Design of an end-to-end active noise control system in a partially enclosed sound field, such as a
bedroom with an openable window, by applying the latest machine learning techniques
Introduction
This research aims to design an end-to-end active noise control system in a partially enclosed
sound field, such as a bedroom with an openable window, by applying the latest machine learning
techniques. Advancing active noise control systems would enable the widespread adoption of
natural ventilation strategies in urban development by suppressing complex noise ingress. This
could not only reduce the upfront and ongoing cost of urban development – which would leading
to economic growth – but also provide a significant reduction in energy consumption, as natural
ventilation will minimize the need for mechanical ventilation.
Society has become more aware of global warming and climate change as it accelerates due to
excessive greenhouse gas emissions [1]. Global efforts are being made to make urban
development sustainable [2]. This is critical, since in 2008 it was estimated that CO2 emissions
from the operation of inhabited buildings accounted for almost 39% of the UK’s total CO2
emissions [3].
Ventilation is a critical part of making a building habitable. Although mechanical ventilation is an
easy method to achieve the desired design criteria, it is at the cost of a rise in carbon footprint [4]
[5] [6]. Natural ventilation strategies are a much more cost effective and environmentally friendly
solution, but their deployment is restricted in areas with excessive external noise levels [7] [8] [9].
Noise control will enable natural ventilation strategies to be deployed in noisy environments.
Current noise control techniques used in the construction industry are limited. Passive noise
control relies on additional infrastructure such as acoustic barriers or facade alterations. This could
cause an increase in construction cost and impose restrictions on aesthetic design [10]. Active
noise control has been well established as a field over the past three decades, but wider
application of the technology has only just begun due to the advancement in complex algorithms,
electroacoustics, and compute power [11]. The combination of greater computational power and
highly complex algorithms provides the basis for active noise control to be advanced into popular
use.
Machine learning has seen recent success in many areas including image classification [12] [13],
object detection [14] [15], speech recognition
[16] and machine translation [17]. Neural networks are a particular class of algorithms that are
driving many of these successes. They replace brittle systems composed of many handengineered components with a complete end-to-end solution that can efficiently learn from the
vast amounts of data.
I therefore believe that the utilisation of end-to-end active noise control system to suppress noise
breaking into buildings could be the revolutionary remedy to maximise natural ventilation in
compacted cities. This could provide significant reductions in the cost of urban development,
energy consumption, and hence climate change.
Preliminary Literature Review
For the past three decades, advancements in electroacoustic transducers and efficient adaptive
algorithms have driven the study of active noise control (ANC) [18]. ANC is based upon the
principle of superposition where destructive interference is achieved at a location by generating
anti-phased signal with a secondary source to cancel out the signal from a primary source [19].

Frequency analysis has to be performed on the captured signal before an anti-phased signal is
generated by the system.
Frequency analysis can either be performed by Fourier analysis or by passing the signal through a
series of filters known as a filter bank [20]. The first consideration when constructing a filter bank is
the type of filters to use as each have their pros and cons. Filtering in the time domain is done by
operating convolutional filters which is known as impulse response (IR). Filters can generally be
classified into Finite Impulse Response (FIR) or Infinite Impulse Response (IIR) [21].
FIR filters are fundamentally more stable since the filter is determined solely by convolving it with
the input and can be constrained to have a linear phase response. Unlike FIR filters, the output of
an IIR filter is determined by convolving with the input and combining it with the feedback of the
previous output. This makes IIR more efficient than FIR at creating a sharp cutoff between the
filtered in and out frequencies with a lower filter order. Thus, less computational load is required
for IIR to achieve the equivalent magnitude characteristics as a FIR filter [22]. A disadvantage of
IIR filters is the presence of nonlinear phase response which results in a distorted audio output
[20]. IIR can also be numerically unstable if inappropriately designed [23].
Adaptive algorithms allow filters to adjust the impulse response to filter out the correlated signal in
the input. They can adaptively track the signal under non-stationary conditions where statistics
vary with time. These algorithms could be considered as primitive class of neural networks
consisting of a single neuron and operating under the assumption of linearity. Adaptive algorithms
can be categorised into two main families: Least Mean Squares (LMS) or Recursive Least
Squares (RLS) algorithms [24] [25].

