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ABSTRACT 
Industrial process monitoring can benefit from utilizing historical data, providing insights for deci-
sion-making and operational efficiency. This study develops a soft-sensor-based approach lever-
aging multi-fidelity modeling to correct discrepancies between online sensors and laboratory anal-
yses. A Gaussian process-based strategy is used to predict deviations between high-frequency 
low-fidelity sensor data and less frequent high-fidelity laboratory measurements. By exploring 
static and dynamic modeling frameworks, we assess their suitability for capturing process dynam-
ics and addressing time-dependent variability. The multi-fidelity soft sensor noticeably improves 
predictive accuracy, outperforming high-fidelity and low-fidelity methods. This approach demon-
strates applicability across various industrial settings where integrating diverse data sources en-
hances real-time process control and monitoring, reducing reliance on costly laboratory sampling. 
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INTRODUCTION 
Industrial processes rely on effective monitoring 

and control to ensure efficiency, safety, and optimal per-
formance. Accurate process data, acquired through sen-
sors and analyzers, form the foundation for decision-
making and optimization [1]. Laboratory measurements 
provide precise, high-fidelity (HF) data but are often in-
frequent due to cost or logistical constraints. In contrast, 
online sensors generate low-fidelity (LF) data at high fre-
quencies but can vary in reliability and accuracy [2]. Dif-
ferences in the quality and frequency of these data 
sources have motivated the development of advanced 
modeling approaches to improve process monitoring [3]. 

Soft sensors (SS) [4] have emerged as a key tool for 
improving process monitoring by using predictive models 
to estimate process variables based on online measure-
ments. These models typically rely on periodic calibration 
with HF data to address sensor drift and inaccuracies. 
However, traditional calibration processes often use HF 
data solely for single-point corrections, leaving the po-
tential of historical HF data to improve predictive 

accuracy over time. Multi-fidelity (MF) modeling [5] ad-
dresses this limitation by combining LF and HF data, en-
hancing predictive accuracy and improving the reliability 
of process monitoring systems.   

MF modeling utilizes historical datasets to develop 
predictive models that mitigate the discrepancies be-
tween LF and HF data. Both static and dynamic models 
offer viable approaches for capturing the underlying be-
havior of the system. Static models [6] are well-suited for 
representing systems in relatively stable states but lack 
the ability to incorporate time-dependent behaviors, 
making them less appropriate for processes with signifi-
cant temporal variability. In contrast, dynamic models [7] 
explicitly account for temporal dependencies, offering a 
more comprehensive representation of process variabil-
ity at the cost of increased structural complexity.  

Techniques, such as the Kalman filter [8], can be ap-
plied to both static and dynamic models to improve pre-
dictive accuracy. By estimating and compensating for 
potential unmeasured errors or biases in real time, these 
tools enhance the reliability of predictions, particularly in 
noisy, high-frequency datasets. While dynamic models 
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commonly integrate these methods to manage process 
variability, traditional approaches like bias correction 
have long been employed in static models to address 
long-term drifts or measurement inaccuracies. 

Gaussian Process Regression (GPR) has demon-
strated effectiveness in both single-fidelity and multi-fi-
delity modeling contexts, providing accurate predictions 
and quantifying uncertainties in high-dimensional indus-
trial datasets [9]. Within this study, GPR serves as a key 
tool for fusing LF and HF data, correcting LF signals by 
predicting deviations and applying these corrections to 
approximate HF data in real time.  
 In this context, we aim to develop a MF modeling 
framework that enhances industrial process monitoring 
by integrating LF online sensor data with HF laboratory 
measurements. This approach addresses challenges 
such as sensor faults and measurement anomalies by uti-
lizing a soft sensor (SS) that estimates true values, re-
ducing reliance on frequent and costly laboratory sam-
pling. By combining static and dynamic methods within a 
MF modeling framework, this work demonstrates how 
soft-sensor-based correction can improve predictive 
performance and reliability in process monitoring appli-
cations. 

PROBLEM DEFINITION 
 This study considers two types of historical da-
tasets: LF data obtained from online sensors, and HF data 
derived from laboratory measurements. LF data are col-
lected continuously at a high sampling rate, offering de-
tailed temporal information. In contrast, HF data are gath-
ered less frequently and serve as reference points for 
calibrating and validating the LF sensors. 

