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Multiobjective ldentification of Takagi—Sugeno
Fuzzy Models

Tor A. Johansen and Robert Baiha

Abstract—The problem of identifying the parameters of the
constituent local linear models of Takagi—Sugeno fuzzy models is
considered. In order to address the tradeoff between global model
accuracy and interpretability of the local models as linearizations
of a nonlinear system, two multiobjective identification algo-
rithms are studied. Particular attention is paid to the analysis of
conflicts between objectives, and we show that such information
can be easily computed from the solution of the multiobjective
optimization. This information is useful to diagnose the model and
tune the weighting/priorities of the multiobjective optimization.
Moreover, the result of the conflict analysis can be used as a
constructive tool to modify the fuzzy model structure (including
membership functions) in order to meet the multiple objectives.
Simple illustrative examples as well as experimental results show
the usefulness of the method.

Index Terms—interpretability, multiobjective optimization,
nonlinear system identification.

are not strongly satisfied [2], [8], [9], [13], [17]. For dy-
namic systems, this is typically the case for local models
associated with transient operating regimes [13], [21].
The lack of local interpretability with global identifica-
tion is also closely linked to poor identifiability and/or the
choice of fuzzy membership functions. This is partly due
to the interaction between the local models, or the “de-
gree of orthogonality” among them, which is related to the
degree of overlap between their associated membership
functions and the degree of smoothness of the model [16].
In other words, with a global identification approach there
is a tradeoff between local interpretability and smooth-
ness. However, as shown in [16] it is possible to optimize
the individual membership function parameters to address
this tradeoff.

This paper is organized as follows. In Section Il we review
|. INTRODUCTION the T-S model and the common local and global least squares

: o algorithms. With a simple example, we illustrate the tradeoff be-
Efct:r?NSIDItE.F th? FrOl)II?m of|den(;[|f?/|n%tThekpar_aSmeterRNeen local model interpretability and global model accuracy.
orthe constituent local linéar models of akagl-Sugeng, , multiobjective identification algorithms are described in

(T_S) fuzzy rT‘Od‘?'S [23]. Itis well known that several tr""deo‘(f%ections [Il and IV together with a conflict/sensitivity analysis.
are involved Ih th'S. problem. o __ Using the same simple example as above, it is illustrated how
* Models identified by minimizing the global predictionhese algorithms can be applied to address the tradeoff. A theo-
error need not have constituent local linear models whigBtjcal result on the relationship between the two algorithms is
are interpretable as valid linearizations of the underlyir@rovided in Section V, and in Sections VI and VIl we provide

nonlinear system [1], [13], [16], [21], [24]. ~ application examples before concluding in Section VIII.
* When identifying the local linear models by minimizing

individual locally weighted prediction error criteria, the
identified local linear models have locally valid interpre-
tations as linearizations, under assumptions on identifia- T-S Fuzzy Model

bility and persistence of excitation [1], [13], [16], [21], The framework presented here is the identification of dy-

[24]. Onthe other hand, the global prediction performanggamic T—S fuzzy input—output models of the form
is typically inferior to what can be achieved with a global

performance criterion. ~

» The use of constraints and regularization are useful ¢
—apy(t—1)—---—an, Yyt —n

identify interpretable local models, especially when the(E ) ;( Lyt =1) na ¥ 2

assumptions on persistence of excitation or identifiability_H)0 ault) + -+ b

Il. PRELIMINARIES

n it = na) + diJwi(z(t) +e(t) (1)
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Fuzzy models of the form (1) result from fuzzy inference on prediction performance [23]. Consider the global least squares

set of fuzzy rules prediction error criterion
IF 2(t) €Z; THEN 1<
) V(o) = 23 (0t - T (06)? (10)
y(t) = —al,z’y(t 1) == any,iy(t - ”y) nia

+bou(t) + -+ + b, iult —nu) +di - (3) : , . : :
subject to equality and inequality constraints on the parameters

where the premise is defined by a fuzzy st C R? and
the consequent is a local linear dynamic model. The function

w;: RP — [0,1] is defined by the membership functions _ .
it RP — [0,1] of Z; where H; and F;; are affine functions of;. The usefulness of

such constraints in order to improve the accuracy and robustness

Hi(0:)=0 F(6;,)<0, i=12...N (11

1i(2) of the estimate is shown in, e.g., [2] and [13] and the references
wi(z) = ——— (4)  therein. Solving this problem is a convex quadratic program for
> ui(z) which efficient standard methods and software exist [15].
j=1

