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Abstract:  This study reports new development of a practical model-based controller (namely Model 9 

Predictive Control, MPC) for shot peening, which is the first application to such a process for fully automated 10 

operation. In particular, the feedback MPC is developed based on a process model that links inlet air 11 

pressure of the machine to air pressure at a peening nozzle. In addition, a proxy model is developed to link 12 

measurement variable(s) to peening intensity as the intensity cannot be measured online for real-time 13 

feedback control. During process control, the process model is used to simulate future dynamics of the 14 

peening process to guide the controller for optimal control action, while the proxy model translates the 15 

setting intensity to air pressure reference set-point for real-time tracking. Both the controller and model 16 

development rely on the physical machine’s constraints and capabilities. The pressure sensors and sensor 17 

locations are carefully selected to ensure controllability and observability.  Single input/single output 18 

feedback MPC with future process pre-view capability is developed and integrated into the actual shot 19 

peening machine. The MPC has been demonstrated and validated using both in-silico and onsite controls 20 

for different scenarios. The obtained results show that the developed MPC is stable, robust and accurate 21 

as it can automatically adjust inlet air pressure to attain the desired intensity. Finally, MPC can also help to 22 

reduce up to 25% of production cost by eliminating the cost, time, materials waste, and labor in performing 23 

experimental trials to build  the saturation curve for actual operational guidance. 24 

 25 
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 27 

1. Introduction  28 

In surface enhancement and post processing processes, shot peening is a cold working process, which is 29 

applied to improve a component’s fatigue life by having multiple impacts of high velocity shots on a 30 

treatment surface. Thin layer of plastic deformation is introduced and therefore the near surface material is 31 

work-hardened and the induced residual compressive stress resists fatigue cracking [1-4]. Peening intensity 32 

is one of the key peening factors for any target component and is an indirect measurement of the kinetic 33 

energy of the peening media stream [1-5]. In practice, it is measured using Almen strips (refer to particularly 34 

SAE J443 for Procedures of Using Standard Shot Peening Almen Strip [6], and AMS2430U [7]). An Almen 35 

strip bends into an arc after shot peening whereby the arc-height is representative for the kinetic energy of 36 
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the peening media stream transferred to the strip. Normally, development of the Almen system for guiding 1 

actual operation often time consuming to establish process parameters for a targeted intensity on an actual 2 

component. Thus, Almen system verification can take up to  20 to 25 % of production effort. Hence, 3 

developing saturation curves for actual target intensity using Almen strip tests is time  consuming, involves 4 

material consumption and labor, and can be thus expensive. The practice of Almen strip testing is a 5 

common bottle neck for shot peening process, which often prevents automated production. Thus, in order 6 

to minimize the Almen system development, it is necessary to build an automated peening system that can 7 

automatically control the actual peening operation to obtain the desired intensity. This can greatly reduce 8 

the overall cost, time, and labor associated with the development of the Almen system.   9 

 10 

In practice, most of the control technology integrated into the shot peening machine currently relies on 11 

programmable-logical-control (PLC) and/or computer numerical control (CNC) technology [8]. These 12 

control technologies are suitable for sequential operations; however, they are not optimal process control 13 

means. These control technologies also heavily rely on the Almen system, experience of the operator and 14 

lookup tables. Thus, the design for manufacturing paradigm is not suitable for complicated workflows in 15 

advanced manufacturing operations. To upgrade the current control technology, model predictive control 16 

technology is considered as a great candidate as it is proven and widely used in many different industrial 17 

areas including chemical engineering, food processing, automotive and aerospace applications to name a 18 

few [9-12]. For instance, model based predictive control with constraint optimization is iteratively performed 19 

to control a class of semi-batch [13,14], continuous stirred tank reactors [15] and plug flow reactor [16] for 20 

better process performance; MPC with hybrid process state model of normal and maintenance modes has 21 

been deployed for non-stop production line [17]; applied to improve the production line performance [18]; 22 

used for automatic control of the material cutting force in the cryogenic machining [19, 20]; employed for 23 

automatic control of melt pool size during the process of laser metal deposition in laser additive 24 

manufacturing [21]; developed to improve the geometric accuracy in incremental sheet forming [22, 23]; 25 

and equipped with adaptive process control based on self-learning mechanism in autonomous 26 

manufacturing systems for enhanced decision-making [24]. MPC is an advanced method that is used to 27 

optimally control the process while satisfying a set of constraints with a capability of previewing the process 28 

future. During the operational process, the control algorithm can utilize the developed process model to 29 

predict the future response of the machine. And at each control step, the MPC algorithm attempts to predict 30 

future plant behaviors by optimally computing a sequence of manipulated variable adjustments. An optimal 31 

control input signal is sent to the machine for directing the system to the specified objectives. Thus, with 32 

the uniqueness of future guidance support, MPC is considered an important step towards the digital twin in 33 

industry [25], and cyber–physical systems towards smart manufacturing and industry 4.0 [26]. Up to date, 34 

both theoretical and practical issues related to MPC are well developed. However, application of MPC in 35 

surface enhancement in general and in shot peening process area in particular is relatively new and still 36 

awaited.  37 
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 1 

For shot peening application, process dynamics is often complex and highly nonlinear, and is a function of 2 

many different input parameters (e.g., inlet air pressure, media mass flowrate, peen type and size, nozzle 3 

design, piping system and valves, stand-off distance, impinging angle, etc.) [8, 27]. In order to design an 4 

accurate, stable and robust practical controller for the peening system, we have to understand physical 5 

insights of the dynamical process to build a reliable process model. The selected process variables for 6 

process model development must assure the controllability and observability to build a workable feedback 7 

control system. Furthermore, in practical operation, both inlet air pressure and media flowrate are adaptively 8 

adjusted to attain the target setting peening intensity and/or coverage area, while other variables (e.g., air 9 

pressure at nozzle, peen velocity upon impact, nozzle reaction force, acoustic emission, etc.) are used to 10 

evaluate the kinetic energy of the media stream [8]. These inputs and measurement variables can be 11 

selected to design a feedback control system for automated peening process. Therefore, finding a design 12 

method for most relevant input and measurement variables that leads to optimal operation of MPC 13 

controller, is vitally important. In this study, a sensor down-selection process is performed to find a feasible 14 

sensor for process model development and real-time feedback control from available sensors in the market 15 

