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Abstract 

 

With advancements in automotive electronics and sensors, the sound pick-up using multiple 

microphones has become feasible for hands-free telephony and voice command in-car 

applications.  Adding a second microphone so that both driver and passenger can have dedicated 

microphones can help in better sound pickup. However, challenges remain in effectively 

processing multiple microphone signals due to bandwidth or processing limitations. If a single 

resulting microphone signal is to be transmitted or processed, adding (mixing) the microphone 

signals or switching between them can be efficient and cost effective solutions. However, 

switching between microphone signals can cause sudden changes in the acoustic path between 

loudspeakers and microphones, leading to performance decay in the acoustic echo canceling 

module. And mixing the two microphone signals can lead to echoes and notch filtering effects 

(spectral holes) in the resulting mixed signal. This work explores the use of the Multichannel 

Wiener Filter algorithm with a two-microphone in-car system to enhance speech quality for driver 

and passenger voice, i.e., more specifically to mitigate notch-filtering effects caused by echoes and 

improve background noise reduction. We evaluate its performance under various noise conditions 

using modern objective metrics such as the Deep Noise Suppression Mean Opinion Score. The 

effect of head movements of driver/passenger is also investigated. The proposed method is shown 

to provide significant improvements over a simple mixing of microphone signals. 
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Chapter 1 Introduction 

1.1 Motivation 

With advancements in automotive electronics and sensors, the sound pick-up using multiple 

microphones has become feasible for hands-free telephony and voice command in-car 

applications.  For example, in addition to a primary microphone mostly dedicated to sound-pick 

up from the driver, to improve sound pick-up for the front seat passenger a secondary microphone 

can be added closer to the passenger (or a secondary differential microphone can be steered 

towards the passenger).  

When more than one microphone signal is used as the input for processing, we have multichannel 

filtering. This can be viewed in different ways. Beamforming with distributed microphones in the 

cars is a possibility.  Normally, beamforming is based on knowing a propagation model of sound 

coming from the direction of a target source (e.g. driver), as well as knowing the multichannel 

correlation matrix of the signals to be minimized (e.g. background noise and interferers). Instead 

of relying on a propagation model and direction of arrival for a target (e.g. driver), the 

Multichannel Wiener filter (MWF) formulation is based on estimating correlations between the 

different sensor signals and the target speaker signal to extract. The resulting correlations are used 

to build a multichannel correlation matrix and multichannel correlation vector, from which the 

MWF solution is computed. The correlations can be estimated if it is possible to detect when the 

different sources are active, separately or jointly. This can be done by comparing the signal powers 

at the mic or using the correlation between mics and past signals. For some applications this can 

be challenging and this is the main drawback of the MWF method, but the method does not require 

any propagation model or direction of arrival estimation, unlike beamformers. 

Challenges remain in effectively processing multiple microphone signals due to bandwidth or 

processing limitations. As such, for telephony applications or for voice command, it may still not 

be possible to fully process or transmit the two microphone signals separately. Therefore, some 

solution such as mixing (adding) the microphone signals or switching between the two microphone 

signals needs to be developed. But each of these solutions comes with drawbacks. 

Switching between the microphone signals can be done based on which speech source is active 

(driver or passenger). The main drawback of this approach is that it creates sudden changes in the 
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acoustic echo path between loudspeakers and the selected microphone to be used (primary or 

secondary), which will affect the performance of acoustic echo cancellation (AEC) systems. AEC 

systems are a requirement to prevent that a "far-end" voice played in car loudspeakers is fed back 

to the microphones before transmission or processing. Acoustic echo cancellation can also be used 

during media playback, to help with the voice command functionality by removing the media 

component picked up by the microphone(s). A second drawback of microphone switching is its 

inability to properly deal with the (less frequent) case of driver and passenger speaking 

simultaneously.  

Mixing the microphone signals has its own drawbacks. Since each speech source reaches the 

summed microphone signal through two acoustic paths (one for each microphone), the sum of two 

signals with different delays can lead to "notch filtering" effects in the spectrum of the resulting 

signal, i.e., distortion because some frequencies are attenuated at the spectral notches. The 

background noise power is also increased (typically doubled) when two signals are added in 

mixing.  

In this thesis, we revisit the multichannel Wiener filter (MWF) adaptive filtering algorithm in the 

specific context of a two-microphone system for the in-car voice pick-up of two speakers (a driver 

and front seat passenger). While the use of Wiener filtering for multichannel speech enhancement 

has been considered before in car environments [1], in this work we are considering the use of 

MWF for tasks such as mitigation of notch-filtering effect and source extraction in the case of 

simultaneous driver and passenger talk, in addition to assessing the performance of MWF for noise 

reduction in different noise types and conditions. We also make use of recently introduced metrics 

such as AECMOS and DNSMOS. AECMOS and DNSMOS are metrics recently developed by 

Microsoft for evaluating echo suppression and noise suppression, respectively. 

 

1.2 Thesis contributions and publication 

The main contributions of this thesis are: 

• for an in-car environment, we propose the use of the multichannel Wiener filter for the 

(possibly simultaneous) tasks of notch-filtering effect mitigation (echo removal) in the sum 

of microphone signals and multichannel background noise reduction, with both tasks 
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performed with either one or multiple active speakers. Since the MWF extracts the speech 

sources before mixing/adding them, it can also be used for interference cancellation or 

source extraction (i.e., cancelling of competing talkers); 

• through simulations of a case study, we demonstrate experimentally the drop of 

performance that the simple method of microphone switching can bring to an echo 

canceling system; 

• through simulations of a case study, we demonstrate experimentally the notch filtering 

effect caused by the simple method of microphone signal mixing; 

• through simulations of a case study, we demonstrate the benefit of having a dedicated 

(secondary) microphone for the front passenger.  

A 6-page conference paper publication with title “Improved in-car sound pick-up using 

multichannel Wiener filter” has been finalized and will be submitted to a conference once approval 

is received from the company collaborating on this research (i.e., after clearance following an 

invention disclosure submission). The paper will also be published in arXiv.  

 

1.3 Thesis organization 

A brief description of the remaining chapters of the thesis is given here. 

Chapter 2 provides a short literature review of material relevant to the thesis topic.  

Chapter 3 discusses the experimental setup for the car environment, including the physical 

components and impulse responses. It lays down the framework on which all the tests performed 

and results obtained are valid. 

Chapter 4 goes through the different AEC setups that can be used in the presence of more than one 

microphone (with two microphones considered in this work) and how they impact the speech 

quality. It describes switching and mixing the signals in the time domain and also introduces 

different metrics for evaluating AEC performance. It also compares the cases of one and two 

microphone systems through performance evaluation and puts forth the justification for having 

two microphones instead of one.  

Chapter 5 introduces the mathematical foundation on which the Multichannel Wiener Filter is 

designed for the system considered. It goes into the implementation of the designed MWF.  
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Chapter 6 explains how notch filtering is removed with the assistance of MWF and compares its 

performance for different settings. 

Chapter 7 dives into the performance of adaptive MWF in the presence of different types of noise. 

Chapter 8 introduces a case of head movement of the driver/passenger into the system and 

evaluates its impact. 

Chapter 9 concludes the thesis and suggests some ways in which this work could be extended in 

the future.  
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Chapter 2 Literature Review  
 

Unlike simple rooms in some communication systems, achieving high-quality speech signals in a 

moving vehicle is challenging due to the complex and non-stationary nature of in-car noise. 

Therefore, enhancing speech in automotive environments is crucial for hands-free communication, 

voice-controlled systems, and in-car passenger interactions. Here, we review various approaches 

to overcome these challenges, focusing on microphone arrays, beamforming techniques, and noise 

suppression algorithms. 

2.1 Wiener filtering in signal enhancement 

Wiener filtering is a powerful technique for noise removal in speech processing, known for its 

optimal performance in minimizing the mean square error between the original and estimated 

signals. It is quite effective in suppressing noise while preserving speech quality and is extensively 

used in many applications such as telecommunications, hearing aids, and voice-controlled systems. 

It can be used as the main noise removal step [1] or as an additional step in the entire noise removal 

process [2]. 

Generally, in a car cabin environment noise is additive and slowly varying, which allows us to 

compute noise characteristics when speech is absent. Even if the assumption about the noise is not 

valid, partial noise reduction is still possible. Even though in this work we delve into noise 

reduction in the case of multiple sensors, single-channel noise suppression still holds great 

importance due to its wide variety of applications. There is always a trade-off between noise 

suppression and speech degradation when it comes to noise removal in speech processing. In [1], 

a single Wiener filter is used as a basis to find the relation between the two, which shows that the 

amount of noise attenuation is, in general, proportional to the amount of speech degradation. This 

calls for something more than SNR gain or similar metrics to gauge the effect of noise removal 

algorithms.  

A Wiener filter can be implemented in the time and frequency domains. Even though time domain 

filtering is effective, most cases implement it in the frequency domain since it helps with easier 

computation. This paved the way for using two-dimensional Fourier Transform to make a two-

dimensional Wiener filter [3], along with a one-dimensional Wiener filter to make a hybrid filter 
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[4] which exploits the 2D speech and noise features in a two-dimensional spectrogram, considering 

correlations between the different time frames. This was shown to be more effective than spectral 

subtraction or a one-dimensional Wiener filter.  

Adaptive filtering plays a critical role in noise reduction due to its ability to handle a wide range 

of input types, including deterministic or stochastic signals that may be stationary or time-varying. 

Unlike fixed filters, adaptive filters can adjust their parameters in real time based on the incoming 

data, making them highly effective in dynamic environments where noise characteristics change 

over time. Theoretical foundations, such as Wiener solutions, demonstrate that adaptive filters can 

asymptotically approach optimal performance for stationary stochastic inputs, achieving high 

output signal-to-noise ratios without requiring prior knowledge of the signal or noise. When the 

reference input is free of the desired signal, and certain conditions are met, adaptive filtering can 

eliminate noise from the primary input without distorting the signal [5], [6]. Adaptive Wiener filter 

also performs well at SNRs 5-10dB as compared to other noise reduction methods such as 

beamforming, adaptive line enhancer, spectral subtraction, and gamma tone filters [7]. 

2.2 Wiener filtering in automobile audio signal processing 

Wiener filters are used in different ways in automobile audio systems, whether it be various 

configurations of mics or variations of filtering techniques. It can be used to reduce noise as well 

as to reduce the presence of interfering speech components for sound source separation when 

multiple passengers are speaking [8]. As mentioned before, adaptive Wiener filtering provides an 

efficient way to keep up with the statistics of desired or undesired signals [9],[10]. Even if other 

forms of signal enhancement algorithms are used, Wiener filtering still proves to be a practical 

additional step in the process [10],[11], [12].  For model-based Wiener filter, the statistics can also 

be estimated using a prior model and applied to the Wiener filter [3]. 

2.3 MWF in signal enhancement and automobile audio systems 

MWF can be used with microphone arrays to avoid interference and reduce noise [13]. The MWF 

has some equivalences with beamforming algorithms [14], where the term beamforming here is 

not restricted to a microphone array of closely located microphones, i.e., microphones can be 

distributed in a car (e.g., the primary and secondary microphones for driver and front seat 

passenger). Beamformers are typically designed based on knowing a propagation model for a 

sound coming from the direction of a target speech source, as well as knowing the multichannel 
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(multi-microphone) correlation matrix of the signals to be minimized (i.e., background noise and 

other competing speech sources). The correlation matrix can also be estimated based on 

propagation models for the noise and competing sources. Beamformers may thus require knowing 

the direction of arrival of the target and competing sources. Instead of relying on a propagation 

model and direction of arrival for the sources, the MWF formulation is entirely based on estimating 

correlations between the different microphone signals and the target speaker signal to extract (e.g., 

driver voice). The resulting correlations are used to build a multichannel correlation matrix and 

multichannel correlation vector, from which the MWF solution is computed. The required 

correlations can be estimated if it is possible to detect when the different sources are active, 

separately or jointly. Therefore, no acoustic propagation model or direction of arrival estimation 

is required in the MWF approach.  

The use of the MWF algorithm has been suggested in several applications (e.g., for hearing aids 

[15],[16]). When it comes to automobiles, the multichannel Wiener filter (MWF) for speech 

enhancement has been considered before in car environments, but it has been either for solely 

removing background noise from a single talker [17], [18], [19], for positioning virtual acoustic 

sources during conference calls performed in cars [20], or in the context of SONAR-like driver 

assistance [21]. Variations of MWF such as a minimum variance distortionless response (MVDR)  

is used in [22] to remove wind noise. But it has not been used yet for multi-sources processing 

such as to avoid notch filtering effect when mic summing or to extract individual sources, while 

reducing background noise. These are effects that need to be considered when assessing the 

advantages of having a dedicated mic for each person in the front car cabin. 

2.4 Different microphone setups in automobile audio systems 

Single mic, multiple mics, or an array of mics can be used in signal enhancement. The positioning 

of the mics also plays a major role in speech enhancement. There can be separate mics dedicated 

to speech and noise, to get the characteristics of noise separately [9], or each mic can be dedicated 

to a speaker [23], or multiple microphones can be used to define a desired signal space beyond 

which sound pick-up is considered to be noise [10]. An array of mics is also considered in [12],[22] 

to improve the in-car communication system by reducing noise. 
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2.5 Speech enhancement for automobiles 

The car cabin is a small space that constitutes a relatively compact acoustic environment. Even 

though most surfaces inside the car are poor reflectors of sound, they do not substantially impair 

the quality of speech captured by in-car microphones. In contrast, the primary challenge in 

automotive speech processing stems from the presence of broadband acoustic noise, which 

overlaps significantly with the frequency range of human speech. This noise becomes particularly 

problematic at higher vehicle speeds, where it can severely degrade speech quality. The dominant 

sources of in-car noise [24] include the engine and its drive train operation, tire-road interaction, 

and turbulent airflow over the vehicle body, as shown in Figure 2.1. Of these, wind noise tends to 

increase at a faster rate with vehicle speed compared to tire-generated noise, making it a 

particularly challenging component to suppress in high-speed driving conditions.  

 

Figure 2.1 Car cabin noises 
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Chapter 3 Car Set-up 

This section goes through the car cabin environment in the front and how different components 

are set up for the experiments considered in this thesis. This is derived from the existing car models 

and microphone-loudspeaker setups. The work of this thesis was performed in collaboration with 

the audio group of a car manufacturer company. 

3.1 Speech signal capturing 

One of the primary considerations when designing a car environment for audio processing is 

selecting the appropriate type of microphone. In many of the previous works, it can be seen that 

an array of microphones, as well as individual microphones with different placements, have been 

investigated. In our system, we chose cardioid microphones directed toward (the expected position 

of) each person sitting in the front. This decision can be justified as follows: 

• Directional Sensitivity and Noise Reduction: Cardioid microphones have an audio pick-up 

pattern. They have a direction of arrival (DOA) dependent and frequency dependent 

response. They predominantly capture sound from the front and attenuate sound from the 

sides and back. This directionality ensures that the dominant speech captured by the mic is 

the person sitting in front of it while attenuating surrounding sounds such as noise or 

interfering speech.  