. . C. Locally Weighted Identification Algorithm
see [23] for details. The only assumption we make on the set of.l.he objective of this algorithm is to identify local model pa-

fuzzy rules is that it is complete in the sense thatz) > 0 for rameterd,, ..., 6 v that give local models which are close local

some; for all z, S.UCh that (4) is well defined. qu_Jatlon (@ can, proximations to the underlying nonlinear system [11]. Con-
be reformulated into a form that is more convenient for syste

: . . ) o ider a locally weighted least squares prediction error criterion
identification by introducing the definitions associated with each local model

W(t) = <¢§t)> ) Vi) =
97(t) = (al,i,...,G,ny,i,boﬂ;,...,bnu,,‘,,d,‘,)T (6)

> () =0 (08) wil(0)  (12)

t=1

S|

subject to the constraints (11). The weighting factofz(t))
wherei)(t) is the information vector augmented with a constaminsures that the parametdgsare influenced only by the data
element, and, are the possibly unknown parameters associatpdints within the fuzzy sef; that defines the region of validity
with the local linear model of théh rule. With these definitions of theith local model. Again, solving this problem is a convex
guadratic program.

N
y(t) = > T (0)fiwi(2(t)) + e(t). (7) D. Example
=t The purpose of this example is to illustrate the possible pit-
Furthermore, defining falls of these basic algorithms; see also [1], [13], [16], [21], and

[24]. The same example will be used in later sections to illustrate

D(t)wr (2()) o, the properties of the suggested algorithms and tools. Consider
. the simple static nonlinear system
o) = : o= ( ; ) (8) g Y
P(t)wn (2(1)) On y(t) = ud(t) (13)
the linear regression form follows: whereu(t) € [~1,1]. Consider a T-S fuzzy model with affine
. local models of the form
y(t) = @ (£)0 + e(2). €)

y() = bosult) + d; (14)

For the purpose of system identification, assume that a data set

(y(1),9(2),-..,y(n)), (u(1),u(2),...,u(n)) is available. In hereh, ; andd; are the local model parameters. The T-S fuzzy

the remainder of this section we briefly review the well knOWﬁ]ode| consists of 5 local models, Weighted according to the

global and locally weighted identification methods and presesinooth We|ght|ng functions); (deﬁned by Gaussian member-

a simple example that illustrates some of the problems assagiip functions for the fuzzy sets;) shown in Fig. 1.

ated with these Simple methOdS; see [16] for further details. ThiSFor this System we generate a data set Consisting of 201

serves as a background for the remaining parts of this papsgually spaced inputs in the intervalt) € [-1,1] and

where alternative algorithms and tools are proposed. the corresponding noise-free outputs defined by (13). The

global and local identification criteria give results as shown

in Figs. 2 and 3. We observe that the constituent local models
The objective of this algorithm is to identify the local modebf the fuzzy model identified with the global criterion are far

parameterd,, ..., 0y that give a global model with the bestfrom being local linearizations of the nonlinear system (13).

B. Global Identification Algorithm
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Fig. 2. Global identification results. Solid curve is the true system, dashed-dotted curve is the global model, while the dashed lines are theldocal mo

On the other hand, the globally identified model achievesibject to (11). The solution can be computed by solving a
a root-mean-squared prediction error of 0.013659 whitmnvex quadratic program, which in the unconstrained case
the global model identified with local criteria achieves a&educes to simple matrix manipulations. The weighting param-
root-mean-squared prediction error of 0.054 824, which &erss; > 0 parameterize the set of Pareto-optimal solutions

considerably larger. of the underlying multiobjective optimization problem, and
essentially determine the tradeoff between the possibly con-
. M ULTIOBJECTIVE | DENTIFICATION ALGORITHM | flicting objectives of global model accuracy and local model

interpretability.
A. Algorithm
It was suggested in [24] to minimize the weighted sum & Conflict Analysis
the global and local identification criteria (10) and (12). Here, The selectior; = 1 in the multiobjective criterion (15) will
we apply a slight extension, including the constraints (11) amal general give a fairly balanced tradeoff, due to the use,of
individual weighting parameters for each of the individual locdivhich forms a partition of unity) for weighting in (12). It is still
models. The algorithm solves the optimization problem of interest to study in detail how the choice®influences the
tradeoff. This problem is not discussed in [24]. In particular, it is
N of interest to analyze the degree of conflict between the different
min <V(0) + Z ﬂivi(gi)) (15) Objectivesin (15) for a given data sequence and different values
4 P} of 8. This will provide the user with information that can be
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Local identification criteria
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Fig. 3. Local identification results. Solid curve is the true system, dashed-dotted curve is the global model, while the dashed lines are theldocal mod

used to validate the model and data as well as improving tiwbich can easily be computed from the data/regressor matrices.
model, not only by selecting a better valugidbut possibly also The quantityr ;(8) can be interpreted as the small decrease
by modifying the model structure or membership functions, @m the global |dent|f|cat|on criterio” that can be achieved by
adding/removing constraints. a small increase nﬁm(ﬂ) Likewise, the quanutyrw (B) can