The time instances for LF measurements are repre-
sented as ℸ𝐿𝐿𝐿𝐿  =  { 𝑡𝑡1, 𝑡𝑡2, . . . , 𝑡𝑡𝑛𝑛𝐿𝐿𝐿𝐿}, and for HF samples as 
ℸ𝐻𝐻𝐻𝐻  =  { 𝜏𝜏1, 𝜏𝜏2, . . . , 𝜏𝜏𝑛𝑛𝐻𝐻𝐻𝐻}, with ℸ𝐻𝐻𝐻𝐻 ⊂ ℸ𝐿𝐿𝐿𝐿. Typically, HF data 
are collected far less frequently than LF data, making 
𝑛𝑛𝐻𝐻𝐻𝐻 ≪ 𝑛𝑛𝐿𝐿𝐿𝐿. The corresponding index sets for HF and LF 
data are denoted as Ι𝐻𝐻𝐻𝐻 ⊂ Ι𝐿𝐿𝐿𝐿, respectively. 

The objective is to create a predictive model that 
maps process variables 𝒙𝒙 ∈ 𝑅𝑅𝑛𝑛𝑥𝑥  to a target output 𝑦𝑦 ∈ 𝑅𝑅. 
A linear model at the 𝑖𝑖-th time instant is expressed as: 

𝑦𝑦�𝑖𝑖 = 𝜽𝜽𝑇𝑇𝝋𝝋𝑖𝑖 + 𝜖𝜖𝑖𝑖,    (1) 

where 𝑦𝑦�𝑖𝑖 is the predicted output, 𝝋𝝋𝑖𝑖  represents a vector 
of regressors, 𝜽𝜽 is the parameter vector, and 𝜖𝜖𝑖𝑖  accounts 
for errors or unmodeled variability. Alternatively, a non-
linear model can be defined as: 

𝑦𝑦�𝑖𝑖 = 𝑓𝑓(𝜽𝜽,𝝋𝝋𝑖𝑖) + 𝜖𝜖𝑖𝑖,    (2) 

where f is a nonlinear function parameterized by 𝜽𝜽. The 
structure of the regressor vector 𝝋𝝋𝑖𝑖  depends on the cho-
sen modeling approach: 
 

a) Static model: 𝝋𝝋𝑖𝑖  = 𝒙𝒙𝑖𝑖  , this approach relies solely on 
current input values. 

b) Dynamic model: 𝝋𝝋𝑖𝑖  = (𝒙𝒙𝑖𝑖−1,, . . . ,𝒙𝒙𝑖𝑖−𝑗𝑗,,𝑦𝑦𝑖𝑖−1, . . . ,𝑦𝑦𝑖𝑖−𝑘𝑘), this 
approach incorporates lagged inputs and outputs to ac-
count for temporal dependencies.  
 

Here, j and k denote the number of lagged values in-
cluded for the input variables 𝒙𝒙 and output 𝑦𝑦, respec-
tively. 

 
Figure 1: Soft sensor development flowchart. 

METHODOLOGY 
This section outlines the methodology used to de-

velop and compare static and dynamic modeling ap-
proaches (see Figure 1).  

Preprocessing 
Raw data, denoted as 𝑿𝑿𝑟𝑟𝑟𝑟𝑟𝑟 for input features and 

𝒚𝒚𝑟𝑟𝑟𝑟𝑟𝑟 for the dependent variable, often contain noise, out-
liers, and missing values due to plant disturbances. Pre-
processing addresses these issues to ensure robust 
model development [10]. Outliers are detected and re-
placed while preserving temporal dependencies in the 
dynamic model, as discussed in [11]. 

Feature Selection 
Feature selection (FS) aims to identify a subset of 

relevant process variables, 𝝓𝝓, enhancing model 
interpretability and reducing overfitting. Several methods 
guide feature selection, balancing statistical rigor with 
practical relevance informed by process knowledge. As 
detailed in [11], the following approaches were employed 
for both static and dynamic models: 

 

a) Principal Component Analysis (PCA) reduces 
dimensionality by transforming the original variables into 
uncorrelated principal components (PCs) that maximize 
variance. 

b) Partial Least Squares (PLS) Regression identifies 
latent variables that maximize covariance between the 
independent variables and the dependent variable. 

c) LASSO Regression introduces an ℓ1-norm penalty to 
enforce sparsity and enhance interpretability. 

d) Stepwise Regression (SR) iteratively selects 
variables based on statistical significance, guided by 
metrics such as Akaike Information Criterion (AIC), 
Corrected Akaike Information Criterion (AICc), and the 
Bayesian Information Criterion (BIC).  
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Beyond statistical selection, domain knowledge is 
incorporated to refine the feature set. Process experts 
review the ranked variables and identify unsuitable 
candidates that could introduce misleading correlations. 
The next-best ranked alternative from the best-
performing FS method is substituted. This approach 
ensures the model captures the most relevant process 
features while maintaining transferability to similar 
environments with minor adjustments based on site-
specific expertise. These methods enhance model 
interpretability, streamline computational efficiency, and 
minimize the risk of overfitting [12]. 

Soft Sensor Training 
The parameters of the model defined in Equation 1 

are estimated by solving the following optimization 
problem: 

min
𝜽𝜽

1
2

||𝒚𝒚𝑙𝑙 − 𝒚𝒚�𝑙𝑙||22 ≡ min
𝜽𝜽

1
2
∑ (𝑦𝑦𝑙𝑙,𝑖𝑖 − 𝑦𝑦�𝑙𝑙,𝑖𝑖)2
𝑛𝑛𝑙𝑙
𝑖𝑖=1 , (7) 

where 𝑙𝑙 ∈ {𝐿𝐿𝐿𝐿,𝐻𝐻𝐻𝐻} denotes whether the model 
corresponds to LF or HF data, and 𝑛𝑛𝑙𝑙 is the number of 
samples in the respective dataset. 

Multi Fidelity Soft Sensor Development 
The MF SS integrates trained LF and HF models into 

a unified MF modeling approach. The predictor matrix 
𝝓𝝓𝑀𝑀𝑀𝑀 is constructed as follows: 

𝝋𝝋𝑀𝑀𝑀𝑀,𝑖𝑖 = (𝝋𝝋𝐿𝐿𝐿𝐿,𝑖𝑖
𝑇𝑇 ,𝝋𝝋𝐻𝐻𝐻𝐻,𝑖𝑖

𝑇𝑇 ,𝒚𝒚𝐿𝐿𝐿𝐿𝑇𝑇 ,𝒚𝒚�𝐿𝐿𝐿𝐿𝑇𝑇 )𝑇𝑇.  (8) 

This matrix combines features and predictions from both 
fidelity levels. An additional feature selection step can be 
conducted to further refine the input space. 

Subsequently, the MF SS is trained by using a 
Gaussian Process (GP), which is defined as: 

𝒚𝒚�𝑀𝑀𝑀𝑀~ℊ℘(𝑚𝑚(𝜿𝜿), 𝑘𝑘(𝜿𝜿,𝜿𝜿′)),   (9) 

where 𝜿𝜿 represents selected predictors derived from 
𝝓𝝓𝑀𝑀𝑀𝑀. The mean function 𝑚𝑚(𝜿𝜿) captures the expected 
output, while the covariance function, also referred to as 
the kernel 𝑘𝑘(𝜿𝜿,𝜿𝜿′), describes dependencies between 
data points.  

In this model, the kernel is defined as: 

𝑘𝑘(𝜿𝜿,𝜿𝜿′) = 𝐶𝐶. 𝑒𝑒−𝑀𝑀 + 𝑒𝑒
2𝑠𝑠𝑠𝑠𝑛𝑛2𝑀𝑀

ℓ2 + 𝜎𝜎2.𝛿𝛿𝜅𝜅,𝜅𝜅′,  (10) 

where 𝑀𝑀 = 1 2⁄ ||𝜿𝜿 − 𝜿𝜿′||2 . The kernel comprises 
four components (from left to right): a constant term 𝐶𝐶, a 
radial basis function (RBF) kernel to capture smooth 
variations, a periodic kernel to model sinusoidal 
behaviors, and a white noise kernel accounting for 
measurement noise through 𝛿𝛿𝜅𝜅,𝜅𝜅′. The parameters include 
ℓ (length scale), determining the range of influence, and 
𝜎𝜎2, representing noise variance. 

CASE STUDY 
The alkylation process plays a pivotal role in refiner-

ies, producing high-octane branched isoparaffins, known 
as alkylate, which are crucial components of clean gaso-
line. This process involves the reaction of C3–C4 olefins 
with isobutane (i-C4) under the influence of an acid cata-
lyst. The reaction mechanism begins with the protonation 
of olefins, forming carbonium cations that subsequently 
react to generate C8 isomers [13, 14]. 

Efficient alkylate production relies on maintaining an 
optimal reactant ratio. To ensure this, online analyzers 
are strategically deployed throughout the plant (Figure 2) 
to provide real-time measurements of key feed and recy-
cle stream components. This enables precise process 
control. Over a six-month period, a comprehensive 

 
Figure 2: Simplified schematic of the alkylation unit, highlighting Analyzer A3 (red) as well as the six selected 
variables used in soft sensor training. 
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dataset, 𝑿𝑿𝑟𝑟𝑟𝑟𝑟𝑟, was gathered, comprising more than 1085 
process variables from online sensors, analyzers, result-
ing in 𝑁𝑁 × 1085 data points, while the laboratory samples 
correspond to a subset of these timestamps. 

The study focuses on Analyzer A3 and its corre-
sponding laboratory reference data, 𝒚𝒚𝐿𝐿𝐿𝐿  and 𝒚𝒚𝐻𝐻𝐻𝐻. Ana-
lyzer A3 monitors the i-C4 concentration in the recycle 
stream but has demonstrated inconsistent performance. 
These inconsistencies often lead to an over-recycling of 
i-C4, imposing additional downstream processing bur-
dens, such as increased heating and treatment require-
ments. Therefore, improving the prediction of analyzer 
measurements is vital for optimizing production effi-
ciency and minimizing by-products. 

IMPLEMENTATION 
We preprocess the raw input data 𝑿𝑿𝑟𝑟𝑟𝑟𝑟𝑟 and corre-

sponding raw output data 𝒚𝒚𝑟𝑟𝑟𝑟𝑟𝑟  (see Figure 1). The result-
ing preprocessed data, 𝑿𝑿𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 and 𝒚𝒚𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, are then split into 
training and testing sets in a 60% to 40% ratio. The train-
ing period spans four months, while the testing period co-
vers two months. This selection is particularly relevant as 
seasonal variations during this timeframe can signifi-
cantly influence process dynamics, including changes in 
the characteristics of the feedstream. Given the limited 
availability of HF data, chronological ordering was main-
tained to preserve time dependencies. 

From the preprocessed dataset 𝑿𝑿𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, we identify 
the most relevant variables (𝝓𝝓𝑖𝑖) using the best-perform-
ing FS method outlined in the Feature Selection subsec-
tion. To address the limited HF data, we rely on the LF 
dataset during FS, as the sparsity of HF data may fail to 
capture key interactions and trends where the output 
variable is influenced by time-dependent changes across 
multiple inputs. By leveraging the more frequent LF 
measurements, we ensure that the selected features 
(𝝓𝝓𝐿𝐿𝐿𝐿) reflect these dynamics more effectively, reducing 
the risk of missing correlations present in the data that 
would not be evident in 𝝓𝝓𝐻𝐻𝐻𝐻. 

Both static HF and LF SSs (𝒚𝒚�𝐻𝐻𝐻𝐻 and 𝒚𝒚�𝐿𝐿𝐿𝐿) are trained 
using the same set of features 𝝓𝝓𝐿𝐿𝐿𝐿, as described in Equa-
tion 1. These features are further refined with insider 
knowledge to enhance their operational relevance and 
consistency across both SSs. For the dynamic LF SS, we 
extend the feature set (𝝓𝝓𝐿𝐿𝐿𝐿) by incorporating time-
shifted versions determined by the model order to cap-
ture time-dependent system dynamics. We formulate the 
SS as a linear state-space model, and system identifica-
tion is performed using the SIPPY (Systems Identification 
Package for Python) [15] library, employing the PARSIM-
K robust identification method [16]. This approach, aimed 
for closed-loop data identification, ensures accurate rep-
resentation of system dynamics with minimal number of 
parameters. The SS performance is further enhanced 

using information criteria such as AIC, AICc, and BIC for 
optimal model order selection. Additionally, a Kalman fil-
ter option of the PARSIM-K method is explored to refine 
the dynamic SS predictive accuracy. 
 We extend the LF models into MF framework by in-
corporating a GP model. This approach corrects devia-
tions between LF and HF measurements, leveraging the 
strengths of both datasets to deliver more accurate real-
time monitoring of process variables (as illustrated in Fig-
ure 3). The MF SS effectively mitigates signal drift and 
compensates for the limited availability of HF samples. 

Figure 3: Workflow of the MF SS correction of the online 
analyzer A3. 

Table 1: RMSE comparison of the online analyzer against 
the static and dynamic LF prediction models. 

