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Statistical design of experiment (SDE) methodology applied to design and performance testing of
plasma-sprayed coatings follows an evolutionary path, usually starting with classic multiparameter
screening designs (Plackett-Burman), and progressing through factorial (Taguchi) to limited response
surface designs (Box-Behnken). Modern designs of higher dimensionality, such as central composite and
D-optimal designs, will provide results with higher predictive power. Complex theoretical models relying
on evolutionary algorithms, and application of artificial neuronal networks (ANNs) and fuzzy logic
control (FLC) allow estimating the behavior of the complex plasma spray environment through vali-
dation either by key experiments or first-principle calculations. In this review, paper general principles of
SDE will be discussed and examples be given that underscore the different powers of prediction of
individual statistical designs. Basic rules of ANN and FLC will be briefly touched on, and their potential
for increased reliability of coating performance through stringent quality control measures assessed.
Salient features will be reviewed of studies performed to optimize thermal coating properties and pro-
cesses reported in the pertinent literature between 2000 and the present.

Keywords Artificial Neuronal Networks, D-optimal designs,
fuzzy logic control, statistical design of experi-
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1. Quality Implementation

Owing to the chaotic nature of the plasma spray
process, the structure and properties of coatings produced
by this technique are subject to stochastic fluctuations.
Consequently, many intrinsic and extrinsic parameters and
their generally complex interactions affect in a nondeter-
ministic way the properties and hence the in-service per-
formance of plasma-sprayed coatings. It has been good
practice for a long time to select those sets of parameter
that are known to influence coating structure and prop-
erties to the largest extent, and to run a series of experi-
ments with these statistically distributed parameters. As a
result, the directions and magnitude of trends can be
estimated with confidence, and a protocol established to
manufacture coatings on an industrial scale that will
adhere to stringent quality control measures and be
monitored by statistical process control (SPC).

An important aspect of industrial plasma spray tech-
nology is the development and implementation of quality
control and assurance protocols to ensure consistency of
properties. Because a multitude of spray parameters can
potentially influence coating properties in a nonlinear
way, parameter optimization involves statistical experi-
mental design procedures. Such procedures provide a
maximum of information on the anatomy and behavior of
a system with a minimum number of experiments. This
very favorable experimental economy will save time and
resources, and hence money. General principles of mul-
tifactorial analyses and several case studies have been
reviewed by Bisgaard (Ref 1), Heimann (Ref 2), and
Pierlot et al. (Ref. 3).

Total Quality Management (TQM) is a complex system
of several innovative and interacting disciplines including
enlightened management philosophy (‘‘Achieving success
through the work of others’’), psychology of work orga-
nization (‘‘Control the process, not the people’’), and
engineering and scientific expertise. It involves the
concept of continuous improvement (CI) (in Japanese:
Keizen; see for example, Ref 4) that can be divided into
three groups: implementing quality tools, developing
quality philosophy, and executing management style. To be
successful in TQM, it is mandatory that all three units are
closely linked, and interact smoothly and continuously
since it is generally not sufficient to improve only one or
two of these pillars of TQM. Thus TQM is more than just
a quality evolution but a system of CI of the process (CPI)
and the product.
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Statistical design of experiments (SDEs) is the backbone
quality tool of TQM. Using SDE, many of the factors can
be screened out that crucially control the process and/or
the product performance. Closely associated with SDE is
statistical experimental strategy (SES) that attempts to
answer important questions at the start of a research
program such as the number of experiments needed, the
number and ranges of the parameters to be selected,
the costs of the program, the equipment and manpower
needed, the duration, etc. Likewise important is the initial
selection of the quality characteristics that the experi-
mental program is supposed to satisfy, i.e., the customer
expectation. This will allow declaring with confidence
what exactly the analyses of the experimental data will
teach the experimenter about the system under investi-
gation. Linking SDE with SES will establish a successful
way to plan and execute experiments at conditions
that will result in meaningful, i.e., valid and statistically
accurate and precise conclusions.

An important element of TQM is quality function
deployment (QFD). The customer defines the ‘‘quality’’ of
the coating in usually nonengineering terms, i.e., a set of
desired properties that must be unequivocally adhered to.
This information supplied by the customer is analyzed by
the R&D team and transformed into engineering design
and specification requirements. If this is being done
properly, the final coating will have the predefined
‘‘quality’’ even if the customer as a nonexpert cannot
explain clearly this desired ‘‘quality’’ in realistic engi-
neering terms.

2. Principles and Examples of Statistical
Design of Experiments

2.1 Screening Designs

In a real experimental program, the screening designs,
in particular Plackett-Burman-type designs (Ref 5), are
the starting point for any investigation of a completely
unknown system. They serve to screen out the few really
important, i.e., statistically significant variables that stand
out over a background of a large number of possible ones
with a minimum of test runs hence separating true signals
from experimental noise. Plackett-Burman designs are
fractions of an N = 2p factorial for which N is a multiple
of 4. Although they allow a tremendous reduction in
experimentation, there is no estimate of synergistic non-
linear parameter interactions. In fact, only estimates of
main effects clear of each other can be obtained. Exam-
ples of calculation of factor effects and determination of
factor significance can be found in Ref 2.

Generally at the outset of an experimental investiga-
tion, there already exists basic knowledge about the
influence of parameters commonly varied within a design
matrix. Hence there is a tendency to skip screening
experiments and immediately proceed to designs with
higher power of resolution such as those discussed below.
However, there may be costly pitfalls as this will poten-
tially lead to type II (ß) errors, i.e., the conclusion that a

factor effect is not significant when it actually is. A recent
example of successful application of an 8-run Plackett-
Burman screening design is the optimization of thickness
and porosity of glazes with confidential composition
flame sprayed (oxyacetylene, stoichiometric ratio 0.6, total
gas flow rate 50 slpm) onto hydraulic binder substrates
(Ref 6). The four factors investigated include (i) powder
feed rate (20 or 30 g/min), (ii) stand-off distance (90
or 150 mm), (iii) traverse speed (7 or 15 cm/s), and
(iv) scanning offset (1 or 3 mm/pass). Coatings thickness
varied between 374 ± 34 and 1191 ± 34 lm and coating
porosity between 9 and 20 vol.%. It was found that the
most significant factor was the stand-off distance: low
stand-off produced maximum coating thickness with
minimum porosity.

