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ARTICLE INFO ABSTRACT

Keywords: In the chemical process industry, the frequent measurement of quality variables is not always a viable path to
Soft sensor take. It can be due to the measurement being time- or cost-consuming, leading to a sampling time of hours
Explainable machine learning or even a day. As such, soft sensors were developed as a solution to this problem, providing a model trained

Kolmogorov-Arnold networks
Industrial quality estimation
Neural network

on the available output measurements and predicting its value between samplings. This paper presents the
process of soft sensor development for an industrial case study and the application of recently developed
Kolmogorov-Arnold Networks (KAN) as a possible soft sensor model, where also the inherent interpretability
of KAN through symbolic regression is analyzed.

The soft-sensor development and interpretability analysis is performed on a benchmark dataset (steam
turbine dataset), and on a real industrial case study (aniline synthesis plant). The prediction performance of
KAN is compared to different complexity ML models, and in addition, the models were compared on the basis of
their interpretability and explainability using Shapley values. The results show that the inherent interpretability
of KAN models using symbolic regression is too complicated on simple tasks, thus losing its ability to explain
the model estimations, though its model performance is similar to the classic feedforward neural networks.

1. Introduction in which either the distillate or the product composition is mod-
eled (Kaneko et al., 2009; Kim et al., 2013). Besides this there are
In the current industrial environment, trading partners expect prod- various other case studies employed for sensor testing such as wastewa-
uct qualities that meet contractual and regulatory requirements. Be- ter treating (Wang et al., 2022; Yan et al., 2020), steel production (Feng
cause off-spec material increases purification costs and waste, crit- et al., 2020), absorption (Liu et al., 2018), flotation (Chen et al., 2024)
ical quality variables must be monitored and controlled. However, and polymer production (Wu et al., 2021).
these variables are often measured infrequently because sampling and As mentioned previously, the applied models for the soft sensors
analysis are difficult, slow or expensive, so corrective actions may can range from linear methods based on principal component analysis
be delayed by hours, leading to large quantities of off-specification (PCA) and partial least squares (PLS) fitting (Kaneko et al., 2009; Foschi
product (Fortuna et al., 2007). et al., 2021) to a wide variety of non-linear machine learning based
Soft sensors can bridge these sampling gaps by predicting rarely approaches. Some of the non-linear sensors use autoencoders (Yuan
measured quality variables from continuously collected process data et al., 2018) or long-short term memory networks (Yuan et al., 2020),
(Lin et al., 2007). Beyond providing online estimates, they also promote while others apply genetic programming (Ferreira et al., 2022) or
systematic use of historical plant data for safer and more efficient graphs (Feng et al., 2020; Chen et al., 2024; Wu et al., 2021), but also

operation (Lin et al., 2007; Graziani and Xibilia, 2020). In this work, many other variations of neural networks exist in the literature (Wang
et al., 2022; Yan et al., 2020). There are modifications of these models

that deal with the change of the process (e.g. catalyst deactivation)
through adaptation. For example just-in-time methods can be effec-
tively used for both linear models (Kim et al., 2013; Shao et al., 2015)
and neural networks (Liu et al., 2018).

we design a soft sensor for an industrial aniline reactor, following the
full workflow from data collection to model validation while comparing
several advanced modeling methods.

There are various examples of tasks solved using soft sensors. The
process for the testing of the sensor is often a distillation column,
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The Kolmogorov-Arnold Network (KAN) is a method developed
by Liu et al. (2024) and is meant to serve as an alternative to “stan-
dard” artificial neural networks (ANNS). Structure-wise it is similar to
ANNSs, but KANs employ splines for univariate estimation purposes.
This structure is claimed to be able to represent complex nonlinear
systems better. The authors of Liu et al. (2024) claim that KANs can
provide comparable or even better results than standard ANNs, and as
such it is a promising alternative that is worth investigating. As KAN is a
recent development, in this paper we intended to expand the literature
that applies the network to real life tasks, which in this case is the
prediction of a by-product in an aniline synthesis reactor.

KAN has been used in different case studies for soft-sensing tasks.
In Hu et al. (2025) KAN was compared with various time series predict-
ing neural networks (LSTM, GRU etc.) to predict the output of an oil
well, where its performance was similar to the other models. In another
article KAN was applied to the modeling and optimization of the energy
efficiency of buildings. In the same paper an additional case study
of a thermal power plant was described, where the produced power,
turbine heat rate and thermal efficiency were estimated and compared
to neural networks. The results showed that KAN had a comparable
predictive power to the neural networks (Ansar and Ashraf, 2025). An
adapted version of KAN was used to predict cancer survival rate of
patients in both synthetic and real clinical datasets. It was compared
against the most often used survival regression model (CoxPH) and
a deep neural network modified predictor. The results showed that
KAN can achieve comparable accuracy as the other tested methods,
in some cases outperforming them (Knottenbelt et al., 2024). KAN
outperformed support vector regression, random forest regression and
Gaussian process regression in a time series forecasting task, capturing
trends and dynamic fluctuations with high accuracy (Saravani et al.,
2025). In the estimation of a heat transfer parameter it performed
slightly worse than support vector regression and classic neural net-
works with much higher computational time (Abramov et al., 2024).
The reviewed articles often took advantage of the non-linear predictive
capabilities and the fewer parameters or the potentially interpretable
symbolic regression available in KAN.

However neither our review of the available literature nor the
survey made by Somvanshi et al. (2024) or Ji et al. (2024) found
any applications as a chemical industrial soft sensor, hence so far this
is an unexplored area of research, and our intention is to assist in
filling this gap. The symbolic capabilities of KAN might be of use when
designing predictor models that are accurate and with careful training
and pruning also interpretable by design, as this can help process
engineers discover and exploit knowledge about the technology.

