
INTERNET STREAMING AUDIO BASED SPEECH RECEPTION THRESHOLD
MEASUREMENT IN COCHLEAR IMPLANT USERS

Xi Chen1,2, Yefei Mo3, Kang Ouyang1, Mingyue Shi1, Huali Zhou1,
Yupeng Shi2, Wei Xiao2, Shidong Shang2, Qinglin Meng3∗ , Nengheng Zheng1†

1Guangdong Key Lab. of Intelligent Information Processing, College of Electronics and Information
Engineering, Shenzhen University, Shenzhen, China

2Tencent Ethereal Audio Lab, Shenzhen, China
3South China University of Technology, Guangzhou, China

ABSTRACT

Traditional face-to-face subjective listening test has become
a challenge due to the COVID-19 pandemic. We developed
a remote assessment system with Tencent Meeting, a video
conferencing application, to address this issue. This paper
presents our work on evaluating the reliability of the remote
assessment system. Two speech reception threshold (SRT)
experiments were conducted to study the effects of noise sup-
pression and maxima selection number on cochlear implant
(CI) hearing. Both experiments were conducted locally and
remotely, the correlations between the respective results were
analyzed. Results showed that remote tests replicated the dif-
ferences among testing conditions observed in local tests, but
the absolute SRT values for individual conditions varied sig-
nificantly between the two modes. The variations could be at-
tributed to multiple reasons, such as online data transmission
issues, audio playback devices, environmental conditions, and
the training of participants. In conclusion, the relative varia-
tion of SRTs for CIs can be measured reliably, but the absolute
SRT values should be carefully compared and explained ac-
cording to objective and subjective experimental conditions.

Index Terms— Remote subjective assessment, cochlear
implant, speech reception threshold

1. INTRODUCTION

When the COVID-19 pandemic curtailed in-person subjec-
tive listening assessments, researchers sought for video con-
ferencing applications (apps) like Zoom to conduct subjec-
tive tests [1]. This has been facilitated and accelerated by the
rapid development of internet technology. For example, the
capacity and stability of internet have been increased signifi-
cantly: the average transmission rate has increased from 32.2
to 59.1 Mbps since 2016, and by 2020, 89.9 percent of broad-
band subscribers accessed web service at speed higher than
∗Corresponding email: mengqinglin@scut.edu.cn.
†Corresponding email: nhzheng@szu.edu.cn.

100 Mbps [2]. Real-time communication apps like Teams,
Tencent Meeting, and Zoom boost the services of remote
communications. However, the quality of experiences (QoE)
is confronting several challenges, most notably packet loss
due to transmission errors and compression effects by speech
codecs [3], which could degrade the intelligibility of online
speech for hearing-impaired listeners. Therefore, it is worth-
while to investigate and improve the accuracy of the remote
assessment methodology to mimic the local experiment.

Various web-based platforms are available for state-of-
the-art speech intelligibility tests [4–8], in particular, [8] sum-
marizes such platforms for hearing impaired participants. Re-
cent studies have proposed frameworks for remote assess-
ment of the speech intelligibility in normal-hearing (NH) lis-
teners [9] and cochlear implant (CI) users [10], and demon-
strated that remote test is feasible to a certain extent. Method
in [9] requires subjects installing MATLAB standalone in-
staller and uploading the test results to the cloud, which was
time-consuming. In [10], test sounds were served as direct
audio inputs (DAI) to the recipients, such bypassed the micro-
phone on participants’ devices. However, DAI is an exclusive
feature on specific hearing devices and subjects cannot com-
municate with experimenters in DAI mode, which restricts its
practical applications. Therefore, it is necessary to explore
and evaluate a convenient and effective remote assessment
method.