2.2 Factorial Designs

2.2.1 Full Factorial Designs. Factorial designs permit
the estimation of the main (linear) effects of several fac-
tors, Xi simultaneously and clear of two-factor interac-
tions, {XiXj}. The total number of experiments, N is
obtained by running experiments at all combinations of
the p factors with L levels per factor, i.e., N = Lp for a full
factorial design. In particular, two-level factorial designs
(L = 2) are highly useful for a wide variety of problems.
They are easy to plan and to analyze, and readily adapt-
able to both continuous and discrete factors. Such designs
provide adequate prediction models for responses without
a strong nonlinear behavior in the experimental region.
However, for best results the responses Y should be con-
tinuous, and have uniform and independent errors. This
means that (i) the experimental error must have approx-
imately the same magnitude at all experimental points,
and that (ii) the size and sign of error at any one experi-
mental point must not be affected by the sizes and signs
of errors that occur at other experimental points. If
requirement (i) cannot be guaranteed a logarithmic
transformation of the responses Y is often advisable.
With factor coding as discussed above, using the so-called
Yates order (Ref 7) and randomization of the experi-
mental trials, factor effects for each main effect and two-
factor interaction are calculated. The computation of
factor effects and residuals can also be quickly and
accurately accomplished using the IYA (inverse Yates
algorithm; Ref 8).

Recent work using full factorial designs includes the
deposition of NiAl 95-5 and NiAl 65-35 coatings with and
without aluminum or zinc bond coats on graphite rein-
forced polymer surfaces deposited by plasma, flame, and
wire arc spraying to optimize microhardness, erosion
resistance, and electrical conductivity. The effects of
coating materials composition, power level, and standoff
distance were studied using full factorial 23 designs
(Ref 9). An identical design was applied to mimic the
microstructure of HVOF-sprayed MCrAlY bond coats on
IN738 substrates by using APS technology to improve
oxidation and spallation life. The parameters varied
were the secondary gas flow rate, the arc current, and
the powder feed rate. Desirable levels of porosity and
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oxidation approaching those typical for HVOF coatings
were achieved by reducing the particle size in a second
optimization design experiment (Ref 10).

2.2.2 Fractional Factorial Designs. If the number of
parameters p to be estimated becomes larger than five or
six, a full factorial may not be appropriate anymore for
reasons of experimental economy. Then, fractions of a full
factorial can be run, i.e., N = 2p-q. In particular, half-
fraction of full factorials, N = 2p-1 estimate main effects
and two-factor interactions clear of each other.

Fractional factorial designs are useful in the following
situation (Ref 11):

� when some interactions can be reasonably assumed
nonexistent from prior knowledge,

� in screening operations where it is expected that the
effects of all but a few of the factors will be negligible,

� where blocks of experiments are run in sequence, and
ambiguities remaining at an earlier stage of experi-
mentation can be resolved by later blocks of experi-
ments, and

� when some factors that may interact are to be studied
simultaneously with others whose influence can be
described through main effects only.

Figure 1 shows response surfaces depicting the depen-
dence of the thickness of APS Cr2O3 coatings on the
plasma spray parameters arithmetic surface roughness of
the substrate X1 (4; 20 lm), plasma power X2 (29; 39 kW),
powder feed rate X3 (10; 40%), powder grain size X4

(�45 + 25; �75 + 25 lm) and spray distance X5 (80;
120 mm) varied according to a 25-1 fractional factorial
design of resolution V (Ref 12).

It could be shown that the coating thickness depends in
a statistically significant way on the main effects X1 to X4

and on the two-factor interactions X1X4, X1X5, and X3X4

yielding the regression polynomial

Ythickness ¼ 23� 15X1 þ 18X2 þ 70X3 � 27X4 � 15X1X4

þ 34 X1X5 � 20 X3X4: ðEq 1Þ

Interpretation of the contour plots shown in Fig. 1 pro-
vides deep insight into the interaction of the various
plasma spray parameters and hence the anatomy of the
system. The X1X5 plot (Fig. 1a) yields a saddle (col) sur-
face for intermediate parameter setting (X2 = 34 kW,
X3 = 25%, and X4 = 60 lm) resulting in average coating
thicknesses between 60 and 65 lm (yellow field). Only
with increasing substrate roughness and spray distance the

Fig. 1 Response surface contours showing the dependence of the thickness of APS Cr2O3 coatings deposited on steel St37 on the
arithmetic surface roughness of the substrate (X1), plasma power (X2), powder feed rate (X3), powder grain size (X4), and spray distance
(X5) (Courtesy: Dipl.-Min. Martin Erne, Leibniz-Universität Hannover, Germany)

Journal of Thermal Spray Technology Volume 19(4) June 2010—767

P
e
e
r

R
e
v
ie

w
e
d



thicknesses are varying appreciably caused by reduced
heat dissipation of the rougher surfaces at short spraying
distance. The X1X4 plot (Fig. 1b) obtained for constant
parameters X2 (34 kW), X3 (25%), and X5 (100 mm)
shows that the coating thickness strongly increases with
decreasing two-factor interaction X1X4. The reason for the
pronounced effect of the substrate roughness X1 relates to
the reduced adhesion of the coarse powder particles at the
very rough surface as well as a possible effect of surface
activation and insufficient heat dissipation. On the other
hand, during spraying of fine powder particles, the surface
activation provides excellent adhesion of the particles and
thus large coating thickness. Although the two-factor
interaction X2X5 was found to be nonsignificant during
evaluation of the factor effects, its response surface
(Fig. 1c) obtained for intermediate parameter setting
(X1 = 12 lm, X3 = 25%, and X4 = 60 lm) shows that the
coating thickness yields a high gradient at low plasma
power values. The low coating thickness at low spray
distance is likely related to insufficient melting of the
powder particles at low enthalpies and the fact that a high
proportion of nonmelted particles will erode the already
deposited material. Higher plasma powers result in a
higher proportion of melted particles and consequently in
higher coating thickness even at low spray distance.
Finally, the X3X4 plot (X1 = 12 lm, X2 = 34 kW, and
X5 = 100 mm) reveals that the coating thickness increases
steeply with decreasing two-factor interaction X3X4. The
maximum coating thickness will be realized for fine, well-
melted particles that are deposited with high feed rates on
a surface with low roughness (Fig. 1d).