• System Complexity and Integration: An alternative to using standalone microphones is 

using a microphone array. This involves multiple microphones and requires beamforming 

with signal processing, increasing complexity. Furthermore, with individual cardioid mics 

it is easier to change the location of microphones while integrating, depending on different 

car measurements. The individual cardioid mics setup can also be easily extended for 

multiple passengers. 

• Cost-Effectiveness and Maintenance: Microphone arrays are comparably more expensive 

from an initial and maintenance standpoint. This is because they require multiple 

components and more complex processing. Therefore, cardioid microphones present a 

cost-effective alternative to microphone arrays. 

• Performance in Dynamic Acoustic Environments: Considering the constantly changing 

acoustic conditions in vehicles, which depend on external environmental factors, cardioid 

mics are be able to provide more consistent performance. 
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Figure 3.1 shows the general polar plot of a cardioid mic. When humans speak, they do not emit 

sound equally in all directions [25]. The directional distribution of speech for a human head is 

more concentrated in the front, which can be efficiently picked up by the directed microphone. 

The primary microphone is directed towards the driver and the secondary microphone is directed 

towards the passenger. 

 

 

Figure 3.1 Polar pattern of a Cardioid mic 

 

3.2 Car model 

To design our car set-up, we used the Ford Explorer 2025 as the approximate car model. The 

interior dimensions are: 

• Length: 5m  

• Width: 2m 

• Height: 1.78 m.  

The environment for the experiments is set up as explained below. 

3.3 Impulse responses 

The impulse responses are generated using rir_generator() from [26]. It is a MEX-function 

designed for MATLAB™, and it allows users to adjust parameters such as reflection order, room 
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dimensions, and microphone directivity. It uses the image method proposed in [27]. It is frequently 

used in acoustic signal processing applications to generate synthetic room impulse responses. The 

room is assumed to be a rectangular enclosure with a source-to-receiver impulse response. This 

can approximate a car setup for our experiments. 

The driver and passenger mics are placed in front of the driver and passenger respectively, pointing 

towards them. Cardioid mics, which are directional, are used. The mics are kept 0.8m apart.  A 

reverberation time of 0.07 seconds is selected. The exact positions of the mics and sources with 

respect to the car dimensions are given in Table 3.1.     

Table 3.1 Mic and source positions in the car 

Microphone/Source 
Distance from the 

front(m) 

Distance from the left 

side(m) 

Distance from the 

floor(m) 

Primary Microphone 1.65 0.6 1.7 

Secondary 

Microphone 
1.65 1.4 1.7 

Driver 2.5 0.6 0.75 

Passenger 2.5 1.4 0.75 

Left loudspeaker 2.2 0.15 0.3 

Right loudspeaker 2.2 1.85 0.3 

 

It should be noted that the dimensions and coordinates used in the rectangular room simulations 

are based on the car exterior dimensions. In retrospect, it would have been preferable to use the 

dimensions and coordinates of the car cabin instead. However, the distances between the different 

key elements (driver, passenger, loudspeakers, microphones) remain the same, and it was possible 

to adjust the reverberation level to the desired level for the simulations (set to a T60 reverberation 
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time of 70ms). Therefore, the validity of the results provided in this thesis should not be 

significantly affected by the choice of using the car exterior dimensions. 

 

Figure 3.2 Positions of mics and audio sources in the car 

 

Since we use a simulated environment for the car cabin for our system, few things should be noted. 

There are key differences between simulated environments and real-world car cabins that impact 

the performance of in-vehicle speech and acoustic processing systems. We assume some simple 

reflections and surface behaviors, whereas real car interiors can affect sound propagation 

unpredictably due to its geometry or materials used. Moreover, real-world environments introduce 

diffraction effects, where sound waves bend around physical obstacles such as seats, dashboards, 

and passengers. Background noise in simulations is typically controlled and stationary, while real 

driving conditions introduce dynamic noise that can vary with speed and environment. 

Additionally, environmental factors like temperature and humidity can affect acoustics. 

All the simulations for testing are carried out in MATLAB, except for AECMOS and DSNMOS 

calculations which use a virtual environment to call python functions. The AECMOS and 

DSNMOS methods and calculations will be defined in a later section. 
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3.4 AEC 

Acoustic echo cancellers were initially developed for telecommunications to maintain duplex 

communication by canceling the signals reflected from the caller. These systems model the echo 

path and use this model to cancel the echo from the received signal. Over the years, various 

adaptive algorithms have been employed for this purpose, such as LMS (Least Mean Squares), 

RLS (Recursive Least Squares), and NLMS (Normalized Least Mean Squares).As cars began to 

be equipped with hands-free telephony and modern audio systems, acoustic echo cancellers 

became necessary. In addition to the echo from the remote caller, cars also have loudspeakers 

playing music or other audio, which should not interfere with the speech of the passengers or 

driver. Whenever loudspeakers are active, acoustic echo cancelling (AEC) is required to remove 

loudspeaker content picked up by the microphone(s). For each microphone where AEC is applied, 

it may be mono AEC or multichannel AEC, depending on the audio played by the loudspeakers. 

Further processing called acoustic echo suppression (AES) can also be performed after each AEC 

unit to further attenuate the residual echo.  AEC and AES processing have access to the 

loudspeaker signal(s) (Rin), in addition to the microphone signals. Acoustic echo cancellers in 

vehicles must make use of AEC and AES processing to ensure clear communication while 

eliminating external and internal echoes. 

The AEC used is a proprietary algorithm provided by the industry partner. It is based on FDAF 

(Frequency-domain Adaptive Filter) algorithm [28], which implements classical NLMS adaptive 

filtering in the frequency domain. 

3.5 Metrics used for performance evaluation 

In this work, different metrics are used to evaluate different aspects of signal improvement, i.e., 

canceling of notch filtering effect and noise reduction. 

3.5.1 PESQ 

The Perceptual Evaluation of Speech Quality (PESQ) score is an objective method standardized 

by the International Telecommunication Union (ITU) under Recommendation ITU-T P.862 [29]. 

It is widely used to assess the end-to-end speech quality of telephone networks and speech codecs. 

It is the result of integrating two earlier algorithms: the Perceptual Analysis Measurement System 

(PAMS) and PSQM99, an enhanced version of the Perceptual Speech Quality Measure (PSQM). 

PESQ was developed to assess speech quality across a broader range of network conditions. 
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PESQ takes two main audio signals as input: 

• The Reference Signal: This is the original, clean, unprocessed speech signal that serves as 

the benchmark for quality assessment. 

• The Degraded Signal: This is the speech signal that has passed through the system under 

test (e.g., a telephone network or codec) and may contain various distortions such as noise, 

coding artifacts, packet loss, filtering, or delay. 

For normal subjective test material, the PESQMOS value returned by PESQ typically lies between 

1.0 (bad) and 4.5 (perfect, no distortion). Although this is uncommon, the PESQMOS may fall 

below 1.0 in cases of extremely high distortion. Since PESQ requires both the reference (original) 

and the degraded signal, it is not intended for non-intrusive measurements where the original signal 

is unavailable. 

The scale -0.5 to 4.5 (or similar scales) used by PESQ is derived from the original MOS scale (0-

5), where a score above 4.0 is considered "toll quality" (good quality comparable to original 

uncompressed signal telephone quality). For wideband speech, a wideband version of PESQ is 

used, i.e., wPESQ [30], and we use it for our research. 

3.5.2 AECMOS 

AECMOS [31] was developed by researchers from Microsoft to offer an accurate, efficient, and 

scalable metric for assessing speech quality impacted by echo. It is trained using ground-truth 

human ratings in accordance with the guidelines from ITU-T Rec. P.831 [32], ITU-T Rec. P.832 

[33], and ITU-T Rec. P.808 [34]. 

Common methods for evaluating AEC models involve intrusive objective measures such as Echo 

Return Loss Enhancement (ERLE) and PESQ. However, commercially available objective metrics 

like 3QUEST [35] and ACOPT 32 [36] also have their limitations. 3QUEST is designed to 

measure only single talk echo performance, while ACOPT 32 requires the same near-end signal to 

be played twice, limiting its applicability in real call scenarios. Furthermore, the outputs of ACOPT 

32 can be difficult to interpret. 

The AECMOS model operates with the following inputs: 
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• Near-End Microphone Signal: This audio is captured by the microphone at the near-end. It 

typically includes near-end speech, background noise, and any far-end signal leaked 

through as an echo. 

• Far-End Signal: This audio signal originates from the far end of the communication, which 

is played through the near-end loudspeaker. 

• Enhanced Signal: This is the audio signal processed by the acoustic echo canceller to 

remove the echo component while preserving the near-end speech. 

• Optional Scenario Marker: 

a. Near-End Single Talk: Only the near-end user is speaking. 

b. Far-End Single Talk: Only the far-end signal is present at the near end 

c. Double talk: Both the near-end and far-end users are (or can be) speaking 

simultaneously.  

The AECMOS model aims to assess the quality of the enhanced signal, focusing particularly on 

residual echo and other potential degradations. The AECMOS model produces two Mean Opinion 

Score (MOS) predictions on a scale of 1 to 5, each reflecting assessments in distinct categories. 

The first MOS prediction pertains to echo. This score gauges the anticipated human subjective 

rating of call quality degradation specifically attributed to echo. A higher score (closer to 5) 

indicates less echo impairment, and a lower score (closer to 1) suggests a greater level of 

annoyance due to echo, categorized as "Very Annoying." This prediction aims to evaluate the 

extent of annoyance caused by echo to a human listener. The second MOS prediction addresses 

other types of degradations. This score predicts the quality impairments that arise from sources 

other than echo. Such degradations may include noise, missing audio, distortions, or cut-outs. 

Similar to the echo MOS, a higher score (closer to 5) indicates fewer other degradations, whereas 

a lower score (closer to 1) reflects higher annoyance to the listener.  An AECMOS score of 3.5 

and above is considered good. 

3.5.3 Signal Interference Ratio Gain (SIR gain) 

This can be used to measure the decoupling of the signals extracted by the MWF filters. It can be 

defined from the power ratios of desired signal over interference signal, with the output ratio 

divided by the input ratio. Equivalently, it can be defined by the power gain of the desired signal 

from input to output, over the power gain of the interference signal from input to output. Here, for 
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the primary mic, the desired signal is the driver speech and the interference is passenger speech, 

and vice versa for the secondary mic. So, the SIR gain  𝑆𝐼𝑅 𝑔𝑎𝑖𝑛𝑑𝐵  can be calculated as: 

𝐺𝑎𝑖𝑛𝐴 = 10 ∗ log10 (
𝑃𝐴𝑜

𝑃𝐴1
) (3.1) 

𝑃𝐴𝑜  is the power of the output extracted signal A when only source A is present (active) and 𝑃𝐴1 is 

the power of the signal from source A at input microphone 1 (primary). 

𝐺𝑎𝑖𝑛𝐵 = 10 ∗  log10 (
𝑃𝐵𝑜

𝑃𝐵2
) (3.2) 

𝑃𝐵𝑜 is the power of the output extracted signal B when only source B is present (active) and 𝑃𝐵2 

is the power of the signal from source B at input microphone 2 (secondary). 

𝑆𝐼𝑅 𝑔𝑎𝑖𝑛𝑑𝐵 = 𝐺𝑎𝑖𝑛𝐴 − 𝐺𝑎𝑖𝑛𝐵 (3.3) 

 

3.5.4 Signal to Noise Ratio (SNR) Gain 

The SNR gain is used to measure how much the background noise is attenuated by the system. It 

is calculated from the ratio of signal power to noise power at the input and output of the system, 

with the output ratio divided by the input ratio. Equivalently, it can be defined by the power gain 

of the desired signal from input to output, over the power gain of the noise signal from input to 

output. The noise power gain is given as: 

𝐺𝑎𝑖𝑛𝑛𝑜𝑖𝑠𝑒 = 10 ∗  log10 (
𝑃𝑁𝑜

𝑃𝑁𝑖
) (3.4) 

Where 𝑃𝑁𝑜 is the power of noise at the output when only noise is present, and 𝑃𝑁𝑖 is the power of 

noise at the input reference microphone i=1 or 2. The SNR gain 𝑆𝑁𝑅 𝑔𝑎𝑖𝑛𝑑𝐵  for the MWF 

extracting source A (driver) is then:  

𝑆𝑁𝑅 𝑔𝑎𝑖𝑛𝑑𝐵 = 𝐺𝑎𝑖𝑛𝐴 − 𝐺𝑎𝑖𝑛𝑛𝑜𝑖𝑠𝑒 (3.5) 

Similarly, an SNR gain can be defined for the MWF extracting source B (passenger). 

3.5.5 DNSMOS 

DNSMOS (Deep Noise Suppression Mean Opinion Score) is a non-intrusive perceptual objective 

speech quality metric developed by Microsoft to evaluate noise suppressors. DNSMOS P.835 [37] 

was developed based on P.835 [38] human ratings.  
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To get the DNSMOS scores, an audio input sampled at 16 kHz is required. There is no need for a 

clean or reference signal, making this entirely non-intrusive. It gives the following MOS scores: 

• Speech quality (SIG): This score reflects the quality of the speech component in the audio 

clip. The ratings vary from very poor (MOS=1) to excellent (MOS=5). 

• Background noise quality (BAK): This score reflects the quality of the background noise 

in the audio clip. These ratings also vary from very poor (MOS=1) to excellent (MOS=5).  

• Overall quality (OVRL): This score represents the overall quality of the audio clip, 

considering both speech and background noise. Similar to SIG and BAK, the ratings range 

from very poor (MOS=1) to excellent (MOS=5) 

All these scores are intended to align with human subjective evaluations on a scale from 1 to 5. A 

DNSMOS score of 3.5 and above is considered good. 

3.6 Different noises, their spectra, and characteristics 

White noise is the most common noise used for testing signals and systems. It has a flat frequency 

spectrum with equal power at all frequencies, making it useful to model random disturbances. 

Hoth noise was developed by Daniel F. Hoth [39] to be used as a standard background noise model 

derived from real-world measurements of room noise spectra. It was defined by pooling data from 

multiple locations. The curve may be raised or lowered according to the sound level as the general 

shape remains the same over different locations. Hoth noise is frequently used for speech quality 

evaluations and the performance of communication systems. Hoth noise has high energy in the 

lower frequency ranges and tapers off to higher frequencies. It is assumed to be relatively 

stationary or slowly varying and can be used as steady-state noise for testing. To adapt the noise 

to the modern wideband and super wideband telephone standards, which extend beyond 4 kHz, 

extended noise profiles for Hoth noise were used. According to ITU-T P.800, the Hoth noise power 

density spectrum is defined from 100 Hz to 8000 Hz with band edges aligned to IEC 61260 octave 

and fractional-octave filters, and a -15 dB/octave slope is applied beyond 8000 Hz. 

