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Abstract 

In speaker verification, the mismatches between the training speech and the testing speech can 

greatly affect the robustness of classification algorithms, and the mismatches are mainly caused 

by the changes in the noise types and the signal to noise ratios. This thesis aims at finding the most 

robust classification methods under multi-noise and multiple signal to noise ratio conditions. 

Comparison of several well-known state of the art classification algorithms and features in speaker 

verification are made through examining the performance of small-set speaker verification system 

(e.g. voice lock for a family). The effect of the testing speech length is also examined. The i-

vector/Probabilistic Linear Discriminant Analysis method with compensation strategies is shown 

to provide a stable performance for both previously seen and previously unseen noise scenarios, 

and a C++ implementation with online processing and multi-threading is developