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ABSTRACT

In noisy environments, it can be difficult for machines to sepa-
rate sounds of interest from background sounds. This problem,
commonly referred to as the “cocktail party problem" has been a
significant area of research over several decades. In this study, we
develop VASLA (Visually Assisted Sound-Localization and Amplifi-
cation), a tool to help alleviate this problem. With VASLA, a user
can select an object by clicking on a digital interface that reflects the
environment around them. Our system will then amplify the sound
source coming from this selected location. The theory of VASLA
lies in amplification arising from delay-and-sum beamforming - by
calculating the difference in time in which a sound source from
a specific location hits different microphones in an array, we can
delay the signals from certain microphones to create an amplified
sound from that location. Overall, our tool is relatively lightweight,
using a camera for visual input and a microphone array for audio
input. We evaluate our system with 4 approaches - spectrogram
comparison, signal-to-noise (SNR) ratio, word-error rate (WER)
analysis, and human perception, finding that it performs better
than ground truth audio input.
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1 INTRODUCTION

Humans are constantly faced with sounds in their environments.
Many of these sounds compete against each other, continually vying
for the aural attention of any person. Within such overwhelmingly
noisy environments, how can a person concentrate on the sound
coming from a specific object of interest? Humans have the capabil-
ity to do this through a phenomenon commonly referred to as the
“cocktail party effect” - the psychoacoustic ability for humans to
follow a conversation amidst noisy environments [3, 15, 19, 28, 31].
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However, despite the relative ease in which humans are able to
do this, it has been a challenge for researchers to pinpoint what
particular biological aspect affords this ability. Research has showed
that this phenomenon is related to a more general concept called
streaming, in which humans have the intrinsic ability to group
together sounds from one source and separate them from other
sources [28]. Although the biomechanics of this human ability is
not fully understood, research has showed that humans can sep-
arate sounds based on cues such as location [2, 7], frequency [5],
onset and offset times [5], and amplitude modulation [4].

The uncertainty in understanding the biomechanics behind the
cocktail party effect has consequently led to challenges for re-
searchers to artifically replicate such behaviour in machines - the
“cocktail party problem" [8, 16, 24]. A innumerable amount of re-
search has been done in this area, aiming for the separation of
sources in noisy environments. In particular, researchers have at-
tempted to separate voices in environments of multiple speakers
[10, 26, 44, 45] or in environments of high noise [6, 23, 40], through a
variety of signal processing and machine learning techniques. Other
researchers have looked into the problem of separating differently-
pitched instruments from a musical composition [22, 29]. On oc-
casion, researchers will augment a purely auditory approach for
separation with visual information in the form of audio-video inputs
[47, 48]. At a more general, context-independent level, researchers
have looked into separating any arbitrary sounds within an environ-
ment, a problem commonly posed as “universal sounds separation”
[18, 37].

In this study, we present a novel, context-independent approach
at addressing the “cocktail party problem" - amplifying the sound
coming from a specific location of interest. Instead of separating
out the noisy signals, we instead boost the sound coming from a
specific source, helping users hear the location of interest more
clearly. Our theory revolves around adaptive beamforming and the
constructive and destructive interference of sound signal frequen-
cies in different phases. In our implementation, users are able to
select a sound source of interest from a 2D display. After localizing
the source within the 3D environment, we use adaptive beamform-
ing to amplify the sound coming from that location. We test our
application within multiple configurations of noisy environments,
and evaluate the validity of our approach using four core metrics -
human subjective perception, spectrogram and waveform compari-
son, signal-to-noise (SNR) ratio, and speech-to-text error rate. We
then discuss the potential of our system in practice applications,
such as its affordances for accessibility and audio mixing.
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2 RELATED WORK

