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Predicting Compatibility of Sealing Material with Bio-Hybrid 
Fuels: Development and Comparison of Machine Learning 
Methods 

Lukas Boden, Marius Hofmeister, Faras Brumand-Poor, Linda Pleninger, 
Katharina Schmitz 

 
Bio-hybrid fuels, derived from sustainable raw materials and green energies, offer a promising 
alternative to conventional fuels made of mineral oil. Within the cluster of excellence “The Fuel 
Science Center (FSC)” at RWTH Aachen bio-hybrid fuels are investigated on a holistic level, 
including an examination of their compatibility with sealing materials. Previous time-consum- 
ing experiments revealed that many bio-hybrid fuels show poor material compatibility with 
elastomer sealing materials (e.g. NBR & FKM) leading to issues such as volume expansion, 
hardness alteration, or chemical reactions upon immersion. These incompatibilities could re- 
sult in catastrophic failures during practical applications. Due to the high number of possible 
fuels, fuel-mixtures and therefore fuel/seal combinations a solely empirical approach is im- 
practical. Consequently, this work presents a hands-on framework of machine learning (ML) 
regression models that predicts material compatibility based on experimental results and se- 
lected fluid properties, thereby enabling the preselection of possible fuel/seal combinations 
for subsequent immersion tests. 

 
 

1 Motivation and Introduction 

In terms of global climate change, CO2-neutral forms of energy from sources other 
than fossil feedstock are of immense importance to all of society. One possibility for 
providing climate-neutral energy for automotive applications is the use of bio-hybrid 
fuels, which are produced either based on biological resources or with the use of 
other carbon sources and renewable energy. In order to select fuels from the almost 
infinite number of possible molecules that meet environmental, economical, and 
technical requirements, the Cluster of Excellence "The Fuel Science Center (FSC)" 
is developing methods to identify optimal fuel candidates. 

One advantage of bio-hybrid fuels over other alternative energy sources, such as 
fuel cells or electrical energy, is the use of existing infrastructure. If bio-hybrid fuels 
are used as so-called "drop-in fuels" in existing combustion engines, a worldwide 
network of filling stations and production facilities in the fuel industry can be utilized. 

A mandatory prerequisite for the unrestricted use of “drop-in fuels” developed in the 
FSC is material compatibility with all system components. Static and dynamic seals 
are particularly at risk. Failure of seals can have far-reaching consequences as has 
been shown in the past with test bench failures caused by damaged seals. Previous 
studies and immersion tests have shown that many bio-hybrid fuels have poor ma- 
terial compatibility with conventional elastomer sealing materials, leading to an in- 
crease in elastomer volume of more than 200 % [1, 2]. Such large amounts of swell- 
ing lead to immediate failure in real technical applications. In addition to swelling, 
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other wear mechanisms such as changes in hardness or chemical reactions were 
observed [1, 2]. Based on these findings, material compatibility has become a im- 
portant design parameter for bio-hybrid fuels within the FSC and therefore is ad- 
dressed in this study. 

Given the vast array of fuel candidates and blends, along with corresponding 
fuel/seal combinations, conducting manual immersion tests becomes impractical. In 
addressing this challenge, an automated test rig was developed, facilitating the sim- 
ultaneous execution of 90 immersion tests. However, despite this advancement, 
achieving a comprehensive examination of all potential fuel/seal combinations re- 
mains unfeasible. Thus, there arises the necessity for a strategic selection of com- 
binations to investigate further. 

Machine learning (ML) has proven to be successful in the area of fluid power appli- 
cations, like fault detection [3] and data-based condition monitoring [4]. Furthermore, 
several studies have been conducted on the discovery of new materials and predic- 
tion of fuel properties with ML algorithms [5, 6]. The ability of ML algorithms to dis- 
cover patterns and trends in a vast amount of data represents a powerful tool for the 
identification of material compatibility and the prediction of compatibility of untested 
combinations, resulting in a narrowed-down fuel/seal configuration. Hereby, a pair- 
ing is valid if the hardness change and sealing material volume after the immersion 
test are close to the values of immersion tests with conventional fuels, such as diesel 
or gasoline. The configurations are not further considered if the values deviate too 
much. 