Any non-white noise signal with power spectrum density (PSD) varying as a function of noise is 

referred to as colored noise.  Even if this can be a good real-world representation of room noise 

and can be used as a baseline, in cars it should be noted that wind noise can be quite different, 

being non-stationary and possibly imbalanced at different microphones (i.e., with different levels).  
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Other types of non-white (colored) noises are red and pink noises, generated by processing i.i.d., 

zero-mean, additive white Gaussian noise [40]. This is carried out by applying DFT on the white 

noise signal and manipulating the complex spectral coefficients to obtain the new spectrum of the 

coloured noise. Signal conditioning of the coloured noise is performed in the time domain to ensure 

zero mean and a standard deviation of 1. All colored noises with 1/𝑓𝑛 spectrum must be high pass 

filtered to avoid infinite power at very low frequency. Also, a high-pass filter is required if we 

want that, for a given global SNR, the noise content is significant at speech frequencies (i.e., 

otherwise most of the noise is just at irrelevant low frequencies and does not affect speech). Hence, 

the colored noises are passed through a high pass filter with cut off frequency 50Hz before using 

them. 

For red noise, the PSD slope varies as a function of 
1

𝑓2  
 with a spectral slope rate of −6dB/oct or 

−20dB/dec. For pink noise, the PSD slope varies as a function of  
1

𝑓
 with a spectral slope rate of 

−3dB/oct or −10dB/dec. These signals are stationary. Green noise can be generated to have a 

PSD profile matching the human ear sensibility to sound loudness, and it is approximated by 

inverting grey noise response [41] and modifying it to prevent increase of high frequency. 

 

Figure 3.3 Power Spectra of different noises used for testing 
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We also do some tests with wind noise. As previously mentioned, wind noise can be non-stationary 

and may not be balanced at the microphones. Wind noise is also highly unpredictable as it can 

change with car speed, wind direction, weather or even vehicle shape. This variability makes it 

hard to perform repeatable and replicable tests, so this can pose some challenges while testing. 

Figures 3.4 and 3.5 show the power spectrum and the time domain plot of the wind noise used for 

testing.  

 

Figure 3.4 Power Spectrum of wind noise used for testing 
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Figure 3.5 Time domain wind noise signals at two microphones. 
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Chapter 4 Microphone and Acoustic Echo Cancellers 

Setups 

Acoustic echo cancellation is one of the most important parts of communication systems. In a car, 

this is quite relevant since there can be music playing through loudspeakers, or feedback from the 

“far-end” speech played through loudspeakers. In both cases, these are undesirable components 

picked up by the microphone(s). Most cars nowadays are equipped with a single mic/single array 

mic whose purpose is mostly to pick up the driver speech. We consider a 2-mic system that will 

help improve the quality of driver and passenger speech as each mic system will be 

located/directed closer/towards each speech source. When there are two mics, there is an option of 

using 2 AECs or 1 AEC. So, if the simple switching and mixing options are considered to generate 

one resulting signal from the two mics signals, we can have 4 scenarios: 

• Switching before a single AEC (Figure 4.1):  In this case, switching is done between the 

mics signals, depending on which active speaker is detected. This scenario has low 

computational complexity. However, problems can arise while detecting the speaker in 

cases of unbalanced noise, increased head movement by the speaker, time delay between 

the mics, etc.  

• Switching after two AECs (Figure 4.2): Each mic signal is passed to an AEC, and the 

switching is done between the two signals from the AECs. This scenario calls for two 

AECs, which significantly increases the computational complexity because of an 

additional AEC. At any time, one extra AEC is working whose output is not used because 

of the switching. 

• Mixing/Adding before a single AEC (Figure 4.3): This keeps the computational complexity 

of the system to a minimum as the signals just have to be added. The problems that can 

arise are that the notch filtering effect when adding two signals with different propagation 

time delays between the mics. Also, the noises at the two mics will be added as well, which 

will double the noise level at the AEC (if the noise is balanced between mics). 

• Adding after two AECs (Figure 4.4): Each mic signal is passed to an AEC, and the signals 

are added after the AECs. Here as well, using two AECs significantly increases the 

computational complexity. And as in the previous case, there can be a notch filtering effect. 
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In our simulations, these scenarios can be chosen by changing the values of the variables in a 

configuration file as shown in Table 4.1. Imm_enable, Imm_order, and Mode are the variables that 

can be changed in the code to choose between different scenarios.  

Table 4.1 Settings for different scenarios 

Scenario Imm_enable Imm_order Mode Switching/adding action 

1 1 1 1 Switching before AEC 

2 1 2 1 Switching after 2 AECs 

3 1 1 2 Adding before 1 AEC 

4 1 2 2 Adding after 2 AECs 

 

  

Figure 4.1 Switching before AEC 

  

 

Figure 4.2 Switching after AECs 
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Figure 4.3 Mixing/Adding before AEC 

 

 

Figure 4.4 Mixing/Adding after AECs 

 

4.1 Switching 

The smoothed power of the signals is used to make decisions for switching. A recursive moving 

average is used for the signal powers. To determine the forgetting factor  𝜆, a time constant of 

𝜏𝑓𝑟𝑎𝑚𝑒𝑠 = 20 frames is used. So, the corresponding time constant 𝜏 in ms is, 

𝜏 = 20 frames × 8
ms

frame
= 160 ms (4.1) 

Where 8 ms is the frame size.  

𝜆 = (𝜏𝑓𝑟𝑎𝑚𝑒𝑠 − 1)/ 𝜏𝑓𝑟𝑎𝑚𝑒𝑠) = 0.95 (4.2) 

𝑃𝑚𝑖𝑐1 = 𝜆 × 𝑃𝑚𝑖𝑐1 + (1 − 𝜆) × 𝑥1 (4.3) 

𝑃𝑚𝑖𝑐2 = 𝜆 × 𝑃𝑚𝑖𝑐2 + (1 − 𝜆) × 𝑥2 (4.4) 

𝑃𝑅𝑖𝑛 = 𝜆 × 𝑃𝑅𝑖𝑛 + (1 − 𝜆) × 𝑦 (4.5) 
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where 𝑥1, 𝑥2, 𝑦 are the power values for the current frames of the mic 1, mic 2 and Rin 

(loudspeaker, “far-end”) signals. 

When 𝑃𝑅𝑖𝑛 < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, (the threshold is chosen to be 0.0008 in our specific case), i.e., when 

there is no far-end signal, our system switches to the signal of the microphone with higher power. 

If switching happens after the AECs, switching chooses between the signals at the output of 2 

AECs. 

4.2 Mixing/Adding 

If only 1 AEC is used, the signals from the mic are added and fed to the AEC. This raises the 

possibility of increased power from the far-end signal and noise signals. If 2 AECs are used, the 

outputs from the AECs are summed, in which case, the far-end will already be suppressed. 

Mixing/adding is carried out in the time domain. 

4.3 Speech Signals 

The speech signals used for several of our experiments are as shown in Figure 4.5. There is 

intermittent speech segments of the driver and the passenger starting from time 4 seconds. The 

first 4 seconds have only far end loudspeaker signal (to allow sufficient time for the AEC module 

to converge) and the time segment 4-8 seconds has only driver and passenger (“near-end”) speech. 

The last 4 seconds have both driver or passenger speech and far end loudspeaker signals. It can be 

observed in Figure 4.5 that the same speech source was used for the driver and passenger speech. 

This was used to reduce the fluctuations caused by different speech source material (e.g. specific 

voice, or specific words) on some of the metrics used. It was possible to do this because the 

scenarios of driver and passenger simultaneously talking was not considered in this case. Even 

though a specific set of speech signals are used to compare metrics, the results are generalizable 

to other speech signals since the system performance mostly depends on the acoustic paths. 

The input signal at both left and right speakers (Rin) is the same, corresponding to a “mono” far-

end source (as in most voice calls). For the case of media playback, there can be stereo or 

multichannel sources in the loudspeakers, and then a different multichannel AEC is used. But for 

MWF we have assumed no loudspeaker signal (or we have assumed that some AEC was enabled 

at all microphones, such that only the mixture of near end sources remains after the AEC 

processing). The simulated impulse responses have an inherent cross-side attenuation of 2 dB. This 
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means that driver speech reaching the secondary microphone has an attenuation of 2 dB compared 

the passenger speech, similarly passenger speech reaching the primary microphone has an 

attenuation of 2dB compared to driver speech. In several of our experiments, an additional cross-

side attenuation factor will be added to the impulse responses for different test settings and this 

will be mentioned for each case.  

 

Figure 4.5 Speech signals used for testing 

 

4.4 Comparison of One-mic Performance with Two-mics Performance 

In this chapter we wish to first demonstrate some effects such as the lower quality of passenger 

speech pick-up when only a single primary mic is used, the notch filtering effect when 

mixing/adding of two mic signals is used, and AEC performance degradation when two mic signal 

switching is used before a single AEC module. For this, we compare the cases using one mic vs 

two mics. The two mics are used in 4 setups, as mentioned before: switching before two AECs, 

switching after a single AEC, adding after two AECs, and adding before a single AEC. It should 

be noted again that using two AECs adds to the computational complexity. The cross-side 

attenuation used in this experiment is 10 dB (2dB from the original simulated impulse responses 

+ additional 8dB), from the feedback provided by the collaborating car manufacturer company.  
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Tables 4.2-4.4 show the performance scores for different setups in terms of wPesq and AECMOS 

echo scores. 

The scores are calculated on the whole duration of the signals. The driver, passenger, and 

loudspeakers sources are those shown in Figure 4.5, unless they are disabled. For the single mic 

case in Table 4.2, the weaker score of 3.1968 for passenger speech compared to 3.9727 for driver 

speech shows clearly that the single mic case leads to a degradation of quality for passenger speech. 

 

Table 4.2 wPesq scores for single mic 

Active sources 
Single 

mic 

Driver and loudspeakers 3.97 

Passenger and loudspeakers 3.30 

Driver, passenger and 

loudspeakers 
3.38 

 

 Table 4.3 wPesq scores for 2 mics 

Active sources 

Switching 

before 1 

AEC 

Switching 

after 2 

AECs 

Adding 

before 1 

AEC 

Adding 

after 2 

AECs 

Driver and loudspeakers 3.97 3.97 3.12 3.75 

Passenger and 

loudspeakers 
3.68 3.68 3.30 3.34 

Driver, passenger and 

loudspeakers 
3.69 4.04 2.91 3.66 

 

In Table 4.3, the overall reduced performance observed when mixing/adding signals from two 

microphones (last two column) compared to the switching approach (first two columns of scores), 

can be explained by the notch filtering effect. Switching when only the passenger is speaking 

(Table 4.3) also achieves better performance than the single-microphone setup (Table 4.2), because 

the secondary microphone is selected for the passenger's speech, thus the passenger speech is no 

attenuated as in the primary microphone.  

With the switching and mixing methods, it could be expected that the scores for driver speech 

should be the same as the scores for passenger speech; however, we see in Table 4.3 that it is not 
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the case. As can be seen from Figure 4.5, the far-end signal (played through loudspeakers and 

mostly removed by the AEC module) is different in the 8-10 sec segment (during driver speech) 

and in the 10-12 sec segment (during passenger speech). This leads to different wPESQ scores, 

because wPESQ has signal-dependencies.  

The last row of Tables 4.2-4.3 appears in grey, because they are less reliable. This is because they 

correspond to the case with alternating driver & passenger speech, which causes time-varying 

alignment issues between the reference source signals and microphone signals required by the 

wPesq method, so the scores become less reliable.  

The AECMOS echo scores can be used to detect the presence of remaining echoes in the AEC 

processed signal. As such, they should detect the performance degradation caused by switching in 

the case of alternating driver & passenger speech, because of the sudden echo path change caused 

by switching. Table 4.4 shows the resulting AECMOS echo scores for the 2-mics configurations. 

However, the expected negative impact of switching before a single AEC, compared to switching 

after two AECs or compared to mixing/adding, was not observed in this experiment (i.e., the scores 

in Table 4.4 don’t show any correlation with the expected behaviour). As we will further 

demonstrate later, this is due to the fact that the simulated setup has perfectly symmetric impulse 

responses (IRs) between loudspeakers on one side and microphones on the other side. 

Consequently, when switching from the (primary) mic signal close to the driver to the (secondary) 

mic signal close to the passenger, the expected sudden echo path change is absent, i.e., the echo 

path remains the same because of the symmetry in the simulation. Therefore, all the scores found 

in Table 4.4 actually represent a good performance (all above 4.2 scores, out of 4.5), with low 

residual echo component after AEC. Later in this chapter, we will perform experiments without 

the echo path symmetry in the simulations. 
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Table 4.4 AECMOS echo scores for 2 mics 

Active sources 

 

Switching 

before 1 

AEC 

 

Switching 

after 2 

AECs 

Adding 

before 1 

AEC 

Adding 

after 2 

AECs 

Driver and loudspeakers   4.40     4.40     4.24 4.37 

Passenger and 

loudspeakers 
 4.41 4.41 4.37 4.41 

Driver, passenger and 

loudspeakers 
4.47     4.48    4.36 4.52 

 

Figures 4.6-4.9- show the source signals, microphone signals and output signals for the 4 different 

two-mics scenarios and with both near end sources (driver and passenger) enabled as well as far-

end source (loudspeaker). The input in the first subplot corresponds to the input at primary mic 

and the input in second sublot refers to the input at the secondary mic. The output in the third 

subplot is the output from the AEC. If the switch flag is high, then the primary mic is chosen, and 

secondary mic is chosen otherwise. In these figures, a good performance is indicated in the bottom 

subplot when the blue signal (output signal) in the interval 8-12 sec (with far-end signal attenuated 

by AEC module) is the same as the blue signal in the interval 4-8 sec (without far-end signal).   
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Figure 4.6 Switching before single AEC 

 

 
Figure 4.7 Switching after two AECs 
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Figure 4.8 Adding before single AEC 

 

Figure 4.9 Adding after two AECs 

 

In Figures 4.6-4.7 and for the rest of this thesis, ideal switching was used to determine if we have 

mostly driver speech or passenger speech. This is done in order to decouple the effect of a practical 

switching algorithm from the other aspects investigated in this thesis, and since the thesis does not 

focus on developing a practical switching scheme. In a real-life scenario, a switching scheme based 
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on microphone levels could be used (either before a single AEC or after two AECs), to determine 

which mic signal should be used. This can be done in various ways, including: 

• Comparing the instantaneous or smoothed power of microphone signals; 

• Comparing correlations between microphone signals and past switching output signal 

samples. 

 

4.4.1 Effect of symmetry of microphones on switching 

As previously explained, by default for our simulated setup IRs are symmetric, and this is an 

important factor to consider while switching. To see the impact of switching for the more realistic 

case of asymmetric IRs and echo path changes, we changed the (x,y,z) position of the secondary 

microphone from (1.65m, 1.4m, 1.7m) to (1.65m, 1.8m, 1.7m), which corresponds to moving the 

microphone 40cm to the right.  