2.1 Separating Sounds in Noisy Environments:
The Cocktail Problem

As established, the cocktail party problem refers to the difficult
challenge of understanding how humans can pick out sounds in
noisy environments [16, 24]. In recent years, the cocktail party
problem has since become a problem of sound source separation,
a topic of research that has been explored by several researchers
in various ways [12]. Historical research has typically primarily
focused on techniques such as matrix factorization. For example,
Virtanen used non-negative matrix factorization to minimize the
reconstruction error after separation into individual sound matrices
[38]. Zhong et. al. use the singular value analysis to ensure that
the sounds are separated with minimal distortion [49]. The rise of
machine learning has also opened the door for such approaches in
sound source separation problems. A variety of different models
have been used in an attempt to address sound source problems, for
example, Demir et. al. used a CNN model to classify environmental
sound sources [9] and Luo et. al. used a modified RNN model to
separate out speech signals [22]. Many other models take advantage
of new techniques in machine learning, such as deep learning, to
better address the problem [35, 39]. However, many machine learn-
ing tasks are limited to the data that is used as input for learning,
commonly speech or music. In contrast, the attempt to separate
any arbitrary number of sound sources in an environment is re-
ferred to as universal sound separation [18]. Although researchers
such as Tzinis et. al. and Li et. al. have attempted to address this
challenging area [21, 37], there exist perpetual challenges such as
a lack of data [41]. Overall, we present our work as a signal pro-
cessing approach to separating between a sound of interest and
background noise, drawing from knowledge from prior work on
sound source separation. Our approach is context-independent and
learning-independent, requiring no past training data or knowledge
of environment.

2.2 Sound Source Localization

Within our application, we take advantage of location-based infor-
mation as a method of amplifying the sound source coming from
that location. Thus, we look at sound source localization within our
literature review, aiming to better understand how machines can
obtain this location-based information from audio signals. Much
work has been done in this area, with many researchers having
applied a variety of different approaches in addressing this problem
[20, 32, 34]. For example, time differences of arrival (TDOA) ap-
proaches take advantage of the fact that sound travels, thus the time
at which a sound reaches microphones spatially separated in space
is different [25, 30, 42]. Pavlidi et. al. show the potential for TDOA
approaches for high accuracy and low computation complexity [30],
and Miao et. al. use show that advanced additions to TDOA meth-
ods can track moving sound sources, one of the classical limitations
of such approaches [25]. An alternative approach to TDOA is using
frameworks such as beamforming and maximum likelihood calcu-
lations involving eigenvalue decomposition of sound and source
matrices [27, 46]. Research into this approach has shown the benefit
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in which such algorithms can apply to unknown directional pat-
terns of microphones. Lastly, with the rise in popularity of machine
learning technologies in recent years, researchers have applied such
technologies to the application of sound source localization. Yalta
et. al. show that end-to-end deep residual methods can surpass the
accuracy of classical signal classification methods, and can also
be robust to challenging conditions through exploiting time delay
[43]. Sun et. al. create a probabilistic neural network that allows for
the localization of sound within adverse environments with high
reverberation and background noise [36]. Ultimately, we use the
information from past research in sound source localization as a
motivator within our own application, to understand how local-
ization can work together with separation to amplify the sound
source from a specific location.

3 SYSTEM OVERVIEW AND
IMPLEMENTATION

3.1 Hardware Setup and System Architecture

Our system is consist of two parts: target sound localization and
beamforming. There could exist multiple cometing sound sources
in an environment. Here, we refer to the sound a user is interested
in as the “target sound", and refer to all the other competing sounds
as “noises". For target sound localization, we implemented with
Processing 4.0! a simple interface that can play a recorded video
captured by a built-in FaceTime HD Camera on a 16-inch Macbook
Pro 20192, Such an interface allows user to identify a target sound
source by clicking on a specific location on the camera feed. The lo-
calization module will translate the coordinate of the pixel selected
to the position in 3D using Monodepth2 [14]. For the beamform-
ing module, we used a SeeedStudio ReSpeaker USB Mic Array®,
which is consist of 4 microphones installed on the corners of a 4.95
centimeter square. We assume that the position of the microphone
array and the sound sources will remain stationary throughout the
recordings. Once the user identifies the target sound source, our
application calculates the distance between the each microphones
and the target sound source, and performs beamforming. Beam-
forming will boost the sound coming from the target sound source
and suppress all the other noises. At completion of beamforming,
our application substitutes the original sound of the video with the
beamform-processed sound track once beamforming is completed.