As chemical production systems and sensor networks grow in com-
plexity, data-driven models for quality prediction increasingly rely
solely on process data, without explicit physical constraints. This can
obscure why a particular prediction is made and reduce operator trust
in model-based recommendations (Faubel et al., 2023). Consequently,
explainable or interpretable AI methods have gained importance, even
though interpretability is not a strictly mathematical concept. There
is a wide variety of definitions available in the literature (Carvalho
et al., 2019; Doshi-Velez and Kim, 2017; Li et al., 2022; Yuan et al.,
2024), and the basic idea in many of them is: make the system pre-
dictions human understandable or retraceable, either by design or
through a supporting method. This interpretability can be global (the
model itself is interpretable) or local (the predictions themselves are
explained) (Kotriwala et al., 2021). The assessment of interpretability
and interpretable model creation can be done at multiple point dur-
ing the machine learning task. In the pre-modeling step, proper data
analysis and feature selection can aid in constructing interpretability
models. In-model interpretability is concerned with selecting model
structures that are explainable by design, such as the polynomial neural
network presented in Chaffart and Yuan (2025). After training (post
hoc) interpretability relates to the examination of the explainability of
the final model using various methods. These methods can be specific
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to a certain model type or independent of it (called model-agnostic) (Li
et al., 2022; Carvalho et al., 2019).

The goal of our work was to investigate the performance and
inherent interpretability of KAN models through two case studies: one
based on a benchmark dataset of a steam turbine (Tiifekci, 2014),
and another involving an industrial aniline synthesis reactor. The first
case study assessed KAN’s ability to generate symbolic equations and
its SHAP-based interpretability compared to shallow and deep neural
networks, using a benchmark steam turbine dataset. The second study
applied KAN as a soft sensor in an industrial aniline synthesis process
to estimate by-product concentration. Multiple models were trained on
the same data with optimized hyperparameters and evaluated through
standard modeling steps. SHAP analysis was used to compare the
interpretability of KAN and baseline neural networks. The contributions
of our work are the following:

» The inherent interpretability of the KAN using symbolic regres-
sion does not work for even simple regression tasks, as presented
on the benchmark turbine dataset;

Developing hyperparameter optimized KAN and neural network-
based soft sensors for estimating the by-product concentration in
a real industrial system;

The model accuracy of KAN can reach the accuracy of classic
feedforward neural networks, though on the analyzed case studies
it did not present improvement compared to them;
Shapley-based evaluation as post-explanation of the developed
soft sensor models (shallow network, deep network, Kolmogorov—
Arnold network) for learning about the prediction generation
trends.

2. General methodology of soft sensor development

Soft-sensor development can be organized into four stages: data
preparation (collection and preprocessing), variable selection, model
design and validation, and finally sensor implementation and mainte-
nance (sensor use), as summarized in Fig. 1. In this paper we focus on
the stages up to and including model validation and explainability anal-
ysis; deployment and maintenance are process-specific and therefore
not treated in detail.

The first step is the preparation of the data, starting with data
collection. When collecting the samples, care must be taken to ensure
that the statistical distributions of the modeling dataset are similar to
the ones encountered during the standard operation of the process. This
is necessary to ensure that edge cases do not have excessive influence
on the accuracy of the trained sensor (Ben-David et al., 2010). There
are also other issues and solutions, such as the presence of potentially
useful inter-sample data (Lin et al., 2009; Rato and Reis, 2017), missing
variables in data rows that need to be handled (Andridge and Little,
2010) and outlier data (Souza et al., 2016; Jiang et al., 2020).

The large amount of preprocessed data contains variables that vary
in the level of exhibited noise and usefulness, so the next step is
selecting the variables that will be used in the soft-sensor. This can be
aided by the process expert’s knowledge, however modern production
systems are integrated and physically large, leading to potential hidden
connections unseen until in-depth data analysis is carried out (Souza
et al., 2016). The variable selection can include all variables (but
this leads to high computational costs and a potential for overfitting),
be done by hand, using wrappers like sequential selection (Aha and
Bankert, 1995) or unsupervised methods like principal component
analysis (PCA) (Song et al., 2010).

The soft sensor itself is a model of the process, connecting process
inputs or state variables to the output. This model can be based on
first-principle equations that rely on knowledge and understanding of
the system to construct various balance equations based on physical—
chemical laws (white-box models) (Bradley et al., 2022). The other
end of this is when white-box equations cannot be constructed and
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Fig. 1. Overview of the steps required to synthesize a soft sensor (figure made by the authors).

instead arbitrary equations are fitted on the samples, using process
data (black-box models). White-box models can often be hard to con-
struct due to the complexity of the technology, but can be used to
analyze a variety of states (startup, shutdown, new setpoints) and
for optimization (Nazemzadeh et al., 2021). Between these two edge
cases there are gray-box models that are often first-principle equations
with black-box parameter estimators or data-based models with con-
straints based on physical-chemical laws (e.g. physics informed neural
networks) (Bradley et al., 2022).

During the sensor design the first decision is to choose whether
to make a whitebox or blackbox model. If the blackbox is chosen,
the selected variables need to be used in the regression model. There
is a wide variety of models available for soft sensor applications,
from linear methods like multiple linear regression (MLR), PCA based
regression or partial least squares (PLS) to various non-linear ones
like k-nearest neighbor (kNN) and neural networks (NN) and its var-
ious improvements (convolution, graph structures, recurrent networks
etc.) (Souza et al., 2016). An important thing to note is that a linear
model should always be tested as the sensor model, as it might be able
to provide the necessary accuracy while retaining simplicity.

