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Abstract

We propose a monaural intrusive speech intelligibility predic-
tion (SIP) algorithm called STGI based on detecting glimpses in
short-time segments in a spectro-temporal modulation decom-
position of the input speech signals. Unlike existing glimpse-
based SIP methods, the application of STGI is not limited
to additive uncorrelated noise; STGI can be employed in a
broad range of degradation conditions. Our results show that
STGI performs consistently well across 15 datasets covering
degradation conditions including modulated noise, noise reduc-
tion processing, reverberation, near-end listening enhancement,
checkerboard noise, and gated noise.

Index Terms: speech intelligibility, speech quality model,
spectro-temporal modulation, glimpsing

1. Introduction

In human-human communications mediated by machines and
networks, speech signals are often distorted and not perfectly
perceived by the listener. Machine algorithms can facilitate
predicting the perceptual effect of different types of distor-
tion/processing on speech signals. An ideal speech intelligi-
bility prediction (SIP) algorithm would accurately predict a de-
graded/processed signal’s average intelligibility as perceived by
a group of listeners. This study aims to develop an intrusive or
reference-based SIP algorithm for normal-hearing listeners that
relies on inputting a clean reference signal.

Different approaches to computational modelling of speech
perception in adverse listening conditions have been proposed
[1-4]. In this regard, the glimpsing model of speech percep-
tion [4] was proposed based on two observations about the
spectro-temporal energy distribution of the speech signal: the
redundancy of the carried information and the sparse distribu-
tion of the regions with high energy. Based on these obser-
vations, the glimpsing model of speech perception hypothe-
sizes that listeners process degraded speech by taking advan-
tage of “glimpses” -time-frequency (TF) regions where the sig-
nal is least distorted. Using different glimpse detection crite-
ria, Cooke [4] suggested that the proportion of the TF regions
glimpsed -glimpse proportion (GP)- is a good predictor of in-
telligibility. GP has shown strong positive correlation with the
intelligibility of speech degraded by additive uncorrelated noise
(AUN) [4-7]. The glimpsing model proposed in [4] uses the lo-
cal SNR as the glimpse detection criterion: the TF units whose
local SNR exceeds 3 dB are detected as glimpses. While pro-
viding a simple and effective criterion for glimpse detection,
using SNR limits the application of the method to speech de-
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graded by AUN. In many common scenarios, the speech degra-
dation cannot be treated as caused by AUN, e.g., speech pro-
cessed by non-linear noise reduction algorithms and reverber-
ated speech. To remove this limitation, here, we modify GP
to extend its applicability to distortions beyond AUN. To this
end, we use the normalized cross-correlation (NCC) between
the spectro-temporal modulation (STM) envelopes of the clean
and degraded/processed speech signals [6—10] as a measure of
local signal quality and craft a glimpse detection criterion tai-
lored to the measure. The NCC is calculated between the STM
envelopes of the clean speech signal and their distorted versions
and does not require a separate noise signal to be available.
Therefore, the resulting algorithm can be applied to any pair
of time-aligned clean and degraded speech signals.

2. Glimpse Proportion

To motivate the proposed algorithm, we synopsize the GP in-
troduced in [4,5] and defined as the proportion of the regions in
the TF representation of the speech signal where the local SNR
exceeds a certain threshold:

1 T F
TF > cln,
t=1 f=1

GP = (1)

where 1 < ¢t < T indexes time frames, 1 < f < F indexes
acoustic frequency channels, 7" and F' are the number of time
frames and acoustic frequency bins, respectively, and:

Clf,t] = 14+ (SNR[f, 1] — ) 2

where SNR|[f, t] denotes the local SNR, o € R denotes an SNR
threshold, and 11 : R — {0, 1} is the indicator function:

1 0
1i(z) = {0’ v 3

, x<0.

GP takes the time-aligned clean and AUN signals as input and
computes the local SNR for each TF unit using the spectro-
temporal excitation patterns (STEP) of the inputs, where STEP
is a representation of the envelope of the basilar membrane re-
sponse to a sound signal. GP has shown high correlation with
the intelligibility of speech corrupted by AUN [4-7]. How-
ever, in many common scenarios, the difference between the
clean and corrupted speech cannot be treated as AUN. E.g.,
for noise suppression processed speech, the difference signal
is some non-linear mixture of the noise and speech signals.
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Figure 1: A block diagram of the proposed STGI algorithm.

3. Proposed Algorithm

To overcome the AUN limitation, we modify GP in two ways.
First, we use a Gabor STM filter-bank [7, 11, 12] to decom-
pose the input speech signals into STM frequency sub-bands.
Perception of speech is crucially dependant on preserving the
fidelity of salient STMs [9, 13—15], and STM analysis has pre-
viously shown promising results in SIP [6,7, 10] and automatic
speech recognition [11,12]. Second, we modify the glimpse de-
tection function C'(f,t) in Eq. 2 and employ NCC, as opposed
to SNR, as an estimator of speech intelligibility [6-8, 10]. The
NCC is computed between the STM envelopes of the clean and
degraded speech signals and, thus, does not require an additive
noise signal to be separately available.

Figure 1 shows a block diagram of the proposed algorithm.
The algorithm takes the time-aligned clean z[n] and degraded
y[n] speech signals as input. First, the STM envelopes of the
input signals are extracted using a Gabor STM filter-bank. Next,
the envelopes are divided into short-time segments, and each
segment of the degraded signal is compared to that of the clean
signal via NCC to produce a similarity measure. Next, similar
to Eq. 2, a thresholding is applied to the similarity measures
to detect STM glimpses. Finally, the overall intelligibility is
estimated as the proportion of the glimpsed segments over the
entire input. The building blocks of the algorithm are described
in the following subsections.

3.1. Auditory-Modulation Analysis

First, an ideal voice activity detector (VAD) based on the clean
reference signal [6, 8] is used to remove silent frames from the
clean and degraded signals. Next, a Mel-frequency spectro-
gram is calculated for both input signals following the ETSI
standard [7, 11, 16]. The Mel-spectrograms for the clean and
degraded speech signals are denoted by X |[f, ¢] and Y[f, ¢], re-
spectively, and consist of F" acoustic frequency channels equally
spaced on the Mel-frequency scale. Next, the Mel-spectrograms
are decomposed using an STM filter bank [7, 11, 12]. The fil-
ter bank consists of S spectral and R temporal Gabor modula-
tion filters covering the range of modulation frequencies that are
known to be important for speech perception [11] and SIP [7].
The STM filter-bank is implemented as a two-step procedure:
spectral modulation filtering followed by temporal modulation
filtering. The filter bank’s output consists of S x R filtered
spectrograms that exhibit modulation patterns characteristic of
the associated filters. We denote the resultant TF decomposi-
tions by X[f,t;s,r] and Y[f,t;s,r], where 1 < s < S and
1 < r < R index the spectral and temporal modulation center
frequencies, respectively, of the associated filters. For a detailed
description of the modulation filter-bank, we refer to [7, 12].

3.2. Envelope Comparison

As discussed in Sec. 2, GP uses the local SNR as a measure of
speech degradation in each TF unit. Here, we develop a similar-
ity measure between the clean and degraded speech signals by
comparing their STM envelopes in short-time segments [6, 8].
We present the processing steps for a single STM channel, i.e.,
one filtered spectrogram; the steps are identical for all filtered
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spectrograms. Let X*,1 < k < T — N + 1 denote the k-th
short-time segment of length N:

X[,k X[1,k+1]
X[2,k]  X[2,k+1]

X[1,k+N—1]
X[2,k+ N —1]
. - @

X[F,k] X[Fk+1] X[F,k+ N —1]

Note that the dependencies on s and r are dropped for sim-
plicity. First, mean and variance normalization is applied to
each row and each column of the short-time segments [6]. We
denote the clean and degraded row- and column-normalized
short-time segments by X* = [zF;] and Y* = [gF], respec-
tively. Next, the columns of X* and Y'* are compared using
NCC, and the NCCs are averaged across columns to produce
the STM channel’s similarity measure for the k-th short-time

segment: 1 L E
d’[s,r] = szxw%p

j=1i=1

&)

Each of the STM channels [s, 7] contributes a similarity mea-
sure —1 < d¥[s, ] < 1 for the k-th time segment.