3.2 Depth Calculation and Pixel Localization

Once the user has clicked on a pixel within the 2D display, our
application estimates the 3D analogue of the position through cal-
culating the depth of the pixel, and then subsequently calculating
the position. In order to calculate the depth of the pixel, we use a pre-
existing open-source depth calculation implementation called Mon-
odepth2, developed through the research of Godard et. al. [13, 14].
Monodepth2 is an open-source Python software that contains a
PyTorch implementation for the training and testing of depth esti-
mation models. This implementation uses a self-supervised monoc-
ular neural network training model that estimates depth based on
inputs. In comparison to similar implementations, Monodepth2
Uhttps://processing.org

Zhttps://support.apple.com/kb/SP809?locale=en_US
3https://wiki.seeedstudio.com/ReSpeaker-USB-Mic-Array
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performs well even under occlusion and motion. Ultimately, we can
use the pre-trained Monodepth2 model by passing an input of an
image of an environmental scene, and the model returns an output
of metric depth at each pixel of the scene.

After calculating the depth of each pixel in the image, it is sim-
ple to extract out the depth of the pixel of interest. We represent
each axis of the 2D pixel as pixel coordinates (x, y) in the range
[-1, 1]. Thus, the top-left most pixel is represented as (-1, -1), and
the bottom-right most pixels is represented as (1, 1). We combine
the pixel information with its depth information and the intrinsic
parameters of the camera to calculate the 3D location of the pixel,
represented by geometric (x’, y’, z’) coordinates, with the origin
being the camera lens. In particular, we use the field-of-view (FOV)
of the camera (54°for the Apple FaceTime HD Camera) to calculate
the projection of the pixel in 3D. We know that z’ is depth, thus,
we use this to calculate x” and y’. A visual representation of this
calculation is shown in Figure 1.

x" =xxtan(FOV/2) x 2’
y’ =y=tan(FOV [2) = 2’
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Figure 1: Calculation of Depth from Pixel Data, Depth Infor-
mation, and Camera Parameters.

3.3 Beamforming

After estimating the 3D position of the sound of interest, our appli-
cation performs beamforming on the sound channels collected by
the mic-array to amplify target sound. Beamforming is an approach
that steers a sensor array and maximizes its response toward a
target location. Specifically for our application, we implemented
delay-and-sum beamforming, which is the most straight-forward
version of beamforming that can be performed in almost real-time.
Delay-and-sum beamforming is based on the fact any wave-front
of sound arrives at microphones at different location at a different
time. Therefore, the waveforms obtained by the microphones on
a mic-array will be similar but show different delays and phases.
Such phase differences can be calculated knowing the positions of
the microphones, sound sources, and the speed of sound. There-
fore, it is possible to align the phases of the waveforms obtained at
different microphones according to the location of the target signal.
Adding up the aligned waveforms will cause the target sound sig-
nal to construct and the noises coming from elsewhere (i.e. noises
and interference) to randomly construct or deconstruct. The re-
sulted signal after beamforming will have the target sound boosted
while suppressing any other noises. Figure 2 represents a graphical
interpretation of delay-and-sum beamforming.
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Figure 2: Delay-and-sum beamforming: the top half of the
figure shows the effect of delay-and-sum beamforming on the
signal of interest. Knowing the distance between of the target
signal source and the microphones, the phases are aligned
such that the target signal will construct. The bottom half of
the figure shows the effect of delay-and-sum beamforming
on noises. Since the signals are aligned according to a distance
irrelevant to the noises and interference, the noise signals
will destruct. Therefore, the resulted signal will boost the
target signal and suppress the noise.

3.4 Simulations

Besides implementing the system architecture as described above,
we also replicate the major parts of the architecture in a simu-
lated environment with Pyroomacoustics [33]. Pyroomacoustics is
a Python package for simulating acoustic effects, which allows us to
simulate environments with no reverberation and simulate micro-
phone arrays with various sizes and number of microphones. Our
system architecture in simulation shares the same delay-and-sum
beamforming techniques as described above but does not imple-
ment sound source localization as the simulation has direct access
to the locations of the simulated sound sources. A majority of our
experiments and evaluations are conducted in simulation due to
the limited access to the silent sound studio and more effective mic-
arrays. With the simulated environment, we are able to evaluate
the beamforming performance with different microphone config-
urations, different numbers of microphones, and different target
sound and noise positions, which we will elaborate in the following
sections.

