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ABSTRACT 

 

 

 Supervising Professor:  Dr. Nasser Kehtarnavaz 

 

 

 

 

This thesis presents a real-time Simulink implementation of a noise adaptive speech processing 

pipeline for cochlear implants that was developed in a previous work. After providing an overview 

of each component or module in the pipeline, it is described how each module is implemented in 

Simulink so that the input audio frames are processed in real-time. This Simulink implementation 

allows the same code to be run on different hardware boards that are supported by Simulink. The 

performance of this implemented pipeline is evaluated in terms of five objective measures of 

speech quality. The results obtained indicate the effectiveness of suppressing noise in this speech 

processing pipeline when using the implemented automatic mechanism to identify the noise 

environment.  This thesis also presents a low-latency smartphone app to achieve real-time noise 

reduction of speech signals in noisy sound environments.
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CHAPTER 1 

INTRODUCTION 

Cochlear implants have restored hearing in more than 300,000 people around the world who are 

partially or completely deaf due to damage to their cochlea.  Studies have shown that hearing 

through a cochlear implant differs from normal hearing and the implant recipients need time to 

perceive signal pulses received by implanted electrodes as sound. Cochlear implants consist of two 

units: a speech processor unit that sits outside the ear similar to a hearing aid and a receiver unit in 

the head that provides stimulated pulses to the implanted electrode array in the cochlea. The speech 

processor performs the decomposition of sound signals into frequency bands based on which 

pulses, corresponding to a specific electrode location in the cochlea, are generated. Studies have 

shown that the perception of speech is heavily impacted when noise is present in the sound 

environment. 

In this thesis, a real-time Simulink implementation of a previously developed noise adaptive 

speech processing pipeline is carried out. Three commonly encountered noise environments are 

considered for changing the parameters of the noise reduction algorithm of the pipeline. This 

implementation runs in real-time with no user intervention to select the noise environment. The 

motivation behind this Simulink implementation is the utilization of the same code on different 

hardware platforms that are supported by Simulink including Raspberry Pi, Arduino, and 

smartphones. This Simulink implementation also enables collection of signals at different stages 

of the pipeline for analysis purposes.  Furthermore, it can be used as a tool to learn about different 

components of the speech processing pipeline in cochlear implants and also for research studies in 

cochlear implants.  
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In addition to the Simulink implementation of the above speech processing pipeline of cochlear 

implants, this thesis presents a noise reduction smartphone app, both Android and iOS versions, 

that addresses the two shortcomings of the previously developed smartphone apps, namely high 

audio i/o latency and presence of musical noise artifact. The latency shortcoming is addressed by 

using the so called Superpowered SDK specifically designed for audio applications on mobile 

devices. The musical noise artifact shortcoming is addressed by using a previously introduced 

postfilter. 

The contributions made in the thesis are provided in two publications that appear as two chapters 

of the thesis. At the time of this writing, one publication has been accepted and the other paper is 

under review. The organization of each publication or chapter consists of an abstract, an 

introduction, the implementation carried out followed by the results and discussion. 

Chapter 2 corresponds to the first publication and covers the real-time Simulink implementation 

of a cochlear implant speech processing pipeline which is noise adaptive. The chapter discusses 

the use of five different objective measures to show the improvement in speech quality when this 

real-time implementation is used.  

Chapter 3 corresponds to the second publication and covers the development of a low latency 

smartphone app to perform noise reduction for noisy speech signals. The chapter shows the steps 

taken to achieve a real-time implementation of the app on both Android and iOS smartphones.   

Finally, Chapter 4 concludes the thesis and provides a summary of the contributions made in the 

thesis. 
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2.1 Introduction 

Cochlear implants are surgically implanted devices that restore hearing sensation in people with 

severe hearing loss. According to the National Institutes of Health [1], more than 300,000 people 

worldwide have been recipients of cochlear implants so far. A cochlear implant consists of two 

parts or units: one part, which looks like a hearing aid, resides outside the body and performs signal 

processing on captured sound signals by a microphone and the other part, which is implanted inside 

the head, receives processed signal pulses from the outside unit and passes them to the implanted 

electrodes in the cochlea.   

Studies have shown that the understanding of speech by cochlear implant users is highly impacted 

due to environmental noises as temporal and spectral characteristics of speech signals get distorted 

by noise signals [2].  

To address the adverse effect of noise on the speech processing pipeline of cochlear implants, a 

noise adaptive speech processing pipeline was previously developed in [3,4]. As depicted in Fig.1, 

this pipeline classifies the background noise environment automatically and adjusts the parameters 

of a noise suppression algorithm according to the classified noise type. The noise classification is 

done using the approach presented in [5, 6]. Basically, the pipeline shown in Fig.1 consists of two 

parallel processing paths. The primary or the top path includes a noise suppression module whose 

parameters are set according to the noise type or class identified by the secondary or the bottom 

noise classification path. This secondary path includes a Voice Activity Detector (VAD) and a 

noise classifier. The VAD is used to determine if a current signal frame contains speech signal or 

pure noise signal as described in [7]. If a frame is detected to be pure noise, the noise classifier is 
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activated to determine the noise type. Then, the noise type is used to adjust the noise suppression 

or reduction parameters in the primary path. 

This chapter presents a real-time Simulink implementation of the noise adaptive speech processing 

pipeline shown in Fig.1. The motivation here for providing a Simulink implementation has been 

to enable the portability of the same code onto different hardware platforms that are supported by 

Simulink, such as Raspberry Pi and Arduino [8]. The Simulink implementation carried out in this 

chapter allows running the same code on different hardware boards as well as smartphones without 

requiring changing the code. Another advantage of the Simulink implementation done in this work 

is that real-time data can be easily logged and stored for analysis purposes. The Simulink 

implementation provided in this chapter can also be used as a teaching tool to learn about the key 

components of the speech processing pipeline in cochlear implants. 

Fig.1 Noise adaptive speech processing pipeline of cochlear implants 
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The chapter is organized as follow. Sections 2.2 and 2.3 provide an overview of the pipeline and 

introduces its various components or modules. Section 2.4 discusses the detailed implementation 

of each component in Simulink. Section 2.5 presents the noise suppression results obtained using 

this Simulink implementation and its real-time processing. Finally, the chapter is concluded in 

Section 2.6. 

