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A B S T R A C T   

The main concept of the authors is to place Reinforcement Learning (RL) into various fields of manufacturing. As 
one of the first implementations, RL for Statistical Process Control (SPC) in production is introduced in the paper; 
it is a promising approach owing to its adaptability and the continuous ability to perform. The widely used Q- 
Table method was applied for get more stable, predictable, and easy to overview results. Therefore, quantization 
of the values of the time series to stripes inside the control chart was introduced. Detailed elements of the 
production environment simulation are described and its interaction with the reinforcement learning agent are 
detailed. Beyond the working concept for adapting RL into SPC in manufacturing, some novel RL extensions are 
also described, like the epsilon self-control of exploration–exploitation ratio, Reusing Window (RW) and the 
Measurement Window (MW). In the production related transformation, the main aim of the agent is to optimize 
the production cost while keeping the ratio of good products on a high level as well. Finally, industrial testing 
and validation is described that proved the applicability of the proposed concept.   

1. Introduction 

Artificial Intelligence (AI) and Machine Learning (ML) approaches 
are spreading across all areas in our live, it is also valid for technical 
fields, e.g., for the manufacturing sector as well. Nowadays, the increase 
in the speed of this expansion is growing, consequently, the intensity of 
changes and novel challenges require more and more attention with 
exhaustive research & development activities. Moreover, the frequently 
arising, novel AI and ML techniques have to be continuously adopted to 
the given domain to achieve the best match. This mission is valid also to 
manufacturing, while the well-known Industry 4.0 global initiative 
(called also as Industrial Internet or Cyber Physical Production Systems 
(CPPS)) supports, facilitates, moreover, incorporates these directions, 
consequently, the actual situation in this sector is quite promising. 

There are various areas of the AI discipline (e.g., machine learning, 
search techniques, multicriteria optimization, inference and expert 
systems, graph modelling and traversal…), nowadays, the so-called 
Deep Learning (DL) receives the highest level of attention, making it 
to the most fashionable solution, while sometimes some may forget the 
other very important areas of AI. In general, ML is one of the key, basic 
foundations in AI, originally this branch started with the two directions 
of supervised and unsupervised learning. However, in the 80s, the early, 
pioneering results of Sutton [1] with his professors and colleagues 

extended this range to the Reinforcement Learning (RL). Currently there 
are also further combinations of such techniques like semi-supervised 
learning. 

The spread of various artificial intelligence and machine learning 
techniques in manufacturing is valid for reinforcement learning as well. 
However, as described in the next paragraph, the reviewing the scientific 
literature mirrors that the domain specific adaptation of reinforcement 
learning to various production fields concentrates mainly, only to production 
scheduling and robotics. This state-of-the-art status provoked the moti-
vation to extend and adapt reinforcement learning to further potential 
fields of manufacturing. So, the current paper introduces novel RL based, 
Statistical Process Control (SPC) in manufacturing, with various additional 
novel components: 

• The main contribution of the paper is the adaptation concept of rein-
forcement learning to the process control in manufacturing.  

• A novel, general (manufacturing independent), dynamic Q table 
handling for RL is described, even if it was motivated by the production 
adaptation challenges.  

• The specialties of industrial process control led to the introduction of 
the so-called Reusing Window (RW) in RL based SPC in manufacturing.  

• To compare the efficiencies of various RL solutions in production 
SPC, the Measuring Window (MW) is introduced. 
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• The features and behaviour of the related, SPC in production, specific 
simulation are described.  

• A novel, dynamic, (manufacturing independent) self-adaptation 
method is presented to control its own exploration–exploitation rate by 
the agent itslef.  

• Industrial testing and validation is decribed that proves the applicability of 
the method proposed. 

The paper is organized as follows. After the current introduction, the 
actual status about the reinforcement learning in production field is 
summarized. The third paragraph reviews the current SPC solutions in 
manufacturing followed by the novel approach to introduce RL in pro-
duction, especially for SPC assignments. Its specialized extensions are 
introduced in the next paragraph, after the introduction of the Reusage 
Window (RW) and Measurement Window (MW) the proving results of 
an Industrial Test and Validation are presented. Conclusions with 
Outlook, Acknowledgements and References close the paper. 

2. Reinforcement learning in production 

Despite the given, highly potential situation, the state-of-the art 
literature mirrors that RL applications in manufacturing concentrate 
mainly only on two fields: production scheduling and robotics. 

In production scheduling, the state-of-the-art for dynamic scheduling 
shows a growing increase for the use of RL algorithms. Several papers 
use Q-learning [2,3,4], deep Q-learning [5] and adapted versions of Q- 
learning [6,7]. Most cases focus on value-based algorithms [2,3,4,5,8], 
however a few papers like [4,7] are policy-based. Some researchers used 
the epsilon-greedy method [3,4,5], whereas Bouazza et al. [2] used it in 
addition to the machine selection rule. While Kuhnle et al. [7,8] 
considered the architecture of a RL algorithm framework, Qu et al. [10] 
analysed the optimal assignment of multi-skilled workers. In papers 
[2,5,10] multi-agent architectures were realized. In general, researcher 
applied a simulation tool to test and validate their approach. E.g., Kar-
dos et al. introduced a Q learning based RL architecture into the 
scheduling/dispatching decisions in productions systems and proved on 
simulation basis that their solution significantly reduces the average 
lead time of production orders in a dynamic environment [9]. Moreover, 
it was shown that as the complexity of the production environment in-
creases, the application of RL for dynamic scheduling becomes more and 
more beneficial; that makes the future production systems more flexible 
and adaptive. 

In the field of robotics applications of RL, Nair et al. presented a 
system with a RL component for solving multi-step tasks [11]. The 
report by Plappert et al. [12] introduced a suite of challenging contin-
uous control tasks and also a set of concrete research ideas for improving 
RL algorithms. Zhu et al. combined reinforcement and imitation 
learning for solving dexterous manipulation tasks from pixels [13]. Kahn 
et al. presented a high-performing RL algorithm for learning robot 
navigation policies [14]. Long et al. optimized a decentralized sensor 
level collision avoidance policy with RL [15] and Johannink et al. 
studied the combination of conventional feedback control methods [16]. 

There are some first trials for applying RL also in the field of process 
control in manufacturing, however, such papers are particular and much 
rare than those for scheduling and robotics, so, these results have to be 
introduced in more detail. 

Large variety is one of the challenges in brine injection into bacon 
food products, requiring an adaptive model for control. Injection pres-
sure and injection time can be controlled by an adaptable Deep Deter-
ministic Policy Gradient (DDPG) reinforcement learning model 
presented by Andersen et al. [43]. The DDPG could adapt a model to a 
given simulated environment that is based on 64 conducted real experiments. 
With a target setpoint of mass increase of 15% it was capable of pro-
ducing a mean of 14.9% mass increase with a standard deviation of 
2.6%. 

The main contribution of Beruvider et al. was the design and 

implementation of a reinforcement learning architecture for default 
pattern identification in multi-stage assembly processes with non-ideal 
sheet-metal parts [44], in which the failure patterns are generated by 
simulation. The architecture was composed by three modes (knowledge, 
cognitive and executive modes) combining an artificial intelligence 
model library with a Q learning algorithm. The results presented by 
three methods (MLP, SOM and MLP + GAs) achieved high precision 
level regarding the different measurement parameters generated espe-
cially for this training and validation. The architecture extension by a 
reinforcement learning algorithm (Q-learning in this case) resulted in 
further benefits because its helps to determinate parameters for the 
models that enabled better adjustment to the different changes of the 
experimental data and to the different work regiments. 