In the following study, the process of conducting immersion tests, selecting suitable 
parameters, and preprocessing the resulting dataset is presented. Furthermore, the 
setup of the ML framework, model training, and evaluation and subsequently the 
comparison of different regression models are shown. 

 
2 Methodology 

In the following section the investigated bio-hybrid fuels and regression methods are 
introduced. 

 
2.1 Investigated bio hybrid fuels 

Different promising drop-in fuel candidates have emerged out of the FSC. Six of 
them are included in this work. Additionally, diesel in accordance with DIN EN 590 
and gasoline according to DIN EN 228 are used as reference fuels [7, 8]. In the 
following, the composition of the bio-hybrid fuels is shortly introduced. 

The first representative for bio-hybrid diesel fuels is OME 3-5. OME 3-5 is a mixture 
of polyoxymethylene dimethyl ethers with chain lengths between 3 and 5 carbon 
atoms. It is intended to be produced based on methanol and formaldehyde by using 
low carbon electricity [9]. The two HyFit fuels can be produced using Fischer Tropsch 
synthesis and consist of different shares of n-alcohols and n-alkanes. HyFit1 and 
HyFit2 differ primarily in their accumulated alcohol content of 15 and 40 % 
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respectively [10]. The third bio-hybrid diesel fuel is a mixture of different methyl ke- 
tones which is derived from a microbiological process [2]. Representatives of bio- 
hybrid Otto fuels are KEAA and EBCC blends which are mixtures of different ke- 
tones, esters, alcohols, and alkanes [11]. 

Most of the fuel candidates mentioned above are mixtures of pure liquids. Some pure 
liquids have already been tested by the FSC for their material compatibility and are 
therefore included in this study [2, 12]. This has two advantages. Firstly, the experi- 
mental database is expanded, making predictions by ML regression models more 
significant. Secondly, the foundation is provided to further investigate the material 
compatibility of mixtures or fuel blends and to understand the underlying patterns. 

 
2.2 Regression models 

The field of machine learning focuses on finding patterns in data using computer 
algorithms. Its main purpose is to utilize these patterns to perform various tasks, 
such as data classification or estimation of continuous values based on the given 
data [13]. Since the aim of this study is to predict numerical values based on a da- 
taset that consists of both input and their corresponding target (output) variables, a 
supervised learning (SL) approach is selected. In the case of SL, the output is the 
true value, called a label, and the model should be tuned in such a way that it predicts 
the particular label for the provided input set. The inputs of the ML models are the 
fuel properties, which are listed in Table 1. Their selection process is elaborated 
further in section 3.2. The provided labels are the volume amount and hardness 
change of the elastomer specimen. This setup represents a multi-output regression 
problem, which can be solved by a variety of SL algorithms, listed in Table 2. This 
work aims to implement a framework, which integrates these algorithms and could 
be extended and validated with currently available and further collected data. 

Table 1: Overview of selected describing parameters 
 

Descriptor: Source: Refer- 
ence: 

Data type and unit: 

Density Measured and from 
literature 

[23, 24] Numerical value kg/m³ 

Molar mass From literature [23, 24] Numerical value g/mol 

Molar volume Engineered from 
density and molar 
mass 

- Numerical value m3/ 
mol 

Boiling point From literature [23, 24] Numerical value °C 

Enthalpy of vapori- 
zation 

From literature (at 
standard conditions) 

[23, 24] Numerical value kJ/ 
mol 
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Vapor pressure From literature (at 
20°C) 

[23, 24] Numerical value kPa 

Oxygen content Calculated from mo- 
lar structure 

[23, 24] Numerical value % 

Ring structure From molecular 
structure 

[23, 24] Either 1 or 0 - 

logPow From literature [25] Numerical value - 

 
Table 2: Comparison of the investigated regression models [14] 