 

2.2 Noise Adaptive Speech Processing Pipeline 

In this section, each component of the noise adaptive speech processing pipeline shown in Fig. 1 

is described. The subsections 2.2.1-2.2.4 describes the primary path of the pipeline consisting of 

frame buffering, noise suppression and synthesis.  

 

2.2.1 Primary Path - Frame Buffering 

The input audio signal is captured in frames using a Hamming window to minimize spectral 

leakage. A triple buffering approach is used for processing input frames. An input frame is moved 

Fig. 2 Triple buffering approach 
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to an intermediary buffer for processing and an existing processed frame in the intermediary buffer 

is moved to an output buffer. Fig. 2 depicts an illustration of the triple buffering approach. 

 

2.2.2 Noise Suppression 

Going from left to right in the primary path of the pipeline, the noise suppression component or 

module processes an input frame based on the noise type obtained from the noise classifier and by 

using the Minimum Mean Square Error (MMSE) estimation approach discussed in [9,10]. First an 

estimate of the background noise spectrum is achieved by averaging the spectrum of the first six 

input frames as suggested in [11]. Once this estimate is obtained, the subsequent steps of the noise 

suppression module are enabled.  

Noise suppression is performed using gain functions to map the noisy speech spectrum to an 

estimated clean spectrum according to this equation: 

                                            𝐹(𝑘, 𝑛) = �̃�(𝜉(𝑘, 𝑛), 𝛾(𝑘, 𝑛))𝑋(𝑘, 𝑛)                                                    (1) 

                                                              𝜉(𝑘, 𝑛) =
𝜆𝐹(𝑘,𝑛)

𝜆𝑑(𝑘,𝑛) 
                                                                 (2)

 

                                                              𝛾(𝑘, 𝑛) =
𝑋2(𝑘,𝑛)

𝜆𝑑(𝑘,𝑛) 
                                                                 (3)

 
 

where 𝐹(𝑘, 𝑛) and 𝑋(𝑘, 𝑛) are the estimated clean spectrum and noisy spectrum in the frequency 

bin 𝑘 for the nth input frame, respectively, �̃� denotes the gain function depending on a priori SNR 

 𝜉 and a posteriori SNR  γ, and 𝜆𝐹 denotes the estimation of the clean spectrum and 𝜆𝑑 the 

estimation of the noise spectrum. To compute these SNRs, a decision-directed estimator is used 

for each frame as explained in [10,11] this way:  
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                                𝜉(𝑘, 𝑛) = max [𝛼
𝐹2(𝑘,𝑛−1)

𝜆𝑑(𝑘,𝑛)
+ (1 − 𝛼)[𝛾(𝑘, 𝑛) − 1], 𝜉𝑚𝑖𝑛]                              (4) 

where 𝛼 is a weight factor near one e.g. 𝛼 = 0.98 and 𝜉𝑚𝑖𝑛 is a preset low bound of 𝜉(𝑘, 𝑛). In 

this chapter, the estimator and noise tracking discussed in [12] are utilized. 

According to the estimated priori and posteriori SNRs, the spectrum of the clean signal is estimated 

from the noisy signal based on an assumed probability density function and the optimization of an 

objective function. In this chapter similar to [3], a data-driven approach is used to compute 𝐹(𝑘, 𝑛). 

 

2.2.3 Data-Driven Gain Computation 

In the data-driven approach, the aim is to find the gain �̃�(𝜉(𝑘, 𝑛), γ(𝑘, 𝑛)) so that by applying it 

to the noisy signal, the estimated clean signal gets close to the clean signal. To do this, during a 

training phase, a distortion measure 𝐷 between the clean and the estimated clean signals for (𝜉, γ) 

pairs is minimized, that is: 

                                                      �̃�𝑖,𝑗 = 𝑎𝑟𝑔 min
𝐺𝑖,𝑗

𝐷                                                                     (5)  

where �̃�  = {�̃�𝑖𝑗, i = 1, … , 𝐼, j = 1, … , 𝐽} represent a look-up table discretized over a grid of a 

priori and a posteriori SNRs. The table provides the gain corresponding to the closest values of 𝜉  

and  𝛾 to a grid point.  

 

In this work, similar to [3], the table is devised to provide the gains for the pair (𝜉, γ) covering the 

SNR range from (-19dB, -30dB) to (40dB, 40dB) in steps of 1dB, making the gain table of 

dimensions 60 × 71. The gains in the table are obtained by minimizing the distortion between the 

clean and enhanced signals as described in [13] using a dataset of 50 IEEE sentences. Three tables 

are considered here for the three noise types of babble, machinery, and traffic.  
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2.2.4 Synthesis 

In the final module in the primary path, a synthesis process is conducted to generate pulses for 

driving the implanted electrodes. The Continuous Interleaved Sampling (CIS) method [11] is used 

here for synthesis as it does not cause interference issues in the electrodes. The CIS method 

optimizes namely three parameters for each user: pulse rate, stimulation order and compression 

function. Pulse rate is measured in pulses per second (pps). Stimulation order is organized in an 

apex order that stimulates the low frequency electrodes first and then the high frequency 

electrodes. The compression function converts acoustical amplitudes to electrical amplitudes. 

More extensive explanation of synthesis is mentioned in [14]. 

 

2.3 Secondary Path  

This section describes the secondary path of the pipeline consisting of feature extraction, VAD, 

and noise classification. 

2.3.1 Feature Extraction 

The captured sound signal captured by the input frame buffer is passed onto the feature extraction 

module. Frames are considered to be of duration 10.66ms, with 50% overlap between consecutive 

frames. This duration is considered as it corresponds to the preferred sampling frequency fs of 

48kHz and the preferred frame size of 512 samples in many smartphones.   

The features are computed in the frequency domain. These features include band-periodicity and 

band-entropy subband features. The other features computed are Spectrum Flux (SF), Short-Time 

Energy Deviation (STED) and Subband Power Spectral Deviation (SPSD). In [7], these features 
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were shown to be both computationally efficient and effective. The feature vector consisting of the 

above feature components for a sound frame at time t is computed over the time duration [t-T, t]. 

 

Band-periodicity features - The band-periodicity features capture periodicity in subbands. 

Subbands correspond to the frequency range [0, fs/2] divided by the number of bands B. The 

periodicity value in a subband is characterized by the maximum value of normalized correlation 

values 𝜌𝑏,𝑛 in a subband b between the nth frame and its adjacent frame, that is 

  

                                                     𝐵𝑃𝑏 =
1

𝑁
 ∑ 𝜌𝑏,𝑛

𝑁
𝑛=1  , 𝑏 = 1, … , 𝐵                                                 (6) 

 

where N denotes the number of frames over duration [t-T, t].  

