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Abstract— Noise impacts speech recognition and processing
capabilities on mobile devices. The Signal-to-Noise Ratio (SNR)
is a good indicator of noise in the acoustic environment where
the speech is recorded and processed. In this paper, SNR and its
impact on speech recognition and processing capabilities on a
mobile device are studied for a relatively small text corpus
of 50 words. The speech recognition accuracy is quantified
using a word accuracy metric for different levels of SNR.
Future mobile health tools that detect speech disorders caused
by illness can benefit from this study and the resulting tool
developed to give appropriate feedback to a user about their
acoustic environment. Corrective measures can be suggested
based on this to alleviate the potential problem, e.g., adjusting
a microphone or relocating to a quieter environment.

I. I NTRODUCTION
In-depth studies of speech measurement for general voice
disorders [1] [2] [3] [4] [5] [6] [7] [8] and specifically Parkinson’s Disease (PD) [9] [10] have been conducted before.
Research has shown that individuals with closed head injuries (CHI) exhibit significantly less intelligible speech than
healthy individuals [15]. Deficits in the prosodic, resonatory,
articulatory, respiratory, and phonatory aspects of speech
production are evident in CHI cases. In [16], the authors
show that persons with spastic dysarthria resulting from brain
injury show an increase in vowel formant frequencies as
well as duration of vowel sounds. In [17], speech processing
speeds were affected by post-acute mTBI on a group of rugby
players. Similar studies for PD affected persons have shown
some form of vocal impairment [11] [12]. Vocal impairment
may be the earliest indicator for the onset of an illness [13].
Measuring speech is non-invasive and simple to administer.
Voice measurement to detect and track progression symptoms of PD has also been receiving significant attention
recently [14].
In this paper, an external noise canceling microphone
on a mobile device is used to capture speech. The SNR
and power in the recorded speech is reported in different
simulated acoustic environment settings. The impact of SNR
on speech recognition and processing capabilities is studied.
A threshold SNR and power value is derived that we use in a
mobile tool to recommend actions to the subject in case SNR
or power is not appropriate for accurate speech recognition
and processing.
The paper is organized as follows: The metrics for SNR,
power, and speech recognition accuracy are described in Section II, the experimental setup and data collected is discussed

in Section III. In Section IV we present the results of our
experimentation and illustrate the impact of SNR on the
speech recognition and processing capabilities on the device.
Section V discusses the interpretation of these findings and
provides conclusions and the relevance of the results in
building a mobile tool to give feedback and recommendations
based on the SNR of the acoustic environment.
II. T HE M ETRICS
We developed a mobile application for iOS, which captures a user speaking a standard text corpus of 50 words
in the order shown in Table I on an iPad screen using a
noise canceling microphone attached to the device. SNR and
power metrics are recorded on the device, and the speech
recognition accuracy is calculated for the different speech
files generated.
A. Signal-to-Noise Ratio (SNR)
The SNR is defined as:
Peak Speech Power
Mean Noise Power
The SNR algorithm reports the SNR value in the voiced
(V) and unvoiced (U) portion of the individual’s speech in
decibels (dB).
SNR = 10log

B. Power
The power of the speech signal recorded on the device is
defined as:
Speech Amplitude2
2
C. Speech Recognition Accuracy
Power =

The Sphinx1 speech recognition toolkit is used to process
the recorded speech. Pocketsphinx, which is a lightweight
version of Sphinx for embedded and mobile systems, is
used to recognize the speech. The generic Wall Street
Journal (WSJ) acoustic speech recognition model, which
comes packaged with Pocketsphinx, is used in conjunction
with a grammar model written in the JSpeech Grammar
Format (JSGF), to force align words and obtain their timing
boundaries. The recognition accuracy is defined as the number of words correctly recognized within their true timing
boundaries in the recorded speech to an accuracy of 10%. If
1 http://cmusphinx.sourceforge.net/

the toolkit fails to recognize all the words or returns a null
value for the whole speech recording, the accuracy is defined
as zero.