 

Figure 4.10 Switching before single AEC, symmetric simulated IRs 

 

 

 Figure 4.11 Switching before single AEC, asymmetric simulated IRs  

 

In Figure 4.11 showing the result of switching before single AEC with asymmetric simulated IRs, 

we can see remaining transients from the far end signal in the circled portion (signal in blue, after 

the speech source switch which occurs at 10 sec). Those transients are caused by the adaptation 

required by the AEC module when it is active (in presence of far-end signal) and when a sudden 

echo path change occurs. In contrast, if we compare with the result of switching before single AEC 
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with symmetric simulated IRs in Figure 4.10 (i.e., same figure as the bottom subplot in Figure 4.6), 

we see that the blue signal is much smaller in the circled portion (i.e., it corresponds more closely 

to the output signal found after 6 sec when there is no far end signal). 

The impact of the sudden echo path change while the AEC unit turned on at 10 sec is also reflected 

in the AECMOS scores and wPESQ scores, where we can observe in Table 4.5 a clear performance 

drop when asymmetric IRs are used.  

 

Table 4.5 Performance for switching with and without symmetric IRs  

 wPesq AECMOS 

echo score 

AECMOS 

degradation 

score 

switching symmetric IRs 3.6941 4.4739 4.0505 

switching asymmetric IRs 1.9051 4.3049 3.8264 
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Chapter 5 Multichannel Wiener Filter 
 

Wiener filtering is used for linear estimation of a desired signal based on a reference or input 

signal. The signals are treated as random processes, and the filter design is based on the statistics 

obtained through ensemble averaging.  Assuming that the random processes are also jointly 

ergodic and wide sense stationary, the time and ensemble averages are asymptotically the same.  

 
Figure 5.1 Block diagram of Wiener filter 

 

Wiener solutions can be extended to multichannel scenarios, i.e., multiple inputs. In our case, we 

have two inputs, the primary mic signal and the secondary mic signal.  

Consider that there are 2 inputs, 𝑥1(𝑛) and 𝑥2(𝑛) used to predict a desired signal 𝑑(𝑛) producing 

an error signal 𝑒(𝑛)  

𝑒(𝑛) = 𝑑(𝑛) − ∑ 𝑤1𝑘𝑥1(𝑛 − 𝑘) −

𝑁−1

𝑘=0

∑ 𝑤2𝑘𝑥2(𝑛 − 𝑘) 

𝑁−1

𝑘=0

(5.1) 

 

In matrix form, it can be written as: 

𝑒(𝑛) = 𝑑(𝑛) − [𝑤1,0 ⋯𝑤1,𝑁−1 𝑤2,0 ⋯𝑤2,𝑁−1]

[
 
 
 
 
 

𝑥1(𝑛)
⋮

𝑥1(𝑛 − 𝑁 + 1)

𝑥2(𝑛)
⋮

𝑥2(𝑛 − 𝑁 + 1)]
 
 
 
 
 

  (5.2)  

Or in vector notation form: 
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𝑦(𝑛) = 𝒘𝐻𝒙(𝑛) (5.3) 

𝑒(𝑛) = 𝑑(𝑛) − 𝒘𝐻𝒙(𝑛) (5.4) 

Where  

𝒘 = [𝑤1,0
∗ ⋯𝑤1,𝑁−1

∗ 𝑤2,0
∗ ⋯ 𝑤2,𝑁−1

∗ ]
𝑇

= [𝑤1,0 ⋯𝑤1,𝑁−1 𝑤2,0 ⋯𝑤2,𝑁−1]
𝐻
   (5.5) 

The mean square error (MSE) is given by: 

𝑀𝑆𝐸 = 𝜉(𝒘) = 𝜙𝑒𝑒(0) = 𝜎𝑒
2 = 𝐸[𝑒(𝑛)𝑒𝐻(𝑛)] (5.6) 

= 𝐸 [(𝑑(𝑛) − 𝒘𝐻𝑿(𝑛))(𝑑(𝑛) − 𝒘𝐻𝑿(𝑛))
𝐻
] (5.7) 

= 𝐸[𝑑(𝑛)𝑑𝐻(𝑛)] − 𝒘𝐻𝐸[𝒙(𝑛)𝑑𝐻(𝑛)] − 𝐸[𝒙𝐻(𝑛)𝑑(𝑛)]𝒘 + 𝒘𝐻𝐸[𝒙(𝑛)𝒙𝐻(𝑛)] 𝒘 (5.8) 

𝒑 = 𝐸[𝒙(𝑛)𝑑𝐻(𝑛) (5.9) 

𝑹 = 𝐸[𝒙(𝑛)𝒙𝐻(𝑛)] (5.10) 

𝜉(𝒘) = 𝜎𝑑
2 − 𝒘𝐻𝒑 − 𝒘𝑇𝒑∗

+ 𝒘𝐻𝑹𝒘 (5.11) 

𝜕𝜉(𝒘)

𝜕𝒘∗
= 𝟎2𝑁×1 − 𝒑 − 𝟎2𝑁×1 + 𝑹𝒘𝑜𝑝𝑡 = 𝟎2𝑁×1 (5.12) 

𝒘𝑜𝑝𝑡 = 𝑹−1𝒑 (5.13)  

The performance at the optimum is the minimum MSE, or MMSE: 

𝑀𝑀𝑆𝐸 = 𝜉(𝒘𝑜𝑝𝑡) = 𝜉𝑚𝑖𝑛 = 𝜎𝑑
2 − 𝒑𝐻𝑹−1𝒑 (5.14)

At the optimum error, the error signal is uncorrelated/orthogonal to the input signals and to the 

output signal. 

These equations form the foundation on which the Wiener solution for multichannel scenarios, 

i.e., multiple inputs, is developed. Even though it can be extended to any number of inputs, we 

have two inputs for our system: the two microphone signals. We also have two sources to extract 
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and mix/add: the driver source and the passenger source, and each of these sources requires a 

different multichannel Wiener filter. This is further explained in the next section. The equations 

for MWF are not new, although we will customize the way to estimate the statistics to fit our 

application. 

5.1 Frequency domain MWF to extract the source 𝑆𝐴 as received at the 

primary microphone  

 
Figure 5.2 Multichannel Wiener filter for two inputs and desired signal 𝑑  

 

Consider the driver and passenger sources, 𝑠𝐴and 𝑠𝐵, with background noise 𝑣. Then at the two 

microphones 1 and 2, this can be written as: 

𝑥1(𝑛) = 𝑠1𝐴(𝑛) + 𝑠1𝐵(𝑛) + 𝑣1(𝑛) (5.15) 

𝑥2(𝑛) = 𝑠2𝐴(𝑛) + 𝑠2𝐵(𝑛) + 𝑣2(𝑛) (5.16) 

Where the sources are uncorrelated to each other as well as the noise, i.e., 

𝐸[𝑠𝑗𝐴(𝑛)𝑠𝑖𝐵(𝑛)] = 0;  𝑖, 𝑗 = 1,2 (5.17) 

𝐸[𝑠𝑗𝑘(𝑛)𝑣𝑖(𝑛)] = 0;  𝑖, 𝑗 = 1,2; 𝑘 = 𝐴,𝐵 (5.18) 

In the frequency domain, the estimated source  𝑠̂𝐴 at mic 1 from the MWF is : 

𝑠̂𝐴(𝜔) = 𝒘𝐻(𝜔)𝒙(𝜔) = [𝑤1(𝜔)𝑤2(𝜔)][𝑥1(𝜔)𝑥2(𝜔)]𝑇 (5.19) 
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Where  

𝒘(𝜔) = 𝑹−1(𝜔)𝒑(𝜔) (5.20) 

𝒘(𝜔) = [𝑤1
∗(𝜔)𝑤2

∗(𝜔)]𝑇 

𝑹(𝜔) = [
𝜙𝑥1𝑥1

(𝜔) 𝜙𝑥1𝑥2
(𝜔)

𝜙𝑥2𝑥1
(𝜔) 𝜙𝑥2𝑥2

(𝜔)
] = [

𝜙𝑥1𝑥1
(𝜔) 𝜙𝑥1𝑥2

(𝜔)

𝜙𝑥1𝑥2
∗ (𝜔) 𝜙𝑥2𝑥2

(𝜔)
] (5.21) 

𝒑(𝜔) = [𝜙𝑥1𝑑(𝜔) 𝜙𝑥2𝑑(𝜔)]𝑇 = [𝜙𝑑𝑥1

∗ (𝜔) 𝜙𝑑𝑥2

∗ (𝜔)]𝑇  (5.22) 

(with 𝜙𝑥𝑦(𝜔) = 𝐸[𝑦(𝜔)𝑥∗(𝜔)]) 

The elements of the R matrix are given by, 

𝜙𝑥𝑗𝑥𝑖
(𝜔) = 𝜙𝑠𝑗𝐴𝑠𝑖𝐵

(𝜔) + 𝜙𝑠𝑗𝐵𝑠𝑖𝐵
(𝜔) + 𝜙𝑣𝑗𝑣𝑖

(𝜔) (5.23) 

𝜙𝑥𝑗𝑥𝑖
(𝜔) can be estimated as a sum of components when single sources are active (only driver or 

passenger, with noise) and subtracting noise-only statistics: 

𝜙𝑥𝑗𝑥𝑖
(𝜔) = (𝜙𝑠𝑗𝐴𝑠𝑖𝐵

(𝜔) + 𝜙𝑣𝑗𝑣𝑖
(𝜔)) + (𝜙𝑠𝑗𝐵𝑠𝑖𝐵

(𝜔) + 𝜙𝑣𝑗𝑣𝑖
(𝜔)) − 𝜙𝑣𝑗𝑣𝑖

(𝜔) (5.24). 

The elements of p are given by, 

𝜙𝑥𝑗𝑑
(𝜔) = 𝜙𝑠𝑗𝐴𝑠1𝐴

(𝜔) (5.25) 

𝜙𝑥𝑗𝑑
(𝜔) can be estimated when only the source 𝑠𝐴 is active (driver with noise) and subtracting the 

noise-only statistics: 

𝜙𝑥𝑗𝑑
(𝜔) = 𝜙𝑠𝑗𝐴𝑠1𝐴

(𝜔) = (𝜙𝑠𝑗𝐴𝑠1𝐴
(𝜔) + 𝜙𝑣𝑗𝑣1

(𝜔)) − 𝜙𝑣𝑗𝑣1
(𝜔) (5.26) 
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5.2 Implementation of Adaptive Multichannel Wiener Filter 

 

As illustrated in Figure 5.3, for mixing/adding microphone signals without notch filtering effect 

(without switching), multichannel Wiener Filters (MWF) are implemented between the 

microphones and a single Acoustic Echo Canceller module (AEC). The signals from the 

microphones are directly fed into each MWF (one for each source, i.e., driver and passenger). 

These filters independently extract each source while mitigating the effects of two-path 

propagation (i.e., notch filtering effect). The MWFs keep adapting to update the filter coefficients 

with respect to the changes in the statistics of the speech signals from the driver and passenger and 

background noise. 

Multichannel LTI filtering can introduce frequency dependent level changes but no non-linear 

audible distortions (like musical noise or other types of artefacts introduced by single channel 

Wiener filtering noise suppression based on time-varying frequency-dependent gains). If the MWF 

filters need to adapt (and therefore they are slowly time-variant and not LTI), the output signals 

may include some audible effects from the non-constant filtering, but normally the adaptation to 

the MWF coefficients is sufficiently slow and the output does not suffer from significant distortion. 

 

 

Figure 5.3 Sum of outputs from two MWF filters (sum of driver and passenger signal 

predictions), before single AEC module. 
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5.2.1 Overlap-Add and Windowing 

The computations for MWF are carried out in the frequency domain. This includes calculating the 

convolutions in the frequency domain using Fourier transform multiplications. The overlap and 

add method allows the signal to be divided onto small overlapping blocks, processing each block 

separately. This helps with the real time processing of the signals.  

One of the main concerns during windowing is the perfect reconstruction of the signal. This calls 

for the Constant Overlap Add (COLA) constraint [42], which ensures that overlapping windowed 

segments sum to a constant value during STFT and inverse STFT operations. This prevents 

distortion and allows for perfect reconstruction. 

A window function satisfies the COLA constraint if: 

∑𝑤(𝑛 − 𝑚𝑅) = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, ∀𝑛

𝑚

(7.6) 

Where R is the overlap size and w(n) is the window. In MATLAB™, this can be checked using 

the iscola() function. A Hanning window with option ‘periodic’ when the length is even and the 

shift (or overlap) is 50% satisfies the COLA constraint and gives perfect reconstruction.  Iscola() 

can also be used to verify perfect reconstruction if a window is to be applied at both analysis and 

synthesis (which is preferable, to minimized block processing effects in the output signal). Then 

we use the function with option ‘wola’. The use of the iscola() function is illustrated below. 

len=128; 

shift = floor((len+1)/2); 

overlap=len-shift; 

  

win = hann(len,'symmetric'); 

[tf,m,maxDeviation] = iscola(win,overlap,'ola')  

tf=0,m =0.9913, maxDeviation =0.0085 

 

win = hann(len,'periodic'); 

[tf,m,maxDeviation] = iscola(win,overlap,'ola')  

tf =   1,m =  1,maxDeviation =   2.2204e-16 

 

win = sqrt(hann(len,'symmetric')); 

[tf,m,maxDeviation] = iscola(win,overlap,'wola')  

tf =   0, m =    0.9913, maxDeviation = 0.0085 

 

win = sqrt(hann(len,'periodic')); 

[tf,m,maxDeviation] = iscola(win,overlap,'wola')   

tf=1, m=1, maxDeviation= 2.2204e-16 
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A result of tf=1, m=1 indicates that the window with specified length and overlap is COLA 

compliant. 

From Figure 5.4, it can be seen that even though both windows start at 0, the “symmetric” option 

ends at 0 and the “periodic” option ends just before 0, avoiding duplication of the first point. This 

shows that the end points don’t overlap for the periodic window. The effect of both windows 

during overlap and add is shown in Figure 5.5, where with the periodic window the result is 

perfectly flat in the middle portion (i.e., discarding transient effects at the beginning and the end). 

 

Figure 5.4 Symmetric and Periodic Hanning windows 
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Figure 5.5 OLA with symmetric and periodic Hanning windows 

 

5.2.2 Regularization factor and moving average factor 

While applying MWF, it is imperative to choose the parameters that affect the performance of 

MWF properly. The parameters to be adjusted are: 

• 𝛿: regularization factor. 

• 𝜆: moving average factor for the correlation coefficients. 

It should be noted that these parameters can change with frame size and the frequency bands 

considered. Generally, 𝛿 values as small as 0.01 were found to be appropriate. For larger frame 

sizes, larger 𝛿 values were found to be required. Typically, the value of 𝛿 should not exceed 1.0, 

since the regularization is applied in a normalized fashion in (7.7) below. For instance, when 𝛿 

=10.0, the regularization is 10 times the trace value in the original matrix. This leads to small 

coefficients and small output values that need to be amplified. On the other hand, higher values 

can be used at some frequencies if we know there is more concentration of noise power in those 

frequencies, and less speech content. 