A fractional factorial design at two levels with seven
input parameters (powder size, fuel gas flow rate, fuel-
to-oxygen ratio, spray distance, carrier gas flow rate, air
flow rate, and traverse speed) was applied to optimize five
coating properties: hardness, microstructure, adhesion
strength, tensile strength, and coating deposition rate of
HOVF-sprayed WC-Co and WC-CoCr coatings as a
replacement for hard chrome plating on aircraft landing
gear (Ref 13). During evaluation of the coating properties,
a pre-DOE parameter set was established; the test matrix
was later modified by experimental results to determine
the range of test conditions needed to provide reasonable,
measurable ranges of wear rates for the material combi-
nations in tests typically averaging not more than 48 h.
Then an L12 Taguchi matrix was employed with nine
parameters to evaluate the major potential sliding and
fretting wear factors, and finally an L8(24-1) Taguchi
matrix to quantify the relative contributions to sliding
wear performance of the major wear factors identified in
the L12 matrix. It was estimated that the use of HVOF
for C-130 landing gear components will result in a net
decrease in annual operating costs. The primary difference
between the deposition equipment used is the fuel type
utilized. The Diamond Jet 2600 uses hydrogen as a fuel,
the Diamond Jet 2700 uses propylene, and TAFA JP5000
uses kerosene. The difference in fuel costs is the reason
that the Tafa equipment shows a more positive NPV. A
reduced labor requirement with HVOF implementation
was the primary cost driver in this analysis.

2.2.3 Taguchi Designs. These designs are basically full
or fractional factorial designs using robust orthogonal
arrays of factors (Ref 14). The structure of the experi-
mental matrix frequently consists of an inner and an outer
array. The former contains the control factors, the latter
the disturbance variables, i.e., external factors subject to
unavoidable and uncontrollable oscillations around the set
point that will likely influence the process results. The
measure of the variation around the set point is the signal-
to-noise ratio S/N ¼ logðY2

=S2Þ, where S effect of signal,
N effect of noise, Y average of the response, and S stan-
dard deviation.

The aim of the design is to determine those combina-
tions of control factors that minimize the influence of the
disturbance variables while maintaining the desired set
point. While Taguchi designs are very popular in the
industrial praxis owing to their simplicity and easily
comprehensible internal structure, they have drawn criti-
cism from statisticians related to the overly simplistic
definition of the signal-to-noise ratio, deficiencies in sta-
tistical efficiency of the composite experimental design
matrix, and also the risk of confounding main effects and
factor interactions (Ref 15).

Saravanan et al. (Ref 16) used an L16(24) full factorial
Taguchi design to optimize the microstructure (porosity,
surface roughness, and microhardness) of plasma-sprayed
alumina coatings by varying four parameters (argon gas
flow rate, powder feed rate, plasma arc current, spray
distance) at two levels. Low porosity was obtained for high
argon gas flow rate and arc current, high hardness resulted
for high argon gas flow rate and low spray distance, and
low surface roughness was found for high argon gas flow
rate, arc current and spray distance, and low powder feed
rate. The same authors applied an L8(24-1) fractional fac-
torial Taguchi design to evaluate the effects of four det-
onation spray process parameters (acetylene-to-oxygen
ratio, powder carrier gas flow rate, detonation frequency,
and stand-off distance) on surface roughness, porosity,
microhardness, and abrasion mass loss of alumina coat-
ings. High fuel-to-oxygen ratio and low stand-off distance
promote coatings with higher hardness, lower porosity,
and lower abrasion mass loss (Ref 17-19).

Kucuk et al. (Ref 20) examined the mechanical
properties of Y-stabilized zirconia thermal barrier coat-
ings (TBCs), plasma-sprayed onto a NiCrAlY bond coat
using a 9-run L8(24-1) fractional Taguchi design with one
center point as well as a 17-run L16(24) full Taguchi
design with one center point, varying the YSZ top coat
thickness, tTC (300 or 500 lm), NiCrAlY bond coat
thickness, bond coat thickness, tBC (100 or 250 lm),
substrate temperature, TS (273 or 393 K) and stand-off
distance, X (80 or 100 mm). A multilinear regression
analysis on the four-point bending yield stress rYC and
elastic modulus EC suggested that coatings with thinner
bond and top coats sprayed onto a cold substrate lead to
coatings with maximum bending yield stress and modu-
lus. The calculated polynomials are

rYCðMPa) ¼ 461� 0:71tBC � 0:47TS (s:d: ¼ �106 MPa);

ðEq 2Þ
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ECðGPa) ¼ 198� 0:31tBC � 0:15TS � 0:07tTC

ðs:d: ¼ �40 GPa): ðEq 3Þ
Highly durable TBCs of low thermal conductivity were
deposited by a solution precursor plasma spray (SPPS)
process (Ref 21). In this study, an L27(33) Taguchi full
factorial design was employed to optimize the process.
The spallation lifetime of SPPS TBCs (ZrO2-7wt.% Y2O3;
250 lm) on a CoCrAlY (100 lm) bond-coated Ni-based
superalloy substrate deposited under optimized processing
conditions was reported to be more than 2.5 times that of
a conventional plasma-sprayed TBC using the same sub-
strate and bond coat. The superior durability of SPPS
TBCs was thought to be associated with their micro-
structures that include (i) a ceramic matrix containing
micrometer- and nanometer-sized pores, (ii) the presence
of very fine splats (0.5-5 mm), (iii) through-thickness
cracks, and (iv) improved ceramic-to-bond coat adhesion.
The in-service failure of coating by buckling spallation
occurs within the ceramic top coat, near the ceramic-bond
coat interface.

Application of Taguchi design methodology to deposit
bioconductive hydroxyapatite (Ref 22) and titania
(Ref 23) coatings on Ti6Al4V alloy substrates by plasma
spraying showed that primary gas flow rate and spray
distance were the decisive factors that influence coating
surface roughness and porosity that are both known to
control osteoblast vitality, adhesion, and proliferation.

CrC-NiCr and FeNiCr alloy coatings intended for
protection of aluminum injection mould tooling were
deposited by HVOF and APS, and their adhesion opti-
mized using an L18 five parameter, three-level fractional
Taguchi design. The five parameters investigated were the
flow rates of oxygen, propane and air as well as the
powder feed rate, and the stand-off distance (Ref 24).
The coating bond strengths were prominently dependent
on powder feed rate and propane gas flow rate.

