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Abstract 
Product quality is a key factor for manufacturing companies to evaluate their production capability and increase 
their market competitiveness. Today's Manufacturing processes have become more complicated and usually 
equipped with smart sensors that collect a massive amount of data along the manufacturing chain. This chain 
consists of a multistage of manufacturing processes to produce complex products to satisfy customer requirements. 
In multistage manufacturing systems, many factors may have interactive and cumulative effects on the final product 
quality. The purpose of this research is to introduce an intelligent real-time quality monitoring framework capable of 
predicting and identifying the quality deviations for multistage manufacturing systems as early as possible to reduce 
wastes of time and resources. We used different unsupervised and supervised machine learning techniques such as 
principal component analysis, support vector machine, neural network and random forest to consider the 
accumulative effect of different workstations and to construct the quality monitoring model. We used a complex 
semiconductor manufacturing dataset to evaluate the performance of the proposed framework. The results show the 
capability of the proposed framework to improve the performance of the quality monitoring process in the 
multistage manufacturing systems and to reduce both type Ӏ and type ӀӀ errors. 
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1. Introduction  
Product quality is a key factor for manufacturing companies to assess their production capability. According to (ISO 
9000:2015), quality can be defined as "the degree to which a set of inherent characteristics fulfills requirements". 
Quality control seeks to monitor and predict the quality of products during the manufacturing processes. Traditional 
statistical process control methods (SPC) have been widely used in the industrial environment due to their simplicity 
and applicability. The successful application of traditional SPC is attributed to stable and low complexity processes, 
which thus limits the current application fields (Bai et al. 2019). Today's manufacturing processes have become 
more complicated with high dimension variables, uncertain and dynamic environments, and multistage of 
manufacturing processes (Cheng et al. 2018). Consequently, traditional SPC methods are not sufficient in dealing 
with current problems. Therefore, a more efficient method is needed to tackle quality monitoring problems.  
Machine learning (ML), as a computational engine for data mining and pattern recognition, is capable of dealing 
with complex, high-dimensional multistage manufacturing processes (Ge et al. 2017). ML techniques can be used to 
transform the massive amount of data that had been collected by build-in or add-on smart sensors into valuable 
information that can explain the uncertainties and assist in making more informed decisions (Lee et al. 2013). The 
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output from the data mining models is a real-time quality index after each manufacturing workstation, which 
indicates the current performance so that the potential failures can be avoided before they occur (Kao et al. 2017).  
Currently, most quality monitoring models focus on single-stage manufacturing or address the manufacturing chain 
as a single point (Arif et al. 2013). However, for the manufacturing chain, many factors (e.g., equipment, 
manufacturing variables, operators) may have interactive and cumulative effects on the final product quality (Kao et 
al. 2017). Also, most of the models need to wait until the end of the process to make the prediction, which might 
cause waste of time and high internal failure costs such as cost of scrap, rework, machine wear, etc.   
The main objective of this paper is to introduce a real-time quality monitoring framework that uses data mining 
techniques to deal with complex and high-dimensional multistage manufacturing processes as well as the 
unbalanced nature of the manufacturing process. 
The rest of this paper is organized as follows: in section 2, a brief literature review is given on the state-of-the-art 
works on quality monitoring and the integration between ML and quality monitoring. In section 3, the proposed 
quality monitoring framework is discussed. In section 4, a numerical example is used to verify the performance of 
the proposed framework and finally, in section 5, the conclusion and future work are given. 
2. Literature Review  
2.1 Statistical Process Control  
Traditional SPC approaches have been widely used in the industrial environment since the 1920s due to their 
simplicity and applicability. The first SPC tool was pioneered by W.A. Shewhart (Shewhart 1931) to detect out-of-
control points that indicate the existence of assignable causes. Later, Cumulative sum (CUSUM) and exponential 
weight moving average (EWMA) control charts were developed to detect small shift changes faster (Amini and 
Chang 2018). For the multivariable environment, the Hotelling T2 control chart was developed to detect mean shifts 
for multivariable quality characteristics, usually less than ten variables (Li et al. 2006). Also, multivariate 
exponentially weighted moving averages (MEWMA) and multivariate cumulative sum (MCUSUM) were developed 
for multivariable environments; however, these methods suffer from unacceptable false alarms and can not detect 
out-of-control observations fast enough (Amini and Chang 2018). Since the needs and desires of the customers have 
become more sophisticated, the complexity in product structure has been increasing. Hence, multistage 
manufacturing systems (MMS) become more common to produce complex products. Most traditional SPC methods 
do not perform well in MMS as they are poorly capable of discriminating between changes at different stages and 
suffer from high false alarm rates (Shi and Zhou 2009). 

