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Fuzzy Techniques for Subjective Workload-Score
Modeling Under Uncertainties

Mohit Kumar, Dagmar Arndt, Stef Kreuzfeld, Kerstin Thurow, Norbert Stoll, and Regina Stoll

Abstract This paper deals with the development of a computer
model to estimate the subjective workload score of individuals
by evaluating their heart-rate (HR) signals. The identi cation of
a model to estimate the subjective workload score of individuals
under different workload situations is too ambitious a task because
different individuals (due to different body conditions, emotional
states, age, gender, etc.) show different physiological responses
(assessed by evaluating the HR signal) under different workload
situations. This is equivalent to saying that the mathematical map-
pings between physiological parameters and the workload score
are uncertain. Our approach to deal with the uncertainties in a
workload-modeling problem consists of the following steps: 1) The
uncertainties arising due the individual variations in identifying
a common model valid for all the individuals are Itered out
using a fuzzy Iter; 2) stochastic modeling of the uncertainties
(provided by the fuzzy Iter) use nite-mixture models and utilize
this information regarding uncertainties for identifying the struc-
ture and initial parameters of a workload model; and 3) nally,
the workload model parameters for an individual are identi ed
in an online scenario using machine learning algorithms. The
contribution of this paper is to propose, with a mathematical
analysis, a fuzzy-based modeling technique that rst Iters out the
uncertainties from the modeling problem, analyzes the uncertain-
ties statistically using nite-mixture modeling, and, nally, utilizes
the information about uncertainties for adapting the workload
model to an individual s physiological conditions. The approach
of this paper, demonstrated with the real-world medical data of
11 subjects, provides a fuzzy-based tool useful for modeling in the
presence of uncertainties.

Index Terms Finite-mixture models, fuzzy
modeling, subjective workload, uncertainties.

Itering, fuzzy

l. INTRODUCTION

N ANY automated lab, there is a concern to address the
issues such as assessing the workload, monitoring the stress
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level of the staff, assessing the physical tness of an individual
for determining his ability to complete the job assigned to
him, and so on. Such issues are of great importance in studies
such as man machine interactions, relationship between the
automation level and the workload in automated laboratories,
etc. The physiological response of an operator can be monitored
to assess the individual s status. A number of concerned phys-
iological parameters can be interpreted by a human expert (or
a computer-based expert system) for assessing the workload.
Some of the dif culties in the interpretation of physiological
data are measurement errors, missing data, nonreproducibility,
and uncertainties due to the different physiological behaviors
of different individuals. In such situations, the role of an expert
system for an intelligent data interpretation to workload assess-
ment becomes crucial to assist the human expert in solving
decision-making problems.

The physiological measures of the workload are based on
the idea that bodily changes will be induced by a change in
the workload level. Numerous studies investigating the phys-
iological measures [including heart rate (HR), HR variability
(HRV), and electroencephalogram (EEG)] have been reported
in the literature [1] [9]. The physiological parameters can often
be recorded continuously with little interference on the opera-
tor s work activities. Mathematically speaking, the subjective
workload score y is related to the physiological parameters
(X1,X2, ..., Xn) through mapping

y=*1(x)

where X = [X1 X2 ...Xpn] R"isthe input vector and the mod-
eling aim is to identify the unknown function f. In light of re-
cently developed computational-intelligence-based techniques,
several studies propose neural/fuzzy methods for the modeling
of the relationship between the physiological parameters and
the workload level [10] [12]. The neural and fuzzy models have
been also used for the physiological-parameters-based model-
ing of emotion [13] and alertness level [14]. The motivation of
neural/fuzzy methods is derived from their capabilities of learn-
ing complex nonlinear relationships. The fuzzy models offer a
possibility to interpret the underlying relationship in terms of
linguistic rules. Rani et al. [15] use a fuzzy inference system for
interpreting the autonomic nervous system activities to estimate
stress quantitatively. The fuzzy systems based on a fuzzy-set
theory [16], [17] are considered suitable tools for dealing with
the uncertainties. This has motivated many researchers to apply
fuzzy techniques in medicine [18] [32].

The neural/fuzzy modeling of the relationship between phys-
iological parameters and the workload level is based on the
assumption that there exists an ideal set of model param-
eters w , such that the model output M (x; w ) to physiological
inputs X is an approximation of the subjective workload scorey.
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However, it may not be possible for a given type and structure
of the model M to identify the relationships between the
physiological parameters and the workload level perfectly. The
part of the input output mappings that cannot be modeled for a
given type and structure of the model is what we refer to as the
uncertainty. Mathematically, we have

y=MMXw)+n 1)

where n is an uncertainty arising from the following.

1) The nonoptimal choice of the type and structure of the
model M.

2) The changes in physiological signals resulting from a
change in the workload level are different among individ-
uals due to the variations in body conditions, emotional
states, age, gender, etc.

3) The subjective ratings of the perceived demands of the
task (i.e., subjective workload score) are assigned differ-
ently by the subjects due to their biases.

In the system-identi cation literature, n is termed as distur-
bance or noise. We refer to n as an uncertainty to emphasize
that it represents the uncertainties regarding optimal choices
of model, individual variations, and subjective ratings which
have been mathematically formulated in terms of an additive
disturbance nin (1).

This paper is meant for addressing the fundamental issues re-
garding the uncertainty handling capability of the fuzzy models
stated as follows.

Problem 1: How can a fuzzy Iter, without making any
assumptions about uncertainties, be constructed for separat-
ing the uncertainties from the modeling problem? Once the
uncertainties have been Itered out, how can the knowledge
about uncertainties be utilized in understanding the individual
variations? How can the fuzzy lIter, taking into account the
individual variations, be used to predict the behavior of an
individual?

A fuzzy model that addresses all of the issues stated in
Problem 1 is obviously of great use in the accurate and reliable
assessment of the operator s functional state. For the construc-
tion of the fuzzy models using available data, a large number of
techniques have been suggested in the literature, see, e.g., [33]
and [34]. However, in the presence of uncertainties in the data
(that is the case in subjective workload-score modeling), some
robust methods for the identi cation of fuzzy models have been
introduced [35] [46]. To the best of the authors knowledge, a
solution and mathematical analysis of Problem 1 have not been
provided in the literature.

Our previous research, outlined in [47], solves the rst part of
Problem 1, where an algorithm has been suggested for the fuzzy

Itering of uncertainties from the stress modeling problem. To
provide a uni ed solution to Problem 1, we introduce a fuzzy
model consisting of the rules of following structure:

If the input belongs to a cluster having a center c, then
the Itered output is equal to ys and the

output value for ith individual is equal to y'. (2)

Here, y; represents the Itered output, i.e., a quantity that
represents M (x;w ) in (1). yf is only a function of the in-
put values and is independent of the individual variations,

IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS PART B: CYBERNETICS, VOL. 38, NO. 6, DECEMBER 2008

n (uncertainty)
B B |

y (output)
+
fuzzy filter T -
filtered estimated
output uncertainty

‘ finite mixture modelling of uncertainties and filtered data

1.5

input
X=Xy %)
B

estimated uncertainty value
o

system output

A fuzzy combination of local | ™™ """ |

models My, My,...., Mc

Fig. 1. Combining fuzzy lItering, nite-mixture modeling, and machine
learning algorithm for the modeling of a subjective workload score in the
presence of uncertainties.

whereas y' represents the output value as per the ith individual s
physiological conditions. A straightforward approach to solve
Problem 1, shown in Fig. 1, is as follows.

1) Collect, for an ith indexed subject, the training input
output data pairs

DP' = {x(K), y(K) L, ®)

where x(k) is the physiological parameters vector and
scalar y(k) is the subjective workload score. The total
input output data pairs, including the data of each of the
S subjects, is

S ) S
DP' = {x(k),y(hey, N= Ni. (4

i=1 i=1

D =

2) A fuzzy lter, as suggested in [47], is constructed using
total data (TD) that would Iter out any uncertainties
(arising from individual variations) associated to the data
pairs. For a data pair with an input x(k), the fuzzy

Iter is used to obtain a Itered output value, denoted
as yr(k). That is, data pairs {x(k),yr(K)}, follow,
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without an exception, a trend of input output mappings.
The uncertainty associated to a data pair is assessed as
Nk =y(K)  ye(k).

3) The uncertainties {nk}k., and Itered output values
{ys(K)}R., are assumed to have been produced by a
set of random sources. We estimate the parameters of
these random sources via modeling the 2-D data points
{zi3R,, z =[ye(k) n]™  R2? using nite-mixture
models [48], [49], i.e., we estimate the parameters of a
set of probability density functions (pdfs) such that each
data point zy is modeled as having been generated by one
of the probabilistic models in the set.

4) The nite-mixture modeling leads to the clustering of the
data points {zx}k, viathe identi cation of which source
(i.e., probabilistic model) produced each data point.
Assume that C different sources, with the known pdfs,
have been identi ed producing the data {zy }_ ;.

5) Out of the ith indexed subject data DP', C different data
sets DP}, DP5, ..., DP¢ can be created such that the data
set DP] is associated to the jth probabilistic model as per
some de ned criterion, i.e., DPJi contains all those pairs of

DP' s which are generated by the jth probabilistic model
with a probability greater than a prede ned value.

6) Each of the data sets DP!, DP}, ..., DPL can be used to
train (i.e., develop) a local model. Finally, the C different
local models M4, ..., Mc are combined, as shown in
Fig. 1, to estimate the nal output.

7) If the local models My, ..., Mc are chosen to be fuzzy
with the same structure as the Iter, then the overall
system behavior of Fig. 1 can be described in terms
of fuzzy rules of the type described in (2). Further, it
is possible to provide a stochastic interpretation to the
method, i.e., that it outputs, under some assumptions, the
conditional expected value of the workload score.

This paper is organized as follows. Section 1l de nes the
modeling problem and evaluates the classical neural/fuzzy
modeling methods. A review of the fuzzy Itering theory is
provided in Section 11, followed by the proposed method in
Section V. Section V states the subjective workload-score
modeling results. Finally, the concluding remarks are given.

Il. PROBLEM DEFINITION AND CLASSICAL APPROACH
A. Experiments

The experiments were carried out to investigate the workload
of the operators working in chemistry laboratories with differ-
ent levels of automation. The subjects were asked to conduct
an enzymatic inhibition assay under the following workload
situations.

1) Manual mode. The assay was conducted manually by the
operators. The requirement was to pipette and incubate
the assay plates followed by the measurement of the
result. The operators were asked to complete the task
fast and accurately. They worked under normal lab con-
ditions, as well as in a glove box.

2) Partial-automation mode. The operators worked with a
robotics system. The experiment procedure was divided
into manual work and the programming/monitoring of the
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robotics system such that there was a switching between
the two.

3) Full-automation mode. The operators worked with the
robotics system. They were involved in the system pro-
gramming, experimental setup arrangements, and super-
visory activity.

Eleven subjects were included in this paper whose physiologi-
cal responses were assessed via the measurement of their HRV.
HRV is a measure of the variability in HR, i.e., variability in
interbeat interval (IBI), which is de ned as the time, in millisec-
onds, between consecutive R waves of an electrocardiogram.
During the experiments, the IBI signal was recorded by a Polar
S810i (Polar Electro Oy, Finland; time resolution, 1 ms) HR
monitor. The data were collected for about 4 h during each
of the following workload situations: 1) manual mode with
open workplace; 2) manual mode with glove box; 3) partial-
automation mode; and 4) full-automation mode. Each of the
four situations was presented to the subjects on separate days in
the listed order (i.e., manual mode with open workplace on the
rst day and full-automation mode on the fourth day).

The subjective rating score of the workload was assessed
using NASA Task Load Index (TLX) [50]. The NASA TLX
is a method for providing an overall workload score based on a
weighted average of ratings on six subscales (mental, physical,
and temporal demands; own performance; effort; and frustra-
tion). For every workload situation that lasts for 4 h, the NASA
TLX was collected at four different time points during 4 h
such that each time point separates the tasks of two different
types within a workload situation.

B. IBI Signal Processing [47]

The obtained IBI signal (RR interval series) was resampled at
1 Hz to produce a uniformly sampled signal [51]. Furthermore,
trends were removed from the signal using the detrending
method of Tarvainen et al. [52]. The IBI signal can be analyzed
using some mathematical tools (e.g., fast Fourier transform,
wavelet theories, and chaos) to assess the autonomic nervous
system activities. The analysis of HRV in the frequency domain
could provide various information about cardiovascular control
[53], [54]. We extracted the features of IBI signal in the
time frequency domain using a continuous wavelet transform
[47]. The continuous wavelet transform of a signal s(t) at
scale a and position b is de ned by

tb o

WS(a, b) = -

s(t)

m\‘ =

where (t) is the wavelet function. Following the method of
Kumar et al. [47], the function (t) was chosen equal to the
15th derivative of the complex Gaussian function

f(t) = Cise e ©.

Cys is such that 15 2 =1, where f1° is the 15th derivative
of f. The frequency associated with (t/a) is equal to 1/a
(see [47] for a justi cation). WS(a, b) can be interpreted as an
estimate of the contribution of frequencies in a band around
1/a at time around b. The same physiological parameters, as in
[47], were de ned based on every 3-min continuous wavelet
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analysis of the signal in the frequency range 0.01 0.5 Hz

(ie.a [2,200],b; [0,3])
0.04
0.01
0.15
P2 = Mw (1/F)df
0.04
0.5
0.15

where My (@) = (1/(np + 1)) 2, [WS(a,bj)I?, by is the
time index such that bp = 0 and bn, =3 min. The parame-
ters p1, p2, and ps assess the average power of the signal
during 3 min in very low frequency (VLF) (0.01 0.04 Hz),
low-frequency (LF) (0.04 0.15 Hz), and high-frequency (HF)
(0.15 0.5 Hz) bands, respectively. These powers have been
largely used in the literature by associating them to the auto-
nomic nervous system activities. The LF is affected by both
sympathetic and parasympathetic activities and the HF is found
dominated by the parasympathetic activity [55]. The VLF is
related to factors such as temperature, hormones, etc. [56].
The ratio of the LF-to-HF power has been associated with the
sympathovagal balance [56].

C. Modeling Problem

The goal is to develop a model that, for a given 3-min IBI
signal, predicts the corresponding subjective workload score.
In particular, we want to build a neural/fuzzy model M that is
characterized by the adjustable parameters vector w such that

y=M p}, p5, HRN;w

where y = (NASA TLX)/100, HRN = HR/100, and p}', p}
are the values of py, ps, respectively, normalized to the total
power, i.e., pY' and p}' represent the percentage of total spec-
trum power in the LF and HF ranges, respectively.

Remark 1: One can argue about the choice of the input
parameters po (LF power), ps (HF power), and HR. These
parameters have been widely studied in the literature under
different situations of workload. Many other physiological pa-
rameters, e.g., EEG, skin conductance, electrodermal activity,
blood pressure, etc., can serve as the model inputs. However,
our concern here is not to study which of the input parameters
are the most suitable ones. We want to highlight, in this paper,
the issue of uncertainties for the chosen input parameters. Thus,
the parameters (p2, p3, HR) have been chosen as an example to
illustrate our approach which is valid for any choice and number
of physiological inputs.

Typically, the workload score is evaluated by the subjects at
the end of the task of a given type. In this case, the subjective
evaluation provides the average workload level that a subject
observed during the task. Corresponding to a single subjective
workload score, a large volume of physiological data exists,
considering that the parameters (p)', p}', HRN) are calculated
after every 3 min and the task may last long. For example, if
a task lasted 90 min, then corresponding to a workload score,
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there exist 30 rows of values (pY, p}', HRN), with each row for
a 3-min analysis. Under these circumstances, we formulate the
workload-modeling problem as follows.

Problem 2: For an individual under a given task situation,
the physiological parameters are assumed to be random vari-
ables whose pdf is estimated. Once the pdf is known, the
probable values of physiological parameters, characterized by
a higher probability density, are identi ed. The aim is to de-
velop a model that maps the probable values of physiological
parameters generated under different task situations to the
corresponding subjective workload scores.

To express Problem 2 mathematically, assume that x(k) =
[pY (k) pd (k) HRN(K)]T is a particular outcome of a 3-D
random variable X R2 for an individual under a given task
situation. Let p(x) represent the pdf of X. Now, the probable
values of the physiological parameters may be chosen from
the ones where the probability density is closer to the peak of
the pdf, i.e., the chosen values are characterized by a higher
probability density. One possible way to de ne the set of
probable values is as follows:

(K, p (x(k))

i.e., all the data points where the probability density is not
smaller than the |, times of the maximum possible value were
included in the set of probable values. The choice , = 0.6065
may be interesting because all the values lying within the unit
standard deviation from the mean are included in the probable
values if p(x) is assumed as Gaussian.

Given the input output data pairs {x(k),y(k)} for devel-
oping a model, the parameters of model M (i.e., vector w)
are typically identi ed using one half of the total input output
data, and the other half is used to validate the model. For our
modeling problem, we created the training and testing sets as
follows.

1) The point in the 4-D space, whose coordinates correspond
to the minimum values of three inputs and a minimum
output value, has been taken as the reference point.

2) The Euclidean distance of each data point from the
reference point is calculated, and all the points are
arranged in the ascending order of their distances from
the reference point.

3) Every second point in the series of ascending-order
arranged points is included in the testing set and the
remaining points in the training set.

This division of data into training and testing is meant for the
sandwiching of testing data between the training ones in the
sense of a Euclidean distance.

pPmax}, Pmax = m).?x p(x), 0< , 1

D. Modeling Performance of Some Neural/Fuzzy Techniques

The statistics of the experimental data is summarized in
Table I and shown in Fig. 2. Table | shows, for each of the
workload situations, the means and variances of the physiolog-
ical measures (p}', pY', HRN) and the workload score y. Fig. 2
shows the notched box-and-whisker plots for the data where
outliers have been marked as +. Please note that our aim
here is not to show the signi cant differences in the value of
parameters among different workload situations but to identify
the mappings between physiological parameters and workload
levels.
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TABLE |
SOME STATISTICS OF THE EXPERIMENTAL DATA

workload situation

N
Pa
mean (variance)

N
p3
mean (variance)

HRN

mean (variance)

§ = TLX/100

mean (variance)

manual with open work place

0.6440 (0.0107)

0.0613 (0.00035)

0.9059 (0.0054)

0.6013 (0.0130)

manual with glove box

0.6732 (0.0101)

0.0577 (0.00041)

0.9700 (0.0088)

0.5279 (0.0083)

partial-automation

0.5836 (0.0113)

0.0752 (0.0035)

0.8565 (0.0087)

0.3774 (0.0300)

full-automation

0.5316 (0.0119)

0.1055 (0.0065)

0.7708 (0.0088)

0.2044 (0.0160)

1 1 1 1
09 09 “ 09 09
T |
1 =
08 i 08 i 0.8 : 08
|
: |
07 07 07 I 07 :
|
) 06 06 : 06 056
i |
05 i 05 ! 05 T 05
| ! |
! 1 : |
04 + 0.4 % 04 i 0.4 !
1
I
+ L !
0.3 0.3 * 0.3 0.3 it

0.2 0.2 0.2— 0.2
manual with open place manual with glove box ~ partial-automation  full-automation

()

0.9

T

|

1

1

|
0.8 8
07

0.9 0.9 0.9

0.8 08 08

HRY
e B> LR
e I EE LT
Foe e O -- -

0.7 0.7 0.7

0.6 06 0.6 06

F 3

05 0.5 0.5— 1 05
manual with open place manual with glove box ~ partial-automation  full-automation

(©)

0.45 045 0.45 045
+
04 0.4 04 0.4 *
+
0.35 0.35 0.35 & 0.35 &
I
0.3 0.3 0.3 & 0.3 +
+
0.25 0.25 025 " 0.25 i
= * ¥
0.2 0.2 0.2 + 02 i
I
|
0.15 0.15 0.15 + 0.15 ;
: i T
1
0.1 + 0.1 : 0.1 | 0.1 g
005 g 0.05 Q 005 Q 005
1 n H I
7 3
0

0 0 0
manual with open place manual with glove box ~ partial-automation  full-automatior

100 100 100 100
90 9 9 9%
80 80 80 80
‘I' by
70 70 T 70 | 70
| 1
60 60 60 ' 60
|
x
3 50 ; 50 50 50
] _
40 | st ) 40 40 |
! 1
1
30 o 30 30 30
20 20 20 : 20
1
1
10 10 10 A 10

0 0 0 0
manual with open place manual with glove box  partial-automation full-automatior

(@

Fig. 2. Notched box-and-whisker plots for (a) LF power p'z\', (b) HF power p3N, (c) HRN, and (d) workload score.

Modeling Problem 2 for our experimentally generated data
is considered, using a neural-network and a fuzzy model. Let
us rst consider the training of a three-layer feedforward neural
network. The rst layer has 15 tansig (i.e., with hyperbolic
tangent sigmoid transfer function) neurons, the second layer
has eight tansig neurons, and the third layer one has a

purelin (i.e., with linear transfer function) neuron. The net-
work was initialized with random values of weights and biases.
The network was trained using three different training algo-
rithms, namely, scaled conjugate gradient backpropagation

(MATLAB Neural Network Toolbox command trainscg ),

Levenberg Marquardt backpropagation (MATLAB Neural
Network Toolbox command trainlm ), and Bayesian regular-
ization backpropagation (MATLAB Neural Network Toolbox
command trainbr ). The training of the network stops if the
number of epochs exceeds 5000.

Moreover, a Sugeno-type fuzzy model was trained using a
built-in training algorithm in the MATLAB Fuzzy Logic Tool-
box ( an s command). The an s algorithm combines the
least-squares and backpropagation gradient descent methods to
identify the parameters of the fuzzy model. The structure of

TABLE 1l
PERFORMANCE OF SOME NEURAL/FUZZY MODELING
METHODS FOR MODELING WORKLOAD SCORE

method  R2-train RMSE-train  R2-test RMSE-test
“trainscg” 0.7807 0.0920 0.1246 0.2662
“trainlm” 0.9108 0.0587 0.0022 8.0768
“trainbr” 0.6129 0.1222 0.4627 0.1445

“anfis” 0.5658 0.1294 0.4509 0.1465

the fuzzy model was generated from the training data using
subtractive clustering (MATLAB Fuzzy Logic Toolbox com-
mand gen s2 with a range of in uence of the cluster center
for each input and output dimension equal to 0.5). The fuzzy
model was trained up to 1000 epochs.

The modeling performance is assessed by computing the
coef cient of determination (R?) and root mean-squared error
on the training and testing data. Table Il shows the perfor-
mance of some of the standard neural/fuzzy modeling meth-
ods. We observe from Table Il that the modeling techniques
( trainscg and trainlm ) show good performance on the
training data but poor performance on the testing data. This
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TABLE I
PERFORMANCE OF BAYESIAN REGULARIZED NEURAL NETWORKS FOR
MODELING THE INDIVIDUAL COMPONENTS OF THE WORKLOAD SCORE

component R2-training  R2-testing
mental demand 0.5932 0.5144
physical demand 0.3557 0.3595
temporal demand 0.1918 0.2107
own performance 0.2162 0.2090
effort 0.5919 0.5263
frustration 0.0910 0.1251

indicates, in the modeling problem, the presence of uncer-
tainties. These uncertainties resulted in the overtraining of
the model and, thus, a poor generalization performance (as
shown by poor performance on the testing data). The Bayesian
regularized neural-network and fuzzy models (trained with
an an s command) were not overtrained. However, their
performance on the training and testing data is below the
acceptable level. These dif culties in the workload-modeling
problem due to the uncertainties derive a motivation of studying
Problem 1.

It is interesting to study the relationship between the input
parameters and the subscales of the NASA TLX. The per-
formances of the neural networks trained with the trainbr
method for modeling the individual components of NASA TLX
are shown in Table I11. It was observed from Table 111 that the
individual components cannot be modeled by evaluating the
chosen physiological parameters. The reason behind this is that
these three parameters (p), pY, and HRN) are not suf cient
to estimate the individual components (temporal demand, own
performance, and frustration) of the overall workload. This
might be the reason of the poor results of the overall workload
modeling in Table II.

IIl. Fuzzy FILTERING

This section reviews the mathematical theory of a clustering-
based fuzzy Iter from our previous works [47], [57], [58].