 
Regression model: Working principle: 

Linear 
Model 

Linear Regression 
(polynomial 
Regression) 

Fits a linear (polynomial) function to the data 
by minimizing the difference between the true 
and predicted values, adjusting coefficients 
to find the best-fitting line (or curve) 

Lasso Regression Additional to linear regression, the absolute 
size of coefficients is penalized using L1 reg- 
ularization 

Stochastic 
gradient decent 

Minimizes the loss function iteratively by ran- 
domly selecting mini batches of data and up- 
dating model parameters in the direction op- 
posite to the computed gradient 

Nonlinear 
Models 

Multi-layer Percep- 
tron 

Data is propagated through (multiple) layers 
of neurons, with each layer performing trans- 
formations on the input, ultimately predicting 
the output by minimizing the loss function 

SVR Aims to find the hyperplane that best fits the 
data by maximizing the margin between the 
data points and the hyperplane and minimiz- 
ing the loss function 

Decision Tree Re- 
gressor 

Constructs a tree-like structure where data is 
split into feature subsets, optimizing splits to 
minimize the variance of predicted values 
within each subset, resulting in a piecewise 
constant approximation of the output variable 
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Figure 1: General process of regression tasks 

The general process for solving regression tasks consists of three steps that are 
denoted from a) to c) in Figure 1. The first step is splitting up the dataset (a). In a 
second step, the model is trained (b) and lastly, the performance of the model is 
evaluated (c). 

Splitting the dataset into a training and a test subset ensures that the subsequent 
training of the model is not performed on the entire dataset. The withheld test dataset 
is later used to evaluate the performance of the model. This also allows to assess 
the model’s ability to generalize, which is defined as the ability to perform well on 
previously unseen data. 

Subsequently only the training subset is considered for the fitting of the model. Based 
on the training input and output values, underlying patterns in the relationship be- 
tween input and output are learned by the model. During this process different pa- 
rameters of the models, such as weights and biases, are adjusted iteratively. If the 
model describes the training data well enough or if a maximum number of iterations 
is reached, the training process is finished, and the model can be applied to the 
unseen testing subset to evaluate its performance. 

Based only on the testing input data, the trained model applies the learned patterns 
and predicts new output data. To evaluate the accuracy of this predictions, the actual 
testing output data are compared to the predicted values. A score is calculated using 
metrics, which allows the model’s performance to be compared. Two commonly 
used metrics are introduced in Equation (2) and (3). For calculating the mean 
squared error (𝑀𝑀𝑀𝑀𝑀𝑀), first the difference between an actual output value 𝑌𝑌 and the 
predicted output value 𝑌𝑌𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 is computed. The difference is then squared and aver- 
aged over all 𝑛𝑛 samples. A better performance is represented by a lower 𝑀𝑀𝑀𝑀𝑀𝑀. The 
coefficient of determination 𝑅𝑅² provides a measure of how well the regression model 
fits the actual data. It quantifies the proportion of the variance in the predicted values 
to a scale from 0 to 1, with larger values representing a better model fit. 

The main benefit of observing training and testing performance is the detection of 
overfitting and underfitting. The former is a common weakness of SL models, where 
parameters are customized too specifically to a particular problem rather than learn- 
ing the underlying patterns. The latter occurs when a model is insufficiently trained, 
often due to a lack of quality or quantity of data. 

 Training set 

 c   rediction 

Trained  
 ctual alues 

Training set 
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𝑀𝑀𝑀𝑀𝑀𝑀 = 1 ∑𝑛𝑛  (𝑌𝑌 − 𝑌𝑌 )2
 

𝑛𝑛  𝑖𝑖=1  𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 (2) 
∑𝑛𝑛 (𝑌𝑌 −𝑌𝑌 )

2 
MSE 

𝑅𝑅2 = 1 −  𝑖𝑖=1  𝑖𝑖  𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖  = 1 − 
 

∑𝑛𝑛 (𝑌𝑌𝑖𝑖−𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)2 var(Y) 𝑖𝑖=1 
(3) 

 
3 Structure and Approach 

In the following section, the underlying experimental investigation as well as the pre- 
selection process of suitable parameters and machine learning methods are pre- 
sented. 