(e.g., air pressure, acoustic emission, force, accelerometer, peen velocity, etc.). A sparse identification of 16 

nonlinear dynamical system technique [28-31] is employed to discover the governing equations of the 17 

dynamical process of shot peening problem based on physical background knowledge and measurement 18 

data to link the inputs to the tracking measurement sensor data. A robust and accurate XGBOOST machine 19 

learning algorithm [32] is used to obtain the proxy model to link the tracking data to the peening intensity 20 

for translating the target intensity to the pressure reference set-point. Finally, an optimal MPC controller is 21 

developed based on the developed process model and actual shot peening machine with constraints and 22 

capabilities to upgrade the existing technology with a fully automated system. Finally, the developed control 23 

system is demonstrated and validated using both in-silico and onsite controls using different control 24 

scenarios for control robustness, stability and accuracy. The paper is organized in the following 5 sections: 25 

Section 1 is on the introduction and motivation; Section 2 describes the MPC development with sensors 26 

placement and setup, sensor selection process, process model and proxy model development, controller 27 

design, low-pass filter for noise cancelling, and data transfer; Section 3 shows in-silico control 28 

demonstrations (or control soft-launches); Section 4 expresses the on-site control demonstration and 29 

validation; Finally, Section 5 summaries the content of this study.  30 

      31 

2. Model predictive control system development for shot peening machine  32 

In this section, main components of the model-based control system development, which are shown in Fig. 33 

1, include the pressure sensor measurement selection, the process model, proxy model, model predictive 34 

controller design, low-pass filter, and open platform communication for unified architecture (OPC-UA). Each 35 

component plays a crucial role in the process control system. Details of the development and their roles in 36 

the system are described in the following sub-sections.  37 
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 1 

 2 

Fig. 1: Closed loop model predictive control for shot peening machine  3 

 4 

2.1 Pressure sensor measurement in feedback control system  5 

2.1.1 Sensor placement and setup 6 

In this study, four pressure sensors are installed into the peening system. The computational fluid dynamic 7 

simulations and background knowledge are used to find out the suitable locations of the pressure sensors 8 

for real-time measurement. Three sensors (P1, P2, and P3) are mounted on the nozzle body, while the 9 

other pressure sensor (P4) is placed at the inlet of airflow piping (just before the peening media release 10 

point) (See Fig. 2). In particular, P1 is located near the nozzle exit, P2 is located just after the cone section, 11 

P3 is located just after nozzle inlet, and P4 is at the inlet of piping system.  12 

 13 

Fig. 2: Pressure sensor locations at the inlet air flow and along the peening nozzle.   14 

 15 

2.1.2 Sensor down-selection process  16 

In the sensor down section process, we have performed a number of trials with combination of different 17 

operating conditions of inlet air pressure (1.379, 2.068, 3.034 and 3.723 bar) or (20.0, 30, 44 and 54 psi), 18 

media flowrate (1.0, 2.0, 3.0, 4.0 and 5.0 kg/min), and peening media types (ASR 70 and ASR 230 19 

corresponding to average size of 70.0 mm and 230.0 mm of the shots, respectively) to record air pressure 20 

at nozzle, reaction force, acoustic sound, vibration, and peening intensity using relevant sensors. Basically, 21 

four different sensors; namely pressure sensor, force sensor, acoustic emission, and accelerometer were 22 

employed to measure the air pressure, reaction force, acoustic sound, and vibration, respectively. The 23 

Almen system-based arc height is developed to determine the peening intensity using an Almen gage. In 24 

this study, the sensor down section process is carried out through two steps, which are input sensitivity 25 
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analysis and ordinary least squares (OLS) regression for strong correlation. For sensitivity analysis, the 1 

root mean square (RMS) of each sensor measurement data is plotted as the function of the operation inputs 2 

(inlet air pressure and media flowrate) in 3-dimensional plot as shown in Fig. 3. The obtained results indicate 3 

that the pressure sensor is most sensitive to the inlet air pressure, while the other three sensors are more 4 

sensitive to the  media flowrate. For the ordinary least square regression, the  measurement sensor data is 5 

fitted using polynomial function using the inlet air pressure, media flowrate, and peening intensity to 6 

determine the correlation numbers. The results have shown that pressure sensors have higher correlation 7 

number with the inlet air pressure as well as peening intensity compared to other sensors for both ASR 70 8 

and ASR 230 media types. Table. 1 shows the correlation of pressure sensor values at different locations 9 

of the nozzle (refer to Fig 3) and inlet air pressure.  10 

 11 

Table. 1: R2 value for each pressure sensors 12 

 
 

Dependent Variable: Pressure 

  Sensor P1 Sensor P2 Sensor P3 Inlet (P4) 

R2 
ASR 70 0.978 0.991 0.991 0.988 

ASR 230 0.986 0.987 0.985 0.987 

 13 

 14 

Fig. 3: 3D plots of pressure at the measurement sensors as functions of media mass flowrate and inlet air 15 

pressure for ASR 70 (left) and ASR 230 (right).   16 

 17 

Based on the obtained results of sensitivity analysis and correlation number, it shows that the pressure 18 

sensor is the best candidate among the four types of sensors used. In addition, pressure sensor is more 19 

reliable to represent the physical characteristics of the system. Also, pressure measurement data is more 20 

stable and accurate compared to other sensors. In other words, the pressure sensors are representative 21 

and measurable (or observable), while the inlet air pressure of the machine can be used to change the 22 

dynamics of the process to achieve the target intensity (or it is controllable). Thus, in this study, we select 23 
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pressure sensors for development of feedback control system, while inlet air pressure is chosen to be the 1 

manipulated variable.           2 

 3 

2.2 Process model development  4 

In this subsection, process model is developed based on the selected pressure sensor to link inlet air 5 

pressure to the measurement air pressure at sensor locations along the nozzle. The process model is later 6 

used for controller development and real-time process control. In order to develop the process model, the 7 

experimental data is employed to determine sparse coefficients of the appropriate candidate functions in 8 

constructed functional library using sparse identification nonlinear dynamical system (SINDy) algorithm [28-9 