 

Band-entropy features - The band-entropy features are computed similar to the band periodicity 

features by replacing the normalized correlation values with entropy as noted below  

 

                                                   𝐵𝐸𝑏 =  
1

𝑁
∑ 𝐻𝑏,𝑛

𝑁
𝑛=1 , 𝑏 = 1, … , 𝐵                                                   (7) 

 

where 𝐻𝑏,𝑛denotes the entropy of the nth frame in the bth band.  

 

Short Time Energy Deviation (STED) feature - In general, there is a difference in the energy level 

of frames containing speech compared to frames containing silence or pure noise signals. The 

STED feature is computed for the frequency bands as follows:  
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                                                      𝑆𝑇𝐸𝐷𝑏 =  
𝜇𝑏−𝐸𝑚𝑖𝑛,𝑏

𝜇𝑏
  , 𝑏 = 1, … , 𝐵                                                (8) 

where 𝜇𝑏 and 𝐸𝑚𝑖𝑛,𝑏 are the average and minimum energy over N frames. The STED feature for 

the first band was found to be the most effective in [7]. 

 

Spectrum Flux (SF) feature - The Spectrum Flux feature provides discrimination between speech 

and noise. It is computed based on the average variation in the spectrum of two adjacent frames as 

follows [7]: 

                                          𝑆𝐹 =  
1

𝑁×𝐾
∑ [log 𝐹(𝑛, 𝑘) − log 𝐹(𝑛 − 1, 𝑘)]2𝐾

𝑘=1                                    (9) 

where 𝐹(𝑛, 𝑘) denotes the spectrum of the nth  frame at frequency k, and K denotes the length of 

the FFT.  

Subband Power Spectral Deviation (SPSD) feature - In [7], it was shown that the average power 

spectral density is significantly different between the first two bands over a long signal duration. 

The SPSD feature helps to determine the frequency regions of the spectrum most affected by the 

noise environment and is computed as follows: 

                                        𝑆𝑃𝑆𝐷𝑏 =  
1

(𝐾/𝐵)
(∑ 𝜓𝑏+1(𝑘)𝑈𝑏+1

𝑘=𝐿𝑏+1
−  ∑ 𝜓𝑏(𝑘)𝑈𝑏

𝑘=𝐿𝑏
)                              (10) 

 

                                                   𝜓𝑏 = 10 𝑙𝑜𝑔10 ∑ 𝑃𝑏,𝑛
𝑁
𝑛=1 ,   𝑏 = 1. . 𝐵 − 1                                    (11)    

 

where 𝑃𝑏,𝑛 denotes the power spectral density of the frames, 𝜓 is the sum of these densities over 

the time duration [t-T, t], and 𝑈𝑏 and 𝐿𝑏are the upper and lower frequencies of the band b. 
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The features are computed by using B=4 for subband decomposition and duration T=0.5s as 

recommended in [7]. 

 

2.3.2 Voice Activity Detector (VAD) 

Voice Activity Detectors are used to detect the presence or absence of speech. In the pipeline under 

consideration, a VAD is used to activate or deactivate the noise classifier. As discussed in [7], four 

band-periodicity features, the first two band-entropy features, the STED and SPSD features for the 

first band, and the spectrum flux features are fed as the input to a Random Forest (RF) classifier. 

The RF classifier is trained for two classes: speech and noise. As was discussed in [7], an RF 

classifier with ten trees was found to provide a good classification performance.  The VAD output 

toggles the noise classifier on when the frame is detected as noise. The output of VAD remains the 

same until the speech presence is detected. 

 

2.3.3 Noise Classification 

The output of this module depends on the output of the VAD. If the VAD detects the absence of 

speech or the presence of pure noise, the noise classifier is activated to determine the noise type 

out of the following three commonly encountered noise types: machinery (stationary), traffic 

(semi-stationary) or babble (non-stationary). As discussed in [6], the four band-periodicity and 

four band-entropy features are fed to a RF classifier consisting of 10 trees. Depending on the noise 

type, a corresponding lookup table for the gains of the noise suppression module in the primarily 

path is selected. 
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2.4 Real-Time Simulink Implementation 

This section covers a real-time implementation of the above pipeline in Simulink. Initially, the 

pipeline was written in Matlab to verify its functionality. The Matlab codes were then converted 

into Simulink blocks. The DSP Toolbox built into the Simulink library was used in the conversion. 

Noting that the noise estimate, a priori SNR and a posteriori SNR need to be stored in memory due 

to their recursive updates, memory delay blocks were used to update them at each recursion. An 

overview of the Simulink implementation code or model is shown in Fig. 3. 

 

2.4.1 Frame Buffering 

The frame buffering is implemented by capturing the input audio signal into frames of size 

10.66ms at 48kHz sampling frequency with 50% overlap. The frame buffers are windowed using 

a Hamming window to avoid frequency leakage during the signal reconstruction or synthesis. 

Fig. 3 Simulink implementation of the noise adaptive speech processing pipeline 
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Along with the frame buffer, a frame counter is implemented to keep track of the number of input 

frames.  

 

2.4.2 Feature Extraction 

As depicted in Fig. 4, the features are extracted from the input sound frames. The band-entropy 

and band-periodicity, SPSD and STED features are obtained from the subbands while the spectral 

flux feature is obtained for the entire frequency range. 

 

2.4.3 VAD and Noise Classifier 

The use of the RF classifier requires saving a number of large matrices associated with the 

classifier trees. For more efficient implementation, the coding for these trees was done in C and 

included into the Simulink model using the S-function feature of Simulink. The S-function builder 

[15] utilizes the knowledge of the input and output ports provided by the user to create a C code 

shell in which the user can modify the variables as needed. It is then compiled using the so-called 

Fig. 4 Feature extraction block 
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MEX compiler. In the RF implementation here, the VAD input includes a 9-dimensional feature 

vector and the noise classifier an 8-dimensional feature vector. The output of this block is a single 

integer value corresponding to the noise class label.  

