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Abstract—This paper presents a new feature extraction algo-4
rithm called power normalized Cepstral coefficients (PNCC) that5
is motivated by auditory processing. Major new features of6
PNCC processing include the use of a power-law nonlinearity7
that replaces the traditional log nonlinearity used in MFCC8
coefficients, a noise-suppression algorithm based on asymmetric9
filtering that suppresses background excitation, and a module10
that accomplishes temporal masking. We also propose the use11
of medium-time power analysis in which environmental param-12
eters are estimated over a longer duration than is commonly13
used for speech, as well as frequency smoothing. Experimental14
results demonstrate that PNCC processing provides substantial15
improvements in recognition accuracy compared to MFCC and16
PLP processing for speech in the presence of various types of17
additive noise and in reverberant environments, with only slightly18
greater computational cost than conventional MFCC processing,19
and without degrading the recognition accuracy that is observed20
while training and testing using clean speech. PNCC processing21
also provides better recognition accuracy in noisy environments22
than techniques such as vector Taylor series (VTS) and the ETSI23
advanced front end (AFE) while requiring much less compu-24
tation. We describe an implementation of PNCC using “online25
processing” that does not require future knowledge of the input.26

Index Terms—Robust speech recognition, feature extraction,27
physiological modeling, rate-level curve, power function, asym-28
metric filtering, medium-time power estimation, spectral weight29
smoothing, temporal masking, modulation filtering, on-line speech30
processing.31

I. INTRODUCTION32

I N recent decades following the introduction of hidden33
Markov models (e.g. [1]) and statistical language mod-34

els (e.g.[2]), the performance of speech recognition systems35
in benign acoustical environments has dramatically improved.36
Nevertheless, most speech recognition systems remain sensitive37
to the nature of the acoustical environments within which they38
are deployed, and their performance deteriorates sharply in the39
presence of sources of degradation such as additive noise, linear40
channel distortion, and reverberation.41
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One of the most challenging contemporary problems is that 42
recognition accuracy degrades significantly if the test environ- 43
ment is different from the training environment and/or if the 44
acoustical environment includes disturbances such as additive 45
noise, channel distortion, speaker differences, reverberation, 46
and so on. Over the years dozens if not hundreds of algo- 47
rithms have been introduced to address these problems. Many 48
of these conventional noise compensation algorithms have pro- 49
vided substantial improvement in accuracy for recognizing 50
speech in the presence of quasi-stationary noise (e.g. [3]–[10]). 51
Unfortunately these same algorithms frequently do not provide 52
significant improvements in more difficult environments with 53
transitory disturbances such as a single interfering speaker or 54
background music (e.g. [11]). 55

Many of the current systems developed for automatic speech 56
recognition, speaker identification, and related tasks are based 57
on variants of one of two types of features: mel frequency 58
cepstral coefficients (MFCC) [12] or perceptual linear predic- 59
tion (PLP) coefficients [13]. Spectro-temporal features have 60
also been recently introduced with promising results (e.g. [14]– 61
[16]). It has been observed that two-dimensional Gabor filters 62
provide a reasonable approximation to the spectro-temporal 63
response fields of neurons in the auditory cortex, which has lead 64
to various approaches to extract features for speech recognition 65
(e.g. [17]–[20]). 66

In this paper we describe the development of an addi- 67
tional feature set for speech recognition which we refer to as 68
power-normalized cepstral coefficients (PNCC). While previ- 69
ous implementations of PNCC processing [21], [22] appeared 70
to be promising, they could not be easily implemented for 71
online applications without look-ahead over an entire sentence. 72
In addition, previous implementations of PNCC did not con- 73
sider the effects of temporal masking. The implementation of 74
PNCC processing in the present paper has been significantly 75
revised to address these issues in a fashion that enables it to 76
provide superior recognition accuracy over a broad range of 77
conditions of noise and reverberation using features that are 78
computable in real time using “online” algorithms that do not 79
require extensive look-ahead, and with a computational com- 80
plexity that is comparable to that of traditional MFCC and PLP 81
features. 82

Previous versions of PNCC processing [21], [22] have been 83
evaluated by various teams of researchers and compared to 84
several different algorithms including zero crossing peak ampli- 85
tude (ZCPA) [23], RASTA-PLP [24], perceptual minimum 86
variance distortionless response (PMVDR) [25], invariant- 87
integration features (IIF) [26], and subband spectral centroid 88
histograms (SSCH) [27]. Results from initial comparisons 89

2329-9290 © 2016 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but republication/redistribution
requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



IEE
E P

ro
of

2 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING

(e.g. [28]–[32]), tend to show that PNCC processing provides90
better speech recognition accuracy than the other algorithms91
cited above. The improvements provided by PNCC are typi-92
cally greatest when the speech recognition system is trained93
on clean speech and noise and/or reverberation is present in94
the testing environment. For systems that are trained and tested95
using large databases of speech with a mixture of environmental96
conditions, PNCC processing also tends to outperform MFCC97
and PLP processing, but the differences are smaller. Portions98
of PNCC processing have also been incorporated into other99
feature extraction algorithms (e.g [33], [34]).100

In the subsequent subsections of this Introduction we dis-101
cuss the broader motivations and overall structure of PNCC102
processing. We specify the key elements of the processing in103
some detail in Sec. II. In Sec. III we compare the recognition104
accuracy provided by PNCC processing under a variety of con-105
ditions with that of other processing schemes, and we consider106
the impact of various components of PNCC on these results.107
We compare the computational complexity of the MFCC, PLP,108
and PNCC feature extraction algorithms in Sec. IV, and we109
summarize our results in the final section.110

A. Broader Motivation for the PNCC Algorithm111

The development of PNCC feature extraction was motivated112
by a desire to obtain a set of practical features for speech recog-113
nition that are more robust with respect to acoustical variability114
in their native form, without loss of performance when the115
speech signal is undistorted, and with a degree of computational116
complexity that is comparable to that of MFCC and PLP coef-117
ficients. While many of the attributes of PNCC processing have118
been strongly influenced by consideration of various attributes119
of human auditory processing (cf. [35], [36], we have favored120
approaches that provide pragmatic gains in robustness at small121
computational cost over approaches that are more faithful to122
auditory physiology in developing the specific processing that123
is performed.124

Some of the innovations of the PNCC processing that we125
consider to be the most important include:126126