Method Training RMSE Testing RMSE 
𝒚𝒚𝐿𝐿𝐿𝐿 to 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑠𝑠   

𝒚𝒚𝐿𝐿𝐿𝐿 to 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑 w KF w/o KF w KF w/o KF 
    

Table 2: RMSE comparison of the laboratory samples 
against the applied predictive approaches. 

Comparison Training RMSE Testing RMSE 
𝒚𝒚𝐻𝐻𝐻𝐻 to 𝒚𝒚𝐿𝐿𝐿𝐿 0.63 0.80 
 𝒚𝒚𝐻𝐻𝐻𝐻 to 𝒚𝒚�𝐻𝐻𝐻𝐻 0.18 0.91 

    𝒚𝒚𝐻𝐻𝐻𝐻 to 𝒚𝒚�𝑀𝑀𝑀𝑀.𝑠𝑠 0.22 0.46 
        𝒚𝒚𝐻𝐻𝐻𝐻 to 𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑 0.31 0.38 
        𝒚𝒚𝐻𝐻𝐻𝐻 to 𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑𝐾𝐾𝐾𝐾 0.21 0.46 

RESULTS 
We standardize the dataset to ensure consistent 

variable scaling across all analyses. During FS, we priori-
tize the LF data, as it better captures the time-dependent 
relationships between input (𝑿𝑿𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) and output (𝒚𝒚𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝). 
The sparse nature of 𝒚𝒚𝐻𝐻𝐻𝐻 can overlook these dynamic in-
teractions, as it fails to capture the nuances of how 𝒚𝒚𝐿𝐿𝐿𝐿 
responds to changes in 𝒙𝒙 over time. We select SR as the 
most suitable feature selection method based on the re-
sults from [11]. Additionally, we refine these features with 
domain knowledge, improving their relevance and ensur-
ing consistency across both static and dynamic models.  
The final feature set includes six critical variables, high-
lighted in Figure 2: four concentrations (AT1 to AT4) and 

Alkylate 

Isobutane 

Online sensor 
data 
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two flow rates (FC5 and FC6).  
We aim to predict the measurements from the online 

analyzer A3.  We train a static LF SS 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑠𝑠 with the six pre-
viously selected inputs. This approach achieves RMSE 
values of 0.21 during training and 0.37 during testing (Ta-
ble 1). However, the alkylation unit operates with multiple 
recycles, where process streams re-enter the system at 
different stages, causing data variations. These recycles 
introduce complexities that static models cannot ad-
dress. We develop a dynamic LF model 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑 to address 
the temporal dependencies in the data. We optimize the 
SS complexity through system identification and select a 
4th-order model to balance accuracy and computational 
efficiency based on AIC, AICc, and BIC criteria. We 
achieve a RMSE value of 0.29 for training and 0.42 for 
testing. To improve predictive accuracy, we integrate a 
Kalman filter into the 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑, defined as 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑𝐾𝐾𝐾𝐾, significantly 
reducing RMSE values to 0.03 for training and 0.02 for 
testing. The Kalman filter proves instrumental in mitigat-
ing disturbances and improving reliability.  

The performance metrics for all predictive ap-
proaches are summarized in Table 2, with laboratory data 
(𝒚𝒚𝐻𝐻𝐻𝐻) compared against all SSs. The current online ana-
lyzer A3 (𝒚𝒚𝐿𝐿𝐿𝐿) exhibits RMSE values of 0.63 for training 
and 0.80 for testing, resulting in inaccurately capturing 
the real process trends. 
 The HF SS 𝒚𝒚�𝐻𝐻𝐻𝐻 (green line in Figure 4) achieves an 
RMSE of 0.18 on the training set, which increases to 0.91 
on the testing set. This increased RMSE value highlights 
that both, the features selected, and the limited amount 

of HF data available likely hamper the SS ability to cap-
ture the full variability within the HF dataset; as further 
visual analysis suggests that the HF SS effectively cap-
tures the trends in the HF data. 

