» VETFIOD ANBAPPARATUS FOR CHARACTERI ZI NG AN | NPUT

Sl GNAL : Field of the Invention

The invention relates to nethods and appgratus for characterizing input 5
signals and, nore particularly, to t he assessnent of signal

characteristics, such as gnal %ual ity, associated with subjective

| nventi on In many circu ‘gﬁs signal characteristics nust
be neasured to det er m ne whet her whi ch produce, transmt, and

receive the signals are 10 properly performng. Frequently, assessnent of
signal characteristics, such as signal quality, is conplex because

many factors are considered i n suEieldof the Inveationssnent. For signals which
are received by human senses, e.g., audio signals - such as speech and
musi ¢, and vi deo %gmmuonr@ms toamethodsrend apgarams forwohhraeterizing inpstubj ecti ve

human anay ysélgﬂalgﬁﬁd rtﬁéi‘é’ a;fdrﬁéhlwl % %he adsSsshBf of SgfllthhbtelidficsS WHE 1°

associated w
51gnal quahty, assocmted with subjective human analysis.

Background of the Invention

In many circumstances, signal characteristics must be measured to

determine whether systems which produce, transmit, and receive the signals are
10  properly performing. Frequently, assessment of signal characteristics, such as

signal quality, is complex because many factors are considered in such an

assessment. For signals which are received by human senses, e.g., audio signals

such as speech and music, and video signals, signal assessment often involves

subjective human analysis. The resulting analysis is used to monitor the systems

15 associated with the signal. |

One field which heavily relies on human analysis of signals is
telecommunications, particularly the area of voice quality. Effective quality
control of voice signals, e.g., through control of voice coding schemes, typic'ally
reflects subjective quality assessment. The term "voice coding" refers to electrical

20 representations of voice signals including, but not limited to, output from an
individual voice coder/decoder (i.e., a device which produces a digital
representation of a voice signal, typically for a telecommunications system), output
from a voice coder which has been carried by a communications system and

, and analog representations of voice signals. For this reason, performance

25 of v@e,_,élgnal control schemes frequently entails subjective listening tests. To be
rehabfe, these tests must be consistent for all voice signals from a particular signal
source, such as a voice coder, and coder independent for comparative assessment
of the subjective quality of the various coding algorithms. A commonly used
subjective measure is the mean .opinion score ("MOS").

30 . Typical MOS tests involve a sufﬁclently large subject group of people
(e.g., 44 people), take longer than one month to conduct, and are expensive (e.g.,
can cost in the range of tens of thousands of dollars for preparation, testing and
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15 _ TABLE 1
Objective Speech Quality Measure ' Correlation p
|_Signal to Noise Ratio ("SNR") 0.24
Segmental SNR B 0.77
Linear Predictive Coding ("LPC") Based Measures
Linear Predictor Coefficient 0.06
Log Predictor Coefficient 0.11
Linear Reflection Coefficient 0.46
Log Reflection Coefficient 0.11
Linear Area Ratio - 0.24
Log Area Ratio | 0.62
Log Likelihood Ratio 0.60
Cepstral Distance 0.63
Weighted Spectral Slope 0.73
- {:Filter Bank 0.72

Ry

Thus, there is a need in the art for an effective, automated measurement of
signal characteristics, e.g., signal quality, to provide a less costly and quicker
means of signal assessment. In particular, for voice signals, the automatic

20 calculation of MOS scores directly from voice signals, without human evaluators
would be of great practical value. Such a technique would provide information at
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~nvaki*dat ed by conparison with subjective human assessnent, the autonat ed
measure must predict the score of a general | y accepted. signal quality
rating schene, such as 5 MOS, with accu acy and consi st ency.
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measur e pegfo £valuatgrs.h |inited success. Table 1, taken from .
"(Obj ective Measure of Speech Quality," S. Quackenbush, Prentice-Hall

1988, .set forth below, lists priwgyﬂ,m?ve measur enents of voice
quality with their respective correlfation coefficients to actual MOS
val ]ch?S ran?i ng fr olhespresant ;itiveﬁn Edvideshi xtﬁ&h&ﬁ afid Zﬁparﬁus for m&asgﬁn%
coefficie rfe iction ndi cat es

correl ati I%%Eéﬁee%éalpﬁifw&éﬁs 1C. J@E@& s ey ;f?ﬁﬁ‘freﬁlb‘tﬁfll@%‘f’mt:bt es for

act ual IVDS charactesize agignab An mtelhgent system, such as a neural network, is trained iRABLE

Cor rel ation ghe relationship bg&kgegxt feX@reS?egfﬁ@ gﬁ%%e)m selected

0.24 feature seBisgthen tm’awderom a first input signal. The extracted feature set
0.77 Y Fﬂ
Li near Predi gfoé? méo*g*s??% ellr?l'% ‘?R;hﬁtcb ﬂé@ﬂuélhkf “?s;s‘aa: géle'\ﬁ?eﬂi'éeﬁ

Log Pr edilPt orSy#temrareatessan output signal based on the feature set exteacted from the first

Li near Refl eghptRigeaB! This! sidbut signal is then used to characteri d‘%Gmp ut signal.
Log Reflecti onp Coet fi ci ent(ﬂmls 8 nzg '8

Li near Area Rati o In one embodiment, the subject invention is employed44 assess voice -
tgg 'ﬁ‘lr Egl :Qﬁt) Icﬂg‘allﬂt typically as expressed in MOS scores, in a mannegywhish accurately

corresponds to the analysis of human evaluators. For voice signals processed by

15  voice coders, the present invention provides a measurement technique which is
independent of various voice coding algorithms and consistent for any given |
algorithm.

