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Lacroix, R., Tiemessen, R. and Wade, K.M. 1998, Determination of
fuzzy membership functions for milk yield through structured
interviewing of experts. Can. Agric. Eng. 40:127-137. The objective
of this research was to develop and test a procedure for the
determination of fuzzy membership functions (MF) based on data
acquired from experts. The area of study was the fuzzification of milk
yield on a given test day. The procedure consisted of showing 324 test
day records (representing 36 herds and 1103 cows) randomly to two
experts and asking them to qualify milk yield using one or two
consecutive fuzzy sets out of five (very low, low, medium, high, and
very high). They were also asked to furnish a degree of membership
to each set in the case of two being chosen. The qualification of milk
yield was based on its comparison with standard values determined as
a function of parity, days in lactation, and herd average milk yicld. The
data acquired from experts were first analyzed graphically to 1) verify
the dependence of these data on parity, days in lactation, and herd
average milk yield, and 2) determine the position of critical points for
the fuzzy sets. The MF were then established by fitting a non-linear
model to the data within each region bounded by the critical points.
The fuzzy sets appeared to be little influenced by parity, days in
lactation, and herd average milk yield. However, important
discrepancies were found between the two experts, especially for
extreme fuzzy sets. The membership functions also differed from those
assessed by the experts prior to this project. Although the method used
to determine optimal sets of model parameters for MF may be further
improved, the overall procedure appears to be appropriate for rapidly
finding the MF which reflect well the thinking of experts. Keywords:
fuzzy sets, membership functions, dairy cows, management.

Une procédure servant & la détermination de fonctions
d’appartenance associées a des ensembles flous, basée sur des données
acquises auprés d’experts, a été développée et testée. Cette procédurc
servait a établir des fonctions d’appartenance pour les rendements de
vaches laitiéres. Elle consistait a montrer & deux experts 324
enregistrements extraits d’un fichier de données de contréle
représentant 36 troupeaux et 1103 vaches, et a leur demander de
qualifier chaque donnée a I’aide d’un maximum de deux ensembles
flous consécutifs parmi cinq (Trés Bas, Bas, Moyen, Haut et Trés
Haut). Les experts devaient également fournir un degré d’appartenance
a chaque ensemble flou dans le cas ou deux étaient choisis. La
fuzzification était basée sur une comparaison des rendements laitiers
avec des valeurs standard déterminées en fonction de la parité, du
nombre de jours en lactation et du rendement laitier moyen du
troupeau. Les données acquises ont été analysées graphiquement afin
de 1) vérifier la dépendance de ces données sur la parité, le stade de
lactation et la production moyenne des troupeaux, et 2) déterminer la
position des points critiques pour les cinq cnsembles flous. Les
fonctions d’appartenance ont ensuite été établies en calibrant un
modéle non-linéaire, a I’aide des données, pour chaque zone comprisc
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entrc les points critiques. Les ensembles flou sont semblé peu
dépendants de la parité, du stade de lactation et de la production
moyenne des troupeaux. Des différences importantes entre les
ensembles flous des deux experts ont toutefois été observées, surtout
pour ceux aux extrémités. Les fonctions d’appartenance des deux
experts étaient également trés différentes de celles établies par ceux-ci
avant ce projet. Quoique la méthode suivie pour la détermination de
I’ensemble optimal de paramétres des fonctions d’appartenance
pourrait étre amcliorée, la procédure globale semble permettre
I’établissement rapide de fonctions d’appartenance qui reflétent bien
la pensée des experts.

