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Abstract – Accurate measurement of sound pressure level (SPL) is a cornerstone for understanding acous-
tic communication, animal behavior, and ecological dynamics. Acoustic signals can be broadly categorized
into broadband and tonal sounds. Broadband noise – spanning a wide frequency range – is useful for
assessing general noise levels, while tonal sounds, defined by distinct harmonic frequencies, provide crit-
ical insight into subtle phenomena such as animal communication, echolocation, and specific patterns of
noise pollution. Smartphone-based SPL measurement has emerged as an accessible and cost-effective al-
ternative to conventional sound level meters (SLMs). However, previous evaluations of SPL applications
have primarily relied on iOS platforms and broadband noise measurements, leaving a significant gap in
understanding how these tools perform for tonal sound measurements on Android devices – the more
widely used operating system. To address these limitations, our study evaluated top three freely avail-
able Android SPL applications – Bolden, Kewlsoft, and KTW – against a Brüel & Kjær Class I SLM.
The assessment employed both white noise and tonal stimuli across frequencies representative of natural
soundscapes, facilitating a comprehensive performance comparison. Among these, the Bolden Sound Level
Meter consistently delivered the most accurate readings for tonal measurements, whereas KTW performed
well for broadband noise measurement, demonstrating the potential of Android-based tools in advancing
environmental monitoring and wildlife conservation initiatives.
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1 Introduction

Acoustic communication is a fascinating and intricate
form of communication modality prevalent throughout
the natural world, including human societies. It encom-
passes the transmission and reception of sound signals
to convey information between individuals or groups. In
nature, a significant proportion of animal communica-
tion is through the acoustic channel, prevailing over other
sensory modalities [1]. Our ability to passively intercept
the acoustic signals of animals allows us to collect crit-
ical information about their behaviour, life history and
communities [2].

Acoustic signals transmit spectral, temporal, and inten-
sity information. Intensity, expressed as sound pressure
level (SPL), influences signal detectability and range. Tym-
panal membranes detect SPL through pressure fluctua-
tions, determining auditory sensitivity. In humans, tym-
panal sensitivity ranges from 20µPa to 200 Pa (a 107-fold
span) and 20 Hz to 20 000 Hz (a 1000-fold span) [3]; many
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species exceed these limits [1]. Measuring SPL accurately
requires instruments that are sensitive across this full pres-
sure and frequency spectrum.

Hand-held sound level meters (SLM) (pioneered by
Bruel & Kjaer) measure the SPL with high accu-
racy set by the American National Standards Institute
(ANSI S1.4) (Class I SLM with ±1 dB accuracy, Class II
SLMs with ±2 dB accuracy), International Electrotech-
nical Commission (IEC) [4]. To attain precise measure-
ments, these SLMs use different options. The SLM can
operate and be more sensitive at different frequency
domains by using frequency weightings (A, C, Z) [5].
As SPL is an instantaneous measurement, different time
weightings in SLMs allow a normalized SPL measure-
ment over a fixed period of time. SLMs also use frequency
analyzers to estimate SPL measurements at specific peak
frequencies (especially useful for tonal sounds) [6]. How-
ever, such precision comes at a cost that can be pro-
hibitive for universal usage. Also, though handheld, some
of these devices are bulky and operate only on proprietary
software.

SPL measuring applications in smartphones give us a
potential alternative. Smartphones are quickly becoming
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as much a video, audio, and computation device as a com-
munication device. Countless applications are available,
freely and for purchase, which offer to act as recorders and
analysers of sound signals. Few studies have examined the
potential of phone applications and mobile phones to be
used as SLMs.

Ibekwe et al. (2016) evaluated the Androidboy1 appli-
cation in Android phones (Samsung Galaxy note 3; Nokia
S; and Tecno Phantom Z) as a screening tool for environ-
mental noise (varying loudness below 100 dB) monitoring
[7]. Androidboy1 was found to have a high positive cor-
relation (r = 0.9) and accuracy (±2 dB) with respect to
SLM readings.

McLennon et al. (2019) conducted a study across
5 iPhones and 5 Android devices, with 5 iOS and 5
Android applications using white noise, pink noise, speech
audio, and various occupational noises with varying loud-
ness from 60 to 90 dB [8]. They found that only SLA Lite
(iOS application) performed with good accuracy (±1 dB
error) across all loudness levels, and suggest the same
could be used as a noise screening tool. Android applica-
tions generally performed worse compared to iOS coun-
terparts and especially underreported noise at >90 dB.
Overall, they noted that the applications’ accuracy was
inconsistent across conditions and were not reliable for
measurements.

Murphy et al. (2016), using white noise of 50, 70
and 90 dB loudness, tested 100 smartphones (including
Android and iPhones) to conclude that iPhone appli-
cations in general have better accuracy than Android
applications [9]. Among them, SPLnFFT remained the
only application that maintained a ±2 dB difference with
the SLM reference measurement across all noise condi-
tions. They additionally observed that the age of the
device had a significant effect on the accuracy, with older
phones being less reliable. Fava et al. (2016) evaluated
iPhones as SLMs in clinical settings using C-weighted val-
ues, mimicking the human auditory response curve [10].
Using tonal sounds (125 Hz to 8 kHz) ranging between
60 and 100 dB, they found that the mean difference from
the SLM readings fell within the ±2 dB range in the case
of frequencies <4 kHz, but the standard deviation of these
mean differences was too large for the limits of agreement
to be within this range. Above the frequency of 4 kHz,
the mean difference in SPL measurement fell outside the
±2 dB range.