30]; wherein a functional library is constructed using the physical background knowledge for better 10 

approximation and greater accuracy. The measurement data is collected from all four pressure sensors 11 

(P1-P4) with prior setup of inlet air pressure, which is ranging from a minimum value of 20.0 psi (or 1.379 12 

bar) to maximum value of 54.0 psi  (or 3.723 bar). The input air pressure follows a step function with a 13 

constant step value of 2.0 psi (or 0.138 bar); each step is then performed for 15 s to record measurement 14 

data. The collected data is arranged in column vectors and in time series to use in SINDy algorithm (see 15 

Fig. 4 below).  16 

 17 

 18 

Fig. 4: Process model for control development used for automated shot peening machine   19 

 20 

For SINDy algorithm with control, we assume that the process model has the following general form: 21 

    
𝑑𝑥

𝑑𝑡
= 𝑓(𝑥) + 𝑔(𝑢)          (1)  22 

In this expression, 𝑥 represents the process variable,  which is the air pressure at different sensor locations; 23 

𝑢 is the manipulated variable (or inlet air pressure in this study); 𝑓(𝑥) is the state function, which contains 24 

both linear and nonlinear functions; and 𝑔(𝑢) can also include both linear and nonlinear functions. Refer to 25 

references [28-30] for SINDy algorithm details.  26 
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 1 

The obtained process model is then benchmarked with measurement data using the same inlet air pressure 2 

for the 5 media mass flowrates (1.0, 2.0, 3.0, 4.0 and 5.0 kg/min). Fig. 5 typically shows the comparisons 3 

of the SINDy outputs and experimental data for the media mass flowrate of 1.0 (left) and 3.0 (right) kg/min. 4 

It can be seen that the process model with SINDy algorithm can accurately represent the shot peening 5 

process in terms of the air pressure, especially for sensor P3. Thus, we chose P3 as the online real-time 6 

tracking data in the feedback control system.     7 

 8 

  9 

Fig. 5: Comparison of the experimental data (cyan) and obtained process model (red) for the same input: 10 

media mass flowrate of 1.0 kg/min (left) and media mass flowrate of 3.0 kg/min (right).  11 

 12 

2.3 Proxy model development  13 

In this section, proxy model is developed to link the measurement air pressure at the nozzle to the peening 14 

intensity, which cannot be measured online. The obtained proxy model is then used to evaluate the 15 

reference set-point value of air pressure at sensor P3 on the nozzle from the target intensity value for real-16 

time tracking. Here, the proxy model is developed based on the measurement data of pressure sensor (P3) 17 

and peening intensity for different operating conditions using XGBOSST machine learning algorithm. The 18 

XGBOOST is implemented in ‘XGBOOST’ package using Python language [32]. This scalable end-to-end 19 

tree boosting system is equipped with a sparsity aware algorithm for sparse data and weighted quantile 20 

sketch for approximate tree learning. In addition, the algorithm provides cache access patterns, data 21 

compression and sharing to build a scalable tree boosting system. Details of the XGBOOST algorithm can 22 

be found in reference [33].  23 

 24 

In this study, each combination set of the operating inlet pressure, mass flow rate, nominal peen size, 25 

pressure at sensor P3, and corresponding intensity are recorded, as shown in Fig. 6. Typically, input 26 

pressure, mass flow rate and peen size determine the peening intensity. Pressure at the nozzle could be 27 

considered as one indicator of the peening energy, which is also determined by the three input parameters. 28 
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Pressure at the nozzle is monitored and regulated to achieve a pre-defined intensity. Therefore, intensity is 1 

one of the model input variables for proxy model construction. At the same time, as pressure at nozzle is 2 

just one indicator of the peening energy, mass flow rate and peen size have to be included into the model 3 

as well. In other words, (pressure at nozzle and peening intensity) is not a one-to-one pair but (mass flow 4 

rate, peen size and pressure at nozzle) together are paired to peening intensity. In order to determine the 5 

pressure at nozzle, mass flow rate, peen size and intensity are required as the model inputs, as illustrated 6 

in Fig. 7. 7 

 8 

The measurement trials are collected and preprocessed, where the mean value of the pressure at nozzle 9 

is taken within a relatively stable duration. For the peening intensity, the mean values from 8 repetitions are 10 

calculated. In the current database, 40 instances are used and 80% among them are randomly selected as 11 

the training set while the remaining 20% as the test set. Machine learning framework XGBOOST [32] is 12 

used to train the model. In boosting, the tree ensembles are built sequentially such that each subsequent 13 

tree aims to reduce the errors of the previous tree. Hyper parameter tuning is performed using grid search 14 

with 5-fold cross-validation. In total, 6480 combinations of the hyper parameters are validated.  15 

 16 

Fig. 6: Input and output parameters in the current peening system  17 

 18 

 19 

Fig. 7: Input and output parameters in the current machine learning model. 20 

 21 

     22 
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Fig. 8: Comparison between the prediction and measurement for the peen size of ASR70 (left) and 1 

