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Abstract

The subjective measurement of small audible differ-
ences in the audio engineering field has been hampered by ex-
perimental conflicts between applicability and reproducibility.
The Rasch Model offers a powerful means of controlling the
statistical analysis of experimental data in order to maximize
reproducibility and applicability across listeners, audio mate-
rial, and devices under test. The authors describe their testing

of five perceptual audio coders for Lucent Technologies.
The Problem of Measuring Perception of Small

Audible Impairments

Measurement of listener perception of small audible
impairments caused by audio reproduction devices has been
constrained by the combined but conflicting needs for (a) re-
producible test results and (b) broadly applicable conclusions.
Measurement techniques have sought to achieve reproducibil-
ity through rigorous test design and execution intended to mini-
mize such sources of uncontrolled variance as listener training
and expertise, the choice of program material, and the listen-
ing environment. For example, only expert listeners are used
and the listening environment must meet exacting specifica-
tions. This poses a dilemma. The more rigorously controlled
the testing environment, the less faithfully it reflects the listen-
ing conditions of the real world. Most listeners are not experts.
Most rooms do not meet the specifications for properly con-

trolled listening environments.
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Test data are drawn from rating scales such as the
Mean Opinion Scale (MOS)' and often incorporate an accu-
racy test in which the listener must pick out a reference signal
from among a selection. Analysis of Variance (ANOVA) is
used to interpret the results.? Data collection rigor is presumed
to minimize random statistical variance and to reduce system-
atic biases. Techniques such as diff-grade analysis are used to
diagnose listener inexpertise and to reduce rating scale floor
and ceiling effects.”> However, even under perfectly controlled
test conditions, anomalies arise that compromise reproducibil-
ity and that ANOVA is not competent to remedy. We en-
countered several such instances in our study.

The conventional experimental approach is drawn
from procedures traditionally used to control objective data from
which the human element has been removed. As a conse-
quence it rests on several assumptions that are hard to support.
First, it assumes that all extraneous sources of variation can in
fact be experimentally removed so that what is revealed are
the perceptions themselves and not biases of the listeners, char-
acteristics of the audio systems, or anomalies arising from par-
ticular cases. However, the physical and psychological com-
plexity of the listening process appears to render this level of
control impossible at the laboratory level. Even under the most
controlled conditions, researchers have found replication to be
extremely difficult.*

Second, it assumes that test subjects unequivocally
perceive and can identify the small impairments under test, in
other words that they are “experts.” Researchers attempt to
meet this condition through a process of pre-screening listen-
ers and post-test removal of “non-experts” who fail to meet a
guessing accuracy criterion. In reality, of course, listeners bring
a continuum of expertise and perceptual acuity to such tests,
and no listener is sufficiently expert to produce the kind of re-
liable measurements ultimately desired. There is also the prob-
lem of relating the reports of experts to the probable experi-
ence of non-experts. A hypothetical panel of “perfect” experts
would lead one to conclude that even the best perceptual au-
dio coding systems are “extremely annoying,” leaving fully open
the question of how such systems would be perceived by the
rest of the world.

Third, there is an assumption that such perceptions
can be reduced to a reliable, stable, and reproducible metric,
that they are in fact measurable to the point where they may be
quantified in a useful way for subsequent use in the design,
manufacture, and application of audio systems.” It is well known
that rating scale data do not possess these metric properties.®
The relative spacing of the rating scale categories is highly vari-
able and there are pronounced compression effects at the top
and bottom of the scale, making it highly nonlinear. While use
of diff-grades has made such difficulties more manageable, the
fact remains that a rating scale is not a measuring stick.

Fourth, it is assumed that Analysis of Variance is suit-

able for this type of analysis. However, ANOVA specifies: 1)
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linear, interval scales; 2) representative samples; and 3) an ab-
sence of interaction effects if the intent is to measure main
effects. None of these specifications is met in this type of data.
The scales are nonlinear. The expert listeners represent no
population but their own. Interaction effects abound, and while
ANOVA can be used to document their presence, it can do
little to prevent their perturbation of the main effects. As a
consequence, results drawn from ANOVA do not reproduce
well when the selection of programs or listeners is changed.
The Listening Format and Devices Under Test

The devices under test were five high-performance
Perceptual Audio Coders known as “codecs.” Perceptual Au-
dio Coders are complex encoding algorithms used to remove
data from a digital audio signal for ease and speed of electronic
transmission. They are “perceptual” in the sense that they take
advantage of the physical and psychological mechanics of hear-
ing perception to identify means of removing information from
a sound signal in such a way that the brain does not detect the
loss. An enormous amount of audio data can be removed be-
fore the brain senses anything missing, but eventually as data is
removed the brain hears “glitches” in the audio signal. It was
the purpose of these tests to measure the audibility of such
“glitches” for a specific codec that Lucent Technologies hopes
to use in the field of digital radio broadcasting. (Radio broad-
casting currently uses “analog” signals which lack the flexibil-
ity and wide applicability of digital signals.)

The authors measured the five codecs using a panel
of thirty listeners with a wide range of experience (we deliber-
ately included nonexperts) and other demographic character-
istics, and ten audio examples drawn from commercial and test
recordings. All testing was double-blind and done in small
groups over a two-month period, using headphones. The goal
of the test was to determine the relative impairment each codec
contributed to reference recordings for a range of listeners lis-
tening to a range of conventional recordings.

