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Abstract

Hearing aids have undergone significant evolution, transitioning into devices capable of significant compute on-ear. Next to
these computations, high demand processing in the hearing-aid system is done in a centralised device, where more compu-
tational power is available. This however requires (wireless) data transmission between these devices, which can adversely
impact battery life. Different strategies for bandwidth efficient audio source localisation for binaural hearing devices are
compared. A common strategy is to use audio codecs, like the LC3+ codec to minimise the bandwidth. Here, a bandwidth-
compressed version of a state-of-the-art cooperative system is also investigated. The co-operative model first processes the
microphone signals locally, before transmitting features to the central processor for further analysis. Lowering bandwidth
of the system implies a suitable compression of these features. The investigation encompasses various optimisations, in-
cluding the quantisation of the embedded features, adjustments to the feature dimensions, as well as modifications to time
and frequency resolutions. In general the cumulative adjustments led towards an improved performance which was slightly
below, but well comparable to, the centralised (baseline) model. Additionally, proof-of-concept experiments on knowledge
distillation and potential expansions of the cooperative model have been successfully tested.
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I. INTRODUCTION

Hearing is one of the major senses, essential for commu-
nication, creativity and even survival. As human lifespans
continue to increase, age-related hearing loss will likely lead to
a corresponding rise in the demand for hearing augmentation
— beyond what current hearing aids can offer. The binaural
nature of human hearing helps with the perception of auditory
cues such as directionality and distance estimation, which is
important for source localisation and separation. To replicate
this natural auditory experience using binaural hearing aids,
source localisation is, thus, an important first step. Typically,
the direction of arrival (DOA) is estimated in the azimuth
plane and use to inform subsequent sound separation stages [1]
and for binaural cue preservation/recreation. Existing, free
field methods for estimating DOA rely on the utilisation of
multiple microphones and/or arrays [2]-[4] to spatially sample
the sound field and, thereby, derive the DOA of the various
sources. State-of-the-art (SotA) solutions for DOA estimation
exploit deep neural networks (DNN). Typically the models
make use of convolutional neural networks (CNN) trained on
simulated audio data [5]. Temporal context was added in the

network for better tracking of moving sources [6], [7]. Tempo-
ral convolutional network (TCN) and long short-term memory
(LSTM) made temporal context in the CNN [5] possible. As
the use of free-field arrays in on-ear hearing aids is phased
out, it is essential to include the recorded hearing-device
and head-related transfer functions (HD-HRTFs) [8] of the
specific microphones in the training methodology. Processing
within the configuration of behind-the-ear (BTE) devices can
be executed either within the on-ear devices themselves or at a
centralised processing unit. The communication between these
devices can be facilitated wirelessly using protocols such as
Bluetooth low-energy (BLE). This brings up another constraint
on top of accuracy or model size: the limited bandwidth of
the communication platforms. The lossy BLE LC3+ codec
is used in the baseline model from previous work [9], [10],
where the audio data from each BTE unit is transmitted
to the central processing point, where DOA estimation is
performed. The results demonstrate that when the codec is
included in the training loop, the localisation accuracy is
on par with (or even slightly better) than the DNN trained
and tested with the full-bandwidth (uncompressed) audio.
Here, an alternative is explored where, instead of sending
audio signals directly to the central processor, each hearing
device first processes the captured audio independently. The
devices then send embedded features to the central processor
for the final DOA estimate [11].To optimise the bandwidth
in this model, several techniques are investigated such as:
quantising the feature embeddings, reducing the number of
embeddings sent per second, different input normalisation and
lowering the embedding dimension. In addition, knowledge
distillation and model expansion have been explored. The
paper is organised as follows: Section 2 first details the
two localisation paradigms and the bandwidth optimisation
considerations. Section 3 discusses the optimisations in more
detail. In Section 4, the knowledge distillation techniques that
were tested are explained. Section 5 provides an overview
of the methods used for model expansion. The experimental
evaluation and results are discussed in Section 6, followed by
the conclusions in Section 7.

II. MODELS
A. Signal model

The mth microphone signal at ear e is denoted as ye ,,, (n).
This is a combination of the contributions of J sources
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Fig. 1: The centralised localisation algorithm. Initially, the mi-
crophone signals are acquired from the LC3+ codec, followed
by the estimation of the direction of arrival (DOA) for the
incoming sound sources.

Ze,m,j(n) and additive noise ve n,(n):

J—-1

ye,m(n) = Z we,m,j(n) + 'Ue,m(n) (D

=0

where n is the sample index for a signal sampled at f; Hz.

All networks operate on the short-time Fourier transform
(STFT) representation of the microphone signals, which will
be represented as Y (k, 1), with k the frequency bin index and
[ the time frame index. This is computed with a square root
Von Hann window, frame size K and hop length L. This
representation is often chosen for speaker localisation and
separation because of the sparsity and disjointness properties
of speech signals [12] in the STFT domain.

B. Centralised localisation model

Fig.1 depicts the model architecture of the centralised model
from [9]. For this model, the microphone signals are first sent
to the central processing unit. This could either be done by
transmitting the full bandwidth signals or by using an audio
codec. As was shown in [10], the choice of codec is important.
Using the lossy LC3+ encoded signal during training resulted
in the same (or sometimes even slightly higher) localisation
accuracy than using the full bandwidth signals. This is why
the LC3+ codec, a standard codec for Bluetooth low en-
ergy, is chosen for the study here. Input features, extracted
from the full bandwidth or lossy encoded data, consist of
the sine and cosine of the short-time Fourier transform and
the normalised STFT amplitude. The normalisation of the

amplitude is performed across all microphones (channels) and
will subsequently be referred to as Nc:

sin(£LYe, m (K, 1))
Fem(k, 1) = cos(LYe m(k,1)) 2)
[Ye,m (K, 1)
with ZY,, the phase of Y.,, and Y., =

|Ye,m|/(ﬁ 254:1 |Ye.|). Here, M, = 3 is the number of
microphones in each BTE device, and M = 2M, is the total
number of microphones in the binaural setup.

At the central unit, the features are stacked along a
microphone-channel dimension in such a way that the
microphones at different ears are interleaved: F(k,l) =
[F11(k, 1), Fo1(k, 1), F12(k,1), -+ ]. Preliminary evaluations
showed this was optimal configuration for the subsequent
convolution blocks as this leads to successive convolutions
with microphones on opposite ears. The M — 1 convolu-
tional blocks (Conv) each have a kernel size of 2 along the
microphone channel dimension, and iteratively combine the
microphones of the binaural array. Note that at this stage each
time-frequency point is still processed independently.

The fully connected (FC) layer combines the narrowband
frequency content independently for each time frame. The
LSTM layer then incorporates temporal context in a causal
manner. A final Qutput FC is used to go from the latent
features towards an classifier, where each class represents a
DOA sector. The DOA resolution is decided by the number of
DOA classes I, — more classes make for a finer estimate, but
will require more training. For the multi-source case (J > 1),
the choice of a classification-based localisation was shown to
outperform regression based outputs [13].

C. Co-operative system

The centralised localisation model works well but relies on
audio codecs to reduce the bandwidth. The LC3+ codec (a
waveform codec) could lower the data throughput to 16kbps
per microphone channel and, while lossy, still did not impact
localisation performance when it was included in the train-
ing [9]. Going to even lower bitrates often requires neural
network based generative models. But these are optimised
for single-channel data transmission and do not retain spatial
information effectively [10]. Another improvement could be
provided by extracting latent features at each ear independently
and sending these to the central processor for a final DOA
estimate. Then the challenge of low bandwidth is translated
into compacting the latent feature vector in an appropriate
manner.

Such a feature sharing model is depicted in fig. 2, and
is based on the broadband-mixing, co-operative localisation
architecture (BM-CLA) of [11]. In the original paper, the goal
was to exchange information between two distributed micro-
phone arrays and improve the localisation accuracy by sharing
latent features. However, in this context, the architecture will
be repurposed to transmit low-bitrate latent features to the
central processor. This architecture shares the same underlying
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Fig. 2: The broadband mixing co-operative localisation archi-
tecture (BM-CLA). Here, the mixing of information occurs
after the FC layer, and is also performed by an inter-array
convolution.

architecture as the centralised model, which also makes them
suitable for a fair comparison.

Instead of sending the data directly to the central processor,
the same features as in eq. (2) are independently computed in
each earpiece individually. These are again combined through
M, — 1 a convolutional layers (Conv), following which the
narrowband features are combined to yield broadband informa-
tion using the fully connected layer (FC). This yields the latent
features intended for transmission to the central processor, as it
was already shown in [11] that sharing broadband information
was more beneficial than narrowband information.

D. Bandwidth reduction in the co-operative model

A convolutional encoder (Conv Enc) and decoder (Conv
Dec) along the time axis, are added in order to reduce the
bandwidth requirements to send these latent features. At the
central processor, after decoding, a final convolutional layer
combines the information from the two earpieces together. An
LSTM and final, fully connected output layer is added, to
predict source activity in each DOA sector.

The convolutional encoder can reduce the bandwidth with
three main methods. Firstly, it can reduce the feature di-
mension F, by having a smaller output dimension than
the input dimension, effectively compressing the information.
Secondly, increasing the temporal-stride .S increases the time
compression of the model, reducing the frequency of feature
transmission to the central processor. Lastly, the features can

also be quantised to further reduce the number of bits to
represent the features. The convolutional decoder is actually a
deconvolutional layer, that reverses the operation done in the
encoder. The feature dimension gets expanded again, temporal
interpolation is performed and, where feature-quantisation is
performed, the bit depth is increased to the normal 32 bit float
numbers.

E. Bandwidth considerations

The centralised system with uncompressed audio requires a
bandwidth (in bit per second (bps)) of:

BWuncompressed =2x M, x fs X b, 3)

where the bit depth () is typically 32 bits per sample.
For the codec-compressed data transmission, the bandwidth
can be calculated as:

BWeogea = 2 x M, x bit rate, “4)

where the lowest bit rate of the LC3+ codec is 16 kbits per
second.

For the co-operative networks, the bandwidth is calculated
right after the convolution encoder layer. The formula is:
Lokl ®
LxS @
which makes a clear split in the three components where the
bandwidth can be reduced. Decreasing the number of features
F per time frame, increasing either the hop length L or the
stride .S, or decreasing the bits per feature with the quantisation
factor (). Note that this BW is independent of the number
of microphones per ear, since this gets compressed with the
convolutional layers.

Note that for the centralised systems, the availability of
the audio signals at the central processor might also be
useful for other application like speech enhancement, scene
classification, efc.. Nevertheless, this is very dependant on
the application and while here is looked at the localisation
accuracy, these other applications should also be considered
in holistic implementations.

BWcooperative(]:, S7 Q) =2x F X

III. TESTED BANDWIDTH REDUCTION CONFIGURATIONS

In this section, the tested methods for improving the data
transfer in the BM-CLA model are described.

A. Experimental setup

The image-source model [14] is used to generate the room
impulse responses (RIRs) for simulating the reverberation in
the room. For the binaural hearing-aid, the head and behind-
the-ear hearing devices are simulated with the hearing-device
and head-related transfer function (HRTF). The output of the
networks P(y;) | F(m), F(m — 1), ...) is a multi-hot vector
over the DOA range for the chosen resolution, consisting of 0
(inactive sectors) and 1 (active sectors). A fixed resolution of
5° is created with I = 72 classes in the 0° to 360 ° azimuth
angle range. The baseline network has 32.25 x 10 multiply-
accumulate operations (MACs) and 10.59 x 106 parameters.
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Fig. 3: The bar plot shows average DOA accuracies (%) for models equipped with PTSQ and channel, time, frequency
amplitude normalisation. F denotes the number of features, S stands for encoder-decoder with given stride, and f stands
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The reference model is the BM-CLA model with parameters as in [11], with normalisation as the centralised model and no
quantisation. The LC3+ is the baseline equipped with the LC3+ codec. Y-axis for bandwidth is logarithmic.

B. Quantisation

Post-training static quantisation (PTSQ) is a method used
to exchange value accuracy for value compression in neu-
ral network models. This technique involves converting the
floating-point data type, typically represented with 32 bits per
feature, to an unsigned integer format with 8 bits. Utilising an
unsigned integer is viable owing to the prior rectified linear
unit (ReLU) activation function, which ensures non-negativity
of the values. Subsequently, once the values are compressed to
an integer format, they undergo decompression back to float32,
thereby affording greater flexibility during the latter stages of
network processing.

C. Number of embedded features

Modifying the number of embedded features serves to con-
strict the bottleneck within network models. This adjustment
facilitates a refined selection of broadband embedded features,
thereby ensuring the preservation of accuracy.

D. Time resolution

The latent localisation features are computed per STFT
frame and transmitted to the central processing module. The
frequency of feature transmission can be calculated using the
formula:

[s

“ILxS

When time resolution is reduced by increasing the parameter
L, only specific time sequences are considered. Alternatively,
temporal compression can be achieved by employing a convo-
lutional encoder followed by a convolutional decoder within
the network bottleneck, as illustrated in fig. 2. Unlike simple
sequence skipping, this method allows for the learning of
compression patterns while retaining all relevant information.

fr (6)

E. Frequency resolution

Numerous studies have demonstrated that low frequencies
primarily influence interaural time differences (ITD), while
high frequencies predominantly affect interaural level dif-
ferences (ILD) [15] [16]. In this context, the initial 100
frequencies are extracted from the original set of 257 fre-
quencies. Consequently, the upper frequency limit extends
only to 3125 Hz, instead of 8000 Hz. While the exclusion
of the highest frequencies simplifies the problem in terms
of calculations, it also entails a loss of detailed information.
However, such simplification may yield favorable outcomes
for the methodologies proposed in preceding sections.

F. Amplitude normalisation

The amplitude normalisation from section II-B as for the
centralised model would be ineffective for the co-operative
model due to the extra bandwidth of 2 x K x ff x b. To solve
this, normalisation over channel, frequency and time is done.
This results in only 2 x b bits per second.

IV. KNOWLEDGE DISTILLATION

For enabling smaller models in operation, knowledge distil-
lation (KD) comes in mind. A better and often bigger teacher
helps the student, often smaller model, during training for
better generalisation. Three different training schedules with
offline, online and alternate training were tested. Additionally
different teacher-student combinations were trained to test
teacher dependency. The loss function can be written as
follows:

Loss = (1 — a)BCE(yAS, y) + af I('L(gj*g7 yAT)) @)

The parameter « is a weight for the loss from the difference
between student (y°) and teacher (yT) logits which undergo
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Fig. 4: The violin plot depicts the test accuracy for on the left,
two models trained on the dataset as in [9] with 512 features F
and GRU (G) 256. The 3C denotes the one extra convolution.
With on the right, the models are trained on less data. The
most right one is trained with a teacher with 256 features.

logsoftmax and softmax. This loss is calculated with the
Kullback-Leibler (KL) loss function, a function often used in
KD [17]. This loss will be added to the original loss without
teacher, calculated with the binary cross entropy (BCE) loss
function between student logits and true labels.

A. Attention network

To make the weight o dynamic, an attempt to learn o was
elaborated with a single fully connected layer with the logits
of teacher and student as input. Here the attention network
was learned on the loss function of the student to predict the
KD weight.

B. Ensemble learning

Multiple teacher models could be deployed together [18],
this with the idea in mind for better generalisation. For
implementing the loss of these multiple teachers, the choices
between average loss or best loss were tested.

V. MODEL EXPANSION

As knowledge distillation relies on having a better teacher,
the BM-CLA models were modified to achieve the maximum
accuracy from the given data. The training data was not
increased to focus on model architecture only.

A. Circular padding

The limit of convolutions is set by the number of mics per
ear. This gives M. — 1 convolutions on every ear. By using
circular padding, this number can be incrementally increased
by one after each convolution. Consequently, additional infor-
mation could now be gathered from the intra-ear microphones.

B. Skip connection

Inter-ear information is only exchanged after the formation
of broadband features, which may result in the loss of crit-
ical information. To minimise this potential loss, amplitude
information from one microphone on each ear is shared. This
information is processed in the same manner as the other
inputs before being shared in the fully connected layer.

TABLE I: This table contains average accuracies in %. The
first half shows student accuracies (F32 L32) with different
teachers, trained for 60 and 120 epochs. The second part
compares the skip variation with the reference model. The
last part compares fully trained models with new normalisation
(Ncft) versus old normalisation (Nc).

model accuracy (%) | epochs
(KD) base-F32 L32 70.80 60
(KD) base F256-32 L32 0.2 best | 68.78 60
(KD) base F256-32 L32 «0.2 avg 67.96 60
(KD) F256-32 L32 a0.2 72.15 60
(KD) F256-32 L32 0.2 online 65.47 60
(KD) F256-32 L32 Att alternate 68.92 60
(KD) F256-32 L32 Att 69.28 60
F32L32 65.45 60
(KD) F256-32 L32 Att 73.99 120
F32 132 73.41 120
skip 83.75 120
reference 82.39 120
baseline Ncft 87.64 60
baseline 85.65 60

VI. RESULTS & DISCUSSION

As depicted in fig. 3, lowering the features, seemed to
be most beneficial for lowering bandwidth and remaining
accuracy. Additionally, the MAC number reduced as well. For
lowering the time resolution, encoder-decoders with stride (.5)
larger than one, are better than increasing hop length. For
amplitude normalisation (Ncft) with mean over all dimensions,
lowering the number of input frequencies is harmful for accu-
racy. This might be caused due to the increased importance of
low frequencies, where as in lower frequencies, the interaural
level differences become useless due to diffraction.

The F64 model approaches the performance of the LC3+
codec but still falls short. This discrepancy likely arises
because the co-operative (BM-CLA) models incorporate cross-
array/cross-ear information only at the broadband latent fea-
tures level at the central processor, leading to some information
loss. This suggests that an earlier integration of information
might be beneficial.

Knowledge distillation did not yield any improvement in
performance after full training with better teachers, trained
on the same dataset as the student. On the other hand,
training is accelerated. When teacher models are trained on
larger datasets compared to the student, knowledge distillation
significantly enhances accuracy. Potentially superior teacher
models could be developed using larger architectures trained
on more extensive datasets and incorporating an additional
convolution layer. The inter-ear amplitude information appears
to be efficiently processed within the 1D convolution layer



alongside the features. At first sight, adding an extra branch
with inter-ear information did not seem to confer a lot of
advantage.

VII. CONCLUSION

This master’s dissertation presents an improvement of the
BM-CLA model by presenting it as co-operative system aimed
at bandwidth reduction when transmitting data. Accuracy and
bandwidth were benchmarked against the centralised system
baseline, which operated on audio encoded with the lossy
LC3+ codec at 16 kbps. Models with comparable bandwidth
for data transmission exhibited comparable performance com-
pared to the LC3+ model. The BM-CLA model appeared
to reach the threshold of its learning capacity when low-
ering the features and temporal resolution simultaneously.
Interestingly, the quantisation of transmitted features did not
adversely impact performance. Using amplitude normalisation
over channel, frequency and time dimension, improved overall
performance for both the co-operative and centralised model.
A proof-of-concept for knowledge distillation in sound local-
isation tasks is successfully demonstrated. For gaining extra
performance in the BM-CLA model with no data adjustments,
adding one extra intra-ear convolution is proposed. Further
investigations could explore methods to enhance the baseline
performance of the centralised approach, employed with the
LC3+ or newer audio codec. Lastly, knowledge distillation
could be expanded by utilising larger and more advanced
teachers with exploring new training schemes such as those
employed in generative adversarial networks.
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Samenvatting—Gehoorapparaten hebben een aanzienlijke evo-
lutie doorgemaakt en zijn getransformeerd tot apparaten die
in staat zijn tot aanzienlijke berekeningen op het oor. Naast
deze berekeningen wordt verwerking met hoge eisen in het
gehoorapparaat systeem uitgevoerd in een gecentraliseerd appa-
raat, waar meer rekenkracht beschikbaar is. Dit vereist echter
(draadloze) gegevensoverdracht tussen deze apparaten, wat de
batterijduur nadelig kan beinvloeden. Verschillende strategieén
voor bandbreedte-efficiénte audio bronlokalisatie voor binaurale
gehoorapparaten worden vergeleken. Een veelgebruikte strategie
is het gebruik van audiocodecs, zoals de LC3+ codec, om de
bandbreedte te minimaliseren. Hier wordt ook een bandbreedte-
gecomprimeerde versie van een state-of-the-art gedistribueerd
systeem onderzocht. Het cooperatieve model verwerkt eerst de
microfoonsignalen lokaal voordat de functies naar de centrale
processor worden verzonden voor verdere analyse. Het verlagen
van de bandbreedte van het systeem impliceert een geschikte
compressie van deze functies. Het onderzoek omvat verschillende
optimalisaties, waaronder de kwantisatie van de ingebedde func-
ties, aanpassingen aan de functiedimensies, evenals wijzigingen
in tijd- en frequentieresoluties. In het algemeen leidden de cumu-
latieve aanpassingen tot een verbeterde prestatie die iets lager,
maar goed vergelijkbaar was met het gecentraliseerde basismo-
del. Bovendien zijn proof-of-concept experimenten met knowledge
distillation en potentiéle uitbreidingen van het cooperatieve model
succesvol getest.

Index Terms—gehoorapparaten, DNN-gebaseerde geluidsbron
detectie, bandbreedte optimalisatie, spraak codec, knowledge
distillation

I. INLEIDING

Horen is een van de belangrijkste zintuigen, essentieel
voor communicatie, creativiteit en zelfs overleven. Met een
toenemende levensverwachting zal ook het aantal mensen
met leeftijdsgebonden gehoorverlies toenemen, wat de vraag
naar geavanceerdere gehoorapparaten zal doen stijgen. De
binaurale aard van menselijk gehoor helpt bij het waarnemen
van auditieve signalen zoals richting en afstandsschatting, wat
belangrijk is voor bronlokalisatie en -scheiding. Om deze
natuurlijke auditieve ervaring na te bootsen met behulp van
binaurale gehoorapparaten, is bronlokalisatie dan ook een
belangrijke eerste stap.

Typisch wordt de richting van aankomst (DOA) geschat
in het azimutale vlak en gebruikt om de daaropvolgende
geluidscheidingsfasen [1] te informeren voor behoud/creatie
van binaurale signalen. Bestaande methoden voor het schat-
ten van DOA in vrije velden maken gebruik van meerdere
microfoons en/of arrays [2]-[4] om het geluidsveld ruimtelijk

te bemonsteren en zo de DOA van de verschillende bronnen
af te leiden. State-of-the-art (SotA) oplossingen voor DOA-
schatting maken gebruik van diepe neurale netwerken (DNN).
Gewoonlijk maken de modellen gebruik van convolutionele
neurale netwerken (CNN) getraind op gesimuleerde audiodata
[5]. Temporele context werd toegevoegd in het netwerk voor
betere tracking van bewegende bronnen [6], [7]. Temporele
convolutionele netwerken (TCN) en long short-term memory
(LSTM) maakten temporele context in de CNN [5] mogelijk.
Aangezien er afstapt wordt van het gebruik van vrijstaande
arrays, waarbij die op het oor worden gedragen in gehoor-
apparaten, is het essentieel om de opgenomen hoorapparaat-
en hoofdgerelateerde overdrachtsfuncties (HD-HRTFs) [8] van
de specifieke microfoons in de trainingsmethodologie op te
nemen.

Verwerking binnen de configuratie van de achter-het-oor
(BTE) apparaten kan worden uitgevoerd binnen de apparaten
zelf of bij een gecentraliseerde verwerkingsunit. De communi-
catie tussen deze apparaten kan draadloos worden gefaciliteerd
met behulp van protocollen zoals Bluetooth low-energy (BLE).
Dit brengt een andere beperking met zich mee naast nauw-
keurigheid of modelgrootte: de beperkte bandbreedte van de
communicatieplatformen. De ruwere BLE LC3+ codec wordt
gebruikt in het basismodel van vorig werk [9], [10], waarbij
de audiodata van elk BTE-apparaat wordt verzonden naar het
centrale verwerkingspunt, waar DOA-schatting wordt uitge-
voerd. De resultaten tonen aan dat wanneer de codec wordt
opgenomen in de trainingslus, de lokalistatie-nauwkeurigheid
vergelijkbaar is met (of zelfs iets beter dan) de DNN getraind
en getest met de volledige bandbreedte (niet-gecomprimeerde)
audio.

Hier wordt een alternatief onderzocht waarbij, in plaats van
audiosignalen rechtstreeks naar de centrale processor te sturen,
elk hoorapparaat eerst de opgenomen audio onafhankelijk
verwerkt en ingesloten functies naar de centrale processor
stuurt voor de definitieve DOA-schatting [11]. Om de band-
breedte in dit model te optimaliseren, worden verschillende
technieken onderzocht, zoals: het kwantiseren van de functie-
embeddings, het verminderen van het aantal embeddings dat
per seconde wordt verzonden, een andere invoernormalisatie
en het verlagen van de embeddingdimensie. Bovendien zijn
knowledge distillation en modelexpansie onderzocht. Het arti-
kel is als volgt georganiseerd: Sectie 2 beschrijft eerst de twee
lokalisatieparadigma’s en de overwegingen voor bandbreedte-
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Figuur 1: Het gecentraliseerde lokalisatie-algoritme. Aanvan-
kelijk worden de microfoonsignalen verkregen van de LC3+
codec, gevolgd door de schatting van de aankomsthoek (DOA)
voor de inkomende geluidsbronnen.

optimalisatie. Sectie 3 bespreekt de optimalisaties in meer
detail. In Sectie 4 worden de geteste knowledge distillati-
ontechnieken uitgelegd. Sectie 5 geeft een overzicht van de
gebruikte methoden voor modelexpansie. De experimentele
evaluatie en resultaten worden besproken in Sectie 6, gevolgd
door de conclusies in Sectie 7.

II. MODELLEN

A. Signaal model

Het mde microfoonsignaal bij oor e wordt aangeduid als
Ye.m(n). Dit is een combinatie van de bijdragen van .J bronnen
Te,m,j(n) en additieve ruis ve n,(n):

J—1
ye,m(n) = Z xe,m,j(n) + ve,m(n) (1)

=0

waarbij n de sample index is voor een signaal gesampled aan
fs hertz.

Alle netwerken werken met de short-term Fourrier trans-
form (STFT) van de microfoonsignalen, die worden weer-
gegeven als Y (k,l), waarbij k& de frequentie-index is en I
de tijdsindex. Dit wordt berekend met een over de wortel
genomen Van-Hann venster, framegrootte K en hopgrootte L.
Deze representatie wordt vaak gekozen voor sprekerlokalisatie
en -scheiding vanwege de spaarzaamheid en de gescheiden-
heidseigenschappen van spraaksignalen [12] in het STFT-
domein.

B. Gecentraliseerd lokalisatie model

Fig.1 geeft de modelarchitectuur weer van het gecentrali-
seerde model uit [9]. Voor dit model worden de microfoon-
signalen eerst naar de centrale verwerkingsunit gestuurd. Dit
kan worden gedaan door de volledige bandbreedtesignalen te
verzenden of door gebruik te maken van een audiocodec. Zoals
aangetoond in [10], is de keuze van de codec belangrijk. Het
gebruik van het ruwe LC3+ gecodeerde signaal tijdens de
training resulteerde in dezelfde (of soms zelfs iets hogere)
lokalisatienauwkeurigheid dan het gebruik van de volledige
bandbreedtesignalen. Daarom is de LC3+ codec, een standaard
codec voor Bluetooth low energy, gekozen voor de studie hier.
Invoerkenmerken, geéxtraheerd uit de volledige bandbreedte of
ruw gecodeerde data, bestaan uit de sinus en cosinus van de
short-term Fourier transformatie en de genormaliseerde STFT-
amplitude. De normalisatie van de amplitude wordt uitgevoerd
over alle microfoons (kanalen) en zal verder worden aangeduid
als Nc:

sin(£Ye (K, 1))
Fe,m(kal) = COS(ZYe,m(kal)) (2)
[Ye,m (K, )]
met /Y.,, de fase van Y., and Y, =
|Ye7m|/(ﬁ 234:1 |Ye.|). Hier is, M. = 3 het aantal

microfoons in elk BTE-apparaat, en M = 2M. is het totaal
aantal microfonen in de binaurale opstelling.

Bij de centrale computereenheid worden de features gerang-
schikt langs een microfoon-kanaaldimensie op zo’n manier
dat de microfoons bij verschillende oren worden afgewisseld:
F(k, 1) = [Fi1(k, 1), Fa1(k, 1), Fi2(k,1),,---]. Voorlopige
evaluaties toonden aan dat dit de optimale configuratie was
voor de daaropvolgende convolutieblokken, omdat dit leidt
tot opeenvolgende convoluties met microfoons aan tegenover-
gestelde oren. De M — 1 convolutionele blokken (Conv)
hebben elk een kernelgrootte van 2 langs de microfoon-
kanaaldimensie, en combineren iteratief de microfoons van de
binaurale array. Merk op dat op dit punt elk tijd-frequentiepunt
nog steeds onafthankelijk wordt verwerkt.

De volledig verbonden (FC) laag combineert de smalle
bandfrequentie-inhoud onafhankelijk voor elk tijdframe. De
LSTM laag integreert vervolgens temporele context op een
causale manier. Een laatste Output FC wordt gebruikt om van
de embedde features naar een classifier te gaan, waarbij elke
klasse een DOA-sector vertegenwoordigt. De DOA-resolutie
wordt bepaald door het aantal DOA-klassen I, — meer klassen
zorgen voor een nauwkeurigere schatting, maar vereisen meer
training. Voor het meerdere bronnen geval (J > 1), bleek
dat de keuze voor classificatiegebaseerde lokalisatie beter
presteerde dan regressiegebaseerde outputs [13].

C. Gedistribueerd systeem

Het gecentraliseerde lokalisatiemodel werkt goed, maar
vertrouwt op audiocodecs om de bandbreedte te verminde-
ren. De LC3+ codec (een golfvormcodec) kon de gegevens-
overdracht verlagen tot 16 kbps per microfoonkanaal en,
hoewel verliesgevend, had het nog steeds geen invloed op
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Figuur 2: De architectuur voor breedbandmixende gedistribu-
eerde lokalisatie (BM-CLA). Hier vindt de mix van informatie
plaats na de FC-laag, en wordt nadien ook uitgevoerd door een
inter-arrayconvolutie.

de lokalisatieprestaties wanneer deze in de training werd
opgenomen [9]. Het verlagen van de bitrates vereist vaak
neurale netwerkgebaseerde generatieve modellen. Maar deze
zijn geoptimaliseerd voor gegevensoverdracht via één kanaal
en behouden ruimtelijke informatie niet effectief [10]. Een
andere verbetering zou kunnen worden geboden door embedde
features onafhankelijk op elk oor te extraheren en deze naar
de centrale processor te sturen voor een definitieve DOA-
schatting. Vervolgens wordt de uitdaging van een lage band-
breedte vertaald naar het compact maken van de embedde
featurevector op een geschikte manier.

Een dergelijk model voor het delen en verzenden van featu-
res wordt afgebeeld in fig. 2, en is gebaseerd op de breedband-
mixende, gedistribueerde lokalisatiearchitectuur (BM-CLA)
van [11]. In het oorspronkelijke artikel was het doel om
informatie uit te wisselen tussen twee gedistribueerde mi-
crofoonarrays en de lokalisatienauwkeurigheid te verbeteren
door embedde featuers te delen. Echter, in deze context zal
de architectuur worden aangepast om embedde features met
een lage bitrate naar de centrale processor te sturen. Deze
architectuur deelt dezelfde onderliggende structuur als het
gecentraliseerde model, wat ze ook geschikt maakt voor een
eerlijke vergelijking.

In plaats van de gegevens rechtstreeks naar de centrale
processor te sturen, worden dezelfde features als in ver-
gelijking 2 afzonderlijk berekend in elk oorapparaat. Deze

worden opnieuw gecombineerd door middel van M, — 1
convolutielagen (Conv), waarna de dunne-bandige features
worden gecombineerd om breedbandinformatie te produceren
met behulp van de volledig verbonden laag (FC). Dit levert
de embedde features op die men naar de centrale processor
wenst te verzenden, omdat al is aangetoond in [11] dat het
delen van breedbandinformatie voordeliger was dan dunne-
bandinformatie.

D. Bandbreedte vermindering in het gedistribueerde model

Een convolutionele encoder (Conv Enc) en decoder (Conv
Dec) langs de tijdsas worden toegevoegd om de bandbreedte-
vereisten te verminderen om deze embedde features te ver-
zenden. Bij de centrale processor, na het decoderen, com-
bineert een laatste convolutionele laag de informatie van de
twee oorapparaten samen. Een LSTM en een laatste, volledig
verbonden uitvoerlaag worden toegevoegd om de activiteit van
de bron in elke DOA-sector te voorspellen.

De convolutionele encoder kan de bandbreedte op drie
hoofdmethoden verminderen. Ten eerste kan de featuredimen-
sie F verminderd worden door een kleinere uitvoerdimensie te
hebben dan de invoerdimensie, waardoor de informatie effec-
tief wordt gecomprimeerd. Ten tweede verhoogt het vergroten
van de tijdsprong S de tijdscompressie van het model, waar-
door de frequentie van de functieoverdracht naar de centrale
processor wordt verlaagd. Ten slotte kunnen de features ook
worden gekwantiseerd om het aantal bits om de features voor
te stellen verder te verminderen. De convolutionele decoder
is eigenlijk een deconvolutionele laag, die de bewerking die
in de encoder zijn uitgevoerd, omkeert. De featuredimensie
wordt opnieuw uitgebreid, temporale interpolatie wordt uitge-
voerd en, waar feature-kwantisering wordt uitgevoerd, wordt
de bitdiepte nadien opnieuw verhoogd tot de normale 32-bit
floating point-nummers.

E. Bandbreedte berekeningen

Het gecentraliseerde systeem met niet-gecomprimeerd ge-
luid heeft een bandbreedte (bits per seconde(bps)) van:

BWuncompressed =2x Me X fs X bv (3)

Waarbij de bitdiepte (b) meestal gelijk is aan 32 bits per
sample.

De bandbreedte voor data transmissie met codec kan als
volgt berekend worden:

BWeoged = 2 X M, x bit rate 4)

Met de laagste bit rate van 16 kbits per seconde voor de LC3+
codec.

Voor gedistribueerde netwerken wordt de bandbreedte be-
rekend net achter de convolutionele encoder laag. De formule
gaat als volgt:

o b
LxS @
Dit maakt een duidelijke splitsing in de drie componenten
waar de bandbreedte kan worden verminderd. Verminderen

BWcoéperatief(F7 S, Q) =2x F X (5)
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van het aantal features F per tijdsframe, het vergroten van
de hop-grootte L of de stapgrootte S, of het verminderen
van het aantal bits per feature met de kwantisatiefactor Q.
Merk op dat deze bandbreedte onafhankelijk is van het aantal
microfoons per oor, aangezien dit wordt gecomprimeerd met
de convolutionele lagen.

Merk op dat voor het gecentraliseerd systeem de beschik-
baarheid van de audiosignalen bij de centrale processor ook
nuttig kan zijn voor andere toepassingen zoals spraakverbete-
ring, sceneclassificatie, etc. Dit is echter zeer afthankelijk van
de toepassing en hoewel hier alleen gekeken wordt naar de
localisatie nauwkeurigheid, moeten deze andere toepassingen
ook worden overwogen in volledig uitgewerkte implementa-
ties.

III. BANDBREEDTE REDUCTIETECHNIEKEN

Deze sectie beschrijft de geteste methode voor het verbete-
ren van de data wisselwerking in het BM-CLA model.

A. Experimentele configuratie

Het image-source model [14] wordt gebruikt om de kamer
impulsantwoorden (RIRs) te genereren voor het simuleren van
de nagalm in de kamer. Voor het binaurale hoortoestel worden
het hoofd en de achter-het-oor hoortoestellen gesimuleerd
met de hoortoestel- en hoofd-gerelateerde overdrachtsfunctie
(HRTF).

De output van de netwerken P(p;) | F'(m), F(m—1), ...)
is een multi-hot vector met een DOA range hetzelfde als de
gekozen resolutie, bestaande uit 0 (inactieve sectoren) en 1
(active sectoren). Een vaste resolutie van 5° met I = 72
klassen is gekozen voor een 0° tot 360° azimut breedte.
Het basismodel bestaat uit 32.75 x 10° multiply-accumulate
operaties (MAC) en 10.59 x 10 parameters.

B. Kwantisatie

Post-training static quantisation (PTSQ) is een methode die
gebruikt wordt voor compressie van de waarden in neurale
netwerk modellen. Deze techniek houdt in dat het floating-
point datatype, dat typisch wordt weergegeven met 32 bits
per feature, wordt omgezet naar een unsigned integer formaat
met 8§ bits. Het gebruik van een unsigned integer is haalbaar
dankzij de voorafgaande gelijkrichter (ReLU) activatiefunctie,
die zorgt voor niet-negativiteit van de waarden. Vervolgens, zo-
dra de waarden zijn gecomprimeerd naar een integer formaat,
worden ze weer gedecomprimeerd naar float32. Dit biedt meer
flexibiliteit tijdens de latere stadia van de netwerkverwerking.

C. Aantal van embedde features

Het aanpassen van het aantal embedde features zorgt voor
een vernauwing van het knelpunt in de modellen. Deze ver-
anderingen verzorgen een verfijnde selectie van breedband-
embedde features. Hierbij wordt de nauwkeurigheid, voor het
mogelijke, gewaarborgd.

D. Resolutie in tijd

De ingebedde localisatie features zijn berekend per STFT
frame en dan verzonden naar de centrale berekeningseenheid.
De frequentie van deze handeling kan worden berekend als

volgt: P
fr= LxS ©

Wanneer de tijdresolutie wordt verminderd door de parameter
L te verhogen, worden alleen specifieke tijdreeksen in be-
schouwing genomen. Als alternatief kan temporele compressie
worden bereikt door het gebruik van een convolutionele en-
coder, gevolgd door een convolutionele decoder binnen het
nerwerkknelpunt, zoals geillustreerd in Fig.2. In tegenstelling
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Figuur 4: De vioolplot toont de testnauwkeurigheid. Aan de
linkerkant zijn twee modellen te zien die getraind zijn op de
dataset zoals in [9] met 512 features F en GRU (G) 256. De
3C duidt op één extra convolutie. Aan de rechterkant zijn de
modellen te zien die met minder data zijn getraind. Het meest
rechtse model is getraind met een teacher met 256 features.

tot eenvoudig de reeksen over te slaan, maakt deze methode het
mogelijk om compressiepatronen te leren terwijl alle relevante
informatie behouden blijft.

E. Resolutie in frequentie

Talrijke studies hebben aangetoond dat lage frequenties
voornamelijk invloed hebben op interaurale tijdverschillen
(ITD), terwijl hoge frequenties voornamelijk invloed hebben
op interaurale niveauverschillen (ILD) [15] [16]. In dit verband
worden de eerste 100 frequenties uit de oorspronkelijke set
van 257 frequenties gehaald. Daardoor strekt de bovengrens
van de frequentie zich slechts uit tot 3125 Hz, in plaats van
8000 Hz. Hoewel het uitsluiten van de hoogste frequenties
het probleem vereenvoudigt op mathematisch niveau, gaat dit
ook gepaard met een verlies aan gedetailleerde informatie.
Echter, een dergelijke vereenvoudiging kan gunstige resultaten
opleveren voor de methoden die in voorgaande secties zijn
voorgesteld.

FE. Normalisatie van de amplitude

De amplitude-normalisatie uit sectie II-B zoals voor het ge-
centraliseerde model, zou ineffectief zijn voor het cooperatieve
model vanwege de extra bandbreedte van 2x K x ff xb. Om dit
op te lossen, wordt normalisatie over het kanaal, frequentie en
tijd uitgevoerd. Dit resulteert in slechts 2 x b bits per seconde.

