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Abstract

Shear thickening fluid (STF) has been extensively utilized in various engineering applications due to its unique characteristic,
which is increasing viscosity under loading. Although single-phase STF is known for a long time, STF has been introduced to
a novel concept, namely multi-phase STF, which includes particle additives in the suspension. In the STF adaptation to differ-
ent systems, STF rheology is the key factor that should be tuned precisely for efficient usage. For this reason, STF rheology
has been investigated by many researchers; however, experimental measurements are highly tedious and time-consuming.
At this stage, theoretical modeling emerges as a wise choice; however, these models lead to a heavy computational burden
due to the complex STF rheology. Therefore, we benefited from an intelligent modeling methodology that is highly effective
for modeling and optimizing the complex and nonlinear relationships as such in multi-phase STF rheology. In this study, the
rheology of multi-phase STF is investigated for the first time using an intelligent model to the best of our knowledge. Accord-
ing to the results, intelligent modeling is very efficient due to its parameter-free algorithm and successful fitting capability.
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1 Introduction

Shear thickening fluid (STF) is a suspension having increas-
ing viscosity under applied loading. This smart fluid consists
of nano-sized colloidal particles responsible for the viscosity
jump, in a liquid medium [1, 2]. Shear thickening behav-
ior is explained by hydro-clustering theory, which suggests
that hydrodynamic forces acting on the colloidal particles
increase under elevated shear rates. Therefore, the particles
form small groups, namely hydro-clusters in the suspension.
At further shear rates, the colloidal particles come closer
and physical contacts are observed as well as extending the
hydro-clusters in the flow medium. The jump in the viscosity
stems from the elongated particle clusters, which behave as
obstacles and thereby stopping the fluid from flowing [3]. A
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recent approach, namely contact rheology model, supports
the hydro-clustering theory in such a way that hydrodynamic
interaction is responsible for the shear thickening onset at
lower shear rates; however, at higher shear rates, the contri-
bution of particle contacts within the hydro-clusters is much
higher than the hydrodynamic interaction to the shear thick-
ening mechanism [4, 5]. STF rheology has been investigated
by many researchers on the one hand [6—11]; STF has been
adapted to different kinds of engineering applications on
the other [12—17]. Since STF has been efficiently utilized in
vibration damping systems [18-20], polishing processes [21,
22] and protective structures [23, 24], STF rheology should
be understood in detail to adjust the systems as requested.
For this reason, researchers developed different theoreti-
cal models to predict the STF rheology. Galindo-Rosales
et al. [25] proposed a phenomenological model based on a
broad set of experimental data. In their other work [26], a
small modification was done in their model to make the fit-
ting parameters more natural. However, the model divides
a typical STF flow curve into 3 main regions since complex
flow characteristics cannot be fitted in one attempt. Hence,
this model requires 11 independent parameters which must
be obtained from experimental measurements before the
iterative fitting procedure. Although the accuracy of this
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model is highly sufficient, there is a significant computa-
tional expense that makes the model complicated. Tian et al.
[27] extended Galindo-Rosales et al. [25]’s model to predict
the rheology of STF at different temperatures. However, a
number of rheological measurements at various tempera-
tures were performed as well as determining the param-
eters in the viscosity functions. In order to eliminate the
time-consuming calculations, Wei et al. [28] developed a
simple phenomenological model to predict the rheology of
STF; however, they assumed that STF exhibits Newtonian
behavior until the thickening point. Although this assump-
tion is mostly valid for single-phase STF systems, it fails
in the multi-phase suspensions since the viscosity curve of
multi-phase STF shows considerable shear-thinning until the
thickening onset. For this reason, we proposed a modified
model based on Wei et al. [28]’s work in a recent study
[29] and thereby fully capturing the flow characteristics of
the multi-phase STF, including the pre-thickening region.
It was the first study considering the modeling of multi-
phase STF and now, we have developed another model for
the multi-phase system by taking advantage of one of an
intelligent methodology; artificial neural networks (ANN)
for the first time in literature. Since ANN method is highly
effective for modeling and optimizing complex and non-
linear relationships, multi-phase STF rheology is a proper
problem in full measure for this intelligent method. Arora
et al. [7] benefited from intelligent modeling for the pre-
diction of STF rheology, but they investigated single-phase
systems. According to their study, single-phase rheology is
successfully captured by this parameter-free model. Since
multi-phase STF rheology is more complicated than single-
phase one, intelligent modeling methods are much more nec-
essary for multi-phase systems where theoretical modeling
requires a heavy computational burden and time-consuming
process to the researchers. From this point of view, in the
present work, we have developed an ANN modeling using
a broad set of rheological data for multi-phase STF. The
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investigated STF was fabricated by mixing nano-sized silica
particles in polyethylene glycol, and 3 different particle sizes
of silicon carbides were included in the suspensions as an
additive phase. The additive amount and temperature were
also varied in the investigations. According to the results,
ANN modeling gives successful fitting to the multi-phase
rheology; however, at excessive additive amounts, model
efficiency has a loss of performance due to the disruption of
shear thickening behavior.

