Next, the sensitivity index of each zone on the chamber shell, ST;,
1 <j <n, can be defined as follows:

L {em(-m))

] 3F6
m Ebw

/ (12)

~ 1 —i ~ =i
where Eyyj = 53021 Epjand Ey = argmax | ;< {Ebw,j}'
1<j<n

The sensitivity index ST describes the extent of sensitivity of each zone of the chamber
shell to changes in the operating conditions. The larger the value, the more sensitive the
zones are to changes in the operating conditions. Allocating sensors in this area is more
economical and efficient.

To assist in sensor allocation by determining desirable physical sensor locations that
are generally sensitive to the bead-wall impact zone surrounding the chamber wall,
the chamber shell of the wet stirred-media mill is split into 30 zones of different sizes
(I-1,1-2, ..., V-6), which produces 30 individual bead-wall impact time series data sets for
each simulation. Therefore, the different zones of impact energy along the length of the
chamber shell can be identified via proper signal processing. Figure 1 shows these zones.

I

18 ! 18 ! 18 |

M%M":

S

>
Figure 1. Schematic plot of the chamber shell and monitoring zones.

Coupled CFD-DEM simulations were performed to collect the bead-wall impact event
data over the entire boundary of the wet stirred-media mill. The software packages used
were EDEM?2018 (version 4.0.0, academic adaption, released by the UK DEM Solutions)
for the DEM simulations and Workbench (version 19.1, academic adaption released by
the ANSYS, Inc., Canonsburg, PA, USA) for the CFD simulations, which were coupled
using the EDEM2018-Fluent19.1 compile interface files. The degree of filling investigated
for the beads ranged from 70% to 90%, the bead diameter ranged from 0.8 mm to 1.6 mm,
and the stirrer speed ranged from 1000 rpm to 1400 rpm, determined in accordance with
the recommendations of Root Industrial Co., Ltd. (Coimbatore, India). A set of seven
simulations were completed under different loading and rotation speed combinations.
The 30 zones were analyzed to determine the zones generally sensitive to the fluctuations
in bead-wall impact energies, which are characterized by the aforementioned sensitivity
index ST. With reference to Figure 1, Figure 2 shows that Zones I-5, I-6, I11-4, and III-6 are
the most sensitive to changes in the operating conditions of the wet stirred-media mill.
Under normal circumstances, Zone Il is affected by the local filling rate of the beads and the
dynamic balance of the internal bead cycle [32]. Therefore, the bead—wall impact energy



Appl. Sci. 2023,13, 7140

8 of 14

of this area is insensitive to different operating conditions. Zones IV and V are the areas
where the diffusion wheel is located and are mainly applied for product particle dispersion,
rather than crushing. This action also directly leads to the insensitivity of these areas to
changes in the operating conditions. Therefore, considering the limited sensor location
space, the cost constraints, and the goal of eliminating redundant sensing data as much as
possible, the sensor layout is only performed in Zones I-5, I-6, 11I-4, and I1I-6.
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Figure 2. Sensitivity index to the bead—wall impact energy fluctuation in 30 boundary zones.

4. Sensor Allocation Model and Algorithm

The optimal sensor-deployment problem is a “minimum set covering problem”, mean-
ing that the optimized sensor set will contain the minimum number of sensors to meet
certain restrictions. To maximize the precision of the sensor network for the physical pa-
rameter estimation of the wet-grinding system, the model developed for sensor allocation
design comprises a measurement of the estimation quality of physical parameters or state
variables in the objective function. The precision of the sensor network for physical param-
eter estimation mainly depends on two factors: the first is the reasonable arrangement of
the sensor, and the second is the data-acquisition accuracy of the sensor set. The latter is
contingent on the precision of the sensor itself. Here, the detection accuracy of the sensor
network is indicated by the data output deviation index, ;,;, which represents the data
output precision of the ith type sensor used to observe the jth type physical parameters;
that is,

Viesj = %{1 + (Ci)d"fxxi}' (13)

1

where 0; € § is the measurement deviation of the sensor itself, x; is the number of the ith
type sensor placed to monitor the system operations, and C; € 1 is the ith type sensor failure
probability. d;; is a binary bipartite variable that indicates the cause-effect information
between parameters and sensors, which has the following characteristics:

_ | 1 S; to observe F;
(i) rrs = { 0 otherwise 19

Equation (13) shows that the data output deviation index of the sensor set, y;_,;, is
decided by the measurement deviation of the sensor itself, and it considers the influence
of the sensor failure rate. d; ; = 1 means that the physical parameter F; can be observed by
sensor S;. In this case, the data output deviation index, 7; ,;, is the superposition of the
measurement deviation of the sensor itself and the deviation caused by the sensor failure.
Examples of this include the non-linearization of the sensor data output generated by the
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external environment or sensor aging. Similarly, d; ; = 0 means that no sensor is arranged at
the position to observe the physical parameter F;, that is, x; = 0. In this case, the data output
deviation index, Yiosj, 18 considered to be infinite, which becomes meaningless in industrial
applications. Sensor deployment aims to achieve the minimum data output deviation index
and sensor costs under the constraints of the mean shift detectability. Mathematically, this
can be expressed as

Min : max(vyi_,j) = mux{% (1 + (Ci)di,jxxi) }

Min : ;(Ci X ?(%JZ%‘)) (15)

-1
Subject to : €j > zy /5 — p! (1 - (q)il,ei) )
X; € A

The abovementioned formulation is based on minimizing the maximum data output
deviation index 1y;_,; among all of the sensor sets. This outcome is based on the philosophy
that a chain can be no stronger than its weakest link. Equation (15) achieves overall
minimum data output deviation and sensor costs under the mean shift detectability of
the physical variable. Sensor allocation was formulated as multiple objectives on the data
output deviation index (primary) and sensor costs (secondary) under the constraints of
the mean shift detectability. Under MOO conditions, the minimum sensor covering set is,
in fact, a Pareto optimal set. An exhaustive search algorithm is a possible solution, which
enumerates and tests the candidate solutions one-by-one in a certain order to determine the
solutions that meet the requirements. However, it is almost impossible to obtain the optimal
solution in polynomial time [25]. Mathematical programming can also be employed to
achieve a good solution. However, it is sensitive to the shape of the Pareto frontier and
must be differentiable for the objective function and the constraints. Comparatively, the
metaheuristic algorithm is not subject to such restrictions and is considered a potential and
powerful tool to solve MOO problems. Therefore, this work uses the shuffled frog leaping
algorithm (SFLA) for sensor-deployment optimization in a wet-grinding system [34].

5. Case Study

The zirconia powder production line of Root Industrial Co., Ltd. was used to validate
the precision of the sensor-deployment approach proposed for parameter estimation in the
wet-grinding system. Figure 3 shows the zirconia powder production process flowsheet.
Zirconia powder and deionized water are first ground in a vertical ball mill to reach a
certain initial product particle size, thoroughly mixed in a stirring tank, cooled by a heat
exchanger, and pumped into a sand mill for grinding. After grinding, the slurry is returned
to the stirring tank for mixing, and then to the grinding mill for circulating grinding after
passing through the heat exchanger. When the product particle size meets the requirements,
the slurry is sent to the drying tower for drying and storage. To provide high-precision,
reliable, and relevant parameters for the online prediction of slurry product particle size,
considering the causal relationship between the parameters and the spatial arrangement
of the sensors, a total of 12 sensing stations are set up for the effective acquisition of these
physical parameters (Figure 4).

The graphical model of BNs is developed to portray linear causal relationships between
the physical parameters. The path coefficient is calculated according to Equation (2), which
illustrates the causal features of BNs (Figure 4). Due to the product particle size (F18)
being a variable that must be predicted, there is no need to calculate the path coefficient.
Table 1 presents the features of the sensors and the physical parameters. Sensor information
about the wet-grinding system is taken from the accumulation of empirical data for actual
industrial production at Root Industrial Co., Ltd. The table also shows that not every
physical parameter requires a sensor to pick up relevant information owing to the inherent
causal relationships among them.



