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Abstract—We present a novel, non-intrusive method that
jointly estimates acoustic signal properties associated with the
perceptual speech quality, level of reverberation and noise in a
speech signal. We explore various machine learning frameworks,
consisting of popular feature extraction front-ends and two types
of regression models and show the trade-off in performance that
must be considered with each combination. We show that a shorttime framework consisting of an 80-dimension log-Mel filter bank
feature front-end employing spectral augmentation, followed by
a 3 layer LSTM recurrent neural network model achieves a
mean absolute error of 3.3 dB for C50, 2.3 dB for segmental
SNR and 0.3 for PESQ estimation on the Libri Augmented (LA)
database. The internal VAD for this system achieves an F1 score
of 0.93 on this data. The proposed system also achieves a 2.4 dB
mean absolute error for C50 estimation on the ACE test set.
Furthermore, we show how each type of acoustic parameter
correlates with ASR performance in terms of ground truth labels
and additionally show that the estimated C50, SNR and PESQ
from our proposed method have a high correlation (greater than
0.92) with WER on the LA test set.
Index Terms—deep neural networks, clarity index, speech
quality.

I. I NTRODUCTION
Recent years have seen great interest in the development of
algorithms for the assessment of speech signal characteristics,
including the level of reverberation [1], the classification of
environmental sounds [2], bit rate [3] as well as estimation of
the perceptual speech quality [4]. The ability to estimate such
characteristics from a speech signal without a clean reference
(non-intrusively) has applications in many speech processing
tasks. These include audio forensics [5], hearing aids [6] and
automatic speech recognition (ASR) [7]. Another application
of such algorithms is for analysing speech data to understand
the distributions of various acoustic parameters and use those
distributions for the purpose of automating data augmentation
and selection strategies for training robust ASR systems. Also
recently it was shown how non-intrusive estimation of spatial
parameters could be used for speaker change detection and
diarization [8].
Reverberation has a significant impact on a speech signal
by smearing temporal and spectral cues, flattening formant
transitions, reducing amplitude modulations and increasing
low-frequency energy [9]. The effects of reverberation can
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be modelled as convolution with a Room Impulse Response
(RIR) [10] and although an RIR captures the overall characteristics of room reverberation, its estimation is complex for
many practical applications. Instead a number of parameters
encapsulating the RIR are used to characterize reverberation,
the most common ones being the Reverberation Time (T60),
Clarity Index (C50) and Direct-To-Reverberant Ratio (DRR).
On the topic of non-intrusive estimation of reverberation
parameters, a number of algorithms have been proposed and
a recent IEEE challenge, the Acoustic Characterization of
Environments (ACE) challenge, allowed evaluation of parameters on a standardized evaluation set [1]. It has been shown
in [11] that room reflections arriving after roughly 50 ms of
the direct path are perceived either as separate echoes or as
reverberation. Parada. et. al. [12] further showed that, of the
multitude of possible parameters, C50 was most correlated
with ASR performance.
A data driven method for non-intrusive T60 and DRR
estimation was presented in [13] and was the competition
winner for the single channel DRR estimation task in the
ACE challenge, achieving an Root Mean Square Error (RMSE)
of 3.8 dB. The ACE challenge winner for T60 estimation
was a method exploiting sub-band detection of free decay regions [14] with an RMSE of 0.254 s for blind T60 estimation.
More recently, a Gammatone filterbank feature based approach
using a Convolutional Neural Network (CNN) to estimate the
T60 was shown to achieve an RMSE of 0.191 s on the ACE
test set [15].
Estimating the perceptual quality of a speech signal in a
non-intrusive manner is a challenging task due to the highly
variable range of degradations encountered and the highly
subjective nature of the task. Over the last decade a number of
algorithms have been proposed for estimating speech quality,
with some methods targeting the estimation of the mean
opinion score (MOS) [16] directly, while others target the
estimation of an intrusive metric such as Perceptual Evaluation
of Speech Quality (PESQ) [17] and more recently, Perceptual
Objective Listening Quality Analysis (POLQA) [18]. A recent
approach [19] explores the use of Constant Q Transfom
(CQT) and Mel Frequency Cepstral Coefficients (MFCC)
features with a 2D CNN and a three layer Feed Forward
Deep Neural Network (FFDNN) to estimate the MOS. They
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report an RMSE of 0.42 MOS on their test set. In [20],
[21] a classification and regressions tree (CART) model was
trained using a number of long and short-term speech features
to predict the PESQ score non-intrusively with an RMSE
of 0.49 [20]. An extension of that method uses a mix of
modulation domain features and MFCC with a recurrent neural
network (RNN) model to predict jointly the voice activity
detection (VAD) posterior and POLQA in short term segments
of length 300 ms. This method was shown to have an RMSE
of 0.29 POLQA with good generalization across languages
not seen during training. A CNN based approach using a
joint classification and regression network working on the
magnitude log frequency domain was recently shown to have
an RMSE of 0.28 with pesq [22] and works at an utterance
level.
In this paper, we propose a multi-task machine learning
framework for non-intrusive acoustic parameter estimation that
includes voice activity detection, C50, PESQ and segmental
SNR. While most recent methods for non-intrusive speech
quality and reverberation parameter estimation operate on a
large temporal window size (for example 4 seconds for T60
estimation in [15]) or at an utterance level [22], our framework
is able to reliably estimate a number of parameters in short
windows of length 300 ms using the multi-task training
paradigm. The ability of estimating these parameters in shorttime windows allows the use of these parameters in speaker
diarization, signal quality assurance and for automatic data
selection for ASR.
The remainder of the paper is organised as follows. In
Section II we present the proposed framework followed by
a description of the data sets and evaluation metrics in Section III. We finish with results in Section IV and conclusions
in Section V.
II. M ETHODS
This work builds on the non-Intrusive POLQA estimation
model [4] which jointly predicts POLQA and VAD in shorttime frames of 300 ms [4]. In this paper, we explore the joint
prediction of C50, segmental SNR, PESQ and VAD using
this framework. We also explore different feature extraction
front-ends and machine learning based back-ends. In Section II-A we present the three different set of features and
in Section II-B we present the two deep learning architectures
explored in this paper.
A. Feature Extraction
1) MMF: The MMF feature set consists of the combination
of MFCC and MDCC features as described in [4] along
with an additional feature that models the variation in the
fundamental frequency [23]. MFCCs are a common feature
set for a number of speech processing algorithms such as
ASR [24]. In our method, we use a sample rate of fs = 16 kHz
with a pre-emphasis factor of 0.97 and extract 31 MFCC
features every 10 ms using a 25 ms analysis window. These
are appended to 231-dimensional MDCC features, which were
first presented in [4] and model the modulation information in

the signal. In this work we use a larger number of MDCC
coefficients (231) than in our previous work by selecting
a larger upper triangle from the DCT stage. Finally, a 7
dimension feature vector modelling the fundamental frequency
variation is appended to this set.
2) MFB: A second type of feature extraction we explore
provides Mel Filterbank Coefficients. These are similar to the
MFCC features described in the MMF section, using the same
signal processing with the exception of the DCT and instead
of 31, 80 Mel Filterbanks are used. In this work we explore
an additional regularization strategy allied to the MFB features
whereby time and frequency blocks are zeroed or dropped in a
randomized manner [25]. For our application, given that we are
working with short-time blocks, we only apply the frequency
dropping spectral augmentation here, chosen to randomly drop
3% of the Mel Channels for a given block of frames.
3) PASE: In addition to the well established spectral features discussed before, we explore a recent feature set that is
based on a machine learning approach of extracting directly
from the waveform a Problem-Agnostic Speech Representation (PASE) of speech using a self-supervised encoderdiscriminator [26]. In this paper we explored this feature set
as provided by the original authors, without further retraining
for our particular task.
B. Deep Learning Architectures
We experimented with two different deep learning architectures as described in the following section. In training
both of these models, VAD is estimated jointly with the
other acoustic parameters and the models actually predict the
average VAD posterior across the frames in the context of
interest, defined here as mean VAD Posterior (VADP). Here
we define the context size to be the duration of the segment of
a signal that is used for performing the regression modelling.
During the inference phase, the VADP can be used as a
confidence measure and used to prune the estimated scores. In
the following, we only consider segments that pass a VADP
threshold of 0.5 or greater.
In both the learning architectures explored here, we use
an RMSE cost function during training with an Adam [27]
optimizer and a decaying learning rate schedule. The RNN and
CNN models have 125,880 and 16,802 trainable parameters,
respectively.
1) LSTM: The first deep learning architecture we explore is
a recurrent structure based on long short term memory (LSTM)
cells [28], which has been shown to be a powerful architecture
for modelling time varying features, such as those used in
speech signal processing. The LSTM is composed of an input
layer and three hidden layers, arranged in a 108 × 54 × 27 cell
topology (for each time step).
2) CNN: The second deep learning architecture we explore
is a compact CNN model based on SwishNet [29], which was
originally proposed for VAD modelling and itself inspired by
the WaveNet [30] model. This network applies 1-dimensional
filters across time to the input features and makes use of
various enhancements such as dilated convolutions and gated
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activations to improve the modelling power. The selected
model has eight convolutional layers, which apply causal
convolutions, with sigmoid and tanh activations. The original
system was trained with MFCC features but here we explore
the use of MFB features with this model and experimented
with different filter sizes and added a dropout layer in the
architecture. Additionally, the output layer is modified to
support a regression task using a linear output layer with four
nodes.

