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Abstract. The proposed monitoring strategy addresses the challenges 

associated with non-linear process behavior through the application of the 

Neural Network Fitting (NNF) Model technique, while non-Gaussian 

process characteristics are effectively managed using the I2 control chart. 

The study focuses on developing a monitoring strategy that employs 

statistical techniques while accounting for nonlinear as well as non-normal 

or non-Gaussian data.  The proposed statistical monitoring strategy employs 

a multivariate I² control chart for non-normal data, while data nonlinearity 

is addressed using a Neural Network Fitting model. Quality characteristics 

of steel billets are initially processed through a Neural Network model to 

mitigate nonlinear patterns. The fully or partially linearized data are then 

evaluated using the I² control chart, with its control limits determined 

through the Bootstrap procedure. Observations identified as out-of-control 

are classified as faults, and their detection prompts the implementation of 

suitable corrective measures.  

1 Introduction 

Statistical Process Monitoring (SPM) is a real-time methodology for evaluating system 

performance by collecting process data, detecting deviations, and signaling abnormal 

behavior to ensure good quality eventual product. SPM [1-5] strategies are broadly 

categorized into univariate and multivariate approaches, depending on the number of process 

characteristics under observation. Univariate SPM monitors a single characteristic at a time, 

while multivariate SPM simultaneously evaluates two or more correlated characteristics. 

In univariate SPM, traditional Shewhart, EWMA (Exponentially Weighted Moving 

Average), and CUSUM(Cumulative Sum) control charts are commonly employed, whereas 

multivariate SPM typically utilizes Hotelling’s T² [6-10] and Chi-square charts. When many 

highly correlated characteristics must be monitored, projection-based techniques such as 

PCA (Principal Component Analysis) and PLSR (Partial Least Squares Regression) are 

commonly applied. However, PCA and PLSR based multivariate SPM approaches [11-15] 

are inherently suited to linear processes, as they assume linear relationships among variables. 

Applying such linear projection methods to nonlinear processes may result in misleading 

outcomes, since real-world processes rarely exhibit strict linearity. To address nonlinearity, 

several nonlinear extensions have been proposed, including KPCA (Kernel Principal 

Component Analysis) [16-19] and NNF (Neural Network Fitting) based models [20-24]. 
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Multivariate projection-based methods such as PCA and PLSR are widely applied in process 

monitoring strategies for systems with many quality variables. However, traditional MSPM 

approaches assume that the data associated with PFC observations follow a normal 

distribution. In practice, this assumption often fails in many industrial processes, where large-

scale and complex datasets exhibit non-Gaussian behavior. Relying on normality in such 

cases may therefore yield misleading results. To address this issue, recent research has 

focused on non-Gaussian variants of MSPM strategies for fault detection and diagnosis in 

complex manufacturing systems. These include ICA (Independent Component Analysis), 

SVDD (Support Vector Data Description), and GMM (Gaussian Mixture Models). Among 

these, ICA has been extensively applied as a non-Gaussian alternative, as it decomposes 

original variables into statistically Independent Components (ICs) and performs fault 

detection.  

   

ICA [25-30] is a multivariate, non-Gaussian technique that transforms statistical data into 

statistically independent components, which are represented as linear combinations of the 

observed variables. Unlike PCA, which achieves independence only up to second-order 

correlations by enforcing orthogonality, ICA captures higher-order dependencies, thereby 

extracting more meaningful information from non-Gaussian data. SVDD [31-34], in contrast, 

requires no distributional assumptions and identifies a minimum hypersphere enclosing most 

of the data, which is then used to determine whether new observations remain within control 

limits. GMM [35-38] provide a probabilistic framework for non-Gaussian MSPM by 

representing process data as a mixture of local linear models, with parameters estimated 

through the iterative expectation–maximization (EM) algorithm. Most of the statistical 

multivariate non-Gaussian techniques, ICA technique and its variants are widely used for the 

process monitoring. In contrast to other non-Gaussian techniques, ICA technique has simple 

model structure and easier mathematical formulation. In contrast, GMM techniques display 

difficulties in the process of finding optimal number of local linear models that are required 

to characterize the data under consideration.  Similarly, SVDD technics poses difficulties for 

selecting an appropriate kernel function, and the said technique is perceptive to producing 

false alarms in fault detection owing to the imposition of overly stringent control limits. 

In neural network–based monitoring strategies, unsupervised NNF models are typically 

employed to transform nonlinear datasets into partially or fully linear representations. An 

NNF model comprises of three layers are viz. an input layer, a hidden layer, and an output 

layer. The nonlinear process data is first received by the input layer, after which the hidden 

layer employs a log-sigmoid activation function to extract variable characteristics. 

Subsequently, the output layer performs a linear transformation to convert the nonlinear input 

into a linearized dataset appropriate for process monitoring. 

The present study aims to develop a nonlinear and non-Gaussian statistical process 

monitoring strategy for a SBMU (Steel Billets Manufacturing Unit). An unsupervised NNF 

model was employed to transform the nonlinear dataset into a partially or fully linear form. 

The resulting linearized data were then used to design a non-Gaussian monitoring framework 

based on the ICA technique. Fault detection was carried out using an I2 control chart 

constructed from ICA scores to identify out-of-control observations. The monitoring focused 

on quality characteristics corresponding to the chemical composition of the steel billets 

produced in the SBMU. 

The novelty of the current work lies in the introduction of a two-stage monitoring 

framework designed to handle nonlinear and non-Gaussian process data. In the first stage, 

the NNF model is employed to convert nonlinear data into partially or fully linear forms. In 
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the second stage, an ICA-scores-based I² control chart is used to detect out-of-control 

observations, which are characterized as faults. This novel approach effectively overcomes 

the limitations of existing monitoring techniques such as PCA, PLSR, ICA, SVDD, GMM, 

and others. 

 

2 NNF Model and I2 Control Chart 

The NNF model, also know as a Feedforward Neural Network, is used to transform data 

exhibiting nonlinear behavior into partially or fully linearized data. The linearized data 

obtained from the NNF model are then used to develop an ICA scores based non-Gaussian 

process monitoring strategy, which overcomes the limitations of traditional MSPM 

techniques such as PCA, PLSR, and ICA. The NNF model is employed to transform 

nonlinear datasets into linear representations suitable for statistical monitoring. Structurally, 

the NNF model consists of an input layer (represents the independent variables), a hidden 

layer (represents intermediate layers between input and output layer, also called 

transformation layer) and an output layer (class prediction layer). 

 Prior to training, appropriate initial values of weights and biases must be assigned, which 

depend on the network architecture. In the case of multilayer networks, these parameters are 

typically initialized with small random values in the range of –0.5 to 0.5. The input layer 

serves as the entry point, feeding the nonlinear data into the network. The hidden layer 

captures and analyzes the relationships among variables using the log-sigmoid activation 

function, a common choice in multilayer networks trained with the back-propagation 

algorithm. This activation function accepts inputs spanning from negative to positive infinity 

and transforms them into outputs constrained within the range [0, 1], as defined by the 

following expression:                    

                          a = 
1

1+𝑒−𝑛
                                                                                                    (1)                    

Where   n = f (wx+b), x is a quality characteristic, w is a weight matrix, b is a bias. 

 

The output layer performs the transformation of the nonlinear dataset into a partially or fully 

linearized form by employing a linear transformation activation function. This step ensures 

that the processed data is suitable for subsequent statistical monitoring and analysis. 

After data linearization, the ICA technique is employed to extract multiple ICs score 

matrices. These individual score matrices are then combined into a single comprehensive 

matrix for further analysis. For fault detection, I2 control chart is used which is a non-normal 

variant of Hoteling’s T2 control chart. The control limits of the I² chart are estimated using a 

bootstrap-based procedure to ensure robustness under non-Gaussian conditions. The 

mathematical description of ICA technique is presented below. 

Let the quality characteristics variables are X1, X2, X3,X4,…….Xd, these quality variables can 

be represented as a linear combination of m (≤d) of unknown ICs with zero mean. The 

expression below represents the relationship between the quality variables and the extracted 

ICs. 

                  X = AS                                                                                                                      (2) 

Where,  

             X = [X1, X2,…….., Xd]  is the measured quality characteristics vector. 

             A = [A1.A2…….,Am] is the mixing vector.  

             S = [S1,S2,…….,Sm]  is the independent component vector. 

The expression to estimate the independent component matrix is represented below. 

                                                  𝑌 = WX                                                                               (3)      

Where, Y represents ICs and W represents the demixing matrix 
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In the ICA technique, the whitening transformation is used to remove the cross-correlation 

between quality variables. The expression of whitening transformation is given below 

                                                      Z = Q X                                                                           (4)                                                                        

Where, 

Q = ˄-1/2 UT  is represents the expression of whitening matrix whereas ˄ represents the 

diagonal matrix of eigenvalues and U represents the orthogonal matrix of eigenvectors. Both 

˄ and U are derived from the Eigen-decomposition of the covariance matrix E (X XT) = U ˄ 

UT . Equation (4) can be further converted as   

                                              Z  = Q X = Q A S = B S                                                          (5) 

Where,   

Bi = Qi Ai is the expression of an orthogonal matrix, and which is given that E (Zi ZiT) = Bi 

E (Si ST
i) = Bi BT

i = I. 

After that independent component Y is calculated from equation (5), which is further 

expressed as 

                                                Y = BT Z = BT QX                                                                  (6) 

Equations (3) and (6) are used to derive the relation between W and B, which can be 

expressed as  

                                                     W = BT Q                                                                           (7)                                                                          

Afterwards, for new observations deterministic part (Yd new) of independent components is 

evaluated. L2 norm method was employed to estimate the deterministic part of demixing 

matrix (Wd). 

                                            Yd new = Wd X new                                                                        (8)                                                                 

In which, X new is represented as the matrix of new observations 

3 Case Overview 

The case study considered in this work involves a SBMU (Steel Billets Manufacturing Unit) 

located in eastern India. Steel billets are semi-finished products, generally square or 

rectangular in cross-section, with relatively small thickness and variable lengths. The SBMU 

under consideration operates through three main stages viz. EAR (Electric Arc Furnace), 

LRF (Ladle Refining Furnace) and CCM (Continuous Casting Machine). The EAF, a widely 

adopted technology in modern steelmaking, facilitates the rapid melting of ferrous scrap and 

direct reduced iron by converting electrical energy into heat through an electric arc formed 

between graphite electrodes and the scrap charge. This process allows for precise control of 

melting temperature and chemical composition. The molten steel is subsequently transferred 

to the LRF, which serves as a critical secondary metallurgical unit. Positioned after the EAF, 

the LRF enables accurate control of temperature, alloy composition, and overall steel 

cleanliness through operations such as arc heating, gas purging, and slag conditioning, and 

alloying additions. In the final stage, solidification process of refined molten steel is initiated 

by transferring it into water-cooled copper mold in the CCM. The partially solidified strand 

is continuously withdrawn, guided by rollers, and cooled further with secondary water sprays 

until complete solidification is achieved. The resulting billets are then cut to the required 

length, providing a consistent and high-quality characteristics for downstream rolling 

operations. 

For process monitoring, the quality characteristics of the steel billets produced by the 

SBMU were considered. These characteristics corresponded to the percent chemical 

composition of the billets, which directly influences product quality and downstream 

performance. In this study, seven quality characteristics were selected, as detailed in Table1. 

Observations for these seven variables were systematically collected and subsequently 

utilized for the development and implementation of the proposed monitoring strategy. 
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Table 1. Quality characteristics of the SBMU.  

Sr.No Quality Characteristics Description 

1 C Chemical composition (in %) of carbon in the still billets 

2 N2 Chemical composition (in %) of carbon in the still 

billets(ppm) 

3 S Chemical composition (in %) of sulphur in the still billets 

4 Al Chemical composition (in %) of aluminum in the still 

billets 

5 Si Chemical composition (in %) of silicon in the still billets 

6 P Chemical composition (in %) of phosphorus in the still 

billets 

7 Mn Percentage composition of manganese in the still billets 

4 Analysis 

A total of four stages were involved in the analysis process. Initially, quality characteristics 

data associated with steel billets were collected and then outlier removal technique was 

employed for the removal of outliers. After this treatment, seventy valid observations were 

retained for subsequent analysis. The first stage focused on assessing the linearity of the 

quality characteristics. Linearity testing was performed by constructing fitted line plots 

between pairs of quality characteristics and calculating the R2 (Coefficient of Determination). 