 
3.1 Immersion tests 

The application of machine learning methods for predicting material compatibility in 
this study is founded upon experimental immersion tests conducted in accordance 
with ISO 1817 [15]. Standard reference elastomers (SRE) according to DIN ISO 
13226 (SRE-NBR 28/SX and SRE-FKM/2X) were used as sealing materials and im- 
mersed into the fuels [16]. The size of the specimen is 25x25x2 mm3. It was ensured 
that the specimen was always covered with sufficient fuel in the vessels during in- 
vestigation. 

The specimens are removed from the vessels filled with the investigated fuel after 
defined intervals to evaluate the change of seal properties. The time intervals for 
evaluation were chosen in accordance with standard DIN 53521 [17]. For this study, 
only the measurements of the specimen volume and hardness at the final time inter- 
val after 672 h in relation to its initial state are considered. In the work of Hofmeister 
et al. the measurement techniques and devices are presented in detail. It was espe- 
cially paid attention to the fact, that most investigated liquids have a high vapor pres- 
sure at standard conditions and therefore significant evaporation rates are pre- 
sent. [1] 

In the following, the focus solely is on SRE-NBR 28/SX, since in comparison to FKM 
a higher number of fluids are investigated. The composition of SRE-NBR 28/SX is 
shown in Table 3. Figure 2 lists the change of volume and hardness of SRE-NBR for 
all investigated fuels and fluids. 

Table 3: Composition of SRE-NBR 28/SX according to ISO 13226 
 

Formulation of the rubber mixture Parts by mass 

NBR with 28 % by mass of acrylonitrile (Perbunan NT 2845) 100,0 

Antidegradant TMQ (Vulkanox HS) 2,0 

Zinc oxide (Zinkoxyd aktiv) 5,0 

Stearic acid 1,0 
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Carbon black N 550 (Corax N 550) 65,0 

Accelerator TBzTD 2,5 

Accelerator CBS (Vulkacit CZ) 1,5 

Sulphur 0,2 

2-Chlorophenol 
1,3-Dioxolan 

Cyclopentanon 
Acetophenone 
Brombenzene 
Cyclohexanon 

Butanol 
E-Caprolactone 

Diisopropylketone 
Benzylalkohol 

2-Methyltetrahydrofuran 
Butyllevulinate 

Benzol 
Ethylacetat 

Diethylketon (DEK) 
Ethylbenzene 

Toluol 
Methylisobutylketon 

Isopropylmethylketon 
2-Methylfuran 

Dimethoxymethan 
Aceton 

Methylketone 
EN 228 
EBCC 

Butanal 
KEAA 

Pentanal 
2-Methoxyethanol 
Propylencarbonat 

Cyclohexanol 
Diethoxymethan 

Cyclohexan 
Di-n-butyl ether 

2-Methylpropan-2-ol 
Hexanal 

1-Octanol 
Diesel 

2-Propanol 
1-Decanol 

Ethanol 
n-Heptan 

HyFit40 

Dodecane 
Hexadecane 
Cyclopentan 

Methanol 
-100% -50% 0% 50% 100% 150% 200% 250% 

Figure 2: Results of immersion tests for SRE-NBR 28/SX 

Change of hardness 
Change of volume 

HyFit15 
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3.2 Choosing relevant parameters 

The tendency of a fluid to cause polymer swelling depends largely on two factors: 
the polarity of the fluid and the elastomer as well as the size of the fluid molecules. 
According to the chemical principle “like dissolves like”, polar fluid molecules prefer 
to penetrate polar elastomers while nonpolar fluid molecules lead to an increased 
swelling of nonpolar elastomers. In terms of the steric requirement of the fluid mole- 
cules, larger molecules are more hindered to penetrate the elastomer crosslinked 
network. Besides fluid properties, properties of the elastomer such as the degree of 
crosslinking, the bulk modulus or the type and amount of additives play an important 
role when investigation property changes of the elastomer. Since standard reference 
elastomers are considered in this work, the influence of these parameters is not con- 
sidered. Elastomer properties might be included as parameters in further investiga- 
tions regarding technical seals. 

The quantification of the polarity of molecules is the subject of numerous research 
projects. Kier suggests the use of a structure-based numerical index to quantify po- 
larity [18]. Palomar et al. introduce a quantum chemical parameter for this applica- 
tion [19]. Furthermore, the polarity of molecules is considered in the Hansen solubil- 
ity parameters to predict compatibility between different compounds [20]. Having 
said that, those theoretical descriptors are not commonly available and can be com- 
plex to determine especially for compound mixtures. Additionally, the weaknesses 
of such parameters have already been demonstrated in various studies. For exam- 
ple, the work of Heitzig et al. concludes that the Hansen parameters are not suitable 
to predict polymer swelling. One reason for this is the copolymer structure of widely 
used sealing materials like NBR, whose solubility would presumably have to be 
quantified using more than one Hansen sphere. Additionally chemical reactions, that 
might occur during immersion, are not considered in the theory of Hansen. [12] 

For this reason, the approach presented here uses familiar physical and chemical 
parameters that can be found in common databases and handbooks for a wide va- 
riety of compounds. The aim was to find parameters that are both easily accessible 
as well as a good representation of the polarity and/or the steric requirement of the 
fluid-molecule. Eventually, a set of nine parameters was defined, which are pre- 
sented in Table 1. The values of these parameters were taken from several open 
access databases and the own database of the FSC. For reasons of complexity, the 
focus is initially placed on the properties of the fluids while the polarity and properties 
of the elastomer is not taken into consideration. 

The molar volume of a compound, being the ratio of the molar mass and the density, 
is an indicator of the steric requirement of the fluid molecule. The reason for that 
becomes apparent when comparing molar volumes of different C6 organic com- 
pounds. Comparing the molar volumes of cyclohexane to hexane demonstrates the 
lower steric requirement of cyclic compounds compared to linear and branched mol- 
ecules. Likewise, the comparison of cyclohexane to benzene shows the lower steric 
requirements of aromatic compounds due to their inherent planarity. This is im- 
portant since compounds with a lower steric requirement show lower activation 
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energies for diffusion and thus show a higher tendency to penetrate the elastomer 
network [21]. 

The boiling point, the molar enthalpy of vaporization, and the vapor pressure repre- 
sent the magnitude of the occurring intermolecular interactions [22]. This is closely 
related to the polarity of the molecule due to the ability of polar substances to form 
stronger intermolecular interactions such as hydrogen bonds and 𝜋𝜋-𝜋𝜋 interactions in 
comparison to nonpolar substances. 

Oxygen content can be easily determined using molecular formula and can be an 
indicator for bond polarization due to the strong electronegativity of oxygen. Whether 
the compound is cyclic derives from the molecular structure and indicates a lower 
steric hindrance compared to the acyclic analogue. 

The decadic logarithm of the partition coefficient in octanol/water logPOW is a meas- 
ure of the hydrophobicity of a substance. Since hydrophilicity correlates to a certain 
extent with the polarity of a substance, this parameter also provides an indication of 
polarity. 

 
3.3 Application of Regression Models 

The general process of application is stated above in Section 2.2. In this section, the 
focus is set on preprocessing the data and the framework in which the different ML 
models are set up, tuned, and subsequently evaluated. As mentioned before the aim 
of this work is to implement a framework with all necessary modules for further vali- 
dation land investigation. 