INTRODUCTION

When developing fuzzy decision-support systems (DSS), an
important step is to establish the shape of the membership
functions (MF) used for the fuzzification of input data (i.c., the
transformation of crisp data into fuzzy data) and the subsequent
defuzzification of output data (Singh and Bailey 1997). Indeed,
previous work has shown that the functioning of fuzzy DSS
strongly depends on these MF (Lacroix et al. 1998b). However,
the development of fuzzy DSS is still relatively new.
Documentation regarding the determination of MF is scarce
(Bardossy and Disse 1993), and no general procedure has yet
been made available for this purpose (Singh and Bailey 1997).
For most reported applications of fuzzy logic in agriculture, the
MF were assumed, a priori, to be triangles and trapezoids, and
their shapes were determined through the assessment of the
critical points (e.g., summits and extremities of the base for
triangles). This has been the case in areas such as irrigation
control (Xiang et al. 1994), milk yield and persistency analyses
(Lacroix et al. 1998a), log skidder control (Edwards and
Canning 1995), water infiltration modelling (Bardossy and
Disse 1993), ground water risk management (Lee et al. 1994),
crop yield simulation (Ambuel et al. 1994), and evaluation of
cabbage seedling quality (Chen et al. 1994). The methods to
determine the position of critical points in these applications
varied considerably from one application to another and were
generally problem-specific. For example, depending on the
application, the positions of these points were determined
through the use of simulation, optimization, confidence-based
techniques, or historical data analyses. Shapes other than
triangular and trapezoidal were used in only a few instances as,
for example, in an expert system for establishing dairy cow
feeding groups (Grinspan et al. 1994). However, the way by
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Table 1. Sample of Québec provincial averages for milk yield on test day as a function of

herd average milk yield, parity, and stage of lactation (Lefebre et al. 1995).

acquired from experts. This
was done through the
determination of membership

Herd Stage of lactation (d) functions for a DSS pl:eviously
average developed by Lacroix et al.
milk yield ~ Party  0-30  31-75  76-120 120-210 210-300 300+ (19982), which helped dairy
(kg/y) producers and their Dairy Herd
(kg/d) (kg/d) (kg/d) (kg/d) (kg/d) (kg/d) Improvement (DHI) advisors

<6500 1 22.0 2.7 209 18.2 15.0 12.0 n thg‘: 5::'3’5;;“?;;1“ Y‘%'}?e‘;‘;
<6500 2 27.3 278 24.4 20.8 16.0 11.4 analyses were based on the
deviation of milk yield from

<6500 3+ 30.0 30.5 27.1 223 16.3 11.5 standard values, determined by
parity, stage of lactation, and

6501 - 7000 1 233 24.7 22.8 20.0 16.5 13.2 herd average production level,
as suggested by Lefebvre et al.

6501 - 7000 2 29.7 30.0 26.9 22.7 17.1 12.6 (1995). They were to be carried
6501 - 7000 3+ 324 33.2 29.2 243 17.9 12.6 out monthly for all cows in a
herd using various groupings

- - = - - - - (e.g., parity group and stage of
lactation). Specifically, the

- - - - - - - DSS determined the fuzzy

> 10001 1 30.5 348 34.0 309 26.4 212 value of the milk yield on a test
day, based on its deviation

> 10001 2 41.6 449 41.2 349 25.8 19.1 from standard values, and
presented the results in a

> 10001 3+ 438 48.8 44.8 37.6 28.0 19.7 format familiar to advisors and

which the MF were established in these applications was not
very well documented and seemed to be quite problem-specific.

While the different approaches used to establish the MF in
previous fuzzy logic applications seemed to work sufficiently
well in each specific case, they may be of limited use when it
comes to the development of fuzzy DSS. The main reason is
that most procedures are based on the assumption that the MF
are triangular and trapezoidal, which may not be an optimal
choice. Also, none of the procedures discussed so far seems to
be appropriate in handling situations where the shape and
position of fuzzy sets along the axis vary as a function of the
context under investigation. For example, during the
development of a fuzzy DSS for culling of dairy cows (Lacroix
et al. 1998b), it was found that the MF for many variables
varied with individual herd characteristics such as the average
calving interval or milk production. Such a dependency is not
always known a priori when developing a DSS and even
experts may not be aware of it. Also, when experts participate
directly in the determination of MF, the possibility exists that
these MF do not exactly reflect their reasoning, especially if
they do not understand the functioning of fuzzy systems very
well. In other cases, the experts may simply have no idea what
the MF would look like. For all these reasons, the shape of the
fuzzy sets for DSS applications should be based on data
acquired from the experts, thus leading to DSS that better
mimic their reasoning. Although the idea has been suggested by
Zimmermann (1991) for general applications, such an approach
does not seem to have been formally established and tested in
agricultural applications.