2.1. Feature engineering

Real industrial data can come from two different sources: from sen-
sors that provide frequent measurements and from laboratory analysis,
which is often infrequent due to the associated costs and the time
consuming nature of such tests. However the source of modeling data
does not provide information on its quality, both sources can have
outliers and regions where data is missing. Thus the first steps are
to remove the outliers, match the different sources of data and fill or
remove the incomplete data rows.

The preprocessed data is then used for the selection of features that
will be used in the synthesis of the model for the sensor. This requires
identifying the subset of the input variables that are suitable for the
given task. The measure of the suitability of the selected input variables
(X) is their impact on the output variables (Y). One method of finding
the X that affect Y the most is to check the correlation between the two
variables.

Two significant issues can arise when developing a soft sensor. In
ideal conditions a process operates at one or few steady state point(s),
which means that a large available dataset might still be inadequate to
provide the necessary coverage of the input variable space. This fact
can hinder the predictive power of the designed soft sensor (Ferreira
et al., 2022).

Another important issue present in chemical engineering is that the
chemical process systems can have large residence times. It means that
a change in X at time 7 will only affect Y at r+7 where 7 is the time delay
or mean residence time of the system. This necessitates the rigorous

matching of the inlet variables with the proper outlet variables. It is
not a simple task as it requires an estimation of the system’s residence
time (Ferreira et al., 2022).

The selection of variables for the development of a soft sensor can
be done in multiple ways. All variables can be used in the model, or
the knowledge of the system expert can aid the selection process. There
are unsupervised (e.g. PCA or autoencoders) and supervised (e.g. based
on Pearson correlation, sequential selection) techniques, each having
advantages and disadvantages. In the current work the selection of the
variables was done by hand, relying on the combination of Pearson
correlations, visualization and the system expert’s knowledge.

After the modeling variables are selected, the data is divided into
training, testing and validation sections. As training is the most crucial
step, the sample size of the training dataset need to be the largest. In
our case 70% of the samples were used for training and 20% and 10%
for testing and validation. The samples were selected randomly the data
was standard scaled for use in the model.

2.2. Model structure selection and validation

For soft-sensing, a wide array of linear and non-linear methods is
available. The prediction task can be generalized in the following form:

y=rX.0) (€8]

Here ¥ is the prediction vector for measured variable y with (N x
1) dimension, where N is the number of samples, X is the matrix of
independent variables with (Nxd) dimension, where d is the number
of independent variables. Function f represents the prediction model
parameterized by 6. The prediction is evaluated using an error function,
some of the commonly ones are the R? value, the mean square error
(MSE) or its root (RMSE), mean absolute error (MAE) and the mean
absolute percentage error (MAPE).

As many modern chemical industrial processes are highly nonlinear,
in the current work, a multiple linear regression (MLR) model, a
Support Vector Regression model, an XGBoost regression tree model,
a shallow and a deep artificial neural network (ANN), and KAN were
used as the system model. The reasoning behind including MLR is that
it is the simplest possible prediction model and is easy to interpret the
results. Due to this we will use MLR as a baseline to compare every
other method to. MLR is the linear combination of the weighted process
variables, as described in the equation below:

d
§=Yax @
i=1

Where a; (i = 1,2, ...,d) denotes the ith model parameter and x' is
a column vector (N x 1) of X, which is all the historical values of a
single feature. Due to its simple summation structure, MLR is unable
to handle well many of the non-linear systems found in the chemical
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process industry without any more special considerations, for example
using feature engineering to create a PLS model. For this reason, we
have included two additional methods used in soft sensing tasks: the
eXtreme Gradient Boosting (XGBoost), which is an ensemble decision
tree where each consecutive tree trains on the errors of the previous
one (Chen and Guestrin, 2016), and the Support Vector Regression
(SVR) method, which fits a hyperplane along the multidimensional data
points to minimize the error between the plane and the samples (Smola
and Scholkopf, 2004). As the detailed description of these methods
is not the aim of this work, a comprehensive explanation of these
algorithms will be excluded.

2.2.1. Comparison of ANN and KAN

Both ANNs and KANs are made up of layers containing neurons and
edges that connect the neurons of different layers, as presented in Fig.
2.

In the case of ANN, the neurons contain a weighted linear combi-
nation of the inputs, where the weights (w) of the inputs are defined
on the edges between neurons. The combination is followed by an
activation function (¢) that provides the output of the neuron. In
general, the output of neuron » in layer / (y, here) is defined as:

yn,/ = Gn,[(wn,lxn,/ + bn,l) (3)

where w,; is the input edge weight vector of layer / and neuron n
with the size of 1 X N,_;, where N,_; is the number of neurons in the
previous layer. x,, and b,, are the input vector (N,_; x 1 size) and
the bias scalar of the same neuron. Deep ANNs are the continuation
of shallow ANNs by adding multiple hidden layers in series, improving
the approximation capability of the model. However this can lead to
significantly more parameters, increasing required computing capacity
to train the network. There have been many modifications of ANNs for
different tasks (e.g. LSTM, CNN) and KAN can be considered a branch
of research in this area.

KAN is a recently developed method that is claimed to potentially
be able to replace ANNs in many applications. The basis of the method
is the Kolmogorov-Arnold theorem, which states that an arbitrary
multivariate function can be approximated as the linear combination
of univariate functions (Kolmogorov, 1961; Arnold, 2009). In the case
of KAN the univariate functions are B-splines, parameterized by the
grid size and the location of the knots. These splines are located on
the edges connecting the neurons, each edge having its distinct spline.
This leads to the most important difference between ANN and KAN.
With ANNs the weights of the edges are trained with fixed activation
functions placed inside the neurons. For KANs the activation functions
are the edge splines that are trained, the neurons only contain a simple
linear combination.