The framework consists of several components in order to tackle common draw- 
backs in data-driven algorithms. Starting with the feature scaling of the input data. 
This results in an equalization of the features in a common band, resolving the issue 
of different units and magnitudes in the input data. The scaling can be done by ap- 
plying min-max normalization, converting all input data to the range 0 to 1. Another 
method for scaling input data is by using a standard scaler, which normalizes each 
feature by subtracting its mean and dividing by its standard deviation. This transfor- 
mation ensures that each feature has a mean of 0 and a standard deviation of 1. [14] 

In a first step, a general baseline for the prediction performance is obtained by con- 
sidering all nine features introduced in the previous section. One main enhancement 
to ML algorithms is the reduction of the input vector to the most crucial features, 
resulting in faster computation and less data requirement. This is achieved by com- 
paring correlation scores between features and only considering uncorrelated fea- 
tures for further use (features with a correlation score lower than a set limit). Principal 
component analysis (PCA) further facilitates this process by transforming the original 
features into a new set of orthogonal (uncorrelated) variables, thereby enabling ef- 
fective dimensionality reduction. [14] 

Finding the best parameter of a given model requires hyperparameter tuning, since 
for example the optimal parameters of a neural network can be suboptimal if the 
network is not deep/wide enough. This hyperparameter tuning is labor-intensive and 
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therefore is achieved by automated/heuristic/model-based algorithms. These ensure 
that not only the best parameter, furthermore the best hyperparameter are used. 

The framework combines the above-mentioned steps to investigate the elastomer 
specimen volume change for a given liquid/seal combination. For an exemplary re- 
gression model and a scaled dataset, the framework is visualized in Figure 3. Since 
the number of samples in the entire dataset of this work is small (𝑛𝑛 = 48), statistical 
uncertainties are introduced during evaluation, making it difficult to compare different 
models. For this reason, the training and testing process is repeated on different 
randomly selected subsets, which is known as k-fold cross-validation [14]. This ap- 
proach is visualized in section (a) in Figure 3. In this case, the dataset is divided into 
𝑘𝑘 = 3 separate subsets that do not overlap. For each fold the best performing model 
is determined using hyperparameter tuning (see (b)) in Figure 3. For this the Halv- 
ingGridSearchCV module is employed [14]. Given the best model and the testing set 
the model is then evaluated by applying the 𝑀𝑀𝑀𝑀𝑀𝑀 and 𝑅𝑅² metric (see (c)). This is 
repeated for every fold and average scores are calculated for each model, enabling 
comparison between models. 

 

Figure 3: 3-fold cross validation and hyperparameter tuning. Redrawn from [26] 

 
4 Results 

In this section, the presented framework is evaluated by applying the 𝑀𝑀𝑀𝑀𝑀𝑀 and 𝑅𝑅2 
score to the predictions made by the investigated models. As the data set contains 
only 48 samples, no statement is made about the actual performance of the investi- 
gated models. The focus of the results is on validating the hands-on approach of the 
framework itself. It must be noted that with each addition of new samples, the data- 
base expands, leading to more significant results. 
The baseline score is obtained by utilising 5-fold cross-validation, hyperparameter 
tuning by HalvingGridSearchCV and normalizing all nine input parameters using the 
min-max scaler of the scikit learn toolbox [14]. The averaged baseline scores for the 
investigated models are shown in Table 4. It becomes apparent that for all models, 
the 𝑀𝑀𝑀𝑀𝑀𝑀 of the training process is always lower than the prediction (testing) process. 
The discrepancy in 𝑅𝑅2 values between the training and testing phases, coupled with 
the overall low or even negative testing 𝑅𝑅2 values, leads to the conclusion that the 
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models exhibit a high degree of overfitting, failing to adequately represent the under- 
lying patterns. 