Kardous and Shaw (2014), using pink noise (65–95 dB)
played back from a loudspeaker, evaluated 10 iOS appli-
cations across four different iPhone models [11]. They
concluded that certain iOS applications can be used as
substitutes for class II SLMS with an error of ±2 dB.
They used iPhone models 3GS, 4S and 5 for this study
and found that the 3GS model was most consistent with
the SLM. A follow-up study in 2016 showed that the
applications performed better when paired with exter-
nal calibrated microphones [12]. Studies have also shown
that calibrated external microphones, when paired with
a competent application performed with greater accuracy
[13, 14].

Interestingly, most of these studies have made compar-
isons using white or pink noise, which has components
across all frequencies, and did not examine the useful-
ness of these instruments across specific frequencies. SPL
measurements of specific frequencies (tonal sounds) are
crucial alongside white noise to identify specific frequen-
cies that may cause discomfort, hearing damage, or affect
concentration. From a bioacoustics perspective, several
species use tonal signals to convey critical information,
such as warnings or mating calls, making their accurate
measurement essential for studying ecological interactions
[15]. The only previous study at the time of our own inves-
tigation that tested across tonal sounds [10], reported
higher errors in higher frequencies only in iOS applica-
tions. A very recent study by Khan et al. (2025) used
tonal sounds ranging from 100 to 4000 Hz to examine
the capabilities of Android applications, but from a bioa-
coustics perspective, this range covers very little of the
spectrum of acoustic signals [16]. Moreover, none of the
studies used calibration using an SLM, which can signif-
icantly improve the accuracy of the applications. Hence,
it is important to examine the capability of newer SPL
measuring applications across a broad spectrum of tonal
frequencies and white noise, and a range of loudness,
using the in-application calibration feature. This would
provide insights into the usefulness of smartphones as
SLMs. However, as in application calibration features do
not follow strict guideline, they can be at best termed as
pseudo-calibration. Hence, hereafter, whenever we used
the in application calibration feature, we have termed it
as pseudo-calibration.

The objective of this study is to compare the per-
formance of different freely available SPL measurement
applications, using two android phones, with a type
I SLM to gauge their usefulness as SLMs. We chose
Android applications as Android phones occupy ∼72%
of the global market share of smartphones. We test
this across a range of loudness (∼60–100 dB), frequen-
cies (3 kHz–10 kHz) and noise types (tonal sounds and
white noise), with and without in-application pseudo-
calibration when available.

2 Material and methods

We compared the sound pressure level measurements
in decibels (dB) of our applications of interest with those
of the Sound Level Meter (SLM) for tonal and white noise
sounds varying in loudness. We used a laptop (Hewlett-
Packard model 14-ck2xxx) to generate and playback the
tonal sounds ranging from 3 kHz to 10 kHz (3 kHz, 4 kHz,
5 kHz, 6 kHz, 7 kHz, 8 kHz, 9 kHz and 10 kHz) and the
white noise. This range covered the most populated area
of frequencies used by different organisms (insects, birds,
and mammals) [1] as well as various anthropogenic noise
profiles [17–21].

We generated the tonal sounds and white noise
using the “Generate Tones” and “Generate White
Noise” options in the Audacity software (version 3.2.1).
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We ensured that the generated sounds and their play-
back were of the correct frequencies by re-recording the
playback and checking their frequencies. We used a JBL
Clip4 Bluetooth speaker (dynamic frequency response
range 100 Hz–20 kHz) for playback and a Zoom H2next
recorder and Sennheiser MKE 600 Shotgun microphone
HSN 8518 for recording. Analysis was done using Audac-
ity software. We controlled the playback loudness using
the volume key of the playback laptop. The audio was
played continuously using a JBL Clip4 Bluetooth speaker
in a sound proof box (55 cm× 55 cm× 60 cm) lined with
acoustic foam of a thickness of 14 cm. 14 cm thickness
allowed for the complete absorption of sound waves of
frequency as low as 3 kHz since their corresponding wave-
lengths were shorter than 14 cm. We placed the speaker
in one corner of the sound proof box and kept the sound
level meter and the phones (with the relevant applica-
tions) at 20 cm from the source in line with the speaker
diaphragm. We used Bruel & Kjaer Type 2250S Sound
Level Meter and Analyzer (SLM) fitted with the default
type 4189: pre-polarized Free-field 1/2′′ microphone for
the measurement of the SPL in dB scale. The sound
level meter was calibrated six months before the start of
our study using Bruel & Kjaer Type 4231 sound calibra-
tor. We used two Android phones, Phone 1, a Vivo Y91
(model 1811, purchased in May 2019), and Phone 2, a
Poco X2 (Model M1912G7BI, purchased in July 2021),
for measurements of SPL through the applications. We
chose three applications,
(1) Bolden Sound Level Meter v1.5.2 (User rating 4.0),
(2) KTW Apps Sound Meter: SPL & dB meter v7.7 (User

rating 4.5) and
(3) Keuwlsoft SPL Meter v1.16 (User rating 4.0).
Bolden Sound Level Meter (v1.5.2) and KTW Applica-
tions’ Sound Meter: SPL & dB Meter (v7.7) were the best
rated freely available applications on Google Play Store
with respect to user ratings. Keuwlsoft SPL Meter v1.16
was chosen for testing because it offered a 3-point pseudo-
calibration option, a unique pseudo-calibration method
that can potentially give good precision. All application
versions were the same across the two phones.

We started recording the SPL values from 15% of the
volume level, as indicated in the laptop software, which
corresponded to a loudness of 54.3± 1.1 dB at 3 kHz and
61.7± 1.2 dB for white noise (as measured by the SLM).
The volume level was gradually increased to 100, as indi-
cated on the laptop. We did not alter the volume button
on the speaker.

2.1 Application description

The tested android applications and their features
have been tabulated in Table 1. The specific details
regarding each application are described below.

2.1.1 Bolden sound level meter

Bolden application allows SPL measurement across
octave or 1/3 octave bands; FFT window sizes (4096 or

8192); and fast/slow time weighting. It uniquely supports
frequency-specific SPL measurement, making it the only
application among those tested with this feature. SPL
was recorded at various volume levels using Bruel & Kjaer
(B&K) SLM, followed by two Android phones. We mea-
sured the SPL of the white noise playback at different
volume levels using the B&K SLM (Z-frequency weight-
ing) and the Bolden Sound Level Meter on two Android
devices.

2.1.2 Keuwlsoft SPL meter

Keuwlsoft application supports spectrum displays in
octave or 1/3 octave bands and three graph update
speeds. It provides one-, two-, or three-point pseudo-
calibration and a “REL” offset function for compara-
tive SPL evaluation. Lacking frequency analysis, for this
application, we relied on A-weighted broadband SPL
readings. The white noise was measured as stated above
in the case of the Bolden application.

2.1.3 KTW noise meter

KTW offers adjustable display refresh rates (0.4 s, 1 s,
2 s), which control the refresh rate of the SPL level dis-
played on the meter, pseudo-calibration options, and data
saving with SPL statistics and time plots. It lacks fre-
quency analysis, so only A-weighted broadband readings
were used. The white noise was measured as stated above
in the case of the Bolden application.

2.2 Application pseudo-calibration procedure

2.2.1 Bolden sound level meter

We pseudo-calibrated this application via its “Cali-
bration” feature by adjusting the “Correction” line so
that Application SPL + Correction = SLM SPL for
a given playback level. We used Z-Frequency weighted,
F time weighted (Instantaneous), frequency-specific EQ
SPL measurement (measurement lasted 30 s or till EQ
value stabilized, whichever is earlier) (frequency analyzer)
in the Bruel & Kjaer SLM for the measurements. We
used Z-frequency weighted, FAST Time Weighted fre-
quency specific SPL measurement (using frequency ana-
lyzer) in the application. We chose matching frequency
bands in the Bruel & Kjaer: 3.15 kHz for 3 kHz tonal
sound, 4 kHz for 4 kHz tonal sound, 5 kHz for 5 kHz tonal
sound, 6.3 kHz for 6 kHz tonal sound, 6.3 kHz for 7 kHz
tonal sound, 8 kHz for 8 kHz tonal sound, 10 kHz for 9 kHz
and 10 kHz tonal sounds. A-weighted SPL readings were
additionally recorded for comparative purposes.

2.2.2 Keuwlsoft SPL meter

We pseudo-calibrated this application using the fea-
ture “CAL” by filling a measurement table with up to
3 volume levels. SPLs at volume levels 25, 40, and 50
were measured with B&K SLM (A-weighted) and input
as “Actual” values, alongside app-measured values via the

https://play.google.com/store/apps/details?id=com.bolshakovdenis.soundanalyzer&hl=en&gl=US
https://play.google.com/store/apps/details?id=com.ktwapps.soundmeter&hl=en&gl=US
https://www.keuwl.com/SPLMeter/
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Table 1. Android applications and their features tabulated.

Application name Developer Weighting options Pseudo-calibration feature Playstore rating

Sound Level Meter Bolden A, C, & ITU-R 468 Yes
Sound Meter Keuwlsoft A, C & unweighted Yes
Sound meter: SPL
& dB meter

KTW Apps A Yes

“Tap to Measure” feature. SPL readings were taken with
and without pseudo-calibration on both phones.

2.2.3 KTW noise meter

Pseudo-calibration for KTW involved adjusting the
application’s SPL reading via “+”/“–” buttons until
matching the SLM value (e.g., +3 dB offset if the appli-
cation shows 60 dB and SLM shows 63 dB). Pseudo-
calibration used a 3kHz tone at a 35 dB volume level.
A-weighted broadband measurements were collected
using both SLM and phones.