The R2 coefficient serves as a quantitative indicator of the degree of linear association 

between two variables. For illustration, the compositions of silicon and phosphorus in the 

billets were selected to evaluate linearity. The fitted line plot between these two 

characteristics yielded an R2 value of 0.0 percent, indicating the absence of a linear 

relationship and thereby confirming the nonlinear nature of the dataset.  

In the second stage of analysis, NNF (Neural Network Fitted) model was used for the 

transformation of nonlinear data into partial or fully linear one. Following this 

transformation, linearity testing was repeated, yielding an R2 value of approximately 75 
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percent, which indicates a reasonably linear relationship. Figure 1 represented the schematic 

diagram of the NNF model. 

 
Fig. 1. Block diagram of NNF model. 

 

In the third stage, MCLT (Multivariate Central Limit Theorem) was carried out to test the 

normality relation of the transformed data by the NNF model. The MCLT was carried out a 

hypothesis test and test result represents whether the transformed data is normally distributed 

or Gaussian distributed. Figure 2 presents the probability plot of the mean values of the 

quality characteristics. The plot clearly indicates noticeable deviations from normality. 

Moreover, the corresponding p-value obtained from the hypothesis test was less than 0.005, 

thereby leading to the rejection of the null hypothesis that assumes normally distributed data. 

In the fourth stage, an I2 control chart was constructed using the scores of ICs which are 

extracted by the ICA decomposition. The control limits for the I2 chart can be estimated using 

KDE (Kernel Density Estimation) or the Bootstrap procedure. In this study, the Bootstrap 

method was preferred due to its relative simplicity, whereas KDE is computationally 

intensive and requires critical decisions regarding kernel function, smoothing parameters, 

and space points.  Out of 70 observations, 46 were utilized to establish the control limit, while 

the remaining 24 observations were used as new observations. Figure 3 demonstrates the I2 

control chart for the 24 new observations. The Upper Control Limit (UCL) value of 9.368 on 

the present control chart represents the maximum threshold used to monitor process variation 

in the process monitoring strategy. Any value above this threshold is characterized as a fault 

or an out-of-control observation, while values below the threshold indicate that the ongoing 

process is under control.  
 

Fig. 2. Probability of the mean value of quality characteristics associated with SBMU. 

 

 

 

EPJ Web of Conferences 355, 01009 (2026)

STAAAR 2025
https://doi.org/10.1051/epjconf/202635501009

6



As evident from figure 3, observation number 5 and 13 falls outside the control limit, indicating an 

out-of-control condition that necessitates further diagnosis to identify and eliminate the underlying 

cause. Figure 4 represents the process flow diagram of NNF-ICA based process monitoring strategy 

for the fault’s detection in SBMU. 

 

 
Fig. 3. I2 control chart for new observations. 

 
Fig. 4. Process flow diagram of NNF-ICA based process monitoring strategy. 
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5 Conclusion 

In the current study, hybrid process monitoring comprises with NNF model and multivariate 

non-Gaussian statistical monitoring. The NNF model was used to transform nonlinear data 

forms into partially or fully linear data forms. To validate the proposed strategy, quality 

characteristics from the LRF stage of a SBMU were analyzed. The NNF model successfully 

achieved partial linearization of the quality characteristic observations, with the extent of 

transformation quantified by the R2 value. Thereafter the linearly transformed data was used 

to extract ICs scores by ICA decomposition technique. The scores of ICs were used for the 

construction of an I2 control chart via Bootstrap procedure. The newly plotted observations 

on the constructed I² chart revealed an out-of-control point, indicating the need for further 

diagnosis by process engineers. This demonstrates that the proposed strategy effectively 

detects abnormal process behavior in cases where the monitored characteristics exhibit 

nonlinear and non-normal relationships. 
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