This paper presents our recent work on evaluating the re-
liability of remote speech reception threshold (SRT, an im-
portant index for speech intelligibility) assessments with CI
users. The evaluation was conducted via Tencent Meeting,
one of the most widely used video conference platforms in
China. Two subjective experiments were conducted, focusing
on analyzing the correlations between the local and remote as-
sessments to evaluate the reliability of remote assessments. In
Experiment I, SRTs were measured with seven CI users under
two noise-masking conditions (with and without noise reduc-
tion, NR). In Experiment II, ten NH listeners participated in
a CI-simulated listening test. SRTs in babble noise with dif-
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ferent channel-stimulating parameters (i.e., maxima selection
numbers) were measured. All participants went through both
remote and local assessments.

2. EXPERIMENT I: NOISE MASKING

2.1. Participants

Seven unilaterally implanted CI users (aged 22 to 47) were
recruited (see Table 1) as participants (i.e., experiment sub-
jects). The experimenters in Figure 1 are graduate students in
audiology who conducted the test. All were native Mandarin
speakers. The study protocol was fully approved by the lo-
cal institutional review board. Written informed consent was
obtained before testing and participants were financially com-
pensated for their participation.

Table 1. Clinical data of cochlear implant (CI) users.

Subject Age Gender
CI

experience
(years)

Processor
Type Etiology

C1 23 F 18 Nucleus 6 Drug
C2 23 F 3 Nucleus 6 Congenital
C3 47 F 13 OPUS 2 Drug
C4 22 F 3 Nucleus 6 Congenital
C5 28 M 17 Kanso 1 Drug
C6 24 M 21 Nucleus 7 Drug
C7 24 F 19 Freedom Drug

2.2. Materials

SRTs under two noise-masking conditions were measured,
one without NR (denoted by ’Noisy’) and the other with a
deep neural network (DNN)-based NR (denoted by ’DNN’).
SRTs in noise are the signal-to-noise ratio (SNR) at which
the listeners could recognize 50% words in a sentence. The
SRT was measured using an adaptive staircase psychophysi-
cal procedure with SNR as an adaptive feature. In this study,
the NR method in [11] was implemented. That is, an ideal ra-
tio masking (IRM) gain was estimated by a DNN and used for
noise suppression. The DNN was trained using the THCHS-
30 database [12]. Two types of masking noise were used, i.e.,
a babble noise (Babble) from NOISEX-92 [13] and a speech-
shaped noise (SSN). The speech-shaped noise was computed
by filtering white noise through an FIR filter with a frequency
response matching the long-term spectrum of the sentences
in the HINT database [14]. Sentences from closed version
of the Mandarin Chinese matrix (CMNmatrix) corpus [15],
which includes 40 lists with 20 sentences in each were used
as the target speech.

2.3. Procedures

The assessments were conducted in three scenes, a face-to-
face assessment (Local) and two remote assessments (Remote
1 and Remote 2). Figure 1 shows the schematic diagram for

sound-proof room quiet conference room
Local Remote 1 Remote 2

P E P PEE

Fig. 1. Scenes schematic set for local and remote scenes
(E = experimenter; P = participant).
the three scenes. In Scene Local, experimenters and partic-
ipants both stayed in a sound-proof chamber (noise floor ≤
30 dBA) and communicated face-to-face during the experi-
ments. In Scene Remote 1, experimenters were in the sound-
proof room and participants were in a quiet conference room
(noise floor ≤ 40 dBA). The experimenters shared the screen
and audio with participants via Tencent Meeting. Scene Re-
mote 2 was the same as Remote 1 except that experimenters
and participants switched their working rooms. Remote 1 rep-
resented a practical scenario of remote assessments. Remote
2 was adopted to evaluate the performance degraded by intro-
ducing network transmission error only, while other factors
remained unchanged from Local.

Stimuli were delivered with a high-quality monitor
speaker (Genelec 8030A) connected to a personal computer
via a sound card (YULONG Aquila II) for the sound-proof
room (Local and Remote 1), and with the built-in laptop
(ThinkPad X1 Carbon Gen 4) loudspeakers via Tencent Meet-
ing for the quiet conference room (Remote 2). Sound volume
was adjusted to a comfortable level by participants. The in-
ternal noise reduction of Tencent Meeting was switched on
during the test to remove ambient noise.

Each participant went through three scenes which re-
peated twice, i.e., six blocks. Test order of the six blocks was
randomized across participants. In each block, the order of
the four conditions, i.e., two noisy types (SSN vs. Babble) by
two noise-masking conditions (’Noisy’ vs. ’DNN’) were also
randomized. Each condition was tested using different CM-
Nmatrix lists and results with each condition were averaged
over the two repeated blocks as the final SRT.

Fig. 2. Mean SRTs for different test conditions. Error bars
indicate the standard deviations. Asterisks above indicate the
NR effect statistical significance (*p <0.05, **p <0.01, ***p
<0.001)
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Table 2. ANOVA results of Experiment I.

Source F value p value

S F (2, 12) = 19.849 < 0.001∗∗∗

NT F (1, 6) = 32.558 0.001∗∗

NR F (1, 6) = 48.669 < 0.001∗∗∗

S × NT F (2, 12) = 0.767 0.486
S × NR F (2, 12) = 9.258 0.004∗∗

NT × NR F (1, 6) = 19.493 0.004∗∗

S × NT × NR F (2, 12) = 0.483 0.628

S represents scene; NT represents noise type; NR represents noise reduction.

2.4. Results and discussions

Figure 2 shows the SRTs for different noise types (Babble
vs. SSN) with two NR condition (’Noisy’ vs. ’DNN’) in
three scenes. The asterisks above indicate the significance of
NR effect between ’Noisy’ and ’DNN’ in each condition. As
shown, applying NR effectively improves the speech intelli-
gibility (lower SRTs) for both noise types in local and remote
assessments. SRTs obtained in Local are consistently lower
than those obtained remotely. A three-way repeated measures
analysis of variance (ANOVA) was conducted to analyze the
main effects of the scene, noise type and NR, and their inter-
action effects on SRTs. (Table 2) Results are followed:

1) Scene effects were statistically significant on SRTs.
Note that Remote 1 gives lower SRTs than Remote 2 under
all conditions, even though the latter seems to be closer to
Local. Remote 2 and Local had the participant seated in the
same sound-proof room, the only difference came from the
speech quality degradation caused by network transmission;
in contrast, Remote 1 had extra environmental mismatches
from Local since participants were seated in a regular con-
ference room. A possible explanation could be that the con-
ference room provided a more comfortable environment for
participants than the sound-booth and there was no substan-
tial noise difference (40 dBA vs. 30 dBA).

2) Noise type effects on the SRTs. One can see from
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Local Remote 1Remote 2
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Fig. 3. Correlation matrices of the mean SRTs among differ-
ent assessment scenes.

Fig. 2 that participants performed better in SSN than in Bab-
ble, which was consistent with previous findings [16].

3) NR effects on SRTs were statistically significant. As
shown in Fig. 2, DNN-based NR significantly improved the
intelligibility of denoised speech under all circumstances.
These results show that the effect of NR algorithms on CI
could be revealed via remote assessments.

4) Interaction between scene and noise type was not sig-
nificant; besides, interactions among all three factors were not
significant, indicating no combined effects for these factors.
Two significant interaction effects were observed (scene ×
NRs, and noise types × NRs), which tells that NR effects dif-
fered across scenes and noise types.

Figure 3 demonstrates pair-wise correlations of mean
SRTs among the three scenes in four noise-related conditions.
As shown, both remote assessments had strong correlations
with local assessments regardless of the noise-related condi-
tions. These results show that even remote experiments failed
to match the absolute scores obtained in local assessments,
remote experiments may replicate critical relative outcomes.
For example, both remote and local tests revealed the effect of
NR for CI users. The SRTs of remote participants fell short of
their laboratory performance in terms of absolute levels, but
the results were highly correlated among the three modes.

3. EXPERIMENT II: MAXIMA SELECTION
NUMBER

3.1. Rationale

The objective of this experiment was to determine how well
the remote subjective assessments match the pattern of results
observed in their laboratory counterparts when the parameters
of the signal processing strategy change.