In this research, the overall objective was to develop and
test a procedure for the determination of MF based on data
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producers (very high yield, low

yield, etc.). The membership
functions used in the prototype DSS were triangles and
trapezoids, with constant critical points, determined by two
DHI experts (Lacroix et al. 1998a). However, during software
development, the experts suggested that the MF may vary with
the context under investigation. For example, what would be
considered as a low yield for a high herd average production
might not necessarily be considered as low for a low herd
average production. Therefore, the exact meaning of terms such
as very high and low (expressed through their associated
membership functions) may not be constant and may depend on
the stage of lactation, the parity of the cows, and/or herd
average milk yield. In this project, the goals were: 1) to assess
and analyze the MF of each expert, 2) to verify that these MF
were not varying according to the context under analysis, and
3) to compare these MF with those used in the prototype. An
additional and more global goal consisted of deriving a
methodological framework for the rapid assessment of MF in
future applications.

METHODOLOGY

Data acquisition from experts

In the DSS prototype, the fuzzification of milk yield on test day
was based on the deviation of yield from standard values. The
deviations were calculated for individual cows (or groups of
cows), based on parity, days in lactation, and herd average milk
yield (Lacroix et al. 1998a). The standard values consisted of
average milk yields for the province of Québec, which were
calculated from 570,863 test day records (Lefebvre et al. 1995).
The standard values were calculated for nine herd milk-yield
levels, three parity groups (first lactation, second lactations, and
third or more lactations) and six stages of lactation. A sample
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Table II. Distribution of records in the initial data set by average milk yield, parity, and

stage of lactation.

participated in the
prototype development.

The critical points are the

Herd Stage of lactation (d) yield deviation values
average milk . corresponding to the
yield Parity 0-30 31-75 76 - 120 120 - 210 210 - 300 300+ discontinuity poirlts of the
k .
(ke kg/d)  keid)  kgld)  ked)  keld)  (kgld) %Z{jeggf'ﬁ; & ef(ag];é
< 6500 1 16 29 26 6l 53 32 of fuzzification using these
2 10 16 18 37 36 21 sets, a deviation of -3.6 kg
3+ 22 37 42 83 72 41 from the standard value
means that the milk yield
6501 - 7000 1 2 2 2 4 7 2 on test day would be
2 4 9 9 16 18 12 simultaneously considered
3+ 10 18 17 34 34 18 as Very Low (to a degree
7001 - 7500 1 2 47 46 87 89 48 of 0.8) and Low (to a
2 17 30 33 64 62 44 degree of 0.2) (Fig. 1).
3+ 24 42 45 87 86 55 In this project, the MF
were derived from data
7501 - 8000 1 71 97 108 215 230 124 obtained from the two DHI
2 47 83 86 177 168 124 specialists. The procedure
3+ 60 19 121 232 244 160 consisted of showing to the
8001 - 8500 I 59 121 123 225 236 136 _ experts test day data from
2 51 104 9 188 199 120 different cows in many
3+ 85 161 135 317 302 198 herds and asking them to
fuzzify the data (i.e., to
8501 - 9000 1 47 91 84 180 172 131 express the data
2 24 42 47 84 82 42 qualitatively, on a
3+ 51 94 87 181 169 119 linguistic scale, using
fuzzy sets). Since the
9001 - 9500 I 34 66 61 130 128 91 experts had suggested that
32+ %g g; Z? 170; 16082 g? the membership functions
might vary as a function of
9501-10000 1 23 52 1 110 107 83 herd level, parity, and/or
2 21 40 41 71 88 41 days in lactation, it was
3+ 38 78 85 163 174 90 decided to cover the entire
spectrum of possible
> 10001 1 42 72 91 169 167 114 combinations of these three
2 7 12 12 27 24 14 variables as much as
3+ 41 75 73 148 150 89 possible, However,