The paper of Guo et al. [45] introduced a professional, hybrid 
framework for optimizing and control of an injection moulding process 
for lens production. The model is pre-trained by a simulation framework 
establishing the initial knowledge that can be promptly applied for on-line 
optimization and control. Finally, the complete process was controlled 
staying inside the prescribed quality control chart. This paper is excel-
lent, and the approach is robust. In comparison to genetic algorithm and 
fuzzy inference based optimization and control methods, the proposed 
reinforcement learning based solution outperformed them significantly. 

Kader and Yoon [3] proposed a methodology for the stencil process 
parameter estimation in the surface mount technology (SMT) of circuit 
boards. The aim was to build an optimal adaptive controller to enhance 
the solder paste volume transfer during the process. Printing speed, 
printing pressure and separation speed in a discretized coding formed 
the state space of reinforcement learning and two prediction models are 
built to estimate the reward functions, which are average (avg.) and 
standard deviation (std.) of solder paste volume transfer efficiency (TE). 
To estimate the immediate reward, after predicting the avg. and std. of 
volume TE, the capability indices Cpk and Cpkm were calculated for each 
component, in this aspect the results are really harmonized with the SPC 
techniques. If these values are above a threshold, the reward was 1, if not, the 
reward was − 1. The simulation-based testing results showed that the 
agent successfully arrived at the terminal state with taking only few 
actions. 

Li et al. proposed a novel neural network [46], called a Reinforce-
ment Learning Unit Matching Recurrent Neural Network (RLUMRNN), 
with the aim of resolving the problem that the generalization perfor-
mance and nonlinear approximation ability of typical neural networks 
are not controllable, which is caused by the experience-based selection 
of the hidden layer number and hidden layer node number. This was the 
main contribution of the paper, and so, the simulation of the training data 
is easy. In the application side, a discriminator was constructed for dividing 
the whole state degradation trend of rolling bearings into three kinds of 
monotonic trend units: ascending unit, descending unit and stationary unit. 
By virtue of reinforcement learning for the recurrent neural network, its 
hidden layer number and hidden layer node numbers was fitted to a 
corresponding monotone trend unit that was selected to enhance its 
generalization performance and nonlinear approximation ability. 

By taking advantages of the concept a new state trend prediction 
method for rolling bearings was proposed. In this prediction method, the 
moving average of the singular spectral entropy was used first as the state 
degradation description feature, and then this feature was inputted into 
the model to accomplish the state trend prediction for rolling bearings. 
The same concept was copied and re-published by Wang et al. [47], the 
only differences were that it optimizes the structure of a deep neural 
network and the test environment is a test-rig and a locomotive bearing. 

In the paper of Ramanathan et al. [48] a reinforcement learning 
based smart controller was proposed, and its performance was demon-
strated by using it to control the level of liquid in a non-linear conical 
tank system. The advantage is that a standalone controller is designed on 
its own without prior knowledge of the environment or the system. 
Hardware implementation of the designed unit showed that it controlled 
the level of fluid in the conical tank efficiently, and rejected random 
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disturbances introduced in the system. This controller provided an edge 
over PID, fuzzy, and other neural network-based solutions, by elimi-
nating the need for linearizing non-linear characteristics, tuning PID 
parameters, designing transfer functions, or developing fuzzy member-
ship functions. A significant advantage of this concept was that every 
component of the reinforcement learning, and its environment was connected 
to a real application, and real measurements were feed-back to the simulation 
model and updated the knowledge base. This makes the paper and the 
results superior. In the real application the agent performed only exploita-
tions, while the simulation served with the mixed exploration–exploitation 
background. First, the initial Q matrix was obtained by running simula-
tion in MATLAB, without interfacing directly with the real time system. 
Later, the Q matrix was updated by many trials in the experiments. 

After reviewing various cases a special aspect, the number of the 
required reinforcement learning training steps, moreover, the simula-
tion background to support it have to be considered. Production sched-
uling is performed by a computer attached to the manufacturing system, 
and it is natural to “play forward” the future states of the complete 
system (plant, process steps, etc.), partly because the required basis in-
formation is available also for the scheduling itself. Similar is the situ-
ation at robotic applications when the (e.g., 3D) simulation of the robot 
movements is an available, basic service in the movement (e.g., trajec-
tory) planning. Consequently, both fields naturally serve with a valid 
simulation component that makes the application of reinforcement learning 
easier. Also, each presented process control examples apply a simulation 
component, that are based either on a physical model of the environment or 
on a fitted model to a smaller number of real experimental data. This 
simulation requirement is inherited in the RL applications because of the 
typically high number of required training steps. Moreover, the explo-
ration steps of RL would cause too high costs, risks or disconformities in 
real manufacturing environments when. The current paper applies also the 
simulation-based approach while the basic information of the SPC is 
inherited from real manufacturing. Data and human experts-based 
knowledge are included as well, so, the basis is a validated, mixed 
human–machine information source. 

Considering the RL adaptations to various industrial/manufacturing 
fields, there are many open issues and challenges, this is valid also for 
bringing forward the RL application to the field of SPC in production. 
Beyond the rare and particular cases presented as process control in the 
given industrial assignments, the current paper proposes a generalized, 
widely applicable Reinforcement Learning for Statistical Process Control (RL 
for SPC) framework to keep the production between the prescribed 
Lower Tolerance Limit (LTL) and Upper Tolerance Limit (UTL) of the 
related Statistical Control Chart (SCC), moreover, important novel ex-
tensions are introduced as well. 

3. Statistical process control in manufacuring 

Statistical Process Control (SPC) in manufacturing is addressed in the 
scientific literature around the phrase of Control Chart Pattern (CCP), so, 
control charts and trend behaviour play a key role in this field of pro-
duction control. The paper of Ranaee and Ebrahimzadeh [19] differen-
tiates in six types of trends that typically arise in SPC charts as presented 
in Fig. 1. 

As another classification, Lavangnananda and Khamchai defined 
nine variants of patterns [20] (Fig. 2.), where the final one represents 
that typically there is a mixture of effects, consequently, superposition of 
patterns are to be faced in the industry. 

Considering the various control chart patterns in Fig. 1. and Fig. 2. it 
is still an open challenge what can be considered as “Normal” behavior, 
what distribution with what parameters, even if at all it can be described 
with a formal statistical distribution. It is an issue to determine what 
level of noise is superposed on it, what distribution the noise has, even if 
at all the noise and the basic signal trend can be separated [21]. On the 
other hand, it is also a significant challenge to identify and separate the 
different trend types and their parameters based on a real SPC 

measurement signal. 
Köksal et al. reviewed the quality management related applications 

of various data mining techniques in manufacturing industry [22]. They 
grouped the quality related assignments into four groups: product/ 
process quality description, predicting quality, classification of quality, 
and parameter optimization. They proved the increasing importance of 
such research and application techniques and their relevance to 
industry. 