A. Mathematical Formulation

The fuzzy Iter establishes the mappings between the input
values and the corresponding output via the creation of different
clusters in the input space, and associate to each cluster the
output value. The mappings between the input values (denoted
by a vector x =[X; X2...Xa]T R"™) and the output value
(denoted by a scalar y) are de ned using different fuzzy rules

If x belongs to a cluster having a centercy, theny= 1

If x belongs to a cluster having a centerck theny= K

where ¢; R" is the center of the ith cluster and the values

1 ..., K are real numbers. Such clustering-based fuzzy
mappings have been originally introduced in [59] and applied
to a workload-modeling problem in [47]. The degree by which
an n-D vector x belongs to the ith cluster can be de ned by a
fuzzy set such as A;. Given a universe of discourse X, a fuzzy
subset A; of X is characterized by mapping

Ai: X [0,1]
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where for x X, Aj(X) is a value in the closed interval [0, 1]
that represents the degree to which x belongs to A; (i.e., ith
cluster). This mapping is called a membership function of the

fuzzy set. For a given input vector x, the output of the Iter is
calculated by aggregating the rules as
'Ai(x)
_i=1
Foo="t——. (5)
Ai(X)
i=1

The membership function A;(X) is chosen based on some fuzzy
clustering criterion. By the method of fuzzy ¢ means (FCM), the
membership function A;(x) must satisfy [60]

K K
AM(X) x ¢ 2 Minimum,
x X i=1 i=1

Ai(X) =1

where m > 1 is the fuzzifier and + denotes the Euclidean
norm. The membership function that minimizes this objective
function for a given choice of cluster centers {c; }<, follows as

FCMi(X,Cl,...,CK)
K—l,zmg' X X\{Cj}j=l ..... K
= = 07 (6)
1, X = Cj
0, X {cj}j=1,..k \{ci}.

A possibilistic approach for the c-means clustering relaxes
the unit sum constraint on the membership values so that
Ai(X) better re ects the typicality of x to the ith cluster [61].
Another approach, called the noise clustering method, has been
introduced in [62] to deal with the noisy data. This approach
considers noise as a separate cluster such that the membership
of x to the noise cluster is de ned as 1 L Ai(x) and the
noise prototype is always at the same distance from every point
in the data set. Another possible clustering criterion, assuming
a noise cluster outside each data cluster, minimizes

K
L, CKk) = [A() x ¢ ?
x Xi=1
+{1+Ai(x)log Ai(x) Ai(X)} il

‘JC (Ai(X)1 Ci,y.-

where the second term in the objective function is intended to be
a noise cluster. The term {1 + Aij(X) log Ai(X) Ai(X)} may
be interpreted as the degree to which x does not belong to the
ith cluster and, thus, the membership of x to the noise cluster.
If the distance of X to the cluster center c; is greater than ;,
then the minimization of Jc (¢) forces a small value of A;j(X)
and a large value of the membership of x; to the noise cluster.
Therefore, one of the strategies may be to set ; equal to the
distance of nearest cluster center from c;, i.e., j = min; ¢;j

¢i 2. Minimizing Jc (Ai(X), C1, . . ., Ck), With respect to A;(x),
leads to the following expression for the membership function:

Ci2

RCi(X,C1, .. (7

.,Ck) = exp .
1

The membership functions of (6) and (7) can be combined by
adopting a mixed clustering criterion [63], [64]. One way to
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do this is to assume that the membership function A; has two
components Az and Ayj, such that
= Al Aai

2 2

where Az; and Ay minimize the following constrained objec-
tive function:

Aj

K
ATI) +Az(x) X ¢ ?
x X i=1

+{1+ Azi(x)log Azi(X) Axi(X)} il.

K
Ali(X) =1.
i=1

Now, A1; will be given by (6) and Az by (7). Thus
|FCMi(X, Clyenny CK)Im

Ai(x,cq,...,Ck) =

+RCi(X,C12,...,CK). ®)

For any membership function Aj(x) de ned by (6), (7), or (8),

if we de ne

o) = KAi(X,Cl,---,CK) ©)
Ai(X,C1,...,Ck)

=1

Gi(x,cq,..

then the output of the fuzzy Iter follows from (5) as

K
F(x) = 'Gi(X,Cq,. ..
i=1

,CK)-

Introduce the notations =] Leee KJT RK,
cf]™ RMM™ (ie, s a real vector of dimension equal to
product of K and n), and G(x, ) = [G1(X, )***Gy(x, )"
RX so that the output of the fuzzy lter for an input x can be
expressed as

= T...
[c1

FX)=G'(x, ) .

Thus, the fuzzy lter is characterized by two different param-
eters vectors, namely, and

B. Identification of Fuzzy Filter Parameters

For the development of the fuzzy Iter, the parameters
( , ) must be identi ed using the given input output data set
{x(@@), y(j)}}‘:o. Assume that there exists some true fuzzy Iter

characterized by parameters ( ,{ j}J‘f:O), such that
y(@)=G" x(G), ;

where uncertainty nj arises due to the modeling errors and data
noise. Let ( j, j) denote an estimate of ( , ;) using data

{x(i),y(i)H-, based on some recursive estimation strategy.
The Itering error for the jth indexed data is given as

GT (x(), j) j-

Any estimation strategy will be considered performing well if it
results in a small energy of Itering errors, which is measured

+ n;j

e =GT x(), j
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as '-‘:0 lej|?. The performance of any estimation strategy
will be affected by three kind of unknown disturbances:

1) the energy of uncertainties
2) the deviation of initial guess
assessed as 1 %

3) the deviation of {j}}‘=0 from their initial guess
{ j 1} =0, assessed as K o i 12 (here, we
follow the approach of [65], where the initial guess about
j Is taken equal to the estimate of ; ;).

We are concerned with a robust identi cation method that is
least sensitive to the disturbances. Our approach to the robust
identi cation of fuzzy lter is based on an energy-gain bound-
ing criterion [65]

k 2.
1 from true parameter

min max

{iit=o . { j};;o,{nj o
. . 2
=0 GT X(J)! j GT(X(J)r j) i
J:
% - (10)
1 2 4+ ) i i1 2 4 - |nj |2
i=0 i=o0
where  and are positive constants. The identi cation

method minimizes the maximum possible value of energy gain
from the disturbances to the Itering errors. Such an identi -
cation method will guarantee that small disturbances cannot
lead to large filtering errors. The maximum value of energy
gain (that will be minimized) is calculated over all possible

nite disturbances without making any statistical assumptions
about the nature of the signals. This is how robustness toward
disturbances is achieved. It follows from [65] that fuzzy Iter
parameters, based on an energy-gain approach, are identi ed

by performing for j = 0,.. ., k the recursions
j=argmin () (11)
. G(x(), ) y() GT(xG), i) j1
T 1+ 16 (xG), )P (12)
where 1 =0and
=20 CEDI T

C. Mathematical Analysis

The robustness properties of recursions (11) and (12) are
obviously as a result of solving the energy-gain bounding
criterion (10). These recursions are the same as suggested in
[44] but are achieved, however, by solving a local min max
regularized least-squares estimation problem and for a simple
(not the clustering based) Sugeno-type fuzzy Iter. The con-
vergence and steady-state behavior of this estimation algorithm
have been studied in [44]. Further, the stability of the method
for the variable learning rates ( , ) has been shown in [47].
For the sake of completeness, some of these results are brie y
presented here. For this, consider a fuzzy model that ts given
input output data {x(j), y(§)} =, based on

y(G) =G (x(G). j)

+V;j (13)
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where j is given by (11);  is some true parameters vector
(that is to be estimated); and the disturbance signal v; accom-
modates nj and any mismatch between estimated vector ; and
some true vector ;. We are interested in the analysis of esti-
mating  using (12) in the presence of a disturbance signal vj,
i.e., we take ; as an estimate of  at the jth time instant
and analyze the algorithms. The following error measures are
de ned for our analysis:
1) consequent error vector j = i
2) apriorirecursionerror g;(J 1) = GT(x(), j) j
3) a posteriori recursion error g, (j) = GT(xG), j) j-
Result 1: If there exists a continuous function V : R

R o, K functions 1, », 3,anda K-function such that
1(Ish) V() 2(sD s R
V g0 V g0 1 3 g0 1 + (vl)

U 1) R, vj R

then the estimation algorithm from {v;} to { c; (J)} is stable.
Proof: The result follows from [66]. For the details,
see [47].
Theorem 1: The estimation algorithm (11) and (12) from
disturbances {v;} to errors { g; ()} is stable.
Proof: De ne a function V (s) = s. It can be proved, as
in [47], that

Vo og0) V(igU D

G (x(), ;) *IvjP ?

GG )2 oG 1

1+ GXG). §)* 1+ GX3G), j) *
De ne a constant
:mjin i G((;X((;i()(’j)f)j; oz 0< <1.
Now, it is possible to write
Vogl) Vol 1 &l D7+l

If we de ne K functions 1(s) = |s|min(d,|s|),
s +|s|, 3(s) = s? andaK function (s) = s?,then
1(Isl)  V(s)  2(sD
V gl V 0 1 3 g0 D + (vl
and, thus, by Result 1, the stability result is proved.

To study the convergence properties, assume that nj = 0. For
this case, it was shown somewhere in [47, Sec. 3.1] that

2(s) =

Ca_ 2 c; U 1) 2
T e, p) 2
1 el D2
1+ GxG). ) ° G&G). )
That is
12: j12
1 ? ;U 1 ?
1+ GxG) j) > GEG). )
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The aforementioned expression shows the convergence prop-
erty in a sense that the squared norm of the error vector jisa
nonincreasing function of the time index j.

IV. METHODOLOGY

Given the total training input output data pairs TD =
{x(k),y(K)}{=, de ned by (4), our method to handle the
uncertainties in the workload-modeling problem consists of the
following steps.

A. ldentification of the Parameters of a Fuzzy Filter

A fuzzy lter is identi ed based on the ideas outlined in
Section Ill. The identi cation method can be implemented
using a Gauss Newton-based algorithm suggested in the
Appendix. For a choice of the number of rules in the fuzzy Iter
(i.e., number of clusters K) and initial guess about the cluster
centers 1, a clustering on the input data (e.g., using nite-
mixture models [67] can be performed.

The output of the identi ed fuzzy lter represents the Itered
output value. If we denote the parameters of the identi ed fuzzy

lterby (', ', ' RK, ' RKD) thenthe ltered output
value of the kth indexed data is given as

yi(k) =GT x(k), ' . (14)

The uncertainty associated to the kth indexed data will be
assessed as

Nk = y(K)  yr(k). (15)

B. Gaussian-Mixture Modeling of Filtered Data
and Uncertainties

Assume that the vector zx = [ys(K) nk]" represents one
particular outcome of a 2-D random variable Z R? whose
pdf can be written as a mixture of the Gaussian distributions

C
p@) = ap(zimj, j) (16)
j=1
such that
1) the mixing probabilities as, ..., ac satisfy a; 0 and
jC:1 aj =1,
2) the parameters m; R?, j (@2 2 positive de nite

matrix) characterize fully the jth Gaussian component

m;)" jl(z m;)
) ;l

An approach to the clustering of data {zx}-, is to t nite-
mixture models (16) to the data, where a component distribu-
tion is used to model a speci c¢ cluster, i.e., the jth cluster (with
mean m; and covariance ;) is mathematically represented by
a Gaussian distribution p(z|m;, ;). Expectation maximiza-
tion (EM) is the standard algorithm [49], [68] usedto t nite-
mixture models to the data. In this paper, however, we use the
algorithm of [67] for estimating the parameters of the mixture
(16). This algorithm is capable of automatically selecting the
number of components C. The algorithm, unlike EM, is less

1
exp  5(z a7)

p(zlmj, j)=
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0.4

0.3

0.2+

0.1

estimated uncertainty value

0 0.1 02 0.3 0.4 05 0.6 0.7
filtered output value

Fig. 3. Gaussian-mixture modeling of data. Data points and (ellipses) level
curves for the different components.

sensitive to initialization and avoids the possibility of algorithm
convergence to the boundary of the parameter space.

As an illustration, Fig. 3 shows the Gaussian-mixture mod-
eling of an example data where the drawn ellipses are the
level curves of the component distributions. The data points
in Fig. 3 could be clustered via associating each point to one
of the components. The matrix ; in (17) could be chosen

to be a diagonal matrix (i.e., the two random variables are
1 1

independent). If m; = 212 and j= ) 7 then
i i
p@im;, ;) =p yilmj, j p nimf, §  (18)
1\2
exp LG;j)
]
piysImy, )=
2 1
i
232
exp 7(”2";1)
1]
pnimi % = . (19)
2 2

C. Combination of Local Models for Subjective
Workload Modeling

For the workload modeling of the ith indexed subject (i =
1,...,S), the knowledge of component distributions (i.e.,
p(zlmg, 1),...,p(zlmc, ¢)) is utilized in the development
of local models (My, ..., Mc) valid in the prede ned operat-
ing regions. The operating regions can be represented by fuzzy
sets (A1, ..., Ac), and the local models can be combined using
a fuzzy rule base

For input X, if the ltered valuey; = GT(x, ') !
is Ap, then output = My (x), [Vt ]

For input X, if the ltered valuey; = GT(x, ') !
is Ac, then output = Mc (%), [V ].

