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A new homogeneous nanofluid of copper ferrite nanoparticles coated by silica dispersed in distilled water
as the base fluid is prepared in a way to avoid settling and agglomeration. The values of dynamic viscosity
and electrical conductivity at various temperatures and nanoparticles concentrations are experimentally
measured. In addition, two empirical correlations are provided for them by the curve fitting approach.
Moreover, the sensitivity analysis beside an enhanced artificial neural network is presented to accom-
plish the obtained results. The margin of deviations and experimental results versus those of correlations,
imply the suitable accuracy of the proposed correlation. It is shown that more temperature corresponds
to less dynamic viscosity; it also mildly increases the electrical conductivity. However, the effect of
nanoparticle concentrations is more significant.

� 2018 Elsevier Ltd. All rights reserved.
1. Introduction

Nanomaterials are used in different aspects of sciences these
days; hence their applications are being developed in various fields
like medicine, HVAC, electrical and thermal industrials. Spinel fer-
rites nanoparticles with an overall formulation of xFe2O4 (x = Cu,
Mn, Mg, Zn or similar materials) are generally applied in high-
density absorbing mediums such as ferromagnetic fluids, gas
sensors, magnetic separation and so on. Copper ferrite plays an
essential role as a magnetic substance. In general, copper ferrite
is generated from CuO and a-Fe2O3 powders by a ceramic process-
ing approach, which comprises several steps like powder homoge-
nization, densification, and prolonged high-temperature heat
treatment in several steps. However, the magnetic properties of
the copper ferrite are determined by its phase composition and
can be tuned by changing the production conditions. Moreover,
the magnetic separation would be an attractive alternative to fil-
tration or centrifugation as it avoids a decrease in the catalyst
and increases reusability, rendering the catalyst cost-effective
and is promising for industrial performances [1–3].

On the other hand, nanofluid is composed of nanoparticles dis-
persed in a base fluid. Mainly, it was generated to improve the heat
transfer rate. However, the new high-tech instruments encourage
researchers to propose the new types of nanofluids such as the
hybrid ones to have better thermal efficiency at both sides of
hydrodynamic and thermally. Two main factors should be noticed
whenever a nanofluid is going to be applied: temperature and
nanoparticles mass/volume fraction. Each one of these items would
affect the nanofluid performance significantly. In this regard, a large
number of articles can be addressedwhich have reported the effects
of temperature and nanoparticles concentration on thermophysical
properties of nanofluids. It should be mentioned that physical
parameters like nanoparticles diameter or the type of the base fluid
and nanoparticles can affect the nanofluid performance [4–19].

Investigation the new kinds of nanofluids would lead to
knowing their thermo-physical properties like density, viscosity,
thermal conductivity and electrical conductivity to have the best
choice of nanofluid at various applications. Several papers
presented many theoretical equations to predict the
thermo-physical properties. However, these approaches might
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Nomenclature

ANN artificial neural network
CuFe2O4 copper ferrite
n number of the network weights and biases
N number of training input-target samples
RE relative electrical conductivity
RV relative viscosity
SiO2 silica
t network targets
T temperature (�C)

Greek symbols
a network outputs
l dynamic viscosity (mPa s)
r electrical conductivity (lS cm�1)
u concentration of nanoparticles (gr mL�1)
w network weights and biases

Subscripts
bf base fluid
nf nanofluid
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contain some detours in results especially for the hybrid
ones [20–25].

As a result, the experimental achievements for each one of
nanofluids were presented which in some cases followed by a cor-
relation according to the experimental results. Actual and accurate
values of nanofluid viscosity and conductivity were some advan-
tages of the experimental works. Although, the new and most
expensive experimental would be needed for the new type ones.
Generate, stabilize, disperse, and then the measurement of the
properties are some difficulties in the experimental studies to pro-
pose a new nanofluid. The electrical conductivity of Al2O3, Ag, ZnO,
CNT and GNP nanoparticles dispersed in various base fluids were
reported in the literature [26–33]. The dielectric properties of more
complex nanofluids like SC-TiO2 nanoparticles based on ethylene
glycol, as a function of temperature and frequency, have also been
measured and reported [34].