El-Midany et al. used ANNs to recognize a set of sub-classes of 
multivariate abnormal patterns [23] in machining of a crank case as one 
of the main components of the compressor. They used a simulated and a 
real-world data set as well; furthermore, they can identify the respon-
sible variable(s) on the occurrence of the abnormal pattern. Ranaee and 
Ebrahimzadeh used a hybrid intelligent method [19] to recognize 
whether a process runs in its planned mode or it has unnatural patterns. 
This method includes three modules: a feature extraction module, a 
multi-class Support Vector Machine (SVM)-based classifier module 
(MCSVM) and an optimization module using genetic algorithm. They 
tested the algorithm on synthetically generated control charts. CCPs 
with different levels of noise were analyzed by Lavangnananda and 
Khamchai [20]. They implemented and compared three different clas-
sifiers: Decision Tree, ANN, and the Self-adjusting Association Rules 
Generator (SARG) for process CCPs that were generated by predefined 
equations of GARH (Generalized Autoregressive Conditional Hetero-
skedasticity) Model for X‾ chart. Pelegrina et al. used different Blind 
Source Separation (BSS) methods in the task of unmixing concurrent 
control charts to achieve high classification rates [24]. Gutierrez and 
Pham presented a new scheme to generate training patterns for Machine 
Learning (ML) algorithms: Support Vector Machine (SVM) and Proba-
bilistic Neural Network (PNN) [25]. Yang et al. proposed a hybrid 
approach that integrates extreme-point symmetric mode decomposition 
with extreme learning machine (ELM) to identify typical concurrent 
CCPs [26]. Motorcu and Güllü constructed X-R control charts for each 
production line on the data obtained from shop floor to provide high 

Fig. 1. Six common types of generalized Control Chart Patterns (CPPs): (a) 
normal, (b) cyclic, (c) upward trend, (d) downward trend, (e) upward shift and 
(f) downward shift [19]. This structuring is very useful for defining situation 
detection assignments for improving the progress supervision. 

Fig. 2. Nine common types of generalized Control Chart Patterns (CPPs): top: 
normal, cyclic, upward (increasing) trend, downward (decreasing) trend, up-
ward shift; bottom: downward shift, stratification (novel), systematic (novel) 
and mixture [20]. Together with Fig. 1. it represents that beyond the basic CPP 
types, additional ones can be defined, moreover, in practice a supercomposition 
of them receives the highest importance. 
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quality production by eliminating key problems: undesirable tolerance 
limits, poor surface finish or circularity of spheroidal cast iron parts 
during machining [27]. 

Huybrechts et al. applied standardization, trend modelling, and an 
autoregressive moving average (ARMA) model to determine short-term 
correlation between subsequent measurements [28]. The out-of-control 
observations can be determined precisely with the Dijkstra model on the 
cumulative sum chart of the corrected residuals between the measured 
and predicted values. Milk yield data from two automatic milking sys-
tem farms and one farm with a conventional milking system were used 
for the case study. 

Viharos and Monostori presented an approach, already in 1997 for 
optimization of process chains by artificial neural networks and genetic 
algorithms using quality control charts [29]. It was shown that the 
control of “internal” parameters (temporal parameters along the pro-
duction chain) is a necessity, by this way, early decisions can be made 
whether to continue the production of a given part or not. Continuous 
optimization of the production system is possible using the proposed 
solution as well. Survey on neuro-fuzzy systems and their applications in 
technical diagnostics and measurement was presented by Viharos and 
Kis [30], further machine learning techniques supported the supervision 
of the milling tool life of cutting ceramics in the selection of appropriate 
features of the vibration signals [31]. 

Concerning the applied techniques, the most prevalent approaches 
are based on statistical methods, such as autoregression, moving average 
and their combinations: autoregressive integrated moving average 
model (ARIMA) [32] with use of linear regression analysis, quasi-linear 
autoregressive model [33] or Markov chain models (MCM) [34]. These 
methods are based on historical production or time series data for 
modelling and prediction. 

Another approach has appeared with the evolution of artificial in-
telligence, such us modelling with artificial neural networks (ANN), 
support vector machines (SVM) or nearest neighbour approaches, based 
on pattern sequence similarity [35]. There are several curve-fitting 
methods in this field for small sample data, such as genetic algorithm 
[36]. By using artificial neural networks combined with statistical 
methods to compensate drawbacks of the separate approaches in trend 
forecasting lead to better classification and approximation results. 

A mixed, physical model integrating real process measurements was 
presented by R. Paggi et. al. for computing process uncertainties beyond 
their prognosis values [37]. Various physical modelling techniques, like 
finite element methods, analytical equations can represent the known 
dependencies. Francesco et. al. [38] used effective measurements 
derived from the conformity tests to improve the accuracy of the 
Remaining Useful Life (RUL) evaluation. 

The importance for applying appropriate SPC control charts is 
mirrored through the results of Wu et al [49]. A new method combining 
the ensemble-integrated empirical mode decomposition (EEMD) algo-
rithm and the EWMA control chart was proposed to identify and alert 
global navigation satellite system (GNSS) deformation information. The 
experimental results show that the recognition accuracy of the EWMA 
control chart method and the modified EWMA method is higher than 
that of the cumulative sum control chart method. The use of a modified 
EWMA control chart improves the accuracy of deformation identifica-
tion and early warning, which reduces the false alarm rate and missing 
alarm rate. 

An extended SPC control chart was introduced by Aslam et al. and it 
has been compared with the existing plan using simulated data gener-
ated from neutrosophic COM-Poisson distribution [50]. The practical 
implementation of the suggested chart has also been expounded using 
the data from the manufacturing of the electric circuit boards. Overall, 
the results demonstrate that the suggested chart will be a proficient 
addition in the control chart literature. 

Research on variety types of control charts’ applications is wide-
spread. Xbar-R charts for Material Removal Rate (MRR) and Ra control 
were applied by Kavimani et al. for to evaluate the measurement 

uncertainty of Wire Electric Discharge Machining (WEDM) [52]. To 
investigate wind speed range by state and by month, the R chart was 
adopted by Aquila et al. [53]. Control limits were obtained by the spe-
cific equation related to the examined wind energy field. Through the R 
graphic, it was possible to observe that the higher amplitudes, regarding 
wind average speeds measured for each month for four years, occurred 
in the state of Bahia during summer months. A Bayesian Control Chart is 
a graphical monitoring tool that shows measurements of process sam-
ples over time by using the Bayes’ theorem to update information on a 
process state. It was applied by Mba et al. [54] in the proposed, novel 
fault detection and classification system based on the integration of 
stochastic resonance and the hidden Markov modelling (HMM) of vi-
bration data tested by simulated and real-life gearbox applications. The 
measurement error results of diameter and thickness of O-rings are 
presented on a quality control chart by Peng et al. when improving the 
human inspection-based quality control by vision systems [55]. The 
proposed method by Wu et al. can adjust the train rail defect detection 
(control chart) thresholds according to the design law to improve the 
detection accuracy. In addition, a data pre-screening perceptron classi-
fication and learning model is proposed for defect features of end face, 
weld reinforcement and lower crack of screw hole, which can transform 
the defects detection problem into a contour classification problem, and 
the detection performance can be improved by learning sample images 
[56]. Gopal and Prakash applied quality control charts for fabrication of 
magnesium hybrid metal matrix composite by reinforcing silica rich E- 
waste CRT panel glass and BN particles through powder metallurgy 
route [57]. A novel Al/Rock dust composite was fabricated successfully 
by Prakash et al. through stir casting technique for varying reinforce-
ment parameters i.e. Rock dust particle size and weight percent [58]. 
Alam et al. describes a lossy compression technique with a quality 
control mechanism for PPG monitoring applications [59]. 