 

2.4.4 Noise Suppression 

The noise suppression is divided into two parts: noise and SNRs estimations. The noise estimation 

block computes the squared magnitude spectrum of an input frame and then takes a running 

average. In the implementation done, this block is enabled only for the first six frames as indicated 

by the frame counter. Once the initial noise estimate is made available, the computation proceeds 

to the SNR estimation block. The SNR estimation block is implemented using multiple if-else 

conditional blocks and for-loop blocks that mirror the flow of the Matlab code. Some 

functionalities that are missing in the DSP Toolbox are addressed by using the Matlab function 

block feature of Simulink. As data in a frame pass through the pipeline, the size of the frame 

changes in some instances. To maintain the functionality in such cases, the ‘variable-size signal’ 

option in the Simulink settings is enabled. The effect of the buffer overlap is addressed by a 

reconstruction block via the overlap-add technique. 

 

2.4.5 Gain Selection 

The gain selection involves using the a priori and a posteriori SNR values to access the two-

dimensional gain tables. In these tables, the row indices correspond to the a priori values and the 

column indices to the a posteriori values. Obtaining the gain values for all the corresponding 

frequency bins involves a number of iterations that has an adverse effect on the processing time. 
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To make this process computationally efficient, an S-function block is used to fetch the gain 

values. The a priori and a posteriori SNR arrays and the output of the noise classifier provide the 

input to the SNR block. The gain tables are stored as two-dimensional arrays in this S-function 

block. This block is compiled by using the MEX compiler. The output of the Gain Selection block 

is an array containing the gain values corresponding to the FFT length. 

 

2.4.6 Synthesis 

As depicted in Fig. 5, the implementation of the Continuous Interleaved Sampling (CIS) method 

is achieved by using phase generators that create delay signals in different channels. The un-

buffered enhanced signal is then filtered using a filter bank specifically tuned to the corresponding 

ranges of the electrodes of cochlear implants. The channel separated outputs are modulated using 

a multiplier and the delay signals from the phase generators. 

 

Fig. 5 Continuous Interleaved Sampling (CIS) synthesis block 
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2.4.7 Audio Input-Output 

The speech processing pipeline is designed to run in real-time. On a PC platform, the input and 

output audio frames are handled by the blocks ‘From Audio Device’ and ‘To Audio Device’ from 

the Simulink library. To generate an Android/iOS app from the Simulink model on Android/iOS 

mobile devices, the ‘Simulink Support Package for Android/iOS Devices’ needs to be installed in 

the Simulink environment. This package contains the ‘Audio Capture’ and ‘Audio Playback’ 

blocks needed for the interface. For more details of this interfacing package, interested readers are 

referred to [16-18].  

 

2.5 Experimental Results and Discussion 

This section provides the outcome of five objective measures of speech quality for the Simulink 

implemented pipeline. The Simulink model or code of the entire pipeline can be acquired by 

contacting the authors. The HINT [19] corpus of sentences, which are widely used in audiology 

experiments, were used to compute these objective measures. The duration of these sentences is 

about 2s. The clean sentences were mixed additively with the three noise types of babble, traffic 

and machinery. The noise files used were the ones that were provided in [13]. To generate the 

noisy speech signals, the SNR was varied from 0 dB to 15 dB in steps of 5dB SNR. A frame length 

of 512 samples was considered. This length was fixed to maintain the same output rate used in the 

VAD and the noise classifier.  The classification rates obtained for the VAD and the noise classifier 

are shown in Tables 1 and 2, respectively. As noted in these tables, the overall classification 

accuracy for the VAD and the noise classifier were found to be 99.3% and 93.6%, respectively. 
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Table 1 VAD confusion matrix in percentages (%)  

Class Speech/ 

Speech+Noise 

Noise 

Speech/Speech+Noise 99.2 0.8 

Noise 0.55 99.45 

 

Table 2 Noise classifier confusion matrix in percentages (%) 

Class Babble Machinery Traffic 

Babble 96 4 6 

Machinery 3 93 4 

Traffic 3 5 92 

 

2.5.1 Noise reduction 

The noise suppression or reduction achieved by the pipeline is illustrated in Fig. 6. The noise 

suppression can also be observed by looking at the signal spectrogram using the Audacity tool. As 

shown in Fig. 7, one can note the reduction in the high frequency energy corresponding to noise 

signal and improved clarity in the speech signal. Sample pulses generated from the pipeline over 

a frame using the CIS method is shown in Fig. 8. The eight channels shown in this figure 

correspond to different frequency bands in the signal. In a cochlear implant, these signals are used 

to excite the implanted electrodes. 
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Fig. 6 Top to bottom: noisy speech signal (0dB machinery), noise suppressed output 

Fig. 7 Top to bottom: clean speech for the sentence “The towel fell on the floor” - arrows 

indicate silence, babble induced noisy speech at 0dB SNR, noise suppressed signal 
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2.5.2 Objective Speech Quality Measures 

Quality assessment of the noise suppressed signal was carried out using these five objective 

measures as mentioned in [11]: Perceptual Evaluation of Speech Quality (PESQ), Frequency 

Weighted Segmental SNR (FWSEG), Cepstrum distance (CEP), Log Likelihood Ratio (LLR) and 

Weighted Spectral Slope (WSS). The PESQ measure [20] is an ITU-T standardization measure 

that takes into consideration distortions that generally take place when speech goes through a 

telecommunication channel. The FWSEG measure is known to show high correlation with 

subjective listening tests [11]. The CEP measure reflects the distance between cepstrum 

coefficients of clean and enhanced signals. The CEP measure provides an estimate of the 

Fig. 8 Example pulses of a frame generated from synthesis: left column channels 0-3; right 

column channels 4-7 
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difference between the log-spectral distances of clean and enhanced signals. The LLR measure 

represents log of the ratio of the product of LPC coefficients of the enhanced signal with the 

autocorrelation matrix of the clean signal to the product of the LPC coefficients of the clean signal 

with the autocorrelation matrix of the clean signal. The WSS measure takes into consideration the 

formant structure of speech signal without explicitly extracting the formants. This measure returns 

a value depending on differences in the weighted spectral slopes in each band.  

Fig. 9 shows the outcome for the above five objective measures. As seen from these tables, the 

PESQ measures improves across different SNRs and noise types with the improvement in the 0dB 

SNR situation to be the most prominent. That is the noise suppression becomes more effective 

when the noise level is high. Similar improvements are noted in the FWSEG measure with 37% 

improvement across the three noise types at 0dB SNR. For the LLR, CEP and WSS measures, 

lower values represent improvements compared to the original noisy signals. Again, a consistent 

pattern is observed in these measures across the SNRs and noise classes. For the most challenging 

0dB SNR situation, the reduction in LLR, CEP and WSS measures were found to be 11%, 7% and 

15%, respectively. It is worth stating that the results reported in Fig. 9 incorporate any 

misclassification of the VAD and the noise classifier that might had occurred. 

