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Process 
 

Balachandar Guduri 

 

(ABSTRACT) 

 

The coatings produced by an atmospheric plasma spray process (APSP) must be of uniform 

quality. However, the complexity of the process and the random introduction of noise 

variables such as fluctuations in the powder injection rate and the arc voltage make it 

difficult to control the coating quality that has been shown to depend upon mean values of 

powder particlesô temperature and speed, collectively called mean particlesô states (MPSs), 

just before they impact the substrate. Here we use a science-based methodology to develop 

an adaptive controller for achieving consistent MPSs. We first identify inputs into the 

APSP that significantly affect the MPSs, and then formulate a relationship between these 

two quantities. When the MPSs deviate from their desired values, the adaptive controller 

based on the model reference adaptive controller (MRAC) framework is shown to 

successfully adjust the input parameters to correct them. The performance of the controller 

is tested via numerical experiments using the software, LAVA-P, that has been shown to 

well simulate the APSP. The developed adaptive process controller is further refined by   

using sigma („ adaptive laws and including a low-pass filter that remove high-frequency 

oscillations in the output. The utility of the MRAC controller to achieve desired locations 

of NiCrAlY  and zirconia powder particles for generating a 5-layered coating is 

demonstrated. In this case a pure NiCrAlY  layer bonds to the substrate and a pure zirconia 

makes the coating top. The composition of the intermediate 3 layers is combination of the 

two powders of different mass fractions.  By increasing the number of intermediate layers, 

one can achieve a continuous through-the-thickness variation of the coating composition 

and fabricate a functionally graded coating.   
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(GENERAL AUDIENCE ABSTRACT) 

 

Canned food sold in a grocery store have cansô interior surface coating with a polymer to 

increase the shelf life of the food.  Similarly, many parts in an automobile have coatings to 

protect them from corrosion and possibly wear and tear. A process used to produce these 

coatings is rather complex and involves several variables. An undesired change these 

variables affects the coating quality. Automatically controlling a coating process is like a 

cruise control in a car. It should detect which variables have changed and either take 

appropriate corrective actions or shut down the process if it cannot be corrected or alert an 

operator to stop the process.   

In this work we have developed a controller to adaptively adjust the input parameters for 

an atmospheric plasma spray process (APSP) often used to produce thermal barrier 

coatings in gas turbines and blades of aircraft jet engines. These coatings hinder the flow 

of heat from the hot exhaust gases to the blades thereby prolonging their life span.     
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1.1 Atmospheric plasma spray process 

Atmospheric plasma spray process (APSP) is a thermal spray process in which either metallic, 

ceramic, or both materials are sprayed on a prepared part of industrial equipment to be coated. 

The coating is formed due to the impact of high-velocity particles on the substrate. The torch 

ignited by an electric arc generates plasma from gases flowing across it. The APSP, 

schematically shown in Figure 1.1, includes plasma generation, plasma and inȤflight particle 

interaction, and deposit formation on a substrate. In the APSP, the feedstock is introduced into 

a plasma jet that emanates from the plasma torch. The plasma plume shows unusual properties 

such as high temperature (up to 14,000 K), high velocity (up to 2.5 km/s), steep temperature and 

velocity gradients in the radial direction (up to 107 K/m and 5×105 /s), and low gas density (1/30 

to 1/50 of the room temperature gas) [1]. Typically, plasma jets are laminar inside the core and 

highly turbulent in the outer region. When they exit the torch nozzle, the resulting coalescence 

of vortices induces an engulfment process of the ambient gas with large-scale eddies entraining 

bubbles of cold gas [2]. In addition, arc root fluctuation on the anode wall can increase the 

turbulence and alter the enthalpy of the jet. 

 

Figure 1.1: Schematic view of the atmospheric plasma spray process [3] 

The feedstock can be injected either along or normal to the jet axis. Most industries prefer 

normal injection of the powder because the axial feed system can erode the anode wall and 

increase the complexity and handling of the process. In a normal feeding system, the feedstock 

may be fed into the plasma jet through a powder port (injector) in the hot core region of the 

plasma jet. Inter-particle collisions and collisions of particles with injector wall disperse particle 
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trajectories in the plasma jet. In addition, the in-flight particle characteristics such as the 

temperature, the velocity, and the size can be significantly affected by the condition of the 

plasma jet which can change the state of the molten part of particles. 

Molten or semi-molten particles hit the substrate at speeds in the range of 100-300 m/s. These 

particles spread on the substrate surface after impact and form a lamella referred to as ñsplatò. 

During the flattening time, generally a few microseconds, the splat re-solidifies before the 

flattening process is completed. Shortly after the first splat re-solidifies (order of a few tens of 

microseconds), a second splat impacts on the previous one. Within a millisecond, several splats 

pile up and can be termed as one pass. The thickness of the coating consists of several passes 

with coating thickness per pass ranging from 3 to 60 micrometers.  

The APSP is a common method to produce different types of coatings due to the capability of 

melting powder materials of high melting point. The APSP is very efficient and capable of 

producing functionally graded coatings. It is a cost-efficient method and is fit for different 

applications such as low porosity coatings, thermal barrier coatings, and wear-resistant coatings.  

Typical applications 

There are numerous applications of plasma sprayed coatings to protect the machinery 

components from wear, corrosion, erosion, and thermal and chemical attacks. The following is 

a list of applications where the plasma sprayed coatings have been successfully used [4]. 

1. Wear and erosion control of machinery parts and turbine vanes 

2. Particle erosion control in boiler tubes and superheaters of coal-fired power plants 

3. Wear control and improvements of many machinery parts including pump plungers, 

valves, bearings, and printing rolls 

4. Corrosion protection of engineering structures such as steel and concrete bridges 

5. Corrosion protection of machinery of internal combustion engines 

6. Thermal and chemical barrier coatings of pistons and valves in adiabatic diesel engines, 

aerospace turbine blades, and combustion cans 

7. Coatings for orthopedic and dental prostheses 

8. Abradable coatings in gas turbines 
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1.2 Necessity of control strategies in APSP 

1.2.1 Complexity of APSP 

An APSP involves nearly 200 interrelated process parameters most of which according to 

Bisson et al. are unquantifiable [5]. In Figure 1.2 we have shown schematics of typical process 

parameters. Complex interactions between plasma and particles [6], [7] significantly vary 

coating properties that affect the process repeatability [8]. Due to large velocity and temperature 

gradients in a plasma jet, even small changes in process parameters can significantly alter mean 

particlesô states (mean temperature and velocity of particles at the instant of striking the 

substrate, MPSs) and thus microstructure of the coatings [9], [10]. Even with the operating 

parameters set constant during the process, the MPSs can significantly change over time 

primarily due to noise variables such as electrode wear, powder port wear, grit blasting 

variation, pulsing of powder due to leaks, worn parts in the powder feeder, powder dampness, 

and powder lot variation.  

For developing methods to mitigate their effects on the coating quality, one needs to understand 

the root causes of the generation of noise variables. Common problems associated with electrode 

wear are erosion of the anode's inner surface and deposition of eroded parts of the nozzle in a 

coating. The general cause of electrode wear is arc root fluctuations in the plasma nozzle at high 

currents that drift and fluctuate the plasma jet.  

The turbulent plasma jet exhibits significant fluctuations due to an unsteady arc in the plasma 

nozzle and sharp noise from arc root fluctuations. These plasma jet fluctuations could limit the 

applicability of an APSP to high-precision applications. Since the quality of a coating depends 

on the melting characteristics of powder particles, the effect of turbulence in the plasma jet on 

particlesô state has been studied by a few researchers [11]ï[13]. Voltage measurements have 

indicated that a typical DC arc in a plasma nozzle exhibits three modes - the re-strike mode, the 

takeover mode, and the steady mode [11].    
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Figure 1.2: Typical APSP parameters and variables 

In the steady mode, the Lorentz forces due to arc current are balanced by the drag forces due to 

flow rates. This balance can be achieved by providing the high arc current with low gas flow 

rates. The steady arc voltage helps plasma jet flow to be laminar. However, this procedure is 

not suitable since the high arc current aggravates the erosion of electrodes and low flow rates 

decrease the plasma jet velocity; hence the particleôs velocity decreases. The most favorable 

modes of the arc are the takeover mode (if the plasma forming gas is helium, argon, or their 

combination) and the restrike mode (if the plasma forming gas is nitrogen, hydrogen, or mixture 

with argon). In these two modes, the drag forces due to flow rates are larger than the Lorentz 

forces, which push the anode arc root downstream and increase the arc length. Hence, the arc 
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voltage will rise until a new arc is formed. During the new arc formation, the arc length and 

voltage drop suddenly. This process is continuously repeated hence the arc voltage fluctuations 

are persistent and result in the plasma jet instabilities and entrainment of air into the plasma 

[11], [14].  

It has also been suggested that the length of the cold air boundary layer between the arc column 

and the nozzle wall strongly influences the arc fluctuation in a plasma jet. It has been 

emphasized that in the restrike mode, frequent large (>20%) and periodic (5-20 kHz) plasma 

power oscillations occur, which affect the in-flight particlesô state [12]. Apart from the arc 

fluctuations in the nozzle, the interaction of cold air with high-speed hot plasma leads to the 

formation of eddies and vortices. The typical nature of the turbulent plasma can be divided into 

the following three regimes: a transitional flow region with engulfment of cold gas eddies into 

the plasma jet and incomplete mixing in the vicinity of the torch exit, a region in which cold gas 

eddies and plasma gas eddies break down, and a thoroughly developed turbulent flow region as 

shown in Figure 1.3 [13]. Another dominant source of plasma jet fluctuation is the 

characteristics of the supplied power source [13]. Wenxia et al. [11] have studied the mechanism 

of fluctuations and their relationship with the generating parameters, and of the arc root 

movement on plasma jet in laminar, transitional, and turbulent regimes.  

 

Figure 1.3: Schematics of a plasma jet [13] 
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Other fluctuations in an APSP are associated with particle injection. The frequency fluctuations 

can be observed in the mass flow rate of particles. The particles are injected into the plasma 

along with the carrier gas. It is commonly found that changes in the carrier gas flow rate in the 

injector affect the mass flow rate. Furthermore, the mass flow rate could be affected by powder 

clogging possibly due to the powder agglomeration. Apart from fluctuations in the mass flow 

rate, randomly injected particles of different sizes follow different trajectories, which vary the 

particlesô states. The powder port wears due to the interaction of large and angular-shaped 

particles with the nozzle surface, which alters the shape of the injector and changes particlesô 

flow rates.  

Time scales of various instabilities in an APSP discussed by Vardelle and Fauchais are shown 

in Figure 1.4 [15]. With the particle dwell time taken as a reference, only arc root fluctuations 

have time scales lower than the reference time. Since other instabilities related to the plasma 

and particle injection have time constants higher than the reference time, therefore these 

instabilities will affect the heating and the acceleration of particles. The time constants of 

powder feeder instabilities and electrode erosion are significantly higher; hence it may be 

possible to mitigate their effects on particlesô states in a few seconds by varying the appropriate 

input operating parameters.  

 

Figure 1.4: Main instability times in an APSP [14] 

1.2.2 Human factors in APSP 

During spraying, human decisions regarding spray material, nozzle, powder port, gas type, 

primary gas flow, secondary gas flow, current, voltage, carrier gas flow rate, powder feed rate, 

spray distance, part/gun movement, coating thickness, plasma gas selection, atmosphere 
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selection (air or vacuum), geometric parameters, and substrate temperature affect coating 

properties. Other areas influenced by human decisions are pretreatments, cleaning, masking, 

grit blasting, and surface preparation of components to be coated.  

Human factors also play an important role in measuring coating properties and particlesô state, 

e.g., selection of methods to measure coating properties (destructive and nondestructive 

methods), the number of data points used and their locations to measure particlesô states, and 

sensitivity of the measuring instruments. Additionally, machine and equipment maintenance can 

affect process results [16]. In the powder delivery and injection system, there are many potential 

sources of problems: electrostatic charging, erosion wear, unstable feed of powder, powder 

segregation in the hopper, and many others. Some of them are well understood and can be 

resolved by the operator, but they can go unrecognized, ignored, or addressed too late, and thus 

can affect production. Components of the system should be regularly inspected, maintained, and 

properly assembled after inspection and maintenance [17]. 

Furthermore, human errors caused by boredom, operator fatigue, and an unfriendly working 

environment contribute to process variations. Additional factors that can cause errors are 

cleanliness of the working environment, improper maintenance of tools and equipment, 

misunderstanding of instructions, or a lack of information. These may have a significant effect 

on the plasma spray coating characteristics and may lead to poor quality of coating, while at the 

same time increase production cost through longer spray times and waste of feedstock, wear of 

torch components, and energy consumption. 

It is important to take steps to decrease human errors by providing some standard procedures. 

Operators should have enough education and be skilled. Additionally, the operator should 

thoroughly understand the process, operatorôs sheets, and instructions. The regular and 

consistent maintenance of tools and equipment can further prevent some of the problems. 

Furthermore, a necessity for an efficient process control system arises from the complexity of 

the process parameters, as has been discussed above, and the need to monitor and control the 

process for consistency and quality of coating, and to increase safety, reliability, economy, and 

operator comfort. Finally, automation is necessary for different areas of the plasma spray setups 

such as robot integration, part handling equipment, dust collector, data storage and monitoring 

of process parameters, spray exhaust, and system maintenance.  
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1.2.3 Literature review on control strategies in APSP 

Over the past decade, many researchers have realized the importance of control strategies in the 

APSP. The typical control strategy involves two parts ï the first part aim to predict the ideal 

inputs for the desired MPSs using response function of the MPSs in terms of the input process 

parameters and the second parts focus on minimizing errors between the desired and measured 

MPSs using a controller. A vast majority work in the literature aim to better relate input 

parameters, (e.g., current, gas flow rates) to outputs (e.g., particle temperature, velocity), coating 

properties, and coating performance.  

Vardelle and Fauchais [15] have provided insights into available diagnostic techniques for 

monitoring the output parameters and suggested a typical closed-loop control approach to keep 

them within desired limits. They emphasized that the repeatability and the reproducibility of 

thermal spray coatings can be affected by many factors such as errors associated with the design 

of parts to be coated, surface treatment methods, operators, pre- and post-treatment, and 

instabilities in the process. They discussed various time scales of these instabilities and their 

effects on the coatings. They stated that currently available control techniques only help to 

monitor the particle and the plasma states instead of controlling them. They suggested possible 

ideas to develop an online adaptive control system with standardized industrial procedures of 

gun movement, pre- and post-treatments, and various aspects related to spraying to increase the 

repeatability and the reproducibility of the sprayed coating. 

Fincke et al. [8] developed real-time diagnostics and control by monitoring the velocity and the 

temperature of particles as well as the shape and the trajectory of the spray pattern by varying 

the arc current, the primary flow rate, and the carrier gas flow rate. To achieve real-time control, 

a multi-input and multi-output (MIMO) proportional-integral-derivative (PID) controller was 

used. The drawback of this strategy is the complexity involved in the tuning of the appropriate 

initial parameters of the PID controller. Their approach does not involve the dynamics of the 

APSP. The convergence rate and the stability of the PID controller depend on the choice of 

appropriate initial gains.  