The review of the literature and the related applications mirror that there 
are various methods for statistical process control in manufacturing, 
including also many machine learning techniques, however, the advances of 
reinforcement learning are not yet exploited in this area of production. This 
status served with the scientific motivation to adopt RL to SPC in pro-
duction as introduced in the next paragraphs. 

3.1. RL for SPC in manufacturing 

In a general reinforcement learning approach the central component 
is an agent (or a set of agents) that senses its environment and acts 
through actions to its environment, moreover, it receives rewards from 
the environment evaluating externally and independently the actions 
taken. Series of such interactions serve with continuous information to 
the agent and it can learn in an uninterrupted manner from its envi-
ronment, moreover, because also it takes actions parallelly, it performs 
in the same time valuable tasks as well. This a very important advantage of 
reinforcement learning over supervised or unsupervised techniques because 
the learning component can be continuously applied to perform the given 
assignment parallel to its training that is especially important in 
manufacturing. 

As a rough description, in the proposed framework for applying RL 
for SPC in manufacturing the agent walks through the sensed time series, 
as a moving window. Each moving window will be quantized and 
become a state. The agent considers only the actual moving window 
from the past as information source when deciding which action to 
select. The generated actions act on the production environment with 
which it can influence the trend (the Control Chart Patterns) inside (or 
sometimes unfortunately outside) the prescribed manufacturing toler-
ance range. The agent receives the related reward from the environment, 
according to the taken (production influencing) action. The proposed 
external reward system is defined so that every action has a (real) cost, 
and the reward is inversely proportional to the cost. In addition, it incurs 
and extra penalty if the trend (produced products) goes out to the out-of- 
control range. To introduce the proposed RL for SPC in manufacturing 
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concept more precisely, the various individual components of RL have to 
be defined exactly as described in the next sections about the state, ac-
tions, learning method, reward, events in the environment, knowledge 
representation and learning method. 

3.2. Temporal difference learning 

There are various kinds of learning strategies in reinforcement 
learning, Temporal Difference (TD) learning is one of the most popular and 
effective methods, so, it was selected for the proposed solution, however, 
other learning types can be applied here as well. In the TD case, after the 
agent receives the reward from the environment, the chosen action’s (Q) 
value will be updated using the Temporal Difference Learning equation 
(eq. 1), where Qs,a is the value of the action of row s (state) of the Q- 
Table (detailed later). 0 ≤ α ≤ 1 is a constant step-size parameter, which 
influences the speed of learning, therefore it is called as learning rate. γ is 
a parameter, 0 ≤ γ ≤ 1, it is called as discount rate/factor. The discount 
factor determines the present value of future rewards: a reward received 
k time steps in the future is worth only γk− 1 times less what it would be 
worth if it were received immediately [39]. In this case it is applied to 
estimate the value of the next state where the agent lands after taking 
action a in state s. The R marks the related received reward. 

Qt(s, a) = Qt− 1(s, a)+α
(

R(s, a)+ γmax
a’

Q(s’, a’) − Qt− 1(s, a)
)

This update rule is an example of a so-called temporal-difference 
learning method, because its changes are based on the difference 
Qt(s, a) − Qt− 1(s, a), so on Q values at two successive steps/states. 

The values of α and γ has recently been treated as a hyperparameters 
of the optimisation e.g., by OpenAI and Xu et al. [40,41]. After 
numerous tests of the authors of this paper, it was found that the step- 
size parameter should be around 0.3 and the discount rate should be 
around 0.75 in the analysed manufacturing environment. 

Optimal action selection is a widely researched area in the RL, it is 
well known as the “Exploration-Exploitation Trade-off” [41]. In RL 
cases, where a complete model of dynamics of the problem is not 
available, it becomes necessary to interact with the environment to learn 
by trial-and-error the optimal policy that determines the action selec-
tion. The agent has to explore the environment by performing actions 
and perceiving their consequences. At some point in time, it has a policy 
with a particular performance. In order to see whether there are possible 
improvements to this policy, sometimes the agent has to try out various, 
in some cases not optimal actions to see their results. This might result in 
worse performance because the actions might (probably) also be less 
good than the current policy. However, without trying them, it might 
never find possible improvements. In addition, if the world is not sta-
tionary, the agent has to do exploration in order to keep its policy up to 
date. So, in order to learn, it has to explore, but in order to perform well, 
it should exploit what it already knows. Balancing these two things is 
called the exploration–exploitation problem. 

3.3. Environment: Validated production simulation 

As it was widely reviewed in the sections before, the actual state-of- 
the-art research and applications of reinforcement learning in produc-
tion (almost) always incorporate a simulation component as in the 
proposed concept as well. In the current approach a simulation environment 
was built up that emulates the production trend behaviour and generates a 
time series signal similar as it is produced by the manufacturing environments 
and production plants. In this environment the RL agent is able to learn 
while the complete known signal behaviour (the individual details) is 
inside the environment simulator that is able to generate time series of 
any length. As the simulation generates the time series, the proposed 
reinforcement learning based agent takes an action at each time series 
point, so, after each manufactured product that affect back the time 

series itself in its next points. In addition, as in every production envi-
ronment, independent events (many times called as “changes and dis-
turbances”) can occur with certain probabilities that affect the 
evolutions of the time series as well. The time series’ data points are 
generated step-by-step, at first, they are generated noiselessly, namely 
they are formed by individual linear movements/trends. So, the starting 
position inside the control chart, the steepness of the linear line and its 
length simulates the production trend evolution. Due to the complexity 
and natural noisiness of the real time series, noise is added to the data 
point after it is generated, so the new data point will be sampled from a 
gaussian distribution, where its mean is the value of the original 
noiseless (linear trend) point and the measure of the noise is its standard 
deviation. In many efficient production environments, the size of the 
noise is less or between 5% and 10% of the interval formed by the two 
out-of-control boundaries of SPC (LTL, UTL). 

As Fig. 3. shows two time series one is the original trend the other is 
the final time series, having additional noise. The learning uses only the 
noisy time series, but if required it is simple and easy to generate various 
noise levels based on the original time series as well. 

A special “trick” is the length of the generated trend. In reality, each 
trend has only one step lengths, because the RL agent selects and action 
at each product produced, so, at each time series point the selected ac-
tion redefines the trend and the noise level as well, so, these components 
of the trends are continuously redefined at each point. However, there is 
a special type of the action, the so called “No action” when no changes 
are implemented in the actual behaviour of the actual trend, noise, etc. 
In such a case the size of the original trend becomes much longer (than 
one). Fortunately, after some learning steps and also in the reality the 
“No action” is far the most frequent one, so much longer trends are also 
emerging. 

It has to be emphasized that in the given case all of the elements of 
the simulator are inherited a validated through a real manufacturing 
environment similar to some of the introduced solution before in the 
review of the state-of-the-art. It is valid for the possible events, actions, 
their effects, various noise levels, as well for frequencies of events, ef-
fects of actions, etc., even if the figures in the paper are distorted. 