Brief Description of the Drawings
'FIG. 1 schematically depicts a signal characteristic measurement system
20  according to the present invention.

FIG. 2 schematically depicts a feature extraction system for voice signals
employed in the signal characteristic measurement system of FIG. 1.

FIG. 3 schematically depicts a multilayer perceptron ("MLP") neural -
network employed in one embodiment of a signal characteristic measurement
25  sys@iim.. |

-_.G. 4 schematically depicts an array of the signal characteristic
measurement systems of FIG. 1 used to provide an average signal characteristic

measurement.
30 Referring now to FIG. 1a s1gnal charactensuc measurement system 10 is

depicted accordmg to one embodiment of the present invention. Signal
measurement system 10 comprises two principal sub-systems, feature extraction
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An intelligent system such as a neural network, is trained in t he
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system Mhe exirasted; fgature set to produce an output signal which characterizes the input

signal for the attribute being measured. As used herein, the expression "intelligent

system” refers to any system which is capable of adaptive learning, e.g., learning

which is adjusted to accommodate changing circumstances. Examples of

intelligent systems are systems which employ artificial intelligence (e.g., machines

15  capable of imitating intelligent human behavior) and neural networks. Neural

networks include systems which can learn through trial and error processes.

Typically, neural networks employ plural processing elements interconnected such

that the network simulates higher order mental functioning.

FIG. 2 depicts a feature extraction system 20 employed in the analysis of
20  voice signal quality. In this embodiment, signal characteristic measurement system
10 is used to determine voice signal quality as represented by MOS scores
quantifying subjective human analysis. For accurate MOS score measurement,
i.e., MOS scores which closely correlate to those generated by human evaluators,
the feature set comprises a set of parameters which captures the spectral distortion
25  of a subject voice signal, e.g., a coded voice signal, from a reference signal over
the ear-crmcal frequency bands. Since many psycho-acoustic studies of perceived
ifferences can be interpreted in terms of difference of spectral features, the
al distortion as a feature set parameter is one approach to feature set

selection.

30 In the embodiment of FIG. 2, the feature set is based upon a power spectral
measure. While this is one approach to feature set compilation, it is understood
that the present invention is capable of employing a variety of approaches to
capture a set of features based on the desired metrics. Other metrics which can be
employed in voice signal feature set compilation include a Bark transform (power

35  spectral in the Bark domain, an EIH (ensemble interval histogram) model, and an



10; system creates an output signal based on the feature set extracted from

the first I nput signal. This output signal is then ysed to
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characteri stigmpRas YnSfdXemplat}y ehbbdimicht, the frames are non-overlapping. Frame
blocking of the signal X(n) takes place at frame-blocking circuit 21, and of the
signal Y(n) at frame-blocking circuit 24. The number of frames M, depends on
the length of the signal. The number of samples available for analysis over a

15  short-time interval depends on the frequency of the signal and the duration of that
interval. In one operation of the subject invention, the analyzed voice signal was a
16 bit linearly quantization sampled at 8 kHz. The signal was and should
preferably be analyzed in discrete short-time intervals, Y(n) (or X(n)). It is
assumed that within a 5-25 ms interval the signal is time invariant or quasi-

20 stationary. This assumption is important because parameter estimation in a time-
varying (non-stationary) system is more difficult. For voiced speech, the signal is
assumed to be time-invariant over a 20 ms interval. Physically, this means that the |
shape of the vocal tract remains constant over this interval. Thus where a voice
signal is sampled at 8 kHz, an analysis window of 8 ms results in N equals 64

25 samples. The output of the frame blocking step is the matrix Y(1:M, 1:N) (or
X(1:M, 1:N)). '

+ After the signal is blocked into frames, the power spectral density ("PSD")
of ﬂgsngml per frame (PSDy(F) (or PSDx(F)) is calculated at block 22 for X(n)
and block 25 for Y(n). This is the beginning of feature extraction. The PSD is
30 computed as follows. For frame i in signal x:

PSDx(i) =(abs(fft(X(i,1:N)),N))>/N i=12,..M
Similarly, for frame j in signal Y:
PSDy(j) =(abs(fR(YG, 1:N), NN j=1,2,...M

where fft(x) is the Fast Fourier Transform of the vector x.



‘depi cteg according to one enbodi ment of the present invention. Signal
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Critical Center Critical Lower Upper
Band Frequency | Band (Hz) Cutoff Cutoff
Number (Hz) Frequency | Frequency

(Hz) (Hz)

1 50 - - 100
2 150 100 100 200
3 250 100 200 300
4 350 100 300 400
5 450 110 400 510
6 570 120 510 630
7 700 140 630 770
8 840 150 770 920
9 1000 160 920 1080
1170 190 1080 1270

1370 210 1270 1480

1600 240 1480 1720

1850 280 1720 2000

2150 320 2000 2320

2500 380 2320 2700

2900 450 2700 3150

3400 550 3150 3700

4000 700 3700 4400

19 4800 900 4400 5300
20 5800 1100 5300 6400

For voice signal quality analysis, the power spectral is computed per frame
for each critical band as follows. Since the maximum frequency component in the
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After computing the power spectral for the ongmal voice signal and the

coded voice signal, for each frame and band, the power spectral distortion can be
computed at 27 and averaged at 28 over all frames for each band. The power

15  spectral distortion is giVen by the signal-to-noise ratio ("SNR") which for each
band b in frame i is given by:

SNR(i,b) = 10 log(abs(Px(i,b)/(Px(i,b) - Py(i,b)).
The average SNR per band over all frames is given by:
SNR(b) = 1/M(Zj=1:M SNR(,b))

20 which represents the feature set to be applied to the intelligent system. This
feature set has 18 elements -- corresponding to the 18 critical bands -- representing
the spectral distortion of the coded voice at the critical frequency bands. The final
data rate is, for an 8 second length voice signal, 18 (bands) x 16 (bits per signal)

= 288 bits per voice signal compared with 8000 (cycles per second) x 16 (bits per
25 cycle) X 8 (seconds) = 1000 kbits.

- ' After the SNR i is averaged over all frames, feature extraction is complete
and the feature set becomes the new input signal for intelligent system 30. The
signal processing performed in block 20 of FIG. 1 results in faster processing by
the system and more direct convergence to the proper weights necessary for the

30 intelligent system to accurately characterize the input signal.

The feature set is. processed by intelligent system 30 to measure the input
signal characteristics. In order to accurately characterize the feature set extracted



5., ‘- ;information index nodel. Additional paraneters, such as those
descri bed, are optionally added to the feature set to expand the
T obust ness of the technique. 8 Inthe FIG 2 enbodinent, a
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shape of 13 hetheoysiem.r Abe expression; "hidden” W rmmhed b0 @ particular leurofiardaydrer e a
voi ce refers to a neuron or layer which is intermediate an input or output neuron or
layer. A preferred embodiment of the subject invention uses eighteen (18) neurons
in the input layer, thirty-six (36) neurons with sigmoid activation function in the
hidden layer_, and five (5) neurons with sigmoid activation function in the output
20 layer. Further description of the operation of neural networks is found in R. H.
Nielsen, Neurocomputing, (Addison-Wesley, 1990), the disclosure of which is
~ incorporated by reference herein.

The neural network is trained in the relationship between feature sets and
signal characteristics. Neural networks learn in a variety of ways. For analysis of
25  voice signal quality, the neural network of the present invention learns the
relationship between MOS values, i.e., the signal characteristic being measured,
and théf extracted feature set (described above). The training data set includes a
numh& of different voice feature sets and their corresponding MOS values.

For the voice signal analysis of the present invention, training employs a
30  backpropagation algorithm, enhanced with momentum and adaptive learning rate
algorithms. While use of the backpropagation algorithm is illustrative, it is
understood that any algorithm or group of algoritlnhs suitable for training of neural
networks can be employed in the present invention._ In backpropagation, the input
and output of the input layer are the same. For each input-hidden neuron
35 connection there is a corresponding weight reflecting the strength of that



signal is sanpled at 8 kHz, an analysis w ndow of 8 ns results in N equals
64 25 sanpl es. The output of the frame blocking step is the matrix Y(1. M
1:N) (or X(1: M 1:N)). Aftgr the signal is blocked into
frames, the power spectral density ("PSD' of the signal per frane
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critical bandhat differenceds then propagated back to the hldden nodes whlch adjust all their :
weights by that same amount. Since all the weights are adjusted equally, the
optimal weights are generally obtained after many iterations.

10 Momentum allows a network to respond not only to the local gradient, a
function of the last difference between target and actual output, but also to recent
trends in the error surface. Acting like a low pass filter, momentum allows the
network to ignore small features in the error surface. Without momentum, the
system can become trapped in a shallow local minimum.. With momentum, the

15 network avoids becoming trapped in such local minima, assisting convergence of
each weight to its optimal value.

Another algorithm, adaptive learning rate, further enhances training of the
neural network. First, the initial network output and error are calculated. At each
iteration, new weights and biases are calculated using the current learning rate.

20 New output and error are then calculated. If the new error exceeds the old error
by more than a predefined ratio, the new weights, biases, output, and error are
discarded and the learning rate is decreased. Otherwise, the new weights, biases,
output, and error are kept. If the new error is less than the old error, the learning
rate is increased. This prbcedure increases the learning rate, but only to the extent

25  that the network can learn without large increases in error. Thus a near optimal
learning rate is obtained. When a 'larger learning rate could result in stable
leaming the learning rate is increased. When the learning is too high to guarantee
a decmse in error, it is decreased until stable learning resumes.

Using the above approach, the intelligent system produces, from the input
30 feature set, an output signal. For voice signal feature sets, the output signal relates
to the MOS score for the input signal. The MOS score is rated on a scale of 1 - 5,
1 being bad and 5 being excellent. The MOS score is calculated from the outputs
depicted in FIG. 3 as follows:

MOS = (B+2P+3F+4G+5E)/(B+P+F+E+G),



5 -, fe'r?rpl. oyed. The peripheral auditory analysis nodel results from studies

show ng poorer discrimnation at high frequencies than at | ow
frequencies in the human audi tory syt em and observations on maski ng
of tones by noise. The_nodel postul ates that sounds are pre-processed

by critical band fwhereBs P, H.(G Eare de number pf evaleations of the yRjcsignalasdwi dt hs
i ncreasi ng Wigal, Po6f) A \Gool MAISEAckl1ém! fespBetiveRy, 10 Viewed as the tuning
curves of auditory neurons. Table 2 provides a“set of appr oxi mati ons

of neasured criti CRrhj helinBral network of the present invention is advantageoust
TABLE 2 i W X 8 4

Band Fre dﬁ(éq{gg}is%%gﬁ 801%03 n.I.ﬁaer subject fnc\:rrelnttular? %rleg fra}qlég\g%{i tested Nﬁ#ﬁ 2? '