A thorough study was recently performed (Ref 25) of
the influence of seven independent parameters including
solid content (10% or 30%), auxiliary gas type (He or H2),
complex torch condition, injection feed rate (1.3 or
1.8 kg/h), powder grain size (nano- or microsized), sub-
strate roughness (achieved by blasting with #24 or #60
mesh alumina grit), and traverse speed (0.6 or 2 m/s) on
six dependent response properties including particle
temperature and velocity, coating porosity, horizontal and
vertical crack spacing, and deposition rate of alumina-
zirconia coating deposited by axial injection suspension
plasma spraying (SPS). Presumably a Taguchi-type frac-
tional factorial design was applied even though the con-
tribution did not reveal the number of runs from which the
degree of fractionation could have been determined. The
most influential variables were those that directly affect
particle velocity and temperature, i.e., type of auxiliary gas
and torch conditions. More specifically, particle velocity
was predominately controlled by intrinsic parameters such
as total gas flow rate, plasma power, and plasma gas
composition whereas particle temperature was mainly
dependent on extrinsic feed stock-related parameters such
as solid content, particle size, and powder feed rate. This is

well in accord with the hierarchical parameter dependence
shown in Fig. 2 (Ref 26) considering that plasma tem-
perature appears to control particle velocity.

To optimize the bond strength of a self-fluxing NiCrBSi
coatings deposited by flame spraying onto mild steel, a
Taguchi fractional factorial design with four variables
(preheating temperature of substrate, spraying distance,
type of oxy-acetylene flame, and surface roughness of the
substrate) was applied and validated by additional con-
firmatory experiments performed with the optimum
parameter settings (Ref 27).

A Taguchi L16(27-3) design in parameters plasma
current, argon flow rate, hydrogen flow rate, spraying
distance, spraying angle, cooling, and traverse speed was
utilized to optimize the deposition efficiency, roughness,
porosity, and thermal conductivity of TBCs produced
from plasma-sprayed hollow Y-PSZ spheres. Special
attention was devoted to the relationship between the
thermophysical properties of TBCs and their porous net-
work, described by image analysis. Since even for coatings
produced with the same type of powder the thermal con-
ductivity cannot be linked with a single parameter char-
acterizing their porosity, details of the porous network,
i.e., the relative amount and orientation of macropores

Fig. 2 The development of coating properties shows a three-
tiered hierarchy relating extrinsic parameters Xi and intrinsic
plasma, particle, and coating properties. First level: intrinsic
plasma spray parameters X1 to X8, second level: temperatures
of plasma, particles and substrate, third level: particle velocity,
degree of melting, and degree of bonding (Ref 26)
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and microcracks have to be considered. In coatings dom-
inated by macropores, the thermal conductivity decreases
with increasing volumetric amount of macropores whereas
in coatings dominated by microcracks the thermal con-
ductivity is related to the proportion of microcracks ori-
ented parallel to the substrate-coating interface (Ref 28).

2.3 Box-Behnken Designs

Box-Behnken designs (Ref 29) are incomplete three-
level factorial designs that allow an estimation of the
coefficients in a second-degree graduating polynomial.
They employ subsets of the corresponding full three-level
factorial, 3p. For example, the three-factor design uses
only 13 of the 27 points of the full factorial 33 with two
extra replicates of the center points added, for a total of 15
experimental points of a spherical space-filling* and
rotatable design. Another desirable feature of such
designs with p > 4 is the possibility to run it in separate
blocks of experiments. Such orthogonal blocking permits
to subtract out the effect of a shift of response between
blocks, and thus to remove bias errors due to differences
in extraneous variables not considered in the design. The
15 data points in the three-factor Box-Behnken design are
five more than the minimum number of 10 required to
estimate the coefficients of the design (three linear main
effects, three parabolic main effects, three-two-factor
effects, and one-three-factor effect). Thus, it provides five
degrees of freedom for error. Orthogonal blocking is
possible for designs from four up to ten factors. Rotat-
ability is associated with the geometrical properties of the
design, i.e., the arrangement of the array of data points,
except for the center point, to be at the mid-points of the
edges or faces of a hypercube whose dimensionality is
given by the number of factors considered. Hence all
points are situated on a single hypersphere and are thus
equidistant from the center. This means that the design is
balanced by the mathematical momentum condition. The
replicated center point allows (i) to estimate the minimum
factor significance, i.e., the inherent experimental error,
and (ii) to give constant prediction variances as a function
of distance from the center.

It is good experimental strategy to employ such Box-
Behnken-type designs at a rather advanced stage of
experimentation when the number of potentially signifi-
cant factors has been narrowed down to three to six con-
tinuous factors. As pointed out by Bisgaard (Ref 1), even
considering the nonlinearity of responses in plasma-
sprayed designs does not warrant, for reasons of experi-
mental economy, three-level factorial designs in the initial
stage of experimentation. Thus, second-order effects
should be dealt with exclusively when they actually show
up in the set of data, and not only because the experi-
menter suspects that the system under investigation may
show some global nonlinearity! When switching from two-
to three-level designs any discrete, i.e., noncontinuous

factor effect must be considered constant. The response
surface obtained through a Box-Behnken RSM-design
provides usually a high-quality prediction over a region
where linear, parabolic (curvature), and two-factor inter-
actions are needed to describe a response of the system, Y
as a function of the coefficients of the independent input
parameters Xi obtained by a full quadratic polynomial for
p independent parameters:

Y ¼ b0 þ
X

bjXj þ
X

bjj;XjXj0 þ
X

bjjX
2
j ; ðEq 4Þ

with j > j0.
Electromagnetic (permittivity) and mechanical (micro-

structure, hardness, deposition efficiency, fracture tough-
ness, and modulus of rupture) properties of alumina-silica
(mullite) coatings were optimized using an RSM approach
(Ref 30). A two-step design supported by a nonlinear
regression model was applied to optimize the properties of
plasma-sprayed stabilized zirconia coatings (Ref 31).

2.4 Designs of Higher Dimensionality

Three levels are the minimum number for each factor
to describe accurately nonlinear (curvature) effects. To
add additional power of prediction to a Box-Behnken
design, it is advisable to use more than three factor levels
(see for example Ref 32). One popular class of response
surfaces is the central composite or Box-Wilson (Ref 33)
design that employs five levels for each factor. It is com-
posed of a full two-level factorial 23 with added center
point(s) plus six star points outside the cube planes
defined by the four points of the two-level factorial. The
geometrical shape of the resulting five-level design is a
tetrakishexahedron whose 14 vortices, i.e., design points
surround a k-time replicated center point. This polyhe-
dron is ‘‘cuboidally’’ space-filling and can be described as
the dual polytope of a cuboctahedral Dirichlet domain
(Voronoi polyhedron, Ref 34). Examples of such a design
used to determine the fractionality of Cr2O3 coatings have
been described by Zimmermann (Ref 35), and Reisel and
Heimann (Ref 36).