Table 4: Baseline results of normalized data using all input parameters 
 

Model 𝑀𝑀𝑀𝑀𝑀𝑀  𝑅𝑅2  

 Training Testing Training Testing 

linear 0.17 0.48 58.52% -23.13% 
poly 0.00 220.01 100.00% -52886.43% 
lasso 0.31 0.36 23.97% 7.54% 
mlp 0.24 0.33 39.24% 13.11% 
svr 0.13 0.32 66.71% 13.57% 
tree 0.13 0.35 68.90% 13.80% 

 

Figure 4: Correlation matrix of input parameters 

When investigating the correlation matrix of the input parameters, it becomes appar- 
ent that several parameters show a high correlation score (see Figure 4). Applying 
the same models only on selected parameters with a correlation score lower than 
0.80, leads to a small decrease in training accuracy (increase of MSE) while 
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positively affecting the testing accuracy to a greater degree, and thus decreasing the 
overfitting effect. This is also apparent in the increase in 𝑅𝑅2 score during the testing 
process (see Table 5). Another benefit of reducing the number of input parameters 
is the accelerated computation time. 
Table 5: Results of normalized input data using selected input parameters. With absolute dif- 

ference to baseline 𝛥𝛥BL 
 

Model  𝑀𝑀 𝑆𝑆𝑆𝑆    𝑅𝑅2  

 Train ΔBL Test ΔBL Train ΔBL Test ΔBL 

linear 0.19 0.02 0.33 -0.15 52.58% -6% 13.06% 36% 
poly 0.09 0.09 0.59 -219.42 76.99% -23% -51.02% 52835% 
lasso 0.32 0.01 0.33 -0.03 20.83% -3% 16.84% 9% 
mlp 0.20 -0.05 0.30 -0.03 51.49% 12% 21.23% 8% 
svr 0.23 0.10 0.32 -0.01 42.50% -24% 19.53% 6% 
tree 0.13 0.01 0.39 0.04 67.58% -1% -6.27% -20% 

 
5 Discussion 

Although the overall performance of the single methods cannot be evaluated at this 
time due to the limited number of data samples, the results indicate the potential for 
a promising framework that addresses common drawbacks in data-based regression 
tasks and predicts the elastomers volume change based on known fluid parameters. 
The initial setup of the framework yields baseline performance scores, to which all 
future investigations and additions can be compared. It is expected that with more 
data samples the results become more evident. Those data samples are constantly 
being generated by conducting more experimental immersion tests. 

It is shown that the reduction of dimensionality by only selecting uncorrelated input 
parameters, the effect of overfitting was reduced. Although a loss of input information 
was introduced, the overall performance was not affected. Since at this point only a 
first selection of parameters is chosen to indirectly describe the polarity and steric 
requirement, further, more substantial, parameters could be introduced to describe 
the underlying effects of elastomer swelling more accurately. 

It must be noted that at this stage of development, no special attention was paid to 
preselecting the most suitable hyperparameter-grid for each model on which the 
method “hal ing grid search” was applied to determine the best hyperparameters for 
the given model and data. It is evident, that providing at least a preliminary selection 
of suitable hyperparameters would enhance each model’s performance. 
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6 Summary and outlook 

In this work, a hands-on application of ML regression models was developed to pre- 
cisely plan the further experimental investigation of the material compatibility of bio- 
hybrid fuels and elastomer sealing materials. Based on the results of previously con- 
ducted immersion tests and physics related fluid properties as input parameters the 
elastomers volume change is predicted with several regression models. Within the 
developed framework common drawbacks of data-based ML methods were ad- 
dressed. 

Due to the limited number of samples available at this stage of development, a base- 
line score of the different models was computed which builds the foundation in the 
ongoing development process. The framework allows to be easily extended by 
means of addition of new samples or input parameters. Therefore, further immersion 
tests are currently being conducted, firstly focusing solely on SRE-NBR 28/SX and 
different fuels or liquids. Based on the expanded database the actual performance 
of the models can be tuned and evaluated. Simultaneously additional fluid properties 
are considered as input parameters allowing for the use of an iterative selection pro- 
cess of few parameters that describe the underlying physics most accurately. This 
way, the best performing model and input parameters are selected for SRE- 
NBR 28/SX, enabling the extension of the investigation to other (standard-reference) 
elastomeric materials. Given the selected model and understanding of how fluid 
properties affect the material compatibility, also the influence of additives in technical 
seals can be investigated in the future. 
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