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ABSTRACT 
We develop a multi-fidelity soft-sensing framework to reconcile online (low-fidelity) industrial 
measurements with sparse (high-fidelity) laboratory samples from an alkylation unit in a refinery. 
A first-principles model is used to generate an additional low-fidelity dataset and train a surrogate 
that predicts the output variable. We investigate whether incorporating sparse high-fidelity labor-
atory data with the low-fidelity data improves prediction accuracy. A multi-fidelity predictor forms 
a corrected output by learning the residual between the high-fidelity observations and the low-
fidelity surrogate using Gaussian process regression. The simplest model structure performs best, 
reducing test prediction error (computed against laboratory samples) by 31.1% relative to the cur-
rently deployed industrial analyzer and outperforming a standard high-fidelity-only model trained 
on laboratory data. Overall, the simplified surrogate model captures the main industrial trends well 
enough to serve as a reliable low-fidelity input for the multi-fidelity soft sensor. 

Keywords: Process Simulation, Deep Learning, Alkylation, Process Optimization, Energy Efficiency, Data-
Driven Modeling

INTRODUCTION 
Industrial processes operate under tight economic 

and safety constraints, and their units are expected to 
run close to optimal conditions for long periods [1]. Devi-
ations from the desired operating point reduce yield, in-
crease utility consumption, and can accelerate equip-
ment wear [2]. At the same time, plants face feed varia-
bility, seasonal effects, catalyst aging, and operational in-
terventions that change the process behavior over time 
[3]. This combination drives operators to rely on monitor-
ing and decision support tools [4] that are reliable, and 
easy to maintain. 

Modern plants are heavily instrumented. Flow, pres-
sure, and temperature measurements are usually availa-
ble at high sampling rates and are directly usable for 
monitoring and control. Other variables readings can be 
harder to obtain. Product quality indicators and stream 
compositions are often measured by online sensors or by 
laboratory analyses [5]. Online analyzers provide fre-
quent updates but may drift, show bias, or suffer from 
maintenance related faults, whereas lab measurements 
are less frequent but are typically treated as a reference 

signal. This results in a practical mismatch between what 
is needed for operation, and what is available as reliable 
ground truth [6]. Since quality measurements are not col-
lected continuously, plants often operate with wider 
safety margins, which typically reduces profitability [7]. 

Data-driven models are a common way to bridge the 
gap between high-rate process measurements and 
sparse, reliable quality data, for example through soft 
sensors that can infer difficult-to-measure outputs from 
easy-to-measure inputs. In industrial operation, the im-
plemented soft sensor must handle missing values, sen-
sor faults, and operating mode changes. They also need 
to be interpretable to diagnose failures. Moreover, many 
industrial soft sensors are deliberately simple and use a 
small set of engineered regressors that aim to approxi-
mate the dominant material and energy balances [8, 9]. 
Even the best-performing offline model is not useful if it 
depends on variables that are unreliable, unavailable in 
real time, or unstable after maintenance [10]. Some re-
cent deep learning soft sensors aim to improve prediction 
by extracting relevant hidden features while eliminating 
redundancy and maintaining structure simplicity [11, 12]. 

First-principles process models can also address 
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some of these issues because they encode mass and en-
ergy conservation laws, phase equilibria, and known re-
action pathways. They can provide consistent data under 
systematic perturbations. In large-scale industrial set-
tings, however, fully accurate mechanistic models are 
difficult to obtain. Parameter uncertainty, unknown dis-
turbances, unmeasured states, and changing plant con-
ditions often limit predictive accuracy. This makes a di-
rect mechanistic model unrealistic when the goal is a re-
liable, daily decision-making support [13]. Broader re-
views report that implementations of many first-princi-
ples models remain constrained by uncertainty and inte-
gration or maintenance burden [14]. 

These constraints motivate hybrid workflows that 
combine mechanistic structure with data-driven learning. 
In such workflows, mechanistic models are used to pro-
vide physically consistent trends and to expand coverage 
of the operating space, while plant data compensate un-
measured disturbances [15]. Surrogate model frame-
works (e.g., deep neural networks trained on simulation 
data) are commonly used to retain process trends while 
reducing computational cost for downstream tasks [16]. 
In this work, a deliberately simplified first-principles sim-
ulator is used to generate an additional fidelity level that 
supplies trend information beyond routine operation and 
supports surrogate training. Each of these data sources 
can be treated as a separate information stream within 
an MF framework. High-frequency measurements act as 
a low-fidelity (LF) data that capture dynamics and dis-
turbances. Sparse laboratory samples provide high-fidel-
ity (HF) reference to correct bias. The objective is to ex-
plore whether a simple surrogate trained on simulated in-
puts can explain the measured industrial output. 

In this work, we build a workflow that (i) uses a 
mechanistic process model to generate a large synthetic 
dataset under controlled variations of key control param-
eters, (ii) trains a surrogate model that reproduces the 
simulator trends at low computational cost, and (iii) inte-
grates the predictions with industrial measurements in an 
MF framework. The main focus is to improve monitoring 
and a deployable structure with limited number of input 
variables, and a predictor that can be retrained when an 
operation point changes. 

PROBLEM STATEMENT 
Many industrial regression problems involve multi-

ple information sources with different fidelity. Let 𝑥𝑥 ∈ ℝ� 
denote the regressor vector (measured variables) and 
𝑦𝑦 ∈ ℝ the target output variable. An industrial LF dataset 
provides 𝑇𝑇 online samples {�𝑥𝑥�LF, 𝑦𝑦�LF�}�=1

� , while a HF refer-
ence provides only 𝐾𝐾 trusted laboratory samples {(𝑥𝑥�HF

, 𝑦𝑦�HF)}�=1
� , with 𝐾𝐾 ≪ 𝑇𝑇. In addition, an auxiliary LF' dataset 

may be available from an alternative source, or model 

simulation {(𝑥𝑥�LF′, 𝑦𝑦�LF′)}�=1
� , with 𝐾𝐾 ≪ 𝑇𝑇 ≪ N. The objective 

is to use the sparse HF reference to correct predictions 
from the frequent LF data within an MF framework. 

We consider three information sources. Simulation 
dataset (LF' hereafter referenced as 𝑋𝑋SIM) generated 
from variations of key control variables within defined 
limits. Here, 𝑝𝑝 denotes the number of monitored varia-
bles: 

𝑋𝑋SIM = {(𝑥𝑥�SIM, 𝑦𝑦�SIM)}�=1
� ,𝑥𝑥�SIM ∈ ℝ�, 𝑦𝑦�SIM ∈ ℝ. (1) 

Industrial LF variables 𝑋𝑋IND = {(𝑥𝑥�LF, 𝑦𝑦�LF)}�=1
�  consist 

of a time series of online measurements with regressors 
𝑥𝑥�IND, and the output approximation 𝑦𝑦LF (e.g., online ana-
lyzer) that may be biased or faulty available in real time. 
Industrial HF samples 𝑋𝑋LAB = {(𝑥𝑥�HF, 𝑦𝑦�HF)}�=1

�  are available 
at sparse time instants, where 𝑦𝑦HF is obtained from labor-
atory analyses. 

Let 𝜃𝜃LF denote the parameters of the surrogate 
𝑓𝑓SIM�⋅; 𝜃𝜃��  � learned from the simulation dataset 𝑋𝑋��� and 
then evaluated on the industrial data 𝑋𝑋IND: 

𝑦𝑦�̂LF = 𝑓𝑓SIM(𝑥𝑥�LF; 𝜃𝜃LF).  (4) 

Two model classes, linear and nonlinear, are consid-
ered. The role of this step is to provide a dense, physics-
consistent prediction over all industrial time points 𝑡𝑡 =
1, … ,𝑇𝑇. 