A central composite design was applied by Wang and
Coyle (Ref 37) to optimize the process of deposition by
solution precursor plasma spraying of porous 8YSZ-
40vol.%Ni coatings on sintered PSZ discs intended to be
utilized as anodes for SOFCs. A 34-run six-factor frac-
tional small composite design (SCD, Ref 38) of resolution
III was used in which the main effects are confounded with
two-factor interactions. The six factors investigated were
(i) hydrogen gas flow rate (1, 2, or 3 slpm), (ii) arc current
(570, 600, or 630 A), (iii) solute flow rate (4, 5.5, or 7 g/
min), (iv) solution concentration (0.25, 0.37, or 0.5 mole),
(v) distance between nozzle and gun (0.3, 0.8, or 1.3 cm),
and (vi) stand-off distance (6, 7, or 8 cm). The coefficients
of the quadratic model equations for predicting deposition
efficiency (10 significant factors) and porosity (19 signifi-
cant factors) were fitted and the model adequacy checked
by plotting the residuals on a probability net. The models
were used successfully to select process parameters which
generated coatings with the desired porosity at relatively

*Note that the factorial designs are considered to have a
‘‘cuboidal’’ or ‘‘hypercube’’ factor space whereas the true response
surface designs have a ‘‘spherical’’ factor space.
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high-deposition efficiency. Physical-based explanations of
the empirical relations between the processing parameters
and the responses, i.e., the deposition efficiency and the
porosity were discussed with reference to experimental
observations and theoretical considerations.

Flame-sprayed Al-12wt.%Si coatings on low carbon
steel for automotive application were optimized using a
central composite design with three factors (oxygen
flow rate, acetylene flow rate, and stand-off distance) at
three levels. Optimum levels of hardness, thickness, wear
rate, and porosity were found for 1.03 m3/h oxygen flow
rate, 0.73 m3/h acetylene flow rate, and 58 mm stand-off
distance (Ref 39).

2.5 Neyer D-Optimal Designs

This test was designed to extract the maximum amount
of statistical information from the test samples (Ref 40).
Unlike the other statistical test methods described above,
this method requires detailed computer calculations to
determine the test levels as it uses the results of all the
previous tests interactively to compute the next test level.

There are three parts to this test. The first part is
designed to ‘‘close-in’’ on the region of interest to within a
few standard deviations of the mean, as quickly and effi-
ciently as possible. It thus resembles a Plackett-Burman
screening test which indeed is D-optimal (Ref 41). The
second part of the test is designed to determine efficiently
the unique estimates of the parameters. The third part
continuously refines the estimates by validation tests once
unique optimized estimates have been established. Since
the estimate of the standard deviation is used only until
overlap of the data occurs, the efficiency of the test is
essentially independent of the number of parameters used
in the test design.

This experimental design strategy has been applied to
optimize thickness and porosity levels of plasma-sprayed
tantalum oxide environmental barrier coatings (EBCs) to
protect silicon nitride-based ceramics (Ref 42). For the
first set of 20 runs, seven parameters based on historical
knowledge were varied at two levels: injector angle,
plasma power, total gas flow, percent hydrogen in plasma
gas, spray distance, carrier gas flow rate, and presence or
absence of air cooling, using a D-optimal based software
program (Ref 43). During the second round (N = 16),
three parameters varied in the first set (plasma power,
total plasma gas flow, percent hydrogen in the plasma gas)
were held constant at their optimized value. To the
remaining four parameters, two more were added, powder
feeder disk speed and robot scan rate, and varied at two
and three levels, respectively. Multiple regression analyses
were performed to determine the dependency of coating
thickness and porosity on the parameters selected in the
first and second set of trials. Since minimum porosity was
deemed more important for EBCs than thickness consid-
erations, the parameter levels resulting in the lowest
porosity were selected to run a third confirmatory set of
trials.

A D-optimal design was used to optimize in-flight
particle temperature and velocity, and oxide content and

porosity of atmospheric plasma-sprayed In625 coatings
(Ref 44). The factor effects investigated included
(i) powder grain size (25 or 78 lm), (ii) stand-off distance
(50 or 75 mm), (iii) powder feed rate (28 or 48 g/min),
(iv) arc current (550 or 750 A), (v) argon gas flow rate (55
or 65 slpm), and (vi) hydrogen gas flow rate (0 or 2 slpm).
Eight runs were sufficient to develop a model to estimate
oxide content and porosity. Both in-flight particle tem-
perature and velocity were found to be significantly
determined at 95% confidence level only be the powder
grain size. With the results of the first set of experiments
empirical model equations for the oxide content, the
porosity and the coating hardness were formulated and
validated by a second set of experiments with extended
levels of powder feed rate, arc current, and argon and
hydrogen gas flow rates. From this, it was concluded that
oxygen content was strongly (negatively) influenced at a
95% confidence level by the powder particle size, and
moderately (positively) by the stand-off distance, and the
argon gas flow rate. Coating porosity showed a weak
negative dependence on the stand-off distance, and like-
wise weak positive dependence on powder grain size and
arc current. Optimum spray conditions produced coatings
with <4% oxide content, <2.5% porosity, and 200 HK
hardness.

To determine the effects of processing parameters on
three properties of small particle plasma-sprayed alumina
coatings, i.e., permeability, hardness, and thickness, first a
fractional factorial 26-3 screening study was conducted.
Based on the results, a D-optimal design with 12 runs was
executed to probe the effects of four variables (plasma
power, spray distance, total plasma gas flow rate, carrier
gas flow rate) at three levels each. It was found that the
optimum conditions for low permeability did not correlate
with those for high hardness due to formation of defect
structures generated as a result of copious splashing dur-
ing splat formation (Ref 45).

2.6 Other Designs

The uniform design of experiment (UDE) methodol-
ogy was developed starting from principles of number
theory (Ref 46) by reducing the complete combination of
experimental parameters to fewer experimental runs uni-
formly distributed within the parameter space. Compared
with the conventional SDEs methods such as the Taguchi
and orthogonal design methods, the UDEs method further
reduces the number of experiment trials involving a large
number of factors that are arranged into larger numbers of
factor grades. This technique is, therefore, particularly
suitable to optimize thermally sprayed coating properties
involving many process parameters.