Guessasma et al. [18]ï[22] designed an expert system using neural computation for quality 

control of Al2O3-13 wt.% TiO2 coating fabrication using the APSP. They suggested that particle 
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characteristics such as the average velocity, the mean temperature, and the average diameter are 

the most pertinent indicators of coating properties and are characteristics of the coating 

reproducibility. An artificial neural network (ANN) model was developed by using a specific 

data set with the upper and the lower bounds of the process parameters such as the current, Ar, 

H2 and the carrier gas flow rates, the injector diameter, and the injector stand-off distance as 

input and the corresponding particlesô characteristics [18], and the coating characteristics such 

as the porosity level [22], the un-molten particle content, alumina and titania phase contents as 

output [19]. Other process parameters were kept constant. They developed a first approximation 

of the correlation between the input and the output parameters. The cross-correlation effects of 

input parameters were ignored in their initial model. It has been stated that the ANN can be 

incorporated into an online control system.  

Li et al. [23] developed a model based on the process estimation and control of the mean 

particlesô velocity and particlesô melting in a high-velocity oxygen fuel (HVOF) spray process. 

The model was first developed based on the plasma gas measurements, particlesô melting, and 

particlesô acceleration to estimate the particlesô velocity. Then, a feedback control system was 

coupled to the estimation model to regulate the volume-based average of particlesô velocity and 

their degree of melting by regulating the inlet gas flow rates. Furthermore, an adaptive filter was 

incorporated into the model to eliminate noise associated with particlesô measurements. Finally, 

a closed-loop proportional-integral (PI) controller along with an adaptive filter was considered 

to regulate the flow rates. Their work shows the feasibility of implementing real-time feedback 

control in an HVOF process.  

Srinivasan et al. [24] examined variability in particlesô states such as the temperature and the 

velocity and explored a few strategies to control them to improve the reproducibility of coating 

characteristics. In their work, an active sensor method (monitoring system with feedback 

controller) was used to control the particlesô states (the mean temperature and the mean axial 

velocity) by varying the primary gas flow rate and the current. They stated that the mean velocity 

is strongly influenced by the primary gas flow rate whereas the current and the hydrogen flow 

rate strongly influence the mean temperature. The primary gas flow rate was chosen to control 

the mean axial velocity, and the current to control the mean temperature. Since the variation in 

the secondary gas flow rate alters the voltage, the secondary gas flow rate was kept constant. 
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Their work shows the reduced variability in the particlesô states and the improvement in the 

coating reproducibility.  

Kanta et al. [25] developed an artificial intelligent (AI) system using an ANN to predict the 

spray processing parameters required for coatings with desired attributes using the APSP.  A 

significant large database of input process parameters such as current, total flow rate (Ar+H2), 

H2/Ar ratio, carrier gas flow rate, injector internal diameter, injection distance, standoff distance, 

feed rate, and scanning time step size are used to train the ANN model. They developed 

correlations using two ANN models for deposition yield and particle states (the mean 

temperature and the mean axial velocity) using 3 power process parameters (current, Ar+H2, and 

H2/Ar). Furthermore, they updated correlations by considering 9 (instead of three) process 

parameters and their influence on deposition yield. They concluded that the ANN model permits 

one to predict operating conditions as a function of the required coating structural properties.  

Kanta et al. [26] proposed a fuzzy logic (FL) analysis for the deposition yield of alumina-titania 

powder in an APSP. In this work, a behavior model based on the FL concepts was developed 

between deposition yield and process parameters (arc current intensity, plasma gas total flow 

rate, hydrogen content). Deposition yield represents the average thickness of a coating deposited 

on the substrate per pass. This model was shown to discriminate between the roles and effects 

of each process parameter. This model can predict the deposition yield based on offline 

experimental input and output data. The objective of the proposed FL analysis is similar to that 

of the ANN methodology as discussed in their earlier work [25].  

Kanta et al. [27] developed an artificial intelligence system using FL and ANN to predict the 

porosity of plasma sprayed alumina ï titania coatings. In this method, the FL and the ANN 

models were implemented in parallel to solve the same problem (i.e., predict the porosity). 

These models were developed from the experimental data of the porosity and the process 

parameters (arc current intensity, plasma gas total flow rate, hydrogen content). In this work, 

the prediction capabilities of the ANN and the FL models were compared, and it was concluded 

that the ANN model shows better prediction capability.  

Kanta et al. [28] used previously developed ANN and FL models to predict particlesô 

characteristics (mean temperature and mean velocity) as a function of the process parameters. 
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The predicted inflight particlesô characteristics for both models were compared with each other. 

Furthermore, the process parameters were determined for desired coating properties such as the 

hardness and the porosity. The particlesô characteristics measured for these predicted process 

parameters showed a better correlation with the ANN predictions than those with the FL models.  

Kanta et al. [29] used the FL controller to keep the inflight particle characteristics within 

prescribed bounds. They identified the effects of operating process parameters on particle 

characteristics and adjusted the process parameters in the presence of process disturbances to 

stabilize the in-flight particle characteristics. The FL controller uses a set of rules expressed in 

a language close to the human language (typically if-then format). This controller can execute 

those rules and computing the input signal to minimize the output errors. Despite the advantages 

of the FL controller such as simplicity and cost-effectiveness, this controller has many 

disadvantages. The rules are defined in linguistic languages, so the robustness of the controller 

is questionable. This controller requires extensive manual tuning of the controllerôs parameters, 

and it does not consider the effects of either nonlinear plant characteristics or characteristics of 

equilibrium state around which equations are linearized. 

Kanta et al. [30] applied ANN models to predict the particle characteristics (mean temperature 

and mean velocity) and process parameters (current, Ar+H2, and H2/Ar ratio) as functions of 

coating characteristics (deposition yield and porosity).  Initially, the process parameters were 

predicted as a function of the coating property (either deposition yield or porosity). For predicted 

values of process parameters, the in-flight characteristics were predicted using the second ANN 

model which was trained by using experimental data between the process parameters and the 

particlesô characteristics. Next, the process parameters were predicted as a function of both 

deposition yield and porosity. Similarly, the inflight characteristics are predicted based on the 

second ANN model. The overall developed ANN models proposed process parameter 

combinations for desired characteristics. 

Zhang et al. [31] used an ANN to study the effects of hydrogen flow rate on in-flight particle 

characteristics and coating properties for yttria-stabilized zirconia powder for the APSP. They 

developed two ANN models ï one to predict particlesô characteristics based on the hydrogen 

flow rate and the other to predict the coating properties (i.e., the porosity and the gas-specific 

permeability). Predictions from the two ANN models were found to agree with the experimental 
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data. It was shown that particlesô mean velocity was not significantly affected by the hydrogen 

flow rate, but particlesô mean temperature was strongly affected by it.  

Kanta et al. [32] implemented the developed AI system using the ANN and the FL controllers 

for online controlling of the APSP. Initially, the process parameters were predicted with the 

ANN model for desired particlesô characteristics and then used in the APSP. Differences 

between the measured and the desired particle characteristics were minimized using the FL 

controller. This controller used pre-defined rules to adjust the process parameters for 

maintaining constant particle characteristics. Their work has shown the applicability of the ANN 

controller to the APSP.  

Choudhury et al. [33] also used the ANN method to predict in-flight particle characteristics of 

an APSP using 6 process parameters (current, argon flow rate, hydrogen flow rate, argon carrier 

gas flow rate, injector standoff distance, and injector diameter). The predicted particle 

characteristics were found to compare well with the experimental data. They stated that the 

validity of the output is limited to the parameter space used to train the ANN.  

Planche et al. [34] developed an automatic system using elements of artificial intelligence (ANN 

and FL controller) and an emulator that replicated the dynamic behavior of a plant. In their 

work, two ANN models and two FL controllers along with the emulators were used. The first 

ANN model predicted the particle characteristics based on the desired coating properties. These 

predicted particle characteristics are used as input for the second ANN model for predicting 

required process parameters. The two FL controllers were used to correct the prediction errors 

associated with the ANN models. The emulator identified the dynamics of the plant by building 

a mathematical model using process parameters and particle characteristics data.  

Batra and Unchalisa [35] have studied effect of four process parameters, namely, the argon flow 

rate, the hydrogen flow rate, the powder feed rate, and the current on the MPSs using numerical 

simulations. Using the design of experiments, the sensitivities of the MPCs to process 

parameters were characterized. Next the relationship between the significant input process 

parameters and the MPSc were identified using two methods, namely, the least squares 

regression and the response surface methodology (RSM). Finally, optimization algorithm in 
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conjunction with the weighted sum method to find the optimum values of the process input 

variables to achieve desired values of the MPSs. 

If the effects of noise variables such as the electrode wear, the powder port wear, and the powder 

lot variations on particlesô characteristics are considered, then the above-mentioned control 

strategies developed for a fixed set of output-input data and FL or PID controller may not be 

valid. One needs to update the developed correlations over time during real-time monitoring 

and to adaptively adjust process parameters to minimize differences between the predicted and 

the desired outputs. Thus, it is necessary to design a simple, robust, and stable adaptive feedback 

controller for a nonlinear plant like the APSP process to cope up with the effects of various 

drifts and fluctuations.  

1.3 Modeling of APSP 

Note that the contents of this section have appeared in [36]. Here we study the APSP 

schematically shown in Figure 1.5. A typical simulation of the plasma spray process can be 

divided into two parts: (1) plasma generation and formation, and (2) particle injection, heating 

and acceleration. Due to the complexity of the plasma dynamics inside the torch, we follow 

many other published works and do not model the complex electromechanical interactions 

occurring within the gun. 

We note that the software LAVA [37], [38] was developed by Ramshaw and Chang  developed 

at the Idaho National Engineering and Environmental Laboratory (INEEL), can be used to 

analyze 2D axisymmetric temperature and velocity fields in the plasma jet, which is modeled as 

an unsteady, compressible, Newtonian, turbulent, and chemically reacting ideal 

multicomponent fluid mixture with temperature-dependent thermodynamic and transport 

properties [35]. Wan et al [5] generalized it to LAVA-P, which is a pseudo 3D code to predict 

the in-flight particle trajectories, temperature, and velocity. Xiong et al. [39] extended LAVA-

P to LAVA-P-3D by considering the injection of carrier gas (Ar) with the powder particles on 

the plasma jet.  Shang et al. [36] incorporated effects of turbulent modulation in LAVA-P-3D. 

Assumptions and governing equations for modeling of the plasma jet and the particle injections 

are given below. 
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Figure 1.5: Schematics of a typical DC thermal plasma spray process (top) and its split into 

two parts (bottom).  Here u = velocity, T = temperature, and subscripts f and p stand for 

plasma flow and particle, respectively [36]. 

1.3.1 Modeling of plasma jet 

Assumptions made to simulate the APSP are summarized below. 

1. Plasma jet is an axisymmetric, unsteady, compressible, Newtonian, turbulent, and 

chemically reacting ideal multi-component fluid mixture with only temperature-dependent 

thermodynamic and transport properties. 

2. The arc voltage fluctuations caused by the arc fluctuations are not considered. The mean 

value of the arc voltage is adopted, therefore, the amplitude of the temperature and the axial 

velocity at the nozzle exit remain constants. 

3. Plasma is in local thermodynamic equilibrium (LTE) and optically thin. 
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4. Chemical reactions among different species including ionization, dissociation, and 

recombination are considered. 

5. The effects of gravity and buoyancy on the plasma jet are neglected. 

6. Turbulence modulation due to the transverse injection of the carrier gas and the powder 

particles is not considered. 

One way to distinguish between compressible and incompressible flow in gases is to find the 

Mach number (speed of the flow/local speed of sound). For the Mach number greater than about 

0.3, significant compressibility effects may occur. Fauchais [40] has emphasized that all plasma 

flow models assume the flow to be incompressible even though the Mach numbers of the flow 

can be significantly more than 0.3. For the problems studied here, the Mach number in many 

computational cells exceeds 0.3 at ὸ σ άί when the flow reaches a steady state without 

particle injection. Accordingly, we have modeled the flow as compressible. 

The conservation laws of the mass of each species, the total mass, the total linear momentum, 

and the total energy of the thermal plasma are listed below as Eqs. (1.1) - (1.4): 
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Here ” is the mass density of the specie Ὥ, ὸ the time, ό the mean plasma velocity, ” the mass 

density of plasma, ὐ the diffusional mass flux of specie Ὥ, ” the rate of change of ” due to 

chemical reactions, ὴ the pressure, „ the viscous stress tensor, Ὧ the turbulent kinetic energy, ‐ 

the viscous dissipation rate per unit mass, Ὓ  the momentum source/sink term introduced by 

injected particles described in the next section, Ὡ the total thermal specific internal energy, ▲ the 

heat flux vector, Ὓ  the energy source/sink term introduced by injected particles, ὗ the rate of 

change of ”Ὡ due to chemical reactions [37], and ὗ the radiative heat loss, which is modeled 

as a simple temperature-dependent volumetric sink term [41]. Quantities Ὓ , Ὓ , and, Ὓ  

http://en.wikipedia.org/wiki/Incompressible_flow
http://en.wikipedia.org/wiki/Mach_number
http://en.wikipedia.org/wiki/Compressibility
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are the mass, the momentum, and the energy source term introduced by the carrier gas, which 

will be explained below.  

The diffusional mass flux, ╙, of specie Ὥ is given by 
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where subscript Ὡ denotes the quantity for a free electron, Ὀ is the laminar effective binary 

diffusivity of specie Ὥ, Ὀ ‘Ⱦ”Ὓὧ is the turbulent diffusivity, ‘ is the turbulent viscosity,  

Ὓὧ is the turbulent Schmidt number, ὴ is the partial pressure of specie Ὥ, ὴ is the total pressure, 

═ is the ambipolar forced diffusion flux, ή is the electric charge per unit mass of specie Ὥ, and 

a repeated index is not summed. 

The viscous stress tensor, Ɑ, is given by  

Ɑ ‘ ‘ ​ό ​ό ‗ ‗ ​Ͻό ╘ (1.7) 

 where ‘ is the molecular viscosity, ‗ is the second viscosity, ‗ ‘ and ╘ is the identity 

tensor. 

The heat flux vector, ▲, is given by 

▲ ὑ
ὧ ‘

ὖὶ
​Ὕ Ὤ╙ (1.8) 

 where ὑ  is the laminar thermal conductivity, ὧ  is the mixture specific heat at constant 

pressure, and ὖὶ is the turbulent Prandtl number. 

The viscosity and the thermal conductivity of the mixture are obtained by using the rule of 

mixtures from the mole fractions of the species, the temperature dependent viscosity and thermal 

conductivities of the species. These values at a given temperature are interpolated from the 

tabulated property values of argon, hydrogen, and air at different temperatures. The reaction 

contribution to the thermal conductivity is not included, as it is an indirect effect of species 
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diffusion which is automatically accounted for in the model as shown in Eq. (1.1).  Ionization, 

dissociation, and recombination of species Ar, Ar+, H2, H, H+, N2, N2
+, N, O2, O, O+, e-, OH, 

and H2O
 are considered. Details of these chemical reactions are given in [42]. Whereas the 

gravity force will bend the plasma jet downwards, the buoyancy force will bend it upwards. We 

note that the mass density of the plasma mixture is less than that of the air hence the effect of 

the gravity force on the plasma can be neglected as compared to that of the inertia force. The 

effect of the buoyancy on the plasma flow is considered in [43] where it is concluded that the 

plasma jet is nearly axisymmetric since the buoyancy force is negligible as compared to the 

inertia force. Similarly, the gravity and the buoyancy forces will have negligible effects on 

particle trajectories as compared to that of the viscous drag force. 