2 Experimental details

In this study, nano-sized silica with a particle size of 20 nm
was supplied from Evonik. The silica particles were distrib-
uted in a polyethylene glycol (PEG) with a molar mass of
400 g/mol to fabricate single-phase STF. The silica concen-
tration was 20 wt%, which is the maximum amount to avoid
the bulky behavior of suspension. In order to prepare multi-
phase systems, 3 different sizes of silicon carbide (SiC) par-
ticles, which were supplied from H.C. Starck Group, were
included in this suspension. Figure 1 shows the scanning
electron microscope image and particle size distribution of
the SiC particles. Three different SiC concentrations (5, 25
and 45 wt%) were used in the suspensions based upon the
overall STF weight. In the suspension preparation stage,
a high-speed homogenizer was utilized for 40 min. In the
rheological measurements, a MCR 301 Anton Paar stress-
controlled rheometer was utilized with a temperature con-
trol device. The gap between the parallel plates was kept
at 0.20 mm, and the tests were carried out within the shear
rate of 0-1000 s~!. The suspensions were tested at 3 differ-
ent temperatures, which were controlled by the temperature
control system connected to the bottom plate of the rheom-
eter. A full factorial design was employed, and therefore,
27 measurements were performed in the rheological tests.
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Fig.2 An example of an ANN topology

Table 1 Variables in the rheological measurements

Parameter ~ Additive particle Additive Temperature(°C)
level size (um) amount (wWt%)

1.114 (SiC-A) 5 20

0.512 (SiC-B) 25 40
3 0.340 (SiC-C) 45 60

Table 1 gives the variables and their levels in the rheological
measurements (Fig. 2).

3 Artificial neural network (ANN) modeling

Artificial neural network (ANN) is a computing system
formed by a plurality of simple processing units connected
in some way. It possesses functions of learning, memory,
association and calculation and can simulate the structure
and function of the human brain’s neural networks. By adap-
tive information processing, ANN can effectively deal with
data with model uncertainty [30, 31]. An ANN topology is
given in Figure 2.

The viscosity curves of multi-phase shear thickening
fluids are predicted by the ANN method in the present
work. In the modeling, the viscosity was dependent on 4
variables, such as additive particle size, additive amount,
temperature and shear rate. A data-mining program, SPSS
Clementine 10.1, was used for the ANN analyses. Three
different training algorithms, namely Quick, Dynamic and
Multiple, were employed to determine the importance
level of the variables. The Quick algorithm uses certain
rules and data characteristics to choose an appropriate
topology for the network. The Dynamic algorithm creates
an initial topology for the network and improves the topol-
ogy by adding and/or removing hidden units as training
progresses. The Multiple algorithm creates several neural
networks of different topologies initially, and at the end of
the training, the model with the lowest root means square

Table 2 Model parameters

Parameters Values and descriptions
Accuracy rate as a stopping criterion 100%
Analysis time 300 s

Network choice Best result one selected

Initial weights Randomly selected

Table 3 Partial weights for the training algorithms

Variables Training algorithms

Quick Dynamic Multiple
Shear rate 0.17 0.14 0.15
Temperature 0.17 0.17 0.17
Additive ratio 0.09 0.12 0.12
Particle size 0.05 0.02 0.02

error (RMSE) is selected as the final model. The Multiple
algorithm is more comprehensive in comparison with the
other ones, whereas the Dynamic algorithm conducts an
extensive search with respect to the Quick algorithm. The
Dynamic and Multiple algorithms change the network, but
the Quick algorithm does not. These networks are trained
using a parallel method. The ANN parameters used in the
prediction models are provided in Table 2. The best net-
work topology was obtained by an accuracy rate within the
specified period. The training algorithms were used for the
entire data set, and partial weights of the variables were
found, which are given in Table 3. After different trials,
75125 (%) training/testing ratio was selected for the models
since this ratio produces successful results. According to
the selected training/testing ratio, 900 data were used for
training, whereas 300 data were used for testing.

