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1. Introduction

Processes deteriorate over time due to random and 
systematic deviations, leading to increased scrap rates. It is, 
therefore, necessary to monitor processes and take corrective 
action in case of deviations. Statistical process control (SPC)
is a widespread method for process monitoring as a more 
efficient alternative to 100% inspection. However, the 
approach tends to raise false alarms and relies on a normal 
distribution of the analyzed quality characteristics. [1-3]

Predictive quality (PQ) can address the shortcomings above 
by predicting quality characteristics using machine learning 
(ML) models based on machine and sensor data [4]. This way, 
inspection frequencies can be reduced while maintaining a 
virtual 100% inspection, replacing SPC [5]. However, this 
approach does not enable the prediction of process 
performance and, consequently, the quality of future-produced 
parts.

Based on the outlined situation, the main objective of this 
paper is to propose a new approach for process control in  
discrete manufacturing processes that overcomes the 
limitations of SPC in  terms of false alarms based on 
monitoring the part quality predictions to predict process 
deteriorations1.

After a short introduction to process control, section two  
outlines the concept behind the proposed approach and an 
approach-specific redefinition of process stability is 
introduced in section three. The approach is detailed in sect ion 
four and evaluated in section five by a benchmark against 
SPC. The results are discussed, and further work is defined in 
section six. 

1Source Code available at: https://doi.org/10.5281/zenodo.10973131
Synthetic datasets available at: https://doi.org/10.5281/zenodo.8249487
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2. Technical foundations

Early detection of process deviations requires continuous 
process monitoring [6,7]. SPC relies on detecting process 
instabilities by analyzing measurements of quality 
characteristics for randomly sampled products within  the 
production line [1,8].

A stable process is a requirement for the usage of SPC, 
which means that the process is only affected by random -
sourced variation. Stability criteria are defined to determine 
the stability of the process. The most basic stability criteria 
considered in SPC are: exceeding the control limits, a  trend 
(more than seven consecutive values in ascending or 
descending order), and a run (more than seven consecutive 
values on one side of the mean value). The control limits are 
calculated based on the historical variation and location of the 
process and depend, among other factors, on the desired 
quality level (it is usually required that 99.73% of the 
measured values are within the control lim its). If the process is 
stable, the next step is determining its capability. For this 
purpose, the position and dispersion of the process results are 
compared to the tolerance specification. The actual quality 
level of the process is determined based on the determined 
capability parameters. If this level meets the requirements, the 
process can be monitored using quality control charts. In that 
context, it is monitored whether the stability criteria are 
violated. After each violation, the control lim its are 
recalculated. Besides, process capability is continuously 
evaluated. [1,8-11]

In addition to the measured quality characteristics used in 
univariate SPC, multivariate SPC takes recorded process 
characteristics into account to monitor the process [12]. The 
prerequisite for this is that the values of the individual process 
parameters are normally distributed, which is rarely the case in 
practice [13]. Moreover, the performance decreases as the 
number of analyzed process parameters increases [8]. Another 
limitation is that only patterns defined in advance, such as the 
stability criteria of SPC, can be recognized. This also holds for 
most ML research in this context, as it uses the models to 
identify predefined patterns. [14-16]

Based on the described limitations, PQ can support 
predicting quality characteristics for products that are not 
physically measured using ML models trained on process data 
[4,5,9,17]. Examples of PQ applications include defect 
detection in an automotive application or determining the 
influence of various process parameters on the quality of 
additively manufactured components [18]. The knowledge 
gained enables statements about the quality of the 
manufactured products already during production or to reduce 
physical testing up to complete virtual testing [5,19].

ML models commonly used for PQ are suitable for 
recognizing non-explicitly defined patterns and do not rely on 
the data of the individual process parameters being normally 
distributed [20]. Nevertheless, these mere quality predictions 
only reflect the current process status but do not allow process 
changes to be detected in advance [19]. For a specific use case 
in the automotive industry, BECKSCHULTE ET AL. developed an 
approach based on detecting changes in the distributions of the 
quality characteristics values before faults occur [2].

3. Process monitoring via distribution monitoring

Our approach builds on the BECKSCHULTE ET AL.’s idea of
detecting deteriorations via the probability d istributions of the 
quality characteristics. Compared to the mentioned approach,
the developed approach is not specific to one use case, but the 
detection model is t rained on synthetical data . The trained 
model can then be used independently of the application. The 
general concept is outlined in section 3.1. The underly ing
definition of stability is given in section 3.2.