The test consisted of fifty examples, following a train-
ing session and three warm-up examples. Each example con-
sisted of a sequence of recordings identified as “Reference”,
“A,” “B,” “again, Reference,” “A,” “B.” In each case, the iden-
tified reference was one of the Reference recordings, while A
or B was the codec-processed copy under test and the remain-
ing of A or B was the reference again (the so-called “hidden
reference”). The listeners were asked to score both A and B
according to the given criteria, and to identify which of A or B
was the hidden reference.

There were two tasks: 1) rating each codec on the 5-
point Mean Opinion Scale; 2) picking out the hidden refer-
ence. In a conventional diff-grade analysis, the two tasks would
be combined into one set of “ratings.” The listener would au-
tomatically assign a “5” to his guess of the hidden reference.
The diff-grade would then be the difference between the rating
given the actual hidden reference and the rating given the en-

coded signal. These diff-grades would be used to screen out

POPULAR MEASUREMENT 11

HZmSmHAcRpNR

S
) =4
O
x
)
) ¢
G
H
= %




HEQ~EROY® azmimwdmhmg

non-experts. For the Lucent test, listeners were not forced to
assign a “5” to one of the choices since diff-grades were not
used. Instead, we simply performed two distinct but parallel
analyses, the first using the MOS ratings to measure codec trans-
parency, the second using frequency of correct identifications
of the hidden reference.

The Mean Opinion Scale was presented as follows:

5= Iemwthearadiﬁemneebetweemhem{ummd
4 = Ihearapacepriblebutnotamwyhg&ﬁmncebe»
_ tween the reference and the processed recordings.
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Following the test session, listeners were asked to com-
plete an exit questionnaire. To the question, “Were the PACs
in general hard to distinguish from the reference signal?” 27
(90%) answered yes, and 3 (10%) answered no.

Theoretical Justifications for Using a 3-Facet

Rasch Model

To analyze the ratings we employed a 3-Facet Rasch
Model.” Each datum was conceived to be the conjoint effect
of the “transparency” of the Codec under test, the “severity” of
the Listener, and the “intolerance” of the audio sample or Pro-
gram to Codec artifacts. The corresponding expression, in-
cluding an F term to take into account transitions between
adjacent categories, was:

ecn_li'u J_Fl
wiEn —

P{xcpe 2"K"|C,, L, M ,F,}= 1+ o b M F
where x,,. = the rating value assigned a Codec

k = a rating scale category

C, = transparency of Codec n in logits

L = severity of Listener i in logits

M = intolerance of Program j in logits

K = difficulty of the step up from category k-1 to k

Equation 1

In other words, the probability that a given response x
will be greater than or equal the k’th rating scale category given
Codec C, Listener L, Program M, and step difficulty F of reach-
ing k from k-1, is a function of the logit measures of C, L, M,
and E

The Logit Scale

It will be recalled that conventional subjective testing
assumes a stable, linear metric, a condition that is not met by
the MOS scale. First, rating scales that have a clear “floor”
and “ceiling” such as the MOS scale, whose ratings must fall
between “1” and “5,” suffer compression effects at the end of
the scale. Such effects are ameliorated by using only the middle
categories of the scale (not practicable with high-performance
codecs) and by using diff-grades, where each rating is replaced
by the difference between the rating given the Codec under
test and that given a Reference signal. (Diff-grades cleverly
smooth out the ceiling effect by introducing the possibility of
extra categories at the top of the scale arising from incorrect
identifications of the Reference signal, which are then discarded
as unreliable, thus locating the set of “reliable” responses to-
wards the center of the diff-grade scale.) The second reason
why the MOS metric is not preferred is that, compression ef-
fects aside, the length of each rating scale unit depends on the
relative wording of adjacent category descriptions, which is
highly variable, creating a ruler without consistent units, for
which no “centimeter” matches any other.

Rasch measures meet the demand for a stable, linear
scale by replacing the MOS rating metric with the logit scale
which measures distance in terms of linearized probabilities—
the log of the probability of scoring above a specified category
divided by the probability of scoring below it. The logit scale
suffers no floor or ceiling compression effects as it has no upper
or lower limit, and each logit is the same “size” as every other.
It can also be readily interpreted as the probability of a particu-
lar codec scoring at or above a specified rating when confronted
with a listener of a given severity and a program of a given
intolerance. Thus, it now appears possible for the audio field
to measure perceptual audio coder transparency in a metric as
useful and definable as the decibel (which measures loudness
on a similarly logarithmic scale) and the other physically de-
fined variables that characterize sound.

Unidimensionality

An important feature of the Rasch Model is that it
requires unidimensionality of test items as a condition of fit.
Yet all data sets, including the one analyzed here, are multidi-
mensional to some degree, no matter how careful the research-
ers. What, then, of the Model’s applicability? So long as there
is a single dominant dimension, such as Codec Transparency,
the Model is applicable. Extra dimensions manifest as misfit
and are purged from the data set accordingly. Thus, unidimen-
sionality is an ideal which the Model tests for and makes it

possible to approach. It is not a precondition of successful analy-
sis.

In comparison with the educational and psychologi-
cal data to which the model is routinely applied, the audio data
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