In this section, let the minimum of (15) be denoﬂiqﬂ) for be interpreted as the small decrease in the local identification
a given data sequence and a vector of weighfBhe minimum criterionV; that can be achieved by a small increasé; ing).
of (15) satisfies the Karush—Kuhn—Tucker (KKT) conditions Hence, large values af’ (3 and7rw (6) indicate conflicts be-

tween global and local performance. Notice that due to (17)
v al Vi 5

65) |
ng](ﬂ) + Bim; ;(B) = 0. (20)

. OH; -
02 Gy 16
+Z e 0 (6(5)) ~ (16) An analysis ofr{ () and | ;(/3) can provide the user with

significant information about the model and data, as illustrated
wherefi;(8) > 0 and;(B) are the Lagrange multipliers (vec-I" the example that follows.
tors) associated with the estimﬁgﬂ) of the local model pa-
rameter vector. If there are no conflicts among the objectives Example (Continued)
and constraints, i.ef( ) minimizes all of the individual objec-  Consider the system and data introduced in Section II-D. As-
tives simultaneously and none of the inequality constraints afgme;, = 8, = 3 = 8, = s = B* since there is no
active, then each of the terms in (16) will be zero. If there ajgdjcation to discriminate between the different local models.
conflicts, on the other hand, the directions and lengths of eagipdels were identified with the multiobjective identification al-
of the (vector) terms of (16) will indicate the degree of conflicyorithm for the four different casg' € {0.01,0.1,1,10}. The
and which constraints and objectives are actually in conflict witgyr models and their associated sensmwty measufggﬂ
each other. and; ;(f) are illustrated in Fig. 4, and the values of the cost
For the unconstrained case, considering the parameter Ve%%rctmnV(H(ﬂ)) are tabulated in Table I.
0; of theith local models, (16) leads to From the sensitivity measures and the cost function values for
6V these four cases we can make the following observation (without
( )(8)) ( (8)) = (17) any knowledge of the true system or the curves in the left column
of Fig. 4): As3* decreases, the global performance is improved
Next, define the following sensitivity measures associated wi@ the cost of reduced local interpretability in the regidfis 2,
each paramet@fi,j, which is thejth parameter in théth local and Zs, i.e., the regions of validity of the local models with in-

model: dexes 3-5The reasoning behind this observation is as follows:
Itcan be seen from Table | that the global performance indeed in-
g __9ov 0 18) Creasesas* decreases. From Fig. 4 we observe at low values of
w?,(8) =———(0(8)) (18) Cr reases.
90, * that the sensitivities; ;(3) andx ;(3) are significant only

fori € {3,4,5}.In otherwords there is much stronger conflict
between local and global performance in the regignsz,, 7

-(0(8)  (19)
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Weighted criterion f, = 0.01 Local criteria sensitivies, B, = 0.01 Global criterion sensitivies, f, = 0.01
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Fig. 4. Results with the multiobjective identification algorithm I, with = 0.01 (first row), 5* = 0.1 (second row)3* = 1 (third row), and3* = 10 (fourth
row). In the first column, the solid curve is the true system, dashed-dotted is the global model, and dashed are the local models. The baratesttis ilcst
and global sensitivity measures associated with each model parameter. For example, b2 refers to the modeliparame®@? refers to the model parameter

TABLE |
GLOBAL MODEL PERFORMANCEWITH THE MULTIOBJECTIVE IDENTIFICATION ALGORITHM |. NOTE THAT 3* = 0 AND 3* — oo CORRESPONDS TO
THE GLOBAL AND LOCAL IDENTIFICATION ALGORITHMS, RESPECTIVELY

B*=0 p*=001 p*=01 p*=1 p=10 pf*" >

V@(B)) 0.013659 0.017799 0.031397 0.045733 0.053372 0.054824

thanin the regiong’,, Z,. Indeed, this can be verified by exam-where the local model with index 1 is valid for smaland the
ining the local and global models in the first column of Fig. 4pcal model with index 5 is valid for large, see also Fig. 1.
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Sensitivies Aii. tolerance A® =0.1