3.3. Glimpse Detection

As described in Eq. 2, GP compares the local SNR with a fixed
threshold to determine the intelligibility of a TF unit. We follow
a similar approach and compare the similarity measure d*[s, 7]
with a fixed threshold to determine each STM channel’s glimpse
estimate for the k-th short-time segment:

gk[s7r] :‘nJr(dk[s?r]*BST% (6)
where —1 < B, < 1 is the glimpsing threshold for the [s, r]
STM channel to be determined with the aid of a small dataset
in Sec. 3.5. Note that each STM channel contributes a glimpse
estimate for the k-th time segment. Lastly, the glimpsing index
for the k-th short-time segment is computed as the average of
glimpse estimates over all STM channels:

ok = <= S5 g sl

s=1r=1

O]

Fig. 2 shows the glimpsing index g[k] as a function of time for
a speech signal sample degraded by AUN.

3.4. Intelligibility Prediction

The spectro-temporal glimpsing index (STGI) is defined as the
temporal average of the short-time glimpsing index over the en-
tire input:

1 K
STGI = — k; glk]. (8)

3.5. Glimpsing Thresholds

Here, we describe the procedure to select the glimpsing thresh-
old S35, for each STM channel. For simplicity, we employ a
greedy approach and aim to maximize each individual STM
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Figure 2: Glimpse index glk] as a function of time for a
speech sample degraded by amplitude modulated white Gaus-
sian noise.
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Figure 3: An illustration of w[s, r] for a number of STM chan-
nels computed for a signal pair. The ground truth intelligibility
is 60%. Hence, for each STM channel, the threshold w[s, ] is
selected such that 60% of the short-time segments have a simi-
larity measure dy [s, r] above the threshold w,[s, r]. The shaded
time-segments are detected as glimpses.

channel’s SIP performance in isolation, leading to solve a se-
quence of simple one-dimensional problems. Consider the [-th
signal pair, [ = 1, ..., L of a training dataset comprising L clean
and degraded speech signal pairs and a subjective intelligibil-
ity score I; for each degraded signal. Let w;[s,r] denote the
threshold that results in the correct intelligibility prediction for
this signal pair if only the glimpsing index of the [s,r] STM
channel is used as the predictor of intelligibility. More specif-
ically, for each STM channel and for a single signal pair, the
threshold w,[s, r] is selected such that:

K
1
g ls =1, ©)
k=1
where K is the total number of time segments and:
glk[s7r] = 1+(d§€[57r] 7’(”[8,7"]), (10)

where df[s,] is the similarity measure for the k-th segment
of the [-th sample of the training dataset. We note that such a
threshold always exists, as long as a single STM channel and
a single signal pair are considered. The glimpsing threshold
Bsr for each STM channel is then calculated as the average of
uy[s, r] over all the signal pairs in the training dataset:

1 L
Bsr = i ;ul[svr]'

A subset of the ITFS-Kjems dataset (introduced in Sec. 4) con-
sisting of 200 randomly chosen sentences were used as the train-
ing set. Fig. 3 shows the similarity measure df[s, r] as a func-
tion of time for a number of STM channels of a speech signal
sample, along with the thresholds u;[s,r]. Note that the same
threshold cannot be used for all the STM channels since both

1)
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Figure 4: Average glimpsing thresholds [sy.

clean and degraded speech signals have different statistics and
result in different distributions of the NCCs across the channels.
Fig. 4 shows the resulting thresholds for the STM channels.

4. Implementation and Evaluation

Tables 1 and 2 summarize the model parameters used in this
study. The glimpsing thresholds s, were calculated following
the procedure described in Sec. 3.5. We compare the SIP per-
formance of STGI with a suite of state-of-the-art SIP algorithms
in terms of i) Pearson correlation coefficient and ii) Spearman
rank correlation coefficient between the ground truth intelligi-
bility and the algorithm outputs.

