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This work investigated the effectiveness of artificial neural
network (ANN) for modelling the performance characteristics of
a new magneto-rheological fluid (MRF). The MRF was developed
from paraffin oil, carbonyl-iron particle and grease. The
performance characteristics were investigated experimentally to
ascertain the effects of magnetic field strength, the proportion by
mass of carbonyl-iron particle and grease on the yield strength
and the sedimentation ratio of the fluid. Then ANN was developed
based on experimental data, and its performance was evaluated
using R-square and mean square error values. The yield strength
of the developed MRF was significantly affected by the
percentage of carbonyl-iron particle added and the magnetic field
strength. On the other hand, the proportion of carbonyl-iron
particles and grease additive affected the sedimentation ratio.
The developed ANN performed satisfactorily for all data sets used
for training, validation and testing of the model. The error
between predicted responses and those of experiments were very
similar, having values of R-square close to 1. Overall, the
artificial neural network was an effective tool for modelling the
rheological performance of the magneto-rheological fluid.
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1. INTRODUCTION
A magneto-rheological fluid (MRF) is a smart material whose rheological properties change in the presence
of a magnetic field. To a high degree, MRFs remain the highest researched and applied type of smart material
due to their favourable advantages (Wang et al., 2018). They are applied in different devices such as dampers,
clutches, breaks, prosthetics, and polishing (Park et al., 2010; Ahamed et al., 2018). Commercially available
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MRF are prepared by mixing carbonyl iron magnetic particles with silicone oil-based fluid, and some
additives are added to enhance the performance (Ashtiani et al., 2015).
Due to the high cost of silicone oil, concatenated efforts have been made towards developing new types of
MRF from cheap and readily available fluids (Kumar et al., 2019). Also, development of an MRF requires
a degree of predictability for ease of their use in MRF devices. As new MRF types are developed, research
efforts are geared towards developing suitable models that can be used for simulating MRF characteristics.
In the early years of MRF development, the focus was to identify the yield stress and viscosity affected by
magnetic field and shear rate (Berli and Vicente, 2012). Noting that an MRF does not behave like a
Newtonian fluid when in contact with a magnetic field, researchers adopted the Bingham model for its
investigation. The Bingham model, which relates shear stress to shear rate, assumes that the fluid is
viscoplastic (Wang and Gordaninejad, 20006). Later on, based on specific advantages, other viscoplastic
models were adopted for modelling the rheological behavior. Some of these models include the Herschel–
Buckley (Fang et al., 2009), Casson (Mitsoulis, 2007), Biviscous (Goldasz and Sapinski, 2012) and
Papanastasiou (Papanastasiou, 1987). Further details of these models, as applied to MRFs, can be found in
the reviews done by Ghaffari et al. (2014) and Ashtiani et al. (2015). Several studies have shown
discrepancies in the results obtained using these models. It was discovered that these models offer a level of
inconsistency with experimental results at low shear rates (Claracq et al., 2004). Also, some show a low level
of fitting accuracy (Kim et al., 2013), and some are more suitable for specific conditions than others (Au et
al., 2015). Moreover, negative values of dynamic yield stress have been obtained using some models
(Rabbani et al., 2017).
Quite early enough, it was discovered that other factors, besides magnetic field and shear rate, matters when
characterizing MRFs. So, several different models were developed to predict yield stress and other variables
as affected by different factors. Some models estimate the yield stress from the magnetic field (Claracq et
al., 2004; Piao et al., 2015). A model that captures both temperature and magnetic field to determine yield
stress has been reported (Sahin et al., 2009; Guerrero-Sanchez et al., 2009; Rabbani et al., 2015). Therefore,
one major problem is to seek a model that can suitably take several varying factors that may significantly
affect MRF performance.
Evolutionary algorithms could address specific challenges with modelling MRF behavior. A number of
artificial intelligence (AI) techniques have been applied in the modelling of MRF properties. The application
of AI to modelling the magnetic behavior of some magnetic nano-particles has been reviewed by (Bahiraei
et al., 2019). In their review, different AI models were used to predicted the rheological behavior using
magnetic field and other varied MRF properties. AI techniques applied so far include support vector machine
(Rabbani et al., 2017; Li et al., 2020), ant colony and bee combined technique (Xu et al., 2017), Fruitfly
algorithm (Yu et al., 2016), artificial neural network (ANN) and deep learning (Bahiuddin et al., 2018).
The use of artificial neural network for modelling and predicting responses has some advantages, including
the ability to handle multiple responses, nonlinearity, and noise with good speed and high accuracy (Lee and
Chen, 1993; Bahiraei et al., 2019). A particular report presented the modelling of magneto-rheological
materials with ANN, which has aided the easy predictability of viscosity and thermal conductivity of Ferrite,
silicone oil-based MRF (Esfe et al., 2017). Another work discussed yield stress prediction based on magnetic
field and concentration of particles for water-based magnetite ferrofluid using ANN (Shahsavar et al., 2020).
Rabbani et al. (2017) developed an ANN that can effectively be used to predict the dynamic yield stress from
temperature, field strength and shear rate for carbonyl iron particle (CIP) based MRF. Razi et al. (2014)
applied ANN to model the rheological behavior of MRF prepared using CIP and Xantham gum as additives.
The findings of existing research that applied ANN for modelling of rheological properties of MRF cannot
be satisfactorily used to make a general conclusion on the effectiveness of ANN for modelling MRFs,
particularly the emerging types. More so, the effectiveness of ANN for modelling several other influencing
factors and outputs variables of MRF is yet to be investigated.
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Therefore, this work aims to investigate ANN’s effectiveness in modelling and predicting the performance
characteristics of a CIP and paraffin oil-based magneto-rheological fluid that is enhanced with grease.
Specific objectives to be pursued includes to develop the MRF following standard procedure, obtain the
performance characteristics for different samples, developed an ANN model, and investigate the
performance of the model for predicting its performance characteristics.

2. MATERIALS AND METHODS
2.1. Materials
This research made use of magnetic particles (Carbonyl Iron particle of size range 3-5 um, obtained via
Aliexpress from Chengdu Huarui Industrial Co. Ltd, China), carrier fluid (Paraffin oil of viscosity of 32
mPa, density of 0.8 g/cm3 at room temperature, obtained from O and J Chemical Store, Delta State, Nigeria),
additive (Lithium grease, type: Filtex, obtained locally). Other items include water and petrol.

2.2. Samples Preparation
Sixteen samples were prepared following the standard procedure (Ashanti et al., 2015; Guo et al., 2018),
which involved measuring the proportion of each constituent needed, mixing appropriately and using as
needed. The mixing proportion of CIP and added additive for the 16 samples were based on a 3 level, Taguchi
experimental design, and the upper and lower limits are shown in Table1. The selected values were similar
to range of values reported in the literature (Chin et al., 2001; Gopinath et al., 2020). The weight of CIP,
paraffin oil and lithium grease needed to prepare the desired sample were measured using a beam balance.
The measured CIP was mixed with the measured grease and stirred for 10 minutes at 2000 rpm using a
mechanical stirrer, and poured into a beaker containing the paraffin oil. They were then stirred further at
2000 rpm using the mechanical stirrer for five (5) minutes. After stirring sufficiently, the samples were used
for experiments.
Table 1: Upper and lower limits of variables for experimental samples
Lower
Upper
Factors
Name of variable
bound
bound
A
Weight of CIP (wt%)
40
70
B
Weight of Additives (wt%)
0
3
C
Magnetic field strength (T)
0.5
1.5

2.3. Experiments
The goal of the experiments was to obtain valuable data needed for building and testing the ANN. The
viscosity for the different samples was measured with a viscometer. The magnetic field was induced to the
sample using a locally developed magnetic device shown in Figure 1. Each sample was tested for a magnetic
field strength of 0.5, 1.0, 1.2 and 1.5 T, based on the capability of the magnetic device. Thus, a total of 64
tests carried out in all.

Figure 1: Electromagnetic device used to induce magnetic field into the developed MRF
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Experimental data of shear stress as affected by shear strain were obtained with the aid of a rheometer.
Different portions of the developed samples were then assessed for rheological responses: viscosity and shear
stress, for varied magnetic fields and shearing speeds. After that, the yield stress, a major characteristic
parameter for MRF, was determined using the Bingham model (Equation 1), which is the most utilised and
simplified form of rheological models (Ghaffari et. al., 2014). is the shear stress, is the yield stress, is
the viscosity and is the shear rate.

=

+

(1)

The visual inspection or direct method was applied to determine the stability of the developed MRF. The
method is widely applied to investigate the stability of MRF (Guo et al., 2018). Here, visual inspection was
used to estimate the rate at which the iron particles settled in each of the MRF samples. This was achieved
by comparing the heights of the suspended particles and the total height of the prepared sample after leaving
for 24 hrs. The height of the suspended phase (Hsp) and the settled phase (Hst) were obtained using a
calibrated beaker containing the MRF sample. Equation 2 was used to estimate the sedimentation ratio (Rsd)
for each sample.

=

(2)

2.4. Development of Artificial Neural Network Model
The artificial neural network developed was based on the experimental data described in section 2.3. The
sole aim was to build an ANN-based MRF model useful for both predictions and simulation purposes. The
fitting tool of the neural network graphics user interface (GUI) in MATLAB was used for developing the
ANN. It was a feed-forward multi-layer network which was built with three inputs consisting of magnetic
field strength, percentage mass of CIP and the additive, while yield stress and sedimentation ratio served as
outputs. A total of 64 entries from the experiment were used to train the network. Varied number of hidden
neurons 10, 12 and 20 were employed in setting the network on different occasions to ascertain the best
number of hidden neurons for optimum performance of the network. The data was split into three sets, and
70% (44) was used to train the network, 15% (10) was used for validation of the network, and 15% (10) was
used to test the network after training. The network was trained using the Levenberg-Marquardt algorithm
by adjusting the weights associated with the neurons based on Equation 3. The network's performance was
evaluated using the mean square error and comparing R-values of the generated regression plots and error
histograms.

=

∑

+

(3)

Where f is the operating function, Ni is the ith input, B is the connection weights, C is the bias, m is the ith
input and Ai is ith output of an ANN.

2.5. Analysis of Variance
The variance within and between the experimental data set and the predicted values using the developed
ANN was estimated using the ANOVA solver in Microsoft Excel version 2013. The P-values were
calculated at a 5 % confidence level, and it helped ascertain if there were significant variation in the data set.

2.6. Performance Assessment of the ANN Model
The errors were estimated for both data obtained from experiments and those predicted using the developed
ANN. Two statistical metrics were used, and they were the correlation coefficient (R) shown in Equation (4)
and the coefficient of determination (R2) shown in Equation 5. The residual standard error measures the
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absolute difference between predicted and experimental values. In contrast, R-square values provides
information on the percentage of the variance of the dependent variable explained by the ANN. Then also,
the mean square error (MSE) shown in Equation 6 was used to estimate the mean value of error between the
experimental and predicted values.
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n is the total number of samples, i is the sample/serial number, 58. is the ith predicted outcome, 5"8 is the
average value of predicted outcomes, 567. is the ith experimental value, and 5"67 is the average of the
experimental values.

3. RESULTS AND DISCUSSION
3.1. Characteristics of the Developed MRF
The effect of the constituting amount of CIP and additive (grease) on the yield stress is shown in Figure 2.
As evident, the yield stress rose uniformly as the mass of CIP increased, and the ratio of yield stress and
mass of CIP was constant for all values of additives added. Yield stress is known to increase with the addition
of magnetic particles, as reported in the literature (Gopinath et al., 2020). However, increasing the proportion
of magnetic particles negatively affects the dispersion stability. Hence additives are usually applied. For this
study, the addition of additive (grease) does not affect the values of yield stress significantly (P>0.05). So
generally, the addition of grease up to 9.228 g (3 %) does not show any significant effect on the yield stress
for CIP-paraffin oil-based MRF.
The sedimentation ratio was determined using Equation 3, and the values for different samples as affected
by the mass of CIP and grease that was added is shown in Figure 3. It can be observed that the value of the
sedimentation ratio increased as the mass of grease increased from 0 to 9.228 g. Additionally, for a particular
mass of grease, increasing the proportion of CIP resulted in decreasing sedimentation ratio. The
sedimentation is the major challenge facing MRF (Kumar et al., 2019), and grease has been reportedly used
to tackle sedimentation of some other MRF types (Chin et al., 2001; Kumar et al., 2019). In like manner, the
application of grease is shown to have reduced the sedimentation for CIP-paraffin based MRF in this study.
Figure 4 gives the relationship between yield stress and CIP for varied field strength. It can be seen that for
all masses of CIP employed in the experiment, the yield stress increased uniformly with increasing in field
strength varied from 0.5T – 1.5T. The dependency of the yield strength on the magnetic field confirms its
capability to serve as a suitable MRF material. This is a description of the intelligent behaviour of the CIPparaffin oil-based MRF. MRFs are widely adopted based on the ability of their rheological property to
change in the presence of a magnetic field (Park, et al., 2010). Like other MRF types, yield strength is known
to increase with magnetic field due to the formation of a chain-like structure of the magnetic particles
(Swaroop et al., 2020).
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Yield stress at 1.2 T field
strength (Pa)
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180
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Figure 2: Graph of yield stress at 1.2 T vs mass of CIP for a varied proportion of grease
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2500
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86