In most multichannel CIs, temporal envelopes (TEs) are
extracted from each channel of the audio input. Peak-picking
strategies picks a certain number of channels with peak
TEs (Maxima selection) to generate the modulated elec-
trical pulses at corresponding electrodes along the cochlea
[17, 18]. Generally, the more channels picked, the more de-
tailed spectro-temporal information could be presented to the
auditory system. This experiment assessed the effect of the
maxima selection number on SRTs in babble noise. The as-
sessments were conducted locally and remotely, and the reli-
ability of remote assessments was evaluated.

3.2. Methods

Ten NH native Mandarin speakers were recruited as partici-
pants. All had thresholds ≤ 25 dB Hearing Level between
0.25 and 8 kHz.

Vocoded speech, a synthesized version of the signal, was
used as test stimuli in this experiment. Vocoder simulations
are commonly used to simulate the effects of signal process-
ing provided by a CI [19], and to help researchers to evaluate
how the auditory system processes degraded auditory signals
with controlled conditions.
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Fig. 4. Mean SRTs for different test conditions.

3.3. Materials and Procedures

The target speech were the same as in Experiment I. A 4-
talker babble noise was used. The vocoded speech were gen-
erated according to [19]. SRTs were measured to evaluate
speech intelligibility processed by a simulated advanced com-
bination encoder (ACE) strategy with the number of maxima
selection set to 2, 4, 6, 8, 12 and 16.

The assessments were conducted face-to-face in labora-
tory (Local) and remotely via Tencent Meeting (Remote). In
Local, both the experimenter and participants were seated in a
sound booth. Stimuli were presented to the participants via a
pair of headphones (Sennheiser HD650) connected to a laptop
(HUAWEI MateBook 14) with an external sound card (Focus-
rite Scarlett 2i4). In Remote, the experimenter used the same
laptop as in Local to run the experiment and share audios with
participants via Tencent Meeting. Participants were asked to
have the tests in a quiet room (noise floor ≤ 40 dBA) at their
places, and audios were presented via their own computers
and earphones (wired or wireless).

This experiment followed a procedure similar to Experi-
ment I, except that Local was always tested first, followed by
Remote was conducted no less than 24 hours after.

3.4. Results and discussions

Results are shown in Figure 4. SRTs changed as a function
of the number of maxima selection, which is consistent with
findings in [20–22].

It is clear that the remote and local assessments gave sim-
ilar trends of SRTs. The overall performance achieved in Lo-
cal were worse than in Remote, while the results of the 2nd
round in Local are similar to those of Remote. Previous stud-
ies have shown the importance of training in learning to use
the information available in degraded signals [23, 24]. There-
fore, insufficient training of vocoded speech for NH listeners
might explain the higher SRTs of the 1st round than those
of the 2nd round in Local (p < 0.05 except at maxima = 2,
paired-sample t-test). Besides, no significant difference was
found between SRTs for the 2nd round of Local and the 1st
round of Remote (p > 0.05 for all comparisons), suggesting
that it is training rather than remote signal transmission issues

and background noise that affected the results of cochlear pa-
rameter (maxima selection) changes. The Pearson correlation
between Local and Remote indicates a significant correlation
(r = 0.995, p < 0.001), indicating good reliability of the
remote test.

4. CONCLUSIONS

In this paper, the feasibility and reliability of remote subjec-
tive speech intelligibility assessments in CI users were evalu-
ated. Even the absolute SRTs attained remotely mismatched
with those measured in local tests due to various subjective
and objective conditions, the effects of different factors (e.g.,
noise type, NR, and number of maxima selection) in remote
scenes were consistent with those in local. We can conclude
that remote subjective assessments could be a reliable alter-
native to the face-to-face assessments for CI research in the
pandemic. The relative variation of specific performance can
be measured reliably, but the absolute values should be care-
fully compared and explained according to experimental con-
ditions.
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