of these values is listed in Table I. The five fuzzy sets used in
the DSS prototype for milk yield on test day were based on
deviations from standard values (Fig. 1). These sets were based
on critical points suggested by the two DHI experts who
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Fig. 1. Membership functions for milk yield deviation
used in the prototype decision-support system.
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analysis of the data had to
be limited to a relatively
short period, which was subsequently budgeted to two hours for
each expert. Restricting the analysis to such a short time was

Fig. 2. Membership functions generated by the model
suggested by Zimmermann (1991) using two
different sets of parameters (the dotted part of the
curve is the portion which is not considered).
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Fig. 3. Data points acquired from Expert A for the five fuzzy sets. The
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continuous lines represent the model of Zimmermann (1991)
fitted for these data points.
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necessary in this project to reflect the constraints
which would be imposed during real-life
development where, on the one hand, the
availability of experts would be limited and, on
the other hand, the development of a complete
DSS could require analysis of data for tens or
even hundreds of variables. In addition, although
it could not be proven through this research, it was
felt that such a limited period had the additional
advantage of increasing the coherence in the
analysis of the data, and that this would reduce the
number of mistakes which might occur due to
fatigue after a certain period of concentration. To
help the data acquisition process, the complete
operation was automated and carried out with a
software program. This operation was done
separately for each expert.

The test day data set used in this project
initially contained 12,744 records representing 36
herds and 1103 cows in lactation. The mean of the
herd average 305-day milk yields was 8439 kg,
the minimum and maximum values being 5977
and 10,413 kg, respectively. The distribution of
the records for each of the 162 possible combin-
ations of herd average milk yield, parity group,
and stage of lactation is shown in Table II. The set
of data to be analysed by the experts was extracted
from the initial data set using the following
approach. Since the minimum number of records
inall possible combinations shown in Table II was
equal to two, it was decided to extract randomly
two records from each combination, which would
help cover the whole spectrum of possibilities.
This led to a data set containing a total of 324
records. This was found to satisfy the time
constraint imposed for data analysis, since it was
expected that an expert may take between 20 and
30 seconds to analyse each record and, therefore,
between 100 and 160 minutes to carry out the
analysis of the whole data set.

To acquire data from the DHI experts, a
computer program was constructed which first
read the 324 records, then presented them
randomly to the expert. The screen was refreshed
for each record and contained all the information
necessary for analysis. This information included
the average milk yield of the herd to which the
cow belonged, her parity, her number of days in
lactation, the standard milk yield value for these
conditions, the milk yield of the cow on test day,
and the milk yield deviation from the standard
value. Each time a record was shown to the expert,
he was asked to determine the fuzzy value of the
milk yield deviation, as explained below. The
following constraints were imposed: 1) a
maximum of two fuzzy sets could be chosen for a
given record, 2) the sets had to be adjacent and 3)
the sets were required to be complementary (i.e.,
the sum of the degrees of membership in the two
sets equalled one). To achieve these constraints,
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12 + a) Very Low the expert first had to choose one or two among

° ’ five possible sets (Very Low, Low, Medium,

= 1071 High, and Very High). If two sets were chosen,

aosT the expert then had to generate a value which was

B 0.6 used to generate the degree of membership in

044 each set (e.g., a value of 0.2 meant a degree of

§ 02+ membership of 0.2 in the first set, and a degree of

N . membership of 0.8 in the second). If only one set

0'0_20 6 ; ; 172 ) 1l6 ’ 2'0 was chosen, the degree of membership was equal

. to 1.0. The sets and the degrees of membership

Milk yield deviation (kg) determined by the expert were then saved in an

b) Low output data file, together with all input values, for

1271 analysis in the next phase. The whole process

% 1.0 T was done for each of the 324 records and with

2087 each expert separately.