ASR230 (right). 2 

 3 

The outcome of the training is a proxy model with accuracy of prediction at 97%. By simply inputting target 4 

intensity, mass flow rate and peen size, the model would be able to predict the pressure at nozzle which 5 

be used as the reference set-point for the feedback control. Fig. 8 shows the comparison between the 6 

experimental measurements and the prediction from the proxy model, for  ASR 70 (left) and ASR 230 (right) 7 

peening media types, respectively. For each size, the test dataset is represented by green triangles, while 8 

the training dataset as red crosses. The corresponding prediction at the same input intensity is represented 9 

by blue dots. In order to distinguish between different mass flow rates, the dataset points from experiments 10 

are connected by lines with different styles (and colors). Both the test data and training data are used in the 11 

comparison for benchmarking the obtained proxy model. It could be seen that the proxy model can predict 12 

the required nozzle pressure favorably. 13 

 14 

2.4 Model predictive controller development  15 

In this section, the controller is designed to optimally and automatically obtain any value of peening 16 

intensity, which is specified for the target surface component, through evaluated air pressure reference set-17 

points. The objective function for the model predictive controller design is often expressed in the following 18 

form: 19 

min
𝑢

𝐽(𝑋, 𝑢) = ∑ (𝑦 − 𝑦𝑠𝑝)
𝑇

𝑄(𝑦 − 𝑦𝑠𝑝) + ∑ ∆𝑢𝑇𝑅∆𝑢
𝑁𝑝
𝑘=0

𝑁𝑝
𝑘=0    (2.1) 20 

s.t 21 

 �̇� = 𝑨𝑥(𝑡) + 𝑭(𝑥(𝑡)) + 𝑩𝑢(𝑡),       (2.2) 22 

𝑦(𝑡) = 𝑪𝑥(𝑡) + 𝑬𝜉(𝑡)        (2.3)  23 

𝑥(0) = 𝑥0,        (2.4) 24 

𝑢𝑚𝑖𝑛 ≤ 𝑢(𝑡) ≤ 𝑢𝑚𝑎𝑥,        (2.5) 25 

∆𝑢𝑚𝑖𝑛 ≤ ∆𝑢(𝑡) ≤ ∆𝑢𝑚𝑎𝑥,       (2.6) 26 

𝑥𝑚𝑖𝑛 ≤ 𝑥(𝑡) ≤ 𝑥𝑚𝑎𝑥.         (2.7) 27 

In these expressions, 𝑁𝑝 is the prediction horizon; 𝑦𝑠𝑝 is pressure reference set-point obtained from setting 28 

peening intensity; 𝑦 is measurement air pressure obtained from sensor P3; ∆𝑢 = 𝑢𝑘 − 𝑢𝑘−1 is the change 29 

in the manipulated variable or inlet air pressure; 𝑄 and 𝑅 are weighted matrices, which are pre-defined in 30 

the controller design and later, in the so-called control gains.  Equation (2.2) is process model, which is 31 

obtained in section 2.2. 𝑨 are linear operators,  𝑭 is nonlinear function, 𝑩 is control operator, 𝑥 are the 32 

process model variables, and 𝑢 is manipulated variable. Equation (2.3) is observation model, where 𝑪 is 33 

observation operator, 𝑬 is noise coefficient, and 𝜉 is noise variable. 𝑥0 is the initial condition. 𝑢𝑚𝑖𝑛 and 𝑢𝑚𝑎𝑥 34 
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are the minimum and maximum inlet pressure that the air compressor can supply to the peening process, 1 

respectively. ∆𝑢𝑚𝑖𝑛 and ∆𝑢𝑚𝑎𝑥 are the minimum and maximum step of air pressure that the regulator (valve) 2 

can adjust at each step, respectively. 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 are the minimum and maximum air pressure on nozzle, 3 

respectively. In reality, this mathematical system or controller will compare the difference between the set-4 

point and the actual measurement variable, and optimally solve for the controller action ∆𝑢, which satisfies 5 

the constraints (2.5-2.7), using the process model (2.2). The control action ∆𝑢 is then sent to the regulator 6 

(or inlet air pressure valve) to adjust the system for attaining the set-point. Control strategy is shown in 7 

Algorithm 1 as below:  8 

 9 

Algorithm 1: Model predictive control algorithm 

Step 1: Collect measurement data from pressure sensors (P1, P2, P3) 

Step 2: Solve for the state variables and apply the constraints (2.7) 

Step 3: Solve for optimization solver for 𝑢 and apply the constraints (2.5) 

Step 4: Retrieve control signal from optimal solution ∆𝑢  and apply 

constraints (2.6) 

Step 5: Apply the control action to the physical process 

 10 

In this study, the single input and single output control system is designed for using inlet air pressure to 11 

control the air pressure at sensor P3. The control windows are determined by the constraints of the physical 12 

system;  𝑢𝑚𝑖𝑛 = 1.25 bar (18.130 psi), 𝑢𝑚𝑎𝑥 = 3.725 bar (54.0 𝑝𝑠𝑖), ∆𝑢𝑚𝑖𝑛 = −0.01 bar (-0.145 psi), and  13 

∆𝑢𝑚𝑎𝑥 = 0.01 bar (0.145 psi). Here, setting the constraints of 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 are not necessary as they are 14 

independent of the constraints of 𝑢𝑚𝑖𝑛 and 𝑢𝑚𝑎𝑥. Number of prediction horizons and control horizons are 15 

selectively chosen to ensure that the controller is accurate and robust. The process and control gain  are 16 

chosen depending on the characteristics of the dynamical process to ensure that the control performance 17 

is stable and accurate. These gains are chosen from control soft-launch to tune the control parameters. 18 

The time constant (delay time) 𝜏 is about 0.5 s. The control time step ∆𝑡 = 0.1 s. For the default case, the 19 

pressure reference set-point is set at 1.0 bar (14.504 psi), while mass flowrate is set at 1.0 kg/min. The 20 

peening media type (e.g., ASR70 or ASR230) is pre-set as only one media type is used during the whole 21 

operation process. In order to perform the actual peening process, the target peening intensity, media 22 

flowrate, peening media type, speed of robot arm, and exposure time are required. The proxy model will 23 

automatically translate target intensity into the pressure reference set-point, while the controller will 24 

automatically adjust the inlet air pressure to attain the set-point and finally attain the target intensity.  25 