The reasoning behind the creation of KAN was that by combining
splines (exceptional univariate estimation, major issues with curse of
dimensionality) and ANNs (low impact of curse of dimensionality,
weak univariate estimation capability), the advantageous parts of both
estimators would remain while compensating for the limitations. In the
case of KAN the authors of Liu et al. (2024) defined a layer as @ matrix
of 1D functions with »;, and n,,, dimensional inputs and outputs (using
the notation system from the original paper (Liu et al., 2024)):

O=1{¢,,), p=12...n

in

q=1,2,....n,, 4

where ¢,, : R — R are the functions that contain the parameters
learned during the training. The y,; € R output of the neuron » in
layer !/ (using similar notation system as in Eq. (3)):

Ni_y

yn,/ = 2 ¢n,[,i(xn,l,i) (5)
i=1

where ¢, ;; and x,;; € R are the ith activation function and input value
connected to neuron » in layer / and N,_; is the number of neurons in
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layer /—1. Generalizing the notation to ¢(x), the output of the activation
function is:

¢(x) = wyb(x) + wyspline(x) (6)

where b(x) is a sigmoid activation function:

_ X
) = T exp—) )
and spline(x) is the linear combination of B-splines (B;(x)):
K
spline(x) = Z ¢; B;(x) (8)

i

and ¢;, w, and w, are trainable parameters of the activation func-
tion (Liu et al., 2024). Splines of degree k are piecewise polynomial
curves fitted on the available data. As such they can provide an accurate
estimator for the univariate sections of the network, which are the
edges connecting the neurons.

In this work we have used the Pykan Python library created by
the authors of Liu et al. (2024). For the activation functions we have
used splines of order 3, and for simplicity during the testing of multi-
layer KANs we have used hidden layers with equal number of neurons
and included the learning rate and L1 regularization rate among the
variables to be optimized.

The hyperparameters of the networks were optimized and the result-
ing models were compared with each other. Every model used the MSE
metric as the loss function during the training to enable comparing their
training runs and whether they overfit or underfit. For every network
training task we have used the Adam optimizer (Kingma, 2014).

For the optimization of the hyperparameters we have used the
Python library Opruna (Akiba et al., 2019). This library contains various
methods for parameter sampling between the provided constraints,
ranging from random or grid-based searches to different Bayesian
techniques. In the current work the default sampling algorithm was
used, which is the Tree-Structured Parzen Estimator (TPE). TPE is a
Bayesian optimizer, which is a model-based derivative-free method.
Due to its implementation, TPE does not explore the unknown regions
of the parameter search space, thus it can get stuck in a local optima
instead of finding the global optimum. To solve this we have run
the optimization task multiple times with random starting points, and
filtered out the global optima from the results. The optimization took
on the following strategy: to prevent the possibility of a random seed
in the train-test splitter influencing the accuracy of the model, the
same Opruna suggested parameter set was used in 5 retraining cycles
with the random seed splitter generating new random datasets. The
resulting accuracies were then averaged to create a generalized model
accuracy, to filter out the effect of random seeds. The optimizer runs
300 optimization trials with 100 warmup trials, where the warmup
trials are where the sampler collects output samples before starting to
optimize the hyperparameters. This ensures adequate exploration of the
search space. The inclusion of an early stopping trial pruner algorithm
was not necessary for this case study as the training of the networks
was achievable is an acceptable time.

2.2.2. Shapley-based explainability analysis

To assess the explainability of the optimized and trained networks,
we have applied the SHAP package in Python (Lundberg and Lee,
2017a). The contribution of each feature is quantified by estimating
the Shapley values, which are based on game theory. In machine
learning tasks the goal of using Shapley values is to decompose the
prediction made by the neural network for a given sample and then
assign a numeric value to each feature. Local explainer methods work
by providing an explanation for f(X,6) output function (the model
parameters are already identified so the notation can be simplified
to f(X)) for a single input of x from X. As the interpretation of the
original model is complex, let g be a simpler explanation model and x’ a
simplified input generated by x = h,(x’). Local explainers try to ensure
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Fig. 2. Example of the structure of a general ANN and KAN (drawing made by the authors).

g(@') = f(h,(z')) when 2’ ~ x’ (where z’ is a vector with z = 0 if a
feature is not in the model and zl’. =1 if it is included) (Rozemberczki
et al., 2022). The explanation model of the system is:

M

g@) =yo+ Y w7 ©)
i=1

where y; € R is the effect attributed to the ith feature in z/ C

{0,1}™ and M is the number of simplified input features. The function

describing attribution y; is:

At — 7’| — ]
vt = Y R D oy v (10)
where f,(z') = f(h,(2), 2 \ i is the setting when z] = 0 and |Z/| is
the number of non-zero entries in z’. The values of y; are the Shapley
values, the attributions of each of the features (Lundberg and Lee,
2017Db).

SHAP includes the capability of displaying Shapley values of each
feature for every sample on a diagram called a beeswarm plot. On these,
the vertical size of a dot group for each feature shows its density,
additionally the dots are colored based on the relative value of the
feature. This means that it is possible to see whether the high or
low value dots induce a positive or negative Shapley value, allowing
the user to interpret and explain the effect of a feature using system
knowledge.

3. Results

We have used two case studies to examine the capabilities of KAN.
The first was a publicly available dataset from a steam turbine where
the task is the prediction of the electric power. The second case study
was the focal point of our work, where the task was the prediction
of the rarely measured concentration of a by-product in an industrial
aniline synthesis reactor.

3.1. Case study: Turbine energy output estimation

As a trial case study to check the capabilities of KAN at predicting
and the interpretability of its symbolic formulas, we have applied it to a
publicly available dataset. This was done on the electrical power output
data of steam turbine, provided by the authors of Tiifekci (2014), Kaya
et al. (2012). It is a dataset of 4 input (labeled as AT, V, AP, RH)
and 1 output (labeled as PE) variables and contains 9568 data rows.