We model the HF-to-LF discrepancy at HF time 
points 𝑘𝑘 as: 

∆�= 𝑦𝑦�HF − 𝑦𝑦�̂LF.  (5) 

We train a correction model 𝑔𝑔IND(⋅) on HF residuals, 
and predict all differences as:  

∆��= 𝑔𝑔IND�𝑧𝑧�LF;𝜙𝜙�LF�,  (6) 

where 𝑧𝑧�LF is defined as a representation of inputs with 
added information from a best performing surrogate 
model 𝑓𝑓SIM(⋅):  

𝑧𝑧�LF = [𝑥𝑥�LF
⊤, 𝑦𝑦�̂LF]⊤.  (7) 

The final MF predictor is then defined as: 

𝑦𝑦�̂MF = 𝑦𝑦�̂LF +∆��.  (8) 

If we assume a perfect prediction that satisfies Δ�t ≈
Δ�, then, based on (5) and (8), we can state: 

𝑦𝑦�̂MF  =  𝑦𝑦�̂LF +∆�� ≈  𝑦𝑦�̂LF  +  �y�HF  −  𝑦𝑦�̂LF� =  y�HF,  (9) 

where y�HF denotes the theoretical HF data. Therefore, 
the MF prediction can be interpreted as a real-time esti-
mate of the HF output 𝑦𝑦�̂MF ≈ y�HF. 

METHODOLOGY 
Following our previous work [17], all models use the 
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same feature-engineered regressor vector 𝑥𝑥 ∈ ℝ�, con-
sisting only of variables that are both statistically relevant 
and operationally trusted. 

Rows containing unusable (i.e. NaN, or out-of-range 
outliers) values in any regressor or in the corresponding 
output are removed prior to model training and evalua-
tion. A standardization (zero mean, unit variance) is ap-
plied to scale and anonymise the data.  

Principal Component Analysis (PCA) is a linear di-
mensionality-reduction method applied to 𝑧𝑧�LF as a pre-
processing step to obtain a smaller set of principal com-
ponents (PCs). By keeping only the most relevant 𝑞𝑞 com-
ponents (𝑞𝑞 ≪ 𝑝𝑝). PCA reduces noise and collinearity and 
yields a compact representation that is easier to model. 

We train the surrogate model 𝑓𝑓SIM(⋅) model using 
two separate approaches: 

1. Linear Ordinary Least Squares (OLS) regression is 
trained and validated on the SIM inputs 𝑥𝑥�SIM and out-
put 𝑦𝑦�SIM. 

2. Nonlinear Neural network (NN) uses a feed-forward 
network trained on the same SIM pairs �𝑥𝑥�SIM, 𝑦𝑦�SIM� to 
provide an alternative 𝑦𝑦�̂LF prediction that, unlike lin-
ear models, can capture complex, non-linear rela-
tionships and feature interactions within the dataset.  

Gaussian Process regression (GPR) is a nonlinear re-
gression method that models an unknown function as a 
distribution over functions. The model is fully specified by 
mean 𝑚𝑚(𝑥𝑥), and a covariance function 𝑘𝑘(𝑥𝑥, 𝑥𝑥′) (kernel).  

𝑔𝑔(𝑥𝑥) = ℊ℘�𝑚𝑚(𝑥𝑥),𝑘𝑘(𝑥𝑥, 𝑥𝑥′)�  (10) 

The kernel defines how strongly two inputs are cor-
related based on their distance, and tuned hyperparam-
eters (e.g., length scale ℓ and signal variance 𝛿𝛿2). A com-
monly used RBF kernel can be defined as:  

𝑘𝑘(𝑥𝑥, 𝑥𝑥′) = 𝛿𝛿2𝑒𝑒𝑒𝑒𝑒𝑒�−||𝑥𝑥 − 𝑥𝑥′||2 2ℓ2⁄ �.  (11) 

In this work, the GP is used to learn the correction 
term ∆�. 

Performance is evaluated only at time indices 𝑡𝑡(𝑘𝑘), 
where HF measurements are available, using Root Mean 
Squared Error (RMSE) regression metric: 

RMSE = �
1

�
∑ (𝑦𝑦𝑘𝑘HF − 𝑦𝑦̂�(�))

2
∀� .   (12) 

CASE STUDY 
We study an industrial alkylation unit of our industrial 

partner, Slovnaft, a.s., (Bratislava, Slovakia), that pro-
duces high-octane alkylate by reacting C3-C4 olefins with 
𝑖𝑖-C4 isobutane in an H2SO4 acid-catalyzed process. Fig. 1 
shows the simplified layout, where the reactant mixture 
is cooled and fed to the reactor section, and the effluent 
is separated to recover and recycle isobutane while the 

alkylate product is withdrawn. 
We focus on the isobutane-to-olefin ratio control as 

it strongly influences product quality and plant economy. 
Excess of isobutane is needed to suppress undesired 
side reactions, however, a key online analyzer (𝑦𝑦�LF) on a 
recycle stream provides unreliable measurements of 𝑖𝑖-C4 
affecting the amount of recycled material. Simply in-
creasing the recycle flows would put unnecessary load 
on the downstream separation, deteriorating plant eco-
nomics. A better monitoring strategy is needed. 