3.1. Concept for distribution-based process monitoring

In industrial production, changes in  process performance 
do not usually occur suddenly, but the process deteriorates 
over time. For instance, wear impacts the performance of the 
process even before the tool breaks. The basic idea of our 
approach is that such gradual changes affect the probability 
distribution of the quality characteristic values. Our approach 
aims to recognize these changes in the probability  distribution 
of the process outputs independently of the actual probability 
distribution and the quantity of process parameters. 
Accordingly, we call our approach Generalized Statistical 
Process Control (G-SPC). It relies on the idea that a finite 
number of probability distributions refers to a process under 
control, called OK distributions. Conversely, there are infinite 
distributions corresponding to  a process that is out of 
specifications, called NOK dist ributions. A new definition of 
stability is introduced in the following section to define the 
requirements for the OK distributions.

3.2. Approach-specific redefinition of process stability

A probability distribution must correspond to a stable 
process for it to be considered an OK distribution. Process 
stability is redefined to meet the requirements of the proposed 
approach. A process is considered stable if, on the one hand, 
the median is constant and, on the other hand, a defined 
percentage of the values mapped by the quantiles of the 
probability distribution lies within the tolerance limits 
specified for the p rocess as shown in  Fig. 1. This eliminates 
the control lim its specified by the SPC, which already require 
intervention without the tolerance limits being vio lated. The 

         
      

      
              

                

 

      
              
     

                        

Fig. 1. Approach-specific redefinition of process stability.
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median is chosen as the location parameter, as the mean value 
is not defined for several types of probability distributions. 
The choice of quantile values depends on the desired process 
capability level. It is selected for this approach so that 99.73% 
of the values lie  within the tolerance interval (as for the 
control limits given by SPC). 

4. The G-SPC approach

The approach comprises three steps. In the first step, 
synthetic data is generated to pretrain the G-SPC predict ion 
model. Section 4.1 explains how this dataset is generated to 
represent gradually changing production processes over time 
accurately. Section 4.2 discusses the selection of a suitable 
architecture for the G-SPC prediction model and its training 
process. After training, the model can predict processes out of 
control based on actual process data (inference). This 
procedure is described in section 4.3. Fig. 2  shows the G-
SPC approach. 

4.1. Data Generation

Synthetic data is generated to represent the process 
characteristics and their corresponding quality features to 
mimic the behavior of an industrial process. To represent 
continuous process changes, a  population with characteristics 
that vary over time is required  to reflect the current situation 
of the process. Furthermore, the outputs of many production 
processes cannot be represented by a single distribution type; 
instead, they are a superposition of different probability 
distributions. Accordingly, the generation of the synthetic data 
is based on a mixture distribution, which is composed of 
several probability distributions. The weighting of the 
individual distributions in the mixture distribution is variable 
over time to depict the process changes.

To model the OK phase, in the first step, init ial weights of 
individual probability distributions within  the mixture 
distribution at the various points in t ime are set, as depicted in  
Fig. 3. To map the gradual change of the process, linear 
interpolation is used between the init ialized weights. The 
remaining weights are determined by solving an optimization 
problem for each time step. It aims to minimize the pairwise 
squared differences between the weights of all the probability 
distributions and thus achieve a mixture distribution that is as 
diverse as possible. The weights sum up to 1. As a constraint, 
the mixture distribution must fulfill the stability definit ion 
from section 3.2, while the indiv idual probability d istributions 

may vary in the median. Each product (one row in Fig. 3) 
represents a snapshot of the process and, therefore, its 
probability distribution at a  discrete point in time. 
Accordingly, a random sample of size one is d rawn for each 
time step, representing the product’s quality characteristic (x). 
Afterward, these values of the different products are 
concatenated, forming a time series.

To simulate a process that gradually transitions to a NOK
state, the previously generated mixture distribution is 
superimposed with a distribution that does not fulfill the 
stability criteria defined in this paper with linearly increasing 
weighting. The distribution is chosen so that the result ing 
distribution during the ramp-up also transitions to a state that 
does not satisfy the stability definition.