In the training algorithms, 4 neurons were used in the
input layer to predict the suspension viscosity. One neu-
ron was used in the output layer and a different number of
hidden layers were used depending on the algorithms. In
the Quick algorithm, 1 hidden layer with 3 neurons was
used. In the Dynamic algorithm, 2 hidden layers with 28
and 12 neurons were used. In the Multiple algorithm, 2
hidden layers with 7 and 5 neurons were used. The hidden
layers, the number of neurons and model parameters were
determined by the algorithm based on the lowest RMSE
values. From the results, it was seen that the Multiple
training algorithm is the most appropriate algorithm for
the viscosity prediction. In this algorithm, the determina-
tion coefficient (R?) was 0.87 and 0.80 for the training and
testing stages, respectively. Furthermore, the RMSE values
were quite low such as 7.97 for the training stage and 9.15
for the testing stage.
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Fig.3 Rheological curves for different temperatures in the training
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Fig.4 Rheological curves for different amounts of additives in the
training stage

4 Results and discussion

Figure 3 and 4 show the experimental and model fitting
curves for different temperatures and additive amounts in
the training stage. Considering the experimental results,
the rheological curves exhibit a typical STF behavior
under increasing shear rate. Until a critical point, the initial
viscosity of the suspension slightly reduces as the shear
rate increases. During this period, the suspension shows a
shear-thinning behavior because, at zero shear point, the

@ Springer

silica particles within the suspension establish weak physi-
cal bonds each other and by breaking these bonds due the
increased shear rate, the silica particles form a layered
orientation which provides a self-lubricating effect and
consequently facilitating the flowability by reducing the
viscosity. At the elevated shear rates, the hydrodynamic
forces acting on the particles grow up and therefore, dense
silica particle groups are formed in the suspension. These
particle units are called hydro-clusters, and they hinder
the suspension from flowing by playing the role of obsta-
cles. As the shear rate further increases, silica particles
physically touch each other and thus, hydro-clusters are
extended within the suspension. By developing these par-
ticle structures, the suspension viscosity drastically jumps
to a peak level. At the peak point, the elongated hydro-
clustering network is broken and subsequently, the vis-
cosity reduces. Considering the maximum viscosities in
Fig. 4, there is an increasing trend by adding more carbide
particles in the mixtures. This change is attributed to the
increased solid content, which results in denser suspen-
sions by the effect of an additional solid phase [1, 32].
From the point of view of the ANN modeling, each fitting
curve represents this typical STF behavior. However, the
fitting curves are better in covering the shear thickening
regions rather than the shear thinning behavior at lower
shear rates. Since the main characteristic of STF is the
viscosity jump beyond the critical shear rate, it is possible
to mention that the model is efficient in giving this behav-
ior despite some deviations in the shear-thinning regions.
According to the fitting curves, it can be stated that the
ANN model is efficient in capturing the nonlinear relation-
ships between the parameters. In addition to the overall
trend in the curves, the correlation factors (R?) for each
case show very high values, which means that the model
fitting is highly sufficient.

Fitting efficiency of the model is discussed in terms of
RMSE and R? values, which are widely preferred to meas-
ure the differences between the predicted and observed val-
ues. RMSE gives the deviation amount in the fitting results,
whereas R? shows the performance of the curve trend with
respect to the experimental data. Therefore, in the evalu-
ation of the results, both parameters should be taken into
account for a proper assessment. Figure 5 and 6 show these
performance parameters for the suspensions in the training
stage. From the results, RMSE values exhibit very low val-
ues within the range of 0.52-10.37, which means that error
in the model fitting is quite low; however, the suspensions,
including 45wt% carbides at 20 °C, violate this lower trend
in RMSE. This conflict may arise from the inclusion of the
SiC additives, which disrupt the shear thickening behavior
in the suspensions. As discussed in early works [32, 33],
interstitial SiC particles in the silica clusters divide the sil-
ica groups into small units. For this reason, the interaction
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between the nano-sized silica particles is interrupted by
micron-sized carbides and therefore, hydro-clustering is
hindered from extending in the suspension on a large scale
and consequently, shear thickening is suppressed. As sug-
gested in a previous work [3], hydrodynamic stresses are
related to the cube of the cluster’s larger dimension which
proves that extended silica clusters are more beneficial than
divided clusters to the shear thickening mechanism because
shear thickening grows up when contacted microstructure
is elongated by covering the medium as a force network in
the suspension. From this point of view, at higher additive
concentrations such as 45 wt%, shear thickening behavior
fades away and therefore, the model fitting has a loss of