The observation that the conflicts between local and glob ,__ Tro-siepagoritm, lerancea ' =01
performance are related to the local models with indexes 3- o
can be used in several ways to improve the model. For exampg o
in order to improve the global performance without any decrea: *
in local performance the membership functions might be tunef: o o3
toward a finer partition of the ared; U Z, U Z5 and a corre- ;... ] 020
spondingly coarser partition in the arga U Z,, or more local o4 /" : P I T
models should be introduced in this area. Thus, the conflict ani -5 : o —— o
ysis points at specific regions and local models that need fu %/ . P P .
ther consideration. Note that the selected four valuggaire B 08 0 08 L el %
nothing more than first guesses that are not expected to leac . Two-step igortm, oleances 02025 Se“f""“'ej*u-}°‘9'i”°eA°'=f-25ﬁ
an optimal choice, and therefore need further refinement ‘

=3

08| d
‘| o0s
05|

IV. M ULTIOBJECTIVE IDENTIFICATION ALGORITHM Il 04}

02f-

A. Algorithm - of

The idea is to first compute the locally weighted estimates odl
as described in Section II-C. In the second step of the algorith

0.4f

1 oaf

0.2

the global least squares prediction error is minimized subje -os, . T o
to small deviations of the relevant parameters from the local - I 0 o T R R
. . . u Local model parameters
identified parameters, i.e., Tno-step sgoftn, Dleance & =05 Sensilvies 4 loerance 4 0'= 0.5
1
oal - —A
min V(6) (21) o A
04} . A 0.4
. 02 ‘/‘/ o
subject to (11) and ~ 0 e i
0.2 g - o
N " -0.4 //’ g 0.1
0; —Ab; <0; <0; + Ab; (22) 085/ :
g o
-1 -0.1 L L
fori =1,2,..., N.The allowed deviatiol\d; fromthe locally ~ ~ ™ : o L aimodel paramters

identified parameterg; might be specified by the user and/or
ﬁ._5. Results with the multiobjective identification algorithm |1, wi$* =

might be_ge_nerated from some u_ncertalnty_estjmate (e'g'_’ St§l (first row), A8* = 0.25 (second row)A8* = 0.5 (third row). In the first
_dard deviation) of the locally weighted estimate H_ence,_ 't_ column, the solid curve is the true system, dashed-dotted is the global model,
is guaranteed that the local model parameters retain their int@rd dashed are the local models. The bar-charts illustrate the sensitivity

pretability as local linearizations (within a user-specified tolefssociated with each model parameter.

ance) when they are tuned for global model performance in the )

second step of the algorithm. Notice that the interpretability & the other hand, the nonnegative value of the Lagrange mul-
the local model parameters as linearizations may or may not {fRier Ai ; tells us how much the global prediction error crite-
volve the offset parameterks. Hence, depending on the appli-ion V.(H) might be red'uc.:ed b){ a small increase in the allowed
cation, the offset parametefsmay in some cases be allowed tgleviationAd; ;. Thus, it is stralghtf_orward to determlne those
vary freely in the global optimization (21). As before, the optil_ocal model parameters that contribute to the conflict between

mization problems involved are convex quadratic programs, aRBJ€Ctives; they have nonzero Lagrange multipliers for some as-
the estimaté can be computed efficiently. sociated constraint. This information can be applied in several

ways either to reformulate the model (for example by refining
the model structure or membership functions) or reconsider the

. . . . allowed deviation.
Also, with this algorithm, a study of the KKT conditions con-

tains information on conflicts between the objectives. In paG. Example (Continued)
ticular, it is useful to study the Lagrange multipliers associ-
ated with the deviation constraints (22). A zero Lagrange mlga

tiplier associated with some constraiil; < i,; + Afi; (OF iy with the multiobjective identification algorithm for the

0ij — Abi; < ;) means that the global prediction perfory, oo giferent casead* e {0.1,0.25,0.5}. The three models
mance cannot be improved by increasing the allowed dewatlgﬂd their associated sensitivitias; are shown in Fig. 5. We
A#; ; alone since the Lagrange multipliers have the foIIowingSe the convention that ’]

sensitivity interpretation [15]:

B. Conflict Analysis

Consider the system and data introduced in Sections II-D. As-
me for simplicityAf; ; = A§* for all ¢, 7. Models were iden-

Xij, ifthe upper bound is active
i =— oV 4). 23) Aij =94 =Xy, ifthe lower bound is active  (24)
’ OAD; ; 0, if no bound is active.
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TABLE 1l whereZ; ; is a unit-vector of same dimension é4sand all ele-

GLOBAL MODEL PERFORMANCEWITH THE MUL;I"IOBJECTIVE IDENTIFICATION ments are zero, except the element correspondiﬂgjtwhich
ALGORITHM Il. NOTE THAT A8* = oo AND A#* = 0 CORRESPONDS TO THE

GLOBAL AND LOCAL IDENTIFICATION ALGORITHMS, RESPECTIVELY is one. Consider the case ; > 0 and interchange the limits
(notice thatV is a continuous function df):

Af* =00 A*=05 AF*=025 A*=01 A =0

V@A) 0013659 0025819  0.035974  0.044985  0.054824 dim A =—lim lim
V(0 +E(A0+6T;5)) — V(6 + EAP)

Hence\; ; > 0 indicate that the global performance can be im- 8 (30)
proved by relaxing the upper bound, whilg; < 0 indicate that . .
the global performance can be improved by relaxing the lower — _ lim V(0 +6€Zi ) — V(6) (31)
bound. The values of the cost functibf{é(Ad)) are tabulated =0 b ~
in Table 1. — lim V(6 + 0e;,5) — V(0) (32)

From the sensitivity measures and cost function values 5—0 ) ’
for these four cases we can make the following observation . o
(without any knowledge of the true system or the leftmost"C€Ai; > O itis clear that; ; = 1 and
curves in Fig. 5)As the allowed tolerancéf* on deviation . oV -
from the locally identified parameters is increased, the global dim A= — 26, (6). (33)

prediction performance improves and for sufficiently lafyé*

the improvement in global prediction performance is Iimitegquaﬂon (25) follows from (27) and (33). The ca§€;§ <0

by the_cons_traints on thg parametajgg,._ Again, the conflict andj\i,j — 0 are similar. 0
analysis points at a certain parameter in a certain local modelhis result shows that the sensitivity measures associated
indicating that higher tolerance on deviation from locally intefgith the two algorithms have a common interpretation in
pretable parameter value or tuning of the membership functiopg limiting case. Consequently, the sensitivities might be

associated wittt; is required. This is not unexpected, sinée  compared directly without any scaling or normalization.
is the largest fuzzy set. Note that the three valuea@f where

selected by trial and error to give a large variety of solutions,
and further refinement might be needed to get the best final
model

VI. EXPERIMENTAL RESULTS ESTIMATION OF LUNGS
RESPIRATION DYNAMICS

In order to further illustrate the suggested methods, we con-
V. LIMITING SENSITIVITY MEASURES sider the problem of estimation of respiration dynamics param-

o ) ) ) eters described in [4]. This is important for monitoring respira-
The sensitivity measures associated with the two dlfferefa;ry mechanics in patients on ventilatory support, for example

multiobjective identification algorithms have exactly the samg, assess patients’ pulmonary conditions (for which the inter-

interpretation in a limiting case. _ ~_pretability of the local model parameters is of vital importance)
Theorem 1:If there are no constraints (11), the sensitivityng to automatically control or optimize the ventilator settings
measures (18) and (23) satisfy (for which the global model accuracy may be more important).
i 9 (p = lim \ .
ﬂlgr;o i3 (0(8) = Algo Aisg: (25) A. Model Structure
Proof: Inthe limit3 — o (i.e., all elements of the vector  Consider the following dynamic relationship [4], [14], [19]:
£ go to infinity) av
A ~ P=FEV+R—+F (34)
0(B) — 6 (26) dt

whereV (1) is the lungs volumeV/ (I/s) is the flow rate through

the ventilation tube, an@®(hPa) is the pressure. We consider
identification of the three parameters of this equation, namely
the respiratory elestandB(hPa/l), the resistance?((hPa -

s/1) and the elastic recoil pressufg(hPa). This problem is
viewed as a regression problem where T—S fuzzy models con-
sisting of multiple linear models of the form

whered is the minimum of (12). It follows from (18) that
oV
0, ;

From (23), there exists a diagonal matfixvhose elements sat-
isfy |ex,i| < 1 such that

lim ¢ (6(3)) = (9). (27)

B—o00

. o .
. o _ av
Alérgo Aij = Alérgo < OAD; ; (6 + SAG)) ' (28) P=EV+ Ri% + Poi (35)
Hence are identified. In other words, the models predtas a function
i X - of V.andV.
Ab—0 Y Consider three different T-S fuzzy model structures, each
V(é + E(AG + 6T, ;) — V(é + EAD) with four local models of the form (35), and Gaussian mem-

=~ Al}fﬂo }f}) s (29)  bership functions as shown in Fig. 6.
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flow dv/an 150 volume V

Fig. 6. Membership functionsg; for the T-S lungs models: Model structure A (top left), B (top right), and C (bottom).