Appl. Sci. 2023,13, 7140 10 of 14

< WG-150-L1E
Waste gas
150580 150580 150580
_ CW-50-L1E
Cleaning water g 4 sohes
505
— )F rq DW-80-L1E 5055 1/
80562 80532 80>32
w L
g lly ulaly AR RE
I o=} S T’ o = ia d 8 QE gf L
2T3 Q 373 ¢ 2
Big 5 3| B0 3| i3 MEL L 8G
h h by 5, SN, SO ' "
] €

40>32

Vertical Ball Mill Vertical Ball Mill

To dry tower

_ CW5-40-L1E-H6l
old water in

CW5-40-L1E-H60

R101A E101 G120 R101B
— ] — —
Stirring Tank Heat Exchanger Sand mill Stirring Tank

Figure 3. Zirconia powder production process flowsheet and sensing locations.

Figure 4. Causal features of Bayesian networks for the wet-grinding system.
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Table 1. Sensors and physical parameters for the wet-grinding system.
Accurac Sensor
No. Sensor Sets (S) (61%) y Failure Rate Cost ($) Sensing Location (SL) Physical Parameters (F)
° (F1%)
1 S10: Ultrasonic sensor 0.5 0.02 200 SL1g: Ultrasonic sensing station Fy: Bead filling rate
2 F,: Rotor critical speed
3 Sq1: Laser caliper sensor 0.1 0.5 200 SLi;. Laser caliper station Fs: Bead diameter
4 F4: Grinding power
5 S,: Concentration sensor 0.3 0.2 300 SL,: Concentration sensing station Fs: Slurry concentration
6 Si2: Viscosity sensor 1 0.1 100 SL12: Viscosity sensing station Fe: Slurry viscosity
7 S3: Liquid flow sensor 1 0.1 240 SL3: Liquid flow sensing station F7: Slurry flow
8 Fg: Diaphragm pump outlet pressure
9 S1: Gas flow sensor 1 0.1 120 SL1: Gas flow sensing station Fo: Air consumption
10 Fyo: Air supply pressure
11 Fi1: Bead density
12 Sg: Torque sensor 0.1 0.1 300 SLo: Torque sensing station F12: Motor torque
13 S4: Speed sensor 0.1 0.1 50 SL4: Speed sensing station Fi3: Motor speed
14 Ss: Power meter 1 0.02 40 SLs: Power sensing station F14: Motor power
15 Se: Pressure sensor 0.5 0.1 50 SL¢: Pressure sensing station Fi5: Pressure in grinding drum
16 S7: Temperature sensor 0.1 0.01 60 SLy: Temperature sensing station Fig: Slurry temperature
17 Sg: Accelerometer 1 0.01 150 SLg: Vibration sensing station Fi7: Bead-wall impact energy
The performance evaluation of a multi-objective optimized sensor layout requires
further research. A systematic analysis should consider operability and economics [35].
Therefore, the data output deviation index and sensor cost are proposed as the optimization
targets under the constraints of the mean shift detectability for each physical parameter in
BNs. The aforementioned SFLA is used to accomplish this task, which is compared with
two sensing layouts: the directed graph (DG), with a greedy-based approach, and saturated
sensing. According to the actual industrial application monitoring requirements, the level
of significance « = 0.05, the mean shift ¢; = 3, and the upper bound for ¢;, (Dile_ = 4, are
<
recommended by Root Industrial Co., Ltd. The basic parameters of SFLA are selected as
follows. The number of memeplexes is 40, the number of frogs in each memeplex is 80,
the number of frogs selected from each memeplex is 40, the local iteration number within
each memeplex is 20, the maximum step size allowed to be adopted by a frog after being
infected is 1, and the convergence criteria of SFLA are satisfied if at least one frog would
carry the “best memetic pattern thus far” for 15 consecutive shuffles. Table 2 presents the
results for all three sensing layouts.
Table 2. Results comparison for the wet-grinding system.
Maximum Data
Approach Sensors Selected No. of Selected Output Deviation Avel:ag'e Cost Utilized
Sensors Deviation Index
Index
BN with SFLA 1S5, S5 (2), Se (2), S7, Sg (2), So, S11) 10 0.505 0.2827 1740
DG with reedy {S], Sz, 53, S4, 55, 86, 57, Sg, 59, Sn, 512} 12 1.1 0.6018 1810
Saturated sensing 51,8 (2), 53,542, 55,5 ), 57(2), 1.1 0.4321 3020