‘g 06 T Expert data analyses and model fitting

E 04T Once the process of data acquisition from both

=027 experts was completed, the raw data were

0.0 ¢ " - o — : i analysed graphically for each expert separately

20 -6 -12 -8 -4 0 4 8 12 16 20 and then together. The average degrees of

Milk yield deviation (kg) membership (DM) were then calculated for each

fuzzy set over deviation intervals of 0.5 and 1.0

12 « c¢) Medium kg. The purpose of this was to help identify the

position of critical points for the establishment of
the MF. To evaluate if the MF varied with the
context being analysed, the analyses were
repeated with partial data sets, composed
according to some predetermined conditions. To
analyse the variation of the MF with respect to
herd average level, the average DM over
intervals of 2.0 kg were calculated and plotted
separately for two data subsets in which the herd
average was either less than 8500 kg, or greater
. than or equal to 8500 kg. A similar analysis was
1271 d) High carried out for two data subsets in which parity
was one or two, or three and greater. Similarly,

Membership value
o
(=]

0.0 et st e s—aj ecmmmim mnpuh e |- ——|—op—enbs o cpucnep- 000 |
20 -16  -12 -8 -4 0 4 8 12 16 20
Milk yield deviation (kg)

[

§ ;.g 1 two subsets were used in which days in lactation
& - were less than 150 days, or more than or equal to

g 06 1 150 days.
E 04T Once the raw data analyses were carried out,
=027 .. a mathematical model was fitted to the data
0.0 +—t—t—t—sieemtescpemmmey +eletesmt——t——+—1  points for each expert separately and for both
2 -1 -2 8 4 0 4 8 12 18 20 experts together. The objective was to fit the
Milk yield deviation (kg) model in each region between the critical points
obtained for the different fuzzy sets in the phase
1271 e) Very High of raw data analyses. Apart from triangular and
1.0 + .. trapezoidal functions, other models mentioned in

the literature included Gaussian density
functions, sinusoidal, and other non-linear
functions (McCullough 1992; Heatwole and
Zhang 1990; Driankov et al. 1993). In this
research, a general model suggested by

' ! \ ' ' ' Zimmermann (1991) was chosen due to its
20 -8 -12 -8 -4 Y 20 flexibility and its ability to fit a large family of
Mitk yield deviation (kg) curves. This model is a function of four
parameters and is expressed by:

Membership value
=
o0

Fig. 4. Data points acquired from Expert B for the five fuzzy sets. The
continuous lines represent the model of Zimmermann (1991) _ 1 * 1 1
fitted for these data points. r(x)= s ¢ 775 M
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Fig. 5. Data points acquired from both experts for the five fuzzy sets.
The continuous lines represent the model of Zimmermann (1991)
fitted for these data points.
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where p(x) is the membership function for the
crisp variable x.

In this model, only values of p(x) between
0 and 1 are considered. The roles of the
parameters a, b, ¢, and d are illustrated in Fig.
2, where the curves for two different sets of
parameters are plotted. The parameter a is the
general slope of the curve and b is used to
position the inflexion point of the curve along
the x axis. The parameter d corresponds to the
portion of the curve that is being considered
and its value ranges from 0 to 1. When d is
equal to 1, the whole curve is considered. If the
value of d is 0.5, only half of the curve is
considered. This portion does not need to be
located at one of the extremities; it can be
located anywhere along the curve. The
parameter c¢ is used to determine the exact
portion of the curve that is used. Specifically,
it indicates where the centre of the portion of
the curve, determined by d, is positioned
vertically along the whole curve.