• The use of “medium-time” processing with a duration127
of 50–120 ms to analyze the parameters characteriz-128
ing environmental degradation, in combination with the129
traditional short-time Fourier analysis with frames of 20–130
30 ms used in conventional speech recognition systems.131
We believe that this approach enables us to estimate envi-132
ronmental degradation more accurately while maintaining133
the ability to respond to rapidly-changing speech signals,134
as discussed in Sec. II-B.135

• The use of a form of “asymmetric nonlinear filtering”136
to estimate the level of the acoustical background noise137
for each time frame and frequency bin. We believe that138
this approach enables us to remove slowly-varying com-139
ponents easily without incurring many of the artifacts140
associated with over-correction in techniques such as141
spectral subtraction [37], as discussed in Sec. II-C.142

• The development of a signal processing block that real-143
izes temporal masking with a similar mechanism, as144
discussed in Sec. II-D.145

• The replacement of the log nonlinearity in MFCC pro- 146
cessing by a power-law nonlinearity that is carefully 147
chosen to approximate the nonlinear relation between sig- 148
nal intensity and auditory-nerve firing rate, which phys- 149
iologists consider to be a measure of short-time signal 150
intensity at a given frequency. We believe that this nonlin- 151
earity provides superior robustness by suppressing small 152
signals and their variability, as discussed in Sec. II-G. 153

• The development of computationally-efficient realiza- 154
tions of the algorithms above that support “online” real- 155
time processing that does not require substantial non- 156
causal look-ahead of the input signal to compute the 157
PNCC coefficients. An analysis of computational com- 158
plexity is provided in Sec. IV. 159

B. Structure of the PNCC algorithm 160

Figure 1 compares the structure of conventional MFCC pro- 161
cessing [12], PLP processing [13], [24], and the new PNCC 162
approach which we introduce in this paper. As was noted 163
above, the major innovations of PNCC processing include 164
the redesigned nonlinear rate-intensity function, along with 165
the series of processing elements to suppress the effects of 166
background acoustical activity based on medium-time analysis. 167

As can be seen from Fig. 1, the initial processing stages 168
of PNCC processing are quite similar to the corresponding 169
stages of MFCC and PLP analysis, except that the frequency 170
analysis is performed using gammatone filters [38]. This is fol- 171
lowed by the series of nonlinear time-varying operations that 172
are performed using the longer-duration temporal analysis that 173
accomplish noise subtraction as well as a degree of robustness 174
with respect to reverberation. The final stages of processing are 175
also similar to MFCC and PLP processing, with the exception 176
of the carefully-chosen power-law nonlinearity with exponent 177
1/15, which will be discussed in Sec. II-G below. Finally, we 178
note that if the shaded blocks in Fig. 1 are omitted, the pro- 179
cessing that remains is referred to as simple power-normalized 180
cepstral coefficients (SPNCC). SPNCC processing has been 181
employed in other studies on robust recognition (e.g. [34]). 182

II. COMPONENTS OF PNCC PROCESSING 183

In this section we describe and discuss the major compo- 184
nents of PNCC processing in greater detail. While the detailed 185
description below assumes a sampling rate of 16 kHz, the 186
PNCC features are easily modified to accommodate other 187
sampling frequencies. 188

A. Initial Processing 189

As in the case of MFCC features, a pre-emphasis filter of 190
the form H(z) = 1− 0.97z−1 is applied. A short-time Fourier 191
transform (STFT) is performed using Hamming windows of 192
duration 25.6 ms, with 10 ms between frames, using a DFT 193
size of 1024. Spectral power in 40 analysis bands is obtained 194
by weighting the magnitude-squared STFT outputs for pos- 195
itive frequencies by the frequency response associated with 196
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Fig. 1. Comparison of the structure of the MFCC, PLP, and PNCC feature extraction algorithms. The modules of PNCC that function on the basis of “medium-
time” analysis (with a temporal window of 65.6 ms) are plotted in the rightmost column. If the shaded blocks of PNCC are omitted, the remaining processing is
referred to as simple power-normalized cepstral coefficients (SPNCC).

F1:1
F1:2
F1:3

a 40-channel gammatone-shaped filter bank [38] whose cen-197
ter frequencies are linearly spaced in Equivalent Rectangular198
Bandwidth (ERB) [39] between 200 Hz and 8000 Hz, using199
the implementation of gammatone filters in Slaney’s Auditory200
Toolbox [40]. In previous work [21] we observed that the use of201
gammatone frequency weighting provides slightly better ASR202
accuracy in white noise, but the differences compared to the203
traditional triangular weights in MFCC processing are small.204
The frequency response of the gammatone filterbank is shown205
in Fig. 2. In each channel the area under the squared transfer206
function is normalized to unity to satisfy the equation:207

(K/2)−1∑

k=0

|Hl(e
jωk)|2 = 1 (1)

where Hl(ejωk) is the response of the lth gammatone chan-208
nel at frequency ωk, and ωk is the dimensionless discrete-time209

frequency 2πk/K where K is the DFT size. The correspond- 210
ing continuous-time frequencies are νk = kFs/K, where νk is 211
in Hz and Fs is the sampling frequency for 0 ≤ k ≤ K/2. To 212
reduce the amount of computation, we modified the gamma- 213
tone filter responses slightly by setting Hl(ejωk) equal to zero 214
for all values of ωk for which the unmodified Hl(ejωk) would 215
be less than 0.5 percent of its maximum value (corresponding 216
to −46 dB). 217

We obtain the short-time spectral power P [m, l] using the 218
squared gammatone summation as below: 219

P [m, l] =

(K/2)−1∑

k=0

|X[m, ejωk ]Hl(e
jωk)|2 (2)

where m and l represent the frame and channel indices, 220
respectively. 221
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Fig. 2. The frequency response of a gammatone filterbank with each area of the
squared frequency response normalized to be unity. Characteristic frequencies
are uniformly spaced between 200 and 8000 Hz according to the Equivalent
Rectangular Bandwidth (ERB) scale [39].