(Hz) 5  subjective test rEsultsifieom \previduscipmarcMOS tests. The trdining feature dat0
(15%) - ség‘iﬁcluded voice siggaés produced by g&%rent sources s%bas by differenéoo'
3 25peech coders and tijfferent channelzpoditions. The vaives used in the testsawas
350 o ven ,
110 Iécg'ﬂ analog.am? dﬁ%l cellular systeﬁﬁgvnh different (;)a}—aer to Interfererfb?%txos
510. (630). Each ratio for each type of systemprounted as a separat® test conditiog3o
570 10 . Eaé:ﬁ test conditimi ggt{l@ight (8) spgakgis@ Four (4) {%malz 4fd four (4) mal%ﬁﬂl,
1170 F5, F7, M2, Mfy M8) and forty-foyr,(44) listeners. Each speaker had tway
210 differéflt sentences fok4d0tal of 16 sentenced.? Altemativelgl ehsystem can BelO
% ggg n;azr%e% using test results]i% which differéLx%Sc%ding rates a%e Qsed as separate tc:aLs7t20
conditions.
15 To determine an average MOS score, an array of the signal characteristic

measurement systems of FIG. 1 are created as depicted in FIG. 4. The FIG. 4
embodiment includes eight signal characteristic measurement systems designated
NNP F1, NNP F3, NNP F5, NNP F7, NNP M2, NNP M4, NNP M6, and NNP
MS8. These designations correspond to the speakers listed above. There was one
20  system per speaker, each trained to learn the relationship between the feature sets
of voice signals of its own speaker and the corresponding MOS values independent
of the test-condition. Voice samples are based on two sentences by each of four
‘male and female speakers and are similar to the samples used for a human MOS
test. As shown in FIG. 4, the eight (8) MOS scores per test condition were
25 averaged for a final average MOS score. Advantageously, this final MOS score is
used for communication system evaluation, voice coder/decoder evaluation, coding
algorithm evaluation, and the like. For the conditions described above, the
avera:g_; MOS error was found to be 0.05 with a standard deviation of 0.15.

h Adiranmyously, the embodiments of the present invention, when applied to
30 human speet:h. are language-independent. That is, the methods and apparatus
accurately correlate to the MOS values of human evaluators regardless of the
natural language employed by the speaker. Consequently, the present invention
can be used to analyze new voice coding algorithms. The system and method
described above provide a fast, accurate indication of signal quality. Due to their
35 speed and accuracy, embodiments of the present invention can be employed in
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I in signal ﬁéﬂl %ghggzer%g;ﬁ tq1‘&e§1)or Jﬂg&om? r?.r]sxo?x ‘“ﬂﬁ‘%‘g‘z Ve by:
[err] MPEG techpigues fop mtﬂtmmélafsysqmendyo benefits fronx the above-desatribedhind b.
g‘y?‘ ! g; ! |y$ f Qgndl CR&Bcteristic ine&s%réh&ﬁ%et?(o&sh%&%‘fﬁhg@?@ﬁéﬂ AbdifRatidhsband b,

2 although not explicitly described, embody the principles in the invention and are

10  thus within its spirit and scope.
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2. A method in accordance with claim 1 wherein selecting said set of
features includes choosing one or more metrics representative of the signal
characteristic and calculating the feature set based upon the chosen metrics.
| 3. A method in accordance with claim 2, wherein utilizing the output
signal further includes averaging a weighted sum of a plurality of the output signals
from the intelligent system to provide an average measure of signal characteristics.

4. A ﬁxethod in accordance with claim 1 wherein the intelligent system
comprises a neural network. _

5. A method in accordance with claim 1 wherein the intelligent system
is trained by use of a backpropagation algorithm.

6. A method in accordance with claim 1 wherein the intelligent system

-by use of a momentum algorithm.

 ¥#%= A method in accordance with claim 1 wherein the intelligent system is
trained by use of an adaptive learning rate algorithm.
8. A method in accordance with claim 1 wherein the input signal comprises

a voice signal.
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‘30, ; *nfelligent systemto accurately characterize the input) SIHEHEET HAS BEEN
The feature set is. processed by intelligent system30 to hsur e RES.A0%Ut

signal characteristics. In order to acculditely characterize The feature Set
extracted 8 from

the input signal,gthe i ?ggﬁﬁéco?&a?fcg%{hsclﬁﬁﬁ?;Yﬁe"rﬁhriﬁéil :El fial

relationship bet ween ature sets and si ar act I'CS.
Fol | owi ng t r @irfiprides alcdBed VbiRE sigaght systemis operat ed to yield the
signal characteristic belng assessed. In an exenpl ary

enbodi nent, i nt el l9.geni migioe ToPMessAEigithe Soide GEMItR of aSvoice REMPHY
schematlcal ly depicted in FIG 3. Wile the followi hg descriptionrel ates

to a neural meamoofia nedraicherwork, said rearat mptvastk Zadin Fhﬁtmpmpo‘w odadiag! e of
adaptive | earning, as descri bed above, can be enployed as intelligent
system 3(3. at least one output signalx chephethpd cemprikinget wor k enpl oyed in the

present invention conprises a nultilayer perceptron ("MP"). As
depicted in FIG providieg acoicelsigml;work 10 includes a plurality of nodes 31
call ed neurons. The system output for any given input is a function
of the various nesglentingoneioramesg mstrichreprespatativensf voicewsignal quatlty; 3,
the MLP neural network has three |ayers of neurons. The first (input) |ayer
32 r ecei vesCicAdng a featurg;sghbase 9&§3’é§ﬂ°§§¢ddmlﬁgi, to the second

(hi dden) layer 34 which asseg its utput to the last (output) layer
36 which then genSXEACHEg $5pid fS%FBﬁﬁet ’i?lmiaS vpice signal.em The expre55| on

"hi dden” ldm en appltr'ai%gngt Y ngurgfixrlett\lw%& {n the relations ?up {m&een feature sets and a

corresponding measure of voice signal quality;
presenting the feature set extracted from said voiée signal to an input port
of said neural network; and
using the neural network to create an output signal indicaiive of voice signal
15 quality.
11. A method in accordance with claim 10, wherein said neural network
training includes use of a backpropagation algorithm.
12. A method in accordance with claim 10, wherein said neural network
training includes the use of a momentum algorithm.
20 13. A method in accordance with Claim 10, wherein said neural
network training further includes use of an adaptive learning rate algorithm.
“I¥. A method in accordance with claim 10 wherein the output signal is

averaged using a weighted sum with a plurality of output signals to provide a

measure of voice signal quality.
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“refers to a neuron or layer which is internmediate an input [[Or —puf—ﬁe“u?%'ﬁ——
or | ayer. A preferred enbodi nent of the subject i nveht?'é'rsr‘ ““'ésTHﬁw BEEN
ei ghteen (18) neurons in the inputld4ayer, thirty-sixi(36) ﬁE DD
with signoid activation function in the hi dden | ayer, and f|ve (5)

neurons with signoid activation function in the output 20 |ayer. Further
description of the operation of neural networks is found in R H.

Ni el sen, Neuroco;rp%ltl &, m érﬁgﬁ"fépﬁe%ﬁhﬁ&glﬁf;&@myr&&ﬁgﬂhﬁ losure of which is

I ncor por ated by erence eur network is
trained in the rel ati ogglitng AfedRipdsér Haled h sefdctive Mibtrics re reiélgﬂrﬂ
characteristics. Neural iﬂ\%Dr ks ear?]ﬁ% n a variety o? 9 or anaa} ysis
of 25 voi cgigsdignal qual ity, the neural network of the present invention

learns the rel ati onshi p between MOS val ues, i.e., the signal
characteristic being ntaifgeslneural netwotldin the raxtwmipe&:@eai thefeqtfife set
(descri bed above). The training data set includes a nunber of

di f f er ents voamkcdresponding sitjeativelytstrained oriteeiapondi ng MOS val ues.
For the voice signal analysis of the present invention, training enploys a
30 backpropagati on aextractin@nhe featuze setdromtah inputsigmaln and adapti ve

| earning rate algorithnms. Wile use of the backpropagation algorithm
is illustrative, it isinputting thedstrateshfeature setanheaheyral network; agdoup of
al gorithns suitable for training of neural net wor ks can be enpl oyed

in the present inventi Blizing ap oumyt op the-neusal netwrrkita preduce a measure ofut put of

the input |ayer are the sane. For each input-hidden neuron 35 connecti on
there is a cHERAQYBlR: ng weight reflecting the strength of that

10 16. A method in accordance with claim 12 wherein the selected metrics are
based on a power spectral measure.
17. A method in accordance with claim 15 wherein the subJecuvely-
obtained criteria is based on MOS scoring. |
18. A method in accordance with claim 15 wherein the feature extraction
15  includes obtaining a coded and uncoded vérsion of the signal, frame blocking both
the coded and uncoded versions of the signal, determining the power spectral
densities of the frame blocked signal, filtering the determined power spectral
densities, and establishing the signal-to-noise ratio between the filtered power
spec_tral densities.

““theans for selecting a set of features which characterize a signal;

20 Apparatus for nieasuring a characteristic of a signal comprising:

means for extracting the feature set from a first input signal;
input means for inputting the feature set extracted from the first input signal
to an intelligent system which has been trained in the relationship between feature

25  sets and signal characteristic;; and

_
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‘9 - connection. Upon receiving the input signal each hidf

l.

factors’in the wei ght and any threshold value to all the H'ﬁ HtEF&gﬁaiP%td |
it receives and then cal cul ates. the|1§ wei ghted sum Th ]
of all the hidden nodes are sent he out put nodes. During training '

each out put neuron is aware of the target out put. Based on the

di ff erence bet weeReaR® %@FQ?&'F‘S&RCPWQ@EMI)DQS%P§ the fratuse sesaxtracted fomeur on
det er m nes \/\/&Gether the initial weights have to be increased or decreased.
That differe LinpiEsisnal o fheRutpiy Signakcomprising Mfaaeatianfor ShatasteHziag) ust
all their . ht by that same anmount. Since all the weights are
adj ust ed equ%ﬁ I p“ttﬁ%@ﬁ opti mal weights are general ly obtained after
many iterations.

only to the |ocal zé‘r adiAé’RFm“g m%ggﬂ%ﬁc‘ﬂ%aﬁwa‘?%ﬁq'ﬁ@é to r@ﬁg‘?&?g Bg: ween
éﬁi?ziearﬂc??#ﬁcﬁébﬁ% wﬁ%&zﬂe?@? . reﬁﬁﬂémum allove the eLrei”wk

Syst am can' becone 24t apppaltels B bt Bancs kiR him 20 Mg MERRRAT bR | o
net wor k avoi ggmpﬁﬁétgrgt@g}t{l@@pgg&engﬁ% ihdu‘iﬁ:fﬁ uﬁiuf'l% Fershore ver gence

of each we Anot er a gorithm
adaptive | ealzeRd ahdhaf oufput 144RF. enhances training of the neur al
network. First, the initial network output and error are cal cul ated. At
each iterati on, new wei ghts and bi ases are cal cul ated using the
current learning rate. 20 New out put and error are then calculated. If
the new error exceeds the old error by nore than a predefined rati o,

t he new wei ghts, biases, output, and error are

T A L
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- di seatrd_.,ed and the | earning rate i s decreased. QO herwi se, thel| NEWS \BHEGMHAS BEEN
bi ases, output, and error are kept. If the new error i§ | essRERIACEhe

|

old error, the |earning rate is i nd6eased. Thi's procedlre TTICTEases—
the learning rate. but onI tg the extent 25 that the netvvork can |earn
wi t hout | arge | Md%da2QD A PARATE RCHARACEE S