4 EXPERIMENTS AND EVALUATION
APPROACHES

4.1 Experiments

We conducted two sets of experiments for evaluation, one in simu-
lation and one in real-life. For simplicity, we constraint our experi-
ments in ideal environments with minimal multi-path effects and
reverberations. Also, we only tested our application’s performance
in terms of amplifying one target sound while suppressing one
competing interference.

For the experiment that we conducted in simulation, we simu-
lated a 10X 10X 10 room with no reverberation. We first conducted a
pilot experiment with different simulated mic-array configurations
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with different number of microphones and microphone placements.
Throughout the experiments for mic-array configurations we found
that the distance between adjacent microphones matters more than
the number of microphone used, and the mic-array that leads to
the best performance is a mic-array with 6 microphones arranged
linearly with 20 centimeters between adjacent microphones. In the
subsequent simulated experiments we conducted, we stick to this
linear 6-mic configuration.

Using the simulated 6-mic configuration, we first explored sev-
eral sound-interference combination. The purpose of this experi-
ment was to observe how the nature of sound will affect the per-
formance of beamforming and evaluate the robustness of our ap-
plication. We summarize the different audio clips we used and the
sound-interference combinations we tested respectively in Table
1 and Table 2. For all the sound tracks we used, we pre-processed
them in Adobe Audition # such that they have similar powers. Be-
sides different sound-interference combination, we also explored
how the locations of sound and noises will affect the performance
of beamforming. We placed pairs of sounds and noises at different
positions in the simulated room and observed the results returned
by beamforming.

Audio Clip Description
An excerpt from an audio book
Read! A Little Princess
An excerpt from an audio book
Read2 A Little Princess
(different from read1)
Background Sound An %Udlo clip of
noises in a restaurant
Flute A sound clip of a flute playing

Table 1: Description of audio clips used in experiments, and
each clip lasts for 1 minute.

Test Cases | Target Sound Noise
Case 1 Read1 Read2
Case 2 Read1 Background Sound
Case 3 Flute Background Sound

Table 2: We created three test cases with different sounds and
noises competing with each other. This table summarizes the
three test cases.

For the real-life experiment, using the hardware setup we de-
scribed in section 3.1, we recorded a video with two sound sources
located at two difference positions playing two different sound
tracks (“Read1" and “Background Sound") simultaneously. We con-
ducted this experiment in a sound studio with sound-absorbing
walls for minimal reverberations. Figure 3 shows one frame of the
recorded video.

“https://www.adobe.com/
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Figure 3: A Frame from the Interface. The position of the
target sound and noise are respectively noted in red.

4.2 Evaluation Approaches

We used four different approaches to evaluate the performance of
our system, including human perception, waveform and spectro-
gram comparison, signal-to-noise ratio (SNR) analysis, and word-
error-rate (WER) analysis. For the real-life experiments we con-
ducted in the sound studio, the target sound amplification turned
out to be inaudible and we can only tell the effect of beamforming
through the SNR we calculated. For the simulated experiments, the
performance of sound amplification after beamforming is relatively
more significant and thus we applied all four evaluation approaches.

4.2.1 Human Perception. For the human perception analysis we
studied whether the sound amplification by beamforming is audible
for human ears. A formal study should be conducted on partici-
pants recruited outside the project team members. However, for
the purpose of a course project, we rely on the authors the decide
whether the difference before and after beamforming is significant.
The authors listened to three different audio clips including the
original sound tracks (i.e. the target sound and the interferencing
sound), the unprocessed sound mixture, and the sound mixture after
beamforming. We then subjectively tell the whether beamforming
has led to an audible amplification of the target sound.

4.2.2  Waveform and Spectrogram Comparison. Second evaluation
approach is to plot the waveform and spectrogram of the original
target sound, unprocessed sound mixture, and the sound mixture
after beamforming, and visually compare these plots. The similarity
between the plots corresponding to the target sound and the sound
mixture after beamforming reflects the performance of our audio
amplification application. Generally speaking, a higher similarity
implies a stronger amplification effect achieved by beamforming.

