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Abstract. This study presents the application of a general regression neural network to model
the effects of carbon black type and content on the mixing dynamics of rubber blends.
The neural network model, trained on data from 16 tests (four carbon black types with con-
tents of 45-60 phr), accurately reconstructs the torque and temperature profiles during blend
mixing. Model optimization was performed using 10-fold cross-validation. The simulation
results (average R? =~ 1 and RMSE = 10 #) confirm the practical applicability of the presented
model for predicting the time evolution of nonlinear processes in complex technological
applications.
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1. Introduction

Rubber mixing is a complex technological process that requires precise control
of ingredient dosing and mixing dynamics. Reinforcing fillers, particularly carbon
black (CB), significantly influence the rheological behavior of the blend and thereby
affect both processing and final product quality [1, 2]. However, the addition of fillers
introduces nonlinear interactions within the blend during mixing, which traditional
analytical methods cannot reliably capture. Mixing process monitoring is commonly
based on torque and temperature time histories, reflecting the evolving interactions
among blend constituents under specific conditions [1-3].
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Artificial intelligence, especially artificial neural networks (ANNSs), has recently
gained importance for modeling such dynamic processes using historical data [4-9].
Among them, the general regression neural network (GRNN) stands out due to its
fast learning, strong noise tolerance, and excellent handling of nonlinearities [10-12].
Despite its suitability, GRNN has so far seen virtually no application in rubber mixing
processes.

The aim of this study was to develop and experimentally validate a GRNN model
capable of simulating the time evolution of torque and temperature during the mixing
of natural rubber-based blends with various types and concentrations of CB.

2. Materials and methods

2.1. Blend preparation and computational setup

GRNN was applied to natural rubber (NR) blends filled with four CB types —
N121, N339, N550, and N660 — at concentrations of 45, 50, 55, and 60 phr. Sixteen
unique formulations were tested, generating 32 torque and temperature curves. Full
blend compositions, component functions, and suppliers are provided in Table 1.

Table 1. Composition of the natural rubber-based blend used in this study, including the function
and supplier of each component

Component CFp Iiltre]nt Function Supplier
Nl | o s (Sos oty asz
N 1a2ﬂf,ollilgéa9c,k1\1t§g(e), 45:5:60 Filler Makrochem Sp. 20.0-,
N660 (CB) )
Zinc oxide (ZnO) 3 Vulcanization activator Sllé)(:/ii:;l’( ;ﬁ"
Stearic acid 1 Vulcanization activator Usti izgliig:r'r’l’ cz
SugL{%gr(yss)tex 1.75 Vulcanizing agent Eam??ﬁgg;:gji%’cggl lfany,
TBBS 1 Vulcanization accelerator Dgl;?,l;j Z'Ii’

The blends were prepared in a Brabender Plastograph EC Plus laboratory mixer
(Brabender GmbH & Co. KG, Duisburg, Germany) with an 80 cm® chamber, fol-
lowing a single-stage procedure according to ISO 2393 [13] and using a fill factor of
0.65-0.85. NR was masticated at 90 +1 °C under a 5 kg ram load and a rotor blade
speed of 50 +1 rpm for 3 min. ZnO and stearic acid were then sequentially incorpo-
rated and mixed for 45 s and 30 s, respectively, followed by CB, which was mixed
for 3 min. Finally, S and TBBS were added and mixed for 1.5 min.
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Torque and temperature of the blend were continuously recorded every 2 s using
automatically calibrated sensors (+0.1 Nm, +0.5 °C). Each formulation was prepared
and tested five times under strictly controlled laboratory conditions (23 +2 °C,
101.3 £2 kPa, 50 £5 % RH), ensuring reproducibility. The variability of torque and
temperature did not exceed 5 % and £1.5 °C, respectively. Accurate dosing of all
components was maintained with a Mettler Toledo XS205 balance (£0.01 g; Mettler
Toledo International Inc., Columbus, OH, USA), ensuring precise formulation.