2.2 Machine Learning  
Over the past decades, data mining has played an essential role in knowledge discovery and decision support. ML 
serves as a computational engine for data mining, pattern recognition, information extraction and prediction. It can 
be categorized as supervised, unsupervised, semi-supervised and reinforcement learning (Ge et al. 2017).  

2.2.1 Unsupervised Learning Methods 
Unsupervised learning is used when the data set consists of unlabeled training examples {𝑋𝑋𝑖𝑖}𝑖𝑖=1𝑁𝑁 , where X is a 
feature vector without any corresponding target value Y. It is used for information extraction, dimensionality 
reduction, density estimation, data visualization, outlier detection, and process monitoring (Ge et al. 2017). Principal 
component analysis (PCA) and K-Means algorithms are used in this work to represent the accumulative effect for 
each workstation in the manufacturing chain and identify operational patterns for each workstation. 

2.2.1.1 Principal Component Analysis (PCA) 
PCA is a statistical technique that is used to transform the correlated variables from high dimensional space Rn to 
linearly uncorrelated variables, which is also called principal components (PCs) in a lower-dimensional space Rk 
where (n > k) while retaining the most information  (Abdi and Williams 2010). The PCs can be calculated by 
computing the eigenvalue and eigenvectors of the covariance matrix of features. The resulting eigenvectors are used 
as PCs. The main applications in the industry are dimensionality reduction, process monitoring, abnormality 
detection, data visualization, and outlier detection (Ge et al. 2017).   

2.2.1.2 K-Means algorithm  
K-means algorithm is used to partition the data set into a specific number of K clusters. K-means algorithm 
randomly selects K points as initial centroids for each cluster, then assign data into the nearest cluster based on the 
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distance between the cluster's centroid and data. There exist many methods to identify this distance; euclidean 
distance is one of the most used ones. Afterwards a new centroid is recalculated for each cluster. The process is 
repeated until the centroid of each cluster does not change or satisfy the tolerance value (Syakur et al. 2018). The 
main application of K-means clustering in the industry is to identify the different fault types and operating modes for 
manufacturing processes. 

2.2.2 Supervised Learning Methods 
Supervised learning is used when the data set consists of labeled training examples {𝑋𝑋𝑖𝑖 ,𝑦𝑦𝑖𝑖}𝑖𝑖=1𝑁𝑁   Where X is a feature 
vector with the corresponding target value y, the target value y can be discrete or continuous. If categorical output 
variables are set, the problem is formulated as a classification problem. Otherwise, the problem is formulated as a 
regression problem. Supervised learning can be used for fault diagnosis, process monitoring, quality prediction, and 
remaining useful life estimation (Ge et al. 2017). Supervised learning methods in the manufacturing processes 
include support vector machine, neural networks, decision trees, K-nearest, linear regression, and random forest.  

2.2.2.1 Support Vector Machine (SVM) 
The key idea of SVM is to create one or more hyperplane to separate different classes in a high dimensional space. 
SVM focuses on maximizing the margin, which is the distance between the closest training examples in the two 
classes. It is used when the data can be linearly separable; otherwise, the input vector needs to be mapped into 
higher dimensional space by using kernel tricks, then the hyperplane can be constructed (Tsai et al. 2009).      

2.2.2.2 Artificial Neural Network (ANN) 
The artificial neural network mimics how the human brain uses interconnected neurons to process information. 
ANN consists of an input, output and hidden layers. Each of them contains numbers of neurons that are connected to 
all neurons in the following layer. Each input neuron has an activation value; the neuron sends its value to the 
neurons in the following layer to which it is connected. For each receiving neurons, the activation values are 
calculated by an activation function. The weight of the connections are randomly assumed then the backpropagation 
algorithm is used during the training to find the optimal weights of the connections (Kotsiantis 2007). 

2.2.2.3 k-Nearest Neighbor (k-NN)  
A k-NN is a nonparametric leaning method based on the idea that instances that have similar properties will 
generally exist in proximity to each other. Therefore, a K number of nearest neighbors can be determined by 
calculating the Mahalanobis or Euclidean distance between the unclassed instance or input feature vector X and the 
training instances. The class of input vector can be assigned based on the majority vote of the K nearest instances in 
the training dataset (Cunningham and Delany 2007). The accuracy of the classification is affected by irrelevant 
features and noise.  