4.2.3 Signal-to-noise Ratio Analysis. Besides the above two subjec-
tive metrics, we calculated the SNR to quantitatively evaluate the
performance of our beamforming application. SNR is a measure
defined as the ratio of the power of sound to the power of noise
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as in Eq. 1, where the powers are calculated as the square of the
root-mean-squared (RMS) amplitude over the signals. In practice, a
way to estimate the power of sound and noise respectively from the
sound mixture is needed to calculate SNR. In our experiments, such
an estimation is simple with known original unmixed sound and
noise. Recall that our beamforming function takes a target sound
and a noise as input, and steer itself towards the target sound by
aligning the phases according to the distance between the target
sound source and the microphones. Since the process of delay-and-
sum beamforming only involves linear addition, we can obtain the
target sound after beamforming by applying same beamforming
but with the noise replaced with a silent sound track. The noise sup-
pressed by beamforming can be similarly obtained by beamforming
with the target sound replaced with a silent sound track.

P..
SNR = 10 - log( PSIgnal

noise

) )

4.2.4  Word-error-rate Analysis. Our last evaluation approach ap-
plies to having human speeches amplified by beamforming. We
applied a speech-to-text model on both the unprocessed sound
mixture and the audios after beamforming and compare the WER
of the transcribed scripts, which is the standard measure for evalu-
ating speech-to-text transcription. The speech-to-text application
we used for this evaluation is a pre-trained Wave2Vec model [1],
which is similar to the Bidirectional Encoder Representations from
Transformers (BERT). An automatic speech recognition evaluation
system [17] is then utilized for the WER calculation. The WER re-
sults provide a straightforward representation of the performance
of application. In general, the speech-to-text model should perform
better on a sound mixture with the target sound (i.e. a speech in
this case) boosted sufficiently, and thus leading to a lower WER.

5 RESULTS

We now present the results from our experiments. We evaluated the
results from the simulated experiments with all four approaches
as mentioned in the previous section. However, due to the limited
number of experiments we are able to run in real-life and the limited
beamforming power our hardware provides, we will only evaluate
the real-life experiments with human perception and SNR.

5.1 Beamforming Performance in Simulation

5.1.1 Perceptual Results. Evaluating with human perception, all
of us found that beamforming in simulation is able to boost the
target sound over the noise significantly in all test cases. This
result shows our beamforming application works as expected in
different environments regardless of the kinds of signals and noises.
Nevertheless, perceptually, the extent to which the target sound
was boosted varied across the test cases. We found that case 3
(“flute” vs. “background sound") has the most significant target
sound amplification while case 1 (“Read1” vs. “Read2") has the least.
It appears that beamforming is better at amplifying sounds with
stable and more consistent frequencies such as flute and reading,
while suppressing sounds closer to white noises.

5.1.2  Waveform and Spectrogram Comparison. Figures 4, 5, 6 com-
pare waveforms and spectrogram of the original target sound, sound
mixture after beamforming and the original sound mixture in test
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cases 1, 2, and 3. It is obvious that in figure 2 and figure 3, which
corresponds to case 2 (“readl" vs. “background") and case 3 (“flute"
vs. “background"), the waveforms and spectrograms of the sound
mixtures after beamforming become similar to that of the original
target sound. This shows that beamforming significantly brings
the sound mixture closer to the target sound. In figure 1, which
corresponds to case 1, however, the same similarity is less obvious.
This result again shows that our beamforming application is better
at amplifying sounds against background noises similar to white
noises. In contrast, in cases where two clear speeches are compet-
ing, a more advanced approach might be needed to improve upon
the performance of pure beamforming.

Beamformed Signal Mixed Signal

)

Beanformed signal

Figure 4: Plots of the sound waveform (top panel) and spec-
trograms (bottom panel) for experimental case 1 (“Read1" vs.
“Read2").

Beamformed Signal Mixed Signal

Figure 5: Plots of the sound waveform (top panel) and spec-
trograms (bottom panel) for experimental case 2 (“Read1" vs.
“Background Sound").

5.1.3  Signal-to-noise Ratio (SNR). To quantify the performance of
the proposed model, we first analyzed the signal-to-ratio (SNR),
whose results are shown in Table 3 and Figure 7. From the figure,
all the SNR scores of sound mixture after beamforming are positive
and larger than the original sound mixtures which are all negative.
In cases 2 and 3, we can see that beamforming provides about 8
decibels of SNR improvement. Relating back to what we observed
in human perception and waveform/spectrogram observation, this
is a relatively satisfactory result. In case 1, however, beamforming
only provided an SNR improvement of about 2.4 decibels, which
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Figure 6: Plots of the sound waveform (top panel) and spec-
trograms (bottom panel) for experimental case 3 (“Flute” vs.
“Background Sound").

again shows that pure beamforming may find it more challenging
to boost a target sound against a clear and frequency consistent
voice.