 

2.5.3 Real-Time Processing 

The processing times taken by the major components of the Simulink implementation are listed in 

Table 3 for the PC platform used having a 2.6GHz Intel i7 processor.  

As noted in this table, on average across frames, the total processing time of the noise suppression 

block was 2.19ms per frame of 10.66ms duration. The synthesis block took 3.3ms per frame. The 
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timing for the VAD and noise classifier blocks were very small (<0.01ms) and hence did not have 

an impact on the total processing time. The total processing time was about 5.5ms which allowed 

the entire pipeline to run in real-time without any frame getting skipped. 

Table 3 Real-time processing 

Modules Processing time  

Frame Counter  0.07ms 

Feature Extraction  0.46ms 

Noise Suppression 1.66ms 

Synthesis 3.30ms 

Total processing time 5.49ms 

 

2.6 Conclusion 

In this chapter, a real-time Simulink implementation of the speech processing pipeline of cochlear 

implants has been developed and tested. The developed Simulink implementation includes a noise 

classifier making the speech processing pipeline noise adaptive. The computational efficiency 

aspects of the implementation have been considered to gain a real-time operation of the pipeline. 

The effectiveness of this implemented pipeline was demonstrated using five speech quality 

objective measures. 
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3.1 Introduction 

It is well established that the presence of background noise degrades the hearing perception of 

speech signals. Noise reduction for speech applications has been extensively studied in the 

literature. For example, the book by Loizou [11] provides a comprehensive discussion of various 

signal processing algorithms that are developed to achieve noise reduction for speech processing 

applications. As far as the real-time implementation aspect of noise reduction algorithms on ARM 

embedded processors of smartphones and tablets is concerned, there exist commercial apps, e.g. 

Q+ [21] and Petralex [22], for performing speech enhancement or noise reduction in noisy 

background environments. However, the signal processing algorithmic details of these apps are 

not publicly available.  

Recently, a number of papers have appeared in the signal processing literature that have targeted 

the implementation of noise reduction or speech enhancement algorithms on Android 

smartphones, notably [16, 23-24]. Two shortcomings are noted in these implementations: (a) the 

high latency (about 300ms) associated with their audio i/o, and (b) the presence of musical noise 

artifact. In this chapter, a smartphone app (both Android and iOS versions) is developed which 

overcomes the above two shortcomings of the previous smartphone implementations. The high 

latency shortcoming is addressed in this work by developing a software shell based on the 

Superpowered SDK [25] and the musical noise artifact shortcoming is addressed by implementing 

the postfilter introduced in [26].  

The sections of the chapter are organized as follows. In section 3.2, an overview of the widely used 

Wiener filtering noise reduction algorithm is stated. An overview of the postfiltering done to 

remove the musical noise artifact is also stated in this section. In section 3.3, the steps taken to 
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achieve low-latency real-time implementation of this noise reduction algorithm on Android and 

iOS smartphones are described. Section 3.4 covers the results obtained by carrying out both 

objective and subjective evaluations. The chapter is concluded in section 3.5. 

 

3.2 Overview of Noise Reduction Algorithm 

3.2.1 Wiener Noise Reduction Algorithm 

Wiener filtering noise reduction is a widely used algorithm for reducing noise or enhancing speech 

in noisy sound environments, in particular in babble background noise. An overview of this 

algorithm is mentioned here and the interested reader is referred to [11] for more details. This 

algorithm is based on the estimation of suppression factors or gains. For an incoming input signal 

frame, its frequency contents are attenuated based on the gains that are estimated from a posteriori 

signal-to-noise ratio (SNR).  

Let x(t) and n(t) denote speech and additive noise signals, respectively, with t representing time. 

The observed noisy speech signal can be expressed as y(t) = x(t) + n(t). As described in [27], a 

posteriori SNR and a priori SNR are computed as follows: 

        𝑆𝑁𝑅𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟𝑖(𝑓, 𝑘) =  
|𝑌𝑘|2

𝐸{|𝑁𝑘|2}
 (12) 

𝑆𝑁𝑅𝑝𝑟𝑖𝑜𝑟𝑖(𝑓, 𝑘) =  
𝐸{|𝑋𝑘|2}

𝐸{|𝑁𝑘|2}
 (13) 

where 𝑋𝑘, 𝑁𝑘 and 𝑌𝑘 denote the Fourier transforms of 𝑘𝑡ℎ frame of the original speech signal x(t), 

the noise signal n(t), and the noisy speech signal y(t), respectively, E represents expected value 

and f frequency bin.  
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For estimating the above quantities, the noise power or the denominator of the above equations is 

obtained in a recursive manner. A posteriori SNR corresponds to the ratio of the power in the input 

frame by the estimated noise power. A priori SNR is obtained recursively based on a posteriori 

SNR, noise power and a smoothing factor. 

Gain values are then computed via the following equation as described in [27]: 

       𝐺(𝑓, 𝑘) =  √
𝑆𝑁𝑅𝑝𝑟𝑖𝑜𝑟𝑖(𝑓, 𝑘)

1 +  𝑆𝑁𝑅𝑝𝑟𝑖𝑜𝑟𝑖(𝑓, 𝑘)
           (14) 

These gain values are applied to 𝑌𝑘 to achieve noise reduction or speech enhancement (see Fig.9),  

�̂�𝑘 = 𝐺(𝑓, 𝑘). 𝑌𝑘  (15) 

3.2.2 Postfilter to remove musical noise artifact 

Musical noise is caused by inaccuracies in the estimation of the noise power. As the computation 

of the gains depends heavily on the noise estimate, such inaccuracies result in spurious peaks in 

the frequency domain which appear as sinusoidal signals or musical noise when the signal is 

reconstructed in the time domain. In order to reduce the musical noise artifact, a postfilter was 

developed in [26]. As illustrated in Fig.10, this postfilter operates after the computation of the 

gains. First, low SNR signal segments are identified and for such segments the gain values are 

 

Fig.9. Wiener noise reduction 
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smoothened using a moving average filter whose length depends on the SNR level. This filter is 

simply placed as an add-on component or function in the Wiener noise reduction algorithm. It is 

computationally efficient thus enabling its real-time implementation on smartphone platforms. 