The GRNN model was implemented in MATLAB® R2022a (version 9.12, 64-
bit; MathWorks, Natick, MA, USA) using the Neural Network Toolbox and Statis-
tics and Machine Learning Toolbox.

2.2. Data preprocessing

The torque M and blend temperature T as functions of the mixing time t were
recorded from each experiment. The obtained data for each CB type and its concen-
tration in the blend were organized into tables representing data structures in the
form of matrices composed of column vectors:

@ = ConcaltqQ:1 [C(Q) “1p, t(@ 0(‘7)] € RV >3,

(@ e (u®, 1)}, 8@ e (M@ T@), N = Z ng, M
g=1

where N is the total number of records across all concentrations g for CB type p; n,

is the number of samples in the test with a g value for a given p; p =1, 2, ... P is the

index of the CB type; g =1, 2, ... Q is the CB concentration index; €@ is the con-

centration of the CB in a given test; 1nq is the unit vector of length ng used to repli-

cate the value of C(@ into a vector of length t@; t(@, M@ and T@ are the time
series of time, torque, and temperature values for a given mixing cycle; and the concat
operator represents the vertical chaining (concatenation) of the matrix blocks.

The generated matrix tables p® and T were then arranged in a single-line cell
array-type data structure of the following form:

W = ({M(Z’)}:= ) [ {T(p)}:= 1) € (RN *3)2P, @)

where the symbol || represents the ordered chained union operator of the two matrix
sequences. This flexible data structure represents the basic framework for further
processing of registered data.

All incomplete and erroneous records were removed from the W structure.
The raw data were not additionally filtered or smoothed to preserve local fluctuations
and inequalities, allowing the model to better reflect complex mixing dynamics and
increase robustness to noise. Conversely, their suppression could lead to a loss of
information regarding the incorporation progress of the blend components, which
is important for the successful generalization of the model to real data.
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From each matrix p® and T® in the cell array W, the input x®@ and target
y P4 data for the model were extracted for each combination of indices p and g:

x@D = [C(q) “1p, t(q)] € R™ %2, )
yls/?ﬂ) — M(q) € R"a X 1, y’;p:CI) — T(q) € R X 1,

where the input matrices contain the CB concentration and mixing time, and the tar-
get matrices represent the torque and temperature values of the blend, respectively.
The input and target data were normalized to the range (0, 1) as follows [14]:
" max(z®®) — min(z®@9D) (4)

£e{X Y}, zPD g xPD yPD}

This scaling ensured that all datasets had a comparable range, greatly improving
the performance, learning speed, and convergence of the GRNN model, as well as
the stability of its outputs. The normalized X and Y data were then arranged into two-
level nested data structures of the type of single-line cell arrays of the form

Z= [{[zgm]::l}::l, {[zgp.q)]il}:ﬂ] € ((an Xd)le)IXZP’

2, if z®® = x@D
1, if 2P = y@o),

)

from which they were subsequently selected for further analysis.

2.3. GRNN modeling

GRNN is an ANN with a feedforward, memory-based architecture and dynamic
structure [10], which is characterized by high nonlinear mapping capability, noise
robustness, and low training time requirements. Compared to traditional ANNs
[15-18], the GRNN learns in a single-pass manner directly from the training data,
thus eliminating repeated iterations and the risk of becoming stuck in local minima
[10]. Its theoretical basis is the Parzen-Rosenblatt estimation of the joint probability
density function of input-output pairs (X,Y) with a Gaussian kernel in the form of
a radial basis function (RBF):

D?
lpi(xrxi) = €xp <_ T.ﬁz)! (6)

which leads to an approximation of the conditional mean value of the target variable
Y with respect to the input vector X expressed by the relation:
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2

D:
tren(-2) 4
2 2
, D; =Z(X1—Xij) : ()
=1

1 D;
i=18XP| =57

where D? is the square of the Euclidean distance between the input X ; and the i-th
value of the training sample X;;; I and J are the number of training and input samples,
respectively; and o is the spread parameter (the width of the function ;), which
determines the smoothness of the approximation [19, 20].
The GRNN architecture consists of four interconnected layers [10]:
e The input layer receives input data X and distributes it to the pattern layer;
o The pattern layer uses the RBF function (6) to compute the similarity between
the current input X and each training sample X;;
e The summation layer computes a weighted Sy and an unweighted sum Sp,

SN:iYiwi' Sn=i¢ii (®)
i=1 i=1

o The output layer generates the predicted output as the ratio of these two sums of
the summation layer outputs in the form of regression (7).