IV. KNOWLEDGE DISTILLATION

Om kleinere modellen operationeel te maken, komt know-
ledge distillation (KD) naar voor. Een betere en vaak grotere
teacher helpt de student, vaak een kleiner model, tijdens de

training voor betere generalisatie. Drie verschillende trainings-
schema’s met offline, online en afwisselende training werden
getest. Daarnaast werden verschillende leeraar-student combi-
naties getraind om de afthankelijkheid van de leraar te testen.
De verliesfunctie (loss) kan als volgt worden geschreven:

Loss = (1 — a)BCE(yS,y) + o KL(yS,yT)) (1)

De parameter « is een gewicht voor het verlies uit het verschil
tussen de waarden van de voorspellingen van de student (y°)
en de leraar (y7), die worden onderworpen aan logsoftmax
en softmax. Dit verlies wordt berekend met de Kullback-
Leibler (KL) verliesfunctie, die vaak wordt gebruikt in KD.
Dit verlies wordt toegevoegd aan het originele verlies zonder
leraar, dat wordt berekend met de binomiale kruisentropie
(BCE) verliesfunctie tussen de voorspellingen van de student
en de ware labels.

A. Attentie netwerk

Voor een dynamisch gewicht o, werd er geprobeerd om het
gewicht te leren met een enkele volledig verbonden laag met
de predictied van de leraar en de student als invoer. Hierbij
werd het attentienetwerk geleerd op de verliesfunctie van de
student om het KD-gewicht te voorspellen.

B. Ensemble leren

Meerdere leraarmodellen kunnen samen worden ingezet
[17], met het idee om een betere generalisatie te verkrijgen.
Voor het implementeren van het verlies van deze meerdere
leraren werden keuzes tussen gemiddeld verlies of best verlies
getest.

V. MODEL EXPANSIE

Aangezien knowledge distillation afhankelijk is van het
hebben van een betere leraar, werden de BM-CLA-modellen
aangepast om de maximale nauwkeurigheid uit de gegeven
data te halen. De trainingsdata werd niet vergroot om zich
alleen te kunnen richten op de modelarchitectuur.

A. Circulaire opvulling

De limiet van convoluties wordt bepaald door het aantal
microfoons per oor. Dit resulteert in M, — 1 convoluties op
elk oor. Door circulaire padding te gebruiken, kan dit aantal
stapsgewijs met één worden verhoogd na elke convolutie.
Hierdoor kan aanvullende informatie worden verzameld van
de intra-oor microfoons.

B. Overbruggende connectie

Inter-oor informatie wordt pas uitgewisseld na de vorming
van breedbandfeatures, wat kan leiden tot het verlies van
cruciale informatie. Om dit mogelijke verlies te minimaliseren,
wordt amplitude-informatie van één microfoon aan elk oor
gedeeld. Deze informatie wordt op dezelfde manier verwerkt
als de andere invoergegevens voordat ze worden gedeeld in de
volledig verbonden laag.



Tabel I: Gemiddelde nauwkeurigheden in procenten wor-
den weergegeven in deze tabel. Het eerste deel toont de
nauwkeurigheid van studenten (F32L32) met verschillende
leraren, getraind gedurende 60 en 120 epochs. Het tweede
deel vergelijkt de skip-variant met het referentiemodel. Het
laatste deel vergelijkt volledig getrainde modellen met nieuwe
normalisatie (Ncft) versus oude normalisatie (Nc).

model accuracy (%) | epochs
(KD) base-F32 L32 70.80 60
(KD) base F256-32 L32 0.2 best | 68.78 60
(KD) base F256-32 L32 0.2 avg | 67.96 60
(KD) F256-32 L32 a0.2 72.15 60
(KD) F256-32 L32 0.2 online 65.47 60
(KD) F256-32 L32 Att alternate 68.92 60
(KD) F256-32 L32 Att 69.28 60
F32 132 65.45 60
(KD) F256-32 L32 Att 73.99 120
F32 132 73.41 120
skip 83.75 120
reference 82.39 120
baseline Ncft 87.64 60
baseline 85.65 60

VI. RESULTATEN & DISCUSSIE

Zoals weergegeven in fig. 3, leek het verlagen van de
features het meest gunstig om de bandbreedte te verlagen
en de nauwkeurigheid te behouden. Bovendien verminderde
ook het aantal MAC’s. Voor het verlagen van de tijdsresolutie
zijn encoder-decoders met een stride (S) groter dan één
beter dan het vergroten van de hoplengte. Voor amplitude-
normalisatie (Ncft) met het gemiddelde over alle dimensies
is het verlagen van het aantal invoerfrequenties schadelijk
voor de nauwkeurigheid. Dit kan worden veroorzaakt door
het grotere belang van lage frequenties, waarbij bij lagere
frequenties de interaurale amplitudeverschillen door diffractie
nutteloos worden.

Het model 764 benadert de prestaties van de LC3+ codec,
maar komt toch tekort. Deze discrepantie ontstaat waarschijn-
lijk doordat de codperatieve (BM-CLA) modellen alleen op
het niveau van de breedband embedde features op de centrale
processor informatie tussen arrays/oren integreren, wat leidt tot
enig informatieverlies. Dit suggereert dat een eerdere integratie
van informatie gunstig zou kunnen zijn.

Knowledge distillation leverde geen verbetering op in pres-
taties na volledige training met betere leraren, getraind op
dezelfde dataset als de student. Aan de andere kant wordt
de training versneld. Wanneer leraarmodellen worden getraind
op grotere datasets in vergelijking met de student, verbetert
knowledge distillation de nauwkeurigheid aanzienlijk. Moge-
lijk kunnen superieure lerarenmodellen worden ontwikkeld
met behulp van grotere architecturen die zijn getraind op
uitgebreidere datasets en het opnemen van een extra convo-
lutielaag. De inter-oor amplitude-informatie lijkt efficiént te
worden verwerkt binnen de 1D-convolutielaag in de vorm van
features. Op het eerste zicht leek het toevoegen van een extra
tak met inter-oor informatie niet veel voordeel te bieden.

VII. CONCLUSIE

Een verbetering van het BM-CLA-model werd uitgewerkt
door het te presenteren als een gedistribueerd systeem gericht
op het verlagen van de bandbreedte bij het verzenden van
gegevens. Nauwkeurigheid en bandbreedte werden vergeleken
met de basismodel van het gecentraliseerde systeem, dat
werkte met audio gecodeerd met de verliesgevende LC3+
codec op 16 kbps. Modellen met vergelijkbare bandbreedte
voor gegevensoverdracht vertoonden vergelijkbare prestaties
in vergelijking met het LC3+ model. Het leek erop dat het
BM-CLA-model de drempel van zijn leercapaciteit bereikte
toen de features en de temporale resolutie tegelijkertijd werden
verlaagd. Interessant genoeg had de kwantisatie van verzonden
features geen nadelige invloed op de prestaties. Het gebruik
van amplitude-normalisatie over de kanaal-, frequentie- en
tijddimensies verbeterde over het algemeen de prestaties van
zowel het cooperatieve als het gecentraliseerde model. Een
proof-of-concept voor knowledge distillation bij geluidsloka-
lisatietaken wordt succesvol gedemonstreerd. Om extra pres-
taties te behalen in het BM-CLA-model zonder gegevens-
aanpassingen voor te stellen, wordt het toevoegen van één
extra intra-oor-convolutie voorgesteld. Verdere onderzoeken
zouden methoden kunnen verkennen om de al indrukwekkende
prestaties van het gecentraliseerde model te verbeteren, toege-
past met de LC3+ of een nieuwere audiocodec. Ten slotte
zou knowledge distillation kunnen worden uitgebreid door
gebruik te maken van grotere en geavanceerdere leraren en
het verkennen van nieuwe trainingsmethoden zoals die worden
gebruikt in generatieve tegenstandernetwerken (GAN).
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Introduction

Hearing aids are improving in a fast pace. This is important for making them more accessible for everyone and having a
better user experience. For aiming to these goals, simpler hardware should be used. This can make the device more durable
and sustainable. In order to not lower the quality of the hearing aid, better software should be used.

The quality of hearing aids can be assessed on different topics. Some examples are, source separation, sound localisation,
noise cancelling, sound clarity, occlusion, battery life, comfort, durability, etc.

The focus in this thesis lays on sound localisation and battery life. The sound localisation is important for humans in order
to pay better attention and awareness for sounds.

Software modifications can help improving computational efficiency. This can be done by adjusting the used software algo-
rithm in many ways. In this thesis, a deep learning model is taken under the loop in order to reduce the amount of data that
are transferred in the used algorithm. The data in the used algorithm will be transferred with Bluetooth low energy. The
results of this model will be compared with a baseline from another approach using a codec.

The scope for hearing aids will lay on behind-the-ear (BTE) hearing aids. No real life tests were further done. All tests were
done in a virtual setup with simulated and recorded data. Currently existing machine learning models are good performing.
These models will be taken as a reference measurement during this research.

1.1 Sound localisation for hearing aids

One of the primary challenges for hearing aid users is understanding speech in noisy environments. Source localisation en-
ables hearing aids to distinguish between the sound source of interest and background noise. This selective amplification
improves speech intelligibility and comprehension. Sound localisation is vital for spatial awareness. It allows users to iden-
tify the direction of sounds, such as approaching vehicles, alarms, or someone calling out. This is crucial for navigation and
personal safety in everyday environments. Furthermore, good localisation restores a more natural listening experience. It
helps in recreating a sense of space and distance, allowing users to feel more connected to their environment and enhancing
social interactions. By providing clearer sound quality and reducing background noise, source localisation can significantly
reduce the cognitive load and listening effort for hearing aid users. This leads to less fatigue and a more comfortable listen-
ing experience. In hearing aids binaural hearing is supported, where both ears work together to process sounds. This results
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in better sound quality, balance, and clarity.

111 Diffuse field

Indoor sound localisation faces significant challenges due to the diffuse field effect. In such environments, sound waves
reflect off multiple surfaces while creating overlapping reflections and reverberations. This leads to multipath interference,
making it difficult to determine the direct sound path. Reverberation further complicates the situation by mixing direct
sound with prolonged reflections, obscuring the sound source. The diffuse field causes ambiguity in direction detection and
reduces the signal-to-noise ratio, complicating localisation. Additionally, frequency-dependent effects distort the sound
signal, as different frequencies are absorbed or reflected differently.

11.2 Hardware layout

No hardware will be tested but the software should be used on the end user its devices. Therefore the software should be
optimised for its user utilisation. The hearing aid technologies will consist out of multiple wireless connected devices. The
ear devices themselves and a central unit.

1.2 Behind-the-ear hearing aids

Figure 1.1: BTE hearing aid configuration (Signia, 2023)

One of the main challenges in inter-ear communication is balancing data transmission rates with power consumption. BTE
devices must transmit data effectively while conserving battery life. Ensuring real-time communication between devices is
crucial for natural sound perception. High latency can disrupt the synchronisation between the two ears, leading to a dis-
jointed auditory experience. Transmitting complex auditory data at low rates without significant loss of quality is challeng-
ing. Effective compression algorithms that do not compromise sound quality are essential. The algorithms, often artificial
intelligence models with deep neural networks (DNN), must adapt to varying acoustic environments in real-time. This with
posing a computational challenge at low data rates.

Despite remarkable advancements, there are still areas for improvement. For instance, in complex auditory scenes with
multiple sound sources, distinguishing individual sources remains a challenge. Additionally, the adaptability of DNNs in
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rapidly changing environments needs further enhancement.

Future research could focus on optimising DNN architectures for more efficient low-rate data transmission, improving battery
technology for longer device life and developing more advanced algorithms for real-time environmental adaptability and
sound source separation.

BTE hearing aids with DNN-based low data rate inter-ear communication represents a significant leap in auditory technology,
offering users an improved listening experience. However, the quest for energy-efficient, real-time processing with minimal
data loss remains ongoing, with ample scope for future research and development in this field.

1.3 Compared models

Methods for sound localisation exist with being excellent for indoor sound localisation. unfortunately, for the two methods
in the scope of this master’s dissertation, only one of the models is already optimised for use in BTE hearing aids. The
optimised model will be called the centralised baseline and is explained in Section &.4. The second model using a broadband
mixing co-operative localisation architecture, lacks in efficient use of bandwidth during operation, this will be explained in

i3

1.4 Research questions and objectives

The primary aim of this master's dissertation is to explore methods to reduce energy use for the broadband mixing co-
operative localisation architecture, with primary scope on reducing the bandwidth. The research questions that guide this
study are as following:

1. Research question: What methods to reduce bandwidth, have lowest impact on accuracy performance?
Objective: Explore dimensions and parameters that can be adjusted to reduce bandwidth during data transmission.
Testing variations of architecture, input data, transmission data size.

2. Research question: Is it possible to reduce computational complexity without loss of performance?
Objective: Investigating common knowledge distillation techniques from the field of image classification and see
if knowledge distillation is possible for sound localisation with BTE hearing aids. Testing different teacher-student
methods and training schedules.

3. Research question: What model expansion techniques improve model accuracy the most?
Objective: Testing extra layer configurations and data streams through the model to improve accuracy on the same
training dataset.
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The study field of source localisation is a research topic for many decades in many fields. In the audio field everything
started with algorithms based on signal processing. Later on, machine learning models had it's breakthrough in exceeding
the performance of the signal processing approaches, especially in various realistic environments. Hereby the used machine
learning techniques and previous works will be discussed.

2.1 Human hearing limits

Every person has different boundaries in hearing. From sound source localisation to audible frequency limits. The frequency
range of audibility is from 20 Hz to 20 kHz. These are the lower and upper bounds in the available measurements for most
young, otologically normal listeners. For most people the highest audible frequencies are much lower. For children upper
bounds of 16-18 kHz and for adults 14 kHz are more common. Humans tend to be most sensitive for frequencies in range
0f 1000 Hz to 2000 Hz. When certain loud sounds are present, the sound immediately after might be undetectable. This is
called fatigue or masking phenomenon [[2].

In the work of [13] the (absolute) minimal audible field (MAF) and minimal audible pressure (MAP) thresholds are studied.
They observed that the hearing sensitivity thresholds below 1000 Hz and above 4000 Hz show a loss of 6 dB/octave and 24
dB/octave in sound pressure level (SPL) respectively.

Humans can localise sound sources very well. Although, localisation failures occur when two sources' direct path come in
short after each other. This phenomenon is called the precedence effect [4].

2.2 Sound localisation

First, the main aspects in sound localisation will be reviewed, starting from the characteristics of the sound waves. These
sound waves have interaction with their environment which results in new situations for sound localisation. Approaches to
interact with this effect will be discussed here.
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2.2.1 Physical characteristics of sound

Sound can be described as longitudinal pressure waves, whom travel through air or other media. Basic characteristics are
wave length or frequency, amplitude, phase and propagation velocity. These characteristics determine the perceived pitch,
loudness and direction of the sound. The regular way of working with sound signals is usual in the time domain. For further
exploration of the sound signal, the frequency domain is used.

2.2.2 Short-term Fourrier transform

Short-term Fourrier transform (STFT) is a useful technique for getting frequency information over time[l5]. The result of a
STFT can be plotted in a three dimensional way. This is called a spectrogram when the amplitude is squared. Starting with a
discrete sampled signal zz[n] with a fixed sampling rate f, and a discrete window function w[n] with length V. Here the
length IV of the window function determines the duration of the STFT frames, which amounts to IV / f seconds. A trade
off in resolution is made in time or frequency depending on the window size. Windows are shifted with a sample jump of L
samples. The hop size L should be smaller than the window size /N to have overlap. This will preserve information in the
window borders depending to it's previous and following frames. The mathematical representation is given as
N—-1

STFT : zn] = X (k1) = Z z[n + mL] wln] e 72 /N 21
n=0

with [ is the time frame index and & the frequency bin index.

2.2.3 Room acoustics and room impulse responses
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Figure 21: Room impulse response of gunshot (ProSoundWeb - EH Media LLC, 2022)
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Room acoustic refers to the way sound behaves in an enclosed space. The nature of this behavior is influenced by the
size and shape of the room, materials used in its construction and the objects present in the room. In any room, sound
waves are reflected, absorbed, and diffused by walls, ceilings, floors, and objects. Hard surfaces tend to reflect sound, while
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softer materials like curtains or carpets absorb sound. The balance of these elements determines the room's acoustical
characteristics.

The reverberation time (RT60) is the time to decay by 60dB in a closed space. The RT60 will depend on various factors like
the room properties but also the conditions the room is in, like humidity and temperature.

Aroom impulse response (RIR) is an equation in audio signal processing to measure the acoustic characteristics of a roomin
response to an impulse-Llike sound source. Here room is seen as a system and the behaviour in time is measured. It captures
how sound emitted from a source is altered by the room environment before being received at a specific point such as a
microphone or a listener's ear.

A RIR consists out of three main parts. In the direct path, the sound travels directly from the source to the receiver without
any reflection. Next, the early reflections come from surfaces like walls, ceiling and floor that reach shortly after the direct
sound. These waves provide spatial and textural cues about the room. Lastly, there is a reverberation tail which is the
decaying sound caused by numerous reflections within the room.

Image source model
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Figure 2.2: "Geometrical representation of direct sound wave (solid red line), 1st-order reflection paths (solid blue lines) and
the 2nd-order reflection paths (solid black line). The letter S and R refers to a sound source and the receiver " [[1] (Anjana
Rathnayake, 2019)

The Image Source Model is a mathematical method used to simulate the effect of room acoustics on sound propagation
[16]. It is particularly effective for predicting early reflections in a room. In order to do this, the model creates virtual sound
sources, called "image sources”, outside the actual room boundaries. These image sources represent reflections of the real
sound source of the room surfaces. Due to computational complexity, the late dense reverberation is done using other
methods like ray tracing.
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2.2.4 Binaural hearing

Good hearing is crucial for everyday tasks such as understanding speech in noisy environments, identifying the location of
potential dangers, speakers, and navigating through space. Binaural hearing helps to locate these sources and especially
when multiple sources are present [I7]. The use in hearing aids creates a more natural and immersive listening experience.

Each person has a unique way in which sounds are filtered by their head, torso, and external ears (pinnae) before reaching
the eardrum. The head creates the shadow effect for the incoming sound [18]. These physiological filters add subtle cues
to the sound that help in localising sources in both the horizontal and vertical planes. The head-related transfer function
(HRTF) varies from person to person and is a complex function of the sound with different sound source directions.

Binaural features

The use of multiple microphones is necessary in sound source localisation for the reason that binaural features are extracted
from the received signal differences like time differences of arrival. Multiple variations of array architectures can exist to
maximise these differences in all sorts of sound arrival directions. The latter will not be further discussed.

Time difference of arrival (TDOA) or interaural time difference (ITD) is a crucial concept in signal processing and localisation,
often employed in various fields, including acoustics and wireless communications. TDOA represents the time delay between
the arrivals of a signal at multiple receivers. This feature is frequency-dependent. This is because when the frequency
increases, the wavelength decreases. Following this, the time difference between the receivers will become smaller and
independent from the sound source localisation. Human and animals use this feature as well[9]. Mathematically, TDOA for
one frequency can be expressed as,

TDOA = D (2.2)
c

with D the Euclidean distance between two receivers and ¢ the propagation speed of sound. Interaural level difference
(ILD) refers to the difference in intensity or level between two channels or sensors. Just like TDOA, human and animals make
use of this as well. In [20] human hearing behaviour is being compared with neural network behaviour using these features
and different types of dataset processing to create a natural environment.

Inthe works [21] [22], ITD and ILD are performing good as input features for neural networks built for binaural sound source
localisation in 2D and 3D with both noisy and reverberant environments.

According to the research in [23], sound localisation depends on two binaural (ILD and ITD) and one monaural (HRTF) types of
cue. A change in used cues takes place around 1500 Hz, with ITD below and ILD used above. Due to this change, the binaural
cues give a 'gray area’ between 1000 and 3000 Hz. Here the binaural cues are inefficient. With frequencies below 1000 Hz
or wave length 0.343 m, the waves can bend around the head due to diffraction. This results in minimal ILD while higher
frequencies are better covered by the shadow effect of the head and less prone to diffraction. The ITD on the other hand works
best with low frequencies with waves larger then the distance between the ears. However, at higher frequencies, where
wavelengths are shorter than the head, multiple phase cycles can occur between the ears. This leads to phase ambiguity,
making ITD hard to impossible.
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Head-related transfer function

Because hearing aids are placed on the ear, the head can block the sound and have an impact on the sound waves. In order
to simulate the effects of the head, ears and torso, a head-related transfer function is used. This function is obtained by
measuring the signals in an anechoic chamber with person or dummy heads wearing hearing aids. Because everyone's ears
and heads properties are different, a head-related transfer function is personal [24][25].