F2:1
F2:2
F2:3
F2:4

B. Temporal Integration for Environmental Analysis222

Most speech recognition and speech coding systems use223
analysis frames of duration between 20 ms and 30 ms. It is fre-224
quently observed that longer analysis windows provide better225
performance for noise modeling and/or environmental normal-226
ization (e.g. [22]–[42]), because the power associated with227
most background noise conditions changes more slowly than228
the instantaneous power associated with speech. In addition,229
Hermansky and others have observed that the characteriza-230
tion and exploitation of information about the longer-term231
envelopes of each gammatone channel can provide complemen-232
tary information that is useful for improving speech recognition233
accuracy, as in the TRAPS and FDLP algorithms (e.g. [43]–234
[45]), and it is becoming common to combine features over235
a longer time span to improve recognition accuracy, even in236
baseline conditions (e.g. [46]).237

In PNCC processing we estimate a quantity that we refer to as238
“medium-time power” Q̃[m, l] by computing the running aver-239
age of P [m, l], the power observed in a single analysis frame,240
according to the equation:241

Q̃[m, l] =
1

2M + 1

m+M∑

m′=m−M

P [m′, l] (3)

where m represents the frame index and l is the channel index.242
We will apply the tilde symbol to all power estimates that are243
performed using medium-time analysis.244

We observed experimentally that the choice of the temporal245
integration factor M has a substantial impact on performance246
in white noise (and presumably other types of broadband back-247
ground noise). This factor has less impact on the accuracy248
that is observed in more dynamic interference or reverberation,249
although the longer temporal analysis window does provide250
some benefit in these environments as well [47]. We chose251
the value of M = 2 (corresponding to five consecutive win-252
dows with a total net duration of 65.6 ms) on the basis of253
these observations, as described in [47]. Since Q̃[m, l] is the254
moving average of P [m, l], Q̃[m, l] is a low-pass function of255
m. If M = 2, the upper frequency is approximately 15 Hz.256
Nevertheless, if we were to use features based on Q̃[m, l]257
directly for speech recognition, recognition accuracy would be258

degraded because onsets and offsets of the frequency compo- 259
nents would become blurred. Hence in PNCC, we use Q̃[m, l] 260
only for noise estimation and compensation, which are used to 261
modify the information based on the short-time power estimates 262
P [m, l]. We also apply smoothing over the various frequency 263
channels, which will be discussed in Sec. II-E below. 264

C. Asymmetric Noise Suppression 265

In this section, we discuss a new approach to noise com- 266
pensation which we refer to as asymmetric noise suppression 267
(ANS). This procedure is motivated by the observation men- 268
tioned above that the speech power in each channel usually 269
changes more rapidly than the background noise power in the 270
same channel. Alternately we might say that speech usually has 271
a higher-frequency modulation spectrum than noise. Motivated 272
by this observation, many algorithms, including the widely- 273
used RASTA-PLP processing, have been developed using either 274
high-pass filtering or band-pass filtering in the modulation spec- 275
trum domain either explicitly or implicitly (e.g. [24], [48], [49], 276
[50]). The simplest way to accomplish this objective is to per- 277
form high-pass filtering in each channel (e.g. [51], [52]) which 278
has the effect of removing slowly-varying components which 279
typically represent the effects of additive noise sources rather 280
than the speech signal. 281

One significant problem with the application of conventional 282
linear high-pass filtering in the power domain is that the fil- 283
ter output can become negative. Negative values for the power 284
coefficients are problematic in the formal mathematical sense 285
(in that power itself is positive). They also cause problems in 286
the application of the compressive nonlinearity and in speech 287
resynthesis unless a suitable floor value is applied to the power 288
coefficients (e.g. [49], [52]). Rather than filtering in the power 289
domain, we could perform filtering after applying the logarith- 290
mic nonlinearity, as is done with conventional cepstral mean 291
normalization in MFCC processing. Nevertheless, as will be 292
seen in Sec. III, this approach is not very helpful for environ- 293
ments with additive noise. Spectral subtraction is another way 294
to reduce the effects of noise, whose power changes slowly. In 295
spectral subtraction techniques, the noise level is typically esti- 296
mated from the power of non-speech segments (e.g. [37]) or 297
through the use of a continuous-update approach (e.g. [51]). In 298
the approach that we introduce, we obtain a running estimate 299
of the time-varying noise floor using an asymmetric nonlinear 300
filter, and subtract that from the instantaneous power. 301

Figure 3 is a block diagram of the complete asymmetric non- 302
linear suppression processing with temporal masking. Let us 303
begin by describing the general characteristics of the asymmet- 304
ric nonlinear filter that is the first stage of processing. This filter 305
is represented by the following equation for arbitrary input and 306
output Q̃in[m, l] and Q̃out[m, l], respectively: 307

Q̃out[m, l] =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

λaQ̃out[m− 1, l] + (1− λa)Q̃in[m, l],

if Q̃in[m, l] ≥ Q̃out[m− 1, l]

λbQ̃out[m− 1, l] + (1− λb)Q̃in[m, l],

if Q̃in[m, l] < Q̃out[m− 1, l]

(4)
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Fig. 3. Functional block diagram of the modules for asymmetric noise sup-
pression (ANS) and temporal masking in PNCC processing. All processing
is performed on a channel-by-channel basis. Q̃[m, l] is the medium-time-
averaged input power as defined by Eq. (3), R̃[m, l] is the speech output of
the ANS module, and Q̃tm[m, l] is the output after temporal masking (which
is applied only to the speech frames). The block labelled Temporal Masking is
depicted in detail in Fig. 5.

F3:1
F3:2
F3:3
F3:4
F3:5
F3:6
F3:7

where m is the frame index and l is the channel index, and λa308
and λb are constants between zero and one.309

If λa = λb it is easy to verify that Eq. (4) reduces to a conven-310
tional first-order IIR filter (with a pole at z = λ in the z-plane)311
that is lowpass in nature because the values of the λ parame-312
ters are positive, as shown in Fig. 4(a). In contrast, If 1 > λb >313
λa > 0, the nonlinear filter functions as a conventional “upper”314
envelope detector, as illustrated in Fig. 4(b). Finally, and most315
usefully for our purposes, if 1 > λa > λb > 0, the filter output316
Q̃out tends to follow the lower envelope of Q̃in[m, l], as seen317
in Fig. 4(c). In our processing, we will use this slowly-varying318
lower envelope in Fig. 4(c) to serve as a model for the estimated319
medium-time noise level, and the activity above this enve-320
lope is assumed to represent speech activity. Hence, subtracting321
this low-level envelope from the original input Q̃in[m, l] will322
remove a slowly varying non-speech component.323

We will use the notation324

Q̃out[m, l] = AFλa,λb [Q̃in[m, l]] (5)

Fig. 4. Sample inputs (solid curves) and outputs (dashed curves) of the asym-
metric nonlinear filter defined by Eq. (4) for conditions when (a) λa = λb

(b) λa < λb, and (c) λa > λb. In this example, the channel index l is 8.

