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ABSTRACT

Although automatic pathological speech detection approaches
show promising results when clean recordings are available,
they are vulnerable to additive noise. Recently it has been
shown that databases commonly used to develop and evalu-
ate such approaches are noisy, with the noise characteristics
between healthy and pathological recordings being differ-
ent. Consequently, automatic approaches trained on these
databases often learn to discriminate noise rather than speech
pathology. This paper introduces a method to mitigate this
noise disparity in training data. Using noise estimates from
recordings from one group of speakers to augment recordings
from the other group, the noise characteristics become consis-
tent across all recordings. Experimental results demonstrate
the efficacy of this approach in mitigating noise disparity in
training data, thereby enabling automatic pathological speech
detection to focus on pathology-discriminant cues rather than
noise-discriminant ones.

Index Terms— pathological speech detection, noise dis-
parity, data augmentation, TORGO, UA-Speech

1. INTRODUCTION

Early identification of pathological speech conditions such
as dysarthria or apraxia of speech may serve as an early in-
dicator of neurological disorders like Parkinson’s disease,
highlighting the critical need for swift diagnosis of patholog-
ical speech. Traditionally, speech and language pathologists
rely on auditory-perceptual tests to identify pathological
speech. However, these tests are costly, subjective, and time-
consuming. As a result, there is a growing interest in the
research community to explore methods for automatically
detecting pathological speech. Previously, researchers pre-
dominantly relied on handcrafted acoustic features coupled
with traditional machine learning methods to detect patho-
logical speech [1-5]. More recently, the success of deep
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learning algorithms in many fields has prompted the adop-
tion of deep learning approaches for automatic pathological
speech detection [6-12]. These approaches leverage a va-
riety of speech representations, such as e.g., the short-time
Fourier transform (STFT) [6], Mel frequency cepstral co-
efficients [10, 11], Mel spectrograms [9], or self-supervised
embeddings like wav2vec2 [8], integrated with diverse archi-
tectures to achieve automatic pathological speech detection.
For example, the approach proposed in [6] has shown promis-
ing performance using a convolutional neural network (CNN)
to extract pathology-discriminant cues from STFT input rep-
resentations. Similarly, in [8], a high performance is achieved
using linear layers to extract pathology-discriminant cues
from wav2vec2 embeddings.

Despite the reported success of automatic pathologi-
cal speech detection approaches, state-of-the-art literature
typically assumes that recordings from both healthy and
pathological speakers are acquired in identical, noise-free
environments using the same recording setup. However,
obtaining high-quality, clean recordings from pathological
speakers, such as e.g., by recording all speakers in an ane-
choic chamber, poses a challenge. In [11] it has been shown
that widely used databases in the research community, such as
UA-Speech [13] and TORGO [14], are noisy, with the noise
characteristics in healthy recordings being distinctly differ-
ent from the noise characteristics in pathological recordings.
Given the disparity in noise characteristics between these
speaker groups, classifiers trained on such data for patholog-
ical speech detection capture noise-discriminant cues rather
than pathology-discriminant ones [11]. Consequently, the as-
sessment of pathological speech detection approaches using
such databases remains inconclusive.

Although the robustness to noise has been extensively in-
vestigated in many speech applications such as automatic
speech recognition [15], audio event detection [16], or
speaker identification [17], the robustness to noise of patho-
logical speech detection approaches has received significantly
less attention, particularly for recordings with noise disparity
among the two groups of speakers. In [18], it has been pro-
posed to use a single-channel speech enhancement module



prior to training a pathological speech detection approach.
However, employing traditional single-channel speech en-
hancement on recordings with varying noise characteristics
leads to signal distortions dependent on these characteris-
tics. Hence, instead of capturing pathology-discriminant
cues, automatic pathological speech detection models trained
on enhanced recordings will learn cues associated with the
introduced distortions.