Even though there are many Reynolds averaged Navier-Stokes equations (RANS)-based 

turbulence models such as the standard k-Ů and its extensions, none of them is general enough 

to be applicable to every case. Out of these models, the k-Ů model is easy to implement, 

computationally inexpensive, relatively robust, and provides useful semi-quantitative results of 

acceptable accuracy. Therefore, the standard k-Ů model described by transport equations (1.9) 

and (1.10) is used in this work to simulate turbulence. 
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 In these equations ‘ is the viscosity, ὧȟὧȟὧȟ and „ are the model coefficients which equal 

1.44, 1.92, -1.0, and 1.3, respectively, and ‰ is the turbulence production due to viscosity. The 

turbulent viscosity ‘ is defined as ‘ ὧ”ὯȾ‐ in which ὧ πȢπω.  

We use the finite-difference computational algorithm for the temporal and the spatial 

differencing scheme given in [37] to numerically solve the system of equations under prescribed 

initial and boundary conditions (BCs). The temporal differencing scheme is a first order 

conditionally stable explicit method. The spatial difference approximations are derived by the 

control volume or the finite-volume approach. All terms other than the convection terms are 

evaluated as simple centered differences. Convection terms are evaluated by a weighted average 

of centered and upwind differencing, with the option of automatic local computations of the 

weighting factor. The time step for computing a stable solution is given by Eq. (47) of Ref. [37]. 

http://www.cfd-online.com/Wiki/RANS-based_turbulence_models
http://www.cfd-online.com/Wiki/RANS-based_turbulence_models


 

19 

 

Typically, it is less than the time taken for a wave to travel across the smallest cell in the mesh. 

The order of accuracy of the spatial scheme is not given in Ref. [37] but is anticipated to be 1.   

1.3.2 Modeling of particle injection 

The computation of powder particlesô velocities, temperatures and trajectories are based on the 

following assumptions: 

1. The viscous drag force acting on a particle is the only driving force. The force due to the 

thermal gradient can be of the same order of magnitude as the gravitational force, but here 

both are not considered relative to the drag force which is three or four orders of magnitude 

higher. 

2. Powder particles are rigid spheres, randomly vary in diameter, do not interact with each 

other, exchange heat with the plasma, can melt due to temperature rise, and the internal 

convection within a molten particle has a negligible effect on the heat transfer. 

3. A powder particle is regarded as a point mass for simulating its heating, melting, and 

solidification  

4. The volume fraction of the melted material is computed by considering the latent heat of 

melting. 

5. The effect of the carrier gas flowing through the powder port at ~ 5 slm on the plasma jet is 

negligible. 

Equation of motion for a particle: 

Particleôs motion is governed by Newtonôs 2nd law of motion. Thus, the acceleration of a particle 

equals the drag force divided by its mass,  
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Here ” is the particle mass density, ὶ is the particle radius, ◊  is the particle velocity, ◊  is 

the velocity of the particle relative to that of the plasma, ό is the turbulence dispersion that is 

taken as a random variable, and ὅ  the drag coefficient. The expression for the drag force 

coefficient ὅ , taken from [44], is  
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where ὙὩ is the Reynolds number of the particle, ‘ the plasma viscosity, Ὀ  the diameter of 

the particle, Ὢ Ȣ  is a correction factor for strongly varying plasma properties, and ὪȢ  is a 

correction factor that incorporates non-continuum effects. Expressions for Ὢ Ȣ  and ὪȢ  are  

Ὢ Ȣ
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Here ”  and ‘  (”  and ‘ ) are, respectively, the mass density and the viscosity of the plasma 

corresponding to the free-stream (the wall) temperature, ὥ is the thermal accommodation 

coefficient, ‎ is the ratio of specific heats, ὖὶ is the Prandtl number of the plasma at the surface 

temperature of the particle, and ὑὲ is the Knudsen number based on an effective mean free path 

length. In Equation (1.12), the velocity fluctuation u' represents the turbulence dispersion and 

is a random variable. Each component of u' is distributed according to a Gaussian distribution. 

It follows from Eqs. (1.11), (1.13) and (1.14) that the acceleration of a particle is inversely 

proportional to its volume.  

The momentum source/sink term, ╢ , introduced by the particle loading is given by  

╢
σ

ψ

‌”ὅ

ὶ
◊ ◊  (1.17) 

Here the superscript Ὧ indicates the Ὧ  particle, ὔὖ equals the total number of computational 

particles, and the particle volume fraction ‌  is given by  

‌

τ
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where ὶ is the radius of the Ὧ  particle, and ὠ  is the volume of the cell containing the Ὧ   

particle. The source term, Ὓ , is non-zero only in those computational cells that have particles 

injected into them. 

Particle energy transport: 

Using the lumped capacitance method, the particle heating and melting is governed by 

ὠ”ὅ
‬Ὕ

‬ὸ
ὃὬὝ Ὕ  Ὢέὶ Ὕ Ὕ  (1.19) 

ὠ”ὒ
‬…

‬ὸ
ὃὬὝ Ὕ  Ὢέὶ Ὕ Ὕ  (1.20) 

where ὠ is the volume of the particle, Ὕ the temperature of the plasma, Ὕ the particle 

temperature, Cp the heat capacity, ὃ the surface area of the particle, ὒ  the latent heat of fusion, 

Ὤ the heat transfer coefficient, and … the melt fraction of the particle.  

Heat transfer within the particle is significant when the Biot number (Bi = hrp/Kp) of a particle 

is higher than 0.1, because the temperature gradient within the particle can be large. For special 

shaped particle, a one-dimensional model for particle heating and melting is used and internal 

convection within the molten part of the particle. The temperature distribution inside the particle 

described as, 
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where the subscript ñpò represents the particle and the properties of powder such as the density 

”, the specific heat ὅ, and the thermal conductivity Ὧ are taken as local values. The boundary 

conditions for a particle with melting interfaces are given as, 
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 (1.22) 
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where ὶ is the radius melting interface and ὒ  is latent heat of fusion. An additional constraint 

must be applied to the re-solidification interface ὶ, i.e., 

Ὧ
‬Ὕ

‬ὶ
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‬ὶ
ὒ”

Ὠί
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 (1.25) 

In the Eq. (1.24), the heat flux at the particle surface can be expressed as following: 

ὗ τ“ὶὬὝ Ὕ
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 (1.26) 

where Ὤ is the heat transfer coefficient, ὒ is the latent heat of vaporization and is the film 

temperature defined as the average value of gas temperature in the cell where the particle is 

located. At the immediate vicinity of the particle surface: 

Ὕ
Ὕ Ὕ

ς
 (1.27) 

Considering heat transfer by convection, evaporation and radiation, the heat transfer coefficient 

is calculated as 

Ὤ
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 and Nusselt number is calculated as 
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 where fv is the factor accounts for the effect of mass transfer due to vaporization,  fprop is the 

factor represents the effect of variable plasma properties, fKn the factor account for the effect of 

variable plasma non-continuum and Kn is the Knudsen number. 

The internal energy source/sink term, Ὓ , appearing in Eq. (1.4), due to heat conduction and 

exchange of kinetic energy between the plasma jet and the particles is given by  

Ὓ ‌ ὬὝ Ὕ
σ

ψ

”ὅ

ὶ
ό    (1.30) 

  

Carrier gas injection: 

The carrier gas injected with the powder particles provides a sufficiently high velocity to the 

particles so that they penetrate into the fast moving and high-temperature plasma field [45]. The 

carrier gas is modeled as source/sink terms Ὓ , Ὓ , and Ὓ  included, respectively, in the 

conservation equations of mass, momentum, and energy in the plasma of the cells into which 

the carrier gas and the powder particles are injected: 

Ὓ ά Ⱦὠ  (1.31) 
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Here the subscript Ὥ denotes the Ὥ  specie, ά  is the carrier gas mass flow rate, ὠ is the sum 

of the volume of cells that contain the powder port exit, ά  is the total carrier gas mass flow 

rate, ὺ  is the injection velocity of the carrier gas, — is the unit vector along the direction of 

the carrier gas injection, NSP is the total number of species, ὓ  is the molecular weight, Ὤ is the 

enthalpy taken from the JANAF thermochemical Table that gives Ὤ  as a function of 

temperature, Ὤ  is the reference enthalpy at 0 K, and Ὑ  is the universal gas constant. 

1.4 Objectives of the dissertation 

The overall aims of this work are listed below. 
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1. Use a science-based methodology to design a controller to get consistency in the 

MPSs for a single injection system for an APSP. 

2. Show that the above designed controller when supplemented by two more controllers 

can be used to also control vertical positions of two powder particles injected through 

separate injection ports.  

1.5 Layout of the dissertation 

The main body of the dissertation consists of three chapters mostly focusing on the adaptive 

process control strategies for the APSP, starting from a single powder injection system to a dual 

powder injection system for functionally graded coatings. The common thing in all these 

chapters is the use of a model reference adaptive control (MRAC) scheme for developing the 

controller. The numerical studies of APSP are carried out using LAVA-P software by choosing 

the appropriate initial and boundary conditions and the values of process parameters. Starting 

with the second chapter, the contents of the dissertation are listed below. 

The second chapter presents a science-based methodology to develop a stable and adaptive 

process control for the APSP to get the consistent MPSs of a single injection system using ZrO2 

powder to meet the industrial standards and thereby decreasing manufacturing costs. The 

methodology involves validation of numerical results with those available in the literature, 

screening analysis to find which input parameters have significant influences on the MPSs, 

identification of the response function between the significant input parameters and the MPSs, 

finding optimal input parameters for the desired MPSs by solving nonlinear response functions 

using genetic algorithm, linearization of governing equations of particlesô axial velocity and 

temperature around an equilibrium point and its validation using system identification approach, 

design of adaptive process controller using the MRAC for the APSP, its implementation, and 

testing the performance of developed proposed adaptive controller using LAVA-P for two 

examples problems for artificially induced disturbances. This controller has an adjustable tuning 

mechanism to cope up with the effects of unknown disturbances. 

The third chapter focuses on the modification of the developed adaptive process control 

presented in the second chapter to improve the robustness to various disturbances by 

incorporating bounded disturbance formulation into the design of the controller. The 
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modifications consist of sigma („) modified MRAC and inclusion of low-frequency learning. 

The „ modification improves the robustness in the presence of the external bounded 

disturbances and the low-frequency learning enables the fast adaption of the MPSs to the desired 

values using high-gain learning rates. The performance of modified robust MRAC (MR-

MRAC) is compared with the MRAC using LAVA-P for several example problems.  

In the fourth chapter a methodology, similar to the methodology presented in the second and 

the third chapters, is developed for the APS-FGCs to get consistency in the desired location of 

metallic and ceramic particles and desired MPSs at the impact on the substrate. Three adaptive 

robust adaptive controllers are developed ï two controllers to achieve the same averaged 

locations of metallic and ceramics particles transverse to the jet axis before they impact on a 

substrate and one controller for achieving the desired profile of MSPs. The performances of 

these controllers are tested using LAVA-P in the presence of artificially induced voltage 

variation as disturbance for 5 layered NiCrAlY-ZrO2 functionally graded coatings. 
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Chapter 2 Adaptive Process Control for 

Achieving Consistent Particles' States in 

Atmospheric Plasma Spray Process 

The contents of this chapter have appeared in Springer Nature: Applied Sciences1. 
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2.1 Abstract 

The coatings produced by an atmospheric plasma spray process (APSP) must be of uniform 

quality. However, the complexity of the process and the random introduction of noise variables 

such as fluctuations in the powder injection rate and the arc voltage make it difficult to control 

the coating quality that has been shown to depend upon mean values of powder particlesô 

temperature and speed, collectively called mean particlesô states (MPSs), just before they impact 

the substrate. Here, we use a science-based methodology to develop a stable and adaptive 

controller for achieving consistent MPSs and thereby decrease the manufacturing cost. We first 

identify inputs into the APSP that significantly affect the MPSs, and then formulate a 

relationship between these two quantities. When the MPSs deviate from their desired values, 

the adaptive controller is shown to successfully adjust the input parameters to correct them. The 

performance of the controller is tested via numerical experiments using the software, LAVA-P, 

that has been shown to well simulate the APSP.  

2.2 Introduction  

The atmospheric plasma spray process (APSP) used to produce a variety of coatings such as 

low porosity, thermal barrier, wear and corrosion resistant, and functionally graded [1], is 

schematically shown in Figure 2.1. Coatings of thickness less than a few micrometers are 

categorized as thin, and others as thick. Besides an APSP, coating techniques include 

electroplating, chemical treatments, hot dipping, chemical vapor deposition, physical vapor 

deposition (e.g., evaporation, puttering, ion plating), and pulsed laser deposition.  Primary 

characteristics of coating processes are summarized in Table 2.1 of Fauchais et al.ôs [2] chapter. 

The methodology of finding significant input parameters and controlling them to produce a good 

quality coating described in this paper is applicable to the above-mentioned processes and to 

other technologies like hot forging and machining. Details are provided below only for an APSP.      

An APSP involves plasma formation within a gun nozzle, particle injection into the plasma jet 

flowing out of the nozzle, particle heating and acceleration during their motion in the plasma, 

and coating formation on a substrate. Usually, a mixture of argon (Ar, ~30-60 slm (standard 

liter per minute)) and hydrogen (H2, ~0-15 slm) injected into the gun nozzle is ignited by a high-

intensity arc between tips of a cathode and a water-cooled anode. The arc intensity depends on 



 

32 

 

the current (~300-600 A), the voltage (~30-70 V), the distance between the anode and the 

cathode, their geometries and the gun efficiency. The resulting plasma jet emanating from the 

nozzle outlet has the maximum temperature of ~ 14,000 K, and peak velocity of ~ 2.5 km/s at 

its centerline, and steep temperature and velocity gradients in the radial direction (~ 104 K/mm 

and 5×105 /s) [3], [4]. In general, micron-sized powder particles (~10-100 µm) and a carrier gas 

(typically Ar) are injected vertically downward through the powder port to reach the hot core of 

the plasma jet. These particles are heated, partially or fully melted, accelerated towards the 

substrate situated at ~10-15 cm from the nozzle, and are deposited on it to form a coating. 

Complex interactions between the plasma and the powder particles significantly influence 

coating properties and repeatability, and hence the process cost [5], [6], [7]. 

 

Figure 2.1: Schematics of an APSP [3]. Gases injected into the gas gun pass over the arc to 

form a plasma that exits the gun. Powder particles through the powder port are injected into 

the plasma and travel with it to the substrate. The particles are heated during their trajectory in 

the plasma. The plasma exiting the gun outlet and trajectories of particles injected into it are 

numerically simulated to find particlesô temperature and velocity as they move through the 

plasma. 