 
Figure 1. Overview of the simplified industrial process. 

IMPLEMENTATION 
A simplified plant flow-sheet model is built in the 

gPROMS ProcessBuilder [18]. A simulation dataset 𝑋𝑋SIM 
is then generated by systematically varying operating pa-
rameters in the range of plant operating conditions to ob-
tain the simulation dataset 𝑥𝑥�SIM ∈ ℝ� (𝑝𝑝 = 6) and 𝑦𝑦�SIM. Alt-
hough more steady states could be generated, we limited 
the simulation set to 𝑁𝑁 = 5, 000 because the simplified 
first-principles model is used only to supply  

 
Figure 2. Overview of the simplified alkylation unit model 
developed in the gPROMS environment. 

mass-balance-consistent trends for training, while the 
industrial dataset already provides dense coverage in 
time (𝑇𝑇 > 𝑁𝑁). The inputs (red dots in Fig. 2) were itera-
tively selected in previous work as most relevant to ex-
plain the output variable 𝑦𝑦�IND. They include four concen-
trations measured by online analyzers (olefin feed pro-
pylene (𝑖𝑖), deisobutanizer recycle propane (𝑖𝑖𝑖𝑖), isobu-
tane (𝑖𝑖𝑖𝑖𝑖𝑖), and n-butane (𝑖𝑖𝑖𝑖)) and two flow rates (recycled 
fresh acid (𝑣𝑣), and alkylate to storage (𝑣𝑣𝑣𝑣)).  

We compare the simulated and industrial data dis-
tributions. The simplified gPROMS model is able to 
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reproduce the dominant trends of the plant, although 
some differences in variability and distribution remain. 

We partition the simulation data 𝑋𝑋SIM (80/20%) into 
training (TR) and validation subsets to learn the initial sur-
rogate model. Similarly, the industrial dataset 𝑋𝑋IND pro-
vides 𝑇𝑇 = 13, 000 online samples, while the laboratory da-
taset 𝑋𝑋LAB provides 𝐾𝐾 = 18 reference samples. Data is 
split (60/40%) based on balanced HF indices into training 
and testing (TS) sets by alternating the HF measure-
ments. Following the flowchart shown in Fig. 3, we train 
and validate the surrogate models 𝑓𝑓SIM(⋅) in Python using 
a nonlinear feed-forward NN implemented by Keras [19] 
with four fully connected layers of sizes 6-3-2-1 and ac-
tivation functions SELU, tanh, SELU, and linear, respec-
tively. The linear OLS regression, i.e., minimizing the sum 
of squares, is implemented by scikit-learn [20].  

Trained prediction models are evaluated on the LF 
industrial dataset 𝑋𝑋IND to predict the output 𝑦𝑦�̂LF; see (4). 
The most accurate prediction is subsequently used as an 
additional input in the MF correction model (8).  

To reduce dimensionality, we use PCA on this ex-
tended input vector 𝑧𝑧�LF ∈ ℝ7. The resulting 4 PCs are 
used to train a GPR on the HF training points to predict 
the HF-to-LF differences; as defined in (6).  

The MF estimate (8), is obtained by correcting the 
𝑦𝑦�̂LF prediction, and performance is reported using RMSE 
and parity plots. A simple HF model (GPR trained only on 
HF data) is also trained directly on the HF data 𝑋𝑋LAB to 
replicate standard practice and serve as a reference. The 
final soft-sensor predictions are evaluated against labor-
atory measurements 𝑦𝑦�

HF. 