2.2.2.4 Random Forest (RF) 
RF is an ensemble learning method that uses multi decision trees to make the prediction (Breiman 2001). A number 
K of decision trees is built based on bootstrapped samples with n observations. Each decision tree is built using a 
randomly selected subset of k features. Each decision tree in the random forest will give a vote when a new sample 
needed to be classified. The final class for a new sample will be assigned based on the majority votes from all trees 
in the forest.  

2.3 Integration Between Machine Learning And Quality Monitoring  
ML is used in many industrial applications such as fault diagnosis, predictive maintenance, quality monitoring and 
improvement, and process optimization (Ge et al. 2017, Köksal et al. 2011, Weichert et al. 2019).  Quality prediction 
models based on ML algorithms have been used in several manufacturing areas such as steel manufacturing (Li et al. 
2019), semiconductor manufacturing (Kao et al. 2017, Arif et al. 2013, Al-Kharaz et al. 2019), 3D printing (Amini 
and Chang 2018), extrusion processes (García et al. 2019), battery manufacturing (Thiede et al. 2019), and 
automotive industry (Peres et al. 2019).  
Arif et al. (2013) introduced an approach for quality monitoring in MMS using a cascaded quality monitoring 
system. They suggested using PCA to find intercorrelated variables relationships then applied the Iterative 
Dichotomiser algorithm (ID3) to identify the quality state of semiconductor wafers. The proposed method has an 
acceptable false alarm rate; however, the true positive (TP) rate was very low, which means it is not applicable for 
the quality prediction purpose. Kao et al. (2017) have proposed a combination of PCA with classification algorithms 
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such as SVM, decision trees and naïve base to predict the quality in the MMS. They used association rule mining for 
root cause analysis of defective products. Amini and Chang (2018) introduced an approach called a multi-layer 
classifier for process monitoring (MLCPM) to predict the likelihood of a successful printing process at critical 
layers. They suggest using K-means to assign each printing layer to a cluster then used the random forest algorithm 
to identify the most significant layer on the product quality. This method has a significant impact on reducing the 
dimensionality of the data and the computational time. However, the proposed framework did not take into account 
the cumulative and interactive effect from layer to layer during the printing process.  
Most of the previous studies have applied the quality monitoring model in single-stage manufacturing or treated the 
manufacturing chain as a single point, which means that they built one prediction model for the whole process chain 
at the final stage. This single point model assumed that each workstation has an independent effect on the final 
product quality. It ignored the fact that each manufacturing workstation has an independent, cumulative and 
interactive effect on the final product quality. Also, most previous models had to wait until the end of the process to 
make the prediction, which might cause losses in resources. 

3. Methodology  
In this section, we introduce a real-time process monitoring framework that can monitor, predict and identify the 
quality deviations for complex, high-dimensional and multistage manufacturing systems as early as possible in order 
to reduce waste of resources and time and damage to the reputation of the company if defective products are 
dispatched to customers. The proposed framework is built and performed in two phases. Phase I is the model 
building phase, while phase II is the monitoring and updating phase. 

3.1 Phase I: Data Collection And Model Building 
This phase includes several steps related to data collection and preprocessing, dimensionality reduction, building the 
quality prediction model, and identifying the most significant stages in the manufacturing chain. 
3.1.1 Data Collection   
Data and measurements are collected from different sources along the manufacturing chain by using smart sensors. 
The collected dataset includes process parameters, state variables, environmental sensing variables, maintenance 
records, intermediate product characteristics and final product quality. 
3.1.2 Data Preprocessing  
The Manufacturing environment has many noises, outliers, missing values, anomaly events and inconsistencies. 
Raw data should be carefully preprocessed to remove inconsistent, redundant and misleading information. Data 
preprocessing helps to improve the quality of the collected raw data and the performance of the quality monitoring 
model (Xu et al. 2015). Data preprocessing includes data cleaning and data transformation. 
The first step of data cleaning is to remove possible human errors and outliers as they spoil and mislead the training 
process, which in turn will reduce the model performance. Second, variables and instances with missing values 
above a defended threshold P1 and P2, respectively, should be removed. Third, the remaining missing values should 
be replaced by attribute mean or most probable value with Bayesian inference. Finally, columns with constant 
values should be removed as they do not carry any discriminative information (Xu et al. 2015). 
After performing the data cleaning, the scale difference between manufacturing process variables should be adopted, 
so the dataset is normalized between zero and one using equation 1. 