2.3 Statistical analysis

2.3.1 Comparison of the applications in measuring the
sound pressure level of tonal sounds

We compared sound pressure level measurements
from the three mobile applications (Bolden, KTW Noise
Meter, and Keuwlsoft) against SPL values from the
SLM. We used measurements for tonal sounds at 3,
6, and 10 kHz to compare the three applications. The
absolute differences between application measurements
and SLM values (in decibels) exhibited non-normality
(Shapiro–Wilk test). To address this, we used Box-Cox
transformations with a lambda value of 0.03. We then
analyzed the transformed data using generalized linear
models (GLMs), incorporating application type, fre-
quency, device ID, pseudo-calibration status, and SLM
values as predictor variables.

2.3.2 Comparing Bolden and KTW across a continuous
range of frequencies

We compared sound pressure level measurements from
the mobile applications Bolden and KTW Noise Meter
against SPL values from the SLM meter. We used mea-
surements for tonal sounds at 3, 4, 5, 6, 7, 8, 9 and
10 kHz to compare the applications, which showed more
consistency and accuracy as compared to Keuwlsoft. The
data was Box-Cox transformed (owing to non-normality,
lambda value 0.38). We fitted a GLM incorporating
application type, frequency, device ID, pseudo-calibration
status, and SLM values as predictor variables.

2.3.3 Testing the frequency analyzer feature in the Bolden
application

We compared sound pressure level measurements from
the mobile application Bolden against SPL values from

the SLM meter when the frequency analyzer feature was
used and when it was not used. We used measurements
for tonal sounds at 3, 4, 5, 6, 7, 8, 9 and 10 kHz to test
for the accuracy and consistency of the frequency ana-
lyzer feature. We fitted a GLM incorporating frequency,
device ID, pseudo-calibration status, and SLM values as
predictor variables, in addition to using the Frequency
analyzer feature.

2.3.4 Comparison of the applications in measuring the
sound pressure level of white noise

We compared sound pressure level measurements
from the three mobile applications (Bolden, KTW Noise
Meter, and Keuwlsoft) against SPL values from the SLM
meter. We used measurements for white noise to com-
pare them. The data was Box-Cox transformed (owing
to non-normality, lambda value 0.18). We then ana-
lyzed the transformed data using generalized linear mod-
els (GLMs) incorporating application type, device ID,
pseudo-calibration status, and SLM values as predictor
variables.

3 Results

In all results sections, we define the accuracy of an
application as “trueness” – the closeness of agreement
between the average measurement and the reference value
– relative to the Class I SLM value, in accordance with
ISO 5725-1:2023.

3.1 Comparison across tonal sounds

In this analysis, the data were transformed, and hence,
the estimates are in the transformed scale rather than in
the dB scale (range −4.3 to +9.2, where −4.3 is most
accurate).

We found that the SPL measured by the Bolden appli-
cation was the most consistent and accurate across differ-
ent frequencies and loudness (Figs. 1A and 1B, Tab. 2).
Here, and henceforth by “consistent” and “inconsistent”
we refer to the behavior of the trueness scores (ISO 5725-
1:2023(en)). The accuracy of the application was signifi-
cantly higher while measuring low-amplitude tonal sound
(Figs. 1A and 1B, Tab. 2). The application performed
consistently across the range of frequencies in device 2 (a
newer Android device), irrespective of the loudness of the
sound (Figs. 1A and 1B, Tab. 2). In device 1 (the older
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Figure 1. Predicted (using the statistical model) difference
between SLM (Sound Level Meter) and application measure-
ments with increasing frequency for three applications: Bolden,
KTW, and Keuwlsoft. Dashed lines represent Device 1, and solid
lines represent Device 2 for each application. (A) Differences
for a sound level of 54.4 dB. (B) Differences for a sound level
of 106.9 dB. (C) Differences for pseudo-calibrated applications.
(D) Differences without pseudo-calibration.

Android device), the accuracy declined marginally with
increasing frequency, irrespective of the loudness of the
tonal sound (Figs. 1A and 1B, Tab. 2).

The KTW application was the 2nd most consis-
tent and accurate application among the three appli-
cations. The application was more accurate while mea-
suring low-amplitude tonal sounds at lower frequencies,
and the accuracy decreased with increasing frequency
and loudness (Figs. 1A and 1B, Tab. 2). The accuracy
of the application was comparable across the devices
(Figs. 1A and 1B, Tab. 2).

The Keuwlsoft application was the most inconsistent
and inaccurate application among the three applications
tested. The application was more accurate in device 1,
whereas in device 2, it was extremely inaccurate, often
giving spurious results such as −1370 dB and −950 dB for
corresponding SPL measurements of 98.8 dB and 62 dB,
respectively (Figs. 1A and 1B, Tab. 2). In device 1, while
measuring tonal sounds, irrespective of sound loudness,
the application exhibited higher accuracy at high frequen-
cies; however, at lower frequencies, it became significantly
inaccurate (Figs. 1A and 1B, Tab. 2).

We found that without pseudo-calibration, Bolden
and Keuwlsoft applications measured the sound pres-
sure level with comparable accuracy (Fig. 1D, Tab. 2)
across the devices (older and newer Android devices).
The non pseudo-calibrated KTW application was most
accurate while measuring lower-frequency sounds; how-
ever, its accuracy decreased significantly with increasing
frequency. When we pseudo-calibrated the applications
using the actual measurements made by the SLM, the

effect was most significant in the Bolden application,
which showed significantly better accuracy (Fig. 1C).
The accuracy was significantly greater in device 2, the
newer Android phone (Fig. 1B). Post pseudo-calibration,
the KTW application became more consistent across fre-
quency in both devices, but its accuracy decreased with
increasing frequency (Fig. 1C). Post pseudo-calibration,
the Keuwlsoft application became more accurate in
device 1, only at a higher frequency, but in device 2, it was
highly inaccurate, making it an unreliable application.