 26 

2.5 Low-pass filter for cancelling measurement noise    27 

In the practical control demonstration, a piezoresistive pressure sensor from KISTLER is chosen for real-28 

time feedback control (See Fig. 9). The sensor measures the absolute value of air pressure for different 29 

ranges (e.g., 0 to 5 bar (or 0 to 72.519 psi), 0 to 10 bar (or 0 to 145.038 psi), 0 to 20 bar (or 0 to 290.075 30 



11 
 

psi), 0 to 50 bar (or 0 to 725.189 psi), 0 to 100 bar (or 0 to 1450.380 psi), and 0 to 200 bar (or 0 to 2900.750 1 

psi), etc.), and workable for temperatures ranging from 25-180 ºC with the reference temperature of 25 ºC. 2 

Maximum pressure deviation is ±1.0 bar (or ±14.504 psi), and maximum temperature deviation is ±6 ºC; 3 

the internal dead volume is about 40 mm3. During measurement process, the sensor records about 10000 4 

samples for every second and sends these measurement data to the controller. In this work, we chose the 5 

measurement range from 0 to 10 bar (or 0 to 1450.380 psi) for good accuracy which also covers the whole 6 

range of the input operating pressures of the shot peening process. As the measurement data contains a 7 

high-level noise, a low pass filter [33]  with cut-off frequency of 𝑓 =
1

2𝜋𝜏
= 50 (Hz) and fitting order of 5 is 8 

employed to cancel the noise is implemented. As mentioned in the previous section, the control time step 9 

is setup at 0.1 𝑠 and thus an average value of over 1000 filtered measurement data points from each sensor 10 

(�̅� =
1

1000
∑ 𝑝𝑖

𝑚𝑒𝑎𝑠1000
𝑖=1 ) is obtained and sent to controller for feedback control at each control step.    11 

 12 

 13 

Fig. 9: Piezoresistive pressure sensor from KISTLER Co. Lt. for real-time feedback control.  14 

 15 

2.6 OPC-UA implementation  16 

In order to transfer data between the MPC controller and physical shot peening machine during real-time 17 

process control, the Python Open Platform Communications (OPC) – Unified Architecture (UA) [34-36] is 18 

employed to connect the MPC controller to shot peening machine with programmable logic controller (PLC) 19 

via the Ethernet connection. The MPC controller is developed and implemented using Python programming 20 

language, while the existing controller used in the shot peening machine is PLC. An interface is designed 21 

to transfer data between the designed MPC controller and PLC controller integrated into the shot peening 22 

machine. Fig. 10 shows the flowchart of the OPC-UA interface for data transfer between the MPC controller 23 

and the shot peening machine.  24 

 25 

Fig. 10: Flowchart for transferring data between shot peening machine (SPM) and MPC controller  26 

 27 

OPC - 
UA 

Shot 
Peening 
Machine 
(SPM) 

MPC 
Controller 

Controller sends control action to the SPM 

Controller receives pressure measurement signal from SPM 
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3. In-silico demonstration  1 

In this section, control soft-launch is used to tune in the control parameters using different control scenarios, 2 

which includes different references set-points and with/without noise added into the input and output. Six 3 

different reference set-points are 0.8, 2.1, 2.7, 3.7, 4.15, and 2.7 bar (or 11.603, 30.458, 39.160, 53.664, 4 

60.190, and 39.160 psi) as in Fig. 11 (bottom-left). Control windows of the input air pressure is enlarged to  5 

𝑢𝑚𝑎𝑥 = 6.0 bar (or 87.023 psi) to check for control validity of the wider range of the actual machine. Different 6 

process gains (𝐾1) and control gains (𝐾2) have been used in the control soft-launches. The results show 7 

that increasing both 𝐾1 and 𝐾2 leads longer time for the process to attain the reference set-points. Choosing 8 

the process gain and control gain need to be considered while choosing the constraints of the actual 9 

regulator in the physical machine. The obtained results of control soft-launch for 𝐾1  =  300 and 𝐾2  =  250 10 

are reasonable for the constraints of the actual air pressure valve design for this shot peening machine. 11 

The results are shown in Fig. 11 bellow, in which ‘top-left’ is scenario of manipulated inlet air pressure 12 

without noise (blue and solid line) and mean value (red and dashed-line), while ‘top right’ is scenario of  13 

manipulated inlet pressure with noise. ‘Bottom-left’ is observation air pressure (blue and solid line) and 14 

pressure reference set-point (red and dashed line) without noise, while ‘Bottom-right’ is with noise. In order 15 

to test the performance of the designed controller including its robustness and accuracy, noise with zero 16 

mean and variance of 0.2 bar (or 2.900 psi) is added to both, pressure at the inlet and measurement 17 

pressure at pressure sensor P3. However, the inlet air pressure is filtered with low-pass filter, while the 18 

measurement pressure at P3 is with the added noise. Control results are shown in Fig. 11 (right). It is 19 

evident that the control system is stable, accurate and robust. 20 

   21 

Fig. 11: In-silico control demonstration for process gain of 𝐾1  =  300 and control gain of 𝐾2  =  250: no 22 

measurement noise added (left) and both input and output noise added (white noise with variance of 0.2 23 

psi (or 2.900 psi)). Noted that MV is manipulation variable and OV is observation variable.    24 

 25 

4. Onsite demonstration and validation   26 
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4.1 Experimental setup for onsite control  1 

In this section, on-site control demonstrations are performed for three different scenarios, which include (1) 2 

different reference set-points, (2) constraint violation scenarios, and (3) specific target peening intensity 3 

values. In this study, the on-site demonstrations are performed using actual shot peening machine from 4 

Abrasive Engineering Singapore Lt. Co, which is shown in Fig. 12 (left). Fig. 12 (right) is experimental setup 5 

inside peening chamber where the robot arm holding the peening nozzle with three pressure sensors (P1, 6 