The present article tries to generate a new nanofluid composed
of copper ferrite nanoparticles coated by silica nanoparticles dis-
persed in water in the homogeneous shape. That is the first time
to produce the nanoparticles of CuFe2O4 which they are coated
with silica. In this way, the hydrophilic surface is manufactured
around the nanoparticles. Then, the values of dynamic viscosity
and electrical conductivity of CuFe2O4/SiO2-water nanofluid are
measured experimentally. Moreover, the suitable correlations are
provided for each of them. These two last points, give the present
work a nice novelty in comparison with other reported papers in
this field. The electrical conductivity of a nanofluid plays a vital
role in the cases of magneto-hydro-dynamic performances. More-
over, as it was seen in the literature review [35–37], several papers
used ANN to present an optimization through the experiment
results. However, this work aims to represent the ‘‘enhanced arti-
ficial neural network” approach for the first time.

2. Problem statement

To prevent settling and agglomeration and of the nanofluid, a
novel approach for preparing CuFe2O4/SiO2-water nanofluid was
employed to achieve a homogeneous mixture. Copper ferrite
nanoparticles are covered with a silica coating, and the base fluid
is distilled water.

Electrical conductivity (r) along with dynamic viscosity (l) of
the nanofluid was measured in laboratory for different values of
/ (nanoparticles concentration with units of gr nanoparticles per
mL of water) of 0, 0.005, 0.01 and 0.02 and different T (tempera-
tures with units of �C) of 30, 45, 60 and 75. The results are shown
in the figures. Two empirical formulas are obtained via curve fit-
ting for prediction of r and l, as a function of nanoparticles con-
centration and temperature. Sensitivity analysis beside an
enhanced artificial neural network was performed to understand
the model better.
3. Experiments

3.1. Prepare the nanofluid sample

Distilled water was chosen as the base fluid while the nanopar-
ticles of CuFe2O4/SiO2 were synthesized by the solvothermal
method in Razi Chemistry Research Center (RCRC), Shahreza
Branch, Azad University, Isfahan, Iran. The measurements of the
structural properties of the dry CuFe2O4/SiO2 nanoparticles by X-
ray (XRD) and TEM images are presented in Fig. 1 to achieve the
characterizations of nanoparticles. The mean size of nanoparticles
is achieved by applying XRD pattern (Bruker-D8 Germany) and
Debye–Scherrer equation (d = 0.9k/(b cosh)); where d shows the
size of particle’s diameter and k = 0.154 nm represents the X-ray
wavelength. Moreover, b and h imply to the full width at half max-
imum and the diffraction angle; which is derived from Fig. 1(a) in
the range of 5–70�. 2.5 h of magnetic stirring generated the stable
homogeneous sample of nanofluid; then the mixture was exposed
to the ultrasonic wave of a homogenizer (Hielscher UP200St, Ger-
many) for 2 h at the frequency of 50 Hz to avoid any agglomeration
and adherence of nanoparticles.

3.2. Measurement devices for viscosity and electrical conductivity

Dynamic viscosity is measured by a ULA spindle of cylindrical
viscometer of LVDV III Ultra from Brookfield, U.S.A with an accu-
racy of �1%. The sample temperature is kept fixed during the pro-
cess by continues rotating water between the cylinder sidewalls
through a circulator bath (MA series form Julabo, U.S.A). Besides,
the electrical conductivity is examined by an RS232 conductivity
meter.

With the intention of validating the measurements, the results
from this work were contrasted against those obtained by Mehrali
et al. [33]. They measured the thermo-physical properties of
Nitrogen-doped graphene (NDG) nanofluid at various concentra-
tions of 0.01–0.06 wt%. A 0.025 wt% Triton X-100 (as the surfac-
tant) and distilled water as the base fluid were used to prepare
the nanofluid above. Tables 1 and 2 show the viscosity and electri-
cal conductivity measurements of base fluid versus Mehrali et al.
[33]; where the reasonable agreements can be seen. The difference
between results can be due to nanofluids preparation methods:
Mehrali et al. [33] have used Triton X-100 as a surfactant in their
research, but present study has been done without using any
surfactant/additives.

3.3. Examined values of dynamic viscosity (l) and electrical
conductivity (r)

Fig. 2 illustrates the effects of temperature on nanofluid
dynamic viscosity as well as electrical conductivity at different



(b) TEM

(a) XRD pattern

Fig. 1. XRD and TEM results for dry CuFe2O4/SiO2 nanoparticles.

Table 1
Validation of viscosity.