F4:1
F4:2
F4:3

to represent the nonlinear filter described by Eq. (4). We note 325
that this filter operates only on the frame indices m for each 326
channel index l. 327

Keeping the characteristics of the asymmetric filter described 328
above in mind, we may now consider the structure shown 329
in Fig. 3. In the first stage, the lower envelope Q̃le[m, l], 330
which represents the average noise power, is obtained by ANS 331
processing according to the equation 332

Q̃le[m, l] = AF0.999,0.5[Q̃[m, l]] (6)

as depicted in Fig. 4(c). Q̃le[0, l] is initialized to 0.9 Q̃[m, l]. 333
Q̃le[m, l] is subtracted from the input Q̃[m, l], effectively high- 334
pass filtering the input, and that signal is passed through an 335
ideal half-wave linear rectifier to produce the rectified output 336
Q̃0[m, l]. The impact of the specific values of the forgetting 337
factors λa and λb on speech recognition accuracy is discussed 338
in [47]. 339

The remaining elements of ANS processing in the right-hand 340
side of Fig. 3 (other than the temporal masking block) are 341
included to cope with problems that develop when the rectifier 342
output Q̃0[m, l] remains zero for an interval, or when the local 343
variance of Q̃0[m, l] becomes excessively small. Our approach 344
to this problem is motivated by our previous work [22] in which 345
it was noted that applying a well-motivated flooring level to 346
power is very important for noise robustness. In PNCC process- 347
ing we apply the asymmetric nonlinear filter for a second time 348
to obtain the lower envelope of the rectifier output Q̃f [m, l], 349
and we use this envelope to establish this floor level. This 350



IEE
E P

ro
of

6 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING

envelope Q̃f [m, l] is obtained using asymmetric filtering as351
before:352

Q̃f [m, l] = AF0.999,0.5[Q̃0[m, l]] (7)

Q̃f [0, l] is initialized as Q̃0[m, l]. As shown in Fig. 3, we use353

the lower envelope of the rectified signal Q̃f [m, l] as a floor354

level for Q̃1[m, l] after temporal masking:355

Q̃1[m, l] = max (Q̃tm[m, l], Q̃f [m, l]) (8)

where Q̃tm[m, l] is the temporal masking output depicted in356
Fig. 3. Temporal masking for speech segments is discussed in357
Sec. II-D.358

We have found that applying lowpass filtering to the sig-359
nal segments that do not appear to be driven by a periodic360
excitation function (as in voiced speech) improves recognition361
accuracy in noise by a small amount. For this reason we use362
the lower envelope of the rectified signal Q̃0[m, l] directly for363
these non-excitation segments. This operation, which is effec-364
tively a further lowpass filtering, is not performed for the speech365
segments because blurring the power coefficients for speech366
degrades recognition accuracy.367

Excitation/non-excitation decisions for this purpose are368
obtained for each value of m and l in a very simple fashion:369

“excitation segment” if Q̃[m, l] ≥ c Q̃le[m, l] (9a)

“non-excitation segment” if Q̃[m, l] < c Q̃le[m, l] (9b)

where Q̃le[m, l] is the lower envelope of Q̃[m, l] as described370
above, and c is a fixed constant. In other words, a particular371
value of Q̃[m, l] is not considered to be a sufficiently large exci-372
tation if it is less than a fixed multiple of its own lower envelope.373
Based on the ”excitation/non-excitation” result shown in (9),374
the final output of the block in Fig. 3 is given by the following375
equation:376

R̃[m, l] = Q̃1[m, l] if excitation segment (10a)

R̃[m, l] = Q̃f [m, l] if non-excitation segment (10b)

We observed experimentally that while a broad range of377
values of λb between 0.25 and 0.75 appear to provide reason-378
able recognition accuracy, the choice of λb = 0.5 appears to379
be best under most circumstances [47]. The parameter values380
used for the current standard implementation are λa = 0.999381
and λb = 0.5, which were chosen in part to maximize the recog-382
nition accuracy in clean speech as well as performance in noise.383
We also observed (in experiments in which the temporal mask-384
ing described below was bypassed) that the threshold-parameter385
value c = 2 provides the best performance for white noise (and386
presumably other types of broadband noise). The value of c has387
little impact on performance in background music and in the388
presence of reverberation, as discusssed in [47].389

D. Temporal Masking390

Many authors have noted that the human auditory system391
appears to focus more on the onset of an incoming power392

Fig. 5. Block diagram of the components that accomplish temporal masking in
Fig. 3.

F5:1
F5:2

envelope rather than the falling edge of that same power enve- 393
lope (e.g. [53], [54]). This observation has led to several onset 394
enhancement algorithms (e.g. [52]–[57]). In this section we 395
describe a simple way to incorporate this effect in PNCC pro- 396
cessing, by obtaining a moving peak for each frequency channel 397
l and suppressing the instantaneous power if it falls below this 398
envelope. 399

The processing invoked for temporal masking is depicted in 400
block diagram form in Fig. 5. We first obtain the online peak 401
power Qp[m, l] for each channel using the following equation: 402

Q̃p[m, l] = max
(
λtQ̃p[m− 1, l], Q̃0[m, l]

)
(11)

where λt is the forgetting factor for obtaining the online peak. 403
As before, m is the frame index and l is the channel index. 404
Temporal masking for speech segments is accomplished using 405
the following equation: 406

Q̃tm[m, l] =

{
Q̃0[m, l], Q̃0[m, l] ≥ λtQ̃p[m− 1, l]

µtQ̃p[m− 1, l], Q̃0[m, l] < λtQ̃p[m− 1, l]

(12)

We have found [47] that if the forgetting factor λt is equal to 407
or less than 0.85 and if µt ≤ 0.2, recognition accuracy remains 408
almost constant for clean speech and most additive noise con- 409
ditions, and if λt increases beyond 0.85, performance degrades. 410
The value of λt = 0.85 also appears to be best in the reverberant 411
condition. For these reasons we use the values λt = 0.85 and 412
µt = 0.2 in the standard implementation of PNCC. We have 413
chosen a parameter value of λt = 0.85 to maximize recognition 414
accuracy [47]. This value of λt corresponds to a time con- 415
stant of 28.2 ms, so the offset attenuation lasts approximately 416
100 ms. This characteristic is in accordance with observed data 417
for humans [58]. 418

Figure 6 illustrates the effect of this temporal masking. In 419
general, with temporal masking the response of the system is 420
inhibited for portions of the input signal Q̃[m, l] other than 421
rising “attack transients.” The difference between the signals 422
with and without masking is especially pronounced in reverber- 423
ant environments, for which the temporal processing module is 424
especially helpful. 425
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Fig. 6. Demonstration of the effect of temporal masking in the ANS module
for (a) clean speech, and (b) speech in simulated reverberation T60 = 0.5 s. In
this example, the channel index l is 18.