Here, M; (x) denotes the jth model output for the input X, and
Wlj  [0,1] is the weight of the rule that represents the belief
in the accuracy of the jth rule. The degree of fulfillment of the
Jthruleisgivenby j(ys) = W A;j (yr), where the membership
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function A;(ys) represents the degree by which y¢ belongs to
the fuzzy set A;. The overall output y' (i.e., workload score
of ith indexed subject) for input X is estimated by taking the
weighted average of the output provided by each rule

C

_ j_l\ﬂjAj(yf)Mj(X)
=

y = C

_, Wit A (yr)

i
We want to de ne the membership function A;(ys) in such a
way that the data points belonging to the region covered by
A; (yr) are most likely to be generated by the jth probabilistic
model p(ys|mj, ). This is done by simply de ning A; (yr) as
follows:

Ajy)=p yflmj, ;7 .  j=1,...,C.  (20)
In view of this choice of the membership functions, the natural
choice of the rule weight l; is the prior probability of observing
a data point from the jth source, i.e., Wl; = a;. Thus, the overall

output by combining the local models is given as

c
_ AP yelmy, § M;(x)
i i=
y' = c
ajp yrlmj,
Jj=1

(21)

D. Development of Local Models

Out of the ith indexed subject data DF_’i = {x(Kk), y(k)}',:';l,
C different data sets (DP}, DP}, . .., DP¢) can be created such
that the data set DP; is associated to the jth probabilistic model.
A local model M;j, associated to the fuzzy set A; de ned by
(20), is trained with an input output data set DP} de ned as

Aj (yi(k))  }
0 1.

DPj = {x(k), y(k), 1 k Ni

(22)

The data set DP} contains all those data of DP' whose |-
tered output values belong to the fuzzy set A;, at least by a
degree of .

The models Mg,...,Mc could be of any type, namely,
neural, fuzzy, or any other. If the local models My, ..., Mc
are chosen to be fuzzy with the same structure as the Iter
(described in Section 111-A), then the functionality of the work-
load model can be described in terms of the fuzzy rules of the
type described in (2) of Section I. In particular, we choose

Mj(x) =G (x, "wj

where wi = [w}(1) wj(2) **+ wj(K)]T R is the vector
of adjustable parameters. The linear parameters vector w} is

estimated with the data set DPJi using a machine learning
algorithm. In this setting, the overall output (21) is given as

c .
ajp yrlmj, § GT(x, ")wj
1

y' = =

(23)

ajp ysflmi, 1}
i=1
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We structure "= '(Q)eee (KT, ' =[(c])T oo
()], and G(x, ') =[Ga(x, ")+**Gk(x, "] and then
introduce the following fuzzy model:

If x belongs to a cluster having centre ¢!, then Itered

output is equal to ' (1) and output value for ith individual
c -
_ &P yelmi, § wi(@)
J:
C 1
ap yelmy, §
i=1

is equal to

If x belongs to a cluster having centre ¢l , then Itered

output is equal to ' (K) and output value for ith individual
c -
~ap yelmj, | wj(K)
=1
c K 1
~ajp yelmy,
i=1

is equal to

This fuzzy model, with the membership functions de ned by
(8), can be associated to (14) and (23). This can be seen after
aggregating the rules, as in Section I11-A, to obtain the Itered
output

Gi(x, ) ')+ +Gi(x, ") N(K)
— GT(X, I) 1

M

which is same as (14). Here, G;i(x, '), as per (9), is equal to
Ai(x, N/( A, ). Similarly, the output value for the
ith individual

c .
ajp yelmj, § wj(1)
. ji=1
y' = Gy(X, ')J c + o0e
L yilmy,
c .
P yilmi, § wi(K)
+ Gk (X, I)J_lC (24)
~ap yemiS,
j=1

is the same as in (23). To characterize the behavior of the ith
individual, let us de ne

wi() e wi) ¥
PwWi(2) e we;(2>$

Wi(K) o WE(K)

#
aip(yrImi. 1) acp(yrimt, &) T
C

B —"E
ye a;p(ysimj. 1)
i=1 i=1

%
ap(veimi, 1)

so that (24) can be expressed as

y'=GT(x, hYw'B,,.
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Fig. 4. Block diagram representation of the method. The matrix Wi is
adjusted to make §' equal to the true value of workload.

Fig. 4 shows a block diagram representation of the mathe-
matical analysis of this section. As shown in Fig. 4, the quantity
WiByf takes the individual physiological conditions of ith
individual into account. The elements of the matrix W' are
adjusted (i.e., learned) in a such a way that the system output y"
is as close to the true value of workload as possible.

E. Probabilistic View

Let us de ne arandom variable F as follows: Fx = j if, for
some data point x R", the ltered value y; = GT(x, ') !
is generated by the probabilistic model p(y¢s|mj, ) and the
uncertainty value n is generated by the probabilistic model
p(nlmZ, ). In other words, Fx = j if the data point is gen-
erated by the jth probabilistic model. Let y' be a variable that
denotes the subjective workload score of the ith subject. Now,
the conditional expectation of y', conditioned on s, is given by

C

EW'ly) = p(Fx =Jly)EW' lyr, Fx =1§)
j=1

(25)

where p(Fx = J|ys) is the conditional probability mass func-
tion. By Bayes rule

P(YfIFx = J)P(Fx =J)

p(yr)
p(yslFx = J)p(Fx = })

P(Fx = Jlyr) =

(26)

C

. 1p(Yf“:x =Dp(Fx=1)
J:

The probability p(Fx = j) is equal to a; (prior probability of
observing a data point from the jth source) and p(y¢|Fx =) =
p(ysImj, ). Thus, (25), using (26), can be written as

C 1 1
H i - p yflm'y T dj
EG'ly) =  EW'lynFx=i)— b

=1 1 1 R
J _1p yelmj, 5 aj

]
Substituting E(y'lyr, Fx = j) = ys + m?, we have

C 1

1
C

E'lyr) = (@7)

2
) yr +my
j=1 p yf|m1, i- aj
j=1
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Lemma 1: If the adjustable parameters of the jth local model
(i.e., wj) are chosen such that

wi)=E y'lys= '), Fx=j = '@ +m}
Wi =E y'lyr= '@.Fx=j = '@ +m}
Wi (K)=E y'lyr= "(K),Fx=j = "(K)+m? (28)

then GT(x, ")w} =ys+mZ, considering that G1(x, ') +
eos+ G (X, ") = 1. In this case, the overall output that com-
bines the local models, i.e., (23), in view of (27) becomes

y' = E(y'lys).