3.4. Events 

In manufacturing unexpected events happen, like tool failure or equip-
ment failure, etc., consequently, the simulation has to be able to emulate this 
behaviour as well. For that reason, it is needed to specify the events’ 
frequencies and their impacts, too. The impacts can be divided into three 
different parts. Events have impact on the mean of the trend, so, where 

Fig. 3. Generated time series, showing the original (grey) and the extended 
noisy (blue) trend (noise = 3, Upper Tolerance Limit (LTL) – Nominal value =
20 = Nominal Value – Lower Tolerance Limit (LTL)). The effect of the added 
noise is clearly represented as deviation of the time series. The figure shows also 
the Lower and Upper Tolerance Limits (LTL, UTL) and the commonly applied 
Lower and Upper Control Limits (LCL and UCL) as well. 
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the next time series point starts on the y axis (see Fig. 5.), inside (or 
sometimes outside) the control chart. These mean-changing (trend shift 
in Fig. 1.) information are regularly given as distributions, which are 
usually not uniform. So, it is necessary to provide the intervals for the 
mean changes and each of the subintervals’ probabilities. Second, the 
events may affect the time series’ trend (steepness), meaning that they 
can start e.g., a long-term, low-intensity trend which slowly brings the 
mean outward (or inward). Outward means the trend is slowly going 
towards the out-of-control stripes, inward means the trend is slowly 
going towards the central, normal stripe (stripes are discretised intervals 
of the control chart as described in detail later and shown in Fig. 4.). 
Finally, the events effect the time series’ noise, with which the indi-
vidual data points are emulated. If multiple events occur at the same 
time, their effects are cumulated, more precisely, the mean/starting 
value of the next starting trend is the average of the starting points of the 
individual events, trend steepness are summed, however, their effect on 
the noise is selected otherwise: the new noise will be equal to the largest 
noise among all the actual events. The same structure is applied to describe 
the effects of the actions as well. 

3.5. Reward of production 

In the proposed architecture the rewards are defined as costs of the 
actions taken: they are negative, and more the action costs, so lower the 
reward is. It is assumed in the simulation, that if a trend point (=product) 
goes out of tolerances, it will incur additional penalties (cost of waste prod-
uct). It is possible to distinguish when the time series goes out at the 
bottom limit (LTL) and when it goes out at the upper limit (UTL). The 
logic behind this is that the former is more undesirable in some cases, 
because if the product’s length is less than it should be, then in most 
cases it cannot be corrected and it becomes waste, but in that case when 
the product’s length is longer than prescribed, it can be remanufac-
tured/corrected. Thereby, the penalty in the former case can be much 
higher than in the latter case, but in both cases, it is typically higher than 
when the produced products are inside the prescribed LTL, UTL range. If 
the production is inside the prescribed tolerance range and no action 
occurs (so, always the “No action” is selected at each product), no 
penalty is given as reward to the agent (penalty is zero). 

3.6. State representation 

Before starting to use of deep neural networks, which are popular 
nowadays everywhere, thus here as well, the hidden dynamics of the 
production SPC as time series were analysed. For this aim, at first a 
simple Q-Table was used owing to its white box nature, meaning that the 
concealed processes are visible. 

The value range of the signal was divided into fix stripes of the 

control chart. The time series values in the same stripe get the same 
quantized value/coding. This is necessary to the Q-Table, because with 
continuous values the length of the table would grow exponentially. A 
fix interval was arbitrarily selected for the value range between − 20 and 
20, and it was divided it into eleven stripes – two out-of-control (under 
− 20 and above 20), same control stripes (between (-20, − 10] and [10, 
20)), and some normal stripes (between (-10, 10)), as Fig. 4. shows. This 
approach is inherited naturally from the industrial SPC approaches. 
These numbers are fully arbitrary, it is possible to choose other numbers 
or other boundaries. Of course, the real ranges are normalized to the 
given simulator and vice-versa, so, any control chart measures with any 
magnitudes and units can be handled with the proposed state 
representation. 

The main structure of the first part of the Q-Table is shown in Fig. 6., 
where states consist of quantized values, measured in T, T-1, T-2, …, 
order. T is the current time/actual product, consequently the proposed 
solution considers BWs number of measurements/values from the past. OOC 
refers to the Out-Of-Control range (red), C refers to the Control range 
(yellow in Figs. 4 and 5.) and N refers to the Normal range (green in 
Figs. 4 and 5.). The minus and plus signs are shown due to the symmetry 
(above or under the Normal range). 

3.7. Actions for SPC in manufacturing 

In manufacturing, different actions are distinguishable, such as 

Fig. 4. Time series with stripes. Green in the middle is the normal range 
(optimal), yellows are the control ranges (warning) and the reds are the out-of- 
control ranges (resulting in product failure). 

Fig. 5. Simulated production time series with generalised stripe boundaries, 
external manufacturing changes and disturbances, represented as events (bot-
tom) and selected production control actions (top). Horizontal green lines are 
the normal range limits (optimal), yellows are the control range borders 
(warning) and the reds lines are the out-of-control limits (failure). The figure 
mirrors the behaviour of the production (quality) data (blue) incorporating 
noise and trends, together with the effects of the disturbing external events 
(bottom: yellow) and of the applied manufacturing control actions (top: green, 
blue). (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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Maintenance actions, Measurement actions, Set-up actions and No action as 
well. There are actions whose impacts on the trend are outstanding and 
need to be considered, and there are action whose impacts are negli-
gible. No action stands out from the rest, because taking it means the 
time series is controlled and the near future of the products looks 
promising, so, no intervention is needed. In general, an action can have 
the same effect on the production trend as an evet: it can influence the 
starting position of a trend, the steepness and the noise level after taken. 
There are two strategies for action selection which are needed to be 
balanced: exploration and exploitation. When the agent does not have 
sufficient information about its environment, it is advisable to choose 
the exploration strategy when the agent chooses barely chosen actions 
with intent to explore its environment and so the state-space. In contrast, 
when the agent does have enough knowledge about the environment 
mostly it is acceptable to choose the action with the highest goodness. 

3.8. Knowledge representaion: Q table 

The Q table incorporates naturally also the possible actions (A1, …, 
AN) of the RL agent as shown in Fig. 7. The values V(i,j) under them are 
the estimated goodness (values/expected reward) of the actions [1], in 
respect to the actual state (row), they are the so-called Q values (es 
referred later on). 

The table in Fig. 7. is structured as follows: the states are chosen for 
the rows, and the actions are chosen for the columns. The states consist 
of quantized values, its length depends on how many previous values are 
taken into account in the action selection (BWs). Concerning the actions, 
they are the possible activities performed by the operators, experts or a 
control system to control the given process, so, in the RL, when the best 
action is searched at a state, it means in reality that the best production 
intervention is searched. 

According to the applied, well-known Q table representation the pro-
duction related knowledge is stored in the V(i,j) values. Later, it will be 
substituted by one (or more) regression techniques, like deep neural 

networks. 

4. Important RL for SPC in manufacturing extensions 

The next paragraphs introdues some extension elements of the pro-
posed solution that enable a harmonized fit or RL for SPC in 
manufacturing. 

4.1. Dynamic Q-Table 

A major problem with Q-Table is its memory requirement. For 
example, for a table with A columns where each column takes B different 
values, the size of the table could reach to BA rows. With large A and B, 
the generation, storage and handling of the table could cause problems, 
moreover it is unnecessary to allocate the memory for the empty table 
before it is used. Therefore, a technique was introduced, called dynamic 
Q-Table, where only as much memory is allocated as required and only when 
it is required. It the proposed concept, at the beginning the Q table is 
empty. When the algorithm reaches a new state, it adds it to a list which 
represents the rows of the Q-Table and its initial actions’ values are 
selected randomly. (In the future research the order of the Q table rows 
will be much more optimized for exploiting the characteristics of the 
production SPC – e.g., normal states are much more frequent.) If the 
actual state is already in the Q table, then the chosen action will be 
updated as it is detailed in the next chapter. As a research outlook, this 
concept could be transferred to the Artificial Neural Network (ANN) 
based solution, so, at the beginning the ANN could have really limited 
knowledge and later on it can learn continuously new states, however, 
this is a challenge for a future research. 