According to the assumptions on which this paper is based, 
production processes are initially stable after set-up before 
they gradually leave this state due to degradation. If such a 
deviation is detected, the process is adjusted until it  is back in 
a stable state and gradually degrades again. In order to map 
this cyclical behavior, the synthetic data is also composed 
cyclically from the OK and NOK phases. The OK phases are 
chosen longer than the NOK phases as processes usually 
operate longer in a stable state than it takes to get them back 
into this state again after they degrade.

Next to the value sampled at each time step (x), whether 
this value is within the limits (y) is also stored. In addition, the 
distribution weights implicit ly record the phase (OK/NOK) in  
which the value was generated. For this paper, the training 
dataset was generated with 100,000 cycles of 100 data points 
with 27 randomly parametrized OK normal distributions, 9 of 
them centered. For each cycle a NOK normal distribution was 
parametrized randomly. Around each cycle change, there is a 
NOK phase of random length, leading to a total of 10.74% 
values in the NOK phase. 

4.2. Pretraining

The input x for the G-SPC model and the output y, which is 
used to train the anomaly score, are time series data. Due to 
the type of modeling, they implicitly contain information on 
the mixture distribution at the respective point in time.

Just as there are strong correlations between neighboring 
pixels in  images, there are also strong correlations between 
successive values from time series. Accord ingly, image 

              
     

     

    

   

       

        

         
    

   

   
   

Fig. 2. The G-SPC approach.

              
            
          
            
              
        

    
    
    
    
    
    

              
 

                         

 

       
                

      

Fig. 3. Determination of the weighting of different probability distributions 
within the mixture distribution during OK phase and random sampling of one 

value x at each time step t.
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processing models are also suitable for analyzing time series, 
although there are only correlations in one direction (time) 
instead of two (x and y axes). [10,21] Convolutional neural 
networks (CNN), in particular, are used  for this purpose in  the 
literature as it is more straightforward to formulate the 
problem for such encoder approaches than for sequence 
approaches like long short-term memory networks [2,22-23]. 
Even better results than basic CNNs are promised by residual 
neural networks (ResNet), which can further reduce error rates 
due to their internal structure [24]. For example, MA ET AL.
use a CNN to detect anomalies in  continuous production by 
monitoring the time series of process parameters [25].

Therefore, several 1D-CNN and ResNet structures were 
tested as models for G-SPC. As most processes have a 
relatively low error rate compared to the samples produced, 
there is an imbalance between OK and NOK data. Hence, the 
squared differences are weighted by taking the actual output 
plus one to the power of four to calculate the mean square 
error as the loss function of the model.

The model is to be trained with regard to the probability of 
occurrence of an error, not a pure classification. The training 
data must be preprocessed for this purpose. Values between 0 
(lowest probability of error) and 1 (highest probability of 
error) are selected to define the p robability of occurrence. A 
linear ramp-up of length n precedes each faulty value to 
represent that limit violations usually do not happen suddenly 
(see Fig. 4 ). Both selected model structures process t ime 
series with  the slid ing window approach. Therefore, the data 
must be sliced into windows with length k. Slid ing windows 
starting with an output bigger than 0 as their first  time step are 
discarded for model training, as the target is to detect 
anomalies before they happen and not anomalies that already 
happened.

Model training showed that the number of layers and their 
structure had no significant impact on the model training 
error. At the same time, the results of ResNet significantly 
outperformed the CNN on the test dataset (c.f. section 5.1). As 

a result, a ResNet was selected as the final G-SPC model. The 
best results were achieved with one identity and three 
convolution blocks, each followed by two more identity 
blocks. These blocks are followed by an average pooling and 
two fully  connected layers with a linear activation function 
resulting in one scalar value. It turned out that the best results 
were obtained using a ramp length of n = 3 and a window 
length of k = 18 for data preprocessing. Also, scaling the 
input data and target to the interval [0, 0.5] and subtracting the 
mean from the input data improved the results.

4.3. Model application

After the pretraining, the model can be deployed in 
industrial applications. For this purpose, the data must be 
preprocessed the same way as the training dataset. Based on 
the last slid ing window, the model provides the anomaly score 
associated with the current product. If the anomaly score 
exceeds a use-case-specific predefined threshold, the process 
is considered out of control, and corrective action should be 
taken before continuing production.

5. Evaluation

The evaluation of G-SPC is done using a two-step 
approach. First, the model is benchmarked against a 
traditional SPC on a synthetically generated test dataset. In 
the second step, the applicability is evaluated in an actual use 
case from the industry.