Table 1

Network hyperparameters.
Hyperparameter ANN KAN
Neurons 50
Layers 1
Learning rate (107%) 4.3 1.7
Regularization rate (10~3) 0.7

The dataset was used as is, no preprocessing or feature engineering
steps were done. First we constructed a KAN model using all input
variables then using only the two most representative (AT and V).
This selection was based on the visible relationships between the inputs
and the output seen in Fig. 3. Both variables present a relatively clean
and slightly non-linear trend which could necessitate the use of neural
networks, proving that KAN is an appropriate method for this case
study. The accuracy of KAN was compared to an MLR and a shallow
neural network.

The hyperparameters of the two networks (ANN and KAN) are
presented in Table 1. The parameters were optimized by hand and
were found to be sufficient for the highly accurate representation of the
output variable. Additionally to test our hypothesis that a simpler KAN
network is easier to interpret and explain, the optimization included
the minimization of the number of neurons and layers. First the four
variable MLR, ANN and KAN were compared, the results of which
are shown in Fig. 4. Every used model is capable of returning a high
accuracy prediction, with MLR, ANN and KAN achieving R? values of
0.921, 0.933 and 0.927.

Following that the four and two variable KAN predictors were
compared against each other. The resulting predictions on the testing
dataset can be seen in Fig. 5. Both models predict the output with high
accuracy, the four and two variable KAN having R? values of 0.927 and
0.923 respectively.

The next task at this stage was to use the built-in function of Pykan
to generate a symbolic expression. It was done by pruning the network
first to remove the edges with close to 0 weights. Then It is done
by fitting predefined functions to the edge splines and selecting the
best fit for each, then synthesizing the resulting expression from the
functions. It was done for both cases, but as it can seen in Eq. (11) to
Eq. (18) for the 2 variable case, even the smaller input set with only 3
neurons does not result in a by-design human interpretable equation.
This highlights the need to use a different, post-modeling method of
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Fig. 4. Standard scaled predictions made by the tested models, plotted against
the true output values.

extracting interpretability from the models, for this reason SHAP was
used for all three potential nonlinear models in the case study of the
aniline reactor.

§=A+B+C+D an
A= -0.6568 sin(0.6061 x; — 0.5358 cos(1.502x, —3.812) +6.931)  (12)
B = —0.4584 tanh(0.4077 (—x, — 0.2753)% — 0.3040) 13)
C=-0.2423 a4
D = 1262 exp(=5.181 (D1 + D2+ D3)”) as)
D1 = -0.04354 x, 16)
D2 = -0.8156 a7)
D3 = exp(—0.6925 (=0.8915 x; — 1)) (18)

where x; and x, are AT and V respectively.
3.2. Case study: industrial aniline reactor

The dataset from a real-world industrial aniline synthesizing re-
actor was used as a case study to compare the applied models. It
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Fig. 5. Standard scaled predictions made by the KAN models using 4 then 2
input variables, plotted against the true output values. Both variable sets en-
able high accuracy predictions, thus interpretability becomes the next decision
criteria when choosing which model to use.

takes high-temperature mono-nitrobenzene (MNB), water suspended
solid catalyst, and hydrogen, along with water for direct cooling (the
reaction is highly exothermic). The system is a column reactor with
multiple temperature sensor points along its length. The raw product
is separated from the remaining components and further purified,
while the side-stream liquid containing the catalyst is sent for catalyst
recovery. The task of the soft sensor is to predict the concentration
of a by-product component in the side-stream. This concentration is
measured every 6 h, leading to large gaps between a change and
possible corrective measures. Fig. 6 shows the structure of the reactor,
here F1-F4 are inlet mass flow sensors for MNB, hydrogen, the catalyst
and the cooling water. T1 is the inlet temperature, T2-T7 are the
temperatures of certain trays in the column reactor. The sampling of
the concentration happens after the sidestream is separated from the
reactor outlet.

The available dataset contained 5463 samples, after the selection
of the stable sections, it is reduced to 1784 samples. Of these, only
25% (446 points) had a matching quality value, showing the disparity
between the availability of process and laboratory data. To avoid
throwing away such a large amount of potentially useful data, we have
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Fig. 6. Simplified process diagram of the aniline reactor used as case study (drawing made by the authors).

applied linear interpolation to fill in the rows between the real-life
measurements, as it is a common and appropriate method to enlarge
the dataset (Junninen et al., 2004). For the input variables, the number
of missing samples was negligible, but in these cases we have applied
the same linear interpolation as to the quality variable. Additionally, to
account for the time constant of the system, we have matched up the
process and quality variables. To do this we used Aspen Plus process
simulator software to generate various water-MNB mixtures as a way to
estimate densities and volume flows. The resulting volume flows were
used to generate the average residence time of the reactor, which was
in the 1.5-1.7 h range. Using this finding we have shifted up the quality
variable column, matching every output with the input from 2 h ago.

3.2.1. Data preparation for reactor soft sensor development

As the example Fig. 7 shows, the preprocessed data contained
extreme outliers that made the application of the 3¢ rule (the valid
samples are within the average +3c range) not viable due to the
average being distorted, and as such a preliminary manual outlier
removal was done. As the focus of the work was the comparison of
the KAN with other soft sensor models, we have considered this an
acceptable solution. However for industrial implementation, a rigorous
and automatic outlier detecting solution will be necessary. That task is
outside of the scope of this work, hence will not be discussed. Without
the outliers, Fig. 7(b) was achieved, and the same method was applied
to all variables of the system.