P2, P3) is pointing to the Almen holder with Almen strips mounted onto it. The robot arm is automatically 7 

controlled to achieve the desired impingement angle, stand-off distance, and moving speeds (or exposure 8 

times), while the sensors on the  nozzle measure the actual air pressure along the nozzle and send them 9 

back to the controller for feedback and real-time process control. For default setting, the air pressure 10 

reference set-point is set at 1.0 bar (14.504 psi); impingement angle is 70º; stand-off distance between 11 

nozzle and Almen holder is 120 mm and inlet air pressure is set at 20 psi (or 1.379 bar). The media peen 12 

flowrate and the exposure time are pre-set, which are dependent on the expected value of peening intensity. 13 

Control scenarios of  five media flowrates of 1.0, 2.0, 3.0, 4.0, and 5.0 kg/min with different reference set-14 

points are performed for all three mentioned demonstration scenarios.   15 

 16 

                               17 

Fig. 12: Abrasive Engineering Shot Peening Machine (left) and experimental setup with sensor locations 18 

(right).   19 

 20 

4.2 Onsite control demonstration for different pressure reference set-points  21 

In this section, different control scenarios with different pressure reference set-points are performed to 22 

demonstrate the control performance in robustness, stable and accuracy. In total five control experiments 23 

corresponding with 5 media flowrates (1.0, 2.0, 3.0, 4.0 and 5.0 kg/min) are carried out. For each media 24 

flowrate, five pressure referent set-points of 1.0, 1.5, 2, 1.9, and 1.7 bar ( or 14.504, 21.756, 29.008, 27.557, 25 

and 24.656 psi) with up and down-trends are employed to study how the controller adjusts the inlet air 26 

pressure when the reference set-point is increasing and decreasing. Each control experiment lasts for 5 27 

minutes (or 300 s). Although the media flowrate for each case is set to a constant value, it is still varying as 28 

inlet pressure increases or drops. The media flowrate is decreasing as inlet air pressure increases, while it 29 
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is increasing as the inlet air pressure drops. The change of media flowrate causes the system to be 1 

unstable. Refer to the subsequent section for more details.  2 

  3 

  4 

Fig. 13: Onsite control demonstration for different pressure reference set-points: (a) media flowrate of 2.0 5 

kg/min (top-left), (b) media flowrate of 3.0 kg/min (top-right), (c) media flowrate of 4.0 kg/min (bottom-left), 6 

and (d) media flowrate of 5.0 kg/min (bottom-right). 7 

 8 

Figs. 13 (a-d) show the control results of the experiments with media flowrate of 2.0, 3.0, 4.0, and 5.0 9 

kg/min, respectively. In these figures, the red-line represents reference set-points for pressure output at 10 

sensor (P3), while the blue-line shows the manipulated air pressure at the inlet. The upper black-line is 11 

pressure at sensor P3 that is controlled to follow the set-points. The middle and lower black-lines are 12 

pressure sensor at P2 and P1, respectively. The two values of air pressure at P1 and P2 are only used in 13 

process model development. The obtained results show that the peening system is unstable for the first 5 14 

seconds because both the airflow and the peening media flow have just initiated and not reached stable 15 

state yet. After this short period, the controller starts adjusting the input air pressure to drive the system to 16 

a more stable state and finally reaching the reference set-point. Whenever the reference set-point changes, 17 

the controller immediately adjusts the input to stabilize the air pressure at the nozzle to the new reference 18 

set-point. In other words, the control performance is stable, accurate and robust for the whole range of the 19 

control window. However, a small over-shoot is observed as the measurement pressure reaches the 20 

reference set-point with it gradually going back to the set-point. A larger overshoot value is observed in the 21 

scenario when the controller adjusts the inlet air pressure to reduce the pressure at the nozzle from a higher 22 

to lower reference set-point; in comparison to the scenario  of increasing pressure from a lower to higher 23 
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reference set-point where a smaller overshoot is observed. These instabilities are caused by the change of 1 

media flowrate released into the system as the air pressure at the flowrate valve rises or drops.  2 

 3 

4.3 Constraint violation and some comments   4 

In this section, the on-site control demonstrations are performed to violate the minimum and maximum of 5 

the machine constraints. A low pressure reference set-point is set at 0.75 bar (or 10.878 psi) from 𝑡 = 175 6 

s to let the controller be subjected to  violation with the minimum constraint  𝑢𝑚𝑖𝑛 = 1.25 bar (or 18.130 psi) 7 

of the inlet air pressure of the machine, while high values of reference set-points of 2.75 and 3.0 bar (or 8 

39.885 and 43.511 psi) at time durations of 190 and 240 s are used to let the controller violate the maximum 9 

constraint of 𝑢𝑚𝑎𝑥 = 3.725 bar (or 54.0 psi) of the maximum inlet air pressure of the machine. A typical 10 

control violation of the minimum constraint is shown in Fig. 14 (left), while the violation of maximum 11 

constraint is shown in Fig. 14 (right). It is clear that when the machine reaches the minimum inlet air 12 

pressure constraint, the process system becomes unstable and shuts down due to safety reason. However, 13 

the machine still keeps running at maximum inlet air pressure as it reaches the maximum constraint, but 14 

the air pressure at the nozzle never reaches the reference set-point. In this case, the controller will give 15 

zero-control move (∆𝑢 = 0.0 bar) to manipulate the inlet air pressure of the machine. In practical scenario, 16 

an alarm is designed to attract the attention of the operator to make a decision.  17 

 18 

   19 

Fig. 14: Onsite control demonstration for constraint violation: (left) minimum constraint violation, (right) 20 

maximum contraint violation. 21 

 22 

   23 
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    1 

Figure. 15: The dependence of the media flowrate instability to the change of inlet air pressure: top-left 2 

shows measurement air pressure at inlet (P4-blue), P3 (red- upper), P2 (red-middle), and P1 (red-lower) 3 

for  the case of media flowrate at 1.0 kg/min ; bottom-left shows media flowrate for the case of 1.0 kg/min; 4 

top-right shows measurement air pressure at inlet (P4-blue), P3 (red- upper), P2(red-middle), and P1 (red-5 

lower) for the case of media flowrate of 3.0 kg/min; and bottom-right is media flowrate for the case of 3.0 6 

kg/min.  7 

 8 

As mentioned previously,the change of inlet air pressure significantly influences the mass flowrate of the 9 

peening media released to the system, causing instabilities to the process. In order to quantify the 10 

instabilities, 5 control experiments corresponding with 5 different media mass flowrate of 1.0, 2.0, 3.0, 4.0, 11 

and 5.0 kg/min are performed. In each experiment, the air pressure reference set-points are changed to up 12 

and down to let the controller drive the inlet air pressure to increase and decrease in order to study the 13 

process instability. The obtained results are shown in Fig. 15 for media mass flowrates of 1.0 and 3.0 14 

kg/min. The peening time starts from ‘Start point’ and ends at ‘End point’. In Fig. 15, blue lines are 15 

representative of inlet air pressure, light blue lines are that of raw pressure sensor measurement at sensors 16 

P1, P2, and P3 on the peening nozzle, red-lines are filtered pressure measurment at sensors P1, P2, and 17 

P3 along the nozzle, and black-lines are the media mass flow rates. The obtained results show that increase 18 

in the inlet air pressure slightly causes a decrease in media mass flowrate, while decrease in inlet air 19 

pressure greatly causes an increase in media mass flowrate released into the system. A greater change in 20 

the inlet air pressure causes a higher change in media mass flow rate leading to more instability in the 21 

system. In addition, for higher media mass flow rate cases, the process exhibits more instability, and with 22 

higer measurment noise. In fact, the control system fails as the reference set-point decreases too much or 23 

∆𝑢 is too big in the pressure decreasing process, whereas the process control system is always stable 24 

during the pressure increasing scenario. In order to stablize the process control, the control action step, 25 

∆𝑢, must be selected carefully to gradually and stably bring the system to the lower reference set-point. In 26 

this study, ∆𝑢 = 0.01 bar (or 0.145 psi) is chosen for process control stability. 27 

 28 

4.4 Onsite control demonstration and validation for different target setting peening intensity  29 
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In this section, the onsite control demonstrations are performed using peening media type ASR70 to 1 

demonstrate for control accuracy, stability, and robustness. Similarly,  five media mass flowrates (1.0, 2.0, 2 

3.0, 4.0, and 5.0 kg/min), which cover the whole range of the actual machine, are used for the onsite control 3 

demonstrations. For each media flow rate, three values of intensity (low, average, and high) corresponding 4 

to three values of reference pressure measurement are employed. The measurement value of peening 5 

intensity obtained from the Almen System is compared with the target value. The values of pressure 6 

reference set-points are evaluated from the target values of intensity via the proxy model, which can be 7 

input by the user at any time during the operational process. For each target intensity, the onsite control 8 

experiments are performed for at least four exposure times to measure the arc height for saturation curve 9 

plotting and measurement of peening intensity, which is also repeated four times to ensure repeatability. 10 

The obtained results are shown in Table 2 for onsite controls with media mass flow rates from 1.0  to 5,0 11 

kg/min for three different target intensities. T1 refers to the saturation time where Almen intensity is obtained 12 

on the saturation curve. It can be seen that the actual peening intensities are close to the target intensities, 13 

wherein the differences are smaller than the acceptable industry threshold value of 0.01 mmA. It is therefore 14 

evident that the developed controller can accurately adjust the inlet air pressure to drive the system to 15 

obtain the target intensity.      16 

 17 

Table 2: Experimental results for onsite control experiments  18 

Media 

flowrate 

(kg/min) 

Target 

intensity 

(mmA)  

Measured 

intensity 

(mmA) 

Absolute 

difference 

(mmA) 

Measured 

pressure set-

point (bar) 

T1 

(second) 

1.0 0.128 0.126 0.002 0.923897 3.51 

0.141 0.147 0.006 1.420320 2.71 

0.157 0.163 0.006 2.302849 2.18 

2.0 0.123 0.127 0.004 0.958371 1.55 

0.141 0.141 0.000 1.454794 1.34 

0.158 0.154 0.004 2.282165 0.93 

3.0 0.123 0.117 0.004 0.923857 1.22 

0.136 0.136 0.000 1.420326 1.21 

0.157 0.152 0.005 2.254586 0.96 

4.0 0.121 0.125 0.004 0.923983 1.15 

0.137 0.138 0.001 1.427215 0.94 

0.151 0.154 0.003 2.192533 0.76 

5.0 0.122 0.118 0.004 0.924522 0.78 

0.135 0.130 0.005 1.427215 0.69 

0.154 0.149 0.005 2.171849 0.65 

 19 
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More examples of control scenarios and corresponding performances are shown in Figs. 17-19, - with 1 

media mass flow rate of 5.0 kg/min for different target intensities of 0.122, 0.135, and 0.154 mmA, 2 

respectively. The figures on the left show real-time control with pressure monitoring of P3 (upper black-line) 3 

compared to pressure reference set-points (red-line), which is evaluated from the set target value of 4 

intensity using proxy model. The designed MPC controller automatically adjusts the input air pressure (blue-5 

line) to attain the pressure at P3 close to the set-point (red-line). There are three regions, which are (1) 6 

before control turning on, (2) adjustment time and where control set point is keyed in, and (3) peening time 7 

(or exposure time). In region (1), the machine runs with default set up of inlet pressure of 1.379 bar (or 20 8 

psi) and media flow rate of 5.0 kg/min. In this region where no control is applied, the process is very unstable 9 