The low SNR detector operates by considering that the energy content of the input frame depends 

on the presence or absence of speech. Let the ratio of the power of the enhanced output frame to 

the power of the input frame be 𝜀. This ratio would be close to one if the input frame contains 

speech. Otherwise, this ratio would be close to zero as the noise reduction attenuates the signal for 

a noise only input frame. To differentiate between speech and noise frames, this ratio is compared 

with a threshold 𝜀𝑇ℎ, which establishes a trade-off between speech distortion and musical noise 

reduction. In [26], it was shown that 𝜀𝑇ℎ = 0.4 provides a good trade-off across different SNRs.  

For low SNR situations, the gain values are smoothened. Depending on the value of 𝜀 with respect 

to 𝜀𝑇ℎ a length for the moving average or low-pass filter is derived. The lower the value of 𝜀 the 

longer the filter gets and vice versa. Consequently, a corresponding linear filter transfer function 

H is obtained. The modified gain values are then computed as follows: 

 

 

Fig. 10. Wiener noise reduction with postfiltering 
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𝐺𝑃𝐹(𝑓, 𝑘) = |𝐺(𝑓, 𝑘)| ∗  𝐻(𝑓, 𝑘) (16) 

 

𝐺𝑃𝐹 replaces G in Eq.(15) and the enhanced signal is transformed back into the time domain based 

on these modified gain values. 

 

3.2.3 Noise Sound Pressure Level 

Since different users have different comfort levels for hearing speech in noisy environments, an 

entry is added  to the app for the user to select a tolerable noise Sound Pressure Level (SPL) in dB 

for activating the noise reduction algorithm. In other words, no noise reduction is done if the noise 

level falls below this SPL. If a user has a higher tolerance for noise, he/she can adjust this SPL as 

desired.  

 

3.3 Real-time implementation as a smartphone app 

The above Wiener noise reduction algorithm with postfiltering was implemented on the ARM 

processor of smartphones/tablets as an app (both Android and iOS versions). Some of the 

specifications differ for the different devices used such as buffer size for Android and iOS devices. 

The steps taken to achieve this real-time implementation with low-latency i/o are stated in the 

subsections that follow.  

 

3.3.1 Matlab codes  

The Wiener noise reduction algorithm with the postfilter was coded in Matlab. The Matlab codes 

written consists of two parts: Testbench and WienerPF. Testbench corresponds to the code that 
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initializes the input audio and prepares the input signal for frame based processing. This code then 

calls the WienerPF Matlab function or code. In this function, the input signal overlap is handled. 

Similarly, the synthesis is implemented such that the effect of windowing and overlap is reversed 

to generate the output signal frame.  

 

3.3.2 Matlab Coder 

The Testbench and WienerPF Matlab codes are converted to C codes by using the Matlab Coder 

utility of the Matlab programming environment. This utility is a part of the recent versions of Matlab 

enabling conversion of Matlab codes to C codes. This utility validates the inputs and provides 

feedback regarding any unsupported Matlab function towards generating equivalent C codes or C 

syntax incompatibility. The generated C codes contain appropriate library, initialization and 

termination files. The interested reader is referred to [28] for the details of the above steps. 

 

3.3.3 Low-latency audio i/o 

To be able to deploy the app in such a way that the i/o latency of smartphones does not cause an 

adverse effect on hearing perception, a software shell is developed based on the Superpowered 

SDK [25]. The Superpowered SDK is built on OpenSL [29], which is a low-latency C-based audio 

API developed for mobile devices. The i/o latency time for many smartphones are listed at the 

Superpowered website [30]. For the Google Pixel Android smartphone and iPhone7 iOS 

smartphone used here to run the app, the i/o latency of our developed app was measured to be 

about 29ms and 12ms, respectively. This latency is much lower than 300ms of the previously 

reported noise reduction apps. 
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3.4 Results and Discussion 

The developed low-latency noise reduction app was first evaluated by using the objective 

measure of speech quality. A subjective listening evaluation by normal hearing participants was 

also conducted. These evaluations are described below. 

 

3.4.1 Objective evaluation 

Perceptual Evaluation of Speech Quality (PESQ) [20] is a widely used objective measure to assess 

the quality of the enhanced speech signal with respect to the original clean speech signal. For this 

 

                    

Fig. 11. Noise reduction app screenshots: Android (left) and iOS (right) 
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evaluation, the HINT [19] sentences were considered. These sentences are widely used by 

audiologists in hearing improvement studies. These sentences were distorted by adding babble 

noise with SNRs ranging from 0dB to 15dB in steps of 5dB. They were then passed through the 

Wiener noise reduction app with and without the postfilter. The PESQ measure was then 

computed. 

As can be seen from Fig.12, the Wiener noise reduction with the postfilter performed better 

compared to the conventional Wiener noise reduction without the postfilter. On average, the 

Wiener noise reduction without the postfilter provided 4.6% improvement in the PESQ measure 

over no noise reduction and the Wiener noise reduction with the postfilter provided 10% 

improvement in the PESQ measure over no noise reduction. Similar results were obtained in other 

types of background noise environments such as machinery. 

The effect of the noise reduction without and with the postfilter can also be observed by visual 

inspection of the spectrograms. A sample set of a speech signal and its spectrogram is shown in 

Figs.13 and 14, respectively. As can be seen from the spectrogram in Fig. 14(d), the higher 

 

Fig. 12. PESQ measure for babble background noise at different SNRs 
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frequency components were attenuated when compared to the spectrogram in Fig. 14(c) indicating 

the removal or reduction of the musical noise artifact.  

 

3.4.2 Subjective evaluation 

As a subjective evaluation, a Word Recognition Rate (WRR) evaluation was conducted for the 

HINT sentences at 0dB SNRs for babble noise by 6 normal hearing participants. The 0dB SNR 

case was the most challenging case due to the high level of babble noise in the sound environment. 