Present study Mehrali et al. [33]

Temperature
(�C)

Viscosity
(m Pa s)

Temperature
(�C)

Viscosity
(m Pa s)

30 0.81 30 0.78
45 0.65 40 0.651
60 0.47 60 0.491
75 0.38 70 0.465

Table 2
Validation of electrical conductivity.

Temperature (�C) Electrical conductivity (lS/cm)

Present study Mehrali et al. [33]

30 2.12 4.98
45 2.45 5.42
60 2.54 5.50
75 2.87 –
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Fig. 2. Nanofluid dynamic viscosity and electrical conductivity versus temperature
at different u.

Fig. 3. Nanofluid dynamic viscosity and electrical conductivity versus u at different
temperatures.
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values of u. In general, more temperature corresponds to less vis-
cosity of liquid as it can be seen in those of u = 0% because of the
weaker forces between the fluid molecules at higher amounts of
temperature. This phenomenon has occurred less severely at
higher values of u; so that it changes from l = 0.93 mPa s to l =
0.68 m Pa s at u = 2%. Hence, the more substantial agglomeration
of nanoparticles at higher u leads to less effect of temperature on
the molecules interactions and the Van der Waals forces between
them. However, the plots corresponded to u = 0.005 gr/mL and u
= 0.01 gr/mL show some different variations at T = 60 �C and T =
70 �C in comparison with those of u = 0 gr/mL and u = 0.02 gr/
mL. It is also observed that electrical conductivity increases so
mildly with temperature. However, the effects of nanoparticles
concentrations are entirely significant.

The variations of nanofluid electrical conductivity and
dynamic viscosity with nanoparticles concentration are shown
in Fig. 3 at different temperatures. As can be seen from the fig-
ure, viscosity increases mildly with u at T = 30 �C. Viscosity leads
to having a resistance in the relative motion of fluid which is
momentous in momentum transfer between the fluid layers.
Therefore, adding nanoparticle to the base fluid increases the
mixture viscosity; due to the interactions between nanoparticles
and the base fluid molecules. The higher amount of u corre-
sponds to more nano-clusters made by Van der Waals forces
between the particles which would prevent the motion of base
fluid layers along each other, which represents the more signif-
icant values of viscosity. A difference in trend is seen at higher
temperatures; so that obvious viscosity augmentation is
achieved from u = 0 to u = 0.5%; however, a decrease is occurred
at u = 1% and even following decreasing trends at T = 60 �C and
T = 75 �C. It is worth to say that the variations of electrical con-
ductivity versus nanoparticles concentrations are almost linearly
upward. However, such distinct increment cannot be seen for
temperature augmentation.

Fig. 4 shows the relative viscosity (RV = lnf/lbf) and relative
electrical conductivity (RE = rnf/rbf) versus temperature at various
u. Temperature enhances RV; however, this relation can be seen
with more slop at higher temperatures. However, the opposite
effect of u on the relative viscosity can be observed clearly at T =
75 �C. Nevertheless, temperature has almost a decreasing impact
on RE; that fact can be seen more severely at the state of u =
0.02 gr/mL. Relative viscosity would be affected by u slightly but
in different ways: More u corresponds to less RV at T = 75 �C and
T = 60 �C; in spite those of T = 45 �C and T = 30 �C (see Fig. 5). It is
also observed that the effects of temperature on relative electrical
conductivity are more sensible at more substantial amounts of
nanoparticles concentrations.
4. Sensitivity analysis and propose the correlations

A sensitivity analysis (Figs. 6 and 7) to measure the viscosity
and electrical conductivity dependence to temperature and
nanoparticles concentrations is presented according to the
obtained experimental results, using Eq. (1). To do this, concentra-
tion of nanoparticles is assumed as u0 = 0.005, 0.01, 0.02 gr/mL,
while T0 = 30 �C, 45 �C, 60 �C and 75 �C.



Fig. 4. Relative dynamic viscosity (RV) and relative electrical conductivity (RE)
versus T at different. u.

Fig. 5. Relative dynamic viscosity (RV) and relative electrical conductivity (RE)
versus u at different. T.

ð1Þ
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The sensitivity analysis is presented for both viscosity and elec-
trical conductivity separately at each demanded concentration and
temperature. However, the amounts corresponded to T = 30 �C are
chosen as the reference values. Moreover, the results would
include multiple to 100 to have the percentage value.