» Model Structure A: A fuzzy model where the member-  *°
ship functions are identified using the algorithm describe ~ °°
in [12] (this algorithm is similar to [22]). %

» Model Structure B: A fuzzy model where the member-
ship function are selected “manually” to be consistent wit
the experiments using fuzzy clustering reported in [4].

N
o
T

20

-
o
T

pressure (Pa)

» Model Structure C: Similar to Model Structure B, with Tor 1
with somewhat different membership functions. RS IATRIRE (RERE EUTHTIIETEUIEE SURTER \CTIEEE SRR 1
In the continuation we assume the membership function ofthe =0 2100 32060 2355 2400 Z500
three model structures are fixed, and consider identification ; ! time (samples)
the consequent parameters. 0.9

0.8
0.7

B. Data and Identification

o6l -
A single cycle from a typical data sequence is show& o5
in Fig. 7. The respiration cycle consists of three phases; ~ °*
inspiration phase (forced inlet flow), ii) respiration pause (n .,
flow), and iii) expiration phase (free outlet flow). Fig. 8 illus- o4
trates the fuzzy partition of the three model structures und 265 5700 5560 255G 5200 5500
consideration, with the identification data sequence project \ time (sameples)
onto the plane described by, V). The identification data
sequence consists of measurements from ten respiration cyt o5
for a single patient. Notice that patients may have differer
respiration dynamics, so it is generally desirable to identify =  °
model for each patient [4]. =

0

Vo

C. Results -1

For each of the model structures A, B, and C we identified tt
local model parameters using i) locally weighted least squar¢
i) least squares, iii) multiobjective algorithm | with* = 1,
and iv) multiobjective algorithm Il withA#* = 1. The results Fig. 7. Subset of a typical data sequence with respiratory data.

12%)00 2100 2200 2300 2400 2500
time (samples)
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(Top left) Partitioning of input domain with projected data for model structure A. (Top right) Partitioning of input domain with projeatéxt daidel

structure B. (Bottom) Partitioning of input domain with projected data for model structure C. The rectangles provide a simplified illustratifuraf thets.

TABLE I
LOCAL PARAMETERS OF MODEL STRUCTURE A, USING DIFFERENT
IDENTIFICATION METHODS ALGORITHM | ISWITH 3* = 1 AND
ALGORITHM Il ISWITH Af* =1

TABLE IV
LoCAL PARAMETERS OF MODEL STRUCTURE B, USING DIFFERENT
IDENTIFICATION METHODS ALGORITHM | ISWITH 3* = 1 AND
ALGORITHM Il ISWITH A8* =1

Region Parameter LWLS LS  Alg. 1 Alg II Region Parameter LWLS LS  Alg. I Alg. II
E 3893 -696.5 3393  39.88 E 12.39 8578 10.71  11.39
Region A1 R 9.329 -12.84 6.469  8.329 Region Bl R 22.89 2318 23.35  23.89
Py 3.038 5655 7.092 4.038 Py 2.080 2273 2241 2318
E 28.36  -1.364 23.57 27.36 E 29.86 30.18 29.76  30.48
Region A2 R 20.93  26.67 22.80  21.93 Region B2 R 11.89  6.202 10.83  10.89
P 0.9699 1.429 1.371 -0.031 Py 7.325 12.63 8100 7.852
E 4247 21.20 4214 4147 E 53.69  60.06 54.74  54.69
Region A3 R 1347 1266 13.05 12.63 Region B3 R 1041 9.989 10.12  9.704
P -0.1901 1042 0.075  0.665 Py -7.809 -10.95 -8.579 -8.582
E 8.346  25.53 -2.554  7.346 E 50.85 19.10 51.31  51.36
Region A4 R 2321 2433 2439 2421 Region B4 R 12.83 -1.049 1242  11.83
P 1.822  -1.38 2265 2.389 Py -5.029 -2.620 -5.485 -6.029

are given in Tables Ill-V. The average root-mean-square reshtt- Discussion of the Results

uals for these cases are given in Table VI, and the sensitivityThere are large differences between the locally and globally
measures associated with the multiobjective identification algiotentified local model parameters, especially with model struc-
rithms are shown in Fig. 9. ture A and C. In many cases, the globally identified local model
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Fig.9. Leftcolumn: Sensitivities with model structure A. Middle column: Sensitivities with model structure B. Right column: Sensitivitiesdatisimmture C.

TABLE V
LoCAL PARAMETERS OF MODEL STRUCTURE C, USING DIFFERENT
IDENTIFICATION METHODS ALGORITHM | ISWITH 3* = 1 AND

ALGORITHM Il ISWITH Af* =

Region Parameter LWLS LS Alg. I Alg. 1I
E 8.669 -19.49 -6.867 7.669
Region C1 R 23.15 2894 23.75  23.50
Py 2.116  -0.381 3.295  3.116
E 29.68 21.18 29.21 29.40
Region C2 R 11.30  4.342  9.673 10.30
B 7736 1849 9.214  8.736
E 54.37 51.76 33.26  53.92
Region C3 R 10.47 14.08 10.03  9.468
P -8.296 1.486 -7.229 -7.296
E 42.07 -28.53 40.68  41.07
Region C4 R 13.63 -18.51 12.64 12.63
Py -1.300 3.004 -1.547 -2.186

TABLE VI
ROOT-MEAN-SQUARE RESIDUALS

Model LWLS LS Alg. T Alg. I

Model structure A 1.9130 1.1067 1.6854 1.7368
Model structure B 1.4631 1.3758 1.4354 1.4209
Model structure C  1.9977 1.3859 1.8582 1.8565

parameter estimates é&f and R are in conflict with their phys-

ical interpretation (e.g., when they are negative). Both multi-
objective identification algorithms can be used to address this
tradeoff. The selection of the tuning parametefsapd A6)
should take into account the actual application of the model. A
discussion of this is beyond the scope of the present paper, so
we just make the observation that these parameters offers useful
degrees of freedom to address conflicts and tradeoffs.

When comparing the sensitivities of the conflict analysis
for model structures A and B we observe that the sensitivities
with model structure A are up to one order of magnitude larger
than the sensitivities with model structure B. This indicates
that the use of model structure A leads to a significant conflict
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Fig. 10. Fermenter pressure data used for identification.

between local model interpretability and global predictioship functions) are only slightly different. The only difference is
accuracy, compared to model structure B. Certainly, modlat the fuzzy sets B1 and B4 (in model structure B) are slightly
structure A leads to a smaller global prediction error than modgifted and resized versions of C1 and C4 (in model structure
structure B when the models are identified using global leas). The other two fuzzy sets are exactly the same in both model
squares. However, model structure B admits a more intuitiggructures. Hence, the conflict analysis for model structure C
and appealing interpretation of its membership functions gsints out a structural problem, namely that there will be a
the partitioning of the input domain is closely related to theonflict between global prediction performance and local inter-
different phases of the respiration cycle; region B1 correspongietability due to an unfortunate interaction between the mem-
to the first part of the inspiration phase, region B2 correspontsrship functions for the fuzzy sets C1 and C4. As “proved” by
to the final part of the inspiration phase, region B3 includesodel structure B, this conflict can be resolved by a small mod-
the respiration pause, while region B4 contains the expiratiditation of these fuzzy sets.
phase. This is to be expected, since model structure B was\s expected, a high level of sensitivity (or conflict) seems
derived using a combination of experimental data and prity be correlated with a high dependence of the residuals on
knowledge about the application, while model structure A ishich parameter identification criterion is being used; cf. Fig. 6.
the result of a structural identification algorithm. Especially for model structures A and C, there is a large dif-
Perhaps more interestingly, we observe that the sensitivitiesence between locally weighted least squares and the global
with model structure C are also up to one order of magnitudkast squares algorithms, while this difference is small for model
larger than the sensitivities with model structure B. This largsructure B.
difference points out a major conflict in model structure C, es- In summary, it is clear that model structure B is better than
pecially since Figs. 6 and 8 show that the structure (membéy-and C, even though this is not evident from only inspecting
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Membership functions, model structure 1

Membership functions, model structure 2
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Fig. 11. Membership functions; for the T-S pressure dynamics models. Model structure 1 (left) and 2 (right).
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Fig. 12. Projected identification data and fuzzy regions (the rectangles provide a simplified representation of the fuzzy sets). Model d&ficane 2 (right).