In this project, a set of parameters was
found for each section of a fuzzy set between
two critical points. Specifically, a series of
combinations of four parameter values was
tested with the data within each section and the
combination leading to the smallest mean
squared error was chosen as the set of
parameters for that specific subset. In fitting
the model, the fuzzy sets were assumed to be
complementary (i.e., the sum of the DM for
any deviation was equal to one), since the
experts had been similarly constrained during
data acquisition. Also, the critical points, at
which values the fuzzy sets were assumed
equal either to zero or one, were set at specific
positions. The fitting process was then required
only for four data subsets. Each subset
comprised all the points in the increasing
section of any fuzzy set (except for the fuzzy
set Very Low), between two critical points.
Once the model was fitted for the increasihg
section of any fuzzy set, the DM in the
decreasing section of the complementary fuzzy
set could be calculated simply by subtracting
the value of the existing DM from one, as
shown in Eq. 2:

H(x)=1-p'(x) @)

To better understand the curve fitting
process, Fig. 1 shows four sections where the
DM increase. Each section is bounded by two
critical points. In these sections, the DM in the
complementary sets decrease correspondingly.

To insure that the model, once calibrated,
would furnish DM equal to 0 or 1 at critical
points, the following approach was used during
model adjustment. Given a section for fitting,
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a) Distribution of milk yield deviations
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Fig. 6. Distribution of milk yield deviations and average degree of membership

calculated over intervals of 1 kg for Expert A, Expert B, and both

experts together.
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bounded by the two critical points X,
and X,, the model was required to
furnish a DM equal to 0 at X,, and
equal to | at X,. In the case of X,, if the
DM calculated by a given combination
of four parameters was lower than 0,
then it was set to 0. On the other hand,
if the parameter combination led to a
value greater than 0, then this
combination was rejected. Similarly, at
X,, if the DM produced by the model
was greater than 1, then it was set to 1.
If on the other hand the combination led
to a DM that was less than 1, then this
combination was rejected. The possible
values for the parameter a ranged from
0.2 to 10, in increments of 0.02. The
parameter b varied from the lowest
bounding critical point (i.e., X,) to the
largest one (i.e., X,), in increments of
0.1. The minimum and maximum
values for the parameter ¢ were
calculated from the parameter d, and
were equal to (d/2) and (1 - d/2),
respectively. The increment for the
parameter ¢ was 0.1. The value of the
parameter d ranged from 0.2 to 1.0, in
increments of 0.1.

RESULTS and DISCUSSION

Expert data analyses

The data points obtained from each
expert (hereafter referred to as Expert A
and Expert B) are shown in Figs. 3 and
4. The continuous lines, which will be
discussed later, were generated using
the model suggested by Zimmermann
(1991) which was fitted for the various
sections between the critical points. For
each expert, a trend can be observed for
all fuzzy sets. Also, the regions where
the points are located for each set were
similar from one expert to the other.
However, the points for Expert A were
more spread out than for Expert B,
which may, a priori, indicate a lack of
consistency for Expert A. The data
points for both experts are plotted
together in Fig. 5. The regions where
the density of the points is larger give a
reasonably good indication of the
position and shape of the sets.

The average DM for intervals of
1 kg are shown in Figs. 6b through 6d,
and the distribution of the milk yield
deviations is also included (Fig. 6a) to
help in their interpretation. The average
DM give a reasonable indication of the
trends in the data points and can be
used as a basis for establishing the
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a) Average degree of membership for both experts
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in lactation, and the average DM, calculated over
intervals of 2 kg for parity 1 and 2, or 3 or more,
are shown in Figs. 8a and 8b, respectively. Small
shifts in the extreme critical points from-10to-12
kg and from +12 to +10 kg, respectively, were
apparent. However, the position of the three
central critical points did not change. Similar
small variations were observed for days in
lactation with Expert A (Fig. 9). The variations of
Expert B were in the same directions as Expert A,
but were less pronounced. The larger variations
observed with Expert A may partly explain his
apparent lack of consistency which was mentioned
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earlier (Fig. 3). Almost no variation was observed

b) Distribution of milk yield deviations
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with herd average level for both experts. Thus, the
variations of the critical points, as a function of
the three variables, were rather minor, and
considered as negligible in terms of this project.
For the software prototype, it was therefore