These results showed that the Keuwlsoft application
was the least consistent with regard to SPL measurement
accuracy among the three applications, and Bolden was
the best, both with regard to consistency and accuracy.

3.2 Comparison with white noise

While measuring the loudness of white noise in device
2 (a newer Android device), the applications exhib-
ited comparable accuracy that decreased with increas-
ing loudness (Fig. 2, Tab. 3). In device 1 (an older
Android device), the applications showed comparable
accuracy while measuring white noise loudness at lower
amplitudes. However, the Bolden and Keuwlsoft applica-
tions became significantly worse with increasing loudness.
Interestingly, the KTW application, while measuring the
loudness of white noise in device 1, became more accurate
with increasing loudness. These results suggested that for
measuring white noise loudness, the KTW application
was better and more consistent across devices (Fig. 2,
Tab. 3), and the applications were indistinguishable in
the newer device.

3.3 Comparison across the 3–10 kHz frequency range

As the previous experiment was only across three dis-
crete tonal frequencies, we compared the performance of
the Bolden and the KTW applications across a finer range
of frequencies, ranging from 3 to 10 kHz. In this analy-
sis, the data were transformed, and hence, the estimates
are in the transformed scale rather than in the dB scale
(range −2.2 to +11, where −2.2 is most accurate). We
found that the SPL level measured by the Bolden appli-
cation was more accurate and consistent in comparison
to the KTW application.

While measuring low-amplitude tonal sounds at lower
frequencies, the Bolden application exhibited the highest
accuracy (Fig. 3A, Tab. 4). This pattern was true across
the devices (Fig. 3A). However, at higher frequencies,
the accuracy of the application decreased significantly
(Fig. 3A), especially in device 1. The KTW application’s
accuracy was significantly poorer in comparison to the
Bolden application. In device 2, the accuracy did not vary
with a change in the frequency of the tonal sound; how-
ever, in device 1 (older Android device), the accuracy
declined with an increase in frequency (Fig. 3A, Tab. 4).

While measuring high-amplitude tonal sounds, both
the Bolden and KTW applications were less accurate in
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Table 2. Summary of generalized linear model results assessing the effects of application type (KTW, Keuwlsoft and
Bolden), sound pressure level (Loudness), device ID, frequency, and pseudo-calibration status on SPL measurement
differences from a standard SLM meter.

Term Estimate Std. Error t value Pr(> |t|)

(Intercept) −2.186370 0.816466 −2.678 0.008230
KTW −1.057913 0.791175 −1.337 0.183187
Keuwlsoft 2.883210 0.771488 3.737 0.000263
Loudness 0.044063 0.006087 7.239 2.13e−11
Device −0.913715 0.560684 −1.630 0.105261
Frequency 0.087583 0.078929 1.110 0.268913
Pseudo-calibration 1.100097 0.782767 1.405 0.161958
KTW × Device 1.035711 0.597526 1.733 0.085078
Keuwlsoft × Device 5.527259 0.586548 9.423 <2e−16
KTW × Frequency 0.310508 0.105203 2.952 0.003668
Keuwlsoft × Frequency −0.398091 0.102310 −3.891 0.000149
Device × Frequency −0.107445 0.060214 −1.784 0.076369
KTW × Pseudo-calibration −1.230312 1.112390 −1.106 0.270482
Keuwlsoft × Pseudo-calibration −2.854431 1.105030 −2.583 0.010740
Device × Pseudo-calibration 1.554114 0.592343 2.624 0.009592
Frequency × Pseudo-calibration −0.011144 0.105022 −0.106 0.915637
KTW × Device × Pseudo-calibration −1.125539 0.845215 −1.332 0.184978
Keuwlsoft × Device × Pseudo-calibration −5.615112 0.841387 −6.674 4.45e−10
KTW × Frequency × Pseudo-calibration −0.011710 0.147883 −0.079 0.936992
Keuwlsoft × Frequency × Pseudo-calibration 0.389246 0.147810 2.633 0.009333

Figure 2. Predicted (using the statistical model) difference
between SLM (Sound Level Meter) and application measure-
ments while measuring white noise with change in loudness
across the three applications: Bolden, KTW, and Keuwlsoft.
Dashed lines represent Device 1, and solid lines represent
Device 2 for each application.

comparison to their respective accuracy at lower ampli-
tudes (Figs. 3A and 3B). However, the Bolden appli-
cation was significantly more accurate than the KTW
application while measuring lower-frequency sounds, irre-
spective of the device tested (Fig. 3B, Tab. 4). Impor-
tantly, in device 2, while measuring high-amplitude
and high-frequency tonal sounds, the Bolden application
became more accurate (Fig. 3B, Tab. 4). While measuring
high amplitude tonal sounds, the KTW application was
significantly less accurate than the Bolden application,

and the accuracy decreased significantly with increas-
ing frequency in both devices, being significantly less
accurate in device 1 (Fig. 3B, Tab. 4).