F6:1
F6:2
F6:3

The final output of the asymmetric noise suppression and426
temporal masking modules is R̃[m, l] = Q̃tm[m, l] for the exci-427
tation segments and R̃[m, l] = Q̃f [m, l] for the non-excitation428

segments, assuming Q̃tm[m, l] > Q̃f [m, l].429

E. Spectral Weight Smoothing430

In our previous research on speech enhancement and noise431
compensation techniques (e.g., [21], [22], [42], [59], [60]),432
it has been frequently observed that smoothing the response433
across channels is helpful. This is true especially in processing434
schemes such as PNCC where there are nonlinearities and/or435
thresholds that vary in their effect from channel to channel,436
as well as processing schemes that are based on inclusion of437
responses only from a subset of time frames and frequency438
channels (e.g. [59]) or systems that rely on missing-feature439
approaches (e.g. [61]).440

From the discussion above, we can represent the combined441
effects of asymmetric noise suppression and temporal masking442
for a specific time frame and frequency bin as the transfer func-443
tion R̃[m, l]/Q̃[m, l]. Smoothing the transfer function across444
frequency is accomplished by computing the running average445
over the channel index l of the ratio R̃[m, l]/Q̃[m, l]. Hence,446
the frequency averaged weighting function T̃ [m, l] (which had447
previously been subjected to temporal averaging) is given by:448

S̃[m, l] =

(
1

l2 − l1 + 1

l2∑

l′=l1

R̃[m, l′]

Q̃[m, l′]

)
(13)

where l2 = min(l +N,L) and l1 = max(l −N, 1), and L is449
the total number of channels.450

The time-averaged, frequency-averaged transfer function451
S̃[m, l] is used to modulate the original short-time power452
P [m, l]:453

T [m, l] = P [m, l]S̃[m, l] (14)

In the present implementation of PNCC, we use a value of 454
N = 4, and a total number of L = 40 gammatone channels, 455
again based on empirical optimization from the results of pilot 456
studies [47]. We note that if we were to use a different number 457
of channels L, the optimal value of N would be also different. 458

F. Mean Power Normalization 459

It is well known that auditory processing includes an auto- 460
matic gain control that reduces the impact of changes of 461
amplitude in the incoming signal, and this processing is often 462
an explicit component of physiologically-motivated models of 463
signal processing (e.g. [49], [62], [63]). In conventional MFCC 464
processing, multiplication of the input signal by a constant 465
scale factor produces only an additive shift of the C0 coef- 466
ficient because a logarithmic nonlinearity is included in the 467
processing, and this shift is easily removed by cepstral mean 468
normalization. In PNCC processing, however, the replacement 469
of the log nonlinearity by a power-law nonlinearity, as dis- 470
cussed below, causes the response of the processing to be 471
affected by changes in absolute power, even though we have 472
observed that this effect is usually small. In order to reduce 473
the potential impact of amplitude scaling in PNCC further we 474
invoke a stage of mean power normalization. 475

While the easiest way to normalize power would be to divide 476
the instantaneous power by the average power over the utter- 477
ance, this is not feasible for real-time online processing because 478
of the “look ahead” that would be required. For this reason, we 479
normalize input power in the present online implementation of 480
PNCC by dividing the incoming power by a running average of 481
the overall power. The mean power estimate µ[m] is computed 482
from the simple difference equation: 483

µ[m] = λµµ[m− 1] +
(1− λµ)

L

L−1∑

l=0

T [m, l] (15)

where m and l are the frame and channel indices, as before, 484
and L represents the number of frequency channels. We use a 485
value of 0.999 for the forgetting factor λµ. For the initial value 486
of µ[m], we use the value obtained from the training database. 487
Since the time constant corresponding to λµ is around 4.6 sec- 488
onds, we do not need to incorporate a formal voice activity 489
detector (VAD) in conjunction with PNCC if the continuous 490
non-speech portions of an utterance are no longer than 3 to 4 491
seconds. If silences of longer duration are interspersed with the 492
speech, however, we recommend the use of an appropriate VAD 493
in combination with PNCC processing. 494

The normalized power is obtained directly from the running 495
power estimate µ[m]: 496

U [m, l] = k
T [m, l]

µ[m]
(16)

where the value of the constant k is arbitrary. In pilot experi- 497
ments we found that the speech recognition accuracy obtained 498
using the online power normalization described above is 499
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Fig. 7. Synapse output for a pure tone input with a carrier frequency of 500 Hz
at 60 dB SPL. This synapse output is obtained using the auditory model by
Heinz et al. [64].

F7:1
F7:2
F7:3

Fig. 8. Comparison of the onset rate (solid curve) and sustained rate (dashed
curve) obtained using the model proposed by Heinz et al. [64]. The curves were
obtained by averaging responses over seven frequencies. See text for details.

F8:1
F8:2
F8:3

comparable to the accuracy that would be obtained by normal-500
izing according to a power estimate that is computed over the501
entire estimate in offline fashion.502

G. Rate-Level Nonlinearity503

Several studies in our group (e.g. [21], [60]) have confirmed504
the critical importance of the nonlinear function that describes505
the relationship between incoming signal amplitude in a given506
frequency channel and the corresponding response of the pro-507
cessing model. This “rate-level nonlinearity” is explicitly or508
implicitly a crucial part of every conceptual or physiological509
model of auditory processing (e.g. [62], [65], [66]). In this510
section we summarize our approach to the development of the511
rate-level nonlinearity used in PNCC processing.512

It is well known that the nonlinear curve relating sound513
pressure level in decibels to the auditory-nerve firing rate is514
compressive (e.g. [64], [67]). It has also been observed that515
the average auditory-nerve firing rate exhibits an overshoot at516
the onset of an input signal. As an example, we compare in517
Fig. 8 the average onset firing rate versus the sustained rate518
as predicted by the model of Heinz et al. [64]. The curves in519
this figure were obtained by averaging the rate-intensity values520

Fig. 9. Comparison between a human rate-intensity relation using the auditory
model developed by Heinz et al. [64], a cube root power-law approximation, an
MMSE power-law approximation, and a logarithmic function approximation.
Upper panel: Comparison using the pressure (Pa) as the x-axis. Lower panel:
Comparison using the sound pressure level (SPL) in dB as the x-axis.