We need the inverse of the correlation matrix to find the Wiener filter coefficients. This can give 

errors if R is poorly conditioned because it is nearly singular or in the presence of large noise. This 

calls for the regularization of the matrix with the regularization factor 𝛿 chosen accordingly: 



 

41 

 

𝑤 = (𝑅 + 𝐼 ∗ 𝛿 ∗
𝑡𝑟𝑎𝑐𝑒(𝑅)

𝑙𝑒𝑛𝑔𝑡ℎ(𝑅)
)

−1

𝑝 (5.7).

Here, 
𝑡𝑟𝑎𝑐𝑒(𝑅)

𝑙𝑒𝑛𝑔𝑡ℎ(𝑅)
 is the average power of the input signals. This method scales the regularization 

factor proportionally to the mic signals’ power. A smaller 𝛿 is preferred in the case of low noise 

and higher 𝛿 when the noise is higher. The regularization factor in Wiener filtering is crucial for 

achieving a balance between restoring the signal without instabilities and suppressing a large 

amount of interference and noise. 

 𝜆  acts as the forgetting factor determining how much the old correlation values can affect the new 

filter values. They can range from 0 (no history) to 1 (no forgetting). The 𝜆 value determines how 

many milliseconds of previous data are used, depending on the frame size.  

The correlation factors are updated as shown 

𝜙𝐴𝐵 = 𝜆 ∗ 𝜙𝐴𝐵 + (1 − 𝜆)𝐴𝑓𝑟𝑒𝑞 .∗ 𝑐𝑜𝑛𝑗(𝐵𝑓𝑟𝑒𝑞) (5.8) 

Since (7.8) is applied in the frequency domain on a frame by frame basis, the 𝜆 value is also 

affected by the frame size used (in sec). Therefore, it is important to map properly the time constant 

1/(1 − 𝜆) (in frames) to a corresponding desired value in seconds.   
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Chapter 6 MWF and Notch Filtering Effect 
 

In Chapter 5, it was seen that while adding the microphone signals before a single AEC or after 

two AECs, the performance (speech quality) can be reduced due to the notch filtering effect. Notch 

filtering effect occurs when two signals are out of phase at some frequencies, leading to destructive 

interference and attenuation (or complete cancellation) of those frequencies. This can negatively 

affect the quality of driver/passenger signals even when they have dedicated mics, since each mic 

picks up the signal from a given source. This two-paths propagation can in principle be eliminated 

by using a delay, so that the source signals picked up by each mic are time aligned, with no 

interference at any frequency. However, this gives rise to the following issues: 

• If the resulting time aligned signals are mixed/added, the resulting signal can contain either 

(or both) driver and passenger signals, and these two speech sources require different 

delays to be time aligned. Therefore, the source for which the wrong delay is being used 

will still suffer from notch filtering effect (worsened, because the resulting total delay will 

be increased by the added delay, which leads to more notch locations in the frequency 

spectrum).  

• If two different delays are used depending on which source is active (driver or passenger), 

this requires some switching mechanism, and switching can cause the problem of sudden 

echo path change which is detrimental to AEC performance.  

Hence, we reached the solution of using a multichannel Wiener filter to remove two-path 

propagation and the resulting notch filtering effect. The MWF is implemented in the frequency 

domain, using Overlap-Add (OLA) with 50% overlap, with computations of the required 

correlations derived from microphone signals (with mixture of sources and background noise) 

rather than from ideal driver or passenger components at the microphones. This approach requires 

accurate detection of instances when only the driver or only the passenger is active. In a first phase, 

noise-free scenarios are considered, and scenarios with background noise are considered in the 

next chapter.  

As previously mentioned, the cross-side attenuation is the attenuation found in a mic signal from 

a source on the opposite side, e.g., the attenuation to the driver signal while being received at the 

secondary mic (on the passenger side). The simulated impulse responses here are symmetrical 
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(because of symmetric loudspeaker and microphone locations in the simulated setup). Hence, both 

driver and passenger source signals suffer from the same cross-side attenuation. When the cross-

side attenuation is higher, the effect of source signals from the opposite side reduces, which also 

reduces the notch filtering effect (i.e., because of smaller echo when mixing/adding the signals of 

both mics). Therefore, the worst case of the notch filtering effect is when there is the least cross-

side attenuation. The simulated IRs used here have around 2dB cross-side attenuation, to which 

more cross-side attenuation can be added for testing. For testing, the original IRs are used without 

any additional cross-side attenuation, as they are the ones most affected by the notch filtering 

effect. This means the passenger's speech level is close to the driver's at the primary mic, and the 

driver's speech level is close to the passenger's at the secondary mic. To compare the performance, 

IRs with 8dB additional cross-side attenuation are also used with MWF. 

To clearly understand the effect of MWF on the notch filtering effect, we used white noise as input, 

as it has a flat frequency spectrum with equal power over all frequencies. We also used different 

frame sizes to see how they can change the performance of MWF filters and the resulting 

cancellation of two-path propagation. 

6.1 Additional cross attenuation: 0dB 

 

Figure 6.1 Notch filtering effect for 100ms frame size and 0dB additional cross-side attenuation 
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Figure 6.2 Notch filtering effect for 20ms frame size and 0dB additional cross-side attenuation 

 

 

Figure 6.3 Notch filtering effect for 8ms frame size and 0dB additional cross-side attenuation 

 

Figure 6.1 shows the result of adding the IRs from a source to the two mics (i.e., corresponding to 

signal mixing/adding for that source) with and without MWF. Without MWF, there are multiple 

notches, with big ones near 1, 2, 4, 5 and 7 kHz frequencies. When the frame size is 100ms, almost 

all the notches are removed for the MWF, giving the best results. This is because the MWF filter 

size (in coefficients) is the same as the frame size (in samples), therefore large frame sizes mean 
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longer MWF filters, which can better model the acoustic paths or their inverses. When the frame 

size is 20ms (Figure 6.2), there are some residual notches with the big ones around 1, 4, and 5 kHz 

frequencies. The performance for reducing notch filtering effect is further reduced when the frame 

size is 8ms (Figure 6.3); many notches are still present even after the filtering by MWF. This shows 

that a higher frame size is better in order to remove the notches from adding the IRs. 

6.2 Additional cross-side attenuation: 8dB 

Figures 6.4-6.5 show that there are hardly any deep notches when adding the simulated IRs with 

8 dB additional attenuation. This is because the cross-side attenuation makes the opposite source's 

speech level low compared to the main source, i.e., the speech level of the passenger at the primary 

mic is low, and the speech level of the driver is low at the secondary mic. Therefore, even though 

there is improvement in the notch filtering effect with MWF, there is not a strong difference, and 

the frame size has less impact on the removal of the notches. 

 

 

Figure 6.4 Notch filtering effect for 20ms frame size and 8dB cross-side attenuation 
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Figure 6.5 Notch filtering effect for 8ms frame size and 8dB additional cross-side attenuation. 

 

It should be noted that in practical speech processing systems, frame size is typically chosen based 

on latency requirements. While our results may mention a frame size of 100 ms, this does not 

imply a recommendation to use such a size in real-time applications. In practice, shorter frame 

sizes, typically ranging from 8 ms to 30 ms, are preferred to reduce algorithmic processing delay 

and latency. The choice of frame size depends on the specific application and its latency 

constraints, which is why real-time speech communication systems often adopt smaller frame 

sizes. Thus, for our system, a frame size of 8ms was found to be apt for processing. 
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Chapter 7 MWF and Noise Reduction 
 

This chapter investigates the performance of summing the outputs of MWF filters in the presence 

of speech sources (driver, passenger) and with background noise (white and colored noises).  

7.1 Regularization factor and forgetting factor for different noises 

The input SNR is fixed at 13dB and different regularization factors and forgetting factors are 

applied to see which would be the best fit for any noise condition. The SIR and SNR gains are 

calculated using the primary mic signal as input reference for the driver speech source and the 

secondary mic signal as input reference signal for the passenger speech source. The DNSMOS 

values are calculated on the sum of the output signals from the MWF. 

The tables with the results are given in Appendix, section A.1. For white noise, Table A.1 shows 

the performance of the MWF with different frame size, 𝜆 and 𝛿 values. When 𝜆 is 0.96, which is 

the lowest value considered, it requires a 𝛿 of 1.0 to get a good performance i.e., where the 

DNSMOS values for both signal and noise are above 3.0. I also give the best SNR gain of around 

9.0 and SIR gain values near 14.0 and 16.0. Even if higher 𝜆 is considered for a frame size of 8ms, 

it requires a regularization factor of 1.0 for good performance. It can be seen that with higher frame 

size, we need higher 𝜆 values as well as a 𝛿 value of at least 1.0 for acceptable metrics. Higher 𝜆 

means that it needs a longer history to calculate the correlation coefficients. This is not desirable 

as speech signal statistics are time-varying, and it will affect the performance. This can be seen 

from the fact that overall the best performance is when the frame size is the smallest, i.e., 8ms. 

When the red noise is used (Table A.2), and the frame size is 8ms, 𝛿 has to be 1.0 for good 

performance with DNSMOS values for signal and noise components above 3.0, even if higher 𝜆 

values are used. As the frame size increases, there is a requirement for higher 𝜆 values, and 𝛿 

cannot go below 1.0. When the frame size is higher than 24ms, the DNMOS for noise cannot reach 

a score of 3.0 anymore.     

With pink noise, from Table A.3, there is less speech degradation at the output as indicated by 

DNSMOS signal score. But when it comes to noise removal, it requires a smaller frame size of 

8ms and 𝜆 value of 0.96 and 𝛿 value of 1.0, as indicated by SNR gain as well as DNSMOS noise 

score.  



 

48 

 

Similarly, with green noise (Table A.4), noise removal becomes harder as the frame size increases. 

It requires a 𝛿 of 1.0 for a DNSMOS score of 3.0 and above. As higher frame sizes require higher 

𝜆 values, it is evident that here as well, 8ms frame size with 𝛿 =1.0 and 𝜆 = 0.96 proves to be the 

preferred choice.  

Hoth noise shows a trend different from the above noises, as no acceptable output could be 

obtained using a single 𝛿 for the entire frequency range. It required a higher 𝛿 for lower frequencies 

to suppress noise and a 𝛿 of 1.0 for higher frequencies to avoid distortion. Thus, the Table A.5 

shows the results using different frame sizes and 𝜆 values with a 𝛿 of 100.0 for frequencies lower 

than 312.5 Hz and 1.0 for higher frequencies. Here also, a frame size of 8ms shows the best 

performance.   

It is clear from these results that for stable performance it is most efficient to use a frame size of 

8ms with 𝜆 of 0.96 and 𝛿 of 1 for all the noises (except for Hoth noise at low frequencies). 

7.2 Active Speaker Detection 

To compute the correlations required by the MWF filters, it is important to be able to detect when 

the different sources are active (i.e., a classifier is required to detect the conditions: no source 

(except background noise), only driver source, only passenger source, and both driver and 

passenger sources active). This can be done in various ways, including: 

• Comparing the instantaneous or smoothed power of microphone signals 

• Comparing correlations between microphone signals and past MWF output signal samples. 

For the experiments performed in this thesis and as stated in an earlier chapter, in order to decouple 

the effect of active speaker detection from the performance achievable by MWF filtering, a perfect 

classification assumption is made, i.e., perfect knowledge of when each of the driver and passenger 

voice sources is active. Figure 7.1 shows the speech signals used for testing. From 0 to 20 seconds, 

the MWF is allowed to train and the metrics are calculated starting from 20 seconds. The SIR and 

SNR gains are calculated during the time segment 20-56 seconds and DNSMOS scores are 

computed during the time segment 20-36 seconds  
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Figure 7.1 Speech signals used for testing 

 

7.3 MWF with different types and levels of noise 

This section evaluates the performance of mixing/adding the MWF filters outputs under different 

levels of noise. The types of noises used for testing are white, red, pink, green and Hoth noises. 

The frame size is fixed at 8ms for best noise reduction. The moving average factor of 𝜆 = 0.96 and 

regularization factor of 𝛿 = 1.0. The only exception is Hoth noise, where a regularization factor 

of 100.0 is used for frequencies lower than 312.5 Hz (and 1.0 for higher frequencies). The original 

simulated IRs with 2dB cross-side attenuation are used, with no additional cross attenuation. The 

input SNR is varied from 10dB to 0dB.  

While comparing with the sum of mic signals simple method, it can be noted that the SNR gain 

for this method is -1.0 dB and SIR gain is -1.26 dB. The SIR gain and SNR gain values with MWF 

at different input SNRs are given in Tables A.6 to A.10 in the appendix section A.2. It can be seen 

that using MWF provides significant improvements for the SIR gain and SNR gain scores. The 

SIR gain ranges from 7 dB to 9 dB for white noise, and the SNR gain is around 10 dB. The SIR 

gain for red and pink noises is similar to white noise, but the SNR gain is around 6 dB. For green 

noise, SIR gain and SNR gain are always close to 8 dB or higher. The performance with Hoth 
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noise is also good with SIR gain varying from 6 dB to 11 dB and SNR gain varying from 6 dB to 

8 dB for different input SNRs. 

Figures 7.2 and 7.3 provide the DNSMOS-signal and DNSMOS-noise scores, for the different 

types of noise and noise levels (input SNR). In the case of white noise, there is good noise reduction 

with an SNR gain of about 10dB in all cases. This is reflected in the DNSMOS values, where the 

noise scores stay above 2.0 even when the input SNR is as low as 1 dB. There is a significant 

improvement when compared with the sum of mics method (without MWF). But below 5dB SNR, 

there is considerable noise in the output even though there is an improvement in speech quality. 

Compared to pink and green noise, red noise performs better since the DNSMOS noise score is 

higher than 2.0 even at input SNR close to zero. Pink noise has an SNR gain score similar to red 

noise, but the DNSMOS signal score indicates better speech quality in the case of red noise. There 

is only a slight improvement in the DNSMOS noise score for green and pink noise as input SNR 

gets closer to zero. For Hoth noise, there is a decent improvement in the DNSMOS noise scores 

and a significant improvement in the DNSMOS signal scores with MWF.   

 
Figure 7.2 Comparing the performances of MWF and signal mixing (DNSMOS signal score) 
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Figure 7.3 Comparing the performances of MWF and signal mixing (DNSMOS noise score) 

 

The data tables used to generate the figures are given in the Appendix section A.2. It should be 

noted that the simulation results depend more on the acoustic paths (and their static or time-varying 

nature) than on the choice of audio source content. However, it is true that the absolute values of 

the different metrics used would change with different audio source content (but the ranking of the 

different scores for different conditions should not change). To show this, Figure 7.4 has been 

generated with a different set of speech signals but with the same activity pattern. It shows how 

there is consistent improvement in the DNSMOS signal and noise scores with MWF as compared 

to direct mixing, especially with increase in input SNR. Compared to the corresponding curves for 

white noise in Figures 7.2-7.3, we can see that the even though the absolute values of the scores 

are different, the ranking of scores for different conditions does not change. 
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Figure 7.4 DNSMOS scores for different set of speech signals with white noise 

 

7.4 MWF with wind noise 

When testing with wind noise, it must be noted from Fig. 7.4 that the noise is highly nonstationary 

in amplitude levels and also with time varying level imbalance between the two mics. The results 

for wind noise can be found in Table A.11 from the Appendix and in Figure 7.5. Compared with 

the SNR gain and SIR gain for the simple mic signals mixing method which are -1.0 dB and -1.26 

dB, respectively, the SNR gain values in Table A.11 range from 1.5 to 2 dB for driver and 4.6 to 

5.2 dB for passenger and the SIR gain values are all above 6 dB. So even though these gain values 

are more modest than for the previous types of noise, the method of summing the MWF outputs is 

still beneficial. In terms of DNSMOS scores in Figure 7.5, the MWF method shows some 

improvement in the DNSMOS-noise scores, but a slight decrease in the DNSMOS-signal scores. 

So again, the performance is weaker than for the previous types of noise considered, because of 

the noise level and imbalance fluctuations. Therefore, for wind noise the MWF filters would need 

more time to adapt in order to deliver the same performance as for other noises.  

Under no noise conditions, the ideal solutions that the MWFs can reach are entirely based on the 

acoustic transfer functions between the sources and the microphones. So, variations in source 

signals (e.g. time fluctuations or the non-stationary nature of their PSD) don't affect the ideal 
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performance achievable by the MWFs, i.e., the ideal MWF filters are static. The ideal MWFs also 

remain static when additive noise is present at the microphones and when the level of the different 

sources relative to the noise remain the same, i.e., when the signal to noise ratios between the 

desired source signals and additive noise remains the same. However, when either the levels of the 

source signals change or the levels of the background additive noise changes (at either 

microphone), the ideal MWF solution changes and the practical MWFs need to adapt to the new 

conditions. This is what happens in the case of wind noise, whose level at each microphone is 

highly non-stationary. 

 

 
 

Figure 7.5 Comparing the performances of MWF and signal mixing for wind noise (DNSMOS 

signal and noise scores) 
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Chapter 8 MWF and Head Movement 
 

A driver or a front seat passenger may have to turn or move their head during turns, lane changes, 

or out of general human behaviour. This calls for the evaluation of performance of the MWF 

system during such movements. The impulse response between a source and the microphones 

changes as the head moves, and this affects the values of the MWF filters coefficients, which need 

to adapt. 

Our simulations assume point sources, i.e., the sources are non-directional. As a result, source 

rotation does not impact the simulated outcomes. To model changes in the source-to-microphone 

acoustic path, we chose to implement a translation of the source. The primary goal was not to 

capture variations in signal level or energy at the microphones, but rather to replicate the changes 

in the phase content across different frequencies that occur in the acoustic echo path when the 

source position varies. This phase variation was the key aspect we aimed to reproduce in our 

simulations. 

 In the configuration file used to generate the impulse responses, the positions of the speech/audio 

sources are as given below: 

 

Table 8.1 Positions of different signal sources in the car 

 Distance in front (m) Distance from left door (m) Distance from floor (m) 

Driver 2.5 d 0.75 

Passenger 2.5 1.4 0.75 

Left speaker 2.2 0.15 0.3 

Right speaker 2.2 1.85 0.3 

 

The value of d used to generate the original (default) impulse responses is 0.6 m. During testing, 

the value of d was changed to 0.5 and 0.45 to simulate head movement by 10 cm and 15 cm. 

The speech used for testing are divided into 3 segments after training, as shown in Table 8.2 and 

Figure 8.1.  
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Table 8.2 Changes in d during different time segments 

 Segment 1 Segment 2 Segment 3 

Time duration 20-36s 36-54s 54-68s 

d (m) 0.6 0.5/0.45 0.6 

 

Figure 8.1 Speech signals used for testing 

 

From the previous chapters/testing, it was observed that an 8ms frame size gave the best noise 

reduction for all noise types among the different frame sizes. For the frame size of 8ms, the 

regularization factor (𝛿) of 1.0 and the moving average factor (𝜆) of 0.96 are fixed for testing. The 

input SNR is varied from 10dB to 5dB to 1dB. This SNR is calculated based on the first segment 

of speech where the original impulse response without head movement is used. The metrics used 

for testing for this case are DNSMOS-signal (speech quality), DNSMOS-noise (background noise 

reduction), SIR gain and SNR gain. 

The noises used for the tests are: white, red, pink, green, and Hoth. As before, for Hoth noise the 

regularization factor of 100.0 is used for frequencies less than 312.5 Hz and 1.0 for higher 

frequencies.  
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From the tables in Appendix section A.3, for white, coloured and Hoth noises, the pattern is 

similar. There is an improvement in both DNSMOS scores in the sum of MWF outputs method 

compared to the sum of 2 mic signals, even when there is head movement. This is more significant 

with lower SNR. If the adaptation of MWF is stopped after 36 s, i.e., the first speech segment, the 

performance scores suffer, especially when the noise level is higher. This shows that there needs 

to be continuous adaptation of MWF coefficients regardless of head movement. 

 

8.1 Continuous vs paused adaptation of MWF 

To see if we require continuous adaptation of MWF, we pause the adaptation after 36 seconds and 

see the effects in the last two segments of speech. So, we have 3 segments of speech with 2 setups 

(Table 8.3). 

• MWF with continuous adaptation (MWF-AC) 

• MWF with adaptation paused after 36 seconds (MWF-AS) 

 

Table 8.3 Time segments during which MWF adapts and do not adapt 

 20-36 seconds 36-52 seconds 52-68 seconds 

MWF-AC Adapting Adapting+ head movement Adapting 

MWF-AS Adapting No Adapting +head movement No Adapting 

 

For each of the above cases, head displacements of 0.1m and 0.15m are considered by changing 

the value of d to 0.5m and 0.45m from 0.6m. But it can be seen that there is only a minute difference 

between their performances, meaning that a displacement of 0.1m or 0.15m has similar effect.  

In the first segment, the MWF is adapting in both cases so that they start out with the same 

performance. The second segment helps evaluate the MWF in situations with head movement and 

assesses its performance with and without continuous adaptation. In the third segment, the head 

reverts to the original position. This helps us evaluate whether the performance can go back to the 

one from the first time segment, i.e., without adaptation. 
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DNSMOS is calculated for 16-second time segments with both driver and passenger speech. SIR 

and SNR gain are calculated for every 8 seconds of driver and passenger speech, separately in each 

of the 16 second time segments. 

Figures 8.2 to 8.13 show the performance for different types of noise with input SNRs of 1dB, 5dB 

and 10dB for the above-mentioned cases. When the input SNR is high, there is less noise in the 

beginning; hence, there is less noise for the MWF to remove. This means that the SNR gain would 

be less for higher input SNR. Whereas DNSMOS evaluates perceptual speech quality, unlike raw 

SNR. Even though the SNR gain might be higher for low input SNR cases, residual distortions 

and artifacts from aggressive denoising can lower the perceptual quality. This can be noted in the 

figures, where the SIR and SNR gain may be higher for lower cases of lower input SNR, but the 

perceptual quality measured by DNSMOS is higher for higher input SNR for the same noise. 
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8.1.1 White noise 

 

Figure 8.2 DNSMOS, SIR gain and SNR gain for MWF-AC for white noise 

 

 
 

Figure 8.3 DNSMOS, SIR gain and SNR gain for MWF-AS for white noise 
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8.1.2 Red noise 

 
Figure 8.4 DNSMOS, SIR gain and SNR gain values for MWF-AC for red noise 

 

 

Figure 8.5 DNSMOS, SIR gain and SNR gain for MWF-AS for red noise 
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8.1.3 Pink noise  

 

Figure 8.6 DNSMOS, SIR gain and SNR gain values for MWF-AC for pink noise 

 

 
 

Figure 8.7 DNSMOS, SIR gain and SNR gain values for MWF-AS for pink noise 
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8.1.4 Green noise 

 

 Figure 8.8 DNSMOS, SIR gain and SNR gain values for MWF-AC for green noise 

 

 

Figure 8.9 DNSMOS, SIR gain and SNR gain values for MWF-AS for green noise 
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8.1.5 Hoth noise 

 

Figure 8.10 DNSMOS, SIR gain and SNR gain values for MWF-AC for Hoth noise 

 

 

Figure 8.11 DNSMOS, SIR gain and SNR gain values for MWF-AS for Hoth noise 
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From the figures, it can be seen that with white, red, pink, green, and Hoth noise, the MWF shows 

similar trends. With continuous adaptation, the MWF holds steady performance for all the input 

SNRs as well as d values. In the case of MWF-AS, the performance falls once the adaptation is 

stopped after 36 seconds, regardless of the input SNR or head movement. This fall in metrics, 

especially perceptual quality, is further exacerbated by the increase in noise power. MWF 

adaptation is thus found to be imperative for good performance. 

8.2 Comparison of MWF with direct mic signals mixing 

In order to see if it is computationally worth to have MWF rather than direct mixing, we compare 

the performance when: 

• MWF continuously adapts (MWF-AC) 

• MWF stops adapting after 36 seconds (MWF-AS) 

• No MWF (direct mic signal mixing) (MicSum). 

To evaluate the performance, different noises with input SNRs 10db, 5dB and 1dB are used. 

DNSMOS-signal and DNSMOS-noise scores are plotted in the figures to visualise how the 

performance changes with different setups. For simulating the head movement, the value of d is 

changed from 0.6m to 0.5m, i.e., a 0.1 m displacement is made during the time segment 36-52 

seconds. Experiments were carried out with d=0.45m as well, and the DNSMOS values were close 

to the ones with d=0.5m.  The input SNR is calculated during 20-28 seconds for the driver and 28-

36 seconds for the passenger, because these are the time durations when the driver and passenger 

are speaking, respectively. 

The following figures compare the performances for the 3 mentioned cases with a head 

displacement of 0.1m (d=0.5m) for each type of noise.  

8.2.1 White noise 

When there is adaptation (MWF-AC), the signal and noise DNSMOS values for all 3 input SNRs 

are higher than for the sum of mic signals method. For 10dB input SNR, the signal score for MWF-

AS is comparable to MicSum, but the noise score is better with MWF-AS, even though there is no 

adaptation. As the input SNR decreases, there is a stronger effect of noise on the performance, as 

the noise and signal scores fall when adaptation is stopped. For 5dB input SNR, it might better to 

directly mix the signal than have an MWF if there is no continuous adaptation (MWF-AS).   
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Figure 8.12 DNSMOS values for MWF-AC, MWF-AS, and MicSum for white noise 

 

8.2.2 Red noise 

For red noise with an input SNR of 10dB, the signal and noise scores slightly fall for MWF-AS 

during the head movement as compared to MWF-AC and is able to pick up after the head moves 

back to the original position. Even when the input SNR is 5dB and 1dB, and the signal and noise 

scores for MWF-AS fall considerably after the adaptation is stopped, it is still better than MicSum. 

This indicates that for red noise, the MWF outperforms MicSum regardless of adaptation.  

8.2.3 Pink noise 

For pink noise, irrespective of the input SNR, the signal and noise scores for MWF-AS is higher 

than for MicSum, and MWF-AC is has higher scores than both. This shows that MWF makes a 

difference in the performance in the presence of pink noise and continuous adaptation is required 

for steady performance. 
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Figure 8.13 DNSMOS values for MWF-AC, MWF-AS, and MicSum for red noise 

 

Figure 8.14  DNSMOS values for MWF-AC, MWF-AS, and MicSum for pink noise 

 

8.2.4 Green noise 

For green noise with input SNR 10dB, the signal score for MicSum is better than MWF-AS, even 

when there is head movement, but the noise score is lower. With higher noise power, the 
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performance of MicSum and MWF-AS get closer but is much poorer than MWF-AC. This shows 

that not only MWF, but continuous adaptation is also required with MWF for good performance 

with green noise. 

 

Figure 8.15 DNSMOS values for MWF-AC, MWF-AS, and MicSum for green noise 

 

8.2.5 Hoth noise 

The performance of the 3 setups with Hoth noise is shown in the Figure 8.18. In every case, it can 

be seen that the presence of MWF increases the performance considerably. Furthermore, for good, 

steady performance, continuous adaptation is required. MWF-AC easily outperforms the other 

methods at any noise level. This is significant since Hoth noise gives a type of noise that is 

generally present in communication systems. 

8.3 Discussion  

In summary, considering the performance of MWF for different types of noise, we can say that 

introducing an MWF with continuous adaptation in the presence of two microphones (each 

dedicated to driver and passenger) improves the speech quality compared to direct mixing of 

signals. The extra processing required for the MWF filters may be justified since it allows to use 

a single AEC module afterwards. There are other benefits, such as having access to individual 
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extracted driver and passenger signals if interference cancellation (source separation) is to be 

performed.  
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Chapter 9 Conclusion and Future work 

9.1 Conclusion 

In this thesis, the simple mixing (adding) and switching methods to combine two microphone 

signals into a single signal were first investigated, which showed drawbacks such as, the notch 

filtering effects and increased noise in the mixed/added signal, and decreased AEC performance 

when switching two microphone signals before a single AEC. To resolve these issues, we 

investigated the use adaptive MWF filters to extract separate driver and passenger signals without 

multi-path propagation effects before mixing them, thereby reducing notch filtering effects and 

minimizing background noise. The effect of head movements of driver/passenger was also 

investigated. 

The MWF method proved effective in a simulated car environment, where each front microphone 

is mostly dedicated to a front seat speaker, which makes the task of estimating the signal 

correlations easier (i.e., it becomes easier to detect when each source is active and to estimate the 

related correlations). The MWF method successfully removed notch filtering effects, particularly 

with larger frame sizes. Through multichannel linear filtering, which is nearly LTI, the MWF 

effectively reduced background noise with minimal distortion (unlike single channel speech 

enhancement methods, which introduce more distortion). Since the number of simultaneously 

active acoustic sources (talkers or loudspeakers) that MWF filters can extract is limited by the 

number of microphones, MWFs can be disabled when signals are played through the loudspeaker 

signals, or, alternatively and at higher cost, AEC could be performed on each microphone signal 

to remove loudspeaker signal components, before the remaining driver and passenger source 

signals are processed by the MWFs. The MWF filters can perform driver and passenger speech 

extraction whether only one of them is talking or whether they are talking simultaneously. In the 

latter case, since the MWF extracts the speech sources before mixing them, it can also be used for 

interference cancellation (i.e., extracting one speech source and cancelling the competing 

talker(s)).  

Talker movements can potentially impact MWF performance, but in such cases the MWF has 

shown to adapt quickly without divergence. The performance of MWF filtering can also be limited 

by highly non-stationary background noise such as wind noise, with time-varying spectra and time-

varying signal level imbalance between microphones.  
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9.2 Future work 

Wind noise is one of the unpredictable, level-imbalanced time-varying noises that pose a challenge 

to noise reduction in certain high-noise environments. Since MWF depends heavily on the 

computed statistics of the signal, its performance can deteriorate in such situations. A possible 

approach to solve this would be using deep learning with an ample amount of recorded wind noise 

to train the noise suppressor. 

It is essential to validate the proposed approach in real-world automotive environments. This 

includes conducting experiments within actual vehicle cabins with real time audio sources to 

account for the complex and variable acoustic conditions present in practical scenarios. 

Additionally, system performance has to be evaluated under varying driving conditions, such as 

different vehicle speeds and accompanying noise levels, including road, wind, and engine noise.  

The different components of the speech/audio processing pipeline in cars, such as acoustic echo 

canceller (AEC), acoustic echo suppressor (AES), noise suppression (NS), and the proposed 

multichannel Wiener filters rely mostly on traditional filtering or noise suppression. Some 

approaches have been proposed to replace them fully with deep learning methods that have the 

potential to cope better with non-linearities and non-stationarities (e.g. if a model is already trained 

to be robust to different types of environments and signal statistics). This includes the so-called 

end-to-end (E2E) methods [43]. Other methods have been proposed based on hybrid approaches, 

where the machine learning part is dedicated to performing some specific tasks in traditional signal 

processing. For example, in AEC some methods have been proposed to take care of the control 

unit and step size adjustment. For beamforming (or equivalently, MWF), some methods have been 

proposed to perform the estimation of the noise covariance matrix, etc. The hybrid approach is 

likely to lead to methods that have lower complexity and can be applied in the near future. 
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Appendix A: Data Tables 

A.1 Regularization factor and forgetting factor for the MWF filters 

This section covers the data tables used to find the appropriate regularization factor 𝛿 and 

forgetting factor 𝜆 for the MWF filters. 

Each table is for a different type of noise. It goes through the different values of frame size, 𝜆 and 

𝛿 , as defined before. In the case of Hoth noise, the 𝛿 values are fixed at 100.0 for frequencies less 

than 312.5 Hz and 1.0 for higher frequencies.  

Table A.1 Effect of 𝛿 and 𝜆 values for white noise 
Frame 

size 

𝜹 𝝀 SIR gain 

driver 

SIR gain 

passenger 

SNR gain 

driver  

SNR gain 

passenger 

DNSMOS 

overall 

DNSMOS 

signal 

DNSMOS 

noise 

0.008 1 0.96 14.4 16.85 9.16 9.17 2.68 3.58 3.07 

0.008 0.01 0.984 16.52 17.74 6.34 6.59 2.63 3.61 2.85 

0.008 0.1 0.984 15.24 17.16 7.09 7.28 2.68 3.63 2.93 

0.008 1 0.984 11.42 14.07 8.56 8.66 2.73 3.62 3.11 

0.008 0.01 0.9886 15.86 17.07 6.07 6.36 2.61 3.60 2.81 

0.008 0.1 0.9886 14.49 16.26 6.76 7.00 2.67 3.63 2.91 

0.008 1 0.9886 10.56 12.82 8.19 8.34 2.73 3.63 3.11 

0.008 0.01 0.9911 15.33 16.5 5.87 6.18 2.59 3.60 2.8 

0.008 0.1 0.9911 13.86 15.45 6.51 6.78 2.66 3.63 2.9 

0.008 1 0.9911 9.83 11.65 7.86 8.09 2.72 3.63 3.1 

0.024 1 0.9657 11.87 13.64 8.41 8.61 2.68 3.64 3.01 

0.024 0.1 0.9733 16.3 17.61 6.6 6.86 2.58 3.63 2.75 

0.024 1 0.9733 11.12 12.61 8.15 8.43 2.68 3.63 3.02 

0.024 0.1 0.976 16.08 17.41 6.58 6.85 2.58 3.62 2.75 

0.024 1 0.976 10.77 12.11 8.03 8.34 2.72 3.64 3.07 

0.024 0.01 0.984 18.46 19.42 5.49 5.72 2.53 3.61 2.65 

0.024 0.1 0.984 15.03 16.24 6.21 6.50 2.57 3.61 2.75 

0.024 1 0.984 9.25 10.06 7.48 7.90 2.72 3.62 3.08 

0.024 0.01 0.988 17.95 18.89 5.28 5.49 2.50 3.60 2.6 

0.024 0.1 0.988 14.27 15.35 5.92 6.21 2.57 3.61 2.75 

0.024 1 0.988 8.12 8.68 7.04 7.53 2.72 3.61 3.09 

0.04 1 0.9733 9.54 10.04 7.44 7.95 2.65 3.57 3.05 

0.04 1 0.98 8.48 8.86 7.09 7.62 2.66 3.58 3.01 

0.064 1 0.9744 7.72 7.81 6.12 7.2 2.55 3.50 2.9 

0.064 1 0.9872 5.66 5.82 5.64 6.30 2.72 3.60 3.09 

0.08 1 0.984 5.67 5.72 5.59 6.31 2.6 3.53 2.99 
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Table A.2 Effect of 𝛿 and 𝜆 values for red noise 
Frame 

size 

𝜹 𝝀 SIR gain 

driver 

SIR gain 

passenger 

SNR gain 

driver  

SNR gain 

passenger 

DNSMOS 

overall 

DNSMOS 

signal 

DNSMOS 

noise 

0.008 0.01 0.96 18.09 18.92 3.93 4.19 2.56 3.53 2.81 

0.008 0.1 0.96 17.26 18.66 4.72 5.13 2.65 3.55 2.97 

0.008 1 0.96 14.59 16.8 6.27 7 2.71 3.44 3.29 

0.008 0.01 0.984 16.13 17.39 3.50 3.89 2.52 3.53 2.70 

0.008 0.1 0.984 14.83 16.68 4.31 4.83 2.57 3.55 2.82 

0.008 1 0.984 11.43 13.94 5.89 6.77 2.77 3.45 3.35 

0.008 0.01 0.9886 15.52 16.74 3.38 3.75 2.54 3.54 2.74 

0.008 0.1 0.9886 14.10 15.79 4.18 4.66 2.59 3.54 2.85 

0.008 1 0.9886 10.52 12.66 5.77 6.57 2.79 3.47 3.36 

0.024 1 0.9657 11.95 13.57 8.48 8.85 2.59 3.40 3.12 

0.024 0.1 0.9733 16.31 17.45 6.14 6.34 2.67 3.57 2.98 

0.024 1 0.9733 11.17 12.52 8.46 8.88 2.62 3.42 3.14 

0.024 0.01 0.976 19.56 20.19 4.57 4.70 2.48 3.49 2.69 

0.024 0.1 0.976 16.07 17.23 6.17 6.36 2.64 3.56 2.93 

0.024 1 0.976 10.80 12.02 8.43 8.85 2.59 3.39 3.12 

0.024 0.01 0.984 18.94 19.9 4.62 4.77 2.45 3.46 2.64 

0.024 0.1 0.984 15.03 16.11 5.98 6.19 2.54 3.51 2.8 

0.024 1 0.984 9.25 9.96 8.20 8.62 2.48 3.30 2.97 

0.024 0.01 0.988 18.45 19.37 4.49 4.64 2.44 3.43 2.65 

0.024 0.1 0.988 14.27 15.23 5.75 5.96 2.5 3.45 2.77 

0.024 1 0.988 8.10 8.59 7.93 8.36 2.38 3.24 2.83 

0.064 1 0.9744 7.79 7.76 0.05 3.69 2.10 2.92 2.51 

0.064 1 0.9872 5.64 5.78 7.11 7.54 2.05 2.87 2.43 

0.08 1 0.984 5.69 5.73 6.06 6.75 2.63 3.54 2.85 
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Table A.3 Effect of 𝛿 and 𝜆 values for pink noise 
Frame 

size 

𝜹 𝝀 SIR gain 

driver 

SIR gain 

passenger 

SNR gain 

driver  

SNR gain 

passenger 

DNSMOS 

overall 

DNSMOS 

signal 

DNSMOS 

noise 

0.008 1 0.96 14.30 17 6.35 6.91 2.63 3.54 3.02 

0.008 0.01 0.984 16.04 17.47 2.83 3.15 2.34 3.46 2.40 

0.008 0.1 0.984 14.72 16.78 3.83 4.22 2.4 3.47 2.51 

0.008 1 0.984 11.3 14.06 5.60 6.21 2.71 3.56 3.13 

0.008 0.01 0.9886 15.43 16.82 2.54 2.86 2.30 3.44 2.33 

0.008 0.1 0.9886 14.00 15.89 3.52 3.89 2.36 3.47 2.42 

0.008 1 0.9886 10.43 12.77 5.31 5.88 2.66 3.54 3.09 

0.024 1 0.952 12.59 14.49 6.56 7.2 2.36 3.32 2.65 

0.024 1 0.9657 11.74 13.62 6.74 7.08 2.41 3.35 2.70 

0.024 0.01 0.9733 18.81 19.82 3.22 3.28 2.27 3.40 2.34 

0.024 0.1 0.9733 15.83 17.39 4.53 4.68 2.41 3.51 2.50 

0.024 1 0.9733 10.99 12.58 6.47 6.85 2.44 3.4 2.73 

0.024 0.01 0.976 18.67 19.79 3.17 3.24 2.29 3.43 2.36 

0.024 0.1 0.976 15.67 17.15 4.41 4.57 2.4 3.50 2.50 

0.024 1 0.976 10.64 12.07 6.35 6.73 2.46 3.44 2.76 

0.024 0.01 0.984 18.04 19.28 2.81 2.93 2.28 3.43 2.30 

0.024 0.1 0.984 14.64 15.98 3.92 4.11 2.37 3.48 2.46 

0.024 1 0.984 9.13 10.01 5.81 6.23 2.46 3.44 2.76 

0.024 0.01 0.988 17.54 18.71 2.55 2.67 2.27 3.42 2.31 

0.024 0.1 0.988 13.91 15.08 3.58 3.77 2.35 3.47 2.43 

0.024 1 0.988 8.00 8.63 5.39 5.85 2.36 3.36 2.61 

0.04 1 0.9733 9.4 9.98 5.97 6.47 2.41 3.38 2.70 

0.04 1 0.98 8.34 8.8 5.63 6.12 2.15 3.1 2.32 

0.04 0.1 0.984 13.73 14.98 3.49 3.65 2.27 3.4 2.33 

0.04 1 0.984 7.52 7.9 5.31 5.82 2.14 3.1 2.34 

0.064 0.1 0.9872 12.4 12.76 2.3 2.86 2.05 3.12 2.06 

0.064 1 0.9872 5.57 5.77 4.42 5 2.03 3.03 2.2 

0.08 1 0.984 5.59 5.65 4.38 5.02 2.06 3.05 2.22 
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Table A.4 Effect of 𝛿 and 𝜆 values for green noise 
Frame 

size 

𝜹 𝝀 SIR gain 

driver 

SIR gain 

passenger 

SNR gain 

driver  

SNR gain 

passenger 

DNSMOS 

overall 

DNSMOS 

signal 

DNSMOS 

noise 

0.008 0.01 0.96 18.69 19.38 5.58 5.86 2.4 3.45 2.59 

0.008 0.1 0.96 17.71 19.13 6.48 6.84 2.56 3.51 2.88 

0.008 1 0.96 14.54 17.00 8.05 8.57 2.78 3.59 3.23 

0.008 0.01 0.984 16.54 17.91 4.90 5.72 2.39 3.46 2.57 

0.008 0.1 0.984 15.18 17.19 5.72 6.67 2.54 3.52 2.82 

0.008 1 0.984 11.43 14.08 7.15 8.43 2.67 3.59 3.05 

0.008 0.01 0.9886 15.86 17.23 4.67 5.55 2.37 3.45 2.54 

0.008 0.1 0.9886 14.42 16.28 5.44 6.46 2.48 3.5 2.71 

0.008 1 0.9886 10.55 12.8 6.80 8.18 2.65 3.59 3 

0.024 1 0.952 12.54 12.46 2.84 7.56 2.53 3.48 2.90 

0.024 1 0.9657 11.85 13.59 7.29 8.65 2.66 3.57 3.05 

0.024 0.1 0.9733 16.21 17.67 5.66 6.63 2.43 3.49 2.65 

0.024 1 0.9733 11.09 12.55 7.02 8.43 2.67 3.59 3.05 

0.024 0.01 0.976 19.17 20.17 4.60 5.32 2.23 3.37 2.37 

0.024 0.1 0.976 15.97 17.43 5.57 6.54 2.42 3.49 2.62 

0.024 1 0.976 10.73 12.05 6.89 8.31 2.66 3.59 3.04 

0.024 0.01 0.984 18.45 19.8 4.30 4.96 2.22 3.38 2.34 

0.024 0.1 0.984 14.93 16.24 5.12 6.03 2.34 3.47 2.49 

0.024 1 0.984 9.20 109 6.32 7.77 2.6 3.56 2.93 

0.024 0.01 0.988 17.9 19.21 4.00 4.59 2.20 3.36 2.3 

0.024 0.1 0.988 14.18 15.34 4.77 5.59 2.35 3.46 2.53 

0.024 1 0.988 8.07 8.63 5.88 7.32 2.63 3.56 2.95 

0.04 1 0.9733 9.49 9.99 6.36 7.82 2.59 3.53 2.95 

0.04 1 0.98 8.42 8.8 6 7.43 2.56 3.53 2.88 

0.04 0.1 0.984 13.94 15.25 4.52 5.26 2.27 3.42 2.4 

0.04 1 0.984 7.59 7.9 5.66 7.08 2.59 3.54 2.92 

0.064 1 0.9744 7.71 7.74 4.89 6.88 2.41 3.42 2.66 

0.064 1 0.9872 5.6 5.78 4.65 5.96 2.49 3.45 2.86 

0.08 1 0.984 5.66 5.56 4.64 5.95 2.44 3.4 2.78 
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Table A.5 Effect of 𝜆 values for Hoth noise 
Frame 

size 

𝝀 SIR gain 

driver 

SIR gain 

passenger 

SNR gain 

driver  

SNR gain 

passenger 

DNSMOS 

overall 

DNSMOS 

signal 

DNSMOS 

noise 

0.008 0.96 14.53 16.11 7.23 7.56 2.66 3.51 3.11 

0.008 0.984 10.82 13.03 6.34 6.85 2.68 3.56 3.1 

0.024 0.96 12.33 14.22 7.50 8.12 2.44 3.41 2.8 

0.024 0.984 9.20 10.01 6.54 6.93 2.33 3.32 2.62 

0.04 0.984 7.58 7.9 6.09 6.47 1.71 2.52 1.75 

0.064 0.984 6.23 6.36 5.49 5.93 1.48 2.11 1.47 

0.08 0.984 5.97 4.76 5.29 5.52 1.34 1.84 1.34 
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A.2 Performance metrics MWF with different types and levels of noise 

This section includes the data tables containing the performance metrics for the method 

mixing/adding the MWF outputs, with different types and levels of noise. 