We found that without pseudo-calibration, while mea-
suring low-amplitude tonal sounds, both Bolden and
KTW applications showed comparable accuracy, which
decreased marginally with increasing frequency (Fig. 3D,
Tab. 4). When pseudo-calibrated, the Bolden applica-
tion became significantly more accurate while measur-
ing lower-frequency, low-amplitude tonal sounds (Fig. 3C,
Tab. 4). Pseudo-calibration led to a marginal increase in
accuracy while measuring low-amplitude tonal sounds in
the KTW application, which did not alter with frequency
(Fig. 3C).

While measuring high-amplitude tonal sounds, we
found that both applications became less accurate
(Figs. 3C and 3D, Tab. 4). However, the Bolden applica-
tion was significantly more accurate than the KTW appli-
cation across all the frequencies, irrespective of pseudo-
calibration (Fig. 3D, Tab. 4). The Bolden applications
measurement was also more consistent across the frequen-
cies tested, especially when pseudo-calibrated (shallower
slope) (Fig. 3D, Tab. 4).

These results clearly showed that, while measuring
tonal sounds, the Bolden application was significantly
better than the KTW application and closest to repli-
cating the SPL measurements of a class I SLM.

3.4 Effect of frequency analyzer feature in Bolden
application

We further tested the performance of just the Bolden
application against the SLM by altering an additional
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Table 3. Summary of a GLM assessing the effects loudness, application type, and device ID on differences in SPL
measurements from a standard SLM for measuring the loudness of white noise.

Term Estimate Std. Error t value Pr(> |t|)

(Intercept) −9.80536 2.04202 −4.802 7.58e−06
Loudness 0.13898 0.02529 5.496 4.85e−07
Keuwlsoft 1.73103 2.89683 0.598 0.551886
KTW 12.55968 2.91559 4.308 4.81e−05
Device 5.51005 2.88785 1.908 0.060118
Loudness × Keuwlsoft −0.01879 0.03574 −0.526 0.600531
Loudness × KTW −0.17830 0.03596 −4.958 4.14e−06
Loudness × Device −0.07331 0.03576 −2.050 0.043770
Keuwlsoft × Device −2.62062 4.09674 −0.640 0.524277
KTW × Device −13.52402 4.16967 −3.243 0.001748
Loudness × Keuwlsoft × Device 0.02902 0.05055 0.574 0.567582
Loudness × KTW × Device 0.18870 0.05162 3.656 0.000466

Figure 3. Predicted (using the statistical model) difference
between SLM (Sound Level Meter) and application measure-
ments with increasing frequency for two applications: Bolden
and KTW. Dashed lines represent Device 1, and solid lines
represent Device 2 for each application. (A) Differences for
a sound level of 50.9 dB. (B) Differences for a sound level
of 107.4 dB. (C) Differences for pseudo-calibrated devices
(D) Differences for devices without pseudo-calibration.

feature in the application, the frequency analyzer. This
feature allows frequency specific amplitude measurement
rather than using the broad A and C filter. In this anal-
ysis, the data was not transformed, and hence, the esti-
mates are in comparison to the actual SLM measurements
in the dB scale (range −40 dB to +10 dB, 0 being most
accurate).

The frequency analyzer had a marginal impact
on the accuracy of the Bolden application (Tab. 5,
Supplementary Figure 1), making the application more
accurate irrespective of the amplitude and frequency
of the sound. While measuring loudness, the Bolden
application was most accurate on device 2 (a newer

Android device), across all loudness and across differ-
ent frequencies (Fig. 4B, Tab. 5). The accuracy was
significantly high while measuring higher frequency. In
device 1, while measuring the loudness of low-amplitude
tonal sound, the application was more accurate (Fig. 4A,
Tab. 5). However, this pattern reversed while measuring
high-amplitude tonal sounds (Fig. 4A, Tab. 5). Pseudo-
calibration improved the accuracy in both devices, with
a stronger impact on device 2 (a newer Android device)
(Figs. 4C and 4D, Tab. 5).

4 Discussion

This study aimed to evaluate the reliability of
sound pressure level (SPL) measurements obtained from
Android-based applications in comparison to class-I
sound level meters (SLMs) across a wide range of frequen-
cies and loudness levels. Given the widespread accessibil-
ity and affordability of smartphone applications relative
to standard SLMs, our goal was to assess their poten-
tial as practical alternatives for sound measurement. Our
study evaluated the accuracy of three mobile sound mea-
surement applications (Bolden, KTW Noise Meter, and
Keuwlsoft) against a Class I SLM by comparing their
performance across white noise (broadband sound) and
various tonal frequencies, amplitudes, and different gener-
ations of Android devices. We also scrutinized the inbuilt
features – loudness, pseudo-calibration, and frequency
analyzer – within each application, finding that Bolden
was the most consistent and accurate for tonal sounds,
while Keuwlsoft displayed the least consistency and accu-
racy. We found that the Bolden application’s performance
approached that of a Class I SLM, with the most accurate
measurements falling within 0–5 dB of the SLM readings.
We also found that pseudo-calibrating the applications
with SLM values enhanced the accuracy of both Bolden
and KTW; in contrast, Keuwlsoft’s improvement was neg-
ligible and inconsistent across devices. We found that
measurements taken with the newer device were gener-
ally more accurate, particularly at higher frequencies. For

https://acta-acustica.edp-sciences.org/10.1051/aacus/2026001/olm
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Table 4. Summary of GLM results assessing the effects of frequency, device ID, pseudo-calibration status, loudness,
and application type on differences in SPL measurements from a standard SLM in the applications Bolden and KTW.