Ss (2), Sg (2), S10 (2), S11, S12 (2)}

Comparisons are conducted from the perspectives of the maximum data output
deviation index, the total cost of the selected sensors, and the average deviation index in
the wet-grinding system. The cost utilized is simply a summation of all the sensor costs
chosen in the deployment. The average deviation index is the data output deviation index
per sensing location selected to arrange the sensors. Table 2 shows that the maximum
data output deviation index in the wet-grinding system fell from the saturated sensing’s
and DG’s value of 1.1, to the BN'’s value of 0.505; the average deviation index decreased
from the saturated sensing’s value of 0.4321 and DG’s value of 0.6018 to the BN’s value
of 0.2827. The total cost of the sensory system also reduced from the saturated sensing’s
value of 3020 and DG’s value of 1810 to the BN’s value of 1740. Thus, it is concluded
that, with the inclusion of the causal features of BNs and quantitative information of the
sensory system, BNs with SFLA-based sensor deployment modeling effectively enhance
the accuracy of parameter estimation and the economy of sensor layout. The following
reasons could account for this: while allocating the sensors, the DG with greedy-based
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sensor deployment always tries to select the sensor node with the most edge connections
with the physical parameter nodes. If the other sensors also cover the physical parameter
nodes, the arcs connected to these sensors must be deleted. The traversal is continued until
the sensor with the lowest number of arcs is selected to cover all the physical parameter
nodes. It is observed that the greedy DG does not consider the causal relationship between
physical parameters and the quantitative features of sensor nodes. Hence, a DG with a
greedy-based approach has a higher data output deviation (DG’s value of 0.6018 > BN’s
value of 0.2827) and higher sensor costs (DG’s value of 1810 > BN’s value of 1740). In
industrial practice, the number of sensors tends to increase at every sensing location to
further reduce the data output deviation, resulting in saturated sensing. Redundant sensing
can effectively reduce the data output deviation (saturated sensing’s value of 0.4321 < DG’s
value of 0.6018). However, it also dramatically increases the cost of the sensing system
(saturated sensing’s value of 3020 > DG’s value of 1810); it may be cursed with overload on
the post-processing data, which is also one of the main reasons why the sensor deployment
needs to be optimized.

6. Conclusions

Optimal sensor deployment is essential for system abnormality detection in quality
engineering. This paper aims to develop a BN with an SFLA-based sensor deployment
methodology that can process the cause—effect relationship between physical variables, the
quantitative heterogeneous properties of sensors, and multiple-objective optimization in
a wet-grinding system. A BN is created to represent the causal relationships among the
physical variables by employing the path model in the wet-grinding system. A prescribed
detectability requirement is developed as a constraint for MOO to ensure all the physical
variables whose mean shifts are detectable by the sensor set. To facilitate the identification of
sensitive areas of the chamber wall under the bead-wall impact events for various disparate
operating conditions, coupled CFD-DEM simulations are performed to collect the bead-
wall impact event data. The sensing location of accelerometers mounted on the chamber
shell is determined using proper signal processing. By introducing the SFLA, a strategy of
optimal sensor placement is proposed to minimize the maximum data output deviation
index among all sensor sets and minimize the sensory cost under the constraints of the
mean shift detectability, thus achieving optimum sensor deployment. The performance of
the proposed strategy was tested and validated for the zirconia powder production process.
The results illustrate that, in comparison to a DG with greedy and saturated sensing, a BN
with an SFLA-based strategy can acquire a lower maximum data output deviation index,
average deviation index, and sensory costs. It can be easily integrated into monitoring
architecture for parameter estimation in complex systems such as drum-grinding systems,
cutting processing systems, and multistation assembly processes. Future research should
focus on integrating the proposed sensor-deployment strategy into wet-grinding systems
and adaptively adjusting the sensor deployment according to the data output accuracy of
physical variables, creating a dynamic framework between the sensor deployment and the
performance metrics of the wet-grinding system.
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