5.1. Benchmark analysis

For testing the model, a  test dataset was generated as 
defined in section 4.1, this time comprising more than one 
type of OK distributions (normal, Laplace, and uniform). 
Again, the median was set to 0.5  with a lower control limit  of 
0 and an upper control limit of 1. This time, 20 cycles with 
length 1000 each were generated. For the G-SPC, data were 
preprocessed in the same way as described in sect ion 4.2. The 
anomaly threshold was set to 0.1, as it led to the best results. 
The Shewart Individual Chart was selected for SPC, as 
sampling is unnecessary for a PQ setting with predict ions for 
all instances. The control limits for SPC were calculated 
based on the values in the first OK phase of the test dataset.

For assessing the SPC, vio lations of the stability criteria 
(violation of limits, trend, run) were considered as predicted 
positive, while v iolations of the tolerance limits were 
considered as actual positive. As G-SPC uses sliding windows 
and on synthetic datasets, information is available on whether 
the value stems from an OK or NOK phase, the definition 
needs to be slight ly adjusted, as given in Table 1. For 
both SPC and G-SPC, true negatives are not defined as given 
by the theoretical considerations after the first alarm, all 
subsequent time steps up to the occurrence of the actual fault 
should also emit signals which is not necessarily given [2].

        
           

          

    

      

     

 

   

      

    

   
  

 
 

                 
           

Fig. 4. Data preprocessing steps for G-SPC.
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Table 1. Definition of the Confusion Matrix fields for G-SPC with A: 
predicted signal from G-SPC (1 if anomaly score is below threshold), B: 
phase information (1 if all datapoints within sliding window stem from OK
phase), C: violation of tolerance limits (1 if no violation of tolerance limits 
within sliding window).

A B C

True positive 0 0 0

False positive
0 1 0 or 1

0 0 1

False negative 1 0 0

True negative Not defined Not defined Not defined

Performance is measured by recall to evaluate whether the 
models detect all v iolations of tolerance limits (within  
the NOK phase) and precision to evaluate whether the 
predictions as anomalies are actually violations of the 
tolerance limits (within the NOK phase). The F1-score is then 
used to evaluate whether both targets are met at the same 
time.

Table 2. Evaluation metrics of synthetic test dataset.

Metric SPC G-SPC
(CNN)

G-SPC 
(ResNet)

Recall 1.00 0.359 0.743

Precision 0.571 0.896 0.856
F1-score 0.727 0.513 0.795

The results listed in  Table 2 show that SPC performs best 
in terms of recall. In contrast, G-SPC using the CNN model 
performs best in precision, and G-SPC using ResNet has the 
highest F1-score. The F1-score of G-SPC with CNN is 
significantly lower than that of SPC, and its precision is only  
4% lower than that of G-SPC with ResNet. For th is reason, as 
mentioned in section 4.2, CNN is not considered in the 
remainder of this paper. 

On the one hand, while SPC detects all limit v iolations, 
42.9% of its alarms are false, indicating no actual limit  
violation. On  the other hand, G-SPC (from now on 
with ResNet) misses 25.7% of the situations where it should 
detect process deterioration. However, it has a much lower 
rate of false alarms of 14.4%, leading to fewer unnecessary 
process interruptions. Since PQ performs a 100% virtual 
quality measurement, it is not critical that not all 
deteriorations are detected, as this does not result  in  
a NOK product passing the quality inspection.

Considering the confusion matrices in Fig. 5, the total 
number of false alarms (false positives) using G-SPC is less 
than half as high (1,015 vs. 2,173) as when using the 

traditional SPC on the same dataset. Nevertheless, the total 
number of actual positives for the G-SPC approach is almost 
three times higher (8,092 vs. 2,887) than for the 
traditional SPC. This is because any sliding window 
containing a limit v iolation in the NOK phase is considered an 
actual positive when using G-SPC. This implies that when 
using the model, the production process must be readjusted 
before process monitoring is restarted.