I s obtained. Wien a Iarger Iearnl ng ras%-L%Jd result I n stable
learning, the learning rate is increase en the learning is too high to

guar ant ee a decrease in er |5 dect eased until stable |earning
r esumes. Usi ng t helaBove-approaet2the intelligent system

produces, fromth ut sign For .voi ce
‘signal feature set e%ﬂ@&%ﬁoﬁﬁ&ﬁ@s%&%ﬁ%@%mmq fq{em g%ﬁtre for
t he i nputSdsi deast oneTsignaliCBaracteristic. s Initially] acset af feanires isfselected Syhich 1 being

bad and 5 belgghal b Shal TAR ifeighfiPlyent, <aoh G BbGidt RAORELNS cAitleRths

depicted in £
( B+2P+3F+4G+® relationslyip @e(syeen feature sets and signal characteristics. The selected

\% gl ce signal feamx’é’%@f EE@(F E’gle%}edq}%‘lﬁr@ﬁéohgﬁé gﬁ%e(rnﬁf %’ﬁ‘tﬁ{eu%étgﬁsle\g]e ;he
Tr ai ni ng of m the, fiest signal,ip inpus o Mérqmismlhzqw &Yftemn l‘hs 1 @ﬁ
' 10  system creates an output signal based on the feature set extracted from the first
- input signal. This output signal is then used to characterize the input signal. In one
embodiment, the invention assesses voice quality, typically as expressed in MOS
scores, in a manner which accurately corresponds to the anaiysis of human
evaluators. For voice signals processed by voice coders, the present invention
15  provides a measurement technique which is independent of various voice coding

algorithms and consistent for any given algorithm.
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-acconpl.i shed as follows. The subject invention was trained and tested with
5 subjective test results from previous human MOS tests. The training
feature data sets included voice signals produced by different sources
such as by different speech coders and different channel conditions.
The voices used in the tests was . fré?Qaanalog and digital cellular
systens with different Carrier to Interf'érence ratios (C1). Each
ratio for each type of systemcounted as a separate test condition. 10

Each test condition had eight (8) speakers, four (4) fermale and four (4)

mal e (FI, F3, F5, F7, M2, M6, MB) and forty-four (44) |isteners. Each
speaker had two different sentences for a total of 16 sentences.
Al ternatively, the system can be trained using test results in which
different coding rates are used as separate test conditions. 15

To determ ne an average MOS score, an array of the signal characteristic
nmeasurenent systens of FIG 1 are created as depicted in FIG 4. The FIG 4
enbodi ment i ncludes eight signal characteristic nmeasurenment systens

desi gnat ed NNP F1, NNP F3, NNP F5, NNP F7, NNP M2, NNP M4, NNP M5, and
NNP MB. These designations correspond to the speakers |listed above.
There was one 20 system per speaker, each trained to |earn the

rel ati onshi p between the feature sets of voice signals of its own
speaker and the correspondi ng MOS val ues i ndependent of the
test-condition. Voice sanples are based on two sentences by each of four
mal e and femal e speakers and are simlar to the sanples used for a human

MOS test. As shown in FIG 4, the eight (8) MOS scores per test
conditionh were 25 averaged for a final average MOS score. Advantageously,
this final MOS score is used for conmmuni cati on system eval uation
voi ce coder/decoder eval uation, coding al gorithm eval uation, and the
| i ke. For the conditions described above, the average MOS error was
found to be 0.05 with a standard dewdbation of 0.15. 30

INPUT FEATURE OUTPUT

SIGNAL FEATURE | | “ser | | reELLGENT | | SIGNAL

———+= EXTRACTION [————+f TSP

SYSTEM

FIG. 1



-AQvaﬁtagéously, t he enbodi nents of the present invention, when applied to
30 human speech, are | anguage-i ndependent. That is, the nethods and

appar at us accurately correlate to the MOS val ues of human eval uators
regardl ess of the nat ural | anguage enpl oyed by the speaker.
Consequently, the present invention ‘fan be used to anal yze new voi ce
coding algorithnms. The system and nethodb/ descri bed above provide a '

fast, accurate indication of signal quality. Due to their 35 speed and
accuracy, enbodi ments of the present invention can be enployed in

communi cations network to dynam cally control network parameters to yield
i nproved voice quality. The foregoing nerely illustrates the
principles of the invention. It will thus be appreciated that those
skilled in the art of the invention will be able to devise 5 various
nodi fications. For exanple, the present invention is applicable to video
signal analysis. Analysis of video conpreSS|on/deconpreSS|on t echni ques,
e.g., MPEG t echni ques for nul , also benefits fromthe

above-descri bed SGURCH charactgpt uf emrent  meCOREDs .
Accordi ngly, such noSPEEQHA te-er-&—— %‘l&%’ﬁﬁ‘; nn.t_expl.ucngEdeescrl bed,
enbody t he principlesxbﬂ the i nvention re 10 thus vm$()n its spirit

and scope.
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- 12, 1. A nmethod for neasuring a characteristic of a test signal
conpri si ng: selecting a set of features which characterize
the test signal and a signal under test, said selecting step including
choosing one or nore netrics repsentative of the test signal
characteristic and cal cul ating the set %f-features based upon said chosen
nmetrics; extracting the &%:(ﬁ features fromthe test
signal and fromthe signal under test; i nputting the
extracted sets of features of the tet signal and signal under test into a
differential set of features extractor, the diffirential set of feature
extractor outputting quiffereBtiaI set. of featyres of {he test signal and
signal under test; inqutting the diffeEential set of

features to an intelli%ent sysffem whi clf has beeh traine§ in the

rel ati onship between the diffefential det of feptures and the signal
characteristic of the fest sighal, theljintelliggent systgmcreating an
out put signal based onlthe difflerentiall set of jJeatures|fromthe test
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- signal under test; and usi ng the output signal of the
intelligent systemto characterize the test signal. 2. A nethod in