The following correlations are proposed to predict the dynamic
viscosity and electrical conductivity according to the curve fitting
method, using ‘‘SigmaPlot 11” software to change the achieved
experiment results to the suitable empirical correlations at the
range of 0.005<u<0.02 (gr/mL) and 30 < T < 75 (�C):

l ¼ 233:2713u0:8623ð1=TÞ0:8623 � 2:6698u0:4821 þ 0:9145 ð2Þ
With the absolute averaged error of 1.5% and only 2 points with
more than 3% error.

r ¼ 111184:8712u0:7432ð1=TÞ0:7432 þ 495:8086u0:6935T0:6935

� 170:8640 ð3Þ
With the absolute averaged error of 3% and only 2 points with more
than 4% error.The errors and margin of deviations of the proposed
correlations are evaluated using the following equation:

which leads to Fig. 8 represents the margin of deviations for l & r.
It is seen that the most margin of deviations is almost ±6% (two
points) for l and -8% (one point) for r, respectively. Moreover,
the cases of u = 0.02 at T = 45 �C and T = 60 �C correspond to highest
deviation for viscosity; however, it is achieved at u = 0.005 and
T = 45 �C for the electrical conductivity. Fig. 9 illustrates the exper-
imental results versus those of correlations. It is seen that the most



Fig. 6. Dynamic viscosity sensitivity versus T at different u.
Fig. 7. Electrical conductivity sensitivity versus T at different u.
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of data are near or on the bisector which implies the suitable
accuracy of the proposed correlations.

5. Enhanced artificial neural network

So far, numerous studies employ the soft computing methods
like ANN and ANFIS to predict the properties of different nanofluids
[35–38]. In several cases, some difficulties arise from the small size
of available data-sets. Usually, small size of the training data-set
causes a low-precision prediction. In that case, neither increasing
nor decreasing the number of hidden layer neurons can improve
the estimated model. An increased number of hidden layer neu-
rons can lead to over-fitting, namely the conditions in which the
error is small for the training data-set but very large for the test
data-set. This is because of the higher the number of neurons,
the more complex the fitted functions. In contrast, the reduction
of the number of hidden layer neurons leads to an early conver-
gence of the learning algorithm, and consequently a poor fit. There-
fore, the conventional interpolation methods (e.g., linear, and cubic
interpolations) may be a better choice than the ANNs for small
data-sets. Nevertheless, the conventional interpolation methods
may not succeed when a high-precision model is required. In that
case, an appropriate ANN should be employed.

When the size of the available data-set is small, the regulariza-
tion may improve the precision of the model obtained by the ANN.
That is due to the following properties:

� The regularization does not require a validation data-set. It uses
all available input-target samples to train the network.

� The regularization can prevent an early convergence of the
learning algorithm, which usually caused by the Levenberg-
Marquardt backpropagation.



Fig. 8. Margin of deviations for l & r from the proposed correlations versus u at
different T.

Fig. 9. Experimental results versus those of proposed correlations.

Fig. 10. The architecture of the utilized network.
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The regularization is based on the correction of the network
error performance function for the training data-set. The network
error performance function is suggested as follows:

F ¼ cF1 þ ð1� cÞF2 ð5Þ
in which F1 is the mean square of the network error:

F1 ¼ 1
N

XN

i¼1

ðti � aiÞ2 ð6Þ

and F2 is the mean square of the network weights and biases:

F2 ¼ 1
n

Xn

j¼1

w2
j ð7Þ

where N is the number of training input-target samples and n is the
number of the network weights and biases. Also, t, a and,w indicate
the network targets, the network outputs and the network weights
and biases, respectively. To preventing over-fitting, the corrected
network error performance function reduces the output error as
well as the weights and biases of the network; hence, it causes
the fitted functions to be smoother. Also, the corrected network
error performance function delays the convergence of the learning
algorithm; hence it can improve the precision of the models.

In Eq. (5), c is the performance ratio that determines the F1 and
F2 contributions to the network error performance function. It is
usually difficult to determine an appropriate performance ratio
to prevent an increased network error or over-fitting. The Bayesian
regularization introduced by MacKay [39] is a method for choosing
the values of the regularization variables including the perfor-
mance ratio in an optimal manner. The Bayesian regularization
selects appropriate distributions corresponding to the variables
through statistical techniques. A detailed description of the Baye-
sian regularization is beyond the scope of this paper. For further
studies, one can refer to [40].