30

assumed that the MF would be constant and that
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have a relatively small impact on the results
furnished by the prototype. For example, given a
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Fig. 7. Distribution of milk yield deviation and average degree of
membership calculated over intervals of 0.5 kg for both

experts together.

critical points of the MF. Using Figs. 6b and 6c, the sets of
critical points for Expert A and Expert B were located at (-10,
-4, 0, +4, and +11 kg) and (-11, -3, 0, +3, and +10 kg),
respectively. The critical points for the two experts were
therefore not very different. From the average DM, calculated
from the combined data of both experts, the set of critical
points was positioned at -10, -3, 0, +3, and +11 kg (Fig. 6d).
There was, therefore, a large difference between the critical
points determined from Fig. 6a and those that had been
suggested by the experts during the development of the
prototype (Fig. 1). The average DM calculated from the data
points of both experts over intervals of 0.5 kg (Fig. 7a) allowed
for fine-tuning of the critical points’ positions, which were then
positioned at -10, -3.5, 0, +3.5, and +10 kg. This set was found
to be a good compromise between the two experts. The choice
of a value of +10 kg instead of +11 kg for the last critical point
does not have a large impact on the fuzzification of data,
especially since advisors and farmers are more concerned about
cows that show negative deviations. Also, only a small
percentage of the cows showed such large deviations, as can be
seen from the distribution of the deviations (Fig. 7b).

Data analyses under specific conditions

The analysis of the influence of herd average milk yield, parity,
and days in lactation on DM showed little dependency. The
largest variations were found with Expert A, for parity and days
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10 12 14 16

critical point of +12 kg, a deviation of +6 kg
would be considered as High (0.4) and Very High
(0.6), whereas given a critical point of +10 kg, the
same deviation would be considered High (0.3),
and Very High (0.7). Also, it should be noticed in
Figs 8c, 8d, 9c, and 9d, that the number of points
available at large deviations were limited, making
strong conclusions unwise.

Curve fitting

The sets of parameters calculated for the various sections of the
fuzzy sets are listed in Table IIl. When interpreting these
values, one must be careful due to the high level of
interrelationship existing within each set of parameters. In all
cases, the value of the d parameter was less than or close to 0.5
which indicated that, for each expert, at most only half of the
whole curve was used. The vertical position of the curve
portion, considered along the whole curve and indicated by the
parameter ¢, was also similar for both experts. The inflexion
point (parameter b) was generally located close to one of the
critical points for both experts. However, the experts differed
considerably for the slopes of the curves, indicated by the
parameter a.

The MF constructed for the five fuzzy sets using the
parameters listed in Table III are shown as the continuous lines
in Figs. 3 through 5, together with the data points acquired from
the experts (already discussed). The MF are also shown for
various milk yield deviations in Fig. 10. The sets are quite
symmetrical about a deviation of 0 kg. However, they differ
significantly between the two experts in the two sections
bounded by -10 and -3.5 kg, and +3.5 and +10 kg, respectively.
For example, the transition from the set Low to the set Very
Low is considerably more rapid with the MF of Expert B (Fig.
10b) than that of Expert A (Fig. 10a). Thus, Expert B was more
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Fig. 10. The five fuzzy sets generated for Expert A,
Expert B, and both experts together using the
model suggested by Zimmermann (1991).

severe in his characterizations of negative deviations. When
plotting the membership function using the parameters derived
from the data of both experts (Fig. 10c), the critical points were
finally located at -8.0, -3.5, 0, 3.5 and 8 kg. This seems to be a
good compromise for use in the software prototype, although
the experts may need to investigate and discuss together the
reasons for their discrepancies.