F. Learning Algorithms

Lemma 1 suggests that if the parameters of the local fuzzy
models (i.e., wi,...,wg) are chosen based on (28), then the
combination of the local models provides the conditional ex-
pected value of the subjective workload score of the ith subject.
However, in a case, one may be interested in choosing the
parameters w! based on some estimation criterion e.g., maxi-
mum a posteriori (MAP). Assume that there exist some true pa-
rameters of the jth local model wi’ , such that the input output

data of set DPJi are related via
yK) =GT x(k), ' w +v

where v is the Gaussian with mean zero and variance 12
Further, assume that the elements of vector w}’ are independent

random variables with distribution functions as

pw @ =pVyiy= "(D.Fx=]
pw @ =pyly= '"Q.Fx=]
pwh(K) =pyly= "(K)Fe=]j .

That is, the probability density of random vector wj' is
given as

- - T - -
_ exp 3wy wy (0) Wjil wy wy (0)
pw = —
(2 )KI Wj'l
(29)
where
i, — 1 2
wi (0)= " +mj
= 2
wi = il
Our concern is to estimate the vector w! using a

]

data set DPJi = {x(k),y(k)}::';{. Conditioned on w'"

i and
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{G(x(K), ")}, we have

i 1
p Y@} vy, G x(Kk), ' = —
2 2 [N ]
i
&
1 Ni.j .
exp y(k) GT x(k), ' wh (30)
2 2 T C
k=1
considering that {y(k)}, conditioned on WJ' and

{G(x(k), D}, is an independent Gaussian with a mean
{GT(x(k), ")w; } and a variance . Using Bayes rule,
the MAP estimator of WJ!’ will maximize the a posteriori
probability

pw [{y®}, G x(k), '

P MW, G x(), T pwy ] G ox(K),
- Py} {G (x(K), D}

(31)

We assume that WJ' is independent of {G(x(k), ")}, i.e.,
p(w; {G(x(k), ")}) =p(w; ). Thus, the MAP estimator
satis es

max p {y(Hwy . G x(, ' p wy

1

It follows when using (29) and (30) that the MAP estimator
solves
#
.2 . . 2
y() G x(k), ' wy +§W}’ wj (0)§ %

Ni.j
J k=1

which could be computed recursively (i.e., in an online manner)
using the well-known recursive least-squares (RLS) algorithm.

Some researchers are not interested in an average or ex-
pected performance but in the worst case performance, where
performance analysis is made without making any statistical
assumptions on the variables. The p-norm algorithm [69] is
one of the typical examples of such learning techniques. The
p-norm algorithms are an online learning tool which, for p = 2,
yield the Widrow Hoff learning rule, whereas p=2InK
(where K is the length of parameters vector W}) gives rise to an
algorithm which is very similar to the exponentiated gradient.
The details of these algorithms are available in, e.g., [69] and
[70]. In this paper, these details are not provided in order not
to loose track of the central Problem 1. Further, the choice of
the learning algorithm and a mathematical analysis of its effect
on the overall system performance are some of the issues which
require considerable research efforts and cannot be covered in
a reasonable length in this paper.

V. RESULTS

We start with a simple display of the data in Fig. 5(a) (c).
As shown in Fig. 5, the workload-score prediction based on
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Fig. 5. Plots of different physiological parameters with subjective workload score. (a) Plot between p’3\‘ and y. (b) Plot between p2N and ¥. (c) Plot between

HRN and §.

the chosen physiological parameters is a tough job, i.e., a
considerable amount of uncertainties exists. This explains the
poor performance of the neural/fuzzy modeling techniques in
Table 1.

We employed a fuzzy lter, with membership functions
de ned by (8) for m =2, for Itering out the uncertainties
from the modeling problem. The fuzzy Iter parameters were
identi ed based on the energy-gain bounding approach. The
identi cation method was implemented in MATLAB 6.5 using
a Gauss Newton-based algorithm proposed in the Appendix.
The number of rules in the fuzzy lter (i.e., K) and initial guess
about the cluster centers (1) were chosen via performing
clustering on the 3-D input training data using nite-mixture
models [67]. The identi cation algorithm was run up to ten
epochs, taking =  =0.1. The identi ed fuzzy Ilter was
used to obtain the Itered values (14) and the underlying
uncertainties (15).

The Gaussian-mixture modeling of the 2-D data ( ltered
and uncertainties values) identi ed nine different component
distributions (chosen to have a common diagonal covariance
for all components). These nine component distributions have
been shown in Fig. 3. The membership functions associated to
the component distributions, de ned by (20), were as follows:

1 2
ye mi
exp %
A () = ,
1 07) 2 (0.0023)

i=1,...,9

where

m} =0.2904 m3} =0.5436 m3 = 0.2301
mi =0.4901 mi =0.5033 mj =0.5451
mi =0.4369 mj=0.1079 mj =0.2537.

The mixing probabilities were as follows:

a; =0.1438 a, =0.1373 a3z =0.0374
as =0.0553 as =0.2569 ag = 0.1924
a; =0.0805 ag =0.0565 ag = 0.0399.

The parameter in (22) was taken is such a way that all
data lying at —3 Jl from the mean mj1 are included in the

DP}-. The linear parameters of the local fuzzy models were
learned based on the MAP estimation criterion (i.e., RLS
algorithm). Several epochs of the RLS algorithm were run
until the parameters almost converged. The maximum num-
ber of epochs was 100. The modeling performance of our
method is shown in the rst row of Table IV and in Fig. 6(a)
and (b). A comparison between the achieved performance and
Table 1l clearly shows the effectiveness of our approach. The
method achieved a prediction accuracy of R? = 0.7144 on the
testing data in comparison with the prediction accuracy of