𝑌𝑌 = (𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚−𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚)∗(𝑋𝑋−𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚)
(𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚−𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚)+𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

                                                                                                                        (1) 
Ymax and Ymin are users defended upper and lower bound (1 and 0, respectively), while Xmax and Xmin are the 
maximum and minimum values for each variable. 

3.1.3 Feature Selection 
Feature selection is the process of identifying a subset of features that is relevant to the quality prediction model. It 
helps to simplify the learning process, improve the model performance, reduce the computational time, and avoid 
overfitting. In this research, Fisher discriminant metric is used as a feature selection technique. It simply ranks the 
features based on the ratio between the inner class distance to inner class variance, as illustrated in equation 2 (Gu et 
al. 2011). Those features are selected based on the defined threshold P3. 
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where 𝜇𝜇𝑘𝑘
𝑗𝑗  , 𝜎𝜎𝑘𝑘

𝑗𝑗 ,µj, σ j and nk are the mean and standard deviation for class k and the whole data set, respectively. 

3.1.4 Tackling The Imbalance Problem  
Another important issue for quality monitoring is insufficient instances for defective class samples. Since failure 
cases do not frequently happen, the number of positive (defective) class samples is relatively smaller than the 
negative (nondefective) class samples. When a small minority or the vast majority exists, the training model will be 
forced to favor the majority voice of the data in order to achieve higher accuracy. This problem is called the 
imbalance problem. In this research, Synthetic Minority Over-sampling Technique (SMOTE) technique is used to 
balance the training data set. This technique increases the number of defective (minority) class samples to be equal 
to the majority class samples (Chawla 2009). We can summarize SMOTE as for each instance x in the minor class, 
compute its Euclidean distance to all samples in the minor class and list its k nearest neighbor. Based on the 
percentage of the oversampling required, random samples (e.g., z1, z2, …, zk) from its K nearest neighbors are 
selected. Then, for each selected zi,a new sample S is synthesized using equation 3. the process is repeated until the 
required instance is achieved. 

  S =  x +  a(zi  −  x)                                                                                                                           (3) 
where a is a random number between [0,1].  

3.1.5 Cascaded Quality Model 
In MMS, the quality of the output from a workstation is not only affected by the manufacturing operation variables 
in this workstation but also affected by the characteristics of the output from the previous workstation. Also, each 
manufacturing stage contributes to the final quality state  (Arif et al. 2013). To consider the characteristic of MMS, 
partial and total quality concepts should be considered to describe the accumulation of quality variation along the 
manufacturing chain  (Zhai et al. 2004). Cascade Quality Prediction Method (CQPM) [6,7] is implemented to mine 
the hidden relationship in MMS. There are three types of relationships in MMS: the relationship between 
manufacturing operation in each workstation, the relationship between workstations, and the relationship between 
manufacturing operation variables and final product quality R1, R2 and R3, respectively. Figure 1 shows the concept 
of MMS, relationships in CQPM and partial/total quality concepts.   

 
Figure 1. MMS concept, relationship in CQPM and partial/total quality concept 

 

Based on the CQPM definition (Arif et al. 2013), we assume that the manufacturing line consists of M workstations. 
Each workstation has several manufacturing variables Xs and each intermediate product has several quality 
characteristics Ts. PCA can be used to transform the latent and correlated variables into a new set of dimensions 
while carrying the MMS characteristics. Equation 4 describes how the interaction between process variable (Xj,k) 
and the quality characteristics from previous work station T(j-1),k  can affect the quality of the intermediate products 
(R1 and R2 ). Equation 5 illustrates that the quality state Q is a function of quality characteristics from the final 
workstation (TM,s), which expresses R3. 