Y(X) =

The schematic diagram of the proposed GRNN model is shown in Figure 1.
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Fig. 1. Schematic diagram of the proposed GRNN model

2.4. GRNN training

The GRNN serves as an approximator of the nonlinear relationships Y between
torque M, temperature T, mixing time t and concentration C of the corresponding
CB type in the blend, which can be formally expressed in the form of a function:

Y =GRNN,(X,Y,0), Y€ {M,T}. )
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Training the GRNN is an iterative process for finding the optimal value of o at
which the maximum approximation accuracy and model performance are achieved.
For this purpose, k-fold cross-validation was used in which the input and target data
were divided into k equivalent parts (folds). The model is then repeatedly trained in
k iterations, in each of which it is learned on k—1 parts and validated on the remain-
ing one. In doing so, each part serves as a validation set only once, ensuring that all
the data are used for both training and validation, leading to a better estimation of
the generalization ability of the model.

The training of the GRNN is directed towards optimizing ¢, where its optimum is
sought on an interval of i positive real numbers (0,5, Omax) NOt exceeding 1 [21-24].
The optimization was based on minimizing the error quantified using the root mean
squared error (RMSE) metric. The optimal value of ¢* is at which the average RMSE
across all folds is minimum, where the optimization criterion can be expressed in
the form [12]:

k

(1 -

o* = arg Ir(lylln Ez RMSE (Y(k),Y(X(k),O'i)) . (10)
j=1

The range of the interval (G,,in, Omax) With the number of elements i =1, 2, ... n
was determined to minimize the RMSE and simultaneously limit the risk of overfit-
ting when generalizing to new data [21-24].

3. Results and discussion
3.1. Experimental results

The experimental mixing curves of the investigated rubber blends based on
the NR matrix in the form of a functional dependence of torque and temperature
on mixing time for different types of CB (N121, N339, N550, and N660) and their
contents in the blend (45, 50, 55, and 60 phr) are presented in Figure 2.

From Figure 2, it can be seen that all torque curves show an initial step increase
owing to the high viscosity of the matrix, which resists the speed of the mixer im-
pellers. Thereafter, there was a smooth decrease owing to the heating of the matrix
and the application of shear forces. The torque maxima increased with the stiffening
effect of CB in the order N660 < N550 < N339 < N121 and with their content from
45 to 60 phr. The N121 filler showed the most pronounced increase and differences
between the contents, whereas for N660, these differences were minimal. After
reaching the maximum, the torque decreases owing to the dispersion of the fillers;
the higher the filler content, the more pronounced the decrease.

The addition of stearic acid (SA) causes the typical "V" effect — a sudden drop in
torque due to reduced friction of the polymer chains, followed by a partial increase.
This effect was most pronounced at N121 and 60 phr. The curing system (TBBS and
sulfur) induced another "V" effect, caused by the release and re-increase in chamber
pressure, not by the properties of the raw materials.
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Fig. 2. Experimental mixing curves of: a) torque, b) temperature for different types
and contents of carbon black in the blend

The blend temperature curves reflect the same inlet temperature of the matrix,
with the initial drop due to the laboratory temperature. The temperature subsequently
increases owing to matrix heating, shear forces, and the addition of CB, with the
intensity depending on its type and content. The filler N121 at 60 phr achieved
the highest temperature increase. After CB dispersion, the temperature increases
further owing to the heat build-up and thermal inertia of the chamber.

The addition of SA causes a short-term temperature decrease owing to reduced
friction, while the effect is only sustained at N121 and 60 phr — owing to the low
matrix fraction and high filler content. Other combinations did not exhibit this effect.