A small disturbance in process parameters can significantly alter mean particlesô temperature 

and axial velocity (collectively called mean particlesô states, MPSs) and thus the coating quality 

[8]. These disturbances can be caused by nozzle wear, powder port (injector) wear, pulsing of 

powder due to leaks, worn parts in the powder feeder, and powder dampness. The powder portôs 

wear can be caused by angular shaped particles interacting with its inner surface. Fluctuations 

in particlesô mass flow rate can occur due to the powder clogging and/or changes in the carrier 
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gas flow rate. Whereas the particle dwell time in the plasma is ~ 1- 4 ms, the arc root fluctuations 

have timescales of the order of 10-1 ï 10-2 ms [7], [9], time constants of the powder feeder 

instabilities are in the range of 1 ï 200 s, and the electrode/injector erosion occurs in minutes. 

Hence mitigating their effects on MPSs in a few ms by suitably varying significant input 

parameters using a real-time feedback controller can maintain consistency in the coating quality.  

The development of a controller requires how input parameters (e.g., current, gas flow rates) 

affect MPSs. Choudhury et al. [10] and Zhang et al. [11] used an artificial neural network (ANN) 

to establish such relationships. Even though an ANN can reveal complex nonlinear interactions 

amongst dependent and independent variables, it is a ñblack boxò that is prone to overfitting and 

is computationally expensive [12]. Some of these limitations can be overcome by using 

statistical design techniques such as screening, full factorial, and the response surface 

methodology. One can then focus on delineating effects of the main process parameters and 

cross-interactions amongst them on the output parameters, e.g., see Mawdsley [13] for the 2-

level factorial design based multiple regression, and Li et al. [14] for the uniform design of 

experiments to develop regression equations. These investigations did not consider noise 

variables.   

Srinivasan et al. [15] explored controlling the MPSs by using a monitoring system with a 

feedback controller to vary the primary gas flow rate and the current. Kanta et al. [16] used two 

ANNs ï one to predict the process input parameters and the other to predict in-flight MPSs, and 

a fuzzy logic (FL) controller to adjust the former for keeping MPSs within their prescribed 

bounds. Planche et al. [17] developed an automatic system using an ANN to predict MPSs for 

the desired coating properties, another ANN to predict the needed input process parameters, and 

two FL controllers to correct errors in predictions from the ANNs. Finke et al. [7] developed 

real-time diagnostics and control by monitoring the MPSs and adjusting the input parameters 

with a proportional-integral-derivative controller that employs a manually selected constant 

gain factor. These controllers did not consider the effects of random noise variables.  

The motivation, then, is to develop a stable and adaptive controller for an APSP to achieve the 

desired MPSs. The adaptive controller presented here has an adjustable tuning mechanism to 

cope up with effects of unknown disturbances and has been designed using a model reference 

adaptive control (MRAC) scheme based on the linearized dynamics of the MPSs.   



 

34 

 

2.3 Methods 

2.3.1 Development of Mathematical Model of the Problem 

A major challenge in developing a science-based model of a physical problem is to capture 

physics relevant to all important phenomena such as the plasma jet exiting from the nozzle 

outlet, chemical interactions amongst the jet constituents, the drag force experienced by powder 

particles injected into the plasma, heat transfer between particles and the plasma, and plasmaôs 

interaction with the air surrounding it. The mathematical model of the APSP developed in this 

paper is based on the following assumptions. (1) The plasma jet exiting the nozzle is 

axisymmetric, is in local thermodynamic equilibrium, and is composed of a mixture of 

chemically reacting constituents with temperature-dependent thermodynamic and transport 

properties. (2) Chemical reactions among different species including ionization, dissociation, 

and recombination are considered, and the turbulence is simulated by using the standard Ὧ ᶰ

 model. (3) The arc voltage fluctuations in the plasma nozzle are neglected because of 

difficulties in expressing them in terms of gases injected into the nozzle, the anode and the 

cathode materials, and the distance between them. (4) Powder particles are rigid spheres, 

randomly vary in diameter, do not interact with each other, exchange heat with the plasma, can 

melt due to temperature rise, and the internal convection within a molten particle has a negligible 

effect on the heat transfer. (5) A powder particle is regarded as a point mass for simulating its 

heating, melting and solidification [6]. The volume fraction of the melted material is computed 

by considering the latent heat of melting. (6) Effects of gravity and buoyancy on the plasma jet 

and particlesô trajectories are negligible as compared to that of the viscous drag forces [18], 

[19]. (7) The effect of the carrier gas flowing through the powder port at ~ 5 slm on the plasma 

jet is negligible [6].  

Justification of assumptions: 

Assumption 5 considerably simplifies the analysis of heating of particles, has been shown by 

other investigators to give fairly accurate results that are close to the experimental observations, 

and saves considerable computational resources. Assumption 6 is reasonable because of large 

differences between particlesô and the plasma velocities, and drag forces are dominant. For 

assumption 7, we note that even though the injection of the carrier gas and the powder particles 
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adversely affects axisymmetry of the plasma jet near the powder injection port, however, the 

effect is local, and the plasma jet is nearly axisymmetric away from the powder port.   

The injection velocity (speed and direction) of particles varying in diameters from 5 to 125 ɛm 

are randomly assigned within their pre-specified ranges to achieve the desired powder mass 

injection rate. 

2.3.2 Governing equations and solution techniques 

For brevity, we refer the reader to Sections 2, 3 and 4 of Shang et al. [3] for details of the 

governing equations for the plasma modeled as a mixture of different constituents, and particlesô 

trajectories and heating. The software LAVA-P numerically solves these equations by the finite 

volume method from over the simulation region exhibited in Figure 2.1 and using the following 

boundary conditions (BCs) [20] for the temperature, the velocity, and the turbulence variables 

at the nozzle exit plane.  

ώ π ÁÎÄ Ὑ ὼ  Ὑ ȡ  

ừ
Ử
Ử
Ừ

Ử
Ử
ứὝ ὼȟπ Ὕ Ὕ ρ

ὼ

Ὑ
Ὕ

όὼȟπ πȟὺὼȟπ ὠ ρ
ὼ

Ὑ
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‬ὼ
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‬ὼ
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ừ
Ử
Ừ

Ử
ứὝ ὼȟπ Ὕ Ὕ Ὕ

ÌÎὼὙϳ

ÌÎὙȾὙ

όὼȟπ ὺὼȟπ π
Ὧὼȟπ π
‐ὼȟπ π

 (2.1) 

 Here Ὕ is the plasma temperature; u and v, respectively, are the radial and the axial velocity 

components; Ri and Ro, respectively, are the inner and the outer radii of the nozzle exit; Ὕ and 

ὠ, respectively, are the plasma temperature and the axial velocity at the nozzle exit; Ὕ  is the 

torch wall temperature; and Ὧ and ‐, respectively, are the turbulence kinetic energy and its 

dissipation rate. Coefficients nT  and nv indicate how fast the temperature and the axial velocity 

decrease in the radial direction; the x-axis is in the radial direction,  equals the 

maximum value of the radial velocity gradient; the parameter ə determines the shape of the 
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profile, and ŭ0.1 equals the jet width at the location where ὺ πȢρὠ. The torch wall is assumed 

to be rigid where no-slip condition holds [20]. Ὕ  represents the ambient temperature. Open 

boundaries and downstream boundaries are considered as either inward or outward flow 

conditions [20]. On the axis of symmetry, x = 0, BCs are u = 0 and   = 0. Initially, the 

simulation region is filled with quiescent air at room temperature. 

Following [20], we choose ὲ   and ὲ, and iteratively find Ὕ and ὠ so that the total mass flow 

rate and the energy output from the nozzle exit differ by less than 1%, respectively, from their 

input values into the nozzle.  

For the specified powder mass injection rate, the software calculates the number of particles for 

a given average injection speed, and assigns them a random velocity when exiting the powder 

port.  

Parameter values: 

Values assigned to parameters are: Ri = 0. 39 mm, Ro = 15 mm, the gun efficiency = 0.7, TḐ = 

300 K, PḐΞ= 85.5 kPa, Tw = 700 K, ə = 0.015. Values of material parameters used for the zirconia 

(Zr) powder particles are listed in [6]. Figure 2.13 in the Appendix represents the distribution 

of particlesô diameters used in simulations, a schematic of their trajectories in the plasma, and 

the location of the observation window used to measure particlesô temperature and velocity.  

Measure of quality of computed results: 

The deviation of the computed results from those measured experimentally are quantified by 

using the following L2-norm, Ὡ, of the difference between them.    

Ὡ
᷿ • ὼ • ὼ Ὠὼ

•᷿ ὼὨὼ
 (2.2) 

 where • represents either the temperature or a velocity component. This provides the average 

of deviations between the computed and the experimental values of • rather than the maximum 
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difference between them at any location. A local spike in the difference over a small distance 

has the same effect on Ὡ as a small difference over a large distance. 

2.3.3 Finding optimal input parameters for the MPSs  

Three steps involved in finding values of the process input parameters for achieving desired 

MPSs are screening, finding response functions relating significant input parameters to the 

MPSs, and using a genetic algorithm (GA) to solve nonlinear algebraic response function 

equations for the input parameters when the MPSs are prescribed. The screening analysis ranks 

the influence of each process parameter on the MPSs to identify which ones should be included 

in developing response functions for the MPSs. To investigate statistical significance of process 

parameters and interactions between any two of them, a complete polynomial of at least degree 

2 is needed. Here, we use a complete polynomial of degree 2, employ the analysis of variance 

(ANOVA) to statistically quantify the significance of various terms in the polynomial, construct 

an objective function in terms of the two response functions (one for the mean particlesô 

temperature and the other for the velocity), and use an GA to find values of the significant 

process parameters from the response functions for desired MPSs.  

Screening of process parameters: 

We use Morrisô [21] global one-factor-at-a-time (OFAT) screening method to rank their effects 

on the MPSs as: (1) negligible, (2) linear and additive, and (3) nonlinear and/or involved in 

interactions with other process parameters [21]. As explained in [21] and [22], it requires 

calculating elementary effects (EEs) of a randomly chosen value of one process parameter at a 

time on the MPSs. We assume that each MPS is a scalar-valued function of 7 process parameters 

ό Ὥ ρȟȣȟχ that have been normalized to vary between 0 and 1. Each ό is discretized into a 

p ï level grid πȟ ȟ ȟȣȟρ where p is an even integer. With ῳḳ , the EE of the i th 

parameter at a randomly chosen base point ◊ᶻ όȟȣό  is defined by 

ὉὉ ◊ᶻ
ρ

ῳ
ώόȟȣȟό ῳȟȣȟό ώόȟȣȟό  (2.3) 
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The value of ὉὉ◊ᶻ equals the sensitivity of the MPS (denoted by ώ in Eq. (2.3)) to the i th 

parameter at the base point ◊ᶻ. The mean, ‘ȟ and the standard deviation, „ȟ of the ὉὉ of the i th 

process parameter are computed using  

‘
ρ

ὶ
ὉὉ Ƞ    „

ρ

ὶ ρ
ὉὉ ‘ ȟὭ ρȟȣȟχ Ȣ  (2.4) 

Here, ό Ὦ ρȟȣȟὶ are ὶ randomly chosen base points, and ὉὉ  represents the EE of the 

i th parameter at the base point ό Ȣ  Values of ‘ and „ identify process parameters that have 

negligible (low ‘ȟ linear (high ‘ and low „), and non-linear and/or interactions (high ‘ and 

high „) effects [21], [23].  

Identification of significant input parameters using analysis of variance (ANOVA): 

The results of ANOVA are meaningful only if the input values used in the design of experiments 

are independent of each other [24], i.e., the correlation coefficient, ὧὶ, between the input 

variables ɝ1 and ɝ2 defined by  

ὧὶ
В ‚ ‚ ‚ ‚

В ‚ ‚ В ‚ ‚

 (2.5) 

 is very small. Here superscript (i) refers to the i-th observation out of n observations, and a bar 

superimposed on a variable indicates the mean value of n observations. The ὧὶ has the range [-

1, 1], its magnitude indicates the strength and sign the direction of the linear dependence 

between the two variables [24]. The -ve sign means that variables ‚ and ‚ have opposite 

effects. 

To investigate effects of the main and the cross-interactions between process parameters on 

MPSs, we use ANOVA by considering a complete polynomial degree of 2 given by Eq. (2.6) 

to fit the computed data to the MPSs. 

ώ ὦ ὦό (2.6) 
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In Eq. (2.6) ώ  represents the normalized fit to the MPSs, ό

ὖȟὗȟὍȟὨȟὖὗȟὖὍȟὖὨȟὗὍȟὗὨȟὍὨȟὖȟὗȟὍȟὨ   and the vector b represents the sensitivity 

coefficients that quantify the effect of an element of u on the output [24]. To delineate the 

importance of the parameter ό in the array ό, we define a new model 

ώ ȟ ὦ ὦό

ȟ

 (2.7) 

that omits the term ό from the sum in Eq. (2.7). The sum of squares (SS) associated with ό  

is given by 

ὛὛ ώ ώ ώ ȟ ώ  (2.8) 

Here ὔ equals the number of samples, and ώ the mean of the vector ώ. The mean squares is 

defined as ὓὛ , where ὈὊ  is the degree of freedom of the parameter ό . The value of 

ὓὛ is used to test the null hypothesis by calculating the F ï ratio defined as Ὂ , where 

ὓὛ is the mean squares associated with the residual error. If Ὂ is less than the standard value 

of its F ï distribution, then the parameter ό  is significant. The significance of terms in Eq. 

(2.6) is calculated by using the null hypothesis with 0.5% rejection, i.e., if the p-value 

(Probability > F) for ὦ is less than 0.005 then ό will be significant [25] in evaluating ώ . 

Finding the response functions, i.e., expressions for MPSs in terms of significant process 

parameters: 

The response functions or equivalently expressions for the MPSs in terms of significant process 

parameters are found by performing numerical experiments by using the full factorial approach. 

For the number of significant processing parameters = a and b levels for each parameter, ba 

simulations are conducted. The coefficients of the response functions in Eq. (2.6) are estimated 

by using the linear regression analysis, and finding R2 where 
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Ὑ
В ώ ώ

В ώ ώ
 (2.9) 

The value of R2 close to 1 means that the model accurately captures the variability of the MPSs 

with the change in process parameters.  

We note that Batra and Taetragool [26] used the response surface methodology and the 

regression analysis to relate MPSs to the significant input parameters. 

Solution of nonlinear algebraic equations using the genetic algorithm: 

The GA explained in [27] is used to solve, within a prescribed error, the nonlinear Eq. (2.6) for 

the significant input parameters for desired values of the MPSs. We use the ógaô toolbox in 

MATLAB with default values of parameters to minimize the Error defined by 

Ὁὶὶέὶ  Ὕ ὝὍȟὖȟὗ ὺ ὺὍȟὖȟὗ  (2.10) 

where the subscript ódesô represents the desired value of the variable, and ὖ, ὗ and Ὅ, 

respectively, denote the Ar flow rate, the H2 flow rate, and the current. We accept the solution 

that reduces the normalized error to less than 10-6. 