 

Fig. 13. Top to bottom: clean speech signal, noisy (babble, 0dB) speech signal, speech signal 

after Wiener noise reduction without the postfilter, speech signal after Wiener noise reduction 

with the postfilter 
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The final word count was limited to the number of correct words recognized out of the total number 

of words in the sentences. The participants did not have any prior knowledge of the words in the 

sentences. The outcome of this subjective evaluation is shown in Table I. As can be seen from this 

table, 28% improvement in WRR was obtained when using the Wiener noise reduction without 

the postfilter and 33% improvement in WRR when using the Wiener noise reduction with the 

postfilter. A video clip of the noise reduction app running in real-time on an Android as well as on 

an iPhone smartphone in the presence of babble noise can be viewed at 

www.utdallas.edu/~kehtar/NoiseReductionAppVideo.mp4 

 

3.4.3 Real-time processing  

In the developed real-time app, the audio signal sampling rate was considered to be 48kHz with 

the input frame size of 512 samples which corresponded to signal frames of about 10.5ms duration. 

This sampling rate was used since the preferred sampling rate in terms of the lowest latency of the 

 

Fig. 14. Top to bottom: spectrogram of clean speech signal, and noisy (babble, 0dB) speech 

signal, speech signal after Wiener noise reduction, speech signal after Wiener noise reduction 

with the postfilter 
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audio i/o is normally 48kHz for modern smartphones. The use of other sampling rates increases 

the audio i/o latency due to the re-sampling that needs to be done. The processing buffer that was 

used in the app was set to be twice the input buffer of about 21ms in order to maintain a 50% 

overlap between consecutive signal frames.  The processing time of the app running on a Google 

Pixel Android smartphone was about 4.2ms for the longest length of the postfilter. Similarly, the 

processing time on the iPhone7 smartphone was about 3.8ms. These processing times were well  

below the available processing time of 10.5ms. As a result, the app runs in real-time without any 

frames getting skipped. Finally, Fig. 15 shows the memory and CPU usage of the noise reduction 

app on the Android and iOS smartphones that were used to run it. 

 

 

Fig. 15. Memory and CPU usage when noise reduction is switched on: top for Google Pixel 

and bottom for iPhone7 smartphones 
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3.5 Conclusion 

In this chapter, an app has been developed in to run on ARM embedded processors of Android and 

iOS smartphones/tablets in order to carry out noise reduction or speech enhancement in noisy 

sound environments, in particular in babble noise environments. This app differs from the previous 

apps developed for the same purpose by overcoming their high i/o latency and also their musical 

noise artifact. The effectiveness of this app has been demonstrated by carrying out both objective 

and subjective evaluations. 

 

 

 

 

 

 

 

 

 

TABLE 4. WORD RECOGNITION RATE IN BABBLE NOISE AT 0DB SNR  

 Noise Reduction Algorithm 

Word 

Recognition Rate 

(%) 

No Noise 

Reduction 

Wiener Noise 

Reduction without 

Postfilter 

 

Wiener Noise 

Reduction with 

Postfilter 

 

55% 83% 88% 
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CHAPTER 4 

CONCLUSION 

This thesis has presented the development of a real-time Simulink implementation of the speech 

processing pipeline of cochlear implants and a real-time noise reduction app running on 

smartphones.  More specifically, the following two contributions are made in this thesis: 

1. A real-time Simulink implementation of the speech processing pipeline of cochlear 

implants has been achieved that can be deployed on different hardware platforms that are 

supported by Simulink. The developed Simulink implementation includes a noise classifier 

making the speech processing pipeline noise adaptive. The computational efficiency 

aspects of the implementation have enabled the real-time operation of the pipeline. The 

effectiveness of this implemented pipeline has been demonstrated using five speech quality 

objective measures.  

2. An app has been developed to run on ARM embedded processors of Android and iOS 

smartphones/tablets in order to carry out noise reduction or speech enhancement in noisy 

sound environments, in particular in babble noise environments. This app differs from the 

previous apps developed for the same purpose by overcoming their high i/o latency and 

also their musical noise artifact. The effectiveness of this app has been demonstrated by 

carrying out both objective and subjective evaluations.  



 

 
 

37 

REFERENCES 

1. National Institute on Deafness and Other Communication Disorders,Cochlear Implants, 

National Institutes of Health publication number 00-4798, February 2016. 

 

2. J. Remus, L. Collins, The effects of noise on speech recognition in cochlear implant subjects: 

predictions and analysis using acoustic models, EURASIP Journal on Applied  Signal 

Processing, pp. 2979-2990, November 2005. 

 

3. V. Gopalakrishna, N. Kehtarnavaz, T. Mirzahasanloo, and P. Loizou, Real-time automatic 

tuning of noise suppression algorithms for cochlear implant applications, IEEE Trans. 

Biomedical Engineering,, vol. 59, no. 6, pp. 1691-700, July 2012. 

 

4. N. Kehtarnavaz, V. Gopalakrishna, and P. Loizou, Automated method of classifying and 

suppressing noise in hearing devices, US Patent #9364669, issued June 2016. 

 

5. F. Saki and N. Kehtarnavaz, Background noise classification using random forest tree classifier 

for cochlear implant applications, Proceedings of 39th IEEE International Conference on 

Acoustics, Speech and Signal Processing (ICASSP), pp. 3591-3595, Italy, May 2014. 

 

6. F. Saki, A. Sehgal, I. Panahi and N. Kehtarnavaz, Smartphone-based real-time classification 

of noise signals using subband features and random forest classifier, Proceedings of 41nd IEEE 

International Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 2204-

2208, 2016. 

 

7. F. Saki and N. Kehtarnavaz, Automatic switching between noise classification and speech 

enhancement for hearing aid devices, Proceedings of 38th  Annual International Conference of 

the IEEE Engineering in Medicine and Biology Society (EMBC), pp. 736-739, 2016.  

 

8. https://www.mathworks.com/discovery/simulink-embedded-hardware.html. 

 

9. R. Martin, Statistical methods for the enhancement of noisy speech, Speech Enhancement, 

Springer Berlin Heidelberg, pp. 43-65, 2005. 

 

10. Y. Ephraim and D. Malah, Speech enhancement using a minimum-mean square error short-

time spectral amplitude estimator, IEEE Transactions on Acoustics, Speech, and Signal 

Processing, vol. 32, no. 6, pp. 1109-1121, Dec 1984. 

https://www.mathworks.com/discovery/simulink-embedded-hardware.html


 

38 

11. P. Loizou, Speech Enhancement: Theory and Practice, CRC Press, 2013. 

 

12. J. Erkelens, J. Jensen and R. Heusdens, A data-driven approach to optimizing spectral speech 

enhancement methods for various error criteria, Speech Communication, vol. 49, no. 8, pp. 

530-541, August 2007. 