F9:1
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F9:5

obtained from sinusoidal tone bursts over seven frequencies, 521
100, 200, 400, 800, 1600, 3200, and 6400 Hz. For the onset-rate 522
results we partitioned the response into bins of length of 2.5 ms, 523
and searched for the bin with maximum rate during the initial 524
10 ms of the tone burst. To measure the sustained rate, we aver- 525
aged the response rate between 50 and 100 ms after the onset 526
of the signals. The curves were generated under the assumption 527
that the spontaneous rate is 50 spikes/second. We observe in 528
Fig. 8 that the sustained firing rate (broken curve) is S-shaped 529
with a threshold around 0 dB SPL and a saturating segment that 530
begins at around 30 dB SPL. The onset rate (solid curve), on the 531
other hand, increases continuously without apparent saturation 532
over the conversational hearing range of 0 to 80 dB SPL. We 533
choose to model the onset rate-intensity curve for PNCC pro- 534
cessing because of the important role that it appears to play in 535
auditory perception. Figure 9 compares the onset rate-intensity 536
curve depicted in Fig. 8 with various analytical functions that 537
approximate this function. The curves are plotted as a function 538
of dB SPL in the lower panel of the figure and as a function of 539
absolute pressure in Pascals in the upper panel, and the putative 540
spontaneous firing rate of 50 spikes per second is subtracted 541
from the curves in both cases. 542

The most widely used current feature extraction algo- 543
rithms are Mel Frequency Cepstral Coefficients (MFCC) and 544
Perceptual Linear Prediction (PLP) coefficients. Both the 545
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MFCC and PLP procedures include an intrinsic nonlinearity,546
which is logarithmic in the case of MFCC and a cube-root547
power function in the case of PLP analysis. We plot these curves548
relating the power of the input pressure p to the response s in549
Fig. 9 using values of the arbitrary scaling parameters that are550
chosen to provide the best fit to the curve of the Heinz et al.551
model, resulting in the following equations:552

scube = 4294.1p2/3 (17)

slog = 120.2 log(p) + 1319.3 (18)

We note that the exponent of the power function is dou-553
bled because we are plotting power rather than pressure. Even554
though scaling and shifting by fixed constants in Eqs. (17) and555
(18) do not have any significance in speech recognition systems,556
we included them in the above equation to fit these curves to the557
rate-intensity curve in Fig. 9(a). The constants in Eqs. (17) and558
(18) are obtained using an MMSE criterion for the sound pres-559
sure range between 0 dB (20µPa) and 80 dB (0.2 Pa) from the560
linear rate-intensity curve in the upper panel of Fig. 8.561

We have also observed experimentally [47] that a power-law562
curve with an exponent of 1/15 for sound pressure provides563
a reasonably good fit to the physiological data while optimiz-564
ing recognition accuracy in the presence of noise. We have565
observed that larger values of the pressure exponent such as 1/5566
provide better performance in white noise, but they degrade the567
recognition accuracy that is obtained for clean speech [47]. We568
consider the value 1/15 for the pressure exponent to represent569
a pragmatic compromise that provides reasonable accuracy in570
white noise without sacrificing recognition accuracy for clean571
speech, producing the power-law nonlinearity572

V [m, l] = U [m, l]1/15 (19)

where again U [m, l] and V [m, l] have the dimensions of power.573
This curve is closely approximated by the equation574

spower = 1389.6p0.1264 (20)

which is also plotted in Fig. 9. The exponent of 0.1264 happens575
to be the best fit to the data of Heinz et al. as depicted in the576
upper panel of Fig. 8. As before, this estimate was developed in577
the MMSE sense over the sound pressure range between 0 dB578
(20µPa) and 80 dB (0.2 Pa).579

The power law function was chosen for PNCC process-580
ing for several reasons. First, it is a relationship that is not581
affected in form by multiplying the input by a constant. Second,582
it has the attractive property that its asymptotic response at583
very low intensities is zero rather than negative infinity, which584
reduces variance in the response to low-level inputs such as585
spectral valleys or silence segments. Finally, the power law586
has been demonstrated to provide a good approximation to587
the “psychophysical transfer functions” that are observed in588
experiments relating the physical intensity of sensation to the589
perceived intensity using direct magnitude-estimation proce-590
dures (e.g. [68]), although the exponent of the power function,591
1/15, that provides the best fit to the onset rates in the model of592
Heinz et al. [64] is different from the one that provides the best593
fit to the perceptual data [68].594

Fig. 10. The effects of the asymmetric noise suppression, temporal masking,
and the rate-level nonlinearity used in PNCC processing. Shown are the outputs
of these stages of processing for clean speech and for speech corrupted by street
noise at an SNR of 5 dB when the logarithmic nonlinearity is used without
ANS processing or temporal masking (upper panel), and when the power-law
nonlinearity is used with ANS processing and temporal masking (lower panel).
In this example, the channel index l is 8.
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Figure 10 is a final comparison of the effects of the asymmet- 595
ric noise suppression, temporal masking, channel weighting, 596
and power-law nonlinearity modules discussed in Secs. II-C 597
through II-G. The curves in both panels compare the response 598
of the system in the channel with center frequency 490 Hz to 599
clean speech and speech in the presence of street noise at an 600
SNR of 5 dB. The curves in the upper panel were obtained 601
using conventional MFCC processing, including the logarith- 602
mic nonlinearity and without ANS processing or temporal 603
masking. The curves in the lower panel were obtained using 604
PNCC processing, which includes the power-law transforma- 605
tion described in this section, as well as ANS processing and 606
temporal masking. We note that the difference between the two 607
curves representing clean and noisy speech is much greater with 608
MFCC processing (upper panel), especially for times during 609
which the signal is at a low level. 610