To address the challenge posed by noise disparity in train-
ing data for pathological speech detection approaches, one
can either develop approaches that are robust to noise or sup-
press this noise disparity. In this paper, we propose a method
to suppress the noise disparity in training data through noise
augmentation. Given the available noisy recordings, we sug-
gest using a voice activity detection (VAD) module [19] to
extract an estimate of the noise present in each recording.
Subsequently, the estimated noise signals from recordings
of one speaker group are incorporated into the recordings of
the other group, with appropriate scaling factors computed
to maintain consistent signal-to-noise ratios (SNRs). This
procedure ensures that the noise characteristics (in terms
of the noise type and SNR) are similar between the two
speaker groups. Therefore, with noise-discriminant cues sup-
pressed in the data, automatic pathological speech detection
approaches prioritize learning pathology-discriminant cues
over noise-discrminant ones.

2. PROBLEM STATEMENT AND
PROPOSED METHOD

We consider a noisy signal y at time index k given by
Yk = Sk + N, ey

with s denoting the clean speech signal and n denoting the
noise signal. The power of the noisy signal y can be computed

as
1 2
Py = K Ek Yk (2)

with K denoting the signal length. Further, we define the
SNR of the noisy signal y with respect to the noise n as

VP
VP’
with P and P, being the clean speech and noise powers de-
fined similarly to (2). For conciseness, the time index k is
omitted in the remainder of this section unless explicitly re-
quired.

Without loss of generality, we consider one noisy utter-
ance yp, from the healthy group and one noisy utterance 1,
from the pathological group. These utterances (of possibly
different length) are given by

SNRy = 201log 3)

Y = Sp T Nhy,  Yp = Sp + Nyp, @

with s;, and s, denoting the respective clean signals and ny,
and n, denoting the respective noise signals. Since n, #
n, and SNR" 7 SNRJ?, a pathological speech detection
classifier trained using ¥, and y, can easily learn the noise
differences between the two signals rather than pathology-
discriminant cues in s, and s,. To suppress the noise dis-
parity between the two utterances, we propose to use noise
augmentation and add (an estimate of) the noise present in
one utterance to the other utterance as

Un = Sp + N, +ahﬁp7 gp =Sp+ny +Oép’ﬁh, ®))
N—— ——r
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with 7, an estimate of n,, 7, an estimate of n;, and the
scalars «y, and «, computed as described in the following.
Although both noises are present in both signals in (5), there
remains a noise disparity between %, and 7, since their SNRs
might still differ. For §j;, and g, to contain similar noise char-
acteristics such that a network trained on these utterances fails
to learn noise-discriminant cues, it is required that

* the SNR of both noisy signals with respect to each of
the noises is the same, and

 the SNR of both noisy signals with respect to the total
noise is the same.

More precisely, these conditions can be expressed as

SNR}" = SNRE:"’L (6)

SNR;“:% = SNR?” (7
nptapf, nptaphy

SNR?" » = SNRj» T ®)

with the different SNRs computed similarly to (3). The sys-
tem of equations in (6)-(8) is an over-determined system.
However, if 71;, and 7, are good estimates of n,, and ny,, one
can assume that

Pnh:P’thj Pnp:Pﬁpu (9)

with Pry denoting the power of the different noise signals de-
fined similarly to (2). If the assumption in (9) holds, scalars
oy, and oy, that satisfy (6)-(8) can be computed using the
power of clean speech signals Ps, and Ps  as

P, P,
= = L. 10
Qap Psp , Qp Psh ( )

Using these scalars in (5) and using g, and ¢, instead of
yr and y, to train a pathological speech detection system
results in a system that learns pathology-discriminant cues
rather than noise-discriminant ones.

The proposed approach requires noise estimates 7, and
np (cf. (5)) as well as estimates of the clean speech powers
P, and P, (cf. (10)). To obtain these estimates, we pro-
pose to extract the noise-only segments from each utterance



using a VAD and assume that they yield a good approxima-
tion of the true noise. Such an assumption holds for relatively
stationary noise, which is a reasonable assumption in clin-
ical settings where these recordings are typically collected.
The extracted noise-only segments are then concatenated and
repeated as necessary to obtain noise signals 7, and 7, of
appropriate lengths required in (5). Furthermore, assuming
that the speech and noise signals are uncorrelated, the clean
speech powers are computed as

P,

sn = Py, — Py, Psp:Py Pnpa (11)

»
with P, and P, computed using the extracted noise-only
segments. Although we have made several assumptions and
approximations which may not hold in practice, experimental
results in Section 4 show that these assumptions and approx-
imations are effective in practice to (partially) suppress the
noise disparity in the training data.