At the beginning, when the agent mostly explores its environment, it 
often meets states in which it has not been before, so they are added to 
(the end of) the Q table. As it explores, its knowledge about the envi-
ronment grows, therefore it meets more and more times visited states, 
where it only updates the relevant action values of the state, so in most 
of such cases no new row is needed. As a result, the length of the table 
grows logarithmically, as it shown in the upper part of Fig. 8. In the 
given, presented case in the bottom part of Fig. 8., it may be rational to 
stop the learning after ~ 2000 learning steps, because even though the 
table is still growing, that is not increasing the in the given, particular 
case considered recognition rate for production trend forecast signifi-
cantly. It is a very important result proving that there exists a rational 
limit for the Q table, beyond it, the size, calculation time and other 
performance requirements grow significantly but it does not bring 
valuable additional knowledge to the given SPC assignment. Conse-
quently, with the proposed dynamic Q table solution the IT background 
requirements can be limited and kept under control. 

4.2. State extension with past actions 

In manufacturing environments, it is crucial to consider what were the last 
actions taken for control the given production process, because it is not worth 
to do the same (e.g. expensive) action repeatedly in short time. To handle 
this requirement also, the state space was extended with the last ‘n’ 
actions from the past (in the current analysis n = 3), this extension can 
be seen in Fig. 9. 

4.3. Dynamic exploration & exploitation through ε self-control 

In the learning, the most popular ε-greedy algorithm is applied in 
which ε controls the ratio of exploration vs. exploitation. Its zero value 
means that there is exploitation only and the value one means full 
exploration [1]. There are various strategies how to adapt the value of ε 
during learning, typically it starts with a high value for wide exploration 
and it is decreased over time to enforce exploitation while the learnt 
knowledge of the agent is continuously increasing. This is a really 
valuable feature of RL but on the other hand it is an additional 

Fig. 6. A part of the typical Q table and its content in the RL for SPC in 
manufacturing approach. States for the RL agents are represented as BW long 
series of stripe codes according to the allocations of the production data in the 
different stripes in the recent BW number of points. 

States Production Actions

… …

C- … NC- NN …

NN … NO+ NC+ …

Fig. 7. A part of the typical Q table and its content in the RL for SPC in 
manufacturing approach. Rows are the different, already visited states and the 
possible, selectable actions are shown as A1, …, AN, while the Q table values 
(Vi,j) store the knowledge of the RL agent. 
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parameter that has to be defined and controlled. This requirement 

motivated the authors to build up a self-control solution for setting the ε 
dynamically, moreover, by the RL agent itself. The novel introduced “trick” 
is to apply an extended Q table with actions for selecting the appropriate 
ε value becoming valid after the actual state. This selection considers the 
same state space as the production actions and receives the same re-
wards from the environment. The only, but significant difference is that 
in the selection of the next ε value only exploitation is applied, so, al-
ways the ε value having the highest (best) Q table value is selected. It 
means that there isn’t cumulated exploration, so, there is no exploration 
in the selection of the value for exploration. As result, the final, extended Q 
table is presented in Fig. 10, possible ε values are the E1, …, EM with the 
related Q values as E(1,1), …, E(x,M). 

The usefulness of this strategy was validated through various expe-
riences as well, the applied RL algorithm continuously controlled its own 
exploration ratio during the episodes. Especially promising is the behaviour 
that was experienced when an unexpected, external event occurred, then the 
agent automatically sets higher exploration ration for handling the novel 
condition while in other cases it keeps it small, so in the range of almost full 
exploitation. 

4.4. Exploration control rule 

Thanks for the beneficial feature of the reinforcement learning 
technique the agent realizes a balance between exploration and 
exploitation. This part of the proposed solution is relevant only for the 
exploration phase, so, when the agent decides to explore the environ-
ment. Three different types of exploration options were defined, analysed 
and evaluated: at the first option, if the agent decides to explore its 
environment the production action is randomly selected from all 
possible actions with a uniform distribution, without considering the 
agent’s self-knowledge about the prognosed/expected effect of the se-
lection. The second option means that the action is selected according to 
the agent’s self-knowledge, so based on the current Q values of the 
possible actions given at the current state, namely, the higher (better) 
the value (=expected reward) the action has, the more likely it is to be 
selected. Finally, the third option serves with that the action is selected 
according to the external (known) reward, namely, the higher the 
reward of the action has, the more likely it is to be selected. This last 
option is only for theoretical testing because in the real environment the 
agent does not know the reward in advance, moreover, this information 
is party stored in the Q table as an estimation, so, this option is party 
incorporated into the second one. The choice for the best option is un-
known, so, it has to be tested as described later on. 

4.5. Initial exploration level 

During the interaction with the environment, beyond the selection of 
a production action (as introduced before) the agent chooses for itself ε 
values as well (in Fig. 10.: Epsilon Actions) for its next activities. For the 
production action the actual ε controls the exploration–exploitation 
ratio, however for the action of selecting the future ε value, only 

Fig. 8. Length of the Q-Table (red line) during a very long learning (top) and in 
short term (bottom). Length can be compared to the recognition rate (blue line) 
for statistical process control trend forecast (bottom) [51], representing that a 
relative high recognition rate for production trend direction forecast can be 
achieved already at early stage with smaller number of Q table rows. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 

snoitcAnoitcudorPsetatS

… …

C- … NC- NN …

NN … NO+ NC+ …

…

Fig. 9. Extension of the state vector with the last ‘n’ actions taken (‘n’=3 in this 
particular case) as shown in the middle of the table by the columns T-3A, T-2A, 
T-1A. Consequently, not only the results of the earlier actions are considered 
through the past stripes in the actual state vector, but the recently taken ‘n’ 
actions themselves as well. 

snoitcAnolispEsnoitcAnoitcudorPsetatS

… … …

C- … NC- NN … …

NN … NO+ NC+ … …

…

Fig. 10. Extension of the Q table with the 
action and knowledge set for specifying the ε 
value for the next iterations. The table rep-
resents the final solution, with the ε related 
extension, too, beyond the production 
related Q table (that is shown in Fig. 9.). The 
state inside the given control chart is 
described by the past measured production 
(e.g. quality) values coded to series of stripes 
together with the recent actions (“States” 
part) and the agent takes double decisions in 
the given state: 1. It selects an action that 
influences directly the production (among 

the “Production Actions”); 2. It selects also a novel ε value that will be applied when visiting this state again. The later selection realizes the automatic self-control of 
the exploration–exploitation ratio for the reinforcement learning agent themselves.   
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exploitation was defined (this solution performed as best). However, 
there is a small exception, when the agent meets a new, previously not visited 
state it has to select the initial, first value of the ε for this new state. This 
choice determines the staring exploration–exploitation ratio. In the 
given proposed concept and in the related manufacturing experiments, 
fixed, concrete, discretized values for ε are applied only (0.0: 0 - as 
exploitation only, 1.: 0.05, 2.: 0.15, 3.: 0.25, 4.: 0.5 and 5.: 1.0 - as full 
exploration), consequently, the selection one from these initial values 
determine the starting exploration–exploitation ratio in the new state. 
So, in this initial stage there is a small level of exploration also for the 
exploration itself (as an exception). The optimal selection for the first 
value is unknown, but it was tested as described afterwards. One can 
recognise that the possible values for ε are not distributed equally, 
because the experiences mirrored that the well working ratio of 
exploitation is much higher than exploration, consequently, smaller ε 
values are needed more than larger ones. 