A. Training and Development Data

B. Test Data
We use two test datasets for evaluating the performance of
the proposed algorithms as described below. In both cases the
base speech material is from a different source to the training
data (and thus has no overlap in language, speaker or recording
system) and the RIRs and noise sources are also completely
separate with no overlap.
The first is the ACE Challenge test-set [1]. In this work, we
consider the single channel test set and estimate the full-band
C50 metric. Please note that the ACE Challenge test set did
not include C50 estimation criteria and this was added as an
extra label following the definition in [12].
The second is the Libri Augmented (LA) test set, which is
based on speech from the Libri clean dataset and reverberation
and noise are added artificially. The reverberation conditions
are a sample of all available RIRs in the ACE data as well
as measured RIRs from the Aachen database [33]. The noise
types included in this set are ambient, babble, household and
white, added to the speech in an SNR range of -5 to 30 dB.
This set is asymmetrically corrupted to allow a wide range of
degradations to be evaluated and the use of Libri speech data
allows us to decode with a Libri speech trained ASR system.
C. Evaluation Metrics
In the following, Pe and Pt are the estimated and true
scores (for the acoustic parameters – C50, SNR and PESQ)
and the error in estimating a sample is defined as E(n) =
P (n)e − P (n)t . For evaluating the VAD performance, the
posterior generated during inference is mapped to a binary
decision by thresholding at a heuristic value of 0.5, thus
allowing the VAD performance to be treated as a classification

Description

Pearson
Correlation
Coefficient (R)

R=

Root Mean
Square Error
(RMSE)

III. DATA AND M ETRICS
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the range [0 to 30 dB] and DRR in the range [-15 to 5.0 dB].
An exponential decay is applied to some of the RIRs to create
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task as its performance measured using the F1 score as defined
in following table.
In this paper, we also evaluate the correlation of various
metrics with the End-to-End ESPnet ASR system [34] trained
on the 1000 hr Librispeech corpus (the full training partition
- this partition is completely separate from the LA test set
described in the previous sub-section in terms of speakers and
text). The performance of an ASR system is typically evaluated
in terms of Word Error Rate (WER) as defined in the following
table.
IV. R ESULTS
In this section we evaluate the performance of the five
systems, representing four types of feature front-ends and two
types of regression model back-ends. Table I shows the results
for C50 estimation on the ACE challenge test set. The MFB
feature set with spectral augmentation and an LSTM model
achieves the best performance, with an RMS error of 3.04 dB.
In table II we present the results for all the parameters
that are jointly estimated by the different systems on the LA
test set. It can be seen that the MFB features with spectral
augmentation perform well on this test set, outperforming the
others for PESQ estimation. Although the PASE feature set
with the LSTM model achieves the lowest errors for C50
and SNR estimation on the LA test set, it comes with a high
computational complexity (as it has almost 6 million trainable
parameters - also increasing the risk of over-fitting to the
training data) 1 . The mean absolute error for SNR estimation
with the MFB is lower than 3 dB for all systems tested.
The SNR results presented here are computed as the mean
segmental SNR for each 300 ms segment in the entire test
set. All systems tested on the LA test set performed well for
joint VAD estimation, achieving an F1 score between 0.92 and
0.93. We also show in table III how the MFB with spectral
augmentation and LSTM model performs for the four different
1 Note that in this work, we do not re-train the PASE feature extraction
(which might lead to more gains).
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Feature
Type

Spec.
Aug.

Model
Type

MMF
MFB
MFB
PASE
MFB

#
#
!
#
!

LSTM
LSTM
LSTM
LSTM
CNN

R EFERENCES

C50 (dB)
RMSE
MAE
3.44
3.15
3.04
4.25
3.55

2.74
2.57
2.40
3.40
2.88

TABLE I
C50 ESTIMATION ON THE ACE TEST SET FOR DIFFERENT FEATURE
FRONT- ENDS AND REGRESSION MODELS .

types of additive noise in the LA test set. It can be seen that
the worst type of noise for joint estimation of C50, SNR and
PESQ is babble noise, which is expected as babble is a speech
like characteristic and moreover, in a short-time window of
300 ms this effect is likely to be more prominent.
As one of the motivations for this type of non-intrusive measure is in applications related to ASR, we present in table IV
the correlations between WER and its various components
with ground truth C50, T60, DRR, SNR and PESQ. The
results presented here between the various acoustic parameters
and WER are after ’binning’ the parameters (4 dB for C50
and SNR and 0.7 for PESQ). We confirm that C50 is the
highest correlated reverberation measure in addition to SNR
and PESQ. In the bottom part of table IV we can see how
the three estimated parameters from the MFB with spectral
augmentation and LSTM model correlate with WER and other
ASR metrics, all achieving a correlation higher than 0.92 with
WER.
V. C ONCLUSIONS
We presented a non-intrusive method that jointly estimates
a number of interesting acoustic signal properties associated
with a speech signal. These include estimation of the level
of reverberation in the signal, the level of background noise,
the perceptual signal quality an estimate of speech presence
in short-time windows of 300 ms. The precise metrics that
our method estimates thus includes C50, segmental SNR and
PESQ. We show that a low complexity MFB based feature
extraction with spectral augmentation with an LSTM model
achieves good performance for all the parameters and provides
a good trade-off in performance and complexity. We show the
performance of this system on the ACE and LA test sets and
show that it has a stable performance across different noise
types.
Furthermore, we show how different ground truth and estimated parameters correlate with ASR performance (in terms
of WER as well as the sub-components such as insertions,
deletions etc.). We show, firstly that of the three reverberation
level estimation parameters, C50 is the most correlated with
WER, and in addition, SNR and PESQ are also highly
correlated with WER. Lastly, we show that the C50, SNR and
PESQ estimated by the NISA model are also highly correlated
with ASR performance.
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