SNR before beamforming | SNR after beamforming
(dB) (dB)
Case 1 -0.804 1.586
Case 2 -1.155 7.09
Case 3 -0.493 7.752

Table 3: SNR scores of test case 1, 2, and 3 before and after
beamforming. Observe that in all cases the SNR of the mixed
sound has a negative SNR, indicating that the noise has a
slightly higher power than the target sound. Beamforming
significantly amplifies the target sound in case 2 and 3, and
mildly in case 1.

Signal-to-noise Evaluation
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Figure 7: Histogram of signal-to-ratio (SNR) results for ex-
perimental cases 1, 2, and 3. Blue and orange bars refer to
SNR values of after-beamformed and directly-mixed signals,
respectively.
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5.1.4 Word-error-rate (WER). Beamforming and sound separation
techniques are often seen in improving machine translation in noisy
environments. Therefore, it makes sense to evaluate our first and
second test cases using WER, which is a common metric to evalu-
ate the performance of speech recognition or machine translation
systems. The WER scores in cases 1 and 2 are summarized in Table
4 and plotted in Figure 8, and note that a lower WER means better
speech recognition performance. As expected, the WER score for
speech recognition on the sound mixture after beamforming are
much lower compared with the same score on the original sound
mixture, demonstrating that the beamforming application has a
significant effect in improving speech recognition in a noisy envi-
ronment. It is worth noticing that the WER is 100% when mixing a
voice audio with a background noise, pointing that in this case the
machine is not able to recognize anything. After applying beam-
forming, the WER score has improved considerably. The machine
can recognize the speech context and the final WER is reduced to
30%. Moreover, even if mixing a voice audio with another voice
clip, the accuracy would also achieve a high score with is ca. 60% as
shown in case 1. This shows that even for test case 1, which we have
shown that beamforming achieved a relatively lower performance,
it is still able to provide considerable performance improvement
for speech recognition and machine translation.

WER(%) before WER(%) after

beamforming beamforming
Case 1 | 81.4207650273224 | 38.94736842105263
Case 2 100 30.601092896174865

Table 4: WER scores of test cases 1 and 2. In both cases our
beamforming application provides a signification improve-
ment for speech recognition.

Word-error-rate Evaluation

100 1 s Beamformed
e Mixed

Error rate (%)

&

20 1

Case 1 Case 2

Figure 8: Histogram of word-error-rate (WER) results for
experimental cases 1 and 2. Blue and orange bars refer to
WER values of after-beamformed and directly-mixed signals,
respectively.
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Signal and noise are at
the same position

Mixed-Signal SNR: -0.49
Beamformed-Signal SNR: -0.49

Signal is at the front
bottom left of the noise

Mixed: 2.25 dB
Beamformed: 11.61 dB

Signal is at the front top
right of the noise

Mixed: 1.63 dB
Beamformed: 4.92 dB
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Signal is at the back
bottom right of the noise

Mixed: -3.84 dB
Beamformed: 4.10 dB

Signal is at the back top
left of the noise

Mixed: -3.78 dB
Beamformed: 1.46 dB

Figure 9: Each cube represents a simulated room with a line of microphones, a fixed noise source, and a voice audio “read1" with
various positions. The relative positions and SNR scores are shown in the top right and bottom right of each graph, respectively.

5.2 The Effect of Sound Positions

We also studied how the positions of sounds will affect the perfor-
mance of beamforming. As shown in Figure 9, the leftmost figure
shows the sound of interest and noise at the same position, and the
SNR scores are the same, implying the beamforming model does
not work in this case. This result makes sense and proves that the
designed model is correct as the principle of beamforming is based
on the different delays and phases, thus the same position leads
to no phase difference and therefore the beamforming does not
work. According to the SNR results of the rest of the four figures,
it can be concluded that if the signal (sound of interest) is close to
the noise source, the SNR different is small indicating the sound
amplification is limited, however, if putting the signal far away
from the noise, a larger SNR different is obtained and consequently
the beamforming effect is enhanced. We can see that the best SNR
boosts with beamforming is achieved when the sound and noise are
distant in angle. We hypothesize that the angular distance between
sound and noise is the key feature that decides the performance of
beamforming in terms of amplifying a sound over a noise.