𝑇𝑇𝑗𝑗,𝑠𝑠 = 𝑓𝑓�𝑇𝑇(𝑗𝑗−1),𝑠𝑠,𝑋𝑋𝑗𝑗,𝑘𝑘� = ∑ 𝑎𝑎𝑠𝑠,𝑘𝑘𝑇𝑇(𝑗𝑗−1),𝑠𝑠 + ∑ 𝑎𝑎𝑠𝑠,𝑘𝑘𝑋𝑋𝑗𝑗,𝑘𝑘
𝑝𝑝𝑗𝑗
𝑘𝑘=1

𝑝𝑝(𝑗𝑗−1)
𝑘𝑘=1                                                                  (4)                                                                                     

𝑄𝑄 = 𝑓𝑓�𝑇𝑇𝑀𝑀,𝑠𝑠�                                                                                                                                            (5) 
Where: Xj,k is the kth manufacturing operation variable in a jth workstation (j = 1 to M and K = 1 to p), Tj,s is the sth 
quality characteristic of the intermediate product produced from the jth workstation (s = 1 to r), 𝑎𝑎𝑘𝑘,𝑗𝑗 is the amount of 
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contribution of Xj,k to Tj,s or the eigenvector of the covariance matrix of the variables in PCA and Q represents the 
quality level.  

3.1.6 Classification Algorithms  
After identifying features that represent the MMS characteristics, several classification algorithms such as ANN, 
SVM, K-NN, random forest and logistic regression were used to predict the quality state of the final product.  

3.1.7 Stage Selection  
In MMS, not all workstations have the same effect on the final product quality. We suggest identifying the most 
significant workstations along the process chain. Then, at these significant workstations, we can build a quality 
checkpoint to predict the likelihood of the final product quality while intermediate products are still in the 
manufacturing process instead of checking the quality at the final stages like most of the previous works. In order to 
do this, we assume first that each workstation has a specific number of patterns, then we apply the K-means 
algorithm to assign each workstation to a specific cluster. The number of clusters for each workstation can be 
determined by the elbow method (Syakur et al. 2018). Finally, a feature selection technique can be applied to select 
the most significant workstations on the final product quality.   

3.2 Phase II – Process Monitoring And Updating The Training Dataset  
CQPM is applied to the manufacturing variables in each workstation and quality characteristics from the previous 
workstation. Then, when the first significant workstation is reached, the first quality prediction model will predict an 
initial result. This prediction provides the likelihood of the final product quality while the intermediate product still 
in the manufacturing process. If the likelihood of prediction is 0 (good product), the process continues until the next 
significant stage is reached. Otherwise, the process engineer or an automatic adaptation system can take action to 
save resources or to adopt the process parameters in the next workstation in a way that the intermediate product may 
have a chance to be good at the final workstation.     
The training data should be updated periodically to cover any new patterns and reduce the chance of 
misclassification. We suggest using a critical threshold to trigger a warning when the model misclassification 
increases. Hence, the model can be updated by retraining the model with the initial training data plus the newly 
collected data.    

4. Numerical Example  
We used a complex semiconductor manufacturing dataset (called SECOM) (McCann and Johnston 2008) to verify 
the proposed framework. This dataset consists of 590 operation variables collected from different sensors along the 
semiconductor wafer manufacturing line and 1567 instances or samples and one quality variable, which is labeled as 
1 for a non-conforming wafer and -1 for a conforming wafer. This data set is highly imbalanced with an 
approximate ratio of 14:1 between the two classes and it has 41,951 missing values distributed with different 
percentages along the manufacturing variables and 116 constant and irrelevant variables.  
In order to deal with this complex dataset, we cleaned the dataset by removing features and instances which contain 
a percentage of missing values above thresholds P1 = 50% and P2 = 26%. Then low variance and irrelevant features 
were removed from the dataset as they don’t carry unique information; also, outliers were removed using the 
interquartile range (IQR) score as they decrease the model performance. The remained missing values were replaced 
by attribute means of each feature. All the data were normalized between zero and one using equation 1 and 
randomly split into 80% for training and 20% for testing. We ranked the manufacturing variables based on their 
importance using the fisher discriminant metric to remove variables that were not related to the quality monitoring 
process using threshold P3 =  0.022. The previous steps helped to reduce the number of features to 63 features, 
which is a 936.5% reduction in dimension. We rebalanced the training dataset using the SMOTE algorithm so that 
the ratio between the two classes in the training set is approximately equal to 1. 
In order to simulate the MMS scenario, we split the dataset into five groups; each one represents a manufacturing 
workstation as recommended by (Kao et al. 2017). We construct two quality monitoring models based on the 
proposed framework to assure the capability of the proposed system for quality monitoring in multistage 
manufacturing systems. The first model is based on a single-point approach and the second one is based on CQPM. 
The single point approach was build using the same previous steps, but instead of applying CQPM, we treat the 
whole data as a single point and build one quality model. The number of PCS that represent 95% of the variance in 
the data for the first model was 35 and for the second model is shown in table 1. 
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Table 1: Principal components at each manufacturing workstation 
 