RESULTS 
The presented workflow encompasses two evalua-

tion stages. First, we verify surrogate models on the SIM 
dataset, where OLS model achieves RMSE (TR) = 0.1772 
and RMSE (TS) = 0.1879, while the NN model achieves 

much lower RMSE (TR) = 0.0136 and RMSE (TS) = 0.0127.  
Secondly, we evaluate the trained predictors on the 

IND dataset against laboratory measurements 𝑦𝑦���using 
RMSE on the TR and TS splits. This is visualized in Figure 
4 and quantitatively summarized in Table 1. The OLS-
based MF model (black points) and NN-based MF model 
(red points) are presented in the left and right columns, 
respectively. The top row is TR and the bottom row is TS. 
The blue diagonal represents a perfect fit. 

As a reference, the online analyser 𝑦𝑦�LF evaluated at 
the HF indices 𝑘𝑘 yields RMSE (TR) = 0.6759 and RMSE 
(TS) = 0.5557. This confirms a noticeable mismatch be-
tween the LF and the HF data. 

Table 1: Predictors compared to laboratory data 𝑦𝑦�
HF. 

 RMSE (TR) RMSE (TS) reduction % (TS) 
𝑦𝑦�(�)

LF    - 
𝑦𝑦�̂(�)
HF    ↓ % 
 OLS  

𝑦𝑦�̂(�)
LF    ↓ % 
𝑦𝑦�̂(�)
MF    ↓ % 
 NN  

𝑦𝑦�̂(�)
LF    ↑% 
𝑦𝑦�̂(�)
MF    ↑ % 

 
The simple OLS predictor 𝑦𝑦�̂LF improves the output 

monitoring, achieving RMSE (TR) = 0.5373 and RMSE 
(TS) = 0.4741, i.e., a 14.7% reduction on the TS split rela-
tive to the analyser. This suggests that, even with a sim-
ple linear mapping, the simulator trends and engineered 
regressors carry useful information that partially explains 
the HF output. 

Adding the OLS 𝑦𝑦�̂LF to the MF correction provides 
the best overall performance. The MF estimate reaches 
RMSE (TR) = 0.4605 and RMSE (TS) = 0.3831, corre-
sponding to a 31.1% TS improvement. The improvement 
over the HF-only model (0.3831 vs 0.4735 on TS) 

 
Figure 3. Overview of the proposed hybrid multi-fidelity workflow combining multiple fidelity sources. 
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indicates that the correction benefits from the dense LF 
data, rather than relying on sparse HF data alone. 

The simple HF model yields RMSE (TR) = 0.4757 and 
RMSE (TS) = 0.4735 (14.8% improvement on TS) is com-
parable with the OLS predictor, but it is worse than MF 
on the TS split. 

Although the NN fits the simulation data accurately 
(near-zero simulation RMSE), its prediction on the indus-
trial data is poor; RMSE (TR) = 1.1921 and RMSE (TS) = 
1.3297 (worse by 139.3%). This may be caused by the 
domain-shift, where the NN learns simulator-specific 
nonlinearities that do not map clearly to the real plant 
(different disturbances, unmodelled constraints). 

The MF correction with the NN 𝑦𝑦�̂LF partially improves 
this mismatch (RMSE = 0.6127 on TS), but it still does not 
surpass the 𝑦𝑦�̂(�)HF , nor the 𝑦𝑦�(�)

LF .  
Overall, the results show that MF correction is most 

effective when the predictor provides a reasonable 
trend-consistent estimate. 

CONCLUSION 
A multi-fidelity correction framework was applied to 

reconcile dense industrial measurements with sparse la-
boratory references using a simulator-trained surrogate 
and a Gaussian process corrector. The ordinary least 

squares-based multi-fidelity model achieves the best 
performance, reducing test prediction error against la-
boratory measurements by 31% relative to the industrial 
analyzer at high-fidelity time points, and outperforming a 
standard high-fidelity model (soft sensor). These results 
indicate that, even with a deliberately simplified simula-
tor, the surrogate is able to capture the underlying trend, 
enabling the multi-fidelity correction to further improve 
predictions toward laboratory accuracy. The neural net-
work surrogate, despite excellent fit to simulation data, 
did not transfer robustly to the industrial dataset; limiting 
the multi-fidelity correction. 

Future work should focus on increasing physical re-
alism and coverage of the simulation model to provide 
more information in the training phase. 
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