Term Estimate Std. Error t value Pr(> |t|)

(Intercept) −11.930275 2.378888 −5.015 6.65e−07
Frequency 0.903013 0.319925 2.823 0.004892
Device 5.638641 1.514727 3.723 0.000212
KTW 8.203424 2.947286 2.783 0.005517
Pseudo-calibration 10.763024 2.936603 3.665 0.000265
Loudness 0.149274 0.027351 5.458 6.59e−08
Frequency × Device −0.471494 0.071120 −6.630 6.51e−11
Frequency × KTW −1.552947 0.412642 −3.763 0.000181
Device × KTW −3.585927 1.533253 −2.339 0.019614
Frequency × Pseudo-calibration −1.082972 0.410701 −2.637 0.008543
Device × Pseudo-calibration 0.302351 1.345874 0.225 0.822313
KTW × pseudo-calibration −9.706696 3.775563 −2.571 0.010338
Frequency × Loudness −0.006122 0.003882 −1.577 0.115234
Device × Loudness −0.056617 0.016317 −3.470 0.000551
KTW × Loudness −0.078716 0.034638 −2.273 0.023340
Pseudo-calibration × Loudness −0.099622 0.034629 −2.877 0.004133
Frequency × Device × KTW 0.258857 0.095051 2.723 0.006615
Frequency × KTW × Pseudo-calibration 1.301220 0.550027 2.366 0.018252
Device × KTW × Pseudo-calibration −1.933511 0.479782 −4.030 6.16e−05
Frequency × KTW × Loudness 0.022364 0.005018 4.457 9.60e−06
Device × KTW × Loudness 0.030295 0.015980 1.896 0.058371
Frequency × Pseudo-calibration × Loudness 0.012142 0.005014 2.422 0.015685
Device × Pseudo-calibration × Loudness 0.017983 0.015912 1.130 0.258780
KTW × Pseudo-calibration × Loudness 0.087963 0.045219 1.945 0.052121
Frequency × KTW × Pseudo-calibration × Loudness −0.014753 0.006734 −2.191 0.028789

white noise loudness measurements, the KTW applica-
tion emerged as the most accurate and consistent across
devices.

We found that the Bolden’s Sound Level Meter Appli-
cation is the best in terms of replicating the SLM mea-
surements, with an average departure of 13.2± 8.0 dB.
The Bolden application performed consistently even at
higher frequencies and louder tonal sounds. The fre-
quency analyzer feature of this application improved
the accuracy of measurements across different frequen-
cies and loudness. Pseudo-calibration also improved accu-
racy with an average departure of 6.5± 6.7 dB, with a
more pronounced impact in the newer device, where
the average departure being 3.4± 4.0 dB. Measurements
taken in the newer device were more accurate across the
board. In conditions where Class I SLMs are not read-
ily available, using the Bolden application on a newer
Android device with the frequency analyzer feature can
be a reliable alternative, even if the application is not
pseudo-calibrated.

The KTW application was the second-best per-
former, with an average departure from SLM values
of 23.4± 19.7 dB, and had some limitations. The KTW
application was less accurate at higher frequencies and
louder volume levels, even with pseudo-calibration. This
suggests that there are problems with the application’s
signal processing and makes it less reliable for higher fre-
quency measurements. The KTW application also gave

Figure 4. Predicted (using the statistical model) difference
between SLM (Sound Level Meter) and application mea-
surements with change in frequency for the Bolden Appli-
cation. For panel A and B, dashed lines represent a sound
level of 49.5 dB, and solid lines represent a sound level
of 107.4 dB. (A) Differences for Device 1. (B) Differences
for a Device 2. For panel C and D, dashed lines rep-
resent pseudo-calibrated devices and solid lines represent
non pseudo-calibrated devices. (C) Differences for Device 1.
(D) Differences for a Device 2.
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Table 5. Summary of a GLM assessing the effects of frequency, loudness, pseudo-calibration status, device ID, and
the use of the Frequency Analyzer feature on differences in SPL measurements from a standard SLM in the Bolden
application.