Comprehensive experiment was performed for selecting the best/optimal 
exploration control rule and the related optimal/best initial exploration level. 
A complete and so, long RL training was performed at all combinations 
of these factors (at each exploration control rule with initial exploration 
levels of 0.: 0.0, 3.: 0.25 and 5.: 1.0). The final cumulated costs, the ratio 
of good products, the unit price of a product, the self-controlled, final 
exploration–exploitation ratio and the size of the Q table were measured 
at each combination for finding the optimal set-up. The Fig. 11. shows 
the experimental results for these indicators, resulting in the optimal 
selection for the exploration control rule to the second option (the action 
is selected randomly but in relation according to the current Q values of 
the possible action list given at the current state) and the initial explo-
ration level to 5.: ε = 1.0-as full exploration. 

4.6. Reusage Window (RW) and measurement Window (MW) 

In production environment each measured value, inherited from 
many sources, incorporates significant related cost of collection, e.g., 
cost of the equipment, training of the personnel, doing the measurement 
activities, establishment of the IT background for data collection, IT 
communication and storage, software to handle the measurements, 
continuous re-calibration of the measuring devices, their maintenance, 
etc. Consequently, the measured values in manufacturing incorporate 
high business and technical value and so, they have to be exploited as 
much as possible. In the production control environments of today, this ideal 
situation is far not yet approached, the data asset is significantly higher than 
its usage and exploitation. 

The main problem with the novel method introduced in the previous 
paragraphs that it lacks data reusability similar to the cases in the related 
scientific literature. In manufacturing, such time series are measure-
ments, in which every measurement is a data about a produced 
component/product made by a process/cycle, which is, or is always 
considered as expensive, at least because of the extreme cost push of the 
market. Consequently, using all measurement values only once seems to 
be very wasteful. Therefore, it is desirable to reuse measurement values 
many times, so, the Reusage Window (RW) concept is introduced, which 
specifies how many times an individual measured value is re-used in the 
proposed RL for SPC in manufacturing concept. 

4.7. Reusage Window (RW) 

As opposite to the original concept, where the agent walks only once 
through the time series, with RW it is repeated RW times, as follows: at 
first, an interval, which length is RW, is selected from the time series and 
the agent goes through this selected interval once, sampling and quan-
tizing states from it. This is one learning iteration. Then, the RW moves 
one step (one product or one measurement) on the time series ahead, 
and it starts again, until the end when the RW meets the actual end of the 
time series. It means that one data is (re)used so many times as long the 
length of the RW is. As Fig. 12. represents, the RW moving window goes 
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Fig. 11. Performance parameter values of the proposed solution after long 
runs. The two horizontal axes show the possible Options (0 – equal chance for 
action selection, 1 – action selection proportionally to the actual own estimated 
reward, 2 – action selection proportionally to the known external reward) and 
the Initial exploration level applied for new states (0 – as exploitation only, 3 – 
balanced exploitation and exploration, 5 – exploration only) and the vertical 
axes represents the various evaluation measures. As result, the Option 1 with 
(the action is selected randomly but in relation according to the current Q 
values of the possible action list given at the current state) and the Initial 
exploration level of 5.: ε = 1.0 - meaning full exploration was identified 
as optimal. 
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step-by-step through the time series and specifies an interval (marked in 
green). Within that interval, the agent goes through that, and processes 
each interval as described in the epsilon greedy algorithm mentioned 
above. When it reaches the end of the green interval (RW), the whole 
green interval moves one component/product/process/cycle ahead and 
the whole process starts again. The RW goes all the way to the end of the 
time series. Finally, it results that all measured production data are used 
RW times [51]. 

The preliminary results [51] mirrored that MW has an optimal value, 
so, its selection is one of the settings of the introduces concept as 
highlighted in Fig. 13. 

4.8. Measurement Window (MW) 

The performance of different agents’ reactions are evaluated after 
every learning iteration by the received rewards, by the ratio of good 
products, by the unit cost and by the averages of the self-controlled ε-s. 
The concept of the MW was introduced in the previous paper of the authors 
[51] for allowing fair comparisons among the various process control 
solutions (for production trend evolution forecast) having different RWs. 
The comparisons of the performance parameters received by using 
different RW mirrored high fluctuation and unreliability, so, there was a 
requirement to define an independent time window that specifies the 
number of recent, past data as the basis for evaluate the actual 

performance of the agent. As result, the Fig. 14. shows a comparison 
[51] for different RWs evaluated by the same MW. As result, with the 
proposed MW concept the performances are equal that was not the case 
without the MW concept. 

Finally, the preliminary research results mirrored that both the RW 
and MWs have optimal values, consequently they can be specified as 
meta-parameters in the practical experiments. 

4.9. Industrial test and validation 

During the development and validation of the concept, a concrete 
simulation, based on a real environment was created. Millions of 
simulated industry data were generated on the one side, and other 
thousands of real values were analysed to determine the hidden dy-
namics of the real time series for the simulation. The whole process for 
emulating the environment of the agent is fully automatic. Events are 
sampled from Gaussian distributions determined on real data and expert 
know-how. As described before, events affect the time series, they may 
move the time series’ mean outward, increase its noise or it may 
immediately let jump the time series into another stripe. Events like 
“tool failure” or “equipment failure”, etc. are continuously generated 
according to their real manufacturing distributions. The algorithm’s goal 
is to minimize the production cost and as far as it is possible to keep the time 
series in the allowed range (between LTL and UTL). To achieve this, it effects 
on the time series with actions like “maintenance action”, “set-up action”, 
etc. and there is a special but very important action called “No action”, when 
no invention is applied. 

Detailed descriptions of the events’ and actions’ effects are described 
in the sections above, a typical series of evolution is presented in 
Fig. 15., it represents a relative well-trained agent. It has to be 
mentioned again that the agent takes decision at each product produced 
but in majority of the cases (fortunately and similar to in the real plant) 
the appropriate action is “No action” that is not highlighted separately in 
the Fig. 15. Additionally, after each action and produced product the 
agent receives the related reward (in the current, proposed SPC control 
the related cost) from the environment. 

The performance measures of the system are presented through the 
evolution of the cumulated production cost, the rate of good products 
(without any failure, being inside the tolerance range), the unit cost of a 
product (it is the derivative of the cumulative cost) and the (by the agent 
self-controlled) exploration ratio. Fig. 16. mirrors the continuous increase 
of the process control effectiveness, thanks to the proposed concept 
applying the agent’s reinforcement learning capability. During the epi-
sodes, the knowledge of the agent increases continuously, so, the se-
lection of the production control actions became better and better, the 
agent adapts itself to the various, changing production circumstances. It 

Fig. 12. The RW (here, it is 8) determines a continuously shifted interval 
within the time series which is a cycle that is circulated as a repeated window, 
consequently, it determines how many times a measured (expensive) produc-
tion data is re-used by the learning. The red points connected by the bule lines 
presents the original measured values [51]. 

Fig. 13. Comparison among various production trend forecast recognition rates 
with different RWs. (noise = 10, MW = 150) [51]. It is mirrored that the RW 
has an optimal level because above that the production trend forecast recog-
nition rate does not increase but the calculation need grows significantly (above 
30 in this case). 