Yield stress (Pa)

Sedimentation ratio (%)

90

84
82
80
78

0.5 T

1T

1.2 T

1.5 T

1500
1000
500

76
0

74
0

3.076
6.152
9.228
Mass of grease (g)

Figure 3: Graph of sedimentation ratio vs mass of
grease for different masses of CIP

123.04

153.8 184.56
CIP (g)

215.32

Figure 4: Graph of yield stress vs mass of CIP for
different field strength

3.2. Correlation Analysis
Table 2 gives the Pearson correlation coefficient between the input variables (magnetic field intensity,
proportion of additive and grease added) and the outputs (sedimentation ratio and yield strength). It is evident
that the magnetic field is strongly correlated with the yield stress since the correlation coefficient is 0.92
(close to 1), but it has no correlation with sedimentation ratio, having values of correlation coefficient equal
to 0. This implies that as magnetic field values go up, the yield stress would increase positively, without
affecting the rate at which sediments would be form during usage. The additive does not correlate with the
yield stress of the MRF (having a correlation value of -0.01, which is very close to 0, but it is positively
correlated with the sedimentation ratio. This is an implication that increasing the values of additive would
not significantly affect the yield stress but would improve the stability property of the CIP and parrafin oil
MRF. The amount of added CIP is slightly correlated with the yield stress of the MRF, so an increase in the
proportion of CIP would mean higher values of yield stress. However, proportion of CIP has a high negative
correlation with sedimentation ratio, such that as the quantity of CIP in the MRF is increased for more yield
strength, more particles are likely to settle with time. However, this negative effect of mass of CIP on the
MRF sedimentation property can be addressed using suitable amount of additive.
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Table 2: Correlation between the inputs and outputs
Yield stress
Sedimentation
(Pa)
ratio (%)
Magnetic field intensity
0.92
0.00
Mass of additive
-0.01
0.59
Mass of CIP
0.23
-0.71

3.3. Performance of the Developed Artificial Neural Network
A 2 layer neural network with three inputs, ten hidden and two output neurons was found satisfactory. A
number of retraining for the network helped to change the initial weights and biases of the network. The
training was completed after 26 epochs. The GUI of the built artificial neural network is seen in Figure 5.
Based on the error analysis discussed in the following section, the neural network performed satisfactorily
after a chain of retraining and changing the numbers of hidden neurons.
Figure 6 is a performance plot of the network. It represents a highlight of the training, validation and testing
errors as the number of iterations increases until there is convergence. The red, blue and green lines represent
the outcome of the testing, training and validation data set, respectively. The result is reasonable as the test
and validation errors have similar characteristics. Out of 30 iterations, no significant overfitting had occurred
by 24 iterations. This is the point where the best validation performance occurs. The other 6 epochs showed
no reasonable change in error. Thus, the network with the described specifications was considered good.

Figure 5: A screenshot of the neural network graphics showing the trained network ready for performance
evaluation
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Figure 6: Performance plots of the developed neural network

The regression plots for the neural network's training, validation, and testing data sets is shown in Error!
Reference source not found.7. It represents the network’s outputs with their corresponding targets plotted
on the x and y- axis, respectively. Most data sets fall along the 45-degree line where network outputs are
equal to targets. The fit is reasonably good for all the data sets, with R-values being 1, 0.99999 and 0.99999
for training, validation, and testing, respectively. The R-values being very close to 1 indicates that the
network properly models the input to the output. Figure 8 is the error histogram of the developed neural
network. The blue, green and red bars are for the training, validation and testing dataset, respectively. This
histogram shows outliers (data points where the fit is significantly worse than a majority of the data). As
observed, the mean square error is -254. This result is acceptable as the final mean square error value is
minimal compared to values of several other iterations.