The fundamental principle of LMS algorithms is to mimic a desired filter by finding the filter
coefficients that minimise the squared distance between the actual and predicted signals [26].
These filter coefficients are updated using stochastic gradient descent. The difference between
the reference signal and the actual output is the error signal [24]. Conventional LMS algorithms
can be highly sensitive to the input scale and they can be unstable due to the introduction of
phase shift in the forward path [26]. Variations of conventional LMS algorithms have been
developed to overcome these limitations [27]. Conversely, the RLS algorithm recursively finds the
filter coefficients that reduce a weighted linear least squares cost function relating to the input
signal [26]. The RLS algorithms are known for providing faster convergence rate but at a cost of
increased computational complexity [26].
The specific choice of filter bank and adaptive algorithm also depends on the form of the ANC
strategy. ANC strategies can be categorised as feedforward or feedback methods. Feedforward
strategies could be used when reference signals are captured in proximity to the primary source.
Conversely, feedback strategy could be used when the reference signal is not available directly
[28]. Recent studies have also been undertaken on how hybrid feedforward-feedback can be
applied to ANC [29].
Conventional signal processing and adaptive filter techniques have been successfully applied in
ANC systems that target stationary noises such as aircraft or low frequency fan noise [28].
However, these systems are limited by the algorithms at their core that require the constant
adaptation of filter coefficients based on a number of previous samples. In addition, adaptive filters
are typically linear transformations and hence do not have sufficient power to model a highly
nonlinear noise signal [30].

A neural network is a parameterized nonlinear system that learns a function based on the
available data. This is typically done via supervised learning where the parameters are found
using a variant of stochastic gradient descent that aims to iteratively find a minimum of a
performance criterion or loss function [31]. Both speech recognition and noise suppression have
been of interest to the telecommunications industry since at least 1952 [32]. Approaches utilising
neural networks have recently gained tremendous attention due to their success in many areas,
including both speech recognition and noise suppression [33] [34]. The models used today are
now fully end-to-end, meaning they model the entire transformation from input to output, and
replace previous systems made of complex hand-crafted processing pipelines. This
developmental sequence has also occurred in hearing-aid technologies where noise cancelation
is critical for speech intelligibility in noisy environments [35] [36]. Time-delayed neural networks,
also known as convolutional neural networks [37], can be used to replace conventional adaptive
filters [38] [39]. An early network architecture for noise cancellation was the Filtered-X
Backpropagation Neural Network (FXBPNN) [40]. Through simulation experiments, methods have
proven to be effective compared to conventional algorithms. Further laboratory experiments are
still required since simulations are unable to accurately model the entire noise in the system [41]
[42].
There is a recent breakthrough of ANC application in construction industry where a system has
been applied to window configurations in order to increase the facade’s sound insulation
properties. However, these types of systems impose restrictions on the architectural design and
facade alterations are required to achieve a global noise reduction within the room [43] [44].
The complexity of the normal modes within a large enclosure has made global control active noise
cancellation challenging [45]. The classical normal-mode theory is found to be incomplete and an
additional term representing the direct radiation from the source must be added [46].
Multi-channel ANC system has also been applied to a three-dimensional enclosure. The required
number and location of both loudspeakers and microphones were examined to achieve global
control within the room. Experiments were carried out to compare different ANC adaptive
algorithms [47]. All ANC algorithms provide significant noise reduction for periodic engine noises
with feedforward structure being a more viable approach for broadband cancellation. Feedback
structures could only achieve narrowband noise rejection due to waterbed effect [47].
A successful noise suppression system can also be achieved by confining noise energy in a
region, making global suppression inside a room nonessential [48]. A vibro-acoustic coupling
system via active wave control method has been studied to generate a quiet zone [48] . The
application of localised noise suppression has been extended to sound field control where two or
more ‘sound field zones’ are created in the same space with little to no interference between
programmes [49] [50]. Localised noise suppression was also developed to tackle low frequency
snoring noise [51]. The experiment established that this ANC system could be improved by
placing error microphones close to the ears of KEMAR, representing a bed partner [51]. Virtual
sensing techniques could be the critical solution for many practical and applications that have to
place error sensors away from the desired control locations [51].
Two types of algorithm have been developed for virtual sensing ANC; spatially fixed and moving
virtual sensing algorithms [52]. The first type requires offline training to calibrate virtual sensors
from physical sensors before deploying them [53]. It is highly dependent on the accuracy of the
offline training and is sensitive to change in the environment and placement of the physical
sensors [52]. The moving virtual sensing algorithms generate a virtual microphone capable of
tracking a virtual location that is moving through the sound field [54]. These algorithms do not
need offline training to create the system model, and are thus more flexible in their application
[52].

