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Abstract

A Magneto-Rheologial ¥/ ) damper exhibits a hysteretic and non-linear behav-
ior. This behavior makes it a challenge to develop a modeihigrsystem. The
present research is centered on proposing and analyzinditiecent fuzzy mod-

els of anM R damper based on experimental data. The first model uses gt Ada
tive Neuro-Fuzzy Inference Systerd {V F'1.5) and the second combines fuzzy
methods with semi-phenomenological models. The resultsvet that fuzzy
modelling can be a powerful framework to capture the behlavidighly non-
linear systems. Among the various input patterns analstegped electric current
signals allowed a better training of theV F'1.S model. Both proposed structures
obtained Error to Signal Ratid{S i) values of less than 0.1 for the majority of
the experiments. This intensive experimental study comfiiprevious theoretic
work done forM R damper model fitting.
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1 Introduction The present study is motivated on the aforementioned
Magneto-Rheological i/ R) fluids are non-colloidal ggﬂlsir:l%est;;atgg\{o_llyﬁg }B(:ZC; m%%er?sogghgrgogzgg and
sn,!spensions of particlgs with a s_ize onthe orde_r of a_lfe alyzed. Experimental data sets were obtained at the
microns [1]. These fluids are unique due to their abilityy, e hanical testing laboratory of Metalsa Section 2

to change their properties reversibly between fluid anfoqents a literature review. Section 3 discusses the
solid-like states in milliseconds upon the application o xperimental setup and design of experimemsk).

amagnetic field. Sections 4 and 5 describe the models proposed and the

Among a broad spectrum of application®]R fluids results. Section 6 discusses the results. Finally, section
have been widely utilized for vibration damping sys-/ concludes the research.

tems. In the past decade, there has been an increggy, 1 defines the variables that will be used through the
ing interest of scientists and engineers on th&s& paper.

fluid dampers and their applications [2{{ R fluids are

appealing for damping systems since they can operate

at temperatures ranging from 40 to 150 with only Tab. 1 Variables.
slight variations in the yield stress. Additionally/ R [ Variable | Description
fluids are almost insensitive to impurities and can be : - :

. . X(t Linear displacement, in
controlled with low voltages (12-24 V) and an electric V8 Cinear velgcity /s
current driven power supply outputting 1-2 A [3]. 10) Electric curren’t A
An M R damper can be regarded as a semi-active sus- | F(t) M R Damper output force, Ibf
pension system. These systems offer the reliability of | F(t) Estimated) R damper force, Ibf
passive devices, but maintain the versatility and adapt- [ T Total number of discrete samplgs

ability of active systems. A semi-activel R damper

is a non-linear dynamical system, where the inputs can
be the elongation speed and the electric current. TH2 | iterature Review
current is the control input that modulates the damping .
characteristic of thé/ R fluid through the variation of 21 MR Damper Modelling

a magnetic field. The output is the force delivered byyifferent modelling techniques have been studied for
the damper. MR dampers. In [2], [8], and [4] phenomenolog-

Although M R dampers are greatly promising for con-ical modelling techniques have been explored in or-

trol scenarios, their major drawback lies on their nonder to obtain} R damper models. In [9], semi-
linear and hysteretic behavior, Fig. 1. Furthermore, thehenomenological techniques were used to develop a

design of a controller generally requires to model th athematical model able to describe the hysteretic be-

system, which becomes a non-trivial task when it comgaavior of theM R damper. The research done in [3]
to M R dampers [4]. compared three different model structures for did?

damper including a black-box one based on Non-linear
ARX (NARX) models. The performance index se-
lected by the author for comparing the results was the
Error to Signal Ratio £SR). The index value is one

o if the model is trivial and zero if the model is perfect.

The definition for theESR is shown in Eq. 1 taken

20 from [3], whereT indicates the total number of discrete
g ' samples.
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A Takagi-Sugeno-Kandl(S K) fuzzy model can be se-
Fig. 1 M R damper behavior. Force is plotted againstected for modelling complex systems. The fuzzy rules
velocity at five electric current inputs. of the model can be determined by adaptively generat-

ing them based on input and output data or by select-

ing them by hand. The inputs of the model are fuzzy

In [5], an Adaptive Neuro-Fuzzy Inference System, 4 ihe out ;
e ; puts are crisp. The total output of the sys-
(AN FI5) was explored for fitting simulated data ob-yo, is calculated using the weighted average of the out-

tained with the Spencer model, [2]. THEVF'LS was put functions [6]. The system can use a hybrid learn-
proven to fit the simulated data to an acceptable degree.

Similar results can be observed in [6] and [7]. www.metalsa.com.mx




ing algorithm that combines the backpropagation graised. The bandwidth of displacement was 0.5 - 14.5
dient descent and least squares methodBSA fuzzy Hz, which lies within normal automotive applications.
model trained in this manner is often named Adaptiv@ he experimental setup is shown in Fig. 3.
Neuro-Fuzzy Inference SysterAV F'15).

If a first-order ANFIS consists of three inputs and
one output (each input with three possible membership
functions), and only three fuzzy rules are selected as
shown in Egs. 2 - 4,

Ifx(t)is Ay and v(t) is By and i(t) is Cy

2
then f1(t) = p1z(t) + qro(t) + ri(t) + 1 @)
If x(t)is Ay andv(t) is By and i(t) is Ca
_ 3)
then fa(t) = pax(t) + qau(t) + r2(t) + s2
If x(t)is Az and v(t) is Bz and i(t) is Cs @) Fig. 3 Experimental setup.

then f3(t) = psx(t) + qsv(t) + r3i(t) + s3

Eight of the 29 tests were chosen for this study. In
wherez(t), v(t), andi(t) are input language variables; the experiments, the electric curreiit,), patterns were
Aj;, Bj, andC; are fuzzy setsf; (t), f2(t) andfs;(t) are  Stepped Increments$ (), Increased Clock Period Sig-
output language variables;, ¢;, 1, ands; are the out- nal (/CPS), Pseudo Random Binary Signd 2 B.5),
put parameters of the fuzzy system, then Fig. 2 wouldnd AmplitudePRBS (APRBS). Road Profile & P)
represent thel N F'1S structure for the first-order fuzzy signals were used as the displaceme(t), input pat-
system. ThéV; andWn; represent the degree of fit- tern. TheRP signals reach a maximum amplitude of
ness and the normalized fitness of the fuzzy rules, ré-5 in and emulate the dynamics of a damper used in
spectively. automotive applications. Various replicates of the ex-

periments were performed and used as validation data.
The specific patterns of the eight experiments are shown
in Tab. 2. Fig. 4 shows the patters used for experiments
three and four. For experiments six to eight, stepped
increments of 0, 0.4, 0.8, 1.2, 1.6, 2.1, and 2.5 A, each
with a duration of 30 seconds, were utilized. The seven
replicates for the last three experiments correspond to
F(t) the seven constant current stepped increments.
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Fig. 2 ANFIS structure of a first-order fuzzy model W

with three inputs and one output. For simplicity, only s 5 .
three fuzzy rules, out of the 27 possible combinations, Time (sec) Time (sec)
are considered. (a) Exp. 3. (b) Exp. 4.
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Fig. 4 Displacement and electric current patterns for ex-
; periments 3 and 4. Both experiments were done using
3 Experimental System an RP displacement pattern afdRBS and APRBS
A Delphi MagneRidéM )/ R damper was used to per- electric current signals, respectively.
form a total of 29 tests [10] . An MTY'GT con-
troller testing system was used to control the position of
the damper. A FlexteSY'data acquisition system com-
manded the controller and recorded the position an%l ANFISModel
force of theM R damper, as well as the electric currentAn AN FIS structure was proposed for modelling the
on the coil. A sampling frequency of 512 hertz wasM R damper. Displacement, velocity, and electric cur-



Tab. 2 Experiments

-

1

Displacement E. Current ‘
Exp. | Pattern Pattern Replicates 08 i
1 Smooth Highway RP| ICPS 11 o BB
2 Smooth Highway RP| APRBS 11 oel
3 Smooth Highway RP| PRBS 11 P
4 Long Duration RP | APRBS | 3 ;“5 T
5 Long Duration RP ICPS 4 Woar T+ [
6 | RP SC 7 0 = | =
7 RP sC 7 o + E ]
8 RP SC 7 + L
0Lp o =
o ‘
rent were used as inputs, and the damper force was t ' ’ P Ggeimems ! ’

output. The model resembles the one in Fig. 2, but

contains 27 fuzzy rules for all possible combinations ofig. 5 ES R by experiment forAN F1.S model 1. The
inputs. Three Gaussian membership functions were urror of the model greatly increased when validated
lized to fuzzify each input. The outputs of the systenwith experiments 3 and 6 to 8.

were selected as linear functions.

One AN F'1S model was trained using the first repli-
cate of each set of experimental data after being norme
ized. The training was done until the error decreased t

o
N}
T
*

less than a threshold. Then, the eight trained F'1.5 0.18f *
models were validated using the experimental data. Tt |
AN F1S models were named after the experiment witt
which they were trained. Tab. 3 presents the avera¢ <0141
ESR obtained by the models when validated with the <, *
experimental data sets. &

Yooal £ =

The box plots on Fig. 5 and 6 show tHeSR ob- _

tained by models 1 and 7. The figures present a bc ~ %%f = = 1
and whisker plot with one box for each experiment. The .l = B B B |
boxes have lines at the lower quartile, median, and u|
per quartile values. The whiskers are lines extendin %%t . : . - —

1 2 3

from each end of the boxes to show the extent of th Experiments
rest of the data. Outliers are data with values beyond
the ends of the whiskers. Fig. 6 ESR by experiment fotAN F1.S model 7. The

error of the model remained below 0.1 for all experi-
Tab. 3 AverageESR by ANFIS model and experi- ments. The outliers on the validation with experiments

ment. 6 to 8 correspond to zero input electric current.