 Workstation 1 Workstation 2 Workstation 3 Workstation 4 Workstation 5 
Principal 

Components 11 18 25 26 27 

We used six ML algorithms, namely Naïve Bayes, KNN, SVM, random forest (RF), logistic regression (LR) and 
ANN, to predict the product quality level. We applied ten-fold cross-validation to avoid overfitting and grid search 
for hyperparameter tunning for each of the ML models. Accuracy, sensitivity and specificity metrics were used to 
evaluate the performance of the classification models and compare between the two quality monitoring approaches. 
The results shown in Figure 2 represent the performance of the classification models on the test set for the two 
quality monitoring approaches . 
 

 
 

Figure 2: Model performance for each classification algorithms based on a) single-point approach and b) CQPM 
approach. 

 
Detecting most of the non-conforming products with a minimum rate of false alarms is the most important aspect of 
the quality monitoring process. These two aspects can be described by sensitivity and specificity metrics. Results 
show that using the proposed framework based on CQPM is better for MMS than using the single point approach as 
the performance of the classification models in terms of sensitivity and specificity has improved. The average 
performance of all classification models increased in terms of sensitivity and specificity by 4.76% and 3.41%, 
respectively. Also, the average accuracy of all models has improved by 3.5%. With a sensitivity of 90.47% and 
specificity of 75.5%, the ANN model performs the best in detecting the non-conforming products with an acceptable 
value of false alarm rate compared to other models.  
In order to identify the most critical and significant stages to final product quality, we applied the K-means 
algorithm to each manufacturing stage to identify operation patterns for every workstation. We used the elbow 
method to identify the optimum number of patterns for each workstation. Table 2 shows the number of patterns for 
each workstation. After identifying the pattern of each workstation, the random forest algorithm was applied in order 
to identify the most significant workstation to the product quality. Table 3 shows the importance of each workstation 
based on the random forest variable importance. We set a threshold of  P4 = 0.2 in order to identify the most 
significant workstation. We found that stages 1 and 3 are the most critical workstation, so we recommend building 
quality checkpoints at those stages to provide an initial prediction about the intermediate products' quality. If the 
likelihood of prediction is -1 (non-defective product), the process continues until the next significant stage is 
reached. Otherwise, the process engineer or an automatic adaptation system can take action to save resources or to 
adopt the process parameters in the next workstation in a way that the intermediate product may have a chance to be 
good at the final workstation. When the products reach the final workstation, the final quality state can be identified. 
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Table 2: number of patterns for each manufacturing workstation. 
 

 Workstation 1 Workstation 2 Workstation 3 Workstation 4 Workstation 5 
Number of  

clusters 5 5 4 3 4 
 

Table 3: the importance of each workstation. 
 

 Workstation 1 Workstation 2 Workstation 3 Workstation 4 Workstation 5 
Importance 0.335 0.173 0.296 0.135 0.062 

5. Conclusion And Future Work 
In this research, we introduce an intelligent real-time quality monitoring framework capable of predicting and 
identifying the quality deviations for complex and high dimensional MMS as early as possible, especially at critical 
manufacturing stages. Our framework consists of two main phases: Phase I is the model building phase, which 
includes data collection and preprocessing, and quality prediction model building, while phase II includes 
monitoring the manufacturing process and updating the quality monitoring model to cover any new patterns and 
reduce the chance of misclassification. 
The results from applying the proposed framework on a complex dataset that contains 1567 instances and 590 
features show the capability of the proposed framework to improve the performance of the quality monitoring 
process in multistage manufacturing systems. The average performance of all classification models increased in 
terms of sensitivity and specificity by 4.76% and 3.41%, respectively. The ANN  algorithm performed the best 
between all the classification models. We successfully identified the most critical stages which can be used as 
quality checkpoints.  
For future work, we plan to improve the model performance by using more advanced feature selection, extraction 
and classification techniques. Moreover, we plan to use the critical stages as a quality checkpoint to provide the 
likelihood of producing non-conforming at the end of manufacturing chain products while the intermediate product 
passes through those stages.  
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