III. EXPERIMENTAL RESULTS 611

In this section we present experimental results that are 612
intended to demonstrate the superiority of PNCC processing 613
over competing approaches in a wide variety of acoustical 614
environments. We begin in Sec. III-A with a review of the 615
experimental procedures that were used. We provide some gen- 616
eral results for PNCC processing, we assess the contributions of 617
its various components in PNCC in Sec. III-B, and we compare 618
PNCC to a small number of other approaches in Sec. III-C. 619

It should be noted that in general we selected an algorithm 620
configuration and associated parameter values that provide very 621
good performance over a wide variety of conditions using a 622
single set of parameters and settings, without sacrificing word 623
error rate in clean conditions relative to MFCC processing. 624
In previous work we had described slightly different feature 625
extraction algorithms that provide even better performance for 626
speech recognition in the presence of reverberation [22] and 627
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in background music [52], but these approaches do not per-628
form as well as MFCC processing in clean speech. As noted in629
previous studies (e.g. [47], [69]) and above, we have observed630
that replacing the triangular frequency-weighting functions631
in MFCC processing by the gammatone filter response, and632
replacing the log linearity by the power-law nonlinearity, have633
provided improved recognition accuracy for virtually all types634
of degradation. The asymmetric noise suppression is especially635
useful in ameliorating the effects of additive noise, and the tem-636
poral masking component of the ANS module is useful for637
reducing the effects of reverberation.638

We used five standard testing environments in our work: (1)639
digitally-added white noise, (2) digitally-added noise that had640
been recorded live on urban streets, (3) digitally-added single-641
speaker interference, (4) digitally-added background music,642
and (5) passage of the signal through simulated reverberation.643
The street noise was recorded by us on streets with steady but644
moderate traffic. The masking signal used for single-speaker-645
interference experiments consisted of other utterances drawn646
from the same database as the target speech, and background647
music was selected from music segments from the original648
DARPA Hub 4 Broadcast News database. The reverbera-649
tion simulations were accomplished using the Room Impulse650
Response open source software package [70] based on the651
image method [71]. The room size used was 3× 4× 5 meters,652
the microphone is in the center of the room, the spacing653
between the target speaker and the microphone was assumed654
to be 3 meters, and reverberation time was manipulated by655
changing the assumed absorption coefficients in the room656
appropriately. These conditions were selected so that interfering657
additive noise sources of progressively greater difficulty were658
included, along with basic reverberation effects.659

A. Experimental Configuration660

The PNCC features described in this paper were evaluated by661
comparing the recognition accuracy obtained with PNCC intro-662
duced in this paper to that obtained using MFCC and RASTA-663
PLP processing. We used the version of conventional MFCC664
processing implemented as part of sphinx_fe in sphinxbase665
0.4.1, both from the CMU Sphinx open source codebase [72].666
We used the PLP-RASTA implementation that is available at667
[73]. In all cases decoding was performed using the publicly-668
available CMU Sphinx 3.8 system [72] using training from669
SphinxTrain 1.0. We also compared PNCC with the vector670
Taylor series (VTS) noise compensation algorithm [4] and the671
ETSI Advanced Front End (AFE) which has several noise sup-672
pression algorithms included [8]. In the case of the ETSI AFE,673
we excluded the log energy element because this resulted in bet-674
ter results in our experiments. A bigram language model was675
used in all the experiments. We used feature vectors of length676
of 39 including delta and delta-delta features. For experiments677
using the DARPA Resource Management (RM1) database we678
used subsets of 1600 utterances of clean speech for training679
and 600 utterances of clean or degraded speech for testing.680
For experiments based on the DARPA Wall Street Journal681
(WSJ) 5000-word database we trained the system using the682
WSJ0 SI-84 training set and tested it on the WSJ0 5K test set.683

We typically plot word recognition accuracy, which is 100 684
percent minus the word error rate (WER), using the standard 685
definition for WER of the number of insertions, deletions, and 686
substitutions divided by the number of words spoken. 687

B. General Performance of PNCC in Noise and Reverberation 688

In this section we describe the recognition accuracy obtained 689
using PNCC processing in the presence of various types of 690
degradation of the incoming speech signals. Figures 11 and 691
12 describe the recognition accuracy obtained with PNCC 692
processing in the presence of white noise, street noise, back- 693
ground music, and speech from a single interfering speaker as 694
a function of SNR, as well as in the simulated reverberant envi- 695
ronment as a function of reverberation time. These results are 696
plotted for the DARPA RM database in Fig. 11 and for the 697
DARPA WSJ database in Fig. 12. For the experiments con- 698
ducted in noise we prefer to characterize the improvement in 699
recognition accuracy by the amount of lateral shift of the curves 700
provided by the processing, which corresponds to an increase of 701
the effective SNR. For white noise using the RM task, PNCC 702
provides an improvement of about 12 dB to 13 dB compared 703
to MFCC processing, as shown in Fig. 11. In the presence 704
of street noise, background music, and interfering speech, 705
PNCC provides improvements of approximately 8 dB, 3.5 dB, 706
and 3.5 dB, respectively. We also note that PNCC process- 707
ing provides considerable improvement in reverberation, espe- 708
cially for longer reverberation times. PNCC processing exhibits 709
similar performance trends for speech from the DARPA 710
WSJ0 database in similar environments, as seen in Fig. 12, 711
although the magnitude of the improvement is diminished 712
somewhat, which is commonly observed as we move to larger 713
databases. 714

The curves in Figs. 11 and 12 are also organized in a 715
way that highlights the various contributions of the major 716
components. Beginning with baseline MFCC processing the 717
remaining curves show the effects of adding in sequence (1) 718
the power-law nonlinearity (along with mean power normaliza- 719
tion and the gammatone frequency integration), (2) the ANS 720
processing including spectral smoothing, and finally (3) tempo- 721
ral masking. It can be seen from the curves that a substantial 722
improvement can be obtained by simply replacing the loga- 723
rithmic nonlinearity of MFCC processing by the power-law 724
rate-intensity function described in Sec. II-G. The addition of 725
the ANS processing provides a substantial further improvement 726
for recognition accuracy in noise. Although it is not explic- 727
itly shown in Figs. 11 and 12, temporal masking is particularly 728
helpful in improving accuracy for reverberated speech and for 729
speech in the presence of interfering speech. 730

C. Comparison With Other Algorithms 731

Figures 13 and 14 provide comparisons of PNCC processing 732
to the baseline MFCC processing with cepstral mean normal- 733
ization, MFCC processing combined with the vector Taylor 734
series (VTS) algorithm for noise robustness [4], as well as 735
RASTA-PLP feature extraction [24] and the ETSI Advanced 736
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Fig. 11. Recognition accuracy obtained using PNCC processing in various
types of additive noise and reverberation. Curves are plotted separately to
indicate the contributions of the power-law nonlinearity, asymmetric noise sup-
pression, and temporal masking. Results are described for the DARPA RM1
database in the presence of (a) white noise, (b) street noise, (c) background
music, (d) interfering speech, and (e) artificial reverberation.
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Front End (AFE) [8]. We compare PNCC processing to MFCC737
and RASTA-PLP processing because these features are most738
widely used in baseline systems, even though neither MFCC739

Fig. 12. Recognition accuracy obtained using PNCC processing in various
types of additive noise and reverberation. Curves are plotted separately to
indicate the contributions of the power-law nonlinearity, asymmetric noise sup-
pression, and temporal masking. Results are described for the DARPA WSJ0
database in the presence of (a) white noise, (b) street noise, (c) background
music, (d) interfering speech, and (e) artificial reverberation.
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nor PLP features were designed to be robust in the presence of 740
additive noise. The experimental conditions used were the same 741
as those used to produce Figs. 11 and 12. 742
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Fig. 13. Comparison of recognition accuracy for PNCC with processing using
MFCC features, the ETSI AFE, MFCC with VTS, and RASTA-PLP fea-
tures using the DARPA RM1 corpus. Environmental conditions are (a) white
noise, (b) street noise, (c) background music, (d) interfering speech, and
(e) reverberation.
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We note in Figs. 13 and 14 that PNCC provides substantially743
better recognition accuracy than both MFCC and RASTA-PLP744
processing for all conditions examined. (We remind the reader745
that neither MFCC nor PLP coefficients had been developed746

Fig. 14. Comparison of recognition accuracy for PNCC with processing using
MFCC features, ETSI AFE, MFCC with VTS, and RASTA-PLP features
using the DARPA WSJ0 corpus. Environmental conditions are (a) white
noise, (b) street noise, (c) background music, (d) interfering speech, and
(e) reverberation.
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with the goal of robustness in the presence of noise or rever- 747
beration.) PNCC coefficients also provide recognition accuracy 748
that is better than the combination of MFCC with VTS, and 749
at a substantially lower computational cost than is incurred 750
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TABLE IT1:1
NUMBER OF MULTIPLICATIONS AND DIVISIONS IN EACH FRAMET1:2

in implementing VTS. We also note that the VTS algorithm751
provides little or no improvement over the baseline MFCC752
performance in difficult environments like background music753
noise, single-channel interfering speaker, or reverberation.754

The ETSI Advanced Front End (AFE) [8] generally pro-755
vides slightly better recognition accuracy than VTS in noisy756
environments, but the accuracy obtained with the AFE does757
not approach that obtained with PNCC processing in the758
most difficult noise conditions. Neither the ETSI AFE nor759
VTS improve recognition accuracy in reverberant environments760
compared to MFCC features, while PNCC provides measurable761
improvements in reverberation, and the closely-related SSF762
algorithm [52] provides even greater recognition accuracy in763
reverberation (at the expense of somewhat worse performance764
in clean speech).765

IV. COMPUTATIONAL COMPLEXITY766

Table I provides estimates of the computational demands767
MFCC, PLP, and PNCC feature extraction. (RASTA process-768
ing is not included in these tabulations.) As before, we use the769
standard open source Sphinx code in sphinx_fe [72] for the770
implementation of MFCC, and the implementation in [73] for771
PLP. We assume that the window length is 25.6 ms and that the772
interval between successive windows is 10 ms. The sampling773
rate is assumed to be 16 kHz, and we use a 1024-pt FFT for774
each analysis frame.775

It can be seen in Table I that because all three algorithms776
use 1024-point FFTs, the greatest difference from algorithm777
to algorithm in the amount of computation required is asso-778
ciated with the spectral integration component. Specifically,779
the triangular weighting used in the MFCC calculation encom-780
passes a narrower range of frequencies than the trapezoids781
used in PLP processing, which is in turn considerably narrower782
than the gammatone filter shapes, and the amount of compu-783
tation needed for spectral integration is directly proportional784
to the effective bandwidth of the channels. For this reason,785
as mentioned in Sec. II-A, we limited the gammatone filter786
computation to those frequencies for which the filter transfer787

function is 0.5 percent or more of the maximum filter gain. In 788
the interest in obtaining the most direct comparisons in Table I, 789
we limited the spectral computation of the weight functions for 790
MFCC and PLP processing in the same fashion. 791

As can be seen in Table I, PLP processing by this tabulation is 792
about 32.9 percent more costly than baseline MFCC processing. 793
PNCC processing is approximately 34.6 percent more costly 794
than MFCC processing and 1.31 percent more costly than PLP 795
processing. 796

V. SUMMARY 797

In this paper we introduce power-normalized cepstral coef- 798
ficients (PNCC), which we characterize as a feature set that 799
provides better recognition accuracy than MFCC and RASTA- 800
PLP processing in the presence of common types of additive 801
noise and reverberation. PNCC processing is motivated by the 802
desire to develop computationally efficient feature extraction 803
for automatic speech recognition that is based on a prag- 804
matic abstraction of various attributes of auditory processing 805
including the rate-level nonlinearity, temporal and spectral inte- 806
gration, and temporal masking. The processing also includes 807
a component that implements suppression of various types of 808
common additive noise. PNCC processing requires only about 809
33 percent more computation compared to MFCC. 810

Further details about the motivation for and implementa- 811
tion of PNCC processing are available in [47]. This paper also 812
includes additional relevant experimental findings including 813
results obtained for PNCC processing using multi-style training 814
and in combination with speaker-by-speaker MLLR. 815

Open Source MATLAB code for PNCC may be found 816
at http://www.cs.cmu.edu/~robust/archive/algorithms/PNCC_ 817
IEEETran. The code in this directory was used for obtaining the 818
results for this paper. Prof. Kazumasa Yamamoto more recently 819
re-implemented PNCC in C; this code may be obtained at 820
http://www.cs.cmu.edu/~robust/archive/algorithms/PNCC_C. 821
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