The dynamic viscosity and electrical conductivity are tried to
predict at present paper. The required model has two inputs (i.e.,
/ and T) and two outputs (i.e., l & r). For this purpose, two con-
ventional interpolation methods (i.e., the linear and cubic interpo-
lations) and two ANNs models with different training algorithms
(i.e., the Levenberg-Marquardt backpropagation and the Bayesian
regularization backpropagation) are employed. There is a set of
input-output data with 16 samples obtained by the experiment:
12 samples are used as the training data-set and, four non-
trained samples (u = 0.005 gr/mL) are used as the test data-set.
The ANNs are implemented by MATLAB.

The architecture of the utilized ANNs has one hidden layer and
one output layer as illustrated by Fig. 10. The novelty is not related
to the architecture but the utilized training algorithms. The hidden
and output layers have sigmoid (f1) and linear (f2) transfer func-
tions, respectively. Both ANNs have 15 neurons in the hidden layer.



Table 3
Output error percentages of the investigated models for r evaluated at non-trained samples (/ ¼ 0:005 gr=mL).

/ ¼ 0:005 Linear interpolation Cubic interpolation Levenberg-Marquardt The early stopping Levenberg-Marquardt Bayesian regularization

T ¼ 30 �C 22.7 21.8 70.3 67.3 4.4
T ¼ 45 �C 15.3 14.1 27.6 25.4 0.3
T ¼ 60 �C 11.0 9.8 107.1 108.3 1.5
T ¼ 75 �C 9.6 10.6 78.8 77.1 1.3

Table 4
Output error percentages of the investigated models for l evaluated at non-trained samples (/ ¼ 0:005 gr=mL).

/ ¼ 0:005 Linear interpolation Cubic interpolation Levenberg-Marquardt The early stopping Levenberg-Marquardt Bayesian regularization

T ¼ 30 �C 0.3995 0.19 10.6 10.3 4.2
T ¼ 45 �C 10.5981 9.6847 25.6 27.5 6.5
T ¼ 60 �C 20.4667 15.2332 39.7 35.6 3.7
T ¼ 75 �C 27.7438 21.4088 11.0 12.3 1.3
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Output error percentages of the investigated models including
the linear and cubic interpolations and the ANNs with the
Levenberg-Marquardt and the Bayesian regularization training
algorithms evaluated at non-trained samples (u = 0.005 gr/mL)
are presented for l & r in Tables 3 and 4, respectively. Also, the
early stopping (i.e., modifying the Levenberg-Marquardt training
parameters to decelerate its convergence rate) is checked. The
results are also reported in Tables 3 and 4. It can be observed that
the Bayesian regularization provides better generalization perfor-
mance than both the original and early stopping versions of the
Levenberg-Marquardt.

It can be observed that the linear and cubic interpolations have
moderate errors while the ANN with the Levenberg-Marquardt
Fig. 11. The regression plots of the ANNs with the L
training algorithm has unacceptable errors. On the contrary, the
ANN with the Bayesian regularization significantly reduces the
errors. That is necessarily due to the facts that the Bayesian regu-
larization delays the algorithm convergence, uses all 12 data sam-
ples for the training phase and prevents over-fitting.

The regression plots for the ANNswith the Levenberg-Marquardt
and Bayesian regularization training algorithms forr are illustrated
in Figs. 11 and 12, respectively. In these diagrams, the outputs of the
ANNs are plotted against the targets. For ideal training, the slope and
the offset of a regression fit should equal to 1 and 0, respectively.
Also, the regression value of 1 represents a perfect fit.

It can be observed that the Levenberg-Marquardt algorithm
achieves acceptable fits during the training phase while the fitting
evenberg-Marquardt training algorithms for r.



Fig. 12. The regression plots of the ANNs with the Bayesian regularization training algorithms for r.

Fig. 13. The results of the model outputs r for dissimilar input values / and T.
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errors are very high in the test phase. It confirms that over-fitting
has occurred in this case. On the contrary, it is observed that Baye-
sian regularization training algorithms desirably preserve the accu-
racy of the estimatedmodel for both the training and testing phases.
It can be concluded that the Bayesian regularization outperforms
the Levenberg-Marquardt in dealing with small training data-sets
when the number of hidden layer neurons is kept as low as possible.
Asmentioned, the numbers of hidden neurons are selected identical
to provide comparable ANNs. However, their best performancemay
be obtained at various hidden neuron numbers or initial conditions.
Both ANNs are trained for 5 different hidden neuron numbers and
ten random initial conditions to consider their effects. The best per-
formances of the ANNs are provided in Table 5.