2.3.4 Development of Adaptive Controller 

The objective is to develop an adaptive controller for the APSP to maintain MPSs within the 

prescribed range when the average powder injection velocity and the arc voltage change. The 

design criterion is to attain the desired MPSs in less than 50 ms for ςπ ίὰάὖ φπ ίὰάȟ  π

ὗ ςπ ίὰάȟ  and σππ ὃ Ὅ φππ ὃȢ  

Developing the adaptive controller involves the following five steps: a mathematical model, the 

system identification, controller design, implementation, and testing. These are briefly 

explained below.   

Approximate Mathematical Model for the MPSs: 
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We find below a relation between the inputs and the outputs by linearizing the nonlinear 

dynamics of particlesô states around a known steady state solution called an equilibrium point. 

Recall that a particleôs temperature is found by assuming it as a rigid sphere [3], and its motion 

in the plasma is affected by only the drag force exerted on it by the plasma. The particleôs 

acceleration, governed by Newtonôs 2nd law of motion, equals the drag force divided by its mass. 

That is,  

ὨὟ

Ὠὸ

σ

ψ

”

”

ὅ

ὶ
ȿ╤ ȿ╤  (2.11) 

where ╤ ό ὺ ύ  is the particle velocity vector, ╤ the plasma velocity, ” mean mass 

density of the plasma, ” the particle mass density, rp the particle radius, ╤  the velocity of 

the particle relative to that of the plasma, ╤ ╤ ╤ , and ὅ  the drag coefficient. 

The heating of a particle is governed by  

ὠ”ὧ
ὨὝ

Ὠὸ
ὃὬὝ Ὕ  (2.12) 

where ὠ is the particle volume, Ὕ the plasma temperature, Ὕ the particle temperature, ὧ the 

specific heat capacity, ὃ  the surface area of the particle, and Ὤ the heat transfer coefficient. 

Using ὃ τ“ὶ and ὠ “ὶ (r equals the particle radius) in Eq. (2.12) the particle 

acceleration in the axial (y-) direction and its temperature are given by  

Ὠὺ ὸ

Ὠὸ

σ

ψ

”

”

ὅ

ὶ
ȿ╤ ȿ   ὺ ὸ ὺ ὸ  (2.13) 

ὨὝ ὸ

Ὠὸ

σὬ

”ὶὅ
  Ὕ ὸ Ὕ ὸ  (2.14) 

where ὺ ὸ and ὺ ὸ are, respectively, components of ╤ ὸ and ╤ ὸ in the y-direction. 

Equations (2.13) and (2.14) are 1st order nonlinear ordinary differential equations with ὺ and 

Ὕ as excitations.   

To develop an approximate model for the MPSs as a function of the Ar and the H2 flow rates 

and the current I, we assume the following affine relations:  
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ὺ ὸ ὧȟ ὧȟὖὸ ὧȟὗὸ ὧȟὍὸ

Ὕ ὸ ὧȟ ὧȟὖὸ ὧȟὗὸ ὧȟὍὸ
 (2.15) 

where ὧȟȟȣȟὧȟ and ὧȟȟȣȟὧȟ are constants. 

Substitution from Eq. (2.15) into Eqs. (2.13) and (2.14) gives   

Ὠὺὸ

Ὠὸ

σ

ψ

”

”

ὅ

ὶ
ȿὟ ȿ  ὺὸ ὧȟὖὸ ὧȟὗὸ ὧȟὍὸ ὧȟ

ὨὝὸ

Ὠὸ

σὬ

”ὶὅ
 Ὕὸ ὧȟὖὸ ὧȟὗὸ ὧȟὍὸ ὧȟ  

 (2.16) 

Here ȿὟ ȿ equals its value in the steady state configuration around which the equations are 

linearized. Neglecting the bias terms ὧȟ and ὧȟ in Eq. (2.16) results in the following multi-

input multi-output (MIMO; 3 inputs and 2 outputs) state-space (SS) model for the MPSs.  

ὺὸ ὥὺὸ ὦ ὖὸ ὦ ὗὸ ὦ Ὅὸȟὺπ ὺ

Ὕὸ ὥὺὸ ὦ ὖὸ ὦ ὗὸ ὦ ὍὸȟὝπ Ὕ
 (2.17) 

Values of constants ὥȟὥȟὦ ȟȢȢȢȟὦ  in Eq. (2.17) depend on the equilibrium point, value of 

ȿὟ ȿ at the equilibrium point, and are estimated using the input-output data. 

We will verify in the Results section that Eq. (2.17) well represents deviations from the 

equilibrium point of the MPSs. 

System identification: 

For estimating constants in Eq. (2.17), we use the following sinusoidal variations in the input 

variable u = P, Q or I: 

όὸ

όȟ ὸ ρπ άί

ό ό ίὭὲ‫ ὸ ρπ ό ίὭὲ‫ ὸ ρπ ό ίὭὲ‫ ὸ ρπ

ό ίὭὲ‫ ὸ ρπ ό ίὭὲ‫ ὸ ρπ
 ὸ ρπ άί

 (2.18) 

where ό is the base value, ό ȟό ȟό ȟό  and ό  are amplitudes of perturbations; 

‫ȟ‫ȟ‫ȟ‫  and ‫  frequencies, and ὸ the time in ms. According to [28] the input variations 

given by Eq. (2.18) are sufficiently rich as they contain enough frequencies of excitation. Values 

of the 11 variables όȟό ȟό ȟȣȟό ȟ‫ȟ‫ȟȣ‫  are chosen using the Latin Hypercube 

sampling approach based on the normal distributions with the mean (‘) and the standard 
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deviation („). The corresponding MPSs are calculated in the observation window at a sampling 

time of 0.01 ms. The values of parameters in Eq. (2.17) are estimated by using the simulated 

(with LAVA -P) input-output data and the MATLAB toolbox óidentô lucidly explained by Ljung 

[29] the prediction error method (PEM) framework, and the MATLAB function óssestô with the 

order of the system =  1, input delay = 0, form = canonical, feed through = 0, disturbance model 

= none, initial states = 0, and the weighting scheme for singular-value decomposition = the 

canonical variable algorithm. The entire input-MPS data of each sample is first processed by 

subtracting from it the mean value. Next, the output data is smoothened by using a moving 

average of 100 data points to reduce noise in it. The resulting input-output data is divided into 

two equal parts; the first part is used for estimation of parameter values and the second part for 

validation. The quality of model prediction is measured by the comparison index, óFitô, defined 

as  

ὊὭὸρππρ
ᴁώ ώᴁ

ᴁώ ώᴁ
 (2.19) 

where ώ is the predicted output for the input ώ, ώ is the mean of the output, and ᴁᴁ indicates 

the L2 norm (or the length) of a vector. 

Controller design: 

The linearized MIMO SS model, Eq. (2.17), for the MPSs around an equilibrium point is 

rewritten as  

ὺὸ

Ὕὸ

ὥ π
π ὥ

ὺὸ
Ὕὸ

 
ὦ ὦ ὦ
ὦ ὦ ὦ

ὖὸ
ὗὸ

Ὅὸ

ȟ
ὺπ
Ὕπ

ὺ
Ὕ   (2.20) 

Here ώὸ ὺὸȟὝὸ  is the output vector, όὸ ὖὸȟὗὸȟὍὸ  the input vector, and 

matrices óAô and óBô depend on the equilibrium point (i.e., the operating point). We assume that 

matrix A is Herwitz and the plant is controllable, i.e., for any desired output ώ , there exists a 

sequence of inputs όπȟόρȟȣȟόὯ such that ώὯ ώ  within an acceptable tolerance. 

The model reference adaptive control (MRAC) algorithm involves two loops ï the inner loop 

consisting of feedback and the outer loop of an adaptive mechanism for the controller as shown 
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in Figure 2.2. Based on Eq. (2.20), we choose the following reference model for updating the 

controller gains 

ὺ ὸ

Ὕ ὸ

ὥ π
π ὥ

ὺ ὸ

Ὕ ὸ
 
ὥ π ὥ
π ὥ ὥ

ὺ ὸ

Ὕ ὸ
π

ȟ
ὺ π

Ὕ π

ὺ
Ὕ   (2.21) 

 

Figure 2.2: Schematic of the model reference adaptive controller (MRAC) 

Using MPSs at the instant of a perturbation initiation as the initial conditions, the outputs ὺ  

and Ὕ  of the reference model asymptotically converge, respectively, to the desired outputs ὺ  

and Ὕ  with the rate of convergence depending on the parameters ὥ  and ὥ . In order for 

the MPSs ὺὸױὥὲὨ Ὕὸ from LAVA-P to asymptotically track the reference outputs 

ὺ ὸױὥὲὨ Ὕ ὸ, we consider the following control law:  

ὖὸ
ὗὸ
Ὅὸ

 

ὑ ὸ ὑ ὸ

ὑ ὸ ὑ ὸ

ὑ ὸ ὑ ὸ

ὺὸ
Ὕὸ

 

ὒ ὸ ὒ ὸ ὒ ὸ

ὒ ὸ ὒ ὸ ὒ ὸ

ὒ ὸ ὒ ὸ ὒ ὸ

ὺ ὸ

Ὕ ὸ
π

 
(2.22) 

The objective is to design an adaptive law that guarantees (a) the stability of the control system 

(controller + process dynamics), and (b) the MPS ώὸ tracks ώ ὸ within a small bound for 

all finite inputs όὸ. The theory for designing the adaptive controller is given in the Appendix. 

As explained there, for positive definite matrices Ώ and ὖ, we find gain matrices ὑὸ and ὒὸ  

by using the following adaptive law: 
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ὑὸ Ώὄ ὖὩὸώὸ ÓÇÎὰȟὑπ ὑ

ὒὸ Ώὄ ὖὩὸὶὸ ÓÇÎὰȟὒπ ὒ
 (2.23) 

Implementation: 

By assuming that the LAVA-P represents an actual plant, we discuss implementation of the 

adaptive controller. We assume that the MPSs reach their desired values in 50 ms, and set 

ὃ
πȢυ π
π πȢυ

Ƞὄ
πȢυ π πȢυ
π πȢυ πȢυ

 

for the reference model. For the tracking error to be asymptotically stable, there should exist a 

positive definite and symmetric matrix Ὑ such that ὠὩȟὑȟὒ ὩὙὩ π [28]. A different 

choice of Ὑ affects the transient response but not the boundedness and the asymptotic 

convergence of the error. We choose 

Ὑ Ὅ  ȟὖ Ὅ   ȟὑ π ὥὲὨ ὒ ό ὶ  (2.24) 

where ό ὖ ὗ Ὅ  is the optimal solution obtained from the GA for the desired 

output ὶ ὺ π Ὕ π π  at ὸ πȢ  For example, for ὶ ωπςψυππ , 

ό συȢπ ψȢωστπψ, the initial gains from Eq. (2.24) are  

ὑ
π π
π π
π π

Ƞὒ
πȢπππτπȢπρςσπ
πȢπππρπȢππσρπ
πȢππτυπȢρτσππ

 (2.25) 

The next step is to choose an appropriate adaptive gain matrix Ώ for the APSP. The theorem 

presented in supporting material only requires that Ώ be positive definite. Lacking any 

systematic way to find Ώȟ the following form is found by trial and error: 

Ώ

‎ ρπ π π

π ‎ ρπ π

π π ‎ ρπ

 (2.26) 

where ‎ȟ‎ and ‎ are tuning parameters for P, Q and I, respectively. By tuning these 

parameters, one can adjust the MPSs in real-time remembering that a large value of ‎ can make 

the MRAC unstable. 



 

46 

 

Figure 2.3 shows the proposed intelligent adaptive process control scheme for the APSP to get 

consistent MPSs. At the start of the process, values of P, Q and I are predicted using the response 

function, the desired values of MPSs, and the GA. These are used to find initial estimates of the 

controller gains from Eq. (2.24) which are then used to calculate inputs from Eq. (2.22) to be 

used in LAVA-P. During the spray process, the MPSs are measured in the observation window 

from LAVA -P at every sampling time, and the inputs are adaptively varied by the MRAC that 

updates the gains to minimize the tracking error using Eqs. (2.21) and (2.23), and achieve 

desired MPSs. The controller stops the process (or the plant) if any of the inputs reach their 

limiting values.  

 

Figure 2.3: Schematic of the proposed adaptive control scheme for an APSP 

Testing: 

The proposed adaptive control scheme is tested with software LAVA-P for disturbances 

introduced either in the average injection velocity or in the arc voltage.  

 

 



 

47 

 

2.4 Results and Discussions 

2.4.1 Validation of the software 

Plasma Flow: 

The Ar plasma jet profile computed using LAVA-P and the Miller SG-100 plasma gun is 

compared with Williamson et al.ôs [30] experimental findings by using their values of the 

operating parameters. That is, current = 900 A, voltage = 15.4 V, gun efficiency = 70%, Ar flow 

rate = 35.4 slm, nozzle inner diameter = 8 mm, and nozzle outer diameter = 66.6 mm. Values 

of Ὕ and ὠ in Eq. (2.1) are estimated, respectively, as 11,000 K and 1,100 m/s. Converged 

values of  Ὕȟὠȟ‖ȟὲ  and ὲ that satisfy the balance of mass and power are, respectively, 

found to be 12,913 K, 1,092 m/s, 0.00015,  2.3, and 1.4. 

The computed and the experimental distributions of the steady state plasma velocity and 

temperature along the jet axis (x = 0) and on the radial line y = 2 cm are compared in Figure 

2.4. With time t = 0 when the plasma jet exits the nozzle, the plasma was found to reach a steady 

state at 4 ms with at most 1% error (pointwise) in the axial velocity and the temperature in the 

computational domain. 

a) b)  

Figure 2.4: Comparison between the simulated and the experimental results of Williamson et 

al. [30]: (a) plasma axial velocity (e2 = 14.82%) and plasma temperature (e2 = 5.59%) 

distributions along the jet (y-) axis, (b) plasma axial velocity (e2 = 5.24%) and temperature (e2 

= 11.9%) versus the distance from the jet axis on the radial line y = 2 cm. The decaying trends 
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along and perpendicular to the jet axis of the computed and the experimental temperatures and 

the axial velocities agree qualitatively and quantitatively. 

Particlesô temperature: 

Powder particles are injected one at a time into the plasma through the powder port located at 

the point (x = 8 mm, y = 6 mm) at t = 5 ms, and their trajectories till t = 10 ms are recorded. The 

computed average values of particlesô axial velocity and temperature in the 1 cm wide window 

(9.5 ώ  10.5 cm, shown in Figure 2.13 of the Appendix) at t = 9.1, 9.2 é, 9.9, 10 ms are 

compared in Figure 2.5 with their experimental values of Smith et al. [31]. Smith et al. [31] 

used a two-color pyrometer, IPP2000, and a spray pattern trajectory (SPT) sensor to measure, 

respectively, the average temperature and the axial velocity of particles flowing through the 

observation window. They emphasized that the SPT sensor was focused on a narrow zone near 

the plasma jet axis but did not list coordinates of the sensor location. To compare the computed 

results with the experimental findings of Smith et al., they are divided into three groups based 

on their diameters in the ranges 30-42 µm, 56-71 µm, and 85-100 µm. The variations with the 

axial distance y from the nozzle of the average axial velocity and the average temperature of 

particles at time t = 10 ms are shown in Figure 2.5a,b. The computed particle characteristics of 

small particles are close to those measured experimentally. However, computed results for the 

medium and the large size particles differ from the corresponding experimental findings. At 

some axial locations, the difference in the mean axial velocities of particles in each of the two 

groups is about 50%. The small-sized particles have higher axial velocity because they are easily 

accelerated by the plasma jet. The results depicted in Figure 2.5b reveal that the computed 

average temperature of particles agrees well with that measured experimentally. The 

temperatures of the small-size particles are higher than that of large particles due to their in-

flight motion near the hotter jet axis. The smaller size particles have melted by the time they go 

out of the observation window and arrive at the substrate. By observing the plot (not included 

here) between temperature vs size of injected particles, we note that the temperature of the 

medium-size particles (45 ï 65 ɛm) stays close to the melting point (2,950 K) during their in-

flight path. Many of the large particles are only partially melted or even not melted at all. 