" accordance with Caim1l1, wherein said using step further includes averaging
a weighted sumof a plurality of the output signals fromthe intelligent
systemto provide an objective neasure q%/ he signal characteristic. 3.

A nethod in accordance with Caim1, wheeln the intelligent system
conprises a neural network. 4, A nmethod in accordance with Claiml
wherein the intelligent systemis trained by use of a backpropagation

al gorithm 5. A nmethod in accordance with Claim1, wherein the
intelligent systemis trained by use of a nonmentum al gorithm

NNP F1 | NNP M2

NNP F3 | .
3 — 1 NP

AVERAGING

NP F5 — T P M6

NNP F7 NNP M8

FIG. 4
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- 13 - 6. A net hod |n accordance with Caim1l, V\,herel _ i
“intell gent systemis trained by use of an adaptive |earniig rtgt_-_e‘( 0 MAY 1996 i I
algorlthm 7. . Amethod in. accordanqgvmth clalml vvher
. 'signal and signal under test each ‘conpri se a voi ce signal. 8. A nethod .

' a voice
STPRRING gRoIpey 2 VO,

voi ce signal by means of a-

i n accordance WIETHOD AND APPAS

'signal and the test signal conprises
met hod f-or neasurlng the voice qualit I

-~ neural network said neural network having an input- port and produci ng - at

| east one output signal the netXb g:&ml’thélmglog(urg - providing the voice
. signal; - . - selecting a set of features based on one or nore.selected -

{ret rics; L évtter;ﬁeidnnmvéﬁ@orﬁpxbvwes ﬁQﬁétﬁé@ﬁ%& ?p}ﬁtith@ﬁdf%é’a?uﬁ?@?@' ]
“training a onshi p.between fhe .set, of features
~and a cgr r eg LB?%%}W?@%@WE“’&P“Q/OF il EEF&F‘FFVS sefected which |

. characterize a signal. An mtellxgent system, such as a neural network, is tramed n
‘the relanonslup between feature sets and signal characteristics. The selected
~ feature set is then extracted from a first input signal. The extracted feature set
from the first signal is input to the trained intelligent system. The intelligent
"system creates an output signal based on the feature set extracted f‘rom'thé first
input signal. ‘This output signal is then used to charactenze the input signal. In one
embodiment, the mvennon assesses voice quality, typically as expressed in MOS
scores, in a manner which accurately corresponds to the analysis of human -
evalua_tor_s. For voice signals processed by voice coders, the prese_nt-' invention
provides a measurement technique which is independent of various voice coding
algorithms and consistent for any given algorithm.

FIG. 1
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an output sig : voi ce signal quality of the
10. A met ho {]I’Lt h daim9, wherein said neu
training step incl ‘udks Wses backpropagation al gorithm 11. A net hod
in accordance with daim9, wherein sail® rfeural network traini ng stop

i ncl udes the use of a nonentum al gorithm 12. A nmet hod i-n accordance
with Claim9, wherein step neural network training step further includes

Ejs‘i 4°f an adagtive A SRBAE or' b fuRthd 3 chhiTeristic of a test signal céraptising! S
selecting a set of features which characterize the test signal and a
signal under test, said selecting atep including choosing onc or more metrics
representative of the test signal characteristic and calculating the set of features
based upon said chosen metrics;
extracting the set of features from the test signal and from the
signal under test;
inputting the extracted sets of features of the test signal and signal
. under test into a differential set of features extractor, the differential set of features
extractor outputting a differential set of features of the test signal and signal under
test,

presentl ng theﬁﬂ%?ﬁt(u\rzzdfxt racted fromthe voice si giaﬁmgﬁgg}‘(ﬁﬁﬁégﬁbpgbwﬂ
port of the na#al net Work; using the neural netyork to create

. inputting the differential set of features to an intelligent system
which has been trained in the relationship between the differential set of features
and the signal characteristic of the test signal, the intelligent system creating an’
output signal based on the dJﬁermhalsctoffeamrcs ﬁumthctcstmgnal and
signal under test; and

- using the output signal of the intelligent system to characterize the
test signal.

2. A method in accordance with Claim 1, wherein sald using step fitrther
fncludes averaging a weighted sum of a phurality of the output signals from the
intelligent system to provide an objective measure of the signal characteristic.

3. A method in accordance with Claim 1, wherein the intelligent system
. comprises a neural network.

4 Amcthod in accordance with Claim 1, wherein the intelligent system is
trained by usc of a backpropagation algorithm. |

5. A method in accordance with Claim 1, wherein the intelligent system is
trained by use of a momentum algorithm.,




13° A nethod in accordance with Claim9, wherein the outplt REPYAGEMET SHEET
Taveraged using a weighted sumwith a plurality of output sigphals tzqrMAR/qgg?

nasor ng. < SINTDOMMMIRONERNE <t 267" 0! Yiet cciing o soiar Fegrare——

based on sel ecti Ve hetticds representative of a test signal and a signal
under test; extracting the setldf-features from the test signal
and fromthe si gnal under test; conputing a differential set:of
features of the test signal and si gnal under test which characterize the
test signal with respect to the signal under test based on the selected set

of features of .the test ,si,qnal a d sr undger_t est ni Q¢
neur al network61 n tléemr"g* qp g‘dﬁ%‘@ﬁﬁ‘ﬁ“‘@{'ﬂ tures
and one or nOr @uiaAkd by Aes BERY q x‘fu&éeil Sahpi ned criteria;

ferential set "o

i nputting the conput ed di tures to the neural network;
and util | Zi ng an out put of the neural network to produce a neasure,

of signal qual jt A et hod in, an h.Cl aj 4 Wherer n
sai d sel ected trr Ao °ﬂ¥°§43 e ﬁér‘mg &’ﬁéﬁ
under test each comprise a voice signal,

8. A method in accordance with claim 1 wherein the signal under test
comprises a voice signal and the test signal comprises the voice signal encoded.
9. ° Amethod for measuring the voice quality of a voice signal by means of a
neural network, said neural network having an input port and producing at least

one output signal, the method comprising:
~ providing the voice signal;
selecting a set of features baged on ons or more sclected meirics;
extracting the sct of fcaturcs from the voice signal;
training a neural network in the telatxonshlp between the set of features

and a corresponding measure of voice signal quality;
presenting the set of features extracted from the voice signal to an input

port of the neural network; and
~ using the newxal network to create an output signal indicative of voice
signal quality of the voice signal. '

10. A method in accordance with Claim 9, wherein said neural network
training step includes use of a backpropagation algorithum.

11. A method m accordanice with Claim 9, wherein said neural network
training step includes the use of a momentum algorithm,

12. A method in accordance with Claim 9, wherein step neural network
training step further includes use of an adaptive lsarning rate algorithm,
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16. A met hod_in accordance with C aim 14, wherein said sybREELAGSIENT SHEET .
dbtained criteria is based on MOS scores. 17. 1 A method in a
o bR ...

with Caim 14, ”m'ﬁmm Mm acting step includes obtai

uncoded version ﬂm; ml,rarre bl ocki ng both the code
versions of the §ighalt detérntni ng the power spectral densities of the
frame bl ocked, coded and uncoded si ngaI1§ filtering the determ ned power

spectr al densi ties over a predefined critical bandw dth, and establishing
t he S|gnal-t n0| tiq between the filtered powe spectral densities.

- 15 - in gecardanse with Clainn veharein; the putpyt signalis; i gnal

conpri si ng &,:gﬁ ﬁ’m Ilﬁﬁlt?i@lfﬁ t of

features whi C‘f'lm ar“é%fé% t#%éﬁﬁsféna ﬁgggo SI gffa Elr’lhg&“&es from
the test si gagbcwu&mmbbeowcﬁgﬁﬂqjm ¢ test; a differential set
of features extractor for extracting a dlfferentlal set of features which

characterize the test signal with respect to the signal under test
14. A method for measuring signal quality comprising:
selecting a set of featuras based on selective metrics representative of a
test signal and a signal under test;
extracting the set of features from the test signal and from the signal under

test; .
 computing a differcntial set of features of the test signal and signal under
test which characterize the test signal with respect to the signal under test based
on the selected set of features of the test signal and signal under test;

~ training a neural network in the relationship between the differential set of
features and one o more and corresponding subjectively-obtained criteria;
inputting the computed differential set of features to the neural network;
and . _
utilizing an-ldqtput of the neural network to produce a measure of signal

quality.

15. A method in accordance with Claim 14, wherein said selected metrics is
based on a power spectral measure, '

16. A method in accordance with Claim 14, wherein said subjectively
obtained criteria is based on MOS scores. |

17) A method in accordance with Claim 14, wherein said extracting step
includes obtaining a coded and uncoded version of the signal, frame blocking both
the coded and uncoded versions of the signal, determining the power spectral
densities of the frame blocked, coded and uncoded signals, filtering the
determined power spectral densitics over a predefined critical bandwidth, and
establishing the signal-to-noise ratio between the filtered power spectral densities.



fromthe set of features of the test signal and signal under| hggu RO
an intel [ i gent—systemwhich—as been trained in the relatio be@ggw' ShEET "'

said selected di features and signal chara ggﬂsstz ¢MAR 9997
recei vi ng sald mﬁmu “IM! tlal set of features, and flee=creatlng an "=
out put signal conpricsimg rnfdrmation for. characterizing the test signal.

19. Apparatus in accordance with C “ailm I8, wherein the intelligent -system

conprises a neural networKk. 20. Apparatus in accordance with C aim 19,
wherein the neural network conprises a nmultilayer perceptron including an

input layer, ygne Nppiriths R GShrn G ShiracRSi & Bf 2 WsP Hgnh06niprising:

a set of features extractor for extracting a set of features which characterize
the test signal 3 ‘and a signal under test from the test signal and from the s:gnal
under test;

a differential sct of features extractor for extracting a differential set of
features which characterize the test signal with respect to the signal under test
ﬁvm the get of fea_m of the test signal and signal undex test; and

an intelligéht system which has been trained in the relationship between
 said selected differential set of features and signal characteristics, for receiving
 gaid extracted differential sct of features, and for creating an output signal
comprising information. for characterizing the test signal, '

19.. Apparatus in accordance with Claim 18, whercin the intelligent systens
comprises a ncural network.

20.  Apparatus in accordance with Claim 19, wherein the neural network
comprises a multilayer perceptron including an input layer, one or more hidden
layers, and an output layer.