The next step following the removal of outliers was that we have
selected data sections where the value of MNB was close to stationary,
as these defined operating points. We have selected a variety of sections
from the whole dataset to best represent the system and its capabilities.
The MNB flow defined the operating point, but the other controlled
variables were changed during the operation of the reactor to keep the
output stable. This means that the effect of the controlled variables
were observable and modellable. Fig. 8 shows the data sections used
for the feature selection and modeling task.

Afterwards the selected different stationary sections were further
processed (standard scaled and split into train-test—validation sets) and

Table 2

Ranges used for the hyperparameter optimization.
Hyperparameter SNN DNN KAN
Neurons [8, 512] [8, 128] [4, 64]
Layers 1 [2, 3] [1, 3]
Learning rate (107%) [0.1, 100] [0.1, 100] [0.1, 100]
Regularization rate (103) [0.1, 100] [0.1, 100] [0.1, 100]

then used for the modeling. As the states of a reactor depend on the
inlet side of the system and the rate of reaction usually depends on
concentration, the ratios of the inlet streams compared to the MNB
inlet (namely F2:F1, F3:F1 and F4:F1) were used as modeling features
along with the mass flow of MNB (F1). Additionally the T2 temperature
was included in the feature set as it showed good correlation with the
output.

3.2.2. Performance analysis of byproduct predictors

The ANN and KAN models were optimized by fitting them on
training data with the selected hyperparameters, the test section was
used for providing the objective function value to the optimizer. After
the optimization the models were evaluated on the validation dataset,
providing input and output data that is new to the sensor. All computa-
tions were performed on a workstation with an Intel Core i7-2600 CPU
@ 3.40 GHz, 12 GB RAM and running Windows 11.

Due to the number of available samples, to prevent the possible
overfitting of the deep ANN model, the number of possible hidden lay-
ers was in the range of [2, 3] and the number of possible neurons was
[8, 128]. Along this to add a better possible representation capability to
the shallow NN, its number of neurons was put in the [8, 512] range.
For every network configuration the learning and regularization rate
were constrained to the [10~4, 10~1] range. For the KAN model the
number of hidden layers was in the [1, 3] range, the number of neurons
between 4 and 64 (as splines require more parameters than weights in
an ANN layer). The optimization ranges are presented in Table 2.
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Fig. 7. Histogram of sample values before (a) and after (b) the removal of outliers.
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Fig. 8. Normalized mass flow sections used for modeling.

Table 3 shows the results of the hyperparameter optimization. One
observation that could be of interest is that the learning and regu-
larization rate of DNN and KAN are similar to each other, while for
SNN both hyperparameters differ noticeably. This could be due to the
multilayer structure both networks use, however to provide proof of
that a fixed 1 layer KAN would need to be optimized and checked
whether it is similar to the SNN or not. Additionally it would require
multiple case studies to rule out coincidence, but as it is outside the
scope of the current work it will not be done, only mentioned as a
potentially interesting finding. The XGBoost model had 30 estimators
with a maximum depth of 4, using the DART (Vinayak and Gilad-
Bachrach, 2015) method and minimizing the squared prediction error.
For the SVR we have used radial basis functions as kernel function.

Table 4 shows the results of the validation after the optimization
and fitting steps were completed. To avoid the possibility of the initial-
ization causing the weights to get stuck in a local optimum, each model
fitting involved 100 runs (each iteration consisted of 250 epochs long
training), the average results being presented in the table.

Table 3

Results of the hyperparameter optimization.
Hyperparameter SNN DNN KAN
Neurons 444 100 15
Layers 1 2 2
Learning rate (10~%) 1.192 0.4050 0.899
Regularization rate (1073) 0.1195 2.131 3.022

The MLR model showed major underperformance, hence it will not
be involved in further analysis. The XGBoost and SVR algorithms man-
aged to learn the trends in the dataset, however this trend prediction
was paired with errors in inaccurate estimations. This could be due to
XGBoost using regression trees that can learn patterns but only output
a limited number of values, while SVR follows the data trends but the
e band used for its fitting can hinder regression accuracy. Both the
boxplots and the table show that the 2 layer KAN is between SNN
and DNN in terms of prediction accuracy and learning data trends with
less parameters. However the relative difference is small between the
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Table 4

Average results (+ standard deviation for nonlinear models) of the model training where SNN: Shallow NN, DNN: Deep NN, SVR:

Support Vector Regression, XGB: XGBoost.
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MLR SNN DNN KAN SVR XGB
R? 0.349 0.707 + 0.041 0.721 + 0.035 0.714 + 0.039 0.676 + 0.039 0.689 + 0.046
RMSE 0.417 0.279 + 0.023 0.269 + 0.018 0.272 + 0.021 0.701 + 0.024 0.716 + 0.025
MAE 0.297 0.208 + 0.013 0.201 + 0.012 0.206 + 0.014 0.560 + 0.039 0.714 + 0.039
MAPE 18.16 10.33 + 1.33 9.91 + 0.98 10.16 + 1.10 23.19 + 1.24 24.30 + 1.35
Params. 5 3139 10831 2835 1035 480
Train time 0.001 s 43.34 s 43.24 s 17.71 s 0.116 s 0.069 s
0 80 ] _ Table 5
T Average results (+ standard deviation) of the SNN model training with
different proportions of missing training data.
0.751 T R RMSE MAE MAPE
0% 0.7066 + 0.0414 0.2791 + 0.0234 0.2078 + 0.0128 10.33 + 1.33
20% 0.7092 + 0.0396 0.2729 + 0.0215 0.2045 + 0.0143 10.19 + 1.13
g 0.701 40% 0.6796 + 0.0409 0.2897 + 0.0230 0.2167 + 0.0158 10.91 + 1.26
© 60% 0.6615 + 0.0467 0.2968 + 0.0221 0.2228 + 0.0147 11.27 + 1.23
>
~
o
0.65 1 Table 6
- . Average results (+ standard deviation) of the DNN model training with
different proportions of missing training data.
0.60 N 1 R? RMSE MAE MAPE
0% 0.7206 + 0.0353 0.2685 + 0.0184 0.2009 + 0.0123 9.91 + 0.98
T T T T T 20% 0.7144 + 0.0382 0.2713 + 0.0209 0.2039 + 0.0126 10.25 + 1.08
SNN DNN KAN SVR XGB 40%  0.6887 + 0.0444  0.2846 + 0.0220  0.2138 + 0.0138  10.72 + 1.32
60% 0.6789 + 0.0489 0.2863 + 0.0230 0.2139 + 0.0154 10.76 + 1.35