(see Figs. 17-19 (left)) as input air pressure is fluctuating up and down, while the values of the measurement 10 

pressure sensor oscillate. In region (2), controller is applied which starts to manipulate the input air pressure 11 

to drive the pressure at the nozzle to the default reference set point (= 1.0 bar (or 14.504 psi)). After 12 

obtaining stable status, the target intensity is input into the system, thereafter which the proxy model will 13 

convert the intensity value to a new reference set point of pressure. The controller then automatically 14 

adjusts the input air pressure to drive the pressure at the nozzle to the new set point. It should be noted 15 

that the adjustment time is pre-set. In this study, it is about 100 s. It can be shorter to reduce the waiting 16 

time, but must be long enough to ensure that the stable operation of peening process. In the region (3), the 17 

robot arm and nozzle are in position (aimed to the Almen strip or treated component) and the peening 18 

process begins. The exposure time or peening time is set depending on the robot arm speed and peening 19 

conditions. It can be seen that the control system is robust, accurate and stable as the input is adjusted to 20 

attain the reference set point.  21 

 22 

     23 

Fig. 17: Onsite control demonstration with mass flow rate of 5.0 kg/min, peening media type of ASR 70 and 24 

intensity of 0.122 mmA: Real-time pressure monitoring (red-line: reference pressure set point, blue-line: 25 

manipulated inlet air pressure, black-lines: actual pressure sensor values) (left), and measurement 26 

saturation curve with actual peening intensity of 0.118 mmA (right).            27 

 28 

The figures on the right show the saturation curves obtained with actual measurement peening intensities. 29 

Each plot often uses four measurement points with different exposure times, while each exposure time is 30 
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repeated using four Almen strips to check for repeatability. In these figures, the values of arc heights are 1 

scaled up one hundred times for clearer representation. The ‘red-line’ shows the intensity (or arc height at 2 

1T), while green shows the arc height at 2T. The measurement values of intensity are compared to target 3 

values accordingly to ensure that the differences are smaller than 0.01 mmA, which is the industry threshold 4 

value for the variation of peening intensity in the actual process. The obtained results for all the tests are 5 

smaller than 0.006 mmA, which is much smaller than threshold value of 0.01 mmA. It implies that the 6 

developed controller is accurate and repeatable. 7 

     8 

Fig. 18: Onsite control demonstration with mass flow rate of 5.0 kg/min, media peening type of ASR 70 and 9 

setting intensity of 0.135 mmA: Real-time pressure monitoring (red-line: reference pressure set point, blue-10 

line: manipulated inlet air pressure, black-lines: actual pressure sensor values) (left), and measurement 11 

saturation curve with actual peening intensity of 0.130 mmA (right).            12 

 13 

      14 

Fig. 19: Onsite control demonstration with mass flow rate of 5.0 mmA, peening type of ASR 70 and setting 15 

intensity of 0.154 mmA: Real-time pressure monitoring (red-line: reference pressure set point, blue-line: 16 

manipulated inlet air pressure, black-lines: actual pressure sensor values) (left), and measurement 17 

saturation curve with actual peening intensity of 0.149 mmA (right).            18 

 19 

In general, from the intensive onsite control scenarios performed (total about 60 test cases = 5 media mass 20 

flow rates × 3 target intensities × 4 repeats), the obtained results show that the performance of the designed 21 

control is stable, robust and accurate. It is reliable in practical applications and valid for the whole operating 22 
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range of typical shot peening machines. It also implies that the control can directly be applied to the actual 1 

peening operation accurately. This also means that the developed controller can help to save time and cost 2 

associated with the Almen strip system including the plotting of saturation curves for guiding actual 3 

operation of the shot peening process. In addition, with the MPC feedback control, the process is much 4 

more stable than existing open-loop PLC control. In addition, the developed control can provide a safer 5 

working environment and ensure superior quality of the treated components by ensuring right first time 6 

thereby reducing scrap and/or repair during practical operation as well.      7 

 8 

5. Conclusions  9 

In this study, a practical model-based control system is developed and implemented for upgrading the 10 

existing PLC control system to provide a more stable, robust and controlled shot peening machine. The 11 

control system is developed based on a combination of process model, proxy model, controller design, and 12 

low-pass filter for inlet air pressure and pressure sensors. The developed controller is demonstrated and 13 

validated using both in-silico and onsite controls for process control performance of stability, robustness 14 

and accuracy.  15 

 16 

Different sensors are employed in the experimental trials to explore the possibility and capability of real-17 

time process monitoring and optimal control. From the sensor down-selection process, the air pressure 18 

sensor is chosen for control system development as the pressure measurement data has strongest 19 

correlation to the operating conditions as well as to the peening intensity.  20 

 21 

The process model is derived from selected measurement data using sparse identification nonlinear 22 

dynamical algorithm with relevant functional library, which is developed based on physical background 23 

knowledge. The process model is used to link the inlet air pressure (manipulated variable) to the air 24 

pressure measurement at different pressure sensors located along the nozzle (observation variables).     25 

 26 

The proxy model is developed using XGBOOST machine learning algorithm to link pressure measurement 27 

data on the nozzle to the peening intensity. The XGBOOST with sparsity-awareness and distributed weights 28 

can handle the sparse collected data as well as amplify the important data for a more accurate proxy model. 29 

The obtained proxy model is then used to evaluate pressure for the reference set-point from the target 30 

intensity.  31 

 32 

An advanced closed loop control system with single input/ single output is developed, implemented, and 33 

integrated for a conventional shot peening machine for automated optimal process control. The feedback 34 

MPC is developed based on the process model and system constraints to optimally control the input to 35 

attain the desired intensity. For a better feedback signal, the low-pass filter is employed to cancel the 36 

measurement noise before sending back to the controller. In addition, an interface for transferring data 37 

between MPC controller and Shot peening machine is developed using OPC-UA for python programing.  38 

 39 
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Both in-silico and onsite controls are demonstrated and validated for different control scenarios which were 1 

set up for the whole range of a practical shot peening. The obtained results indicate that the process control 2 

system is stable, robust, accurate, and repeatable. The controller can therefore be directly applied to a 3 

practical shot peening operation, thereby reducing the reliance of Almen system and in turn help reduce 4 

cost, time, and labor associated with a typical shot peening process.   5 

 6 
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