Recalling that the heating model (cf. Eq. (2.11)) regards a particle as a point mass, a large 

particle requires more time to be heated to the melting temperature. Larger particles have low 

axial velocity resulting in more residence time in the plasma jet which helps in their being heated 
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up. Also, some large particles travel farther away from the jet axis where the plasma temperature 

is not very high and hence are either partially melted or not melted at all depending upon their 

locations in the plasma jet. 

a)    b)  

Figure 2.5: For particles divided in three groups of different sizes, comparison of the 

computed and the experimental results for a) the axial velocity and b) the temperature along 

the axial distance. Solid lines represent mean values of particlesô axial velocity and surface 

temperature. ZrO2 particles of random sizes between 5 and 130 ɛm are injected into the 

plasma at t = 5 ms to achieve a mass rate of 20 g/min. The particle size distribution and the 

location of the observation window are exhibited in Figure 2.13 of the Appendix. 

2.4.2 Input parameters that significantly influence the MPSs 

Keeping the applied voltage, the average powder injection speed and the particle size fixed at 

50 V, 10 m/s, and 30-100 ɛm, respectively, we present results of screening the seven process 

parameters, namely the current, the Ar flow rate, the H2 flow rate, the powder feed rate, the 

spray distance, and the injector location (y, x) along and perpendicular to the jet axis. Their 

minimum and maximum values considered are: Current (A) 300, 600; H2 flow rate (slm) 2, 12; 

Ar flow rate (slm) 30, 60; powder feed rate (g/min) 10, 40; stand-off distance (cm) 7.5, 12.5; y-

location of the injector (cm) 0.4, 1.0, and x-location of the injector (cm) 0.6, 1.0. 
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Screening using Elementary Effects: 

We choose r = 8 in Eq. (2.4) [24] and investigate the influence of the seven parameters for p = 

12 and p = 20 resulting in ψ χ ρ φτ simulations needed for this study. The mean and 

the standard deviations of EEs of the MPSs are depicted in Figure 2.6. The results associated 

with p = 12 and p = 20 are qualitatively similar. The stand-off distance, the powder feed rate, 

and the x-location of the injector are the least significant parameters since their mean EEs have 

low values. The y-location of the injector, the current and the Ar flow rate have non-linear 

effects and/or interactions among them as signified by high values of the mean and the standard 

deviation for them. The H2 flow rate has the least effect on the mean axial velocity but a strong 

effect on the mean temperature. Accordingly, the Ar flow rate, the current, the y-location of the 

injector, and the H2 flow rate are considered as significant process parameters for developing 

the response functions. 

a)    b)  

Figure 2.6: The standard deviation vs. the mean of elementary effect for normalized a) mean 

axial velocity and b) mean temperature (P = Ar flow rate, Q = H2 flow rate, I = Current, SD = 

Stand-off distance, PFR = Powder feed rate, dy = y- location of the injector, and dx = x-

location of the injector). High values of EEs for I, P, Q and dy signify that they are significant 

parameters. 

Screening using ANOVA: 

The maximum and the minimum values of the process parameters and the MPSs used for the 

ANOVA are: Current (A) 350, 550; H2 flow rate (slm) 2, 10; Ar flow rate (slm) 35, 55; y-
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location of the injector (cm) 0.4, 1.0; maximum axial velocity (m/s) 69, 137; mean temperature 

(K) 1,638, 3,103. The results of the ANOVA test for the MPSs are given in Table 2.1. Based 

on the null hypothesis, we find that all process parameters in Eq. (2.6) for both MPSs are 

significant since their p-values are almost zero. Even though the p-value for the interaction 

between Q and dy is greater than 0.005, those for Q and dy are less than 0.005. 

Table 2.1: ANOVA results for the quadratic fit of the mean axial velocity and the mean 

temperature 

Parameters 

Degree 

of 

freedom 

Mean axial velocity Mean temperature 

Sum 

squares 

(SS) 

Mean 

squares 

(MS) 

F 

value 
Prob>F 

Sum 

squares 

(SS) 

Mean 

square

s (MS) 

F 

value 
Prob>F 

P 1 0.962 0.962 6438.5 <0.0001 0.442 0.442 635.2 <0.0001 

Q 1 0.047 0.047 312.7 <0.0001 0.464 0.464 667.3 <0.0001 

I 1 0.402 0.402 2693.1 <0.0001 0.377 0.377 542.4 <0.0001 

dy 1 0.323 0.323 2161.1 <0.0001 0.069 0.069 98.5 <0.0001 

PQ 1 0.016 0.016 107.1 <0.0001 0.145 0.145 208.8 <0.0001 

PI 1 0.021 0.021 143.2 <0.0001 0.225 0.225 323.2 <0.0001 

Pdy 1 0.011 0.011 76.4 <0.0001 0.111 0.111 159.2 <0.0001 

QI 1 0.081 0.081 543.8 <0.0001 0.115 0.115 165.0 <0.0001 

Qdy 1 0 0 0 0.9821 0.003 0.003 4.2 0.04 

Idy 1 0.002 0.002 10.8 0.0011 0.188 0.188 270.3 <0.0001 

P2 1 0.042 0.042 278.7 <0.0001 0.013 0.013 19.3 <0.0001 

Q2 1 0.025 0.025 169.6 <0.0001 0.180 0.180 259.3 <0.0001 

I2 1 0.064 0.064 430.2 <0.0001 0.109 0.109 157.1 <0.0001 

dy
2 1 0.016 0.015 103.7 <0.0001 0.013 0.013 19.3 <0.0001 

Error 610 0.091 0.00015   0.424 0.0011   

Total 624 23.1    17.5    

 

From results of the ANOVA and the EEs, and for illustrating the development of the controller, 

we henceforth take the Ar flow rate, the current, the y-location of the injector and the H2 flow 

rate as significant process parameters for developing the response functions. Values of the 

probability are indicated in bold font to easily decide which parameters are significant. 
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2.4.3 Response functions for the mean particlesô states 

We now present results for the response functions for the MPSs from the numerical experiments 

designed by using the full factorial approach for the 4 significant process parameters and 5 levels 

for each parameter that require  υ φςυ simulations. The five values of the four parameters 

are: 350, 400, 450, 500 and 550 A for the current; 35, 40, 45, 50, and 55 slm for the Ar flow 

rate; 2, 4, 6, 8 and 10 slm for the H2 flow rate; and Ὠ  = 4, 5.5, 7, 8.5 and 10 mm for the powder 

injection point located at Ὠ = 0.8 cm. The arc voltage, the average particlesô injection velocity, 

the powder feed rate, and the powder particle size, respectively, are kept fixed at 50 V, 10 m/s, 

20 g/min, and 30 ï 100 ɛm. The MPSs are calculated for the observation window of 9.5 ώ  

10.5 cm. 

Values of ὧὶ (computed using the definition in Eq. (2.5)) providing the correlation among all 

parameters (process parameters and MPSs) are listed in Table 2.2. The correlations between the 

process parameters are indeed zero; hence they are independent of each other. Thus, the 

corresponding MPSs are statistically significant. The correlation coefficients suggest that the 

dependence of MPSs upon the Ar flow rate is strong. The dependence of the mean axial velocity 

upon the current is minimal. The correlation between the mean temperature and the Ar flow rate 

is negative, which implies that there exists an inverse dependence between them. There is also 

inverse dependence between the MPSs and the injector location along the y-axis. The correlation 

coefficient between the mean axial velocity and the mean temperature is -0.07, which implies 

that the mean axial velocity does not depend upon the mean temperature. 

Table 2.2: Correlation coefficients between the process parameters and the MPSs (Symbols 

ὖȟὗȟὍ and Ὠ  are defined in Figure 2.6) 

P 1      

Q 0 1     

I 0 0 1    

dy 0 0 0 1   

v 0.71 0.50 0.13 -0.46 1  

T -0.60 0.56 0.35 -0.35 -0.07 1 
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 P Q I dy v T 

 

Response functions: 

The coefficients of the quadratic expression in Eq. (2.6) are estimated by using linear regression 

analysis on the data from the full factorial approach (625 simulations) resulting in the following 

response functions for the MPSs. 

ὺȟ πȢςτψ πȢτχφὖ πȢρπυὗ πȢσπψὍ πȢςχφὨȟ πȢπτπὖὗ πȢπτχὖὍ

πȢπστὖὨȟ πȢπωρὗὍ πȢπρσὍὨȟ πȢπχψὖ πȢπφρὗ πȢπωχὍ

πȢπτψὨȟ Ƞ       Ὑ ρ 

(2.27) 

Ὕȟ πȢφυρπȢσςσὖ πȢσσρὗ πȢςωψὍ πȢρςχὨȟ πȢρςςὖὗ πȢρυςὖὍ

πȢρπφὖὨȟ  πȢρπψὗὍ πȢπρχὗὨȟ πȢρσωὍὨȟ πȢπττὖ

πȢρφςὗ πȢρςφὍ πȢπττὨȟȠ          Ὑ πȢωψ 

(2.28) 

Here subscript ónô represents the normalized parameter with values between 0 and 1. The R2 

values of 1 and 0.98, respectively, for the mean axial velocity and the mean temperature imply 

that the postulated expression in Eq. (2.6) is a good representation of the numerical data. The 

validity of the response functions in Eqs. (2.27) and (2.28) are tested for a new set of process 

parameters and the corresponding results are listed in Table 2.6 of the supporting information. 

For these cases, the percentage error is less than 2%. 

2.4.4 Values of process parameters for desired MPSs obtained by solving 

Eqs. (2.27) and (2.28) 

The solutions for arbitrarily selected values for the desired MPSs computed by minimizing the 

error defined in Eq. (2.10) using the GA are summarized in Table 2.3. For a given gas gun, the 

powder injection port location is fixed. Hence dy cannot be changed and we work with three 

significant input process parameters, namely, the current, the Ar flow rate and the H2 flow rate. 

Recalling that the GA solution depends upon the seed number, results for the first seed number 

are provided in Table 2.3 and those for the second set of seed numbers in Table 2.7 in the 

Appendix. Results from the two sets of seed numbers are similar to each other. 
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Table 2.3: For desired MPSs values of the three process parameters found from the response 

functions using the GA with the first set of seed numbers, and comparison of desired MPSs 

with those found using LAVA-P with the GA provided values of the process parameters 

Desired values Solution from GA 
Simulated values ï 

LAVA -P 

Difference 

between desired 

and simulated 

values 

v (m/s) T (K) P (slm) Q (slm) I (A) v (m/s) T (K) v (%) T (%) 

90 2600 38.09 2.87 394.98 90.5 2594 -0.5 0.2 

110 2800 43.30 5.73 510.89 110.5 2777 -0.5 0.8 

90 2850 35.00 8.91 407.99 89.7 2795 0.3 1.9 

100 2950 35.00 6.78 540.19 99.4 2945 0.6 0.2 

95 2800 36.22 2.06 520.20 95.8 2793 -0.9 0.3 

100 3100 35.00 7.01 550.00 99.7 2961 0.3 4.5 

105 3000 36.38 8.19 550.00 103.6 2919 1.3 2.7 

90 2750 36.70 5.87 394.53 90.2 2735 -0.2 0.5 

 

It is clear that the GA values of the three process parameters provide MPSs that differ by less 

than 4.5% from their desired values that occur for the desired mean axial velocity = 100 m/s and 

the desired mean temperature = 3,100 K. We emphasize that for accurately predicting values of 

the three process parameters, the desired values of the MPSs should be in the range used to 

generate the response functions given by Eqs. (2.27) and (2.28). The desired mean particlesô 

velocity of 3,100 m/s is outside the range employed to develop Eqs. (2.27) and (2.28). 

2.4.5 Effect of disturbance in process parameters on mean particlesô states 

Even though there are several disturbance parameters, we consider here only the powder 

injection velocity and the arc voltage. Their time variations and the resulting computed MPSs 

are exhibited in Figure 2.7. Changes in the arc voltage affect the power input into the nozzle 

that influences values of ὺ and Ὕ in Eq. (2.1). Values of the other process parameters are: 

current = 500 A, Ar flow rate = 40 slm, H2 flow rate = 10 slm, powder feed rate = 20 g/min, 

powder diameter range = 30-100 ɛm, and the simulation sampling time = 0.01 ms. Even though 

the computed MPSs are oscillatory, the trends exhibited by their values averaged over 100 
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trailing points are as follows: they follow in the direction of the disturbance in the powder 

injection velocity but in the opposite direction of the disturbance in the arc voltage. 

2.4.6 Validation of three-inputs two-outputs model represented by Eq. (2.19) 

The 10 randomly generated functions u in Eq. (2.18) for exciting the Ar flow rate are listed in 

Table 2.4 and the corresponding variations of inputs are shown in Figure 2.8a for samples 1, 

2, and 3. Subsequently, 50 new samples (their input values are omitted here) are randomly 

generated to verify whether or not the number of samples influences the variance of estimated 

parameters of the State Space (SS) models. Figure 2.8b,c shows time histories of the MPSs for 

the inputs exhibited in Figure 2.8Figure 2.8a. The predicted values from the MIMO SS model 

of Eq. (2.17) are listed in Table 2.5 for10 samples. The computed MPSs for the 10 and the 50 

samples are similar to each other (results for 50 samples are omitted here). For sample 1, when 

the data exhibited in Figure 2.8b,c are smoothened by taking the moving average of 100 trailing 

points, we get solid curves displayed in Figure 2.8d. 

Similar analyses are conducted for randomly generated vectors for exciting the H2 and the 

current. Their plots as well as those of results for the MPSs are provided in the Appendix. 

a)    b)  
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Figure 2.7: Effect on the MPSs of a step variation in the a) average injection velocity of 

powder particles, and b) arc voltage. The variations in the MPSs qualitatively follow 

variations in the powder injection velocity and the arc voltage; they decrease with an increase 

in the powder injection velocity but decrease with a decrease in the arc voltage. 