Figure 7: Regression plots for the developed neural network
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Figure 8: Error histogram for the developed network

3.4. Responses from Experiments and ANN Predicted Values
The responses from experiments and those predicted using the developed ANN were collated and presented
as follows. The connection between sedimentation ratio and mass of grease added for experimental and ANN
predicted values is shown in Figure 9. Analysis of variance for both values showed no significant difference
with a p-value >0.05 for both cases (ANN predicted and experimental values). The sedimentation ratio was
found to be higher for lower values of CIP and higher values of added grease. So the experimental data bore
a similitude to the ANN data.

Sedimentation ratio (%)

90

EXP (3 % Grease)
ANN (3% Grease)
EXP (2 % Grease)
ANN (2% Grease)
EXP (1 % Grease)
ANN (1% Grease)
EXP (0% Grease)
ANN (0% Grease)

85
80
75
70
123.04

153.8
184.56
Mass of CIP (g)

215.32

Figure 9: A graph of sedimentation ratio vs mass of grease

Figure 10 presents the result for the impact of CIP (using chosen field strength and a particular mass of
additive for both experimental and ANN data) on the yield stress. As seen, yield stress took an upward stroke
uniformly with an increase in mass of CIP, and for the selected mass of CIP, there was a sharp jump in yield
stress as the field strength increased with no significance difference in the experimental and ANN data sets.
The rate at which the yield stress increases in a magnetic field is higher than that at which it increases when
there is no field strength. The values of experiments and those obtained via ANN prediction are closely
related, and they do not show any significant variation statistically (having p-value greater than 0.05).
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1.2 T, 9.228g Add (Exp)

Yield stress (Pa)

1400
1200
1000
800
600
400
200
0

123.04

153.8 CIP (g) 184.56

215.32

Figure 10: Graph of Yield Stress vs mass of CIP

3.5. Goodness of Fit Statistics
The extent to which the ANN predicted values correlates with those of experiments were determined using
Equations 4 and 5, and the result is shown in Table 3.
Table 3: Goodness of fit
Yield
Sedimentation
Metric
stress
ratio
R
0.999998
0.999851624
R2
MSE

0.999996
2.33587

0.999699942
1.316384697

It can be seen that the R and R-square values for both yield stress and sedimentation ratio are very close to
1. This implies that the ANN predicted values and experimental values are closely related. Also, the mean
square error calculated based on Equation 6 is small, indicating that the ANN performs satisfactorily
predicting the rheological properties of the developed MRF. The values of R and R-squared were very close
to 1, indicating the near-perfect level of accuracy with which the ANN could predict outcomes. This high
level of accuracy is well known for the application of ANN to the modelling and predicting multiple outputs
(Bahiraei et al., 2019).

4. CONCLUSION
This work reports the effectiveness of ANN for modelling and simulating the performance of an emerging
MRF type produced with CIP, paraffin oil and grease. Rheological and stability properties of the MRF were
first studied. It was shown that the yield stress increase with increasing proportion of CIP and introduction
of a magnetic field, but it is not affected by the addition of grease as additive. The addition of grease
effectively enhanced the sedimentation property of the MRF. ANN that is made up of three inputs and two
output variables performs satisfactorily when used to model the rheological and stability characteristics of
the MRF. The inputs were mass of CIP, mass of grease and magnetic field strength, while the outputs were
yield strength and sedimentation ratio. The positive extrapolating ability of the ANN for the novel MRF as
judged by the MSE values was confirmed, and its optimal level of accuracy was also remarkably
demonstrated. The correlation between variables did not affect the developed ANN, as its efficiency was
high even though there was no correlation between some of the input variables and the outputs. After
extrapolating outputs using the developed ANN, the errors were analyzed using several correlation
coefficients. Overall, the MRF produced from CIP and paraffin oil, enhanced with grease, performs
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satisfactorily, and ANN models can be adopted for the simulation of useful responses needed for its
application.
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