Fig. 9. Validation R? value boxplots for the investigated neural networks along
with SVR and XGB.

different models. In terms of average training time, KAN is faster to
train than the other networks, which could be due to the way the
Python package is constructed or that fewer neurons are needed to
backpropagate through. In comparison with the networks, the other
models are faster to train by magnitudes, however those methods lack
prediction accuracy in terms of trends or estimation precision.

Observing the quality predictions made by randomly trained net-
works (selected from above the medians of Fig. 9) compared to the real
measurement values presented on Fig. 10 shows that every used net-
work structure is capable of following the trends present in the dataset.
However there are additional unobserved phenomena that influence the
quality variable. One of these is that part of the catalyst is recycled
later in the process, but its activity is not measured. Additionally, there
was no information available on the laboratory measurement noise of
the quality variable, thus the “flat” prediction sections between sample
number 100-200 and 250-350 could be from model error or simply
resistance to measurement noise.

As an additional test of model capabilities,we have modified the
training data size while leaving the testing and validation data intact.
This way we acquired a picture of how much information the different
models could extract from available data, meaning how each could
handle a task with a small available sample size. For this test we have
removed 20%, 40% then 60% of the training data. The model training
and evaluation was done using 100 runs, the same way as the previous
test was done.

The results of this investigation are shown in Table 5, Table 6, Table
7. The results show a noticeable tendency of reduced accuracy across
all metrics between 20% and 40% missing training data, affecting every
used model. In this case the DNN model shows signs of stabilizing, in
the RMSE, MAE and MAPE metrics the change between 40% and 60%
is minimal.

3.2.3. Shapley-based product quality explanation

The previously described results show that every tested nonlinear
model has a satisfactory level of accuracy, being able to track the gen-
eral trends of the output. However in the modern process environment

Table 7

Average results (+ standard deviation) of the KAN model

different proportions of missing training data.

training with

R? RMSE MAE MAPE
0% 0.7141 + 0.0385  0.2719 + 0.0212  0.2060 + 0.0141  10.16 + 1.10
20%  0.7145 + 0.0324  0.2733 + 0.0197  0.2078 + 0.0125 10.31 + 1.03
40%  0.6877 + 0.0376  0.2838 + 0.0194  0.2158 + 0.0126  10.70 + 1.13
60%  0.6685 + 0.0441  0.2907 + 0.0204  0.2203 + 0.0130  10.99 + 1.05

it might be helpful to provide engineers and control room operators
with the means to not just use blackbox models, but to interpret
them too. This explainability could mean that a given output follows
a trend that can be understood and explained by the user. It would
lead to making decisions and changes to the operating points based
on predictions that are reasonable according to real-life observations.
As we have shown in our first case study, even few neurons and a
simple dataset does not result in an equation that can be analyzed and
interpreted. For this reason we have done Shapley analysis the 3 tested
networks.

In the case of the three non-linear models, Fig. 11, Fig. 12 and Fig.
13 show the beeswarm plots of the optimized and trained networks
using the complete available dataset (before being segmented into
training, testing and validation data). Both SNN and DNN have similar
shapes for F1, T2 and F3:F1 distributions, which can mean that the
information extracted from these variables are similar. Besides that,
interpreting the variables by their observed effect in the model and
in reality, most of the features are used properly by the two models.
Increasing F1 changes the amount of cooling water entering the system
that can cool down the reactor before the exothermic reaction ramps
up properly. A colder reactor can still convert the MNB and hydrogen
feed due to the use of catalyst, however the catalyst can increase the
reaction rate of the by-product synthesis at the expense of the aniline
synthesis reaction. The same reasoning applies to the coolant water
rate (F3:F1) and the catalyst feed rate (F4:F1) as the catalyst is fresh
and recycled water suspended solid. The rationale behind the SHAP
value assignment in the case of T2 is the reverse of what is observed
in practice. Data analysis showed that higher temperature reactor was
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Fig. 10. Comparison of the real measurements and predicted outputs for SNN, DNN and KAN.
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Fig. 11. Beeswarm plot of the SHAP values of the SNN.

found to decrease the by-product concentration, which could be due
to hydrogen concentration decreasing faster and preventing unwanted
reaction paths from taking place. Despite this, knowing this reverse
value assignment can help understand how the networks operate. The
value assignment of the hydrogen ratio (F2:F1) can be interpreted as
the higher concentration H, can interact with the aniline product more
readily, leading to more by-products.

The KAN beeswarm plot on the other hand is harder to interpret.
On Fig. 13 it is harder to pinpoint clear trends in feature usage. For F1
and F4:F1 the SHAP values are distributed in a similar way as in Fig.
11 and Fig. 12, with points that have high relative feature value and
negative SHAP value. These values can either be outliers or unobserved
relationships extracted from the samples.