We evaluate the SIP performance of STGI across 15 lis-
tening test datasets, which together cover degradation condi-
tions including modulated noise (ModN), checkerboard noise
(CheckB), gated noise (GatedN), noise reduction processing
(NR), reverberation (Rev), and near-end listening enhancement
(NELE). Table 5 summarizes the data sets, while the accompa-
nying references provide additional details. The first 6 datasets
are for AUN, dataset 7 includes temporally filtered speech,
datasets 8 and 9 include noisy speech processed by non-linear
noise-reduction algorithms, dataset 10 covers ideal TF masking,
datasets 11 and 12 consist of reverberated speech, and datasets
13-15 include NELE processed speech degraded by noise and
reverberation.

Table 1: Model parameters.

Parameter | Value Parameter | Value
fs 10 kHz F 130

S 11 R 4

N 40 (512 ms)

Table 2: Spectral and temporal modulation center frequencies.

Value

0, 0.28, 0.44, 0.72, 1.10,
1.77,2.88, 4.54, 7.26,
11.6, 18.3
0,4.9,78,12.4

Parameter
Spectral Modulation Filter
Center Frequencies (cyc/kMel)

Temporal Modulation Filter
Center Frequencies (Hz)

5. Results and Discussion

Tables 3 and 4 show the Pearson and Spearman rank correlation
coefficients between the ground truth intelligibility and each
SIP algorithm’s output over the datasets introduced in Sec. 4.
The results indicate excellent performance of STGI over a wide
range of degradations and datasets.

Comparing STGI and GP, a few observations can be made.
Firstly, different from GP, the application of STGI is not limited



Table 3: Performance of different SIP algorithms in terms of Pearson correlation coefficient.