The MF established in this project were, therefore, quite
different from those furnished by the experts during the
development of the software prototype. This can be easily seen
by comparing Figs. 1 and 10. The differences reside not so
much in the shape of the fuzzy sets, as in the position of the
critical points. Indeed, the shapes determined through this
project were surprisingly less curvilinear than expected at the
beginning of the project and point very much to triangles and
trapezoids. However, the critical points found in this project
tend to confirm one of the hypotheses justifying this research:
the membership functions which really represent the thinking
of the experts can be different from those that they establish
themselves. Thus, the procedure followed in this project permit
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Table III. Values of parameters from the model proposed
by Zimmermann (1991) fitted for the four
regions delimited by the critical points for
Expert, Expert B and both experts together.

Region Parameter
number
a b c d
Expert A
1 0.22 -3.5 0.35 03
2 0.28 -3.5 0.60 0.2
3 0.82 3.0 035 0.5
4 0.28 3.0 0.60 0.4
Expert B
1 0.92 -3.5 0.35 0.3
2 0.92 -2.4 0.60 0.6
3 0.44 35 0.35 03
4 1.02 39 0.65 0.5
Both experts
1 0.58 -4.2 0.35 0.5
2 0.88 -2.5 0.60 0.6
3 0.44 35 0.35 03
4 0.48 3.6 0.70 04

the establishment of MF that may be less dependent on the
subjective biases of experts.

The model suggested by Zimmermann (1991) seems to be
appropriate for fitting a large family of membership curves. To
use this model, the values of four parameters need to be
established, which is not necessarily a straightforward process.
To simplify this adjustment process, the values of some
convergence points (i.e., the critical points) were pre-
determined. However, without this simplification, the MF that
would have been obtained may have been slightly different. To
verify this, a method in which this constraint would be relaxed
should be established. One possibility consists of adding loops
in the numerical scheme used to find the “optimal” set of
parameters for each fuzzy set. In these additional loops, various
sets of critical points would be tested together with various
combinations of the four parameters. One problem with this
method is that it would drastically increase the amount of
computing resources required to carry out the whole process,
since several loops would be added to the four already used in
this project. In addition to the relaxation of the constraint
relative to the critical points, the numerical scheme should
ideally also be adapted to allow for the model parameters to be
a function of the variables characterizing the context that is
being analysed. For example, in the case of milk yield analysis,
such a method might have led to parameters that would have
varied with parity or days in lactation. However, the
establishment of a method to detect such relationships will
require further research. Alternative methods to the one used in
this research should be examined. For example, methods based
on such techniques as genetic algorithms may be investigated.
Artificial neural networks may also constitute an interesting
alternative to membership functions for generating degrees of
membership, due to their capacity to learn complex non-linear
relationships between sets of input and output data.
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CONCLUSION

Although the procedure developed in this project possesses
some limitations in terms of determining optimal sets of model
parameters for MF, it seems to allow for a rapid determination
of MF which are relatively independent of the subjective biases
of experts. The MF developed in this project were considered
as better reflecting the thinking of the experts (as compared to
the MF established by the experts themselves, prior to this
project) and were used in the software prototype dedicated to
the analyses of test day data. When the quality of the results
obtained with the proposed procedure is considered, together
with the time taken by the experts to analyse the data, its
benefits become even greater. Indeed, this procedure has the
potential to be very helpful in the rapid development of fuzzy
set-based DSS that are composed of a large number of
variables. Considering the costs and benefits of this procedure,
it can be used with other variables that are of interest to
producers, such as persistency, calving interval, etc. However,
further research should be carried out beforehand on the
possible relaxation of the constraints imposed on the critical
points. Alternative modeling approaches such as neural nets
should also be investigated. Such methods may lead to stronger
conclusions concerning the possible variation of the MF as a
function of herd average milk yield, parity, and/or days in
lactation.
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