Analyzing the relative importance of each feature could provide
additional information about the structure and inner workings of the
networks. Fig. 14 shows that in SNN and DNN the features have a

10

larger impact on the output prediction, while in KAN the features
have a significantly lower absolute contribution. This was interpreted
in two ways by the authors of this study: the larger contributions
mean the networks could provide more resilient results as the less
important noisy variables would not weight as much when generating
the output. However this can be a drawback too if the sensors for
the most important features are miscalibrated or fouled. In that case
a mild measurement error can lead to magnified issues in prediction,
leading to the operators changing the system in the wrong direction
and producing large quantities of by-product. With KAN the assignment
of less importance to every variable could be useful in utilizing every
available variable, however it could also lead to giving weight of
features that contain less information than we think, thus derailing the
sensor estimations during application.

As the beeswarm plot for KAN shown on Fig. 13 provides less
information, we have done sample specific attribution analysis for two
outputs selected to include a high and low output scenario. The selected
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Fig. 14. Bar graph of the relative feature importance of each non-linear model.

samples are from different sections of the real measured value dataset,
as shown by red dots on Fig. 15.

The SHAP attributions for the two points are shown on Figs. 16 and
17. During the calculation of the individual attributions the expected
value of the output is calculated and the attributions are added up to
reach the final output of the predictor. On Fig. 16 it can be seen that
the SHAP value assignment added the below average F1 value (shown
as negative) a positive attribution, while on Fig. 17 there is a negative
attribution. It can be understood in the context of the other variables.
Low F1 value with above average ratios for F2, F3 and F4 cause the
previously described effect of cooling down the reactor and allowing
by-product synthesis and that these effects are building up on each
other. On Fig. 17 a low F1 value is paired with below average F2 and
F4 ratios while the F3 ratio is above the mean. Here the reverse of the

11

Fig. 15. Measured output with red dots indicating the samples examined for
local SHAP attributions.

previously described effect is visible. The low ratios drive the SHAP
attribution of F1 down too, only the F3 ratio has positive attribution
due to its high value. As described previously, the relationship between
T2 and the byproduct seems reversed in the explanation, hence its
interpretation is not clear. However it must be stated that these two
points show two ideal situations in terms of attribution assignment. The
global explanation on Fig. 13 show that the SHAP attributions are not
that clear in general.

In summary it can be said that the Shapley value based explainabil-
ity analysis found trends in the use of the variables by the model that
resemble the effects seen in real life data. However every used feature
interacts with the output in non-linear ways and also possibly influence
the effect of the other variables. This means that while SHAP analysis
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Fig. 17. SHAP attributions plot of the low output value scenario.

could be useful, it must be used carefully and with understanding of
the process and potential feature interactions. Observing the beeswarm
plots along with the local explanations it is clear that when compared
to “traditional” neural networks, the KAN is less interpretable, a human
operator or engineer would not be able to estimate the model output
easily.

4. Conclusion

For this paper our intentions were to apply the Kolmogorov-Arnold
Network as a soft sensor in two case studies, to test its symbolic
regression capabilities to create interpretable models. Additionally, by
using KAN as predictor in a complex production system, we were
able to compare its accuracy to shallow and deep neural networks.
Coupling it with Shapley-value based analysis, our aim was to provide
an explanation of the output of the models by seeing if it is possible to
identify trends in data use and match or interpret it with phenomena
from practical engineering experiences. If human intuition matches
how the model predicts the output, the user will trust the model more.
An accurate model paired with interpretability is capable of support-
ing real industrial processes with data-driven solutions to minimize
by-product formation, hence maximize product quality and optimize
operational costs of the system.

Based on the conducted test the use of KAN as a model for a soft
sensor is a viable alternative to various basic neural network structures
as it has comparable accuracy after optimization. The trained model
can be interpreted post-training if it is supported with expert knowledge
of the process, hence predictions that are outliers can be overruled if
needed in decision making situations.

KAN is a promising alternative to neural networks, however the
method is rather recent and as such many aspects of its industrial
applicability are not well explored. Among these is that process data
is inherently noisy and the soft-sensor must be robust against it and
provide a reliable baseline prediction even if it is less accurate. One of
the main directions is the scalability of the KAN model for high-scale
problems, where even the online monitoring, performance evaluation
and retraining is also necessary. Also further industrial tests with
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varying, noisy and correlating data would expand the scope of the
method from the small scale tasks and to potentially open new venues
of application e.g. use as reinforcement learning agents. Expanding
KAN to handle time series similarly to LSTM or convolutional networks
or even spatio-temporal graph representations could show its strengths
or application gaps, supplying engineers and researchers with a new
tool for soft sensing. Additionally, supporting KAN predictions with
methodology for the quantification of prediction uncertainty could
strengthen its position as a future NN alternative. Our future intentions
regarding KANs include advancing the previously mentioned areas of
application, create various ensemble and hybrid models that enhance
the applicability and performance of KAN.

Nomenclature
Abbreviations Symbols
ANN Artificial Neural Network a Linear model parameter
DL Deep Learning B(.) B-spline function
DNN Deep Neural Network D Number of observations
KAN Kolmogorov—Arnold d Number of input variables
Network
kNN k-Nearest Neighbor g() Local explanation
function
MAE Mean Absolute Error h() Simplified input
generation function
MAPE Mean Absolute h Hyperparameter set
Percentage Error
MLR Multiple Linear k Spline degree
Regression
MNB Mono-Nitrobenzene L) Objective function
MSE Mean Square Error M Number of simplified
input features
NN Neural Network N Number of samples
PCA Principal Component w Edge weight vector of a
Analysis layer
PI Probability of x! ith model input variable
Improvement
PLS Partial Least Squares X Input variable matrix
RMSE Root Mean Square Error y Selected output variable
vector
SNN Shallow Neural Network ¥y Estimated output vector
TPE Tree-Structured Parzen Y Output variable matrix
Est.
@) KAN activation function
D() Vector of KAN activation
functions
W Attribution of a feature
o) Activation function
0 Prediction model
parameter set
t Date/time of observation
T Time delay
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