Term Estimate Std. Error t value Pr(> |t|)

(Intercept) −21.721704 6.807244 −3.191 0.001504
Frequency 0.317027 0.953012 0.333 0.739527
Loudness 0.285037 0.078056 3.652 0.000287
Pseudo-calibration 14.522581 7.016180 2.070 0.038958
Frequency Analyzer −3.095457 2.970952 −1.042 0.297939
Device 2.899968 6.480437 0.447 0.654703
Frequency × Loudness 0.012062 0.011518 1.047 0.295483
Frequency × Pseudo-calibration −2.471041 0.988237 −2.500 0.012710
Loudness × Pseudo-calibration −0.109883 0.081082 −1.355 0.175938
Loudness × Frequency Analyzer 0.023004 0.036588 0.629 0.529799
Frequency × Device 1.419707 0.885051 1.604 0.109300
Loudness × Device 0.004048 0.071836 0.056 0.955089
Pseudo-calibration × Device 9.144370 2.445285 3.740 0.000205
Frequency Analyzer × Device 10.525935 4.023482 2.616 0.009152
Frequency × Loudness × Pseudo-calibration 0.034504 0.011896 2.901 0.003883
Frequency × Loudness × Device −0.036719 0.010288 −3.569 0.000391
Frequency × Pseudo-calibration × Device −0.746023 0.347093 −2.149 0.032067
Loudness × Frequency Analyzer × Device −0.129937 0.049706 −2.614 0.009206

more accurate results on the newer device, with an aver-
age departure of 21.0± 18.4 dB. When measuring the
loudness of white noise, while all applications performed
with reasonable accuracy in the newer device, KTW was
the most accurate across both the devices, with an aver-
age departure of 2.9± 2.9 dB from SLM measurement val-
ues. This could indicate that the KTW application is
better suited to measuring broadband noise.

The Keuwlsoft application proved unsuitable for sci-
entific or general use, producing erratic readings. Even
after pseudo-calibration, it remained inconsistent, par-
ticularly in the older device. The better performance of
the newer Android device indicated that hardware quality
could influence measurement accuracy. However, this also
indicates that performance may vary substantially across
different smartphones. This indicates that the Keuwlsoft
application is not tailored for rigorous, precise and con-
sistent acoustic measurements, hence is best avoided for
such use.

5 Conclusion

Previous studies have demonstrated that iOS applica-
tions can effectively substitute for dedicated sound level
meters (SLMs) [10, 11], whereas Android applications
have been shown to be less accurate (Murphy and King
2016). In general, smartphone applications tend to strug-
gle in reliably replicating SLM measurements at higher
sound levels [8]. Our findings indicate that the Bolden
application can serve as a dependable application for
loudness measurements when pseudo-calibrated on newer
devices and for lower frequencies, though this reliability is
currently limited to tonal signals; for white noise measure-

ments, no mobile application has yet achieved the preci-
sion of dedicated SLMs, largely due to the heavy depen-
dence on hardware quality. Dedicated SLMs are engi-
neered with high-quality sensors, stringent calibration
protocols, and minimal variability across devices – advan-
tages that are challenging to replicate in smartphones,
which are not primarily designed for precise acoustic mea-
surement. Nonetheless, given their widespread availabil-
ity, affordability, and ease of deployment, smartphones
offer a promising baseline for loudness measurement in
resource-limited conditions, with further improvements
achievable through the development of robust pseudo-
calibration algorithms that align smartphone outputs
with reference SLM values. While our results offer sig-
nificant insights, this study is subject to specific limita-
tions. First, data collection relied on two Android smart-
phones; consequently, observed variations may stem from
inherent differences in the sensitivity of their integrated
microphones. Second, while the tested intensity range
(60–100 dB) captures moderate to high environmental
noise and the majority of bioacoustic signals, it excludes
quiet environments (<60 dB) and extreme industrial
noise levels (>100 dB). Crucially, however, 60−100 dB
range encompasses the 85 dBA threshold for hazardous
occupational noise exposure established by NIOSH [22].
Finally, our spectral analysis was restricted to the
3–10 kHz band. The 3–10 kHz range presents notable lim-
itations: anthropogenic sounds, including vehicular and
industrial noise, typically occur below 3 kHz, whereas
diverse organisms communicate across frequencies both
lower and higher than this band. However, our focus is
clinically and ecologically justified: the 3–6 kHz range is
recognized as the most vulnerable frequency for human
noise-induced hearing loss (the “acoustic notch”) [23, 24],
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while the 3–10 kHz band constitutes the primary “acous-
tic niche” for biological signalling [25]. Thus, noise intru-
sion within this specific bandwidth poses a dual risk to
human health and bioacoustic communication.
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Pardo, L. Juan-Llácer: Traffic noise mitigation using

https://acta-acustica.edp-sciences.org/10.1051/aacus/2026001/olm
https://acta-acustica.edp-sciences.org/10.1051/aacus/2026001/olm
https://doi.org/10.1007/978-3-030-97540-1_10
https://doi.org/10.1007/978-3-030-97540-1_10
https://www.bksv.com/-/media/literature/Product-Data/bp0029.ashx
https://www.bksv.com/-/media/literature/Product-Data/bp0029.ashx
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=8bdaefd04198583dbe24c37f3f03f0145c4f5e84
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=8bdaefd04198583dbe24c37f3f03f0145c4f5e84
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=8bdaefd04198583dbe24c37f3f03f0145c4f5e84


S. Sasindran et al.: Acta Acustica 2026, 10, 16 11

single and double barrier caps of different shapes for an
extended frequency range. Applied Sciences 10, 17 (2020)
5746.

20. E. Freitas, P. Pereira, L. de Picado-Santos, A. Santos:
Traffic noise changes due to water on porous and dense
asphalt surfaces. Road Materials and Pavement Design
10, 3 (2009) 587–607.

21. V. Vaillancourt, H. Nélisse, C. Laroche, C. Giguére, J.
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