Fig.5 Performance parameters
for the suspensions including
additive SiC-B in the training

stage
20
15
a
s 10
-4
5
0
5
Addiﬂl/e " 25
0
Unt (w t%)
Fig.6 Performance parameters
for the suspensions including
additive SiC-C in the training
stage
25
20
& 15
2 10
5
0

Add,'t’»ve , 25

0
Unt (w, t%)

Fig. 7 Performance parameters
for the suspensions including
additive SiC-A in the testing
stage

20 ~

10

RMSE

performance as seen in the RMSE values. On the other hand,
R? values exhibit higher rates; above 0.80, which means that
the trend of the rheological curves is mostly captured by the
model. There is no obvious systematic variation in the R?
values depending on the parameters. This can be attributed
to high level of R? values, which are close to each other in
a narrow band.

Figure 7 shows the performance parameters of RMSE
and R? for the suspensions in the testing stage. In this stage,
the model yields insufficient fitting for the suspensions
with 45wt% additive amount and therefore, these suspen-
sions are excluded in the results. In fact, the main reason
for poor fitting in the 45 wt% SiC suspensions is disrupted
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Fig. 8 Rheological curves for 45 wt% additives in the testing stage

shear thickening behavior. Figure 8 shows the rheological
curves for these suspensions. Considering the experimental
flow curves, the viscosity jump is very weak, which means
that the peak viscosity beyond the thickening point is lower
than the initial viscosity for each suspension. This is due to
the excessive amount of SiC additives, which results in an
attenuated shear thickening by breaking the extension of the
hydro-clusters as well as increasing the initial viscosity of
the mixtures. The inclusion of additives makes the mixtures
denser due to the increased concentration of the solid phase.
Hence, weak physical bonding at zero shear rate grows
stronger due to closer particles that apply higher attractive
forces to each other. For this reason, overall viscosity is
enhanced in dense suspensions; however, the elongation of
the silica clusters is restrained by these SiC particles. As a
result of this process, the suspensions, including 45 wt% SiC
particles do not exhibit a typical STF rheology and there-
fore, the developed model cannot predict the disrupted flow
curves. On the other hand, at lower additive amounts, the
suspensions keep shear thickening characteristics and thus,
the model can efficiently capture the suspension flow curves.
From the performance charts in Fig. 7, the RMSE results
exhibit a similar trend with those in the training stage that
error in the fittings increases by adding more carbides into
the suspensions, especially at 20 °C. Although this increas-
ing trend is also valid at higher temperatures, the change in
RMSE is much slighter at 40 °C and 60 °C. At this juncture,
it is better to discuss the temperature effect on the shear
thickening behavior. Recalling Fig. 3, elevated temperature
leads to a thinning effect on the overall viscosity, which is
clearly seen from the initial viscosities; 5.47 Pa.s at 20 °C,
1.56 Pa.s at 40 °C and 1.32 Pa.s at 60 °C. This viscosity
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reduction is simply due to the weakening of the inter-particle
adhesion forces triggered by the enhanced particle energy
with the temperature rise [34, 35]. Although overall viscos-
ity is affected by temperature, shear thickening mechanism
is not disrupted heavily, at least, the suspensions sustain the
shear thickening behavior by considering the experimental
flow curves. Thus, the model fitting is quite efficient for the
suspensions having additive amounts lower than 45 wt% at
each temperature level.

5 Conclusions

In the present work, the rheological behavior of multi-phase
STFs having different additive size and amounts at various
temperatures was investigated using ANN modeling. RMSE
and R? values, which represent the performance of the model
fitting, were considered in the evaluation of the modeling.
According to the results, the proposed model yields efficient
fitting for the multi-phase STF systems since the rheologi-
cal curves can be mostly captured by the developed model,
however, at excessive additive loadings such as 45 wt%, the
model has a loss of performance due to the disruption in
the shear thickening behavior. Considering that multi-phase
STFs are complex systems having non-Newtonian behavior,
rheological prediction of these suspensions is highly tedious
by theoretical models since they require several parameters
for computing. Contrary to the computational burden in the
theoretical models, ANN is a parameter-free model, which
generates a mapping based on the relationship between the
experimental inputs and outputs. Since these smart fluids
have been adapted to various engineering applications such
as vibration damping systems, polishing operations and pro-
tective structures, their rheologies should be predicted easily
instead of conducting time-consuming experiments.
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