Binaural room impulse response

Abinaural room impulse response (BRIR) is a measure of how a room transforms sound from a point in space to the receivers
interpretation. It captures not only the room’s acoustical properties but also the spatial characteristics of sound, including
direction and distance. One way to capture BRIR’s, is using a mannequin with microphones placed in the ears or using
specialised microphone setups. The impulse response is recorded by playing a sound (often a short burst or sweep) from a
speaker in the room and recording how it arrives at the listener’s position. Another method is to convolve a HRTF with a RIR.

For calculating the BRIR for every azimuth angle the following is done in the time domain.

The hg,- is calculated for every image source ¢ with

fdl

B () = Z(%)iHann(s)sinc(a(t)s) 23)

s=0

d = Euclidean distance (mic, img source) fdl = length of the fractional delay filter

The distance travelled by sound is directly proportional with the propagation time. Due to possible smaller propagation times
than the sample frequency supports, the fractions of samples could be taken in account as well. For reducing computing
complexity a look up table is used to find a together with linear interpolation for achieving the higher accuracy of the sinc
filter. A Hanning window is used to get rid of discontinuities at the filter ends which could lead towards spectral leakage.

Sinc filter Hanning window
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sin(mn
sine(n) = sin(mn) (2.4)
™m
2mn . .
WHann(n) = 0.5 (1 — cos(N 1)) N = window size (2.5)
The air absorption is taken into consideration using this formula:
ag = e’%vdt dy = tyravelied * 343 ~ = absorption factor for that frequency band (2.6)

The absorption factor is frequency dependent, therefor the air decay (a) is calculated for every octave band (table P1). This
is more accurate than only using one absorption constant because the RIRs will be used with vocal sounds which contain
multiple frequencies. After this is done, all the decays are summed per channel to achieve the total impact of the air. The
process is repeated for every image source.
order
horie = ) Wopiy * My 27)

1=0

For every reverberated wave, the convolution with the corresponding room impulse response h,-;;- is taken with impulse
response of the head-related transfer function for sound coming from that direction Ay, .

Table 2.1: Used octave bands for calculating RIRs.

octave bands | 125 | 250 | 500 | 1000 | 2000 | 4000 | 8000 |

2.2.5 Beamforming

Beamforming is a signal processing technique used in sound source localisation that involves manipulating the phase and
amplitude of signals received by an array of microphones to create a directional focus. Multiple microphone arrays are
necessary. The spacing and pattern of this array are crucial for its directional sensitivity. The TDOA is key for beamforming.

Beamforming enhances the signal from a specific direction while suppressing noise and signals from other directions. By
aligning the adjusted signals, using the phase and amplitude, a zone of sensitivity towards the source direction is received.

Limitations are set when the microphones are placed closely together. The real world factors like noise and reverberation
form a problem as well. For hearing devices, the physical presence of the device can create an occlusion effect, altering
the natural perception of sound. Beamforming can sometimes alter or suppress spatial cues that are important for natural
hearing and sound localisation. This can lead to a less natural listening experience or difficulties in perceiving the auditory
scene. Lastly multiple sources are sometimes difficult to distinguish.
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2.2.6 Steered response-power phase transform

The steered response-power phase transform (SRP-PHAT) algorithm is a popular one-stage method used for sound source
localisation in environments with multiple microphones[26] [27] [28]. By Estimating the TDOA using generalised cross
correlation (GCQ), the source location can be found. For two microphones, receiving signals x; and x5 with time difference
7 and impulse response functions A3 and ho the GCC can be written as:

12y (T) = E{@1(t) * R (8))(w2(t + 7) * ha(1))} (28)
For identifying the location of the sound source, the point where this spectrum reaches its maximum is used.
T =argmaz {p%, ., (7)} (29)

This method can be extended to the frequency domain by using Parseval's theorem where the cross power spectral density
plays a significant role to normalise the amplitude.

ores (1) = / Hy(F)HS () boraa ()7 d 210)

The algorithm combines the generalised cross-correlation method with phase transform weighting (¢,.1,.2), which enhances
its robustness against noise and reverberation. The PHAT weight function for normalisation can be written as follows:

1
T [H(HH; ()]

This technique is well-regarded for its accuracy particularly in complex acoustic environments. The major drawback is the

Gy (f) 211)

presence of multiple local maximum for the direction of arrival.

2.2.7 Multiple signal classification

The multiple signal classification (MUSIC) algorithm is a popular method for sound source localisation in array signal processing[29]
[30] [28]. It estimates the direction of arrival (DOA) of multiple sources by exploiting the eigenstructure of the covariance
matrix S of sensor array data. The M incoming signals from multiple sources D can be written in complex form as matrices.

The MUSIC algorithm is limited to the constraint of M>D. X is the signals matrix with A the matrix of directional mode vectors,

F the complex values corresponding to the received signals phase and amplitude and W the sensed noise.

X=AF+W 212)

SE&2XX*=AFF*A* + WW* (213)

When assuming the incident signal and noise are uncorrelated, the signal can be written as following with P singular.

S = APA* 4+ X\ninSo Amin = 0 Amin = Min noise variance (214)

10
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When ordered eigenvalues of S in a decreasing order, the corresponding eigenvectors of the p highest values span the signal
subspace. The noise subspace consists of the remaining vectors and is perpendicular to the signal subspace.

A vector from the signal space a(6) should be perpendicular to all the vectors of the noise subspace {vi}f‘ipﬂ . In order
to measure the orthogonality, the Euclidean distance is taken.

M
&* =|| Exa(0) |>= a*(0)ExExa(0) = > |a*(0)vil? (215)
i=p+1

The peaks of the DOA can be found with the reciprocal of the orthogonality distance.

1

pi (216)

Pryusic(0) =

This approach results in high-resolution DOA estimation, especially effective in scenarios with multiple sources and in the
presence of noise.

2.3 Machine learning

Machine learning and especially neural networks form today’s state-of-the-art algorithms for many prediction and recog-
nition tasks. For audio, machine learning has proven many good results with different types of network architectures. When
deep neural networks (DNN) are used for sound source localisation, they typically process spatial and temporal information
from microphone arrays to identify the location of sound sources. However, unlike beamforming, DNNs do not explicitly
compute directional gains or apply phase delays to steer the array’s sensitivity. Instead, they learn to infer source loca-
tions from complex patterns in the data, which can include spatial cues like time differences of arrival, level differences
between microphones but also more abstract features that are not directly related to the known physical principles of sound
propagation.

2.31 Neural networks

Neural networks are a group of state-of-the-art machine learning architectures. The amount of nodes and layers will give
a trade off between generalisation and complexity of the network. A network with fully connected layers and activation
functions can be seen in fig. @ Due to the activation functions (fig. @) the network has the possibility to learn non linear
complex problems. Training the network on data exists of two main sequences, forward and backward propagation. During
the forward propagation, the predictions with the current state of the network are done. Then a loss difference is calculated
between the predicted value and true value. The loss function will decide how the loss is calculated and depends on the task
and requirements of the network[31]. With this loss the weights are updated for better functionality.

The mean squared error or L2 loss always gives a positive loss. As result of using the squared loss, big mistakes have more
affect than small mistakes. So the model is encouraged to make more small mistakes over less big mistakes.

loss(x,y) = (z — y)* (217)

1
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Cross entropy (CE) loss reflects the difference between the predicted distribution and the true distribution. This loss is mostly
used in classification tasks. In eq. (218) IV is the number of classes.

N
loss(z,y) = — Z ylog(y) (218)
i=1

Just like the CE loss, the Kullback-Leibler (KL) divergence loss compares the distribution of the output and true values. The
difference is, KL loss does not only take prediction confidence in consideration to calculate the loss.

loss(z,y) = ylog(=) (219)
RelU Sigmoid Tanh Thresheld
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Figure 2.5: Popular activation functions used in neural networks to learn complex patterns. (Tashmit, 2020)

INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Figure 2.6: Neural network with fully connected layers. Input, hidden and output layers with activations shown. X is the
input, W is the weight, b is the bias, A is the activation and Y is the predicted output. [2] (Vuckovic, 2015)
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Batches

When models are trained, the entire data set is fed into the model for every epoch. This task is computationally expensive.
Batches can divide this task over multiple resources. Next to more efficient resource use, batches can train the model faster
by having gradient descent after every batch. By having gradient descent on different batches, the model is trained by more
different data. This can give better generalisability.

2.3.2 Convolutional layers

Sound classification has undergone a transformative evolution with the introduction of convolutional neural networks
(CNNs), and at the core of this revolution lies the pivotal element of convolutional layers. In this section, we embark on
a journey to unravel the profound impact of convolutional layers in the domain of sound classification.

Convolutional layers are the cornerstone of CNNs, introducing a systematic approach to discern complex patterns within
audio data. The convolution operation involves the application of kernels across input spectrograms, waveforms or features.
These filters act as discerning agents, capturing local features and enabling the model to perceive intricate patterns at
varying levels of abstraction.

As filters traverse the input data, they extract specific features, giving rise to feature maps. Each feature map represents the
activation of a particular filter across the input, contributing collectively to the model's comprehension of the sound data.

Post-convolution, pooling layers come into play for downsampling the feature maps, retaining essential information while
reducing computational complexity. Max pooling, a widely used technique, captures the most prominent features, further
enhancing the model's efficiency.

Injecting non-linearity into the model is achieved through rectified linear units (ReLU), applied element-wise. ReLU enhances
the model's capacity to learn intricate relationships within the sound data, contributing to its overall discriminative power.

In the diverse landscape of sound data, which often comprises multiple channels (e.g. stereo audio), convolutional layers
are designed to process multi-channel inputs concurrently. This adaptability adds a layer of versatility, making CNNs robust
in handling a wide array of datasets.

For scenarios involving spectrograms as input, 2D convolutions come into play. These convolutions capture both temporal
dependencies and frequency patterns, proving especially effective in sound classification tasks where a holistic understand-
ing of the audio data is crucial.

To tackle overfitting challenges, dropout layers are strategically introduced after convolutional layers. Dropout, a regu-
larisation technique, randomly deactivates a fraction of activations during training, enhancing the model's generalisation
capabilities.

Convolutional layers, with their innate ability to autonomously learn hierarchical representations, emerge as the linchpin in
sound classification tasks. This exploration not only sheds light on the inner workings of CNNs in audio processing but also
sets the stage for future advancements in the dynamic field of sound classification.
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Figure 2.7: CNN architecture sound localisation [3] (Soumitro Chakrabarty, 2019)

In a supervised learning convolutional neural network for DOA estimation for multiple speakers, empirical studies [3] have
shown that the feature extraction could be successful with M-1 convolutional layers. The given input is the phase map of the
STFT for each time frame. The provided network in fig. .4 was able to adapt in changing environments with different acoustic
setups like reverberation and noise. The network is trained on synthetically generated data and tested on both synthetic and
real data. These data contained multiple active sources at the time. After comparing these results to conventional algorithms
like SRP-PHAT and MUSIC, it was clear that the CNN outperformed the former methods.

2.3.3 Recurrent layers

Temporal convolutional network
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Figure 2.8: "Temporal Convolutional Network comprising L = 4 convolution layers (from bottom to top) with exponentially
increasing dilations 20, 21,.., 2L-1, all filters have length K= 3" [4] (Alexander Bohlender, Ann Spriet, Senior Member, IEE,
Wouter Tirry, and Nilesh Madhu , 2021)
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A Temporal convolutional network (TCN) is a type of neural network designed for sequence modeling tasks. It uses causal
convolutions to ensure that the output at any time step is influenced only by current and past inputs, maintaining the
temporal order. TCNs employ dilated convolutions, which introduce gaps between filter elements, allowing the network to
capture long-range dependencies without a significant increase in computational cost. Unlike recurrent neural networks
(RNNs) like long-short term memories (LSTM), TCNs process the entire sequence in parallel. This results in fixed-length
inputs and outputs and more efficient computation. TCNs also use residual connections, similar to those in ResNets, which
help train deeper networks and reduce the vanishing gradient problem. This architecture enables TCNs to handle long-
range dependencies more effectively than LSTMs and provides more stable gradients. TCNs are well-suited for tasks such
as time series forecasting, natural language processing, audio signal processing, and anomaly detection in sequential data
[32]. A drawback of using a TCN is the increased memory usage due to the large number of parameters required to capture
long-range dependencies. This can lead to higher computational demands and complexity in designing the optimal network
architecture.

Long-short term memory and gated recurrent unit

LSTM GRU

forget gate cell state reset gate
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e e mm = ===
B
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sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

Figure 2.9: LSTM block with 4 gates and the GRU block with 3 gates [5] (Phi Michael, 2020)

The long short-term memory is used in RNN and affiliates. The network block has three gates an one memory cell. The Forget
gate makes it possible to decide if previous information can be removed from the cell state. The Input gate can decide what
information will be stored in the cell state. The cell state, updates the cell state with the new candidate values, after filtering
through the forget gate and the input gate. The Output gate will then decide what the output is based on the cell state.
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The Gated Recurrent Unit (GRU) is a simplified variant of the LSTM block, differing primarily in its exclusion of a cell state
and reliance solely on a hidden state. The GRU employs an update gate, which serves a function analogous to the combined
roles of the forget and input gates in an LSTM. This gate determines which information from the past should be discarded
and what new information should be incorporated into the hidden state. Additionally, the GRU features a reset gate that
controls the extent to which previous information is forgotten. Due to its reduced number of gates, the GRU can be a more
computationally efficient option compared to the LSTM. However, both the LSTM and the GRU are capable of delivering strong
performance across various applications [33][54]. The choice between them may depend on the specific requirements and
characteristics of the task at hand.

Markov model
1—p P 1—p
P

Figure 2.10: "The Markov chain with parameter p is used to model the activity of the source with index j: Aj (\)=1 represents
activity whereas Aj (A)=0 represents inactivity”[4]. (Alexander Bohlender, 2021

During training, multiple speakers can be located up to two at the time. The decision is made by a simple Markov model that
decides whether a source is active. These signals are added together in the frequency domain.

Convolutional recurrent neural network
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Figure 211: CRNN architecture sound localisation [4] (Alexander Bohlender, Ann Spriet, Wouter Tirry, Nilesh Madhu 2021)
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Further improvements on [j3] were done by using the temporal context of the signals[4]. The training data was generated
with an extension of a Markov model to simulate moving sources. Instead of putting in the input by frame, a set of frames
are given to have the effect of moving sources while training the network. The movement of the sources is instant and
random. The long-term temporal context, longer than previous mili-seconds, was created by adding a LSTM after the last
Fully Connected (FC) layer or by adding a temporal convolutional network between the two last FC layers. Both methods
were superior to older approaches.

Tracking gradually moving sources is explored in [35]. Adding gradually moving speakers into the training has improved
the tracking of sources in the tests. Additionally, a latency controlled-bidirectional LSTM (LC-BLSTM) was implemented. This
could improve the error in the transition between speakers onsets and offsets. A drawback of LC-BLSTM is a higher chance
of tracking noise as a speaker.
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Figure 2.12: The narrowband mixing co-operative localisation architecture (NM-CLA). [6] (Stijn Kindt, 2021)

Sharing data from multiple arrays to a central device is used in order to improve the sound localisation. For 2D localisation,
narrow- and broadband sharing networks were introduced to overcome asynchronous comparisons which gave problems
in triangulations of fig. E. The narrowband model in fig. shares its data to the main device for every frequency band
separately after the intra-array convolutions. On the other hand the broadband model in fig. P14 shares the data after a
fully connected layer where the frequencies merge together to 512 features. So in the latter, only 512 features have to be
sent instead of 64 - K with K the amount of frequency bins. Therefor the broadband model requires less bandwidth to
send data. By sharing the data in a later stage of the network, the problem of loading asynchronous had been overcome.
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Figure 213: the broadband mixing co-operative localisation architecture (BM-CLA). H . [6] (Alexander Bohlender, 2021)

2.3.4 Codec

For systems on end user devices, the network should be as simple as possible. This is done in order to ease the calculations
and makes it possible to use less computing power. This will result in cheaper more sustainable hardware. To furtherimprove
and adapt the model for its end user, a codec could be used when data have to be transferred. Lossy compression is used
mostly in the audio field. This is an irreversible degradation of the signal to minimise the signal size in terms of bits.

The LC3+ codecis implemented in [/]. The modelin fig. is used as baseline. Adjustments are made for training on binaural
data with six channels. In this model, the microphone data from the arrays is shared before going through the convolutional
recurrent neural network (CRNN). The data will contain sampled sequential audio data. In the application of this model for
BTE hearing aids, the data are sent through Bluetooth to a centralised processing unit. Sharing the audio to one of the on-ear
devices is tested as well. Now only half of the microphone data should be sent through. To reduce power consumption for
the data transfer the LC3+ codec is tested for 16, 32, and 64 kbps bit rate.

When applying the codec on a model trained with encoded signals, no degradation in accuracy was obtained. Even a better
generalisation in noisy conditions was achieved, resulting in a performance increase. The models trained on encoded data
are robust for all the provided bit rates.

The Lyra codec is a machine learning based audio codec designed for real-time speech. The signal gets simplified with
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Figure 214 The localisation accuracies(%) of the base model on the x-axis and the encoded model on the y-axis. The encoded
models are trained with the corresponding codec bit rate of 16 kbps.[/]] (Siyuan Song, 2023)

extracted features and is reconstructed with a generative network. A simple model with parallel computing of different

frequency ranges gives similar performance like traditional codecs in terms of computations. The codec model is trained

on thousands of hours of speech over 70 languages with several speakers. This codec can run on the bitrates 3.2, 6 and 9

kbps. In a comparative study[8] between LC3+ and Lyra, the generalisation performance of the baseline (fig. E) is tested.

Networks were tested with encoded input on models trained with normal training data and with encoded training data. The

codec appears to adversely affect performance when training is not conducted on it. On the situation with only encoding

three channels, the model seems to have problems on challenging scenarios with multiple speakers and low signal-to-noise

ratios (SNR). The mismatch of information transfer might be found in the convolutions with the inter-ear information.

The accuracy performance of the LC3+ in the tested scenarios is overall better than the Lyra.
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Figure 2.15: "Localisation accuracies (%) over different evaluation conditions. The left subplot presents results for 3-channel

audio transfer and the right subplot for 6-channel audio transfer. Each subplot contains the baseline result, the result

obtained when the baseline CRNN is fed codec-processed audio and, lastly, the results of the CRNN, re-trained with the
codec-processed audio and tested in matched conditions” [8] (S. Song, S.Kindt, J. Maes, A. Bohlender, N. Madhu, 2021)
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2.4 Network compression

2.41 Pruning

Network pruning is used to make the network faster and smaller. Weights or connections in the network are set to zero to
achieve simplification. This technique can be divided into two main branches. Structured pruning and unstructured pruning.
For both techniques a weight parameter is used to target parameters that can be ignored [10].

Unstructured pruning

Individual connections are the target of unstructured pruning. This has the advantage that it can effect on small parts of the
network whereby it can be used in a greater scale. The drawback of this is that most hardware is not affected by the pruning.

Structured pruning

For structured pruning, entire, elements, channels or filters can be ignored. This results in lower computations. Therefor the
needed bandwidth and latency will decrease.

convolutional channels

convolutional
neural network

unstructured pruning structured pruning

Figure 2.16: Unstructured and structured pruning for deep neural networks and convolutional neural networks. [9] (Chen Qi
2021)

Selection criteria

In the first criterion, the absolute magnitude will decide whether the link has to be pruned. The idea roots from the idea
that lower weights have less contribution and will eventually lower in magnitude in further training.

The magnitude from the gradient can be seen as another criterion [36] . During backpropagation the loss can give a cue for
the importance of the weights.

Pruning can be classified in two other groups. In global pruning the amount of pruning is spread over the entire network
for the given factor. While in local pruning, each part of the network has a separate pruning. Global pruning has shown to
perform better. A drawback of global pruning can be that the layer dimensions won't fit anymore.

2.4.2 Knowledge distillation

Knowledge distillation in deep learning is used for many purposes. A first use is for compressing a DNN model with main-
taining the accuracy as high as possible. A second use example is when a given model have to be adjusted but the data are
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Figure 217: Local pruning on the left and global pruning on the right for deep neural networks. [10] (Hugo Tessier, 2021)

not available, this due to privacy or costs. In this thesis only the former will be discussed. The technique is known in various
types of problems. Most known tasks are visual [37][38], LLM and speech problems. In these topics, predictions like: image
classification, face recognition, neural machine translation, text generation, question answering, speech recognition, audio
classification, acoustic event detection and many more have models that have obtained great knowledge distillation results.