Table 2.4: Values of variables in Eq. (2.18) used for exciting the Ar (denoted in the Table by 

P) flow rate 

Parameters Pb Pa1 Pa2 Pa3 Pa4 Pa5 ɤ1P ɤ2P ɤ3P ɤ4P ɤ5P 

Mean, ɛ 45 0 0 0 0 0 0.5 0.5 0.5 0.5 0.5 

S.D., ů 5 5 5 5 5 5 0.02 0.02 0.02 0.02 0.02 

Sample 1 41.14 1.96 1.73 -2.39 -3.43 -0.80 0.56 0.43 0.46 0.52 0.58 

Sample 2 36.31 -0.55 -0.98 -1.14 -1.28 -0.20 0.45 0.40 0.52 0.48 0.38 

Sample 3 38.97 1.42 0.54 4.36 0.43 1.81 0.69 0.36 0.48 0.58 0.29 

Sample 4 41.66 -1.99 -3.12 -6.90 1.14 0.96 0.37 0.51 0.38 0.41 0.47 

Sample 5 42.60 3.44 -1.92 2.47 1.24 -3.79 0.53 0.21 0.64 0.63 0.46 

Sample 6 37.84 -3.45 -0.50 0.45 3.15 2.36 0.40 0.66 0.72 0.36 0.68 

Sample 7 40.31 0.00 3.08 1.39 -2.20 0.20 0.47 0.55 0.55 0.26 0.41 

Sample 8 39.58 0.99 -1.25 -0.55 2.02 3.65 0.28 0.49 0.32 0.56 0.50 

Sample 9 43.66 -0.99 2.41 0.79 -0.43 -2.64 0.67 0.68 0.31 0.43 0.56 

Sample 10 38.57 -1.53 1.10 -1.21 -0.94 -1.24 0.62 0.59 0.60 0.71 0.72 
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Figure 2.8: (a) Variations of the Ar flow rate for samples 1, 2 and 3; (b, c) corresponding 

variations of the mean axial velocity and the mean temperature; (d, e) for inputs of sample 1 

listed in Table 2.4 smoothened mean axial velocity (Fit = 84.5% (85%) for training 

(validation)), and mean temperature (Fit = 73.6% (74.4%) for training (validation)). 
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Table 2.5: Parameters for the particlesô states in the MIMO SS model, Eq. (2.17), using inputs 

listed in Table 2.4 and the two Tables in the supporting material used for training and 

validating the models 

Sample 

Numbe

r  

Mean axial velocity Mean temperature 

av b11 b12 b13 

Fit (%)  

aT b21 b22 b23 

Fit (%)  

Training  
Validatio

n 
Training  

Validatio

n 

1 -1.01 1.55 0.53 0.11 84.49 84.97 -0.63 -10.24 13.75 0.96 73.55 74.42 

2 -0.77 1.34 0.45 0.08 81.08 69.38 -0.59 -9.39 5.33 0.60 69.26 57.39 

3 -0.97 1.51 0.73 0.09 86.97 84.13 -0.72 -11.70 17.85 0.56 78.09 72.49 

4 -1.12 1.71 0.74 0.12 89.53 88.32 -0.72 -9.88 10.10 1.07 78.09 79.92 

5 -1.02 1.59 0.97 0.10 87.93 85.65 -0.66 -12.54 31.28 1.54 79.57 64.75 

6 -0.87 1.43 0.59 0.08 82.66 85.17 -0.55 -7.78 8.29 0.64 70.27 57.29 

7 -1.03 1.63 0.59 0.07 86.36 86.46 -0.65 -8.49 4.57 0.67 75.80 60.60 

8 -0.75 1.23 0.85 0.08 82.86 68.80 -0.83 -12.15 16.99 0.70 72.26 66.16 

9 -0.82 1.22 0.57 0.09 86.67 79.25 -0.53 -7.81 17.53 0.65 67.77 71.36 

10 -0.93 1.70 0.75 0.07 79.11 83.59 -0.71 -10.00 12.44 0.73 59.56 56.11 

Mean -0.93 1.49 0.68 0.09 84.77 81.57 -0.66 -10.00 13.81 0.81 72.42 66.05 

 

Predictions from models for the MPSs agree well with those found using LAVA-P software 

with an average fit of 85 % for training and 82 % for validation for the mean axial velocity, and 

72% for training and 66 % for validation for the mean temperature. 

The parameters for the MPSs estimated using results for the 50 samples, depicted as box plots 

in Figure 2.9, are distributed close to each other with a few outliers enclosed in red circles. 

Thus, Eq. (2.17) satisfactorily represents the dynamics of the MPSs for variations in the input 

variables. 
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Figure 2.9: Box plots of values of parameters for the MIMO SS model of the mean particlesô 

axial velocity and temperature. The closeness of most values of the parameters validates Eq. 

(2.17) for modeling the MPSs. 

2.4.7 Results for the adaptive controller 

Based on the knowledge gained from preliminary results, we select ‎ ςȟ‎ ς and ‎ υ 

in Eq. (2.26) and investigate the performance of the proposed control scheme for the problem 

presented in subsection 3.5. The objective of the MRAC is to attain the desired mean particlesô 

axial velocity = 90 m/s and temperature = 2,850 K within 50 ms of the introduction of a 

disturbance. Results depicted in Figure 2.10 confirm that indeed the objective is achieved, and 

the proposed controller minimizes deviations in the MPSs caused by disturbances. 

We now check whether the controller works when the desired MPSs vary with time that has 

applications for producing functionally graded coatings [7]. In this case, the performance of the 

controller is shown in Figure 2.11 and Figure 2.12 for step variations in ὺ ὸ ὥὲὨ Ὕ ὸ, 

i.e., abrupt disturbances that are kept constant afterwards. It is evident that the MPSs follow 

outputs of the reference model. 

These two examples establish the effectiveness of the designed process controller in mitigating 

effects of disturbances. Of course, in practice disturbances are not limited to those stipulated 
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here. Even though the controller will not work for all disturbances, one can use the methodology 

to design controllers for a pre-specified class of disturbances. 

The real-time performance of the proposed controller will depend upon how quickly a motor 

can change the process input parameters, and the time lag of the plant to respond to these 

changes. 

2.5 Conclusions 

This paper proposes an approach to design an adaptive controller for an atmospheric plasma 

spray process (APSP) to get consistency in mean particlesô states (the axial velocity and the 

temperature, MPSs) before they impact the substrate. Throughout this work, the physical tests 

are replaced by numerical experiments that use the software, LAVA-P, whose predictions are 

first shown to agree well with the experimentally measured values of particlesô velocity and 

temperature. From the screening analysis, the argon (Ar) and the hydrogen (H2) flow rates, the 

current, and the y-location of the injector are identified as significant input parameters for the 

MPSs. The response functions (i.e., relations between the MPSs and the significant input 

parameters) are first established as nonlinear algebraic equations between the four significant 

input parameters and the MPSs. For a given gas gun, the powder injector location is generally 

fixed. For desired values of the MPSs, the trial input values of Ar and H2 flow rates and the 

current are predicted by solving these nonlinear algebraic equations using a genetic algorithm 

(GA) included in MATLAB. Using equations for the evolution of particleôs axial velocity and 

temperature linearized around steady state values of these variables, an adaptive controller is 

designed to modify the trial input values of the three process parameters to obtain desired values 

of the MPSs in the presence of a noise variable (either a disturbance in the powder injection 

velocity or in the arc voltage). The performance of the controller has been successfully tested 

for two example problems. 

Additional research is needed to design a robust controller for mitigating effects of all noise 

variables and either warn the operator or shut down the process when MPSs cannot be 

controlled. The methodology presented here is applicable to other coating processes and 

manufacturing processes such as hot forging and machining.  
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a)   b)  

Figure 2.10: The closed-loop responses of the MRAC system in the presence of a step 

disturbance in a) the average powder injection velocity, and b) the arc voltage 
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a) b)  

Figure 2.11: The closed-loop control responses of the MRAC for a) decreasing desired mean 

particlesô axial velocity and mean temperature, and b) decreasing desired mean particlesô axial 

velocity but increasing mean particlesô temperature 
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a) b)  

Figure 2.12: The closed-loop control responses of the MRAC for a) increasing desired mean 

particlesô axial velocity and decreasing mean particlesô temperature; and b) increasing desired 

mean particlesô axial velocity and temperature 
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Appendix A 

a)   

b)  

Figure 2.13-A.1: a) Histogram of the injected particle size distribution and b) schematic of the 

observation window of width 1 cm to measure mean particlesô states located 9.5 cm from the 

nozzle exit.  For a mass flow rate of 20 g/min, at any time nearly 2,767 (142) particles are in 

the plasma (observation window) 

1. Theory for the adaptive controller design  

Here we follow [1] to design the MRAC for the multi input- multi output (MIMO) system and 

include a scaling parameter in the adaptive law. Consider the following MIMO plant with m 

inputs and n outputs (for the problem at hand, m = 3, n = 2): 

ώὸ ὃώὸ ὄόὸȟώπ ώȟὸ π  (2.29) 
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where for ὸ π,  ώὸᶰᴙ  is an output vector and όὸᶰᴙ  is an input vector. The 

constant matrices ὃᶰᴙ  ὥὲὨ ὄᶰᴙ  are unknown. The plant dynamics in Eq. (2.29) is 

devoid of process uncertainties and external disturbances. We start by choosing the following 

reference model that meets the design criteria of an ideal plant 

ώ ὸ ὃ ώ ὸ ὄ ὶὸȟώπ ώ ȟὸ π  (2.30) 

where ώ ὸᶰᴙ  is a reference output vector, and ὶὸᶰᴙ  is the piecewise bounded 

desired output vector. The matrices ὃ ᶰὙ  ὥὲὨ ὄ ᶰὙ  are chosen to achieve the 

desired trajectory of the reference modelôs output. The exponential convergence of ώᴼώ  is 

achieved for any bounded ὶὸ for the following feedback control law 

όὸ ὑᶻώὸ ὒᶻὶὸ (2.31) 

where ὑᶻᶰᴙ  ὥὲὨ ὒᶻᶰᴙ  are the ideal gains obtained from the following matching 

conditions: 

 ὑᶻ ὄ ὃ ὃ  Ƞ ὒᶻ ὄ ὄ  (2.32) 

Since matrices ὃ ὥὲὨ ὄ are unknown, the ideal gain matrices ὑᶻ ὥὲὨ ὒᶻ are also unknown. 

Instead of using the ideal control law given by Eq. (2.31), we consider the following adaptive 

control law: 

όὸ ὑὸώὸ ὒὸὶὸ (2.33) 

where ὑᶰὙ  and ὑᶰὙ  are estimates of the ideal gain. From Eqs. (2.29), (2.30) and 

(2.33) the error, e, in the desired output is given by  

Ὡὸ ὃ Ὡ ὄ ὑώ ὒὶȟὩπ Ὡ   (2.34) 

where ὑὸḯὑὸ ὑᶻ and ὒὸḯὒὸ ὒᶻ are estimated gain errors that depend on the 

unknown matrix ὄ. We develop the MRAC scheme that is independent of plant parameters 

ὃ ὥὲὨ ὄ as follows [1]. For either a positive or a negative definite ὒᶻ choose a constant matrix 

ῲᶰὙ  such that ῲ ὒᶻίὫὲὰ where ὰ ρ (-1) if ὒᶻ is positive (negative) definite. Thus, 

the matrix ῲ is positive definite. Using ὄ ὄὒᶻ , Eq. (2.34) becomes  

Ὡὸ ὃ Ὡ ὄ ὒᶻ ὑώ ὒὶȟὩπ Ὡȟὸ π  (2.35) 
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 We adaptively find gain matrices, ὑὸȟὒὸ, as follows: 

ὑὸ Ώὄ ὖὩὸώὸ ÓÇÎὰȟὑπ ὑȟὸ π

ὒὸ Ώὄ ὖὩὸὶὸ ÓÇÎὰȟὒπ ὒȟὸ π
 (2.36) 

where Ώ Ώ πᶰὙ  is a gain matrix that also serves as a scaling parameter, and ὖ

ὖ ᶰὙ  is a positive definite matrix derived from the following Lyapunov equation (2.37).  

For every Hurwitz matrix ὃ  and a given positive definite matrix ὙᶰὙ  there exists a 

unique positive-definite matrix ὖᶰὙ  such that  

ὃ ὖ ὖὃ Ὑ π (2.37) 

The following theorem proved in page 325 on Chapter 6 of [1] guarantees that the error, e, is 

bounded from above.  

Theorem: Consider the plant dynamics given by Eq. (2.29), the reference model by Eq. (2.30), 

the control law by Eq. (2.33). Then, the solution Ὡὸȟὑὸȟὒὸ  of the dynamical system 

given by Eqs. (2.35) and (2.36) is Lyapunov stable and Ὡὸᴼπ as ὸO Њ for all 

Ὡὸȟὑὸȟὒὸ ᶰὙ Ὑ Ὑ  and 0t² , and   

 ᴁὩὸᴁ
ρ

‗ ὖ
‗ ὖᴁὩᴁ ᴁῲΏ ᴁ ᴁὑᴁ ᴁὒᴁ  (2.38) 

The following Lyapunov function is consider in this theorem 

ὠὩȟὑȟὒ ὩὖὩ ὸὶὑɜɤ ὑ ὸὶὒɜɤ ὒ 

For the tracking error to be asymptotically stable, there should exist a positive definite and 

symmetric matrix Ὑ such that ὠὩȟὑȟὒ ὩὙὩ π as referred in page 327, Chapter 6 of 

[1]. A different choice of Ὑ affects the transient response but not the boundedness and the 

asymptotic convergence of the error. This theorem implies that all signals in the closed-loop 

dynamics are bounded (i.e., Ὡὸȟὑὸȟὒὸȟόὸȟώὸᶰὒ ) and the tracking error 
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asymptotically converges zero.  The bound on Ὡὸ can be estimated for known plant matrices 

ὃand ὄ. 

The algorithm for the controller designed in this work is included in Chapters 2 and 4.   

Table 2.6-A.1: Predicted mean particlesô state from the response function for given process 

parameters 

Process parameter 
The solution from 

response functions 

Values found using 

LAVA -P 

Difference from 

LAVA -P 

P (slm) Q (slm) I (A) dy (cm) v (m/s) T (K) v (m/s) T (K) v (%) T (%) 

40 10 500 0.6 107.1 2866 107.0 2833 0.1 1.2 

55 4 450 0.4 125.4 2468 126.1 2478 -0.6 -0.4 

35 6 450 0.6 92.8 2867 92.4 2811 0.4 2.0 

48 2 490 0.7 108.1 2484 107.3 2485 0.7 0.0 

52 8 550 0.8 119.9 2689 119.6 2702 0.3 -0.5 

45 7 475 0.9 102.0 2640 102.8 2688 -0.8 -1.8 

37 9 525 0.5 107.2 2930 107.2 2941 0.0 -0.4 

41 3 425 0.6 97.3 2602 96.5 2586 0.8 0.6 

 

Table 2.7-A.2: For desired values of mean particlesô states values of the three process 

parameters found from the response functions using GA using the second set of seed numbers, 

and comparison of desired particlesô states with those computed using LAVA-P with the GA 

provided values of the process parameters 

Reference values Solution from GA 
Simulated values ï 

LAVA -P 

Difference 

between 

desired and 

simulated 

values 

v (m/s) T (K) P (slm) Q (slm) I (A) v (m/s) T (K) v (%) T (%) 

90 2600 37.69 2.08 410.60 89.3 2578 0.8 0.8 

110 2800 43.93 8.49 478.76 109.5 2768 0.4 1.1 

90 2850 35.00 8.93 407.98 89.9 2803 0.1 1.6 

100 2950 35.00 6.94 537.62 99.5 2948 0.5 0.1 
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95 2800 37.70 6.63 424.52 94.2 2761 0.8 1.4 

100 3100 35.00 7.01 550.00 99.7 2961 0.3 4.5 

105 3000 36.38 8.19 550.00 103.6 2919 1.3 2.7 

90 2750 37.51 8.07 377.07 91.6 2731 -1.8 0.7 

 

Table 2.8-A.3: Values of variables used for exciting the H2 flow rate for validation of multi-

inputs and single-output model of MSPs 

Parameters Qb Qa1 Qa2 Qa3 Qa4 Qa5 ɤ1Q ɤ2Q ɤ3Q ɤ4Q ɤ5Q 

Mean, ɛ 7 0 0 0 0 0 0.5 0.5 0.5 0.5 0.5 

S.D., ů 1 1 1 1 1 1 0.02 0.02 0.02 0.02 0.02 

Sample 1 6.99 -1.47 1.36 0.52 0.42 0.08 0.43 0.40 0.55 0.34 0.54 

Sample 2 7.50 2.22 -1.75 -1.72 -0.04 -0.78 0.21 0.19 0.35 0.55 0.63 

Sample 3 6.28 0.08 0.43 0.24 0.21 -1.82 0.55 0.35 0.49 0.41 0.70 

Sample 4 7.59 -0.58 -0.07 -0.11 1.81 -0.25 0.78 0.46 0.60 0.60 0.38 

Sample 5 3.97 -1.21 -0.37 1.05 -1.50 0.53 0.53 0.52 0.63 0.46 0.31 

Sample 6 8.21 -0.45 0.55 0.83 0.92 1.96 0.35 0.59 0.52 0.65 0.60 

Sample 7 8.79 0.41 0.02 -0.54 -0.67 -1.09 0.42 0.47 0.74 0.11 0.35 

Sample 8 7.08 1.28 1.03 -1.24 -0.38 -0.45 0.62 0.56 0.28 0.51 0.49 

Sample 9 6.65 -0.04 -1.09 -0.39 0.80 1.04 0.50 0.73 0.40 0.47 0.46 

Sample 10 5.79 0.75 -0.75 1.79 -1.22 0.29 0.65 0.63 0.44 0.70 0.50 

 

Table 2.9-A.4: Values of the variables used for exciting the current for validation of multi-

inputs and single-output model of MSPs 

Parameters Ib Ia1 Ia2 Ia3 Ia4 Ia5 ɤ1I ɤ2I ɤ3I ɤ4I ɤ5I 

Mean, ɛ 450 0 0 0 0 0 0.5 0.5 0.5 0.5 0.5 

S.D., ů 200 200 200 200 200 200 0.02 0.02 0.02 0.02 0.02 

Sample 1 423.35 4.01 7.94 -5.62 -5.49 -9.59 0.58 0.35 0.60 0.15 0.62 

Sample 2 442.55 13.68 17.69 -19.67 -2.42 17.27 0.39 0.65 0.55 0.43 0.46 

Sample 3 459.05 -3.03 5.45 -15.50 14.26 1.62 0.37 0.57 0.72 0.66 0.39 

Sample 4 455.80 20.23 2.02 0.13 5.53 4.74 0.55 0.49 0.31 0.37 0.33 

Sample 5 449.12 8.21 18.92 5.32 -21.09 30.79 0.48 0.74 0.45 0.70 0.93 

Sample 6 443.96 -25.32 -5.95 9.63 21.97 8.34 0.31 0.44 0.41 0.48 0.52 

Sample 7 465.79 -16.00 -11.82 19.93 7.77 -14.06 0.51 0.29 0.48 0.55 0.24 

Sample 8 453.20 1.10 -15.18 -7.80 1.13 -7.01 0.43 0.39 0.62 0.40 0.60 

Sample 9 435.13 -4.77 -30.35 12.52 -17.70 -1.09 0.67 0.58 0.36 0.61 0.55 

Sample 10 480.16 -9.68 -1.67 -0.01 -7.82 -18.63 0.69 0.51 0.53 0.50 0.47 
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Figure 2.14-A.2: Variations of the H2 flow rate and current for samples 1, 2 and 3 used for 

validation of multi-inputs and single-output model of MSPs 
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3.1 Abstract 

We enhance capabilities of the model reference adaptive controller (MRAC) [SN Appl. Sci., 3, 

1ï21, 2021] to be robust in the presence of two simultaneous bounded disturbances using ů-

modification and low-frequency learning for maintaining consistent mean particlesô temperature 

and velocity collectively called mean particlesô states (MPSs) when they impact the substrate to 

be coated. The MPSs affect the coating quality. Even though results are applicable to several 

coating processes, we consider an atmospheric plasma spray process (APSP). It is shown that 

the proposed controller can quickly adopt to disturbances in the average injection velocity of 

powder particles and in the arc voltage to change the input current, and argon and hydrogen 

flow rates to maintain uniform values of the MPSs. The performance of the MRAC, the MRAC 

with „ ï modification (R-MRAC), and the R-MRAC with low-frequency learning (MR-MRAC) 

schemes on tracking error convergence, steady state tracking error, disturbance rejection and 

presence of overshoot has been studied. The ranges of control parameters to achieve fast 

adaption with low steady state error, no overshoot, and disturbance rejection for the MPSs have 

been derived using numerical simulations. The control scheme has been tested using the 

software, LAVA-P, that simulates well an APSP.   

3.2 Introduction  

An atmospheric plasma spray process (APSP) is a versatile tool to produce a variety of coatings 

such as thermal barrier, functionally graded and wear/corrosion resistant that have applications 

in aerospace, automotive, agriculture, and biomedical industries. As in any manufacturing 

process, reproducibility and repeatability of the coating quality are of prime importance. In a 

typical APSP a mixture of argon and hydrogen gases injected into a gun passes over an electric 

arc and produces a plasma that exits at a high velocity and temperature. Powder particles 

injected into the plasma through a powder port with or without a carrier gas traverse with the 

plasma toward the substrate to be coated.     

A general understanding in the coating industry is that the mean of particlesô temperature and 

axial velocity (collectively called mean particlesô states, MPSs) just before impacting the 

substrate determine the coating quality.  Disturbances in process variables such as the injection 
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velocity and the arc voltage due to the nozzle wear, the powder injector wear, and 

pulsing/clogging of powder particles significantly affect the MPSs and hence the coating quality.  

To reduce the APSP coating variability, it is important to implement an efficient robust adaptive 

process controller capable of fast adaption to the desired MPSs with minimal deviations and 

effective disturbance rejection. Even though few researchers attempted to implement online 

diagnosis and control to various thermal spray processes, the aspects of fast adaption, stability, 

robustness to external disturbances have not been addressed. Fincke et al. [1] experimentally 

demonstrated the application of real-time diagnostics and control to the thermal spray process 

by monitoring the velocity and the temperature of particles as well as the shape and the trajectory 

of the spray pattern by varying the arc current, the primary flow rate, and the carrier gas flow 

rate. However, the control system is designed by integrating several one input and one output 

proportional-integral-derivative (PID) controllers, which is not an efficient control strategy. Li 

et al. [2 - 4] developed a model based on the process estimation and control of the mean particlesô 

velocity and particlesô melting in a high-velocity oxygen fuel (HVOF) spray process. A closed-

loop proportional-integral (PI) controller was coupled to the estimation model to regulate the 

volume-based average of particlesô velocity and their degree of melting by regulating the inlet 

gas flow rates and combustion pressure. The effectiveness of feedback controller is shown using 

numerical simulations and robustness to various kind of disturbances are presented for HVOP 

spray process. Srinivasan et al. [5] was used an active sensor method (monitoring system with 

feedback controller) to control the particlesô states (the mean temperature and the mean axial 

velocity) by varying the primary gas flow rate and the current. Dykhuizen and Neiser [6] 

implemented a PI controller to wire plasma spray process and its performance to control the 

temperature and velocity of the particle discussed. It is shown to perform well in a real 

production environment. Sampath et al [7] presented an integrated approach by identifying the 

process maps between particle states and coating properties and examined role of these maps 

for control particle states and properties using feedback controller. Kanta et al. [8] used the fuzzy 

logic (FL) controller to keep the inflight particle characteristics within prescribed bounds. Kanta 

et al. [9] implemented the developed AI system using the ANN and the FL controllers for online 

controlling of the APSP. Planche et al. [10] developed an automatic system using elements of 

artificial intelligence (ANN and FL controller) and an emulator that replicated the dynamic 

behavior of APSP. The FL controller is a linguistic controller which depends on the knowledge 
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and understanding of the process and expertise of operator. The rules of FL controller need to 

be updated regularly. The conventional PI and PID controller are fixed gain controllers and can 

show poor adaptability and control performance for the nonlinear plants like APSP under the 

presence of external disturbances. Some aspects related to the performance of effective 

controller such as robustness, fast adaption, stability of the closed-loop system with minimal 

tracking error and disturbance rejection have not been addressed in the above-mentioned 

literature. Kim [11] designed and tested a simple linear controller using ARX (AutoRegressive 

with eXogenous input) dynamic model using input/output data for inductively coupled plasma 

torches for regulating temperature and axial velocity of plasma jet by varying input power. The 

feedback control simulation shown stable control-loop performance with minimal tracking error 

and disturbance rejection. 

The model reference adaptive controller (MRAC) described in our previous work [12] could 

adaptively adjust the current, and the argon and the hydrogen flow rates in response to variations 

in the MPSs detected via sensors mounted on the observation window located just before the 

substrate. Integration of the MRAC to the APSP could achieve the faster convergence of 

tracking error of the MPSs to desired values and the stability of closed-loop system. However, 

it is not robust in the presence of model uncertainties and may become unstable due to parameter 

drifts, high gains, fast adaption, and high-frequency noise. Some of these can be mitigated by 

using a robust MRAC (R-MRAC) that modifies relations used in the MRAC. The R-MRAC 

with fixed „ ï modification in the MRAC [13] is quite robust without explicitly knowing the 

plant dynamics and bounds on the external disturbances. It provides bounded closed-loop signals 

but loses asymptotic convergence of the tracking error in the absence of disturbances. 

Furthermore, the fixed „ - modification can introduce a steady-state error or bursting 

phenomenon [13]. Yucelen and Haddad have proposed low-frequency learning to the MRAC 

by filtering out high-frequency oscillations in the controller response preserves the asymptotic 

convergence of the tracking error to zero [14] and thereby achieving high-adaptive gains in the 

absence of external disturbances. 

Here we report on the implementation of modified R-MRAC (MR-MRAC) scheme by 

incorporating low-frequency learning to the R-MRAC scheme for an APSP that in the presence 

of bounded external disturbances is stable and adaptively adjusts input parameters to achieve 

the desired MPSs within small bounds. The steady-state error associated with the „ - 
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modification is avoided and fast adaptation using high gain is achieved by using low frequency 

learning with low-pass filters for estimating gains. The controller design is based on a linearized 

model of the MPSs with unknown external bounded disturbances. Thus, the MR-MRAC gives 

bounded responses of the closed-loop control and convergence of the tracking error to a small 

number. The ranges of control parameters of the MRAC, the R-MRAC and the MR-MRAC 

schemes for the APSP to achieve low steady state tracking error of the MPSs, disturbance 

rejection of average injection velocity of particles and arc velocity, and no overshoot of MPSs 

are presented using numerical simulations. 

3.3 Methodology  

3.3.1 Numerical Simulations of the APSP 

The APSP involves several interrelated process parameters and variables among a few are 

schematically shown in Figure 3.1. The APSP is numerically analyzed by using the software, 

LAVA -P [15], that simulates the formation of the plasma from the flow of a mixture of Ar and 

H2 gases over an electric arc for given current in a gas gun, and of the plasma exiting the gas 

gun. It considers particles injection into the plasma, their acceleration, melting, re-solidification, 

and evaporation and predicts their trajectories to the substrate to be coated. Due to the 

complexity of the plasma dynamics inside the torch, we follow many other published works and 

do not model the complex electromechanical interactions occurring within the gun. The 

governing equations and mathematical formulation used in LAVA-P are lucidly presented in 

[15] and [16]. The software LAVA-P numerically solves these equations by the finite volume 

method from over the simulation region exhibited in Figure 3.2. The assumptions, boundary 

conditions, and values of parameters to simulate the APSP using LAVA-P are listed in our 

previous work [12]. 
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Figure 3.1: Typical APSP parameters and variables 

 

b)  

Figure 3.2: The observation window of width 1 cm in simulated region to measure mean 

particlesô states located 9.5 cm from the nozzle exit. For a mass flow rate of 20 g/min, at any 

time nearly 2,767 (142) particles are in the plasma (observation window) [12]. 
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Assumptions made to simulate the APSP are summarized below. 

1. Plasma jet is an axisymmetric, unsteady, compressible, Newtonian, turbulent, and 

chemically reacting ideal multi-component fluid mixture with only temperature-dependent 

thermodynamic and transport properties. 

2. The arc voltage fluctuations caused by the arc fluctuations are not considered. The mean 

value of the arc voltage is adopted, therefore, the amplitude of the temperature and the axial 

velocity at the nozzle exit remain constants. 

3. Plasma is in local thermodynamic equilibrium (LTE) and optically thin. 

4. Chemical reactions among different species including ionization, dissociation, and 

recombination are considered. 

5. The effects of gravity and buoyancy on the plasma jet are neglected. 

6. Turbulence modulation due to the transverse injection of the carrier gas and the powder 

particles is not considered. 

7. The viscous drag force acting on a particle is the only driving force.  

8. Powder particles are rigid spheres, randomly vary in diameter, do not interact with each 

other, exchange heat with the plasma, can melt due to temperature rise, and the internal 

convection within a molten particle has a negligible effect on the heat transfer. 

9. 1D heat conduction and evaporation models are considered for particles 

10. The effect of the carrier gas flowing through the powder port at ~ 5 slm on the plasma jet is 

negligible. 

The zirconia powder particles of size 30-100 ɛm are injected from the injector in random 

directions and at randomly assigned injection velocities both within specified ranges. The 

injector is located 6 mm away from the nozzle exit and 8 mm away from the jet axis. The average 

values of particlesô velocities and temperatures are computed in the 1 cm wide window, 9.5 
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ώ  10.5 cm located along jet axis from nozzle exit, shown in Figure 3.2 at t = 9.1, 9.2 é, 9.9, 

10 ms. We note that the particle characteristics in the observation window reach a steady state 

at t = 9 ms in the absence of disturbances. 

In the APSP, the noise parameters such as powder pulsation, powder clogging, and powder-port 

wear will vary the average injection velocity of particles, whereas nozzle wear and erosion can 

be influenced due to fluctuations in the voltage and arc root movements. The effect of noise 

parameters is modeled by varying the average injection velocity of particles, and that of the 

nozzle wear and the cathode/anode erosion by fluctuations in the voltage. The effect of 

simultaneously varying the two on the MPSs is depicted in Figure 3.3. The average injection 

velocity of particles and arc voltage have changed simultaneously to simulate an imaginary 

spraying situation in which the powder-port and the nozzle are worn out. The values of the 

parameters such as current, argon flow rate, H2 flow rate, mass flow rate, particle size are 500 

A, 40 slm, 10 slm, 20 g/min, and 30-100 m˃, respectively. The sampling time of these 

simulations is 0.01 ms.  

 






















































































