Table A.6 Performance metrics at different input SNRs for white noise 

Input 

SNR 

(dB) 

SIR 

gain 

driver 

(dB) 

SIR gain 

passenger 

(dB) 

SNR 

gain 

driver 

(dB) 

SNR gain 

passenger 

(dB) 

DNSMOS: 

signal, noise 

(MWF 

extracted 

signal) 

DNSMOS: 

signal, noise 

(sum of mic 

signals) 

10 7.32 6.84 9.05 9.25 3.61 2.99 3.41 1.89 

7 7.83 7.21 9.74 9.87 3.54 2.82 3.18 1.77 

5 8.28 7.53 10.14 10.21 3.46 2.56 2.94 1.64 

3 8.84 7.93 10.48 10.47 3.38 2.38 1.44 1.17 

1 9.55 8.41 10.76 10.66 3.22 2.15 1.23 1.16 

0 9.96 8.7 10.87 10.73 3.02 1.96 1.22 1.15 

 

Table A.7 Performance metrics at different input SNRs for red noise 

Input 

SNR 

(dB) 

SIR 

gain 

driver 

(dB) 

SIR gain 

passenger 

(dB) 

SNR 

gain 

driver 

(dB) 

SNR gain 

passenger 

(dB) 

DNSMOS: 

signal, noise 

(MWF 

extracted 

signal) 

DNSMOS: 

signal, noise 

(sum of mic 

signals) 

10 7.02 6.60 4.9 5.21 3.42 3.10 2.99 1.86 

7 7.48 6.77 5.42 5.73 3.5 2.98 1.43 1.19 

5 7.91 6.96 5.78 6.11 3.48 2.8 1.22 1.17 

3 8.47 7.26 6.13 6.47 3.23 2.50 1.19 1.17 

1 9.19 7.71 6.45 6.80 3.13 2.41 1.253 1.17 

0 9.62 8.00 6.58 6.94 3.23 2.45 1.19 1.15 

 

Table A.8 Performance metrics at different input SNRs for pink noise 

Input 

SNR 

(dB) 

SIR 

gain 

driver 

(dB) 

SIR gain 

passenger 

(dB) 

SNR 

gain 

driver 

(dB) 

SNR gain 

passenger 

(dB) 

DNSMOS: 

signal, noise 

(MWF 

extracted 

signal) 

DNSMOS: 

signal, noise 

(sum of mic 

signals) 

10 7.27 7.17 5.62 5.46 3.48 2.78 3.11 1.81 

7 7.95 7.84 6.05 5.86 3.42 2.75 2.06 1.39 

5 8.58 8.45 6.36 6.14 3.34 2.58 1.25 1.17 

3 9.34 9.17 6.68 6.4 2.81 1.99 1.19 1.16 

1 10.15 9.88 6.97 6.62 1.68 1.27 1.19 1.14 

0 10.52 10.18 7.11 6.7 1.38 1.17 1.18 1.12 
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Table A.9 Performance metrics at different input SNRs for green noise 

Input 

SNR 

(dB) 

SIR 

gain 

driver 

(dB) 

SIR gain 

passenger 

(dB) 

SNR 

gain 

driver 

(dB) 

SNR gain 

passenger 

    (dB) 

DNSMOS: 

signal, noise 

(MWF 

extracted 

signal) 

DNSMOS: 

signal, noise 

(sum of mic 

signals) 

10 7.95 7.76 8.06 7.85 3.58 3.19 3.37 2.2 

7 8.68 8.35 8.59 8.33 3.42 2.83 2.63 1.67 

5 9.31 8.82 8.92 8.64 3.33 2.62 1.89 1.36 

3 10.07 9.38 9.23 8.92 3.15 2.3 1.59 1.26 

1 10.99 10.06 9.51 9.18 2.75 1.93 1.22 1.12 

0 11.48 10.46 9.63 9.29 2.48 1.73 1.20 1.12 

 

Table A.10 Performance metrics at different input SNRs for hoth noise 

Input 

SNR 

(dB) 

SIR 

gain 

driver 

(dB) 

SIR gain 

passenger 

(dB) 

SNR 

gain 

driver 

(dB) 

SNR gain 

passenger 

(dB) 

DNSMOS: 

signal, noise 

(MWF 

extracted 

signal) 

DNSMOS: 

signal, noise 

(sum of mic 

signals) 

10 5.83 6.27 6.20 5.88 3.48 3.05 2.71 1.69 

7 6.60 7.33 6.67 6.29 2.93 2.3 1.28 1.18 

5 7.36 8.33 7.04 6.61 2.82 2.18 1.19 1.16 

3 8.38 9.511 7.45 6.96 2.6 1.97 1.18 1.15 

1 9.7 10.58 7.87 7.31 2.42 1.79 1.18 1.13 

0 10.42 10.86 8.08 7.47 2.12 1.58 1.18 1.13 

 

Table A.11 Performance metrics at different input SNRs for wind noise 

Input 

SNR 

(dB) 

SIR 

gain 

driver 

(dB) 

SIR gain 

passenger 

(dB) 

SNR 

gain 

driver 

(dB) 

SNR gain 

passenger 

(dB) 

DNSMOS: 

signal, noise 

(MWF 

extracted 

signal) 

DNSMOS: 

signal, noise 

(sum of mic 

signals) 

10 6.53 6.48 2.06 5.19 3.39 3.66 3.53 3.48 

7 6.62 6.44 1.96 5.2 3.30 3.52 3.54 2.90 

5 6.68 6.39 1.87 5.13 3.25 3.24 3.53 2.75 

3 6.74 6.31 1.77 4.98 3.25 3.040 3.53 2.62 

1 6.79 6.20 1.64 4.76 3.27 2.91 3.4 2.43 

0 6.81 6.15 1.57 4.61 3.27 2.89 3.32 2.30 
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A.3 SIR gain and SNR gain values during head movement 

This section gives the data tables for SIR gain and SNR gain values during head movement, for 

both continuous MWF adaptation as well as paused MWF adaptation. 

Table A.12 SIR gain, SNR gain values for white noise with head movement and continuous 

adaptation 

 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 6.92 9.13 6.8 9.13 6.90 9.21 6.81 9.19 7.82 9.2 6.25 9.23 

0.45 10 6.92 9.13 6.8 9.13 6.94 9.22 7.02 9.18 8.37 9.19 6.25 9.23 

0.5 5 7.68 10.14 7.44 10.25 7.47 10.35 7.36 10.38 8.61 10.24 6.43 10.35 

0.45 5 7.68 10.14 7.44 10.25 7.50 10.33 7.54 10.36 9.17 10.24 6.43 10.35 

0.5 1 8.82 10.70 8.2 10.89 8.25 10.9752 8.05 11.05 9.74 10.81 6.74 10.99 

0.45 1 8.82 10.70 8.2 10.89 8.28 10.96 8.22 11.04 10.26 10.81 6.74 10.99 

 

Table A.13 SIR gain, SNR gain values for white noise with head movement and paused 

adaptation 

 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 6.92 9.13 6.8 9.13 2.23 6.65 2.65 7.17 2.33 6.73 3.07 7.2 

0.45 10 6.92 9.13 6.8 9.13 2.10 6.52 2.41 7.17 2.33 6.73 3.07 7.2 

0.5 5 7.68 10.14 7.44 10.25 2.26 6.96 3.01 8.1 2.33 6.7 3.23 8.11 

0.45 5 7.68 10.14 7.44 10.25 2.14 6.84 2.92 8.1 2.33 7 3.23 8.11 

0.5 1 8.82 10.70 8.2 10.89 2.02 6.24 3.15 8.00 2.08 6.27 3.13 7.99 

0.45 1 8.82 10.70 8.2 10.89 1.89 6.12 3.22 8.00 2.08 6.27 3.13 7.99 
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Table A.14 SIR gain, SNR gain values for red noise with head movement and continuous 

adaptation 
 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 6.53 4 6.84 5.38 6.72 4.05 6.37 6.47 7.8 4.46 6.51 6.63 

0.45 10 6.53 4 6.84 5.38 6.75 4.00 6.6 6.45 8.25 4.46 6.51 6.63 

0.5 5 6.99 4.33 7.47 5.52 7.01 4.53 6.76 7.46 8.49 4.93 6.8 7.71 

0.45 5 6.99 4.33 7.47 5.52 7.02 4.48 6.92 7.45 8.89 4.93 6.8 7.71 

0.5 1 7.69 4.45 8.19 5.1 7.30 4.8 7.48 7.97 9.41 5.18 7.2 8.33 

0.45 1 7.69 4.45 8.19 5.1 7.3 4.75 7.55 7.96 9.73 5.18 7.2 8.33 

 

 

Table A.15 SIR gain, SNR gain values for red noise with head movement and paused adaptation 
 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 6.53 4 6.84 5.38 1.01 1.61 0.8 3.15 1.34 1.81 1.46 3.13 

0.45 10 6.53 4 6.84 5.38 0.73 1.32 0.38 3.15 1.34 1.81 1.46 3.13 

0.5 5 6.99 4.33 7.47 5.52 0.12 0.70 -0.01 0.90 0.53 0.94 0.69 0.98 

0.45 5 6.99 4.33 7.47 5.52 -0.28 0.29 -0.43 0.90 0.53 0.94 0.69 0.98 

0.5 1 7.69 4.45 8.19 5.1 -0.74 -0.77 -0.57 -1.67 -0.29 -0.52 0.13 -1.55 

0.45 1 7.69 4.45 8.19 5.1 -1.25 -1.28 -0.98 -1.67 -0.29 -0.52 0.13 -1.55 
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Table A.16 SIR gain, SNR gain values for pink noise with head movement and continuous 

adaptation 

 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 7.78 5.67 6.77 5.60 7.62 5.54 6.96 5.58 8.10 5.56 7.65 5.53 

0.45 10 7.78 5.67 6.77 5.60 7.65 5.52 7.11 5.56 8.63 5.56 7.65 5.53 

0.5 5 9.32 6.45 7.60 6.3 8.79 6.35 8.1 6.34 9.81 6.31 9.52 6.21 

0.45 5 9.32 6.45 7.60 6.3 8.81 6.33 8.194 6.33 10.36 6.31 9.52 6.21 

0.5 1 10.64 7.06 8.35 6.86 9.72 7.01 9.58 6.95 12.40 6.93 12.21 6.75 

0.45 1 10.64 7.06 8.35 6.86 9.71 6.99 9.38 6.94 12.95 6.93 12.21 6.75 

  

Table A.17 SIR gain, SNR gain values for pink noise with head movement and paused 

adaptation 
 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 7.78 5.67 6.77 5.60 0.65 2.41 1.72 3.38 1.03 2.75 2.32 3.4 

0.45 10 7.78 5.67 6.77 5.60 0.33 2.1 1.37 3.38 1.03 2.75 2.32 3.4 

0.5 5 9.32 6.45 7.60 6.3 -0.95 1.83 1.12 3.42 -0.25 2.43 1.8 3.42 

0.45 5 9.32 6.45 7.60 6.3 -1.5 1.29 0.72 3.42 -0.25 2.43 1.8 3.42 

0.5 1 10.64 7.06 8.35 6.86 -2.6 0.41 0.22 2.24 -1.56 1.28 0.88 2.21 

0.45 1 10.64 7.06 8.35 6.86 -3.38 -0.37 -0.27 2.24 -1.56 1.28 0.88 2.21 
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Table A.18 SIR gain, SNR gain values for green noise with head movement and continuous 

adaptation 
 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d Input 

SNR  SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5  10 7.54 7.88 7.89 8.00 7.41 7.74 7.22 7.83 8.66 7.91 7.52 7.98 

0.45  10 7.54 7.88 7.89 8.00 7.43 7.73 7.43 7.81 9.17 7.91 7.52 7.98 

0.5  5 8.60 8.67 8.70 8.81 7.92 8.58 8.16 8.58 9.89 8.74 8.35 8.75 

0.45  5 8.60 8.67 8.70 8.81 7.94 8.57 8.40 8.56 10.387 8.74 8.35 8.75 

0.5  1 9.86 9.21 9.43 9.33 8.47 9.18 9.33 9.02 10.76 9.32 8.9 9.22 

0.45  1 9.86 9.21 9.43 9.33 8.48 9.19 9.71 9.00 11.17 9.32 8.9 9.22 

 

Table A.19 SIR gain, SNR gain values for green noise with head movement and paused 

adaptation 

 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d 
Input 

SNR 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5 10 7.54 7.88 7.89 8.00 2.39 5.65 2.32 5.81 2.66 5.96 3.2 5.83 

0.45 10 7.54 7.88 7.89 8.00 2.26 5.52 2.14 5.81 2.66 5.96 3.2 5.83 

0.5 5 8.60 8.67 8.70 8.81 1.92 5.44 2.33 5.27 2.21 5.77 3.11 5.33 

0.45 5 8.60 8.67 8.70 8.81 1.79 5.31 2.26 5.27 2.21 5.77 3.11 5.33 

0.5 1 9.86 9.21 9.43 9.33 0.85 4.03 2.37 3.95 1.09 4.31 2.76 4.04 

0.45 1 9.86 9.21 9.43 9.33 0.72 3.9 2.53 3.95 1.09 4.31 2.76 4.04 
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Table A.20 SIR gain, SNR gain values for Hoth noise with head movement and continuous 

adaptation 
 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d Input 

SNR  SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5  10 4.9 5.99 5.70 6.16 4.93 5.92 5.33 5.95 6.28 6.1 4.85 6.18 

0.45  10 4.9 5.98 5.70 6.16 4.8 5.85 5.51 5.92 6.76 6.1 4.85 6.18 

0.5  5 5.62 6.62 7.1 6.96 5.42 6.67 7.09 6.73 7.40 6.82 5.29 7.02 

0.45  5 5.62 6.62 7.1 6.96 5.31 6.60 7.34 6.71 7.83 6.82 5.29 7.02 

0.5  1 6.69 7.24 8.8 7.69 5.86 7.37 9.58 7.47 8.76 7.51 5.74 7.8 

0.45  1 6.69 7.24 8.8 7.69 5.73 7.31 9.85 7.45 9.09 7.51 5.74 7.8 

 

Table A.21 SIR gain, SNR gain values for Hoth noise with head movement and paused 

adaptation 
 20-28 sec 28-36 sec 36-44 sec 44-52 sec 52-60 sec 60-68 sec 

d Input 

SNR  SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

SIR 

gain 

driver 

SNR 

gain 

driver 

SIR 

gain 

passeng

er 

SNR 

gain 

passeng

er 

0.5  10 4.9 5.99 5.70 6.16 -1.21 2.79 -0.1 3.19 -0.55 3.54 0.73 3.27 

0.45  10 4.9 5.98 5.70 6.16 -1.84 2.17 -0.51 3.19 -0.55 3.54 0.73 3.27 

0.5  5 5.62 6.62 7.1 6.96 -1.90 3.35 0.08 3.33 -1.32 4.02 0.41 3.43 

0.45  5 5.62 6.62 7.1 6.96 -2.57 2.68 -0.04 3.33 -1.32 4.02 0.41 3.43 

0.5  1 6.69 7.24 8.8 7.69 -2.58 3.60 0.15 2.64 -2.21 4.07 -0.11 2.75 

0.45  1 6.69 7.24 8.8 7.69 -3.20 2.99 0.27 2.64 -2.21 4.07 -0.11 2.7 

 