The basicidea of knowledge distillation says that a student, the smaller model, will learn from the teacher, the bigger model.
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Figure 2.18: Knowledge distillation with inheriting knowledge from teacher to student, only updating the student network.

Many tested methods for knowledge distillation are making use of a custom loss function. In [39] a summary of the most

used ones is given.

Response-based knowledge

A first often used variant is the response-based knowledge, this method assumes that the student can better understand
the problem when he is corrected not only by the true label but also by the predicted outcome from the teacher. This would

lead the student in the right direction.
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The Kullback-Leibler (KL) divergence loss works good for adding predictions comparison to the loss function[4Q][41], [42]
[39].

Feature-based knowledge

A variant of the response-based knowledge is the feature-based knowledge distillation. Here the same principle is used in
order to learn how and what features should be extracted from the given data. For the response-based KD, the classes are
the same and so are the dimensions. In case of feature-base KD, the dimensions of the student model might be different
from the teachers. The first solution to overcome this problem is average pooling after the convolutions on the flatten layer.
More complex solutions involve using a fully connected or convolutional layer to align the dimensions.

Relation-based knowledge

The goal of combining the previous two techniques is to further imitate the teacher. Anormal approach of training a network
is by using the loss between labeland prediction in order to adjust the network weights. By imitating the teacher, the student
tries to learn how the teacher deals with the problem. Here the correlation between the feature map differences and states
are taken into consideration.

Attention-based knowledge

As for most papers in KD, this [43] paper for image classification shows a novel approach for online knowledge distillation,
leveraging peer-teaching student networks. By utilising softened outputs from a teacher network to guide smaller student
models, they demonstrate significant performance enhancements. Their introduction of the temperature parameter T to
soften the softmax function adds an innovative dimension to the distillation process, improving its efficacy. Unlike traditional
KD methods that rely solely on cross-entropy loss for aligning student and teacher logits, this method incorporates mutual
learning and ensemble techniques to further optimise knowledge transfer. Moreover, distilling and transferring attentive
maps between peers at multiple layers showcases new approach of feature extraction and representation. Overall, this
approach presents a promising avenue for improving the efficiency and efficacy of online knowledge distillation in image
classification tasks.

2.4.3 Generative adversarial network

Certain KD layouts can be seen as generative adversarial network layouts (GAN). When GAN is used for image generation, an
example configuration can be seen in fig. R19. Here the generator will be the network that is learned to make the images.
The discriminator will be learned to say if the generator did his job well with making the expected image. For training,
generator and discriminator are altered for training after an ahead specified amount of epochs. So the training happens
almost totally separate. Except for the generator where the forward pass goes through the discriminator.

In GAN-based knowledge distillation, the student and teacher networks act as generators. The discriminator classifies fea-
ture maps based on their originating network. By adding the discriminator’s inverse loss to the generators' training, the
generators aim to fool the discriminator by mimicking each other’s feature map distribution. This adversarial approach en-
ables a network to learn the overall feature map distribution of its peer, rather than just aligning features directly. Training
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Figure 219: GAN with trainable generator and discriminator, configuration used to train image generators. (Google, 2022)

a discriminator to distinguish between feature map distributions, and having the networks learn to fool it, enhances each
network’s ability to capture the shared feature map distribution. This exchange of feature map distributions helps the net-
works converge to a better feature map manifold, which improves generalisation and accuracy. Additionally, this method is
well-suited for secure federated learning environments, as it abstracts the specific origins of feature maps, thus protecting
the privacy of individual data sources. [44]
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3.1 Software

The proposed solutions are being developed in the Python programming language. For implementing the machine learning
methods, the framework provided by Pytorch is used. For the purpose of optimising model adjustment and training to achieve
optimal compression, the code bases from [[/] [6] were available.

Compute unified device architecture (CUDA) enables parallel processing by breaking down tasks into smaller threads that can
be executed concurrently on the GPU. This is particularly beneficial for computationally intensive tasks. CUDA is integrated
in the Pytorch framework, therefor training the deep neural networks speed up significantly.

Docker containers are used to provide access to Imec's servers. The containers provide separation from the underlying system
to overcome compatibility issues. Computing and memory resources can be selected by the start of the runtime. In these
containers, Pytorch images provide the necessary dependencies and packages to encapsulate the entire run environment.
The containers makes training possible at any time up to 10 containers at the time.

3.2 Hardware

The used hardware for training, generating and developing the models and data, exist of CPU and GPU from cloud servers
provided by Imec. The tested methods were trained on one or two GPUs of the type NVIDIA GeForce GTX 1080 Ti or NVIDIA
A40. The CPU memory required to load the data was 26 GB on average. On low demand of the cluster 8, a NVIDIA A40 was
available to speed up training.

3.3 Data

The data for training and testing the proposed solutions is the same as in [[]]. Speaker voices from the TIMIT and PTDB-
TUG dataset are being used for the training and validation set. TSP speech is used for the test set. All the speech contains
different sentences read by different native English speakers with different dialects. A broad group of English voice sounds
are covered by using this training data. This is important for making the model able to generalise independent on who the
speaker is.

24



3 Materials

The Oldenburg dataset is used for the HRTF [45]. The resolution of the HRTF is dependent on the measurement setup. The
used HRTF for the BTE device with a microphone configuration is similar as shown in fig. B

L_Mid L-Fr RFr R _Mid

L_Rear i f R_Rear

Figure 3.1: The positioning of two BTE arrays at each ear and channel index of each microphone (Siyuan Song, 2023)[/], the

geometry is the same as in [I1].

The equations have been measured for the following speaker configuration.
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Figure 3.2: Speaker directions for the Oldenburg test setup.

Inthe azimuth plane, every five degrees a measuring is done. This results in 72 positions in this plane. Also different positions
are measured in the vertical planes but these are not important for our azimuth estimation.

For the RT60 value a range from 0.2 to 8 seconds have been chosen for the audio absorption factor in room acoustics. These
are values of common rooms of the sizes in the training set. For the validation and test set, values in between the values of

the training set are chose.

Additionally, several instances of the receivers' location are used. By changing the position parameters in the training data,
the model will learn to generalise the problem over all the positions. New instances in unseen data should be estimated ina
good way because of the generalisation. In every room, seven random azimuth positions are taken. For all of these azimuth
positions, four different distances between the array and the wall are taken. The relative distance between the array and
wall is chosen to overcome impossible situations of the array with standing out of the room.

Lastly, the SNR will be randomly chosen between 0 and 30 dB. This gives the ability to adjust the model parameters to ignore
the noise in the incoming signals at different SNRs.
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Table 3.1: "Data generation: training, validation and test set” (Siyuan Song, 2023)

Training set

Speech signals
Room dimensions (m)

T60

Array positions
Source-array distances
Additive noise

7438 utterances from TIMIT and PTDB-TUG dataset

R1: (6 x 6 x 2.5), R2: (5 x 4 x 2.8), R3: (10 x 6 x 2.4),

R4: (8 x 3 x 3.1),R5: (8 x 5 x 2.9),R6: (4 x 9 x 3.3),

R7: (7 x 7x2.3),R8: (5 x 6 x3.6),R9: (9 x6x 3.2),

R10: (11 x 7 x 3)

R1: 0.3s,R2: 0.2, R3: 0.8 s, R4: 0.45, R5: 0.6 s, R6: 0.5 5,
R7:0.7s, R8: 0.45s,R9: 0.55s, R10: 0.75 s

7 different positions in each of the rooms

20%, 40%, 60% and 80% of the distance between array and wall
Simulated diffuse noises with SNRs from 0 to 30 dB

Validation set

Speech signals
Room dimensions(m)

T60

Array positions
Source-array distances
Additive noise

2280 utterances TIMIT and PTDB-TUG dataset

RI1: (5.5 x 7.5 x 2.7) , R12: (8.5 x 4.5 x 3.5)),

RI13: (6.5 x 6.5 x 2.3)

R11: 0.525s, R12: 0.625s, R13: 0.475 s

4 different positions in each of the rooms

30%, 50%, 70% and 85% of the distance between array and wall
Simulated diffuse noises with SNRs from 0 to 30 dB

Test set

Speech signals

Room dimensions & T60
Array positions
Source-array distances
Additive noise

1444 utterances from TSP speech database

R14: (5 x4 x25)m,0.2s;R15: (T x 6 x3.5),0.6s

4 different positions in each room

Im, 2m, 3m (Only with the angles inside the room)

Simulated diffuse noises with SNRs of [5, 10,15] dB or no noise

26



Foundational model structures

4.1 Signal model

In this section incoming signals and input for the sound localisation model are described. Unless otherwise specified, these
conventions will apply to all the models tested in the thesis. Starting with the incoming sound signals on all the A/ micro-
phones where the /mth microphone signal at ear e is denoted as yem(n). This is a combination of the contributions of J
SOUICes T, j (1) and additive noise ve y, (n):

J—1
Yen(n) =D Teamj(n) + vem(n) (41)
=0

where n is the sample index for a signal sampled at f5 Hz. All networks operate on the short-time Fourier transform
representation of the microphone signals, which will be represented as Y (k, 1), with & the frequency bin index and [ the
time frame index. This is computed with a square root Von Hann window, frame size K, hop length L and number of frames
. This representation is often chosen for speaker localisation and separation because of the sparsity and disjointness
properties of speech [15] in the STFT domain. The input features, extracted from the full bandwidth sequential data, consist
of the sine and cosine of the STFT, and the normalised STFT amplitude:

sin(£LYe m(k,1))
Fom(k,l) = 0s(LY e m (K, 1)) (4.2)
Yem (K, )]

with £Y ,,, the phase of Y ,,, and Y ,,, the normalised amplitude.

Training

During training, the number of frames IV to process will be equal to 200. This decision is rooted from the fact that the model
is trained on two-second time sequences. The size of the number of frames is important to give the temporal layer enough
time to effectively learn temporal behaviour during the forward pass before the backpropagation. Secondly, it optimises
GPU utilisation by facilitating parallel computation during training, thereby maximising computational throughput.
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411 Amplitude normalisation

For the centralised model, all the signals are available and averages can be taken over any dimension. Therefore normali-
sation is taken with an average over the channels (Nc) with normalisation factors for every frequency and time bin.

1 M
Yeun = Ye,m|/<MZYe,y\> (43)
v=1

This differs for the BM-CLA model, where inter-array signals are not accessible. For the concept of proof for the adjustments
in the BM-CLA model, with focus on broadband embedded feature sharing, the same normalisation as in the centralised
model from eq. (.3) is used. Later in chapter § a method for lower bandwidth requirements is suggested.

4.2 Centralised model

For this model, the microphone signals are first sent to the central processing unit. This could either be done by transmitting
the full bandwidth signals or by using an audio codec. As was shown in [8], the choice of codec is important. Using the
lossy LC3+ encoded signal during training resulted in the same (or sometimes even slightly higher) localisation accuracy

than using the full bandwidth signals. This is why the LC3+ codec, a standard codec for Bluetooth low energy, is chosen for
comparison.

[y1,1(n), y1,2(n), y1,3(n)] [y2,1(n), y2,2(n), y2,3(n)]
LC3 Enc LC3 Enc
= =
LC3 Dec LC3 Dec
| STFT + Feature Extractor |
¢ $ !
:| (2 x 1 x 1) Conv |:
' :
X2M —1
| Fully Connected |
| LSTM |
| Output Fully Connected |
TT

(P(pi) | yra(n), y2,1(n), ...)

Figure 4.1: The centralised localisation algorithm. Initially, the microphone signals are acquired from the LC3+ codec, followed
by the estimation of the direction of arrival (DOA) for the incoming sound sources.

At the central unit, the features are stacked along a microphone-channel dimension in such a way that the microphones at
different ears are interleaved: F(k,l) = [F11(k,1), Fo1(k,1), F12(k,1), - - -]. Preliminary evaluations showed this
was optimal configuration for the subsequent convolution blocks as this leads to successive convolutions with microphones
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on opposite ears. The M — 1 convolutional blocks (Conv) each have a kernel size of two along the microphone channel
dimension, and iteratively combine the microphones of the binaural array. Note that at this stage each time-frequency point
is still processed independently.

The fully connected (FC) layer combines the narrowband frequency content independently for each time frame. The LSTM
layer then incorporates temporal context in a causal manner. Afinal Output FCis used to go from the latent features towards
an classifier, where each class represents a DOA sector. The DOA resolution is decided by the number of DOA classes I@ -
more classes make for a finer estimate, but will require more training. For the multi-source case (J > 1), the choice of a
classification-based localisation was shown to outperform regression based outputs [46]. Henceforth, the Baseline model
will be identified as the model shown in fig. i1, with parameters specified in table fi.], omitting the LC3+ codec.

4.3 Co-operative model

[y1.1(n), y1,2(n), y1,3(n)] [y2,1(n), y2,2(n), y2,3(n)]
| STFT + Feature Extractor | | STFT + Feature Extractor |
e A P Sl A .
E| (2 x 1 x 1) Conv |: E| (2 x 1 x 1) Conv |:
| 'l | 'l
XM —1 XM —1
< <
| Fully Connected | | Fully Connected |
1512 1
Conv Enc Conv Enc
=~ =~
Conv Dec Conv Dec
| @ x 1) Conv |
| LSTM |
| Output Fully Connected |
TT

(P(pi) [ y1,1(n),y2,1(n), -..)

Figure 4.2: The broadband mixing co-operative localisation architecture (BM-CLA). Here, the mixing of information occurs
after the FC layer, and is also performed by an inter-array convolution.

The centralised localisation model works well but relies on audio codecs to reduce the bandwidth. The LC3+ codec (a wave-
form codec) could lower the data throughput to 16kbps per microphone channel and, while lossy, still did not impact local-
isation performance when it was included in the training [/]. Going to even lower bitrates often requires neural network
based generative models. But these are optimised for single-channel data transmission and do not retain spatial informa-
tion effectively [8]. Another improvement could be provided by extracting latent features at each ear independently and
sending these to the central processor for a final DOA estimate. Then the challenge of low bandwidth is translated into
compacting the latent feature vector in an appropriate manner.
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Such a feature sharing model is depicted in fig. .2, and is based on the BM-CLA [E]. In the original paper, the goal was to
exchange information between two distributed microphone arrays and improve the localisation accuracy by sharing latent
features. However, in this context, the architecture is repurposed to send low bitrate latent features to the central processor.
This architecture shares the same underlying architecture as the centralised model, which also makes them suitable for a
fair comparison.

Instead of sending the data directly to the central processor, the same features as in eq. (§.d) are independently computed
in each earpiece individually. These are again combined through A, — 1 a convolutional layers (Conv), following which the
narrowband features are combined to yield broadband information using the fully connected layer (FC). This yields the latent
features () to be transmit to the central processor, as it was already shown in [6] that sharing broadband information was
more beneficial than narrowband information. From this point forward, the BM-CLA reference model 512 will be referred
to as the model depicted in fig. @, with parameters detailed in table @, excluding the Conv Enc and Conv Dec components.
If stride S'is mentioned, the encoder-decoder is used with the corresponding stride. These convolutions use groups with
equal size of the input to only interchange information per channel, and so reduce complexity (ea. (5.3)).

431 Network layer equations

In order to do compression, a good understanding of the used formulas is required. The structure of the formulas is essential
for later calculations of the parameter count and MACs. In the formulas used, batch normalisation and additional activation
functions are not taken into account because of lower impact on the previous mentioned metrics. Batch size will be chosen
equal to one.

Convolutional layer (Conv)

Cin—1
Y (Cout) = B(Cout) + Y A(Cout,, k) * X (k) (4.4)
k=0
, -1 ; 1] -1
Hyy = B 22021y gy H b 2RI 5)

S10] S[1]
Inthis equation, padding and dilation are set to 1. Here the input matrixis X¢;, x m,,, x w;,,, the output matrixis Yo, ., x Hywr x Wous
and the weight matrix A has the same dimensions as /s . The C' denotes the number of frames (/V) in the used model.

H stands for the size of the first dimension, this the number of mics M, per ear in the intra-ear convolutions. W stands

for the width in the second dimension and is the amount of frequencies (/&) per frame in the BM-CLA model. The formula
computes a weighted sum of each input elements across all input channels using the convolutional kernels. This is done for

each corresponding element in the output feature map. The bias term is then added to this sum to produce the final output

value. This operation is repeated for each element in the output feature map to generate the entire layer output [47].

Fully connected layer (FC)

Y = AX + B (4-6)

The number of input and output nodes are seen as N;,, and Ny, In the equation, Yy, ., x1 represents the output matrix,
AN,..x N,, denotes the weight matrix, X, «1 stands for the input matrix, and By, x1 signifies the bias matrix. For
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the case of the used models, the number of frames (V) dimension should be reshaped to the batch dimension. In this
equation, the weight matrix is multiplied by the input matrix. The resulting product is then augmented by the bias term B.
The output matrix represents the result of this linear transformation, where each element of Y is computed as a weighted
sum of the elements in X, adjusted by the bias term B [48].

Long-short term memory (LSTM)

Iy = o(Wi X¢ + Bii + WhiHi—1 + Bri) (4.7)
Fy =o0(W;s Xy + Big + Wy Hi 1 + Byy) (4.8)
Gy = tanh(Wig Xy + Big + WhgHi—1 + Big) (4.9)
O = O’(WZ‘OXt 4+ Bio + WhoHyi—1 + Bho) (410)
Ci=F,0Ci1+1; ©Gy (411)

H; = O ® tanh(C}) (412)

Similar as for the fully connected layer, the number of input and output nodes are seen as [V;,, and IV,;. In the equations,
Itmel is the output for the input gate and XtNle the input at step ¢. Here, W; Now and B

i are
t X Nip W Noytx1

the matrix weight and bias associated with the input gate. The parameters Wp,; Ny and By,; N1 Ar€ the matrix

t X Noyt

weight and bias associated with the previous hidden state H;_1. The o denotes the sigmoid activation function and tanh, the

hyperbolic tangent function. For the forget gate F; Nout the cell state gate G Ny x1 and the output gate Oy Ny x17

X1t
the same name conventions for the weights and biases are used. In the usecase of the proposed models, the number of
frames /N dimension should be reshaped to the batch dimension. The input gate, determines the extent to which new
information should be stored in the cell state. Next, the forget gate computes the degree to which each component of the
cell state should be forgotten. Than the candidate cell state or cell gate, computes the new candidate values for the cell

state. The update cell C; Now updates the cell state by combining the forget gate, input gate and candidate cell state.

X1

Near the end, the output gate determines which parts of the cell state should be the output. Lastly the output in state ¢
(H; Nmnxl) is calculated. A visualisation of the workflow can be seen in fig. .9.

Gated recurrent unit (GRU)

Ry = o(Wi Xy + Bir + Wi Hy 1 + B,) (413)

Zy =W Xy + Bi. + Wy Hy_1 + Bp) (4.14)

Ny = tanh(Wiy Xy + Bin, + Ry © (WypHi—1 + Bhn) (415)
H=01-2Z)0N+Z® Hi (4.16)

Here, the Ry .1 Zt <1 800 Nt 5, arethe reset, update and new gates respectively. The other name conven-
tions are analogue to these of the LSTM. The update gate controls the balance between keeping the previous hidden state
and incorporating the new input. It acts similarly to the combination of the forget gate and input gate in the LSTM. The
reset gate allows the model to decide how much past information to ignore, enabling the model to reset the hidden state
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if needed. The candidate activation provides new information to be added to the hidden state, modulated by the reset gate.
Lastly, the final hidden state is produced for the current time step.

4.4 Model name conventions

During the dissertation, the following name conventions will be used to describe the used architecture parameters.

Table 4.1: Centralised model hyperparameters.

baseline

Conv2D layers 5

Fully Connected nodes | 512
LSTM nodes 512
Fully Connected nodes | 72

Table 4.2: BM-CLA reference model hyperparameters.