to AUN and it can be used for SIP in acoustic conditions where
the speech and noise are not separately available. Secondly,
STGI consistently outperforms GP in the presence of AUN.
Another interesting observation is the failure of several
state-of-the-art SIP algorithms in the presence of checkerboard
and gated noises. These conditions consist of artificial maskers
that provide a controlled environment for studying the influence
of the spectro-temporal properties of the glimpses on speech
perception. A SIP algorithm’s ability to successfully capture
and model such properties can lead to performance gains in
other degradation conditions. We note that several successful
SIP algorithms (including wSTMI, eSTOI, and SIIB) that have
excellent performance across many acoustic conditions, strug-
gle to predict intelligibility in the presence of checkerboard
and gated noise. On the other hand, STGI consistently shows
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CheckB1 CheckB2 GatedN ModN ModN ModN ModFN NR NR ITFS Rev Rev NELE NELE NELE [AUN |Overall
Fogerty Fogerty Fogerty Jensen Fogerty Gibbs Fogerty Jensen Hu Kjems HINT IEEE Taal Cooke Chermaz|{Mean|Mean
STGI 0.80 0.73 094 093 094 094 0.93 099 089092 095 095 094 095 0.67 0.88 |0.90
GP [4] 0.68 0.72 094 08 083 084 — — —_ _— = = — — 0.81 |—
ESII[17] |0.67 0.67 0.81 082 0.82 081 —- — —_ _ = = — — 0.77 |—
HASPI [18] |0.80 0.82 0.59 0.61 0.61 0.80 0.83 092 0.680.88 084 097 044 0.86 0.87 0.71 10.77
wSTMI [7] |-0.41 0.46 0.89 092 093 092 091 094 092093 091 094 096 0.96 0.86 0.62 |0.80
OSTMI [10]{0.69 0.79 093 0.88 0.89 0.87 0.89 0.89 0.89086 0.84 0.86 0.89 0.82 0.71 0.84 10.85
STOI [8] -0.03 0.32 -0.50 045 -0.77 055 035 098 086094 088 0.89 089 0.70 0.38 0.00 |0.46
eSTOI [6] [0.48 0.54 074 085 076 0.87 0.88 097 090093 0.88 0.89 0.88 092 0.72 0.71 |0.81
SIB [19] [0.60 0.57 042 083 078 0.80 0.82 094 092081 0.78 092 097 090 0.62 0.67 |0.78
Table 4: Performance of different SIP algorithms in terms of Spearman rank correlation coefficient.
CheckB1 CheckB2 GatedN ModN ModN ModN ModFN NR NR ITFS Rev Rev NELE NELE NELE |[AUN |Overall
Fogerty Fogerty Fogerty Jensen Fogerty Gibbs Fogerty Jensen Hu Kjems HINT IEEE Taal Cooke Chermaz|Mean|Mean
STGI 0.89 0.82 087 094 1.00 092 093 098 0.84092 0.89 093 097 094 0.67 0.91 |0.90
GP [4] 0.86 0.79 059 087 043 077 —- — —_ _ = = — — 0.72 |—
ESII[17] ]0.84 0.71 059 084 037 078 —- — _ — _ = = — — 0.69 |—
HASPI [18] |0.80 0.88 0.60 0.76 026 0.76 0.82 095 064092 0.88 094 039 091 091 0.68 |0.76
wSTMI [7] |-0.37 0.23 059 094 0.71 091 0.93 096 090096 090 095 097 095 0.89 0.50 |0.76
OSTMI [10]{0.80 0.87 060 091 049 0.87 0.93 090 0.840.89 097 091 085 0.85 0.69 0.76 |0.82
STOI [8] -0.15 0.38 -0.74 048 -094 054 0.67 096 0.800.96 097 094 0.89 0.72 0.3l -0.07 10.45
eSTOI [6] |-0.10 0.68 0.60 092 026 0.82 091 098 0.87096 096 094 0.89 095 0.68 0.53 10.75
SIIB [19] [0.69 0.59 0.60 084 026 0.80 0.87 098 0.920.85 093 090 098 0.89 0.66 0.63 |0.78
Table 5: Summary of listening test datasets. high correlation with speech intelligibility in such degradation
Name Degradation conditions (CheckB1-Fogerty, CheckB2-Fogerty, and GatedN-
1 CheckB1-Fogerty [20] Checkerboard noise Fogerty datasets). Like STGI, wSTMI also decomposes the
2 CPeckB_Z—Fogerty (21] Checke‘rboard nowse - input speech signals using a Gabor STM filter bank and com-
3 GatedN-Fogerty [20] Gated speech shaped noise (SSN) pares the filtered spectrograms using NCC. However, different
4 ModN-Jensen [6] Modulated noise from STGI, wSTMI uses a sparse linear model to combine in-
5 ModN-Fogerty [22] Time compressed/expanded >
modulated noise formation from only the most salient 8 STM channels. While
6 ModN-Gibbs [23] Same as ModN-Fogerty the approach has shown excellent performance in a wide range
7 ModFN-Fogerty [24] Temporally filtered speech + of degradations, it fails to predict intelligibility in the pres-
speech-modulated noise ence of checkerboard noise. Unlike conventional distortions,
ggg:ﬁ:}lsé%][zs 1 g:{)%‘l’guifgtrsilz and train noise the maskers’ energy in the checkerboard noise datasets is dis-
10 ITFS-Kjems [27] Unmodulated SSN, cafeteria , car Frlbuted over a small number of STM. channels, thus preserv-
and bottling factory noise ing much of the speech information in the other STM chan-
11/12 Rev-HINT/IEEE [28] | Reverberation nels. While the human auditory system can take advantage of
13 NELE-Taal [29] Speech shaped and babble noise the information from less affected STM channels, the sparse
14 NELE-Cooke [30] Eﬂﬁﬁl?ﬂated SSN and competing representation of wSTMI cannot capture this opportunistic be-
pea haviour. STGI emulates this behaviour by pooling the informa-
15 NELE-Chermaz [31] Unmodulated SSN and competing tion from all the STM channels in the anPge tha% is usable for
speaker + reverberation

speech perception.

6. Conclusion

We presented an intrusive speech intelligibility prediction (SIP)
algorithm based on detecting glimpses in a spectro-temporal
modulation decomposition of the input speech signal. The al-
gorithm -STGI- was developed by overhauling a pre-existing
speech intelligibility prediction scheme -GP- and thereby ex-
panding its narrow applicability to a wide range of distortions,
including speech processed by non-linear noise suppression al-
gorithms and reverberated speech. The results suggested that
the proposed algorithm outperforms established SIP methods
in the presence of temporally and spectro-temporally gated
maskers, while also consistently provides high performance for
the other tested degradation conditions.
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