Due to the complex, nonlinear nature of torque and temperature profiles, influenced
by CB type, concentration, and physical-chemical changes during mixing, classical
analytical models face difficulties in accurate description. Therefore, a GRNN was
used to effectively capture the process dynamics from experimental data without
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explicit physical modeling, enabling reliable simulation of mixing curves and accur-
ate approximation of real data.

3.2. GRNN training and simulation results

During the training of the GRNN, an optimal spread parameter (¢* = 6x10~*) was
identified and subsequently used to retrain the network on the full set of pre-pro-
cessed training data. The model was then employed to simulate the torque-tempera-
ture time histories corresponding to the same inputs it had been trained on, enabling
validation of its capability to reconstruct the mixing dynamics and quantify approx-
imation accuracy with respect to the experimental curves.

A comparison between the experimental mixing curves of the investigated rubber
blends and their simulated counterparts generated by the GRNN model is presented
in Figures 3 and 4.
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Fig. 3. Comparison of experimental and GRNN-simulated torque curves for the investigated
rubber blends at different filler types and loadings
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Fig. 4. Comparison of experimental and GRNN-simulated temperature curves
for the investigated rubber blends at different filler types and loadings

3.3. Model reconstruction accuracy and prediction analysis

A quantitative analysis of the reconstruction ability and prediction accuracy of
the GRNN model was performed using statistical metrics computed on the complete
training dataset, namely RMSE and coefficient of determination (R?) [19]:

Z(yl y)?, R*=

where y; is the true value, ¥; is the predicted value obtained from the model, and ¥,
is the arithmetic mean of true values.

The results of the statistical metrics analysis showed that all the R? values were
very close to 1, indicating the excellent ability of the GRNN model to capture the
variability of the dependent variables with respect to the respective input parameters.
This result also confirms the effectiveness of the choice of the optimization interval
(Omins Omax)» Minimizing the risk of both overfitting and underfitting. The average

Zl_l(yl P12
=Y

RMSE = (11)
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RMSE values reached RMSEy; = 3.569x10~ for the torque and RMSE = 6.686x10~*
for the blend temperature, indicating that the average deviation of the predictions
from the real values represented only a negligible fraction of the entire range of
normalized data. The results confirm that the proposed model is capable of highly
accurate reconstruction of the dynamics of the mixing process, which makes it
a promising tool for the intelligent modeling of complex dynamic processes in rele-
vant applications with defined input conditions.

Although the results confirm the high reconstruction accuracy of the model on
known inputs, its generalization performance on new and unknown data will be
the subject of further research.

4. Conclusion

This study presents the first systematic application of GRNN to model the effect
of the type and carbon black content on the mixing dynamics of rubber blends.
The model was trained on 16 variants of natural rubber-based blends with four CB
types (N121, N139, N550, and N660) and concentrations of 45, 50, 55, and 60 phr,
respectively. The input variables were the mixing time and concentration of each CB
filler, and the GRNN accurately predicted the key mixing characteristics of torque
and temperature. Optimization was performed using 10-fold cross-validation to
eliminate the risk of overfitting and maximize the generalization capability.

The proposed GRNN model achieved excellent results in reconstructing the torque
and temperature waveforms during each mixing cycle, with average RMSE values
of ~10* and R? practically equal to one. These results confirm the high accuracy
in capturing the nonlinear relationships between the filler type and content and the
observed process variables. Although the model was tested on the same data used for
training, it demonstrated its ability to reliably simulate the complex trajectories of
the observed mixing parameters. This property allows its practical use in the analysis
and optimization of mixing operations, particularly in cases where the mathematical
description is insufficient or ineffective.

Owing to the flexibility and scalability of GRNN, the proposed model is suitable
for a wide range of conditions and allows for efficient simulation, analysis, and
optimization of various technological processes. Future research should focus on
extending it to other types of fillers and rubbers as well as the validation of process
data to verify the robustness and versatility of the approach.
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