To obtain the MF SS output, we train a GP to predict 
deviations of the LF analyzer data from the HF laboratory 
measurements, defined as 𝚫𝚫𝐻𝐻𝐻𝐻,𝑖𝑖 = 𝐲𝐲𝐻𝐻𝐻𝐻,𝑖𝑖 − 𝐲𝐲𝐿𝐿𝐿𝐿,𝑖𝑖 ,∀𝑖𝑖 ∈ ℶ𝐻𝐻𝐻𝐻. 
This approach enables operators to monitor 𝚫𝚫𝐻𝐻𝐻𝐻 and its 
dispersion, offering a practical means to assess the cali-
bration of the online analyzer and identify potential devi-
ations in its accuracy. The GP model can incorporate ei-
ther the static LF model (𝒚𝒚�𝐿𝐿𝐿𝐿,𝑠𝑠) or the dynamic LF model 
(𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑) as an additional input, with the latter having two 
variations: with (𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑𝐾𝐾𝐾𝐾) and without Kalman filtering. PCA 
is applied to reduce the dimensionality of the input varia-
bles, consisting of the original six process variables and 
the selected LF model, into four principal components 
(PCs). Depending on the chosen input, the MF SS predic-
tions are denoted as 𝒚𝒚�𝑀𝑀𝑀𝑀,𝑠𝑠, 𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑, or 𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑𝐾𝐾𝐾𝐾. 
 The static MF SS (𝒚𝒚�𝑀𝑀𝑀𝑀,𝑠𝑠) achieved an RMSE of 0.22 
during training and 0.46 during testing. Although this ap-
proach provides promising results during training, its 
higher testing RMSE indicates similar limitations in ad-
dressing the aforementioned system dynamics. 

When selecting the most suitable additional input 
within the dynamic MF SS (𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑), 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑠𝑠 achieves a lower 
RMSE when compared to 𝒚𝒚𝐿𝐿𝐿𝐿 (0.37 compared to 0.42 for 
testing, as shown in Table 1), it exhibits significant devi-
ations from 𝒚𝒚𝐻𝐻𝐻𝐻. In contrast, 𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑 better aligns with the 
trends in 𝒚𝒚𝐻𝐻𝐻𝐻, as evidenced by smaller maximum and 

 
Figure 4: Predicted normalized i-C4 concentration for the training set (top) and testing set (bottom) as time series. 
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minimum errors relative to 𝒚𝒚𝐻𝐻𝐻𝐻. This suggests that the dy-
namic SS, despite a higher RMSE against 𝒚𝒚𝐿𝐿𝐿𝐿, provides a 
more reliable representation of process dynamics. 

The Kalman-filtered dynamic MF SS (𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑𝐾𝐾𝐾𝐾) ampli-
fies certain LF anomalies, propagating biases that reduce 
the GPs ability to make unbiased predictions (RMSE = 
0.46). Consequently, the non-Kalman dynamic MF SS 
(𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑) enhances predictive accuracy while mitigating the 
influence of LF anomalies (RMSE = 0.38). As shown in 
Figure 4, the blue solid line represents the original LF data 
(𝐲𝐲𝐿𝐿𝐿𝐿), the orange line denotes the MF SS predictions 
(𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑), and the red markers indicate the HF laboratory 
data. The orange shaded region illustrates the 95% con-
fidence interval of the GP model. 

 Ultimately, the most accurate MF SS (𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑) ac-
counts for LF discrepancies with GP-predicted correc-
tions, achieving RMSE values of 0.31 for training and 0.38 
for testing. These findings highlight the importance of 
time-dependent behavior, enabling us to capture system 
dynamics and adapt to temporal variations, which leads 
to improved performance over static soft sensors. 

CONCLUSION 
In this work, we compare static and dynamic mod-

eling approaches within a multi-fidelity framework to im-
prove the accuracy of online measurements. The static 
models (𝒚𝒚�𝐿𝐿𝐿𝐿,𝑠𝑠) fail to capture temporal dependencies, 
which limits their applicability in complex systems with 
time-varying dynamics. Dynamic models (𝒚𝒚�𝐿𝐿𝐿𝐿,𝑑𝑑), espe-
cially those incorporating Kalman filtering, effectively ad-
dress these challenges, achieving an improvement in 
capturing the underlying process behavior. However, in-
corporating the Kalman filter into the MF SS increases the 
RMSE, negatively impacting performance in the MF 
framework. The most viable SS (𝒚𝒚�𝑀𝑀𝑀𝑀,𝑑𝑑) demonstrates a 
52.50% enhancement in accuracy over the currently im-
plemented online analyzer, significantly improving the 
alignment between online LF measurements and labora-
tory HF values.  

Future work will focus on refining dynamic modeling 
techniques by addressing process non-linearities and 
further optimizing GP implementations to enhance accu-
racy and robustness. 
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