5.3 Beamforming Performance in Real-life

Although our application performs relatively well in simulations,
the results of our experiments in real-life is less than satisfactory.
We conducted the test case 2 (“read1" vs. “background sound") in
the sound studio and find that the sound amplification for the target
sound achieved was perceptually inaudible. To see whether the ap-
plication had any effect at all, we calculated the SNR improvement
the beamforming application provided and obtained a result of 0.8
decibels. We attribute such a low performance to three potential
reasons. First, our interface based on Monodepth2 [14] does not
provide a very precise distance measurement in a small environ-
ment as the sound studio. The error of Monodepth2 we observed

in our test environment is about 0.5 - 1.0 meter. Second, we are
limited by the microphone array that is available to us. Unlike in
simulations, where we are free to simulate any microphone array,
in reality the microphone array we use is very small in size, which
does not provide a significant phase difference for beamforming to
work well. Lastly, the positioning we chose was not optimized for
beamforming. As we mentioned, the performance of beamforming
is closely related to the angular distance between the sound and
noise, yet in our real-life experiment we were not able to place
them distant enough from each other.

6 DISCUSSION AND LIMITATIONS

Through our simulated experiments we have found that our ap-
plication works well in terms of amplifying sounds of interest in
a noisy environment. Although the results of our experiments in
a real-life sound studio is less than ideal, yet with a microphone
array that is larger in size and number of microphones, we believe
that in an ideal environment with minimal reverberations, our ap-
plication should be able to achieve results comparable to what we
have observed in simulations.

Our application can have various potential applications, many
of which are related to past research in sound source separation.
For instance, we can build upon our beamforming application to
help users that experience hard of hearing to better hear sounds.
By using our application, such users can amplify the sound coming
from a specific sound source, which may be far away and may be
competing with sources of noise. Extensions to make such an appli-
cation more possible may be to incorporate the use of a augmented
reality (AR) headset, and gaze tracking in order to help those with
impaired hearing continually amplify the sounds coming from the
sources they are visually focusing on.
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Another possible application of our application is in video and
audio editing. In particular, editors can use our application as an
artistic tool to boost the sound coming from specific video locations
post-hoc. For example, within a music video involving an orchestra,
one may want to boost the sound coming from a specific violin. This
could potentially have promising applications in music learning
and practice.

One limitation within our implementation was the use of a pre-
trained Monodepth model for our depth calculation. The existing
Monodepth2 model that was used in our application was trained
on the KITTI dataset [11], which is an environmental dataset often
used in autonomous vehicle applications. However, our application
is more likely to be used in indoor environments. Thus, it may have
been much more accurate to train on a more representative dataset
of room environments. However, the limited availability of such a
dataset, and the difficulty of creating such a dataset through taking
photos and extracting depth information, veered us away from such
an approach. However, with more time, this may have been a more
valid method to improve the depth estimate and localization of a
clicked position of an image.

Another limitation was the small set of test cases and audio clips
used in the experiments. In the interest of time and effort, we used a
smaller test set. However, in efforts of achieving generalizability for
our application, we would need to test the set on more signals and
sets. It is also necessary to extend our application to more realistic
environments with more severe reverberation and more than two
competing sounds.

7 CONCLUSION

In conclusion, we present VASLA, a system to allow for auditory
augmentation of a specific sound source in an environment, assisted
through localization using a visual source. We take advantage of
tools such as delay-and-sum beamforming and image-depth local-
ization in order to generate our complete system, which runs solely
using a camera and microphone array. Users can select a location
on a digital image of an environment, and the auditory output will
amplify the sound source coming from that location. We evaluate
our system using both a real-life audio array, as well as a simulated
audio array. Our evaluation is performed on 4 metrics of personal
perception, waveform and spectrogram comparison, SNR, and WER,
and we find that the simulated system generally performs much
better than the ground truth. We present discussion on the possible
consequences of our results, demonstrate potential applications
of the research, and mention the limitations within our method-
ology. Overall, we believe VASLA can be a useful contribution to
the immense research currently done in attempting to address the
“cocktail party problem".
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