the residuals in Table VI. The conflict analysis can be used @ke membership functions of the fuzzy sets defining these two
a constructive tool to assist modification of the model structurie-S fuzzy models are shown in Fig. 11 and a projection of the
(including membership functions). data into the regions are shown in Fig. 12.
The local model parameters of both these model structures
VII. EXPERIMENTAL RESULTS FERMENTER PRESSURE were identified using i) locally weighted least squares, ii) global
DyNAMICS least squares, iii) the multiobjective algorithm | wjtti = 0.1,
This section describes identification of the highly nonlineaarnd v) the mult|object|\{e algorithm Ii W'th.w = 0.02. The
T root mean squared residuals are shown in Table VII, and the
pressure dynamics in a laboratory fermenter [3]. Both globalac-"" ..~ . L
. o . . sensitivity measures are shown in Fig. 13. From Table VIII, itis
curacy and local interpretability may be of interest if the mode‘e . .
. : Clear that model structure 1 with global least squares achieves
is to be used in a model-based controller. .
. . . the smallest average value of the residuals. However, the con-
The fermenter under consideration consists of a 40 | tank cap- ; o .
. - . ict analysis based on the sensitivity measures shows that this
taining 25 | of water. At the bottom of the tank, air is fed into the . ) . .
e ! is achieved at the cost of lack of local interpretability, since
water at a specified constant flow rate. The air pressure above ;
. model structure 2 leads to less conflicts than model structure
the water levely(t) (bar), is controlled by an outlet valuet) . o g
. . 1. This can be verified by examining the actual parameter es-
(% closed). Nonlinearities are both due to the valve characters- . .
: ) . timates where it can be seen that there are unreasonable varia-
tics and the air compression curve. The two concatenated data

sequences used for identification are shown in Fig. 10 tions between regions with model structure 1. Again, the multi-
We consider two model structures. each with.thrée IOC(g\‘;)jective algorithms can be applied to address the tradeoffs. In
models of the affine form ' particular, it can be observed from the sensitivity measures that
the conflicts between global accuracy and local interpretability
y(t) = —ayy(t — 1) + by ju(t — 1) + d;. (36) are mainly associated with the high-pressure regions, where itis

known that the nonlinearities are strongest. This indicates that
» Model structure 1. A fuzzy model where the membershipthese regions should have their membership functions tuned for

functions are identified using the algorithm described itess interaction, or that more fuzzy rules should be introduced.
[12]. The conclusion that model structure 2 is in general better than
* Model structure 2: A fuzzy model where the membershipmodel structure 1 is confirmed by validation on a separate data
functions were originally found by clustering [3] and therset consisting of 281 samples. The root mean squared predic-
modified to have diagonal covariance matrices. tion errors are tabulated in Table VIII. The application of the
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Global criterion sensitivies, . = 0.1 Global criterion sensitivies, f, = 0.1
o i ehe , : ) , VIIl. CONCLUSION
* ’ 19 il The T-S model is a generic nonlinear model representation
10 ' | R "1 that has been studied extensively over the last years. One of the
s A i . : ’ "1 reason for its success might be that this is a model that admits a
Y : T H T . . useful (local) interpretation. Hence, it is not surprising that the
-5 S e : 1 (not well studied) tradeoff between model interpretability and
10 : e accuracy in system identification is particularly relevant in the
15 -15 : : identification of T-S fuzzy models.
2 e A multiobjective optimization formulation of the identifica-
local model parameters local model parameters H H e H
Local criteria sensitivies, BI=0.1 Local criteria sensitivies, BI=0.1 t!on prObIem arises natura”y due. to the tWO qon-ﬂICt!ng ObJeC-
200 ; ™) 0 T ' tives. In this paper, we have studied two multiobjective formu-
150 ' : o . lations (one of them was proposed in [24]) and suggested algo-
f00f- 100 : rithms for their solution and tools for analysis of the solution
sof- 1 5 R . in terms of conflicts and sensitivity. As shown by the examples,
o— — | 9 — this conflict/sensitivity analysis provides useful information not
b 50 . : only about the local model parameter estimates, but also about
100 : 109 : the adequateness of the model structure and membership func-
150 RS RS NS N : o _ tions. Hence, we believe multiobjective optimization is a useful
00 20 P tool for T-S fuzzy identification. Further improvements can be
dl alt b1 d2 al2 bl2 d3 al3 bi3 dl alt bit d2 af2 bi2 d3 al3 bi3 . .
local model parameters local model parameters made by combining the suggested methods with other tools for
Sensitivies A , tolerance A 0 = 0.02 Sensitivies A , tolerance A0 =0.02 . . . . . .
015 : s 015 — selecting the weighting coefficients, such as [5] where an in-
otboi o1 I T S 1 teractive procedure for tuning the weighting coefficients is pro-
005 e : 006 N T S vided through a linguistic fuzzy rule-base.
o ——— Nl I 0_- _--___ _ Another application example is given in [25].
005 I - = : -0.05 : 1
01 . ! ' 01 TR WUVNN WO WNOE W W
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