SUBJECT
1
2
3
4
5
6
7
8

Words correctly recognized
Accuracy =
Total number of words
TABLE I
T EXT C ORPUS
WORDS
application, participate, education,
reluctantly, population, number,
guitar, congratulations, possibility,
placement, mathematical, pocket,
inconsiderate, immortality, inheritance,
therapy, tenuous, synchronize, decreasing,
leadership, profiling, pasta, addiction, blind,
hyperbolic, immune, bothering, megabyte,
variation, register, password, microwave, bottle,
housing, passive, gallon, vinegar, computer, salt,
prime, immutable, sanitation, creepy, vegetable,
flute, wallet, vanity, memory, tuxedo, final

III. E XPERIMENTAL S ETUP
A mobile application running on an iPad device was
designed to display the text corpus on a screen. Four male
and four female subjects, whose demographics are shown in
Table II, were asked to read out the words as they appear,
into a low-impedance Shure SM10A microphone2 designed
for close-talk headworn applications such as remote-site
sport broadcasting. The recordings were taken in the same
environment to simulate similar conditions.
TABLE II
S UBJECT D EMOGRAPHICS
GENDER

1
2
3
4
5
6
7
8

Female
Female
Male
Male
Female
Male
Male
Female

NATIVE U.S. ENGLISH
SPEAKER
NO
YES
NO
NO
YES
NO
NO
NO

SNR (Voiced, dB)
40.83
36.06
43.99
41.92
42.07
41.65
43.98
43.32

SNR (Unvoiced, dB)
25.92
21.94
27.49
26.37
28.33
26.43
27.48
29.30

B. Methods

Time between word onset on display: 1.5s

SUBJECT

TABLE III
SNR R EADINGS FOR 100% SPEECH RECOGNITION ACCURACY
( NORMALIZED RECORDINGS )

AGE
24
29
27
32
24
25
25
27

A. Data Collected
Speech data is collected for the four male and four female
individuals speaking the 50 words in a similar environment.
The speech recorded on the device is sampled at 44.1KhZ, 16
bit, mono channel for the SNR algorithm to work effectively.
The volume for all the data was normalized using software
tools to avoid discrepancies between recordings. Table III
shows the voiced and unvoiced SNRs for the data collected
at 100% accuracy of the voice recognition software.
2 http://www.shure.com/americas/products/microphones/sm/sm10aheadworn-microphone

1) Impact of Signal Power on Speech Recognition: For
the first pass of the experiment, the power of each of
the normalized recordings was reduced in steps of 2 dB.
Pocketsphinx speech recognition was run over these files to
determine the speech recognition accuracy and the power at
which speech recognition drops or fails. The SNR readings
were recorded. The results for this are shown in Table IV
and discussed in the next section.
2) Impact of Noise on Speech Recognition: Noise (a
recording of a discussion between two persons), was mixed
with each of the speech files to simulate conditions of
background noise. The intensity of the noise was reduced
in steps of 2 dB and its impact on the speech recognition
accuracy was determined. The results are shown in Figure 4
and discussed in the next section.
IV. R ESULTS
The power levels of the normalized signals for the eight
subjects were reduced in steps of 2 dB to find a cutoff at
which the speech recognizer fails, or its accuracy reduces.
The power was dropped to a maximum of 34 dB, where the
speech was barely audible for all 8 subjects.
Interestingly, the SNR calculation software used appears
to be very robust to major drops in the intensity of the speech
signals. This is illustrated by the fact that the SNR values
reduced very slightly as the intensity of the normalized
speech was reduced for all subjects. The speech recognition
accuracy is very good, but does fail in 3 instances, for
subjects 1, 3, and 7, when the power intensity is dropped
to values below 28 dB for subject 1 and below 30 dB for
subjects 3 and 7. The speech recognition toolkit appears to be
very robust and unbiased towards the gender of the subject.
It can be argued that this is a very reduced sample size; however, currently data is being collected from over a thousand
subjects, taking a similar test in real world conditions. A
similar study is anticipated to find SNR values at which the
acoustic speech recognition model of Pocketsphinx performs
within a reasonable speech accuracy rate. The SNR values
do not change drastically, indicating other factors that may
include (but are not limited to), software inconsistencies in
the acoustic speech recognition model causing recognition to
fail.
In the next step, a noise signal was added to the normalized speech recordings of each subject to simulate a noisy

TABLE IV
I MPACT OF R EDUCING P OWER ON S PEECH R ECOGNITION ACCURACY

SUBJECT
1

2

3

4

5

6

7

8

POWER DROP
2dB-16dB
18dB-26dB
28dB-34dB
2dB-16dB
18dB-26dB
28dB-34dB
2dB-16dB
18dB-28dB
30dB-34dB
2dB-16dB
18dB-26dB
28dB-34dB
2dB-16dB
18dB-26dB
28dB-34dB
2dB-16dB
18dB-26dB
28dB-34dB
2dB-16dB
18dB-28dB
30dB-34dB
2dB-16dB
18dB-26dB
28dB-34dB