Once the model is achieved, the outputs (i.e., r and l) can be
estimated in the investigated range of the inputs (i.e., / and T).
In other words, the ANN can interpolate between available data
samples. The results of the model outputs for different input values
are illustrated in Figs. 13 and 14, respectively. Unlike correlations,
Table 5
The best output error percentages of the ANNs having dissimilar hidden neuron numbers and initial conditions evaluated at non-trained samples (/ ¼ 0:005 gr=mL).

r l

Levenberg-Marquardt Bayesian regularization Levenberg-Marquardt Bayesian regularization

/ ¼ 0:005 gr=mL; T ¼ 30 �C 53.7 3.3 8.7 4.1
/ ¼ 0:005 gr=mL; T ¼ 45 �C 23.1 0.3 12.2 2.3
/ ¼ 0:005 gr=mL; T ¼ 60 �C 56.1 1.0 29.1 2.1
/ ¼ 0:005 gr=mL; T ¼ 75 �C 21.9 1.2 7.7 1.1



Fig. 14. The results of the model outputs l for dissimilar input values / and T.
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the ANN models are non-parametric. In other words, there is no
rigorous mathematical equation for an ANN model. The ANN is
numerically trained to map inputs into outputs. Therefore, the
ANNs are more flexible than parametric methods offering excellent
potential for curve fitting and interpolation. If the ANN is well-
trained, it can estimate outputs at non-trained input data set with
any arbitrary precision. The inputs, outputs, architectures and
training algorithm details of the utilized ANNs are mentioned in
the manuscript.

6. Conclusion

The CuFe2O4-SiO2/water nanofluid was prepared with provi-
sions to produce a homogeneous mixture without agglomeration
and settling. Dispersion of nanoparticles inside the water was
done, and silica-coated copper ferrite nanoparticles were used for
this purpose. As a result, the nanoparticles had a hydrophilic sur-
face. For different temperatures (T) of 30, 45, 60 and 70 �C, electri-
cal conductivity and the dynamic viscosity of CuFe2O4-SiO2/water
nanofluid were experimentally measured by varying the nanopar-
ticles volumetric concentration (u) between values of 0, 0.005, 0.01
and 0.02 gr/mL. Consequently, correlation formulas were obtained
for each case. The deviation between correlated and experimental
values was small which shows the superior performance of the
model, which is the novelty of this work compared with other pre-
viously published papers. Sensitivity analysis was also carried out
beside the enhanced artificial neural network model to understand
the importance of each variable.

Higher temperature values correspond with lower viscosity val-
ues, but this relationship was weak for higher nanoparticles volu-
metric concentration values. As a result, viscosity changes from
0.93 to 0.68 m Pa s for u = 2%. A mild increase in electrical conduc-
tivity was observed when the temperature was raised, but
nanoparticles concentration has a significant effect on the studied
quantities.

Viscosity has a weak increasing relationship with u for 30 �C.
However, higher viscosity values obtained for higher nanoparticles
volumetric concentration values. Increasing u from 0 to 0.5%
resulted in a higher viscosity but increasing it further to 1%
resulted in a lower viscosity. Interestingly, the decreasing trend
was also visible for 60 and 75 �C temperatures. Electrical conduc-
tivity has a linear relationship with the concentration of nanopar-
ticles, but it is almost insensitive to temperature.

Relative viscosity (RV) has a growing relationship with temper-
ature which is stronger for higher temperature. RV is inversely pro-
portional with u at 75 �C temperatures. Relative electrical
conductivity (RE) is reduced by increasing the temperature which
the most influential effect is observed for 0.02 gr/mL concentra-
tion. RE has a slight decreasing relationship with temperature
which is stronger for 0.02 gr/mL nanoparticles concentration. Con-
centration of nanoparticles affects relative viscosity, but the effect
is non-uniform. Higher u values result in lower relative viscosity
for 60 and 70 �C temperatures, but higher relative viscosity for
30 and 45 �C. Variations of relative viscosity are more limited at
higher u values. It is also observed that the influence of tempera-
ture on relative electrical conductivity is more visible for higher
values of u.
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