3. EXPERIMENTAL SETTINGS

For the experimental results, we adopt a methodology similar
to that of [11]. We consider noisy healthy and pathological
speech recordings, with the noise characteristics differing
among the two groups. Further, we consider two state-of-
the-art automatic pathological speech detection approaches,
i.e., the CNN-based approach from [6,20] and the wav2vec2-
based approach from [8,20]. To evaluate the impact of noise
disparity on automatic pathological speech detection ap-
proaches, these approaches are trained using noisy utterances
and their performance on noisy and clean test utterances is
compared. To evaluate the impact of suppressing the noise
disparity using the proposed method, these approaches are
trained using augmented utterances and their performance
on noisy and clean test utterances is compared. Obtaining a
better classification performance on noisy test utterances than
on clean test utterances confirms that noise-discriminant cues
are being learnt instead of pathology-discriminant cues. Ob-
taining a similar classification performance on both noisy and
clean test utterances confirms that pathology-discriminant
cues are being learnt instead of noise-discriminant cues.

In the following, we describe the experimental settings
used in our evaluation.

3.1. Databases

Since we do not have access to the clean speech signals in the
UA-Speech and TORGO databases, we construct synthetic
noisy databases for our analysis.

Clean speech. We consider clean recordings of healthy
and pathological speakers from the PC-GITA database [21].
This database contains Spanish recordings from gender-
balanced groups of 50 healthy speakers and 50 patients
suffering from Parkinson’s disease. Recordings are down-
sampled to 16 kHz prior to using them for our experiments.

Noise. To generate noisy recordings, we augment the
clean recordings with different noise types from the DE-
MAND database [22]. Three different noise types are used,
i.e., D-type (DKITCHEN and DLIVING), N-type (NPARK
and NRIVER), and O-type (OOFFICE and OMEETING).
To simulate noise disparity in the healthy and pathological
recordings, one group of speakers is augmented with one
specific noise from a given type (e.g., DKITCHEN used for
healthy speakers), whereas the other group of speakers is
augmented with the other noise from the same type (e.g.,
DLIVING used for pathological speakers). For each of the
three considered noise types, we generate data for three dif-
ferent SNR settings, i.e.,

A. healthy and pathological recordings have the same SNR
of 20 dB,

B. healthy and pathological recordings have the same SNR
of 40 dB, and

C. healthy recordings have an SNR of 20 dB whereas
pathological recordings have an SNR of 40 dB.

The choice of such relatively high SNR values is done to
reflect the (more recent) reality where care is taken to have
better quality pathological recordings as well as to show that
even an SNR of 40 dB is problematic for state-of-the-art
pathological speech detection approaches.

3.2. Model Architecture

CNN-based approach. The CNN-based approach operates
on fixed-size segments of speech. To compute inputs to this
approach, we segment utterances into 500 ms long segments
(with an overlap of 250 ms) and compute their STFT. The
used STFT parameters and the architecture of the CNN-based
approach is the same as in [20].

wav2vec2-based approach. Differently from the CNN-
based approach, the wav2vec2-based approach operates on
full utterances of variable length. As in [20], the wav2vec2-
base model is frozen and used to extract features from full
utterances. These features are then used as input to a linear
layer (input size 768, output size 256). After a ReLU acti-
vation function, batch normalization, and dropout (p = 0.3),
a final linear layer (input size 256, output size 2) is used for
pathological speech detection.

3.3. Training and Evaluation

A stratified 10-fold cross validation framework is used to
evaluate the performance of the proposed method, with no
overlap between speakers in the training, validation, and test
sets.

As in [20], the CNN-based approach is trained using the
SGD optimizer with a learning rate of 0.001, whereas the
wav2vec2-based approach is trained using the Adam opti-
mizer with a learning rate of 0.01. For both approaches, we



Table 1. Mean and standard deviation of the classification accuracy (%) of the CNN-based and wav2vec2-based approaches

using different training procedures for different SNR settings.