Omnidirectional loudspeakers are used for conventional noise cancellation. Recently, interest in
designing an ANC system using highly directional sound sources has increased [55]. A directional
secondary source can be used to attenuate primary noise to achieve focused noise control at a
localised quiet zone with little spill over outside this area [56]. One shortfall of highly directional
loudspeakers would be their inability to control lower frequencies due to poorer frequency
response at lower frequency range [57].
Research Questions
The following research questions have been considered in order to understand how neural
networks can be used to process a complex nonlinear noise signal. The end-to-end system will be
used to create an active noise control system that generates a localised stationary quiet zone by
suppressing noise ingress from an open window using directional loudspeakers within a bedroom:
Can wave-based techniques be used to simulate a 3D localised noise suppression quiet zone
using directional speakers to control noise ingress from an open window into a bedroom?
Can an end-to-end deep learning approach be used to replace conventional adaptive virtual
sensing techniques, such as the FXLMS and FSLMS algorithms, and implement a nonlinear
active noise control system?
Can the simulated stationary localised quiet zone system be physically implemented via an endto-end deep learning approach with directional speakers to control the noise ingress from an open
window into a bedroom?
Methodology
In the acoustic domain, acoustic wave equation theories will be reviewed [58]. This will lead to the
exploration of different wave-based techniques. For frequency-domain techniques, both finite
element method (FEM) and boundary element method (BEM) can be used to establish the
characteristics of the noise ingress sound energy through an open aperture in the facade with 3D
simulations [59] [60]. This is built upon the research carried out by Bhan Lam et al., where 2D
FEM simulations were used to establish the physical limits on the performance of active noise
control through open windows [61]. For time-domain techniques, finite difference time domain
(FDTD) can also be used to calculate room sound fields via impulse response [62]. Further
research on other acoustic techniques will be covered to discover approaches to quantify the
source directionality of an open window and ways to simulate a partially enclosed sound field [63]
[64]. Strategy on the quantity and location of sensors and actuators will be based upon the
findings of the room acoustic assessment [65]. Directional secondary source, such as parametric
array loudspeakers, can be used as a method to generate noise suppression at the designated
control points [66] [67] [68].
In the electrical domain, model-based approach will first be used to design the active noise control
system [18]. This will establish the relationship between all the necessary components and identify
exactly which part(s) can be replaced by the proposed end-to-end system. Convolutional and
recurrent neural network architectures will be considered [69]. This platform will allow the
algorithm to perform sequence to sequence translation, where the output sequence is a
spectrogram. The limited available dataset is currently foreseen to be one of the limitations. The
audio dataset from Urbansound8K will be used as a source for supervised training [70]. This
dataset equates to approximately eight hours which is likely not enough to model environmental
noise. Further investigation will be performed to find available datasets, evaluate techniques for

data augmentation, and investigate techniques to generate data such as those used by
autonomous driving companies [71]. A simulation experiment will be conducted to compare the
performance between FXLMS, FSLMS, and the end-to-end algorithm. The performance indicators
will include, attenuation, latency, and algorithmic efficiency as part of the assessment.
An experiment will be performed to validate the finalised configuration of the designed ANC
system. The experiment can be carried out in an anechoic chamber with a built-in openable sash
window on a temporary bedroom. The interior finish and the ANC system will be replicating the
simulated configuration with KEMAR rest horizontally on a bed representing the receptor. Lastly, a
primary loudspeaker will be placed outside the temporary bedroom facing directly to the sash
window, generating the urban noises for the experiment. Conclusions will be drawn to compare
between the experiment measurement and the simulated results.
Significance & Contribution
This study will be a significant step towards the widespread deployment of active noise control in
the building industry. The development of complex algorithms for active noise control will be
addressed by incorporating the latest techniques in machine learning. The laboratory experiment
will provide the evaluation opportunity to assess the real-world performance of the designed
localised active noise suppression system in comparison to the simulation experiments. This study
will be a source of valuable information for further study.
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