5.2. Application to electric control screw driving process 

In the industry use case, an automotive OEM's safety-
relevant manufacturing process step is selected, consistent 
across all vehicles despite their high variability. The process 
involves attaching the seatbelt anchor to the vehicle frame on 
the left-hand side. The attachment is performed using an 
electric control screwdriver that records the torque during the 
fastening process. These recorded torque values are compared 
with the vehicle-specific target values. If the torque deviates 
from the specified limits, the fastening process is repeated to 
ensure the vehicle meets safety standards before moving to 
the next assembly step. The process is deemed compliant, and 
the vehicle is cleared for the next stage only if the torque is 
within the acceptable range; otherwise, the fastening is 
redone. The dataset reveals that 4.4% of all measurements fall 
outside the torque compliance range, indicating the critical 
nature of this process step for quality control.

As the dataset contains extreme outliers, the control limits 
for SPC were calculated based only on the values within  
tolerance limits. The data preparation was performed for G-
SPC as described in sect ion 4.2, except for the input scaling. 
The lower tolerance limit value was set to 0, and the upper 
limit to 1. This results in a not-centered median of 0.628.

Table 3. Evaluation metrics of use-case.

Metric SPC G-SPC

Recall 1.00 0.587
Precision 0.317 1.00

F1-score 0.481 0.740

The assessment of G-SPC was altered compared to section 
5.1, as the phase information regarding OK/NOK is not 
available for real industry data. Anomaly scores above the 
threshold were considered predicted positive while slid ing 
windows with v iolations of the tolerance limits inside were 
considered actual positive.

As already observed in the benchmark on synthetic 
data, G-SPC again outperforms SPC in terms of precision and 

        

 

      

                

  
  

  
  

   
  

   
 

 
  

  
   

  

        

    

      

                

  
  

  
  

   
  

   
 

 
  

  
   

  

Fig. 5. Confusion matrix of synthetic test dataset. a) SPC; b) G-SPC (ResNet)

     

    

      

                

  
  

  
  

   
   

   
 

  
  

   

  

      

 

      

                

  
  

  
  

   
   

   
 

  
  

   

  

Fig. 6. Confusion matrix of the use case dataset. a) SPC; b) G-SPC
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F1-score, while SPC has a better performance regarding recall 
(c.f. Table 3). SPC detects all actual limit vio lations, as shown 
in Fig. 6, but the precision of 0.317 is relatively low (c.f. 
Table 3). G-SPC detected only 58.7% of the sliding windows 
with limit v iolations. Again, this is not critical for its 
application. While G-SPC has no false alarms, 68.7% 
of SPC alarms are false. G-SPC should trigger in 55.7% of all 
7,092 time steps, while this is only the case in 4.4% 
with SPC due to the different definitions of actual positives. 
The sign ificant difference corresponds to the limit violations 
being almost equally distributed over the whole period under 
consideration. This shows that G-SPC should only be applied 
to initially stable processes with low error rates. 

6. Conclusion, discussion, and further work

The benchmark against synthetic and real data shows 
that G-SPC signif icantly reduces false positives compared to 
traditional SPC, although at the cost of increasing false 
negatives. However, this is not crit ical when applied to v irtual 
quality measurements, as scrap detection is performed 
beforehand. Hence, G-SPC can be a valuable tool for process 
monitoring. It extends PQ-based virtual quality measurements 
and outperforms traditional SPC, especially when measures 
are taken to stabilize the process and restore its capability 
after detecting process deteriorations.

The evaluation results indicate that the model does not 
need to be retrained for different probability distributions and 
different medians. Nevertheless, further investigations are 
required here, particularly as the phase information is not 
available for the real dataset with the different median. 
Furthermore, it should be noted that different conditions for 
actual positives and negatives had to be defined 
for SPC and G-SPC as part of the evaluation due to their 
characteristics. Although G-SPC performs better than SPC in 
the evaluation, there is no methodology to prove that the 
model actually makes predictions based on the probability 
distribution.

Despite the achieved results, further parameter 
constellations should be tested to improve the model's 
performance. For example, instead of the linear ramp-up in 
data preprocessing, the actual weights of the distributions 
within the mixture distribution could be considered, or the 
length of the ramp-up could be varied. Furthermore, different 
loss functions, window lengths, and network architectures 
should be tested.

In addition to the potential improvements mentioned, the 
model should be tested in more real-world use cases. 
Particularly, when a deterioration is detected, the process 
should be adjusted before it is monitored again. Regarding the 
synthetic dataset, additional distribution types and variable 
cycle lengths could be tested, and data generation could be 
used to build realistic big-data benchmark datasets for SPC.
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