A table U10 (10253) of UDEs was employed to optimize
the properties of TiN coatings deposited by APS on AISI
304K stainless steel substrates (Ref 47). The effect of five
process parameters (arc current, powder feed rate, argon
gas flow rate, hydrogen gas flow rate, and spray distance)
on five responses (deposition efficiency, porosity, oxygen
content, microhardness, and fracture toughness) were
estimated. The process parameters were graded into ten
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(102: arc current between 460 and 550 A; powder feed rate
between 20.0 and 47.8 g/min) and five (53: argon gas flow
rate between 30 and 50 slpm; hydrogen gas flow rate
between 4 and 12 slpm; spray distance between 90 and
130 mm) levels and incorporated into ten spray trials; the
other process parameters were held constant. There
were significant linear relationships between deposition
efficiency, oxide content, microhardness, and fracture
toughness. Combinations of low argon flow rate (30 slpm),
high hydrogen flow rate (12 slpm), and a long spray dis-
tance (130 mm) are best suited to achieve optimum values
of deposition efficiency (45%), porosity (3.6%), oxide
content (24.2% relative), microhardness (775 kg/mm2),
and fracture toughness (2 MPa�m).

Applying an identical U10 (10253) statistical design
approach with the five process parameters arc current,
powder feed rate, argon gas flow rate, hydrogen gas flow
rate, and spray distance, the deposition efficiency, poros-
ity, and microhardness of Y-stabilized zirconia coatings
were optimized. Argon and hydrogen gas flow rates were
found to be the most significant parameters (Ref 48).

2.7 Process Mapping, Modeling, Expert Systems

The examples of application of SDE methodology
described above confirm amply the strong predictive
power of these techniques. Even though parameter vali-
dation has to be performed and adapted to industrial
requirements of TQM in conjunction with the powerful
tools of process mapping (Ref 49-55), numerical simula-
tion (Ref 56-60), high throughput screening (Ref 61), and
application of expert systems (Ref 62-65), SDE provides a
relatively quick, easy and economical assessment of the
dependence of desired coating properties on a potentially
large number of independent plasma spray parameters. In
particular, it is very easy to comprehend the anatomy of
the designs and to relate causes and responses by simple
algorithms. However, the attainment of optimum coating
properties will in many cases require more than just con-
trolling the spray parameters since frequently contradic-
tory settings of parameters are called for to optimize
coatings for several properties simultaneously thus
necessitating compromises. Hence introduction of auxil-
iary systems (pre-treatment, post-treatment, other control
systems) is needed that control the surface state of the
coatings and/or the energy level of the total system by
providing additional degrees of freedom (Ref 66).

Some information is available in the literature dealing
with meta-analysis of datasets from published statistical
experiments. In particular, Frey et al. (Ref 67) provided
guidelines for the selection of experimental design strat-
egies. Based on meta-analysis of the results of detonation-
sprayed alumina coatings (Ref 19), it could be concluded
that if experimental error is small, i.e., less than a quarter
of the factor effect, or the interaction among control fac-
tors are large, i.e., more than one-quarter of all factor
effects, than rather surprisingly an adaptive one-at-a-time
strategy tends to achieve greater gains than provided by
orthogonal arrays. Investigation of regularities in the data
structure of factorial designs using 113 published datasets

(Ref 68) revealed the importance of effect sparsity, i.e., the
observation that generally a small number of parameters is
statistically significant, hierarchical ordering, i.e., the
observation that main effects tend to be larger than two-
factor interactions, two-factor interactions tend to be lar-
ger than three-factor interactions, etc., and effect heredity
(inheritance), i.e., the observation that in order for an
interaction to be significant at least one of its parent main
factor should be significant. Considering these regularities
in the selection of appropriate experimental designs will
greatly aid experimental economy.

Parameter optimization by SDEs is a vital step in pro-
cess control when moving to more elaborate approaches
based on principles of artificial intelligence (AI) such as
artificial neuronal network analysis (ANNA) and fuzzy
logic control (FLC).

3. Artificial Neuronal Network Analysis

The responses of coating properties to variations in
input parameters are complex and in most cases strongly
nonlinear (see above). Accordingly, to recognize param-
eter interactions, correlations, and individual effect on
coating properties, a robust methodology is required
(Ref 69) that also enables to respond to parameter con-
straints based on economic and equipment considerations.
Such a methodology has been found in ANNA based on
database training implemented by a learning algorithm
and supported by a set of experiments to predict property-
parameter evolution. ANNA (Ref 70, 71) offers several
advantages over the classical SDEs strategy. While treat-
ment of nonlinear (quadratic) behavior of the response
function Y in SDE requires a polynomial for p variables of
the form

Y ¼ b0 þ
Xp

i¼1

bixi þ
Xp

i¼1;j¼1

bijxij þ
Xp

j¼1

biix
2
i ðEq 5Þ

The response polynomial required for ANN optimization
of one output parameter Y depending on three input
parameters xi is

Y ¼ a0 ð1þ exp�ðai � xi þ aij � xij þ ajj � x2
j Þ

� ��1

; ðEq 6Þ

where the four coefficients a will be adjusted during the
training procedure. Accordingly, the number of experi-
ments NSDE required for a full factorial SDE is

NSDE ¼ ðNLÞNI; ðEq 7aÞ

where NL is the number of experimental levels and NI the
number of input parameters. The number of experiments
required for ANNA is smaller and yields

NANN ¼ a �NW ¼ a � ðNI þ NOÞa; ðEq 7bÞ

where NW is the number of weight parameter, NI and NO
are the numbers of input and output parameters, respec-
tively, and a is the so-called layer number (dimensionality
of the system) that determines the power of prediction.
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Additional strengths of ANNA consist of its ability to
disclose complex correlations with small structures, lack of
need for prior assumptions about input/output correla-
tions, and the advantage of using incomplete sets of
experiments, i.e., missing data can be tolerated by ANNA
in contrast to SDE in which the database has to be com-
plete, and hence missing data have to be replaced by
dummy values. Constraints also consist: the database has
to be representative, i.e., must show a good sampling of
the input/output correlation, and the phenomena repre-
sented by the predicted relationships must have a physical
relevance, hence forbidding the use of canonical variables
(Ref 72). Also, the mathematical treatment is more com-
plex and involved.

The mathematical concept of an artificial neuron was
first introduced by McCulloch and Pitts (Ref 73) to emu-
late the signal transmission by biological neurons in the
brain. Neurons receive input from one or more dendrites
and sum up these input signals to produce an output signal
(synapse). The sums of each node are weighted. The
function relating input and output is called the transfer
function, introducing nonlinearity to the system. A fre-
quently used canonical form of the transfer function is the
sigmoid (logistic or Verhulst curve), but other nonlinear
functions can also be used such a piecewise linear func-
tions or step functions, e.g., the Heaviside function (anti-
derivative of the Dirac delta function).

A basic function underlying ANNA is the expression

Yk ¼ u
Xm

j¼0

wkj � xj

 !
; ðEq 8Þ

where u = u(t) = 1/(1 + exp(�t)) is the sigmoid transfer
function and m is the number of inputs with signals x0

through xm and weights w0 through wm. Figure 3 shows
the simple scheme how input signals xi (i = 0… m) are
connected to the output signal Yk (k = number of layers)
by the transfer function u. The output signal Yk propa-
gates to the next layer (k + 1) through a weighted synapse.

Guessasma and Coddet (Ref 72) presented an instruc-
tive example of the power of ANNA by predicting
porosity levels of alumina-13% titania coatings deposited
throughout execution of 19 sets of experiments with a total
of 126 samples. The input parameters varied were the
plasma arc current (I, 350-750 A, reference value: 530 A),
the argon primary gas flow rate (A, 40-70 slpm, reference
value: 54 slpm), the hydrogen secondary gas flow rate
(H, 0-50 slpm, reference value: 35 slpm), the carrier gas
flow rate (CG, 2.2-4.2 slpm, reference value: 3.2 slpm),
and the powder feed rate (Dm, 7-22 g/min, reference
value: 22 g/min). Spray distance (125 mm), spray angle
(90�), injector diameter (1.8 mm), and injection distance
(6 mm) were kept constant throughout.

Background information on ANNA, training and test-
ing procedures, and implementation and adaptation to data-
bases were discussed by Guessasma and Coddet (Ref 72;
see also Ref 74). In particular, the training rule applied
was provided by a quick learning algorithm considering
weight update as a function of the previous and current
cycles until an optimum residual error occurs (Ref 75).

With the database obtained from the experiments
described above, an optimized artificial neural network
structure was developed as shown in Fig. 4. The database
was divided into three parts: 50% of the experiments were
assigned to fine-tune the weight parameters NW in the
training stage, 27% for the test of the network configu-
ration during the test stage, and the remainder to test
the generalization of the optimized network to predict
porosity values in the input parameter range outside the
experimentally applied values during the prediction stage.
Hence calculations were performed in the following
prediction ranges: arc current I fi 300-800 A; total gas
flow rate H + A fi 20-80 slpm; ratio of hydrogen/argon
gas flow rates H/A fi 0-50 slpm; carrier gas flow rate
CG fi 1.5-5 slpm; powder feed rate Dm fi 5-60 g/min.

As shown in Fig. 4, the first layer of the ANNA (k = 1)
contains the five input parameters I, A, H, CG, and Dm,
the first hidden layer (k = 2) contains seven neurons, the

Fig. 3 Input signals Xi with weights wijk are connected to the
output signal Yk through the transfer function u. This scheme is
the graphical representation of Eq 8

Fig. 4 Artificial neuronal network structure used to predict the
porosity (output) of plasma-sprayed alumina-13% titania coat-
ings as a function of the input parameters I, H + A, H/A, CG, and
Dm (modified after Ref 72)

Journal of Thermal Spray Technology Volume 19(4) June 2010—773

P
e
e
r

R
e
v
ie

w
e
d



second hidden layer (k = 3) contains three neurons, and
the output layer (k = 4) yields the predicted porosity. To
compare predicted and experimental porosity values, each
input parameter was varied individually, keeping the
others at their reference values. Previously obtained
information on the possible anatomy of the system con-
firmed that with only two hidden layers, a correct opti-
mization could be obtained (Ref 76).

Using ANNA, the experimentally obtained porosity
levels P (2-10%) were found to be dependent on all five
input parameters to yield the following equations:

1: Arc current:

Pð%Þ ¼ 6:26þ 3:28� 10�5I2 � 5:14� 10�8I3; r2 ¼ 0:83

2: Total gas flow rate:

Pð%Þ ¼ 7:3þ 0:01� ðH þAÞ; r2 ¼ 0:42

3: Hydrogen=argon ratio:

Pð%Þ ¼ 10:13� 0:09� ðH=AÞ; r2 ¼ 0:93

4: Carrier gas flow rate:

Pð%Þ ¼ 16:58� 6:34CGþ 1:10CG2; r2 ¼ 0:38

5: Powder feed rate:

Pð%Þ ¼ 5:45þ 0:1Dm; r2 ¼ 0:93:

The low regression coefficients of relationships two and
four were attributed to the scatter of the experimental
results around the mean values.

The predicted parameter effects are 68% for input
parameter I between 350 and 750 A (i.e., the predicted
decrease of porosity from 9% to about 2.5% corresponds
to 68%), 4% for H + A between 40 and 70 slpm, 34% for
H/A between 13% and 50%, 9% for CG between 2.2 and
4.2 slpm, and 19% for Dm between 7 and 22 g/min. Hence
the porosity of plasma-sprayed alumina-13% titania
coatings decreases strongly with increasing arc current
(nonlinearly) and hydrogen/argon ratio (linearly), i.e.,
plasma enthalpy, and decreases somewhat with decreasing
powder feed rate (linearly), i.e., less cooling of the plasma
jet under decreasing dense loading condition. The contri-
butions of the total plasma gas flow rate (linearly) and the
carrier gas flow rate (parabolically) are weak. Based on
these results, the predicted individual control factors were
arc current I, hydrogen fraction H/A, and powder feed
rate Dm. Taking into account interaction of all parameters,
the control factors were the arc current and the hydrogen
fraction. Then porosity levels <2% could be achieved
with the following parameter setting: I > 425 A, H/A >
37.4%. As expected, minimum porosities are being gen-
erated by increased heat transfer in-flight from the plasma
to the particles, and reduction of viscosity of the molten
droplets and hence increase of the flattening ratio n during
impact.

Artificial neural network analysis has been successfully
applied to control important properties such as porosity,
hardness, and wear behavior of several types of coatings

including alumina-13% titania (gray alumina) (Ref 64, 72,
77-80), zirconia (Ref 81), and SiC-filled PEEK for appli-
cation in novel bearings (Ref 82). Neural networks were
applied to implement process control via an optical diag-
nostic system with the goal to increase process robustness.
Parameter optimization was done by SDE considering the
effects of the noise factors electrode wear and injector
wear (Ref 83). Predictive control of thermal spray pro-
cessing was attempted through neural networks using
SDE as a training tool (Ref 84-86). In this context, it also
appears worthwhile to mention a new associative classifi-
cation algorithm developed for manufacturing data min-
ing, in particular applied to control thermal spray
processes. The algorithm uses elementary set concepts,
information entropy, and database manipulation tech-
niques to develop important relationships, i.e., knowledge
attributes between input parameters and output responses
(Ref 65).

4. Fuzzy Logic Control

This approach is rarely used to optimize the properties
of plasma-sprayed coatings. Noticeable exemptions can be
found in Ref 87-90. FLC is a knowledge-based method-
ology that translates human linguistics into an optimized
model of controllable reality using a set of fuzzy rules and
membership functions. It is an organized and mathemati-
cal method of handling inherently imprecise concepts such
as the nonlinear dependence of the thickness of plasma-
sprayed coatings on a multitude of input parameters. This
uncertainty originates from the chaotic nature of the
coating process in which infinitesimally small changes in
the input parameters cause large and in general nonde-
terministic changes in the output parameter, i.e., coating
properties. Nonlinearity is introduced by stochastic arc
root fluctuation as well as entrainment of parcels of cold
air by chaotic pulsation caused by the turbulent action of
the plasma jet. As far as heat transfer is concerned,
nonequilibrium distributions of the phases of plasma
waves cause electromagnetic and magneto-hydrodynamic
turbulences that affect the local magnetic field strength,
B and the electrical current density, j. Consequently their
cross-product, the Lorentz force (j 9 B) fluctuates rapidly
and with it the plasma compression (‘‘z-pinch’’). Finally,
the local thermal equilibrium breaks down on a scale that
is small compared to the overall volume of the plasma jet.
Then, the system enters the realm of a ‘‘heat transfer
catastrophy.’’ This phenomenon can be tentatively
described in terms of stability theory by an elementary
cusp catastrophy of co-dimension two (Riemann-Hugoniot
catastrophy) (Ref 2).

The FLC system consists of several units including a
‘‘fuzzificator,’’ an inference engine containing a database
and a rule base, and a ‘‘defuzzificator’’ (Ref 91-93).
Figure 5 shows a flow chart of a fuzzy logic controller
coupled with Taguchi-structured control factors designed
to optimize the thickness of plasma-sprayed ZrO2-
8%Y2O3 TBCs (Ref 87). Coatings were deposited under
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statistical variation of seven input parameters at three
levels and one parameter at two levels according to an
orthogonal L18(2137) fractional Taguchi design. The
operating parameters Xi were the number of traverses
(A: 5; 8), the accelerating voltage (B: 65; 70; 75 V), the arc
current (C: 550; 600; 650 A), the traverse speed of the
plasmatron (D: 20; 25; 30 mm/s), the stand-off distance
(E: 80; 100; 120 mm), the powder feed rate (F: 20; 25;
30 g/min), the carrier gas flow rate (G: 5; 6; 7 slpm), and
the primary plasma gas flow rate (H: 50; 55; 60 slpm).

According to Jean et al. (Ref 87), a fuzzy system is
defined as

f : U ¼
[n

i¼1

Ui � Rn ) V � R; ðEq 9Þ

where U and V are input and outputs, respectively, and R
refers to the rule base. Each fuzzy rule R can be expressed
by a Boolean conditional �If-Then� statement as follows:

Rule i : If input parameter X1 is Ai1 and X2 is Ai2

and . . . Xn is Ain then Yi is Bi; ðEq 10Þ

for i = 1, 2,… m. The terms Ain are linguistic sets* associ-
ated with the inputs Xn, the output Yi is determined by the
linguistic terms Bi. The range of inputs were partitioned
into the three linguistic sets S (small), M (medium), and
L (large), the range of outputs into a set of nine mem-
bership functions: SS (small small), VS (very small),
S (small), SM (small medium), M (medium), ML (medium
large), L (large), VL (very large), and LL (large large).
The Mamdani centroid inference method (Ref 94) was

applied to defuzzify the output membership functions to
obtain a valid prediction (see Fig 5).

From ANOVA, the three factors accelerating voltage
(B), stand-off distance (E), and carrier gas flow rate (G)
were found to affect the coating thickness most, account-
ing for 78.6% of the total experimental variance whereby
the individual percent contributions were about equal at
26%. Hence these highly significant factors were assigned
to a fuzzy logic controller with 27 fuzzy rules to predict the
outputs. From historical data, it was concluded that a
coating thickness of 50 lm was most desirable to guar-
antee maximum coating adhesion to the substrate.**
Applying the logic rules along with the Mamdani centroid
inference (Ref 94), the linguistic and membership values
for the outputs can be determined. In the particular case
described in Ref 87 out of the 27 fuzzy rules, only four
membership functions ‘‘fired,’’ i.e., fulfilled the require-
ments to accommodate the three significant factors to
minimize the coating thickness to a value as close as
possible to the desired 50 lm as indicated by a linguistic
output value SS. These rules are as follows:

Rule 6: If (B is S, E is M, G is L) then coating thickness SS.

Rule 9: If (B is S, E is L, G is L) then coating thickness
is SS.

Rule 15: If (B is M, E is M, G is L) then coating thickness
is SM.

Rule 18: If (B is S, E is L, G is L) then coating thickness
is SS.

Fig. 5 Flow chart of a fuzzy logic controller coupled with Taguchi-structured control factors (after Ref 87)

*These linguistic terms are at least semantically akin to �discrete�
variables in the much less involved screening designs of Plackett-
Burman type.

**It should be mentioned that adhesion of plasma-sprayed coatings
is not just a function of coating thickness which controls the residual
stress level, but other factors such as splat cohesion, substrate
roughness, temperature of the substrate, properties of the bond coats,
level of impurities and degree of oxidation play likewise important
roles.
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The coating thickness for the input parameter set with
A fi L, B fi M, C fi M, D fi L, E fi L, F fi
S, G fi L, H fi S has been measured to be 51.67 lm,
very close to the design value of 50 lm which compares
favorably to the defuzzyfied values of 51.41 lm. The fact
that for this parameter combination the signal-to-noise
ratio shows with �12.3 db, the largest value of all tests
confirms that the FLC design accurately predicted the
target coating thickness.

5. Conclusion

TQM of thermally sprayed coatings involves a chain of
events that must be implemented to arrive at a high-
quality process that will result in a high-quality product
that consistently meets demand and expectations of the
customers. The quality tools of this chain link research,
development, and product: Statistical Design of Experi-
ments (SDE/SES) identifies those plasma spray parame-
ters that significantly influence coating performance,
process-based Statistical Process Control including princi-
ples of AI such as neuronal networks and fuzzy logic
ensures consistency in the industrial production of coat-
ings through Taguchi-type control designs, and the Quality
Function Deployment translates consumer demands into
technical reality, i.e., engineering factors.
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