BM-CLA reference (F512)

Conv2D layers 2 2
Fully Connected nodes | 512 | 512
Conv1D filters 512
LSTM nodes 512
Fully Connected nodes 72

Unless otherwise specified, all models are trained on the data from table B with amplitude normalisation (Nc) from sec-
tion . If parameters are not mentioned, they are the same as those in the reference model. For the ConviD layer, the
number of nodes always equals the size as in the reference model, unless if the temporal layer is adjusted, it equals the
temporal layer size. The temporal layer is similar to the reference model with LSTM unless different mentioned. Naming
conventions are clarified through examples. For instance, 30128 F1024 G refers to a BM-CLA model with 3 Conv2D layers
(instead of 2) and 128 filters per convolution (instead of 64 in the reference model). The size of embedded feature layers,
Conv1D, and temporal layers (a GRU in this case) are set to 1024.

In the context of knowledge distillation, the teacher is mentioned first, followed by the student and learning method. If
not specified, offline training is used. For example, in base F256-32L32 «0.2 best, the teachers are the baseline model and
the /2561256 BM-CLA model, with 256 features, ConviD, and LSTM layer sizes. The student with F32L32 has 32 features,
Conv1D, and LSTM layer size. In this instance, the best teacher is used in the knowledge distillation with a weight factor «
of 0.2. Only for the /2561256 model as teacher in KD, the L256 is removed to save space in the graphs. In all other cases,
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apart from knowledge distillation the temporal layer should be mentioned if it differs from the reference model.

4.5 Test method

The centralised and co-operative models both give predictions for the multi-hot vector over the DOA ranges for every time
index. So the output has a dimension of [batch, N, Lp]. The azimuth angles are the relative positions to the listener. The
accuracy calculation will be based on the prediction error. For calculating the error in the case of one source sound, only
the highest probabilities are used. For multiple sources, only the largest prediction peaks are used for every source, to have
vectors with fewer estimated angles for every time frame. Dimensions of predicted and true angles per time frame are
equalised to the largest dimension. Then, ﬁ possible permutations of all sources between the true and predicted
angles are made. If the estimated amount of predicted sources is bigger than the true sources, only the DOA's within the
true label dimension remain. Now the absolute angle error of all sources is calculated of all sources. The lowest error with
corresponding angle estimation will be taken. Lastly, with a buffer of five degrees for all sources together, the accuracy can

be calculated with the total true predicted frames divided by the total amount of frames.
O SNR=15d8 [] SNR=10d8 A SNR=5dB O SNR = no noise

O 1 mdistance QO 2 mdistance O 3 m distance
Q 1source QO 2sources Q 3sources

Figure 4.3: Legend for tested accuracy conditions.

The legend presents the average test accuracies for the given scenarios. These tests were conducted using the data outlined
in table B A total of 900 samples were tested, with 25 samples allocated to each condition. During testing, the positions
of the listener and speaker are held stationary, thereby eliminating the Doppler effect.
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With model compression, the model must have an accuracy as high as possible with focus on complexity and so energy
consumption. Not only the amount of parameters but also the floating-point operations and the bandwidth will be con-
sidered. The latter will have the main focus. Starting with the BM-CLA model that is proven to work good in highly noisy
and reverberant environments with multiple speakers (fig. @]. Reduction from layer sizes, to quantisation and knowledge
distillation. ALl models have conventions as described in chapter Ei.

51 Methods
511 Metrics
Parameters

Reducing the size of the model will decrease the amount of trainable parameters and so, close to the amount of calculations.
This will contribute to the reduction of energy use. This will also lower the inference time which can improve the comfort of
the end user. Lastly, training will go faster with lower amount of parameters. The number of parameters can be calculated
when looking at the equations [&.4, 2.6, [t.4--12. For the GRU, only the number of gates will be different from the LSTM. In
the equations provided, the weights of the layers are denoted on the left-hand side, while the biases are enclosed within
brackets and also situated on the left side. Adjacent to the formula for each layer type, the parameter count pertaining to
the F512 reference model is explicitly indicated.

Table 5.1: Given names for network layer parameter variables.

P A = parameter count

N, = number of input features

Nyt = number of output features
Nf = number of feature maps

N¢ =number of gates (LSTM, GRU)
N7 =number of temporal layer nodes
N¢g, = number of groups

K = kernel size
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PAconvep = NinKsNyaq + (Nyaq) (8,576 + 128) (51)

PApc = NpsgKF +(F) (8,421,376 + 512) (52)

PAcomoiD = NZT K, Ngld + (Ngld) (524,288 + 512) (5.3)
PApsrarcryy = NrNa( Ngld + Np)+ (2NrNg) (2,007,152 + 4096) (54)
PAow = Npl, + (I,) (36,864 + 72) (55)

P ABatchnormConv2Dd = 2N faq (128) (56)

P ABatchnormConviD = 2N 14 (1024) (57

PApatchnormre = 2F  (1024) (58)
PApatchnormrstmcruy = 2Nr (1024) (59)

The total parameter count in the models can be calculated by summing up the outcomes of the formulas corresponding to
each layer. The formulas illustrates that reducing the layer size significantly impacts the total parameter count. Specifically,
halving the layer size results in a proportional reduction in parameters across two layers, with the exception of the output
layer. Furthermore, employing a larger stride (.S) in convolutional layers has the similar compounded effect for amplifying
the reduction in the parameter count. This dual influence, underscores the critical role of both layer size and stride in
optimising the computational efficiency of the models. Note, that the bias and batch normalisation have lower impact than
the weight parameters. Also convolutions have much lower parameters for most cases. For example, the parameter count
for a FC with 512 input and 512 output will have 262,144 parameters while a conv2D with 64 input, kernel 2 and 64 filters,
will have only 8192 parameters. Even more parameters are trained for the LSTM layer, a 512 input and 512 output would give
2,097,152 parameter count without bias. The advantage of the GRU is that only 3 gates are used an so the parameter count
is only 75% of the parameter count from the LSTM.

MAC

Multiply-accumulate (MAC) is referred to as a multiplication followed by an addition. This can be seen as two floating-point
operations(FLOPs). Both numbers give an indication for the amount of calculations for going through the network once. The
amount of computations is inversely proportional to the amount of energy used. Therefor this parameter will be the first
measure next to the parameter count, to compare models by energy consumption and complexity. The following formulas
give approximations for the MACs, here the bias is left out for the parameter count (P A). The number of frames in real-time
applications is one (N = 1).

MACcomop ~ PAx NK (510)

MACFC’,LSTM,GRU ~PAx N (51
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The formulas indicate that the MAC operations align with the parameter count. Note, that for the 2D convolutions, the
matrix calculations are across the entire input, and so multiplied by the number of frames. This results in much higher MAC
in comparison to it's parameter count. It is important to mention that for the on-ear devices, calculations are performed
twice. However, this duplication is not counted in the parameter tally because of the parameter sharing.

Data transmission rate

A third metric of the energy consumption will be the data transmission. The transmission rate is dependent of what trans-
mission channel will be used for the end user. Sending more data remotely will always use more energy. The most prominent
use of transmission channel is Bluetooth Low Energy at this moment. Because energy consumption for data transmission is
protocol and hardware dependent, therefore the bandwidth will be used as measurement.

The centralised system with uncompressed audio requires a bandwidth (in bit per second (bps)) of:
BWincompressed = 2 X Me X fs X b, (512)
where the bit depth b is typically 32 bits per sample.
For the codec-compressed data transmission the bandwidth can be calculated as:
BWoged = 2 X M, X bit rate, (513)
where the lowest bit rate of the LC3+ codec is 16 kbits per second.

For the co-operative networks, the bandwidth is calculated right after the Convolution Encoder layer. The formula is:

Js ><3+(2xb), (514)

BWcooperative(F, S, Q) =2X F x I xS Q

which makes a clear split in the three components where the bandwidth can be reduced. Decreasing the number of features
J pertime frame, increasing either the hop length L or the stride .S, or decreasing the bits per feature with the quantisation
factor (). Note that this BW is independent of the number of microphones per ear, since this gets compressed with the
convolutional layers. The added number in brackets is for the amplitude normalisation as described in section . Given
its negligible size, it will not be taken into consideration.

It is notable that for the centralised systems, the availability of the audio signals at the central processor might also be
useful for other application like speech enhancement, scene classification, efc. Nevertheless, this is very dependant on the
application and while here is only looked at the localisation accuracy, these other applications should also be considered in
holistic implementations.

5.1.2 Quantisation

Post-training static quantisation (PTSQ) is a method used to exchange value accuracy for value compression in neural network
models. This technique involves converting the floating-point data type, typically represented with 32 bits per feature, to
an unsigned integer format with 8 bits. The unsigned integers get a value in range from 0 to 0.256 with a scale resolution
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of 0.01. Utilising an unsigned integer is viable owing to the prior ReLU activation function, which ensures non-negativity
of the values. Subsequently, once the values are compressed to an integer format, they undergo decompression back to
float32, thereby affording greater flexibility during the latter stages of network processing. Using the quantisation on the
transmitted broadband features, results in four times lower bandwidth.

51.3 Reducing layer size

The reference BM-CLA has 512 nodes in the FC layer and 512 in the LSTM layer. The amount of nodes in the FC layer can be
reduced to force the model to make a better selection of broadband embedded features, and so reduce the shared data
between the devices. This might lead to decreased performance. On the other hand, this could make the model generalise
better because of more abstraction. When lowering the amount of features, the LSTM might be set smaller as well, because
of more compact information flow. Analysis of the parameter equations delineated in equations 5. and B.4, representing the
fully connected and temporal layers respectively, underscores the substantial influence exerted by these layers on the overall
parameter count. This pronounced impact emanates primarily from the dimensions of the input tensor corresponding to the
FC layer, which encompasses a spatial extent of 64 x K. Next to contributing to the parameter count, the reduction of the
FC layer is proportional to the used bandwidth in the feature transmission. It is noteworthy that opportunities for parameter
reduction exist across the FC, Conv1D, and LSTM layers, all of which collectively contribute significantly to the parameter count.
Specifically, these layers collectively account for a substantial proportion of the parameter count, representing 11,042,816
parameters out of the aggregate 11,096,776 parameters, constituting an overwhelming majority at 99.51%.

514 Time resolution

The latent localisation features are computed per STFT frame and transmitted to the central processing module. The fre-
quency of feature transmission can be calculated using the formula:
s

fr=107 (515)

When time resolution is reduced by increasing the parameter L, only specific time sequences are considered. Alternatively,
temporal compression can be achieved by employing a convolutional encoder followed by a convolutional decoder within
the network bottleneck, as illustrated in fig. .4 Unlike simple sequence skipping, this method allows for the learning of
compression patterns while retaining all relevant information. The compression is done by using a stride (S) larger than
one. Both compression techniques divide the bandwidth size by adjusting .S or L. For the Decoder Encoder solution, the
drawback are the extra layers which bring 2 x P Aconp1p More parameters which is negligible due to the high number
of groups.

51.5 Frequency resolution

Numerous studies have demonstrated that low frequencies primarily influence ITD, while high frequencies predominantly
affect ILD [49] [50]. In this context, the initial 100 frequencies are extracted from the original set of 257 frequencies. Conse-
quently, the upper frequency limit extends only to 3125 Hz, instead of 8000 Hz. While the exclusion of the highest frequencies
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might simplify the problem in terms of calculations, it also entails a loss of detailed information. However, such simplifi-
cation may yield favorable outcomes for the methodologies proposed in preceding sections. Lowering the frequencies from
257 t0 100 would also reduce the parameters for the fully connected layer as described in eq. [@] with a factor 2.57.

51.6 Amplitude normalisation

Most of the tested models employ normalisation as described in section 1. This approach is used to maintain consistency
with the baseline model, thereby mitigating issues related to bandwidth.

For real use case scenarios, this would add 2 x K x f—LS X b bits per second to the bandwidth for sharing the averages(b
= bit depth) for normalisation. To overcome this problem, normalisation with the amplitude with the channel-frequency-
time average (Ncft) can be used. Next to improving bandwidth for the co-operative approach, this normalisation might also
improve overall accuracy. The frequencies with lower importance will now stay low on impact due to the normalisation
factor over all frequencies. Additionally, this will be averaged over time what again, ignores unused frequency bins in a
longer time span. This abstraction is visualised in fig. E for one time instance and only three microphones.

Is

L

1 2 M. K
Yem = !Ye,ml/ STRE D 2 2 D Yeweal (516)
e=1v=1 »=1 1

n=

Only of mentioned, this normalisation is used. Now the bandwidth needed for normalisation is only 2 x b.
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Figure 5.1: Amplitude normalisations depicted per channel per microphone.

51.7 Knowledge distillation

As described in section , with knowledge distillation (KD) a smaller model, the student, inherits knowledge from the
better and often bigger model, the teacher. Student training methods will be explained in this section.

Students

The student architecture and model will be the model that is used in the real application. Therefor the feature and parameter
size have to be chosen with care. The architecture of the BM-CLA model is taken under the loop to test different hyper
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parameter combinations. Variations of fig. @ will serve as the student models. Additionally, training on a smaller dataset
thanthat used for the teacher model will be tested. This approach is employed to amplify the performance disparity between
the student and teacher models.

Teachers

For the teacher, the size is not important for the application itself. The model will only be used during training the student.
This gives freedom in choosing what the teacher architecture will look like. Bigger versions of the baseline model (fig. QJ
and the BM-CLA models itself will be used. With in mind, the better the teacher the better the student will be.

Loss

The goal of the KD is that the student mimics the methods that were learned in the teacher model. This is done by adding a
loss made up from comparisons in the hidden layers between teacher and student, instead of only the output layer and the
true labels. The following loss functions were tested:

Loss = (1 — a)BCE(yS,y) + a( CE(yS,yT)) (517)
Loss = (1 — a)BCE(yS,y) + a((1 — B) CE(y5,yT) + (BcosEL(f5, fT) (518)
Loss = (1 — a)BCE(yAS, y) + af KL(loga(yAS), U(yAT))) (519)

The loss consist of two or three combined losses with v and /3 the weights for each loss. The first loss is between the student
its predicted output and the target labels. Loss will increase in line with distance from the wanted output. This loss is calcu-
lated with a binary cross-entropy (BCE) which is used widely for binary classification, even for multi-class classification. Only
using this, would form the loss for the baseline and reference models. A second loss is calculated based on the predictions
of the student and teacher networks. To have a better overview of the predictions, Softmax is taken for the teacher outputs
and log(Softmax) is used for the student outputs for the Kullback-Leibler (KL) loss. Hereby not only the correct output will be
taken in to account but also the entire distribution for how the teacher sees the given situation. This could lead the student
better in a rough direction for better generalisation. The used loss functions are KL divergence loss and cross entropy (CE). A
comparison between the FC hidden layers of the networks define the third loss. This is calculated with a cosine embedding
loss (cosEL). The loss functions are defined as following.

Ytrue

Losskr, (ypreda ytrue) = ytruelog (5.20)
'pred
al l exp(Tn.y, )
Losscp(z,y) =Y —x—  Ih=log=g——2"—~ (&= Ypred:¥ = Ytrue)  (52)
n=1 anl Yn Zc:l emp(mnyc)
LOSSCOSE (yprech ytrue) =1~ Cos(ypred7 yt’r‘ue) (5~22]

For the hidden feature loss with cosine loss, average pooling is done to match dimensions between student and teacher.
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Figure 5.2: BM-CLA model with F=F1 as teacher and compressed student BM-CLA model with F=F2. Knowledge distillation
with 2 additional losses.
5.1.8 Attention network

[P(pi) , pi]
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J o(P(a))
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Figure 5.3: Depicts the attention layer to optimise o for knowledge distillation. The fully connected layer takes the logits
from both the student and teacher models as input. This input is processed, and the sigmoid function outputs an « value
between 0 and 1 for every time index. The mean value per time index is then computed to obtain a single value.

An attention network has been tested to learn a hyper parameter «v during training. This approach is based on the notion
that the assistance provided by the teacher network may vary across different localisation scenarios. Consequently, the
networks can autonomously determine the optimal, now dynamic, hyperparameter c.. After getting the right weight «,
backpropagation can be done for updating the weights. In this attention model, the outputs from both the teacher and
student networks serve as input. The attention layer leverages the student’s loss, such that when the student’s loss is
higher, the attention layer is adjusted accordingly. This dynamic adjustment ensures that an improved attention mechanism
leads to enhanced performance of the student network, and vice versa.
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51.9 Ensemble learning

Utilising multiple teachers may provide greater opportunities for the student model to learn the best features from each
teacher. In this study, both the reference model and baseline model were engaged concurrently as teachers. Initially, the
average loss between both student-teacher pairs was calculated. An alternative approach involved selecting the optimal
teacher for each training batch based on the binary cross-entropy loss of each teacher's output relative to the labels. The
teacher exhibiting the smallest loss was then chosen to guide the student model for that particular input.

5110 Training schemes

For the knowledge distillation without attention network, two training schemes were tested. The first one is offline learning.
Here the teacher is pretrained and no backpropagation is done in the teacher network. The second training scheme is online
learning. As the term says, in online learning, both the teacher and student learn together at the same time. The student
might have a better understanding of the learning path the teacher will take during training.

Two training schemes were implemented for the attention model. The first method will be online training at the same epoch
as the student. In this approach, the attention model is trained online with the student network. This allows the attention
model for gradual learning. An alternative method involves alternating the training phases of the student and attention
networks. Specifically, after every 20 epochs of student network training, the attention network is trained for 20 epochs.
This alternating training strategy provides the attention model with dedicated periods to adjust and refine its parameters.
This potentially leads to better alignment with the student at different learning stages.

5111 Small dataset

To enhance the performance difference between the student and teacher models, the student will be trained on a relatively
smaller dataset. This subset is derived from the dataset detailed in table B3 Specifically, it includes only the first five rooms
with four distinct positions in each room, 60 out of the 72 noise instances, and 6318 out of 7438 utterances from TIMIT and
PTDB-TUG.

5.2 Results and discussion

In this section, the adjusted models will be compared first in terms of accuracy, followed by comparisons that include band-
width and size. During training, validation curves were used as indicators of potential test performance. However, this
correlation was not always consistent, suggesting that early stopping may not be beneficial for all models. Consequently, it
isimportant to note that models trained for 60 epochs may yield different outcomes if trained for 120 epochs. An overview of
the compressed and expanded models can be found in the appendices fig. 4, fig. 5, fig. [6. Models can be chosen according
to constraints and accuracy expectations.
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Training behaviour

5 Model compression
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Figure 5.4: Training BCE loss for 120 epochs starting at epoch 5 for models with different parameter size.
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Figure 5.5: Validation BCE loss for 120 epochs starting at epoch 5 for models with different parameter size.
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Figure 5.6: Comparison of test accuracy for training 60 and 120 epochs.

Table 5.2: Average accuracies in % for all tested conditions for the models depicted in fig. B.6.

conditions
epochs ‘60 ‘120

model accuracy (%)
F32132 | 6545 | 7341
F64 7182 | 82.89
baseline | 8565 | 8513

Examining fig. E, the test performance shows significant differences depending on whether the models were trained for
60 or 120 epochs. Notably, the baseline model exhibited a decrease in accuracy, primarily due to weaker performance under
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5 dB SNR conditions. Smaller models displayed even larger discrepancies between the 60- and 120-epoch training regimens.
The learning curves in Figures @ and @ reveal similar behaviors in the loss curves during training for all three models.
Before knowing this occurrence in validation and test differences, some models during the research were only trained for 60
epochs before actual overfitting was seen in the training curves. This decision was made with efficiency in mind, aiming to
mitigate time wastage during the training process. Training the models typically spanned durations ranging from 3 to 12 days
depending on model size and what hardware was used. Due to examples as the F32 L32, where the models performance
changes enormous when training to 120 epochs, conclusions could be different at 120 epochs for these models. For this
reason, certain tested combinations are not implemented in this dissertation.

5.2.2 Quantisation
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Figure 5.7: Boxplot illustrating the difference in accuracy between the averages of 14 models with and without PTSQ.

The accuracy impact of post-training static quantisation on the embedded broadband features is minimal. This is visualised
in fig. 57, which presents the accuracy differences averaged over testing conditions for 14 models with and without quanti-
sation. The differences in accuracy observed are less than 1% between the models with and without PTSQ.
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5.2.3 Reducing layer size

Number of embedded features
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Figure 5.8: Test accuracy for adjusted BM-CLA models with varying quantities of broadband embedded features at the fully

connected layer was evaluated. All models underwent training for 120 epochs. The grey boxplot illustrates the accuracy
distribution for each model under test. The specific test conditions are detailed in the legend above the plot.

Table 5.3: Average accuracies in % for all tested conditions for the models depicted in Figure 5.8

model accuracy (%) | parameters (millions) | MAC (millions)
F64 82.89 327 9.05

F128 8275 4.39 11.25

F256 8114 6.62 15.55

F512 82.39 1110 24.25

baseline | 8513 10.60 32.75

Reducing the number of embedded features positively impacts accuracy. In the tested models, performance remained stable
with down to 64 features. Notably, models with 128 and 64 features outperformed the reference model by approximately
0.5%. Conversely, the model with 256 features demonstrated weaker performance in single-source conditions compared to
the reference model. When comparing the /64 model to the baseline, the baseline exhibited an overall better performance,
with a difference of approximately 2% across nearly all conditions. When analysing the parameters and MACs, the BM-CLA
achieves comparable to better performance with 2.68 times fewer computations and 3.39 times fewer parameters as in the
reference model. Considering the formula for bandwidth , the bandwidth decreases proportionally with the reduction in
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the number of features.

Number of embedded features, temporal layer and conviD
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Figure 5.9: Test accuracy for adjusted BM-CLA models with varying quantities of broadband embedded features at the Fully

Connected layer, LSTM and Conv1D were evaluated. The models with adjusted temporal layer have an equally adjusted Conv1D

layer. All models underwent training for 120 epochs. The grey boxplot illustrates the accuracy distribution for each model

under test. The specific test conditions are detailed in the legend above the plot.

Table 5.4: Average accuracies in % for all tested conditions for the models depicted in Figure B.9.

model accuracy (%) | parameters (millions) | MAC (millions)
Fb64 82.89 3.27 9.05

F64 64 80.22 110 6.90

F256 8114 6.62 15.55

JF256 1256 | 8373 490 13.85

F512 82.39 110 24.25

baseline 8513 1060 3275

Modifying the reference model to 64 L64, where the number of embedded features equals the number of nodes in the

LSTM (64) and filters in the Conv1D, demonstrates a generally negative impact on model performance. No specific anomalies

are observed in the differences. Conversely, for the model with 256 features, aligning the LSTM and Conv1D layers size with

the number of broadband features, results in improved accuracy. Notably, the 3-meter, 1-source, and high-noise conditions

exhibit the most significant improvement, averaging a 5% increase in accuracy for these scenarios. Examining the model
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sizes, it is evident that reducing the LSTM and Conv1D layers significantly improves the model's compactness, resulting in a
parameter reduction of up to 2.97 times for the F64 L64 compared to the 764 model.

5.2.4 Time - frequency resolution
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Figure 5.10: Test accuracy for BM-CLA models with focus on time and frequency resolution. The models were trained for 120
epochs. The grey boxplot illustrates the accuracy distribution for each model under test. The specific test conditions are

detailed in the legend above the plot.

Table 5.5: Average accuracies in % for all tested conditions for the models depicted in Figure 5.10.

model accuracy (%) | parameters (millions) | MAC (millions)
LC3+ 86.66 10.07 32.75
F64 82.89 327 9.05
F6452 76.57 3.27 9.05
F6454 14 327 9.05
F128 82.75 4.39 1.23
F128 52 82.07 4.39 11.23
F128 S4 78.54 439 11.23
F256 8114 6.62 15.55
F512 82.39 1110 24.25
F51282 80.36 110 24.25
F512 S4 80.17 110 24.25
F512 2hop | 7338 1110 1213
F512 3hop | 72.89 110 8.00
F512100f | 84.04 595 1.07
JF256100f | 79.38 405 7.55
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In Figure 510, a comparison per model is made for the accuracy under tested conditions. Model names correspond to the
architecture configurations detailed in Figure .4 If the stride S is not mentioned, the Conv Enc and Conv Dec are absent,
and the features F are transmitted directly. In cases where the hop is not specified, the hop length defaults to one times L.
First, the impact of lowering the time dimension is discussed. By increasing the hop length, an overall drop in performance
is clearly visible. Specifically, for the zero and 15dB SNR conditions, performance collapsed the most. Respectively 16.09%
and 11.82% accuracy differences compared to the 512 reference model. This decline in performance highlights the critical
role of the missed temporal information. The difference between doubling the hop length and tripling it is marginal despite
the MAC difference. The use of a Conv Enc and Conv Dec is significantly more beneficial for lowering the time resolution
in terms of accuracy. The most significant differences are observed in combination with the FC layer. When the number of
embedded broadband features is reduced, information details are lost when the time dimension is decreased. This is clearly
visible for the /64 model. Conversely, when enough features are available, lowering the time dimension has a low impact
on accuracy.

The number of features also influences behavior with respect to the frequency resolution. Lowering the number of frequen-
cies per time frame has a positive impact on the 512 model accuracy and MAC wise. Conversely, reducing the frequency
resolution has a negative effect on the model with fewer features (256) on the accuracy. This might indicate that sound
localisation becomes more challenging with lower frequency resolution. Here the low frequencies that lead to wrong ILD
and so wrong information might have more influence.
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5.2.5 Amplitude normalisation
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Figure 511: Test accuracy for BM-CLA models with amplitude normalisation over the channels (Nc) and normalisation over
the channels, frequencies and time (Ncft) over 120 epochs.

Using the mean of the amplitude over all channels, time frames and frequencies, brings down the used bandwidth to 64 bps
for normalisation. This is a factor 25,700 times smaller than using average over channels only. Amplitude normalisation
across all dimensions leads to enhanced accuracy for most models, likely because it allows for generalisation over all fre-
quencies. This makes noise in unused speaker frequencies less significant. Additionally, normalising over time decreases the
impact of silent time frames. Conversely, models with fewer frequencies show reduced performance with comprehensive
normalisation. In such cases, normalisation over only the channels is more effective. For only the 100 lowest frequencies,
the phase has a greater impact than the amplitude due to the lower frequency spectrum (section P.2.4). Since ITD is more
crucial than ILD, the influence of amplitude on lowest frequencies, can be detrimental. Particularly because low frequency
signals perform poorly for ILD. Taking these wrong ILD into account may lead to lower resolution in the output and thus
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lower overall accuracy. For the baseline equipped with a GRU, the temporal structure of the amplitudes might became to
complex to get processed by a GRU.

All combinations
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Figure 5.12: Test accuracy plotted in bars ordered in rising bandwidth from left to right. Bandwidth is illustrated on the red
curve and MAC number is illustrated with the blue curve. All models have undergo PTSQ and amplitude normalisation (Ncft)
with one normalisation factor. The reference model is the 512 model with Nc normalisation without PTSQ. The darker color
represents the centralised architecture. Bandwidth due to normalisation is not included.

Table 5.6: Test accuracy, bandwidth and MAC from models in Figure E.

model accuracy (%) | bandwidth (thousands) | MAC (millions)
F6452 79.59 51.2 9.06
F32 83.08 512 797
F128 S4 81.29 512 11.23
LC3+ 86.66 96.0 32.25
Fb64 84.79 102.4 9.05
F128S2 83.70 102.4 11.23
F64100f | 81.20 102.4 487
F128 82.96 204.8 11.23
F5123hop | 7759 2731 8.00
JF512 2hop | 7916 4096 1213
F512 85.65 819.2 24.25
JF512100f | 8118 819.2 11.07
reference 8239 3276.8 24.25

In the graphs presented in Figure E, it is observable that the accuracy demonstrates a remarkable level of stability across a
considerable spectrum of bandwidth variations. Interestingly, the bandwidth exhibits a range discrepancy spanning a factor
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of 32, whereas the MAC exhibits a comparatively narrower range, with a factor of 6.6 between its maximum and minimum
values. No clear correlation in number of features or MAC size is present. Particularly noteworthy is the absence of any
BM-CLA models outperforming the centralised baseline in terms of accuracy, which is equipped with the LC3+ codec. The
MAC number on the other hand is better for the co-operative model.

5.26 Knowledge distillation

In this section of the thesis, knowledge distillation will be evaluated using various training methods and teacher-student
combinations. By employing KD, complex and larger models can be leveraged to facilitate the training of smaller models
used in hearing aids. This approach combines the advantages of both worlds, achieving high accuracy while maintaining low
energy consumption. Next to usage in sound localisation, these ideas are applicable in many fields as earlier described in
sectionP.4.4. The use of loss functions other than the one specified in equation 5.20, exhibited significantly poor performance
from the beginning. Therefore, no further testing was conducted with these alternative loss functions.

Different teacher layer architecture
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Figure 513: Test accuracy for BM-CLA models with the following name conventions, teacher-student learning method. Where
the teachers have a slightly different architecture. All models underwent training for 60 epochs. The grey boxplot illustrates
the accuracy distribution for each model under test. The specific test conditions are detailed in the legend above the plot.
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Table 5.7 Average accuracies in % for all tested conditions for the models depicted in Figure B3,

model accuracy (%)
3C F512 G256-32 0.2 | 63.02
base-32 0.2 70.80
F32132 65.45
baseline 85.65

Different teacher architectures have several outcome (for training 60 epochs), with the baseline model as the teacher pro-
viding better accuracy compared to the BM-CLA model utilising three convolutions. Since only the logits are used for the
tested knowledge distillation, the structural complexity of the model should theoretically have no direct impact. The hidden
weight factor « on 0.2 yielded the best results and will be utilised in subsequent experiments.
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Figure 5.14: Test accuracy for BM-CLA models with the following name conventions, teacher-student. Where the teachers
have slightly different architecture parameters. All models underwent training for 60 epochs.
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Only changing the network size with parameter adjustments, as expected, indicated that the larger teachers performed

better. However, as shown later in Figure , for the F64 L64 model, a better-performing teacher does not necessarily

translate to effective knowledge transfer.

Online KD training
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Figure 5.15: Comparison of test accuracy for the BM-CLA model using knowledge distillation with student /32 L32 trained
online and offline over 60 epochs.
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—— F256-32 a0.2
—— JF256-32 0.2 online
0.038 4

0.036 1

0.034 1

0.030 1

0.028 1

0.026 1

0 10 20 30 10 50
epochs

Figure 5.16: Validation BCE loss for 120 epochs starting at epoch 5 for KD online training.

During online training, the loss curve (518) exhibited poorer performance compared to offline training. Consequently, the
training process was halted at 60 epochs. Next to expensive computing, the test results obtained from online training were
not promising. This led to the decision to cease further testing in online training.
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Alternate training
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Figure 517: Comparison of test accuracy for the BM-CLA model using knowledge distillation with student /32 L32 trained
with alternation of the attention layer and offline training over 60 epochs.
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Figure 5.18: Validation BCE loss for 120 epochs starting at epoch 5 for KD alternate training.

Similarly to the case of online training, the validation loss curve (@] was not very promising. Therefore, the training was
stopped at 60 epochs. Evaluating the test results at 60 epochs, as indicated by the validation loss, revealed no significant
gains. Consequently, an additional 30 more epochs were conducted, yielding no improvements in results.
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Ensemble KD training
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Figure 519: Test accuracy for BM-CLA models with the following name conventions, teacher-student learning method. Where
the learning methods are best teacher (best), hidden weight factor () and average hidden weight factor (Avg). All models
underwent training for 60 epochs. The grey boxplot illustrates the accuracy distribution for each model under test. The

specific test conditions are detailed in the legend above the plot.

Table 5.8: Average accuracies in % for all tested conditions for the models depicted in Figure 5.19.

model

accuracy (%)

base F256-32 0.2 best

68.78

baseF256-32 0.2 avg | 6796
F32132 65.45
baseline 85.65

Examining the violin plotin Figure 5.8, it is evident that the ensemble teachers only slightly improved performance under high

noise conditions. Within the given number of epochs, the models showed marginal improvement. It will be demonstrated

later that results might differ significantly at 120 epochs.
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KD - 60 epochs overview
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Figure 5.20: Test accuracy for BM-CLA models with the following name conventions, teacher-student learning method. Where
the teachers have a slightly different architecture. All models underwent training for 60 epochs.

Knowledge distillation was also tested on a larger student model, 64 L64. The outcomes for the teacher-student combi-
nations are differed from those observed with the F32L32 student. For the larger student model, KD using a better teacher
model trained on the same dataset, did not show any advantage at 60 epochs. In fact,a drop in performance can be observed.
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Figure 5.21: Test accuracy for BM-CLA models with the following name conventions, teacher-student learning method. Where
the teachers have a slightly different architecture. All models underwent training for 60 epochs. The terms "best,” "average,”
"alternate,” and "online” refer to distinct training methodologies.

When evaluating all tested combinations over 60 epochs without data modifications, several conclusions can be drawn.
Firstly, knowledge distillation can facilitate faster training. Secondly, alternate and online training methods did not show
any advantage over offline training in the tested scenarios. Furthermore, the impact of better teachers trained on the same
dataset was evident. However, the smaller the performance difference between student and teacher accuracy, the smaller
the advantage gained, or it might even result in a disadvantage. It is also observed that the best model is not always the

best teacher.
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KD - 120 epochs
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Figure 5.22: Test accuracy for BM-CLA models with the following name conventions, teacher-student learning method. Where
the learning methods are best teacher (best), hidden weight factor («) and learned hidden weight factor (Att). All models
underwent training for 60 epochs except for the teacher F2561256. The grey boxplot illustrates the accuracy distribution
for each model under test. The specific test conditions are detailed in the legend above the plot.
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Figure 5.23: Test accuracy for BM-CLA models with the following name conventions, teacher-student learning method. Where
the learning methods are best teacher (best), hidden weight factor (o) and learned hidden weight factor (Att). All models
underwent training for 120 epochs. The grey boxplot illustrates the accuracy distribution for each model under test. The
specific test conditions are detailed in the legend above the plot.
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5 Model compression

Table 5.9: Average accuracies in % for all tested conditions for the models depicted in Figures 522 and 523

conditions
epachs |60 | 120
model accuracy (%)
JF256L256 79.40 | 8373
JF256-32132 Att 69.28 | 73.99
JF256-32132 0.2 7215 | 73.06
base F256-32L32 «0.2 Best | 6878 | 74.19
F32132 65.45 | 7341
baseline 85.65 | 8513

For training the models in Table 5.9 until 60 epochs, knowledge distillation (KD) demonstrated an improvement over the
student across all examples presented. Specifically, the model F256-32L32 «0.2 exhibited a 6.7% higher accuracy compared
tothe model with the same architecture parameters, 732132, at this stage. However, when training continued to 120 epochs,
the performance of F32L32 improved more than expected, as detailed in Section B.2.1 This further training resulted in the
accuracy of the KD-enhanced models not being significantly better than those without KD. All three KD variants with different
approaches yielded similar outcomes at 120 epochs. The student models derived from KD did not achieve performance levels
close to those of their teacher models. Currently, the primary benefit of KD appears to be in accelerating the training process.
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Smaller student dataset
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Figure 5.24: Comparison of test accuracy for the BM-CLA model using knowledge distillation with student F32G32 trained
on smaller dataset over 120 epochs.

The results presented in Table 5.9 were derived from models where both the teacher and student were trained on the same
dataset. When knowledge distillation is performed using a more capable teacher model, trained on a relative larger dataset,
the student model benefits significantly from this enhanced learning process. Specifically, a student model without KD
achieved an average accuracy of 61.75%, whereas the same model with KD trained on the same dataset, reached an average
accuracy of 70.05%. These findings indicate that leveraging a larger dataset for training the teacher model can provide
substantial advantages to the student model, rather than restricting both to a smaller dataset (section ). This approach
holds promise for improving model performance through more extensive training of the teacher model.
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Figure 5.25: Average test accuracy for BM-CLA models with the adjusted temporal layer, across varying numbers of sources.
Models utilising the GRU (G) are represented with light colors, while those employing the LSTM (L) are depicted with darker

(grey) colors. The centralised baseline is depicted with amplitude normalisation Nc and Ncft.

Table 5.10: Average accuracies in % for all tested conditions for the models depicted in Figure B-25. Bold numbers indicate

better with LSTM.

conditions
number of sources | 1source 2 sources 3 sources 1,2,3 sources
temporal layer LSTM | GRU LSTM | GRU | LSTM | GRU | LSTM | GRU | LSTM | GRU
model accuracy (%) MAC (millions)
baseline 9379 | 9390 | 8539 | 8541 | 7778 | 80.28 | 8565 | 86.53 | 3275 | 3225
baseline Ncft 94.28 | 8977 | 8745 | 8487 | 81.20 | 7973 | 8764 | 8479 | 3275 | 3225
F512 9012 | 9296 | 8167 | 8199 | 7537 | 7485 | 8239 | 8327 | 2425 | 2372
F512100f 9117 | 9372 | 8384 | 8454 | 7711 | 7795 | 84.04 | 8540 | 11.07 | 10.50
F512 (L/G)256 9372 | 95.39 | 8295 | 79.02 | 7556 | 7368 | 84.08 | 82.69 | 22.87 | 2271
JF512 3hop 8211 | 9220 | 6979 | 7735 | 6677 | 7010 | 7289 | 79.88 | 800 | 7.81
JF512 2hop 80.38 | 8705 | 7285 | 7446 | 66.91 | 6582 | 7338 | 7578 | 1213 | 11.86
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5 Model compression

Looking at Table 510, utilising a GRU instead of an LSTM appears to yield beneficial outcomes across most source scenarios.
Reducing the number of nodes to 256 negatively impacts the GRU layer, whereas an improvement is observed in the LSTM.
As depicted in Figure , all co-operative models exhibit improved performance under one-source conditions. Employing
a GRU not only enhances accuracy but also reduces the network’s size, thereby increasing computational efficiency. Looking
at reducing the temporal layer by half, the LSTM seemed to improve while the GRU suffered in accuracy. In this configuration
the LSTM wins in terms of accuracy and MACs. For the baseline with amplitude normalisation over channel, frequency and
time, the LSTM is better in all source conditions.

5.3 Conclusion

The BM-CLA model could withstand a lot of compression without much negative effect on accuracy. Especially lowering
the number of features had the most effect on lowering both MACs and bandwidth without dropping in accuracy. Once the
number of features was lowered, other reductions seemed fatal for accuracy. The quantisation brought down the bandwidth
by a factor of four. The quantisation effect was so small it could be ignored. Using an amplitude normalisation over channel,
frequency, and time improved the accuracy and brought the impact of normalisation down to 64 bps. When looking at the
MAC number, the BM-CLA seemed to be more efficient than the centralised model. Offline knowledge distillation using KL
loss could be used for models with a significant difference in performance. Here, the important thing is the difference in
training data and not just the difference in performance. Utilising a GRU had small improvement in performance for the
same number of nodes as for the LSTM. Despite this occurrence, halving the number of nodes for LSTM seemed to be still
better in some configurations.
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Model expansion

In this chapter the focus will lay on DOA sound localisation accuracy performance with network size increase. The BM-CLA
model will have small adjustments while the data remains unchanged during all the tested methods. Hereby the perfor-
mance adjustments can be measured on the learning capabilities from the fixed dataset. The proposed models will be
compared to the centralised baseline model without LC3+ codec. In the previous chapter §, some of the expansion models
are used as teachers for knowledge distillation. ALl models have conventions as described in chapter f.

6.1 Methods

This section explains the methods tested for improving DOA performance, focusing solely on accuracy. First, changing the
model's input with amplitude included, which is new for the BM-CLA model from previous work [6]. Next, tweaking hyper
parameters of the network layers. Then adding intra-array convolutions. Lastly, adding inter-array amplitude information
after the intra-array convolutions.

6.1.1 Input features

The input of the model within machine learning models, is one of the most important aspects, because it only can learn
from what is going through. Many input features are used for binaural sound source localisation, from raw sequential audio
signals, hand-crafted features (ILD, ITD) [51] to amplitude and phase of the STFT. Even gamma tone filters can be used to filter
wanted frequencies from the incoming audio signal [S2]. As seen in chapter P the STFT is often used in binaural hearing. The
ILD and ITD, which are the binaural cues for sound source localisation, can be found in the amplitude and phase information
of the STFT. To have a better understanding for how the model interacts with these features, the amplitude and phase were
tested separately and together as input. Normalising the input enhances generalisation and accelerate the gradient descent
process. The mean(m) and variance(v) over the first 1000 values in the middle of the time dimension of the trainloader
batches are calculated. This was done for all tests.

INPUErorm = mp“\tﬁ_m 61)
6.1.2 Hyper-parameters

Inthe convolutional layers, when improving the amount of learnable kernels, the network can filter out more extinct features
from the data. After the conv layers, the FC layer selects and processes the extracted features to make latent features. Having
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6 Model expansion

more latent features can make learning more accurate. The temporal layer can adjust the receptive field to get temporal
context during the classification. Note, that for enlarging the model size for the centralised system, the model size has no
impact on the bandwidth, only the number of used microphones have impact. Next, by lowering dropout, the network can
learn more distinct patterns and make full use of the connections. A drawback of lowering dropout is faster overfitting.

6.1.3 Circular padding

Figure 6.1: Intuitive drawing for circular padding with each color referring to the information from a microphone on the
hearing device.

In the both the baseline (fig. Q] and the BM-CLA (fig. @) make use of convolutions to combine the mic information. As the
baseline has 2M . — 1 convolutions and the BM-CLA only has M, — 1, this might cause the difference in performance. When
adding more convolutions to the BM-CLA, more connections in between the mic info might occur. To keep in mind is that the
inter-aural information is not shared through the convolutions in the BM-CLA model. With the use of circular padding, more
convolutions can be taken between the intra-ear microphones. In figure Q, a visualisation shows that not only information
from mics m 2 and 12 3 is combined but also the combination 7721 3. By every additional comparison of the first and last
mic in the input, an extra convolution is created. With the extra convolution more intra-mic information might be collected
to form the embedded features.

6.1.4 Skip connections

In the BM-CLA model the embedded features consist out of intra-mic information only. The baseline model on the other
hand has access to information from both intra- and inter-mic relations. This is done by the A/ — 1 convolutional layers. To
mimic this in the feature model, a convolution between the amplitude of the first mic from each ear is taken. This provides
extra ILD information for combining the inter-mic information. These results are than going through a fully connected layer
of 512 nodes. Later these features are added to the ear-features and going through a 512 FCinstead of a 1D convolution. As
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6 Model expansion

temporal layer, a GRU is chosen. The rest of the network is similar to the F512 reference model.

6.2 Results and discussion

In this section of the thesis, the obtained results and insights will be discussed. The tested models may have different hyper
parameters. These will be given in the subscription of the images. The focus will lay on model accuracy performance with
enlarging the model size. An overview of the compressed and expanded models can be found in the appendices fig. IE, fig. E,
fig. . Models can be chosen according to constraints and accuracy expectations.

6.2.1 Input features
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Figure 6.2: Comparison of test accuracy under various Figure 6.3: Comparison of test accuracy under various
conditions for the baseline model using phase (P) in- conditions for the baseline model using phase (P) input
put versus the baseline model using amplitude (A) input versus the baseline model using both amplitude (A) and
over 120 epochs. phase (P) inputs over 120 epochs.
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Figure 6.4: Difference in test accuracy between the baseline model using phase (P) and amplitude (A) inputs (improvement
represented on the positive axis) and the baseline model using phase (P) inputs alone (improvement represented on the
negative axis) over 120 epochs.

68



6 Model expansion

Table 6.1: Average accuracies in % for the given conditions with the overall standard deviation o for the corresponding
changes in test parameters for baseline A. The averages are taken for all the conditions with the specified constraint.

baseline A
condition accuracy (%) | standard deviation (o)
SNR (no noise) 92.61
SNR (15 dB) 68.06
SNR (10 dB) 52.37 2085
SNR (5 dB) 36.07
sources (1source) 71.21
sources (2 sources) 62.31 731
sources (3 sources) 53.31
distance (1m) 68.16
distance (2 m) 5706 455
distance (3 m) 61.60

Table 6.2: Average accuracies in % for the given conditions with the overall standard deviation o for the corresponding
changes in test parameters for baseline P. The averages are taken for all the conditions with the specified constraint.

baseline P

condition accuracy (%) | standard deviation (o)
SNR (no noise) 93.30

SNR (15 dB) 8797

SNR (10 dB) 78.83 148
SNR (5 dB) 63.05

sources (1source) 8799

sources (2 sources) 80.93 594
sources (3 sources) 73.45

distance (1m) 85.76

distance (2 m) 71.21 363
distance (3 m) 79.40
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6 Model expansion

Table 6.3: Average accuracies in % for the given conditions with the overall standard deviation o for the corresponding
changes in test parameters for baseline AP. The averages are taken for all the conditions with the specified constraint.

baseline AP

condition accuracy (%) | standard deviation (o)
SNR (no noise) 94.45

SNR (15 dB) 91.04 931
SNR (10 dB) 8491

SNR (5 dB) 7013

sources (1source) 9217

sources (2 sources) 84.70 558
sources (3 sources) 7852

distance (1m) 90.18

distance (2 m) 84.01 375
distance (3 m) 81.20

The general trend observed for accuracy, when using amplitude as the sole input, indicates that localisation performance
remains excellent under zero noise conditions across all scenarios. However, under varying sound conditions, the accuracy
distribution decreases as the complexity of the sound environment increases. Factors such as a greater number of sources,
lower SNR, and increased distance contribute to this decline. The average accuracy is 62.27%, with the standard deviation
(o) being most pronounced for SNR at 20.85, demonstrating a clear degradation in performance with increasing noise, as
detailed in Table B. Similarly, variations in the number of sources result in a standard deviation of 7.3. In contrast, distance
has a small impact on accuracy, with a standard deviation of 4.55.

The performance of the baseline model using only phase as input demonstrates an overall average accuracy of 80.79%.
Similar patterns observed with the amplitude-only model are evident here, with a notable difference in behavior under
higher SNR conditions, where the phase model significantly outperforms the amplitude model. The SNR continues to have
the most substantial impact on accuracy, with a standard variation of 11.48. For the number of sources and distances, the
standard deviations are 594 and 3.63, respectively. The tested average values per condition for the baseline phase (P)
model are presented in Table b.d. As illustrated in Figure b.3, it is clear that phase provides more relevant information than
amplitude for binaural sound localisation in the baseline model.

Figure b4 illustrates the differences in accuracy across all test conditions for the models with P and AP. The inclusion of
amplitude in the input data notably enhances performance in scenarios with SNRs of 15,10, and 5 dB. Interestingly, conditions
with a distance of 3 meters do not show as significant an improvement as those with a distance of 2 meters. Conditions with
no noise show minimal improvement however, the accuracy was already relatively high in both the amplitude-only (A) and
phase-only (P) models. No decline in accuracy is observed when amplitude is added to the phase as input for the baseline
model and the overall accuracy is set to 85.13%.
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Figure 6.5: Comparison of test accuracy under various
conditions for the BM-CLA model using phase (P) input
versus the BM-CLA model using amplitude (A) input over
120 epochs.
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Figure 6.6: Comparison of test accuracy under various
conditions for the BM-CLA model using phase (P) input
versus the BM-CLA model using both amplitude (A) and
phase (P) inputs over 120 epochs.

Table 6.4. Average accuracies in % for the given conditions with the overall standard deviation o for the corresponding

changes in test parameters for /512 A. The averages are taken for all the conditions with the specified constraint.

F512A

condition accuracy (%) | standard deviation (o)
SNR (no noise) 91.84

SNR (15 dB) 73.92

SNR (10 dB) 56.95 2082
SNR (5 dB) 35.49

sources (1source) 7213

sources (2 sources) 63.65 5.85
sources (3 sources) 5787

distance (1m) 719

distance (2 m) 5893 5.05
distance (3 m) 63.53
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Table 6.5: Average accuracies in % for the given conditions with the overall standard deviation o for the corresponding
changes in test parameters for /512 P. The averages are taken for all the conditions with the specified constraint.

F512P

condition accuracy (%) | standard deviation (o)
SNR (no noise) 92.83

SNR (15 dB) 81.78

SNR (10 dB) 6878 1470
SNR (5 dB) 53.46

sources (1source) 84.59

sources (2 sources) 73.21 810
sources (3 sources) 64.83

distance (1m) 84.03

distance (2 m) 74.36 8.08
distance (3 m) 64.24

Table 6.6: Average accuracies in % for the given conditions with the overall standard deviation o for the corresponding
changes in test parameters for /512 AP. The averages are taken for all the conditions with the specified constraint.

F512 AP

condition accuracy (%) | standard deviation (o)
SNR (no noise) 9374

SNR (15 dB) 89.57

SNR (10 dB) 8119 1099
SNR (5 dB) 65.04

sources (1source) 90.12

sources (2 sources) 81.67 6.04
sources (3 sources) 75.37

distance (1m) 8792

distance (2 m) 8175 428
distance (3 m) 71.49

The BM-CLA model with amplitude-only input exhibits an overall accuracy of 65.55%, showing a trend similar to the baseline
model. The most significant difference is observed in the 15 dB conditions, where the BM-CLA model performs 5.86% better
than the baseline (Table E, Table @]. A more notable difference is observed with phase-only input for the BM-CLA model.
As illustrated in Figure .5, not all noisy conditions show as much improvement as seen in the baseline model. Specifically,
conditions with a 3-meter distance combined with noise show similar performance to the amplitude-only input. However,
for 1-meter and 2-meter distances, improvements are substantial, with increases of 12.84% and 15.43%, respectively. The
overall accuracy for the phase-only input is 74.21%.
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6 Model expansion

Combining amplitude with phase input yields a positive impact, achieving an average accuracy of 82.39%. Unlike the baseline
P model, which already exhibits strong performance, the BM-CLA model demonstrates significant potential for improvement.
As depicted in Figure b4, the most notable improvements occur under more challenging acoustic conditions, such as a 3-
meter distance, SNR levels of 5 and 10 dB, and scenarios with three sources. These conditions show respective improvements
of 13.25%, 11.58%, 12.41%, and 13.25%. When these challenging conditions are combined, improvements exceeding 20% are

achieved.
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Figure 6.7: Difference in test accuracy between the BM-CLA model using phase (P) and amplitude (A) inputs (improvement
represented on the positive axis) and the BM-CLA model using phase (P) inputs alone (improvement represented on the
negative axis) over 120 epochs.
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6.2.2 Circular padding
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Figure 6.8: Test accuracy for the models utilising a GRU of 256 (G256), F = 512, with circular padding and C convolutions at
the ear-device is depicted. The boxplot in grey illustrates the accuracy distribution for each model. The test conditions are
detailed in the legend above the plot.

Table 6.7: Average accuracies in % for all tested conditions for the models depicted in Figure b.§.

model accuracy (%)
G256 8223
3C G256 | 84.01
4( G256 | 8167
F512 8239
baseline | 8513

Circular padding was tested for models with GRU256, incorporating one and two additional convolutions. The G256 models
were trained for only 60 epochs. During training, the minimal difference observed in the validation loss curve was not
interpreted as a significant improvement. As discussed in Section E, it is shown that the validation loss curve provides
only blurred indications towards the end of the training process. The performance results are depicted in the violin plot
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6 Model expansion

in Figure p.8, comparing these models against the baseline model and the BM-CLA F512. For the first two models, the
one-source conditions undergo a performance decrease with the addition of an extra convolution, whereas the multi-source
conditions showed improved accuracy. However, the overall accuracy increased by only 1.68%. Adding another convolution,
resulting in four convolutions before extracting broadband latent features, did not provide any advantage. Nearly all tested
conditions experienced a slight decrease in performance, culminating in a 2.24% drop in accuracy. When comparing the
GRU256 models to the reference models BM-CLA 512 and the baseline, the baseline model still performed better overall.
Notably, the model with three convolutions marginally outperformed the F512 reference model.
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Figure 6.9: Test accuracy was evaluated for models with varying configurations of convolutional layers, fully connected (£'C)
layers, and temporal layers. For example, 3C128 represents a model with 3 convolutional layers, each containing 128 filters.
The number of nodes in the £'C layer is identical to that in the temporal layer and Conv1D layer. The notation 'G' denotes the
use of a GRU instead of a LSTM. All models were trained until minimal validation loss, except for the reference models BM-CLA
J512 and the baseline model, which were trained for 120 epochs. The boxplot in grey illustrates the accuracy distribution
for each model. The test conditions are detailed in the legend above the plot.
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Table 6.8: Average accuracies in % for all tested conditions for the models depicted in Figure p.9.

model accuracy (%)
base (128 F1024L | 851
(128 F1024 G 84.76

30128 F1024 G 85.88
40128 F1024 G 86.86
50128 F1024 G 85.24
(256 F2048 G 84.95
F512 82.39
baseline 8513

When examining the expanded baseline, base C128 F1024 L, alongside the baseline itself, negligible disparities in accuracy
are discernible. For this dataset, augmenting the baseline network for this dataset appears unwarranted. Conversely, the
BM-CLA model demonstrates slight enhancements, averaging around 2% across all conditions. Particularly noteworthy is
the observed improvement of 4.16% in the context of 3-meter distances. Introducing an additional convolutional layer, as
in the case of 3C128 F1024 G, yields marginal enhancements averaging approximately 1% across most conditions. Notably,
the improvement is more pronounced in the context of 5 dB SNR, with an increase of 3.74%. The 4(128 is almost 3% better
than the 3C128 model in 3-meter, 1-source and 5dB SNR conditions, resulting in a total average accuracy of 86.86%. With this
accuracy, it even outperformed the baseline without LC3+ codec. Especially for the lower SNR and 3-meter sound conditions.

To explore the impact of further convolutions, the examination extends to models incorporating 5 convolutions for intra-array
information processing. However, the introduction of two additional convolutions leads to a decline in average performance
across nearly all conditions. It is worth noting that while scaling up the network size, outcomes may vary for larger datasets,
albeit this aspect remains unexplored in this study. The largest network examined, denoted as (256 F2048 G, exhibits
performance similar to the 71024 networks. This could potentially stem from overfitting (section p.2.9) as later evidenced
in the training curves. Nevertheless, the performance of the larger model still surpasses that of the reference BM-CLA model
and closely aligns with the baseline.
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6.2.3 Skip connection
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Figure 6.10: Comparison of test accuracy for the BM-CLA model equipped with a GRU and a skip connection.

When examining the test results at 120 epochs, no significant differences were observed. The only difference is better
performance in noisy conditions for the one-source condition. Consequently, further testing was discontinued. This minimal
difference in performance is likely due to the effective sharing of inter-aural amplitude information in the /512 G, achieved
through the use of broadband features.
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6.2.4 Dropout
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Figure 6.11: Comparison of test accuracy for the baseline Figure 6.12: Comparison of test accuracy for the BM-CLA
model with dropout rates D=0 trained over 60 epochs model with dropout rates D=0 trained over 60 epochs
and D=0.5 trained over 120 epochs. and D=0.5 trained over 120 epochs..

Table 6.9: Average accuracies in % for changes in dropout rates from Figures b1 b.11.

condition
dropout | 0 | 05

model accuracy (%)
F512 80.27 | 82.39
baseline | 86.77 | 8513

As shown in Table @, training the baseline model with a dropout rate of 0 over 60 epochs yields better performance than
training it for 120 epochs with a dropout rate of 0.5. Conversely, the BM-CLA reference model exhibits the opposite trend.
Consequently, the baseline model requires less computation time and energy to achieve full training. Furthermore, Figures
, indicate that dropout has the most significant impact under low SNR conditions, which are the most challenging for
generalisation. This is expected, as noise can either simplify or complicate the problem of source localisation.
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6.2.5 Overfitting
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Figure 6.13: Binary cross entropy loss curves during training on the training data are displayed above the validation loss curves
for models exhibiting signs of overfitting. The nomenclature follows a convention where, for instance, '3C128' indicates
three convolutions with 128 filters per convolution. Similarly, the symbol F denotes the number of nodes in the embedded
features, matching the size of the temporal layer. The letter 'G’ signifies the utilisation of GRU as the temporal layer, instead
of a LSTM.

The models with enlarged layer sizes exhibit indications of overfitting. The training loss curves, represented by binary cross-
entropy (BCE) loss, display a decline characterised by an elbow-shaped curve. In contrast, the validation curves begin to
rise in loss after a certain point. This upward trend indicates that the models are becoming overfitted, as the performance
on unseen data deteriorates while the training loss continues to decrease. Consequently, these models were not trained
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6 Model expansion

for the full duration of 120 epochs, unlike their smaller counterparts. The resolution of this overfitting phenomenon could
potentially be attained through training on a more extensive dataset. However, this remedy necessitates a longer duration
of training. Lastly, adding more dropout might make longer training possible resulting in better accuracy.

6.3 Conclusion

The combined use of amplitude and phase information results in significantly better accuracy performance compared to their
separate utilisation. The amplitude information from the inter-ear microphones integrates effectively with the broadband
features. Furthermore, the combination of intra-ear information is successfully enhanced by incorporating an additional
convolutional layer. Additional skip connections, however, only has increased performance for one-source conditions. For
the baseline model, lower dropout rates and shorter training durations appear beneficial. In contrast, the BM-CLA model
performs better with extended training periods.
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Conclusion

The primary aim of this master's dissertation was to explore methods to reduce energy for the sound broadband mixing
co-operative sound localisation algorithm. Throughout the research, the five objectives were successfully achieved, leading
to significant reduction and better variants of the reference model.

To begin with, the study explored a range of methods to reduce the bandwidth during operations for doing sound localisation
on BTE hearing aids. Starting from good to better solutions, reducing the time resolution by increasing hop length or stride
successfully reduced bandwidth. Lowering the number of transmitted features, quantising the data and normalising the
amplitude over all dimensions became the best solution. These modifications minimally affected or even improved the
model's performance. The normalisation also improved the centralised approach.

Next, to improve models minimised in size, multiple training schemes and teacher-student combinations for knowledge dis-
tillation were tested. These techniques showed promising results for applying a smaller model during inference deployment.
The use of knowledge distillation could be introduced in the broader field of source localisation.

New approaches for improving model performance on the same dataset where experimented with success. By using extra
convolutions, enhanced information sharing on the intra-ear level could be realised. Hereby, opening solutions for better
models trained on bigger datasets. These models could than be used as teachers in KD.

It is important to mention that the centralised model equipped with an LC3+ codec still outperformed the aforementioned
solutions. Particularly under more challenging listening conditions, with low SNR, the BM-CLA model appeared to reach the
threshold of its learning capacity when lowering the features and temporal resolution simultaneously.

Further investigations could explore methods to enhance the baseline performance of the centralised approach equipped
with a codec. With the fast evolutions of codecs other codecs like residual vector quantisation could be tested. Training with
frequency selection by using a gamma tone filter might filter out the most used frequencies. Outstanding models with no
limit in size and data can be explored for better knowledge distillation. Additionally, implementing generative adversarial
training schedules could yield promising results, further improving the efficacy of the models.

Ethical and social reflection

Improving sound localisation software, and thus enhancing energy efficiency of the hearing aids device can be linked to
several Sustainable Development Goals (SDG).

By enhancing hearing aid technology, individuals with hearing impairments can experience improved auditory perception,
leading to better overall health, well-being, and quality of life. Enhanced sound localisation improves communication, safety,
and social interaction for hearing aid users. This aligns with the SDG 3 which stands for good health and well-being.

The study contributes to SDG 9 for industry, innovation. When developing more energy-efficient hearing aids, the research
supports sustainable consumption and production patterns. This reduces the environmental footprint of hearing aid us-
age, promoting sustainability in the production and use of medical devices. This fosters industrial development in medical
technology.
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6 Conclusion

By improving the efficiency of the software for sound localisation, lower energy consumption is achieved. Thereby smaller
batteries and so lower amount of natural resources are exploited. Therefore this dissertation supports the guidelines of SDG
12 for sustainable production patterns.

Finally, this research contributes to the accessibility of hearing aids, helping to reduce the inequalities faced by individuals
with hearing impairments. Affordable and efficient hearing aids can make assistive technology more accessible to diverse
populations, including those in low-income settings. These developments reflect to the SDG 10 for reduced inequality.

In conclusion, the master's dissertation not only contributes to scientific and technological advancements but also holds
positive ethical and social implications. Better hearing aid software helps to achieve multiple SDGs, particularly those related
to the human well-being and hearing aid sustainability.
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Appendix A: accuracy overview
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Figure 14: Accuracy - bandwidth overview of most interesting compressed and expanded models with the bandwidth axis
logarithmic.
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