Fig. 14. Comparison of different recognition rates of production trend forecast 
with different RWs. (noise = 0, MW = 150) [51]. The figure shows that the MW 
of 150 is applicable because this length of performance measurement serves 
with the same data independently from the data reusage amount (RW). 
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was only possible because continuous exploration and exploitation is 
served by the agent’s RL system. 

The manufacturing related performance comparison of the continu-
ously training and performing agent is realized by analysing the distri-
bution of selected production action frequencies and additionally the 
unit prize together with the rate of good products, the later measures are 
the two most important Key Performance Indicators (KPIs). The pro-
duction performance of the learning agent is considered satisfactory when 
the average of the unit prize (black line in the Fig. 16. bottom) and the 
rate of good products (blue line in the third diagram in the Fig. 16. from 
the top) is constant, so, when their moving average is inside a prescribed 
(small) tolerance range. Similarly, the accumulated knowledge level of the 
agent is considered satisfactory (enough training steps were performed) when 
the moving average of the self-controlled exploration–exploitation ratio 
(ε) is constant, so, is inside a prescribed (small) tolerance range (moving 
average(s) of the red line(s) in Fig. 16.). As shown in Fig. 16., the level of 
the ε ratio (red line) is continuously decreasing mirroring that during the 
learning the agents continuously decreases its own exploration demand. 
After a certain number of learning steps it is kept on a really small but 
greater than zero level, representing that the agent exploits its own 
knowledge for selecting the best possible production action almost al-
ways and so, it explores the environment in very rare cases. Conse-
quently, the production process is close to its optimum as shown also by 
the constant curves of unit prize and level of good products. Having 
achieved this performance level, the frequencies of selected production 

actions were compared to their frequencies in the real manufacturing 
environment to compare the performance of the proposed concept 
numerically. The most important KPI was the ratio of the selected “No 
action” type action because in realty at the majority of the produced 
products the manufacturing is running automatically without any need 
of external intervention, consequently, the ratio of real “No action” type 
actions is very close to 1. The same level was achieved also by the 
proposed concept, moreover in the best set-ups this ratio was higher, 
namely, the agent proposed around 10–30% less production interven-
tion actions than it happens in the production shopfloor. Significant 
difference was experienced among the distributions of the selected other 
actions because some actions were selected much rare (less than 50%+) 
or much more frequently (more than 50%+) than in the practice, so, this 
phenomenon shall be analysed further. 

An important difference has to be expressed at this stage: in the mass 
production practice, controlled by quality control charts, production 
intervention is necessary only when  

• there are quality problems and also  
• at the fixed, prescribed periods, when it seems to be worth by the 

experts, however, 

in the proposed concept every workpiece is considered, and an action 
is selected by the agent for each of them. Consequently, the level of supervi-
sion is significantly higher using the proposed reinforcement learning agent. It 
is possible only because the cost of the proposed RL based automatic 
solution is much-much lower than the supervision by manufacturing 
experts. This positioning gives especial importance to the experienced 
ratio of the “No action” type. 

Finally, it was proven that the introduced agent was able to learn and 
perform at the same time, to adapt its behaviour to the environmental changes 
and disturbances, moreover, the minimal unit cost and maximal ratio of good 
products are achieved. Consequently, the introduced concept for realizing 
Reinforcement Learning (RL) for Statistical Process Control (SPC) in 
manufacturing was approved. 

5. Conclusions and outlook 

The paper introduced the concept and the solution to place Rein-
forcement Learning (RL) into Statistical Process Control (SPC) in 
manufacturing. This introduction is novel for manufacturing because 
the actual state-of-the-art literature mirrors typical applications of RL 
(only) in the fields of production scheduling and robotics, this is the core 
motivation of the research reported here. RL is an advantageous 
approach owing to the adaptability and continuous application capa-
bility. To adopt RL to SPC in manufacturing all of its necessary elements 
were defined (states, actions, rewards, etc.) in the paper. The well- 
known Q-Table method [1] was applied for get more stable, predict-
able and easy to overview results, therefore, quantization of the values 
of the time series and Quality Control Charts (QCC) to stripes was 
required. Series of recent stripes in which the production trend values 
arose together with the recently selected production actions formed the 
state vector. Typically applied manufacturing interventions for keeping 
the measured production values inside the tolerance range formed the 
action list of RL. The formulated manufacturing goal was to minimize 
the production unit cost while keeping the ratio of good products on a 
high level. The RL reward solution consists of the cost of the applied 
actions and additionally the cost of failure products. 

A novel technique, called dynamic Q-Table was introduced, in which 
only as much memory is allocated as required, and only when it is 
required, it a beneficial approach from practical applications’ view-
points as well. 

Furthermore, two additional concepts were introduced, the Reusing 
Window (RW) and the Measurement Window (MW). The RW is a sliding 
window that determines how many times one measured value of the 
time series will be reused during the RL repeatedly, while the MW is 

Fig. 15. Production trend evolution (blue points) influenced by external pro-
duction events (bottom in yellow) and by the reinforcement learning agent’s 
selected production actions (top in various colours) for keeping the 
manufacturing inside the prescribed tolerance range. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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defined for enabling the fair comparison of learnings with different RWs 
by sampling them with the same evaluation frequencies. This extension 
of the traditional RL is necessary in the given manufacturing SPC envi-
ronment, considering the cost of a measurement value and the precise 
evaluation requirement about the performance of the production 
system. 

Beyond the working concept for adapting RL into SPC in production, 
some novel RL extensions are described, like the epsilon self-control of 
exploration and exploitation, and the optimisation of some meta-data of 
the training. 

The manufacturing related performance comparison of the continu-
ously training and performing agent was realized by analysing the dis-
tribution of selected action frequencies and additionally the unit prize 
together with the rate of good products, the later measures are the two 
most important Key Performance Indicators (KPIs). In the validation 
experiment the production process is considered close to its optimum 
with constant and stabilized unit prize and level of good products. 
Having achieved this performance, the frequencies of selected produc-
tion actions were compared to their frequencies in the real 
manufacturing environment to measure the performance of the pro-
posed concept numerically. The most important KPI was the ratio of the 
selected “No action” type action. In the best set-ups this ratio was higher 
than in the practice, namely, the agent proposed around 10–30% less 
production intervention actions than it happens in the manufacturing 
shopfloor. Finally, industrial testing and validation proved the applicability 
of the proposed method. 

As next step, the future research has to answer numerous open 
challenges, like more efficient state coding of the past production his-
tory, involving the real-time evaluation of Cp and Cpk values of the 
analysed production process. Additionally, the related simulation could 
be extended to generate more frequently new sates to be explored to 
increase the speed of learning. 
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the agent-event interaction and the right side of the figure presents the “end” of 
the training when the unit cost, ratio of good products and the exploitation ratio 
is stable, almost constant (between them a long period was cut out). Conse-
quently, these right half parts show the final performance of the trained agent. 
The figure below the top one shows the KPIs of a full training, the third one is 
the same but with zooming into the top (vertical axis) region to show the final 
ratio of good products (~99.6% in this example, in blue), the last figure on the 
bottom zooms to the constant, final unit cost (0.0075 in this example in black) 
and the stable but fortunately not zero ε (average of ~ 0.005 in this example in 
red) values. (For interpretation of the references to colour in this figure legend, 
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the work reported in this paper. 
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