Avg.
ACCURACY
100%
98.2%
Failed
100%
99.8%
99.5%
100%
99.17%
Failed
100%
100%
100%
100%
99.8%
98.3%
100%
100%
98.5%
100%
98.67%
Failed
99.5%
94.4%
92.25%

Avg.
SNR (in dB)
40.84(V), 25.95(U)
40.54(V), 25.85(U)
38.04(V), 24.00(U)
36.13(V), 21.98(U)
36.69 (V), 22.23(U)
36.70(V), 21.90(U)
43.95(V), 27.44(U)
43.32(V), 26.68(U)
40.49(V), 23.95(U)
41.93(V), 26.38(U)
41.98(V), 26.43(U)
40.92(V), 25.45(U)
42.07(V), 28.32(U)
42.09(V), 28.23(U)
41.52(V), 27.36(U)
41.65(V), 26.43(U)
41.71(V), 26.43(U)
41.55(V), 26.05(U)
43.94(V), 27.43(U)
43.32(V), 26.68(U)
40.48(V), 23.95(U)
43.31(V), 29.28(U)
43.21(V), 29.08(U)
42.33(V), 27.89(U)

Fig. 2.

Impact of Noise on Speech Recognition Accuracy (Subject2)

Fig. 3.

Impact of Noise on Speech Recognition Accuracy (Subject3)

Fig. 4.

Impact of Noise on Speech Recognition Accuracy (Subject4)

environment. The intensity of the noise signal was reduced
in steps of 2 dB. The corresponding speech recognition
accuracy and SNR values were recorded. Figure 1- 4 show
the trends that were observed for the first 4 subjects. In
general, the same trend was observed for all the subjects,
and speech recognition accuracy was greatly improved as
the intensity of noise was decreased.

Fig. 1.

Impact of Noise on Speech Recognition Accuracy (Subject1)

As can be seen, the speech recognition accuracy improved
drastically when the SNR values were increased. When the
intensity of the noise signal was reduced, resulting in higher
SNRs, there was a positive impact on speech recognition
accuracy. The threshold for the SNR values in which a

speech recognition accuracy of greater than 95% speech
was achieved is shown in Table V. Any values below these,
resulted in accuracy drops, which were quiet steep at times.
In particular, the accuracy reduced to 0 for all subjects when
the intensity of the noise signal was reduced between 2 dB
to 14 dB. The accuracy improved and reached close to 100%
for no noise or very low intensity noise.
TABLE V
SNR T HRESHOLDS FOR >95% SPEECH RECOGNITION ACCURACY IN
S IMULATED N OISY E NVIRONMENTS
SUBJECT
1
2
3
4
5
6
7
8

SNR (Voiced, dB)
32.76
31.76
35.57
38
38
36
35.58
36

SNR (Unvoiced, dB)
19.10
17.91
19.67
22
24
22
19.67
22

Based on this data, we recommend that for accurate voice
recognition using the Pocketsphinx software toolkit, it is
advisable to record signals that have a voiced SNR above 38
dB and an unvoiced SNR over 22 dB. The speech recognition
tool running on the device appears to be unbiased towards
vocal qualities due to gender of the subject taking the test.
V. D ISCUSSION AND F UTURE W ORK
Speech recognition applications running on mobile devices often rely on an optimal power and SNR level to
perform accurately and recognize word utterances clearly.
In this paper we show, on a reduced testing population
of 8 individuals with an equal split in gender, that for a
speech recognition tool like Pocketsphinx to be accurate, the
background noise needs to be kept at a minimal level. If
not, than this can impact the speech recognition accuracy
as it drops the SNR of the recorded speech. The tool
developed on an iPad device based on this study can now
make recommendations to relocate to a quieter environment
or re-position the microphone to increase the intensity of the
speech recorded based on the SNR calculations performed
on the device.
Currently, we are researching SNR values that impact
speech recognition on mobile devices in a real-world setting. As part of this effort, speech recordings from over
a thousand individuals speaking varied text corpuses in
different environments and times are being analyzed to make
a more conclusive case for the recommended SNR values.
This research can be extended to measure voice signals
recorded in acoustic environments more typical of a practical
telemedicine application, which can analyze voice for signs
of head injury, given a baseline recording from the same
subject in a more healthy state.
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