[ [ Model |

(B[ 1T [ 2 [ 3] 4 [ 5767 7T]8]
1 0.07 | 0.15| 0.12 | 0.22 | 0.21 | 0.10 | 0.10 | 0.10 .
1005 T 006 T 01l 0170 T 010 008 1 0.08 1 0.08 are fuzzy sets of. The outpqt functions were selected
3 | 033 ] 036 008 | 035 | 0.19 | 0.10 | 0.10 | 0.10 to be of the form of the semi-phenomenological model
4 | 007]007]009] 007 ] 006 | 007 | 0.07 | 0.07 for the M R damper in [9]. The model is shown in Eq.
5 | 0.09 | 0.12] 0.10 | 0.12 | 0.08 | 0.08 | 0.08 | 0.08 6
6 | 0.22] 090 | 0.25| 0.78 | 0.45 | 0.06 | 0.08 | 0.09 '
7 | 053] 1.69 | 0.68 | 2.04 | 1.99 | 0.09 | 0.07 | 0.12
8 | 1.02] 896 | 1.07 | 147 | 0.62 | 0.11 | 0.07 | 0.05

f(t)j = cj tanh (ca; (v(t) + c35 x(t)))
5 Non-Linear Fuzzy Model +eaj (v(t) + sy 2(t))
A TSK non-linear fuzzy model [11] was proposed for

the M R damper. Using the electric current as input fowhere the coefficients, ;, cz;, c3;, andcy; are to be
the model, fuzzy rules were proposed as specified in E¢ftermined from experimental data.

5. The overall output force of the damper is computed as
specified by Eq. 7,

(6)

Ifi(t) is Aj then f(t); = g;(z(t),0(t)) (5)

7 .
Notice that each output functiofit); depends on the F(t) = 22j=1 W5 (1)) £(1); @)
displacement and the velocity of thié R damper. A; Z;Zl W;(i(t))




whereW; represents the membership degreétfon
each of the membership functions. As Eq. 6 only de
pends on the displacement and velocity of the dampe
the coefficients were identified using experiments si
to eight. The fitting algorithm selected was non-linea
least squares and yielded one non-linear equation f
each of the seven electric current stepped incremer
on the experiments. In this way, one non-linear fuzz
model was obtained from experiment 6, one from ex
periment 7, and one from experiment 8. The fuzz
models were labeled according to the experiments wit
which they were trained. Fig. 7 depicts the propose
fuzzy structure.

Fig. 7 Non-linear fuzzy model structure with one input
and one output. Seven possible input membership fun
tions are considered.

The input membership functions for each model wer
defined as seven Gaussian functions with a varian
equal to 0.2 and means of 0, 0.4, 0.8, 1.2, 1.6, 2.1, ar
2.5 A, respectively. Additionally, seven output func-
tions were selected in the form of Eq. 6 with coeffi-
cients previously identified.

The proposed models were validated using the eig!
sets of experimental data. The box plots on Figs. 8 -

10 present the resulting.S R by experiment.
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Fig. 8 ESR by experiment for fuzzy model 6. The er-
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Fig. 9 ESR by experiment for fuzzy model 7. The er-
ror of the model constantly remained below 0.12. The
outliers on the validation with experiments 6 to 8 corre-
spond to zero input electric current.
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Fig. 10 ESR by experiment for fuzzy model 8. The er-
ror of the model constantly remained below 0.11. The

outliers on the validation with experiments 6 to 8 corre-
spond to zero input electric current.

6 Discussion

The ANFIS structure obtanined®SR values of
approximately 0.1 when trained using experimental
data with constant electric current stepped increments.
Nonetheless, th& S R variance increased considerably
when validated with constant electric current experi-
ments (Fig. 6). The outliers on the plot correspond
to experiments with zero electric current. On the other
hand, ANFIS structures trained using experimental
data with varying electric current could not predict the
output force of the damper when validated with con-
stant electric current inputs.

ror of the model remained below 0.12 for most of thesyrprisingly lowE S R values were constantly obtained
experiments. The variance greatly increased for expefy the proposed non-linear fuzzy structure. Excelent

iment 7.

results were seen with fuzzy model 6, except when val-
idated with experiment 7. With fuzzy models 7 and 8



the outliers observed on the resultifgh R validation three trained non-linear fuzzy models obtained average
box plots correspond to experiments with zero electri& S R values of less than 0.1.
current. Additionally, for both proposed structures, the
ESR variance increased when validated with constarg Acknowledgments
electric current experiments. ) o hank 3. L S f dina th

. The authors thank J. Lozoya-Santos for providing the
Tab. 4 presents the averagis 2 obtained by both the oy herimental data. Also, thzmk the Autotr(?nics ang Su-
ANFIS and non-linear fuzzy structures. Notice thatyeryision and Advanced Control research chairs at Tec-
if classified by the average errot, N F'1.S models 6 to nologico de Monterrey for their partial support.
8 and the three fuzzy models are the best options for

modelling theM R damper.
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