CNN-BASED WAV2VEC2-BASED

SNR SETTING TEST
STANDARD \ ORACLE PRACTICAL | STANDARD ORACLE PRACTICAL
A Noisy | 99.94+0.1 | 70.5+4.8 76.3 + 3.2 98.1+£0.6 | 780+ 1.7 | 86.3+2.7
CLEAN | 54.14+58 | 683+1.7 | 67.4+2.0 70.3+4.6 | 77.5£1.6 77.3+£1.2
B Noisy | 84.8+1.7 | 75.9+1.3 70.8 £0.8 829+1.6 | 81.14+0.9 | 82.5+0.2
CLEAN | 772423 | 7T46+1.1 69.7 £ 0.4 81.5+1.6 | 81.24+0.3 | 82.4+0.6
C Noisy | 99.54+0.5 | 71.5+6.5 76.7 £ 3.8 95.5+28 | 78.54+2.0 | 86.2+3.0
CLEAN | 51.34+19 | 70.3+£1.9 | 68.2+1.7 53.6 £5.9 | 80.0 £ 2.1 77.6 £5.0

use a weight decay of 5 x 10~* and the learning rate sched-
uler ReduceLROnPlateau with patience = 5 and factor =
0.5. Training is stopped if the learning rate decreases beyond
10~* of the initial learning rate or if the maximum number of
epochs of 100 is reached.

To implement the method proposed in Section 2, noise is
added to each utterance from each group of speakers accord-
ing to (5). This noise is extracted from a randomly selected
utterance from the other group of speakers. This procedure is
repeated in each epoch.

The performance is evaluated using the speaker-level ac-
curacy computed similarly as in [20]. To account for the effect
of randomness in initializing networks, we analyze the mean
performance for networks trained with 5 different seeds.

4. EXPERIMENTAL RESULTS

In this section, we present several results to validate the effec-
tiveness of the proposed method. To demonstrate the validity
of the proposed method and to decouple it from potential es-
timation errors in practice, we consider the oracle scenario
where one has access to the noise signals required for aug-
mentation in (5) and to the clean speech powers required for
computing appropriate scalars in (10). To demonstrate the ef-
fectiveness of the proposed method in practice, we also con-
sider the practical scenario where the different required quan-
tities are estimated through the VAD as described in Section 2.
The performance obtained when using the proposed method
in these scenarios is compared to the performance when the
standard training procedure is used, i.e., without accounting
for the existing noise disparity in the training data. All results
are given in Table 1, where the mean and standard deviation
of the performance across the different considered noise types
is presented.

Standard training. Table 1 shows that in all SNR set-
tings, using standard training for the CNN-based approach
yields a very high performance on noisy test utterances and a
considerably lower performance on clean test utterances. Al-
though the wav2vec2-based approach is expected to be more
robust to noise, using standard training for this approach also

results in a considerably higher performance on noisy test ut-
terances than on clean test utterances for SNR settings A and
C. These results confirm that in the presence of noise dispar-
ity in the data, these approaches learn noise-discriminant cues
rather than pathology-discriminant cues.

Oracle scenario. Table 1 shows that when using the pro-
posed method with oracle quantities, the performance of both
approaches on noisy and clean test utterances is very simi-
lar for all SNR settings. These results confirm the validity
of the proposed method, with noise augmentation being ef-
fective at suppressing noise disparity in the data and allowing
pathological speech detection approaches to learn pathology-
discriminant cues instead of noise-discriminant cues.

Practical scenario. Table 1 shows that in comparison to
the standard training procedure, the proposed method with re-
alistically estimated quantities increases the performance on
clean test utterances and decreases the performance on noisy
test utterances as desired. Nevertheless, there remains a gap
between the effectiveness of the proposed method in practice
in comparison to the oracle implementation for SNR settings
A and C. Additional investigations confirm that the estimated
clean speech powers are very similar to the oracle speech
powers, and hence, this remaining performance gap can be
attributed to the approximation of the noise by concatenat-
ing and repeating noise-only segments extracted through the
VAD. In the future, alternative methods to extract the noise-
only signals will be investigated.

S. CONCLUSION

In this paper we have proposed a method to suppress the noise
disparity in training data for automatic pathological speech
detection. The goal is to enable these approaches to prioritize
learning pathology-discriminant cues over noise-discriminant
ones. The proposed method involves extracting noise from
recordings using a VAD and then augmenting recordings from
one speaker group with noise extracted from another speaker
group. Extensive experimental results have demonstrated the
effectiveness of the proposed method.
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