 

13. F. Saki, T. Mirzahasanloo and N. Kehtarnavaz, A multi-band environment-adaptive approach 

to noise suppression for cochlear implants, Proceedings of 36th Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society, pp. 1699-1702, 2014. 

 

14. P. Loizou, Mimicking the human ear, IEEE Signal Processing Magazine, vol. 15, no. 5, pp. 

101-130, 1998. 

 

15. https://www.mathworks.com/help/simulink/s-function-basics.html 

 

16. S. Parris, M. Torlak, and N. Kehtarnavaz, Real-time implementation of cochlear implant 

speech processing pipeline on smartphones, Proceedings of 36th Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society, pp. 886-889, Chicago, 

August 2014. 

 

17. N. Kehtarnavaz, S. Parris, A. Sehgal, Smartphone-based real-time digital signal processing, 

Morgan and Claypool Publishers, 2015. 

 

18. https://www.mathworks.com/hardware-support/android-programming-simulink.html 

 

19. M. Nilsson, S. Soli and J. Sullivan, Development of the hearing in noise test for the 

measurement of speech reception thresholds in quiet and noise, The Journal of Acoustical 

Society of America, pp. 1085 – 1099, 1994. 

 

20. A. Rix, J. Beerends, M. Hollier and A. Hekstra, Perceptual evaluation of speech quality 

(PESQ)-a new method for speech quality assessment of telephone networks and codecs, 

Proceedings of IEEE International Conference on Acoustics, Speech, and Signal Processing, 

pp. 749-752, Salt Lake City, 2001. 

 

21. http://www.quadio.in/hearing-solutions/mobile-app/ 

 

http://www.morganclaypool.com/doi/abs/10.2200/S00666ED1V01Y201508SPR013


 

39 

22. http://petralex.pro/ 

 

23. I. Panahi, N. Kehtarnavaz and L. Thibodeau, "Smartphone-based noise adaptive speech 

enhancement for hearing aid applications," 2016 38th Annual International Conference of the 

IEEE Engineering in Medicine and Biology Society (EMBC), Orlando, FL, 2016, pp. 85-88.  

 

24. Y. Rao, Y. Hao, I. M. S. Panahi and N. Kehtarnavaz, "Smartphone-based real-time speech 

enhancement for improving hearing aids speech perception," 2016 38th Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Orlando, FL, 

2016, pp. 5885-5888. 

 

25. http://superpowered.com/ 

 

26. T. Esch and P. Vary, "Efficient musical noise suppression for speech enhancement 

system," 2009 IEEE International Conference on Acoustics, Speech and Signal Processing, 

Taipei, 2009, pp. 4409-4412. 

 

27. P. Scalart and J. Filho, "Speech enhancement based on a priori signal to noise estimation," 

Proceedings of IEEE International Conference on Acoustics, Speech, and Signal Processing, 

Atlanta, 1996.  

 

28. N. Kehtarnavaz and F. Saki, Anywhere-Anytime Signals and Systems Laboratory: From 

MATLAB to Smartphones, Morgan and Claypool Publishers, 2016. 

 

29. https://www.khronos.org/opensles/ 

 

30. http://superpowered.com/latency 

http://superpowered.com/


 

 
 

40 

BIOGRAPHICAL SKETCH 

Aditya Bhattacharya received his BE degree in Electronic and Communication from PES Institute 

of Technology in India in 2015. He is currently pursuing his MS degree in Electrical Engineering 

at the University of Texas at Dallas. His research interests include real-time audio signal 

processing for hearing aids and cochlear implants. 

 

 

 

 

 

 



 

 
 

41 

 

CURRICULUM VITAE 

EDUCATION 
 The University of Texas at Dallas, Richardson, Texas                                                                  2015-2017 

Master of Science in Electrical Engineering (Thesis) - Signal Processing                                    GPA: 3.62/4 

 

 PES Institute of Technology (PESIT), Bangalore, Karnataka, India                                            2011-2015 

       Bachelor of Engineering (B.E.) – Electronics and Communications                                         GPA: 8.71/10 

 

SKILLS 
Languages: C, Python 

Software:      MATLAB, Simulink, Audacity, WaveSurfer, Sonic Visualizer, Android Studio 

Hardware:     Android Smartphone, Arduino, Virtex-5 FPGA 

Coursework: Applied Digital Signal Processing, Audio Signal Processing for Music Applications, Pattern 

Recognition, Speech and Speaker Recognition, DSP-I, DSP-II 

 

RESEARCH PROJECTS 
Title: Real-time implementation of noise-adaptive speech processing pipeline for cochlear implants      

                                                                                                                                            May 2016 – April 2017 

 A complete speech processing pipeline with LogMMSE noise reduction that adapts different gain 

parameters for noise environments in real-time. 

 Noise classification is done using a Voice Activity Detector (VAD) outcome dependent Random Forest 

classifier. 

 
Title: Wiener Noise Reduction Real-Time App for Android smartphone             August 2016 – December 2016 

 The objective was to demonstrate the real-time applications of Wiener noise reduction for babble noise 

conditions that can be further implemented in hearing aids. 

 Modifications were made to the traditional Wiener noise reduction to suppress the musical noise artifact in 

the enhanced signal. Matlab code was converted to C code for implementation on hardware. 

          

ACADEMIC PROJECTS 
Title: Random Forest Classifier for Voice Activity Detection                             October 2016 – December 2016 

 Using Mel Frequency Spectral Coefficients (MFSC) coefficients, an effective supervised machine learning 

classifier for detecting Speech/ Speech in Noise from Noise was designed for a Voice Activity Detection 

(VAD). 

 A detailed analysis of different Random Forest parameters was conducted to obtain a final architecture that 

provided the highest accuracy with minimum testing time and low memory utilization. 

        
Title: Speaker Diarization Pipeline using Support Vector Machine Classifier     October 2016 – December 2016 

 The aim was to design an end-to-end speaker recognition pipeline for speaker Diarization that can 

effectively segment the audio signal for two speakers. 

 The pipeline included LogMMSE noise reduction, a Voice Activity Detector, MFCC feature extractor and 

Support Vector Machine (SVM) classifier. The pipeline was presented in a user friendly GUI using 

MATLAB. 

 

PUBLICATIONS 
 ‘Low-Latency Smartphone App for Real-Time Noise Reduction of Noisy Speech Signals’, to appear in 

26th International Symposium on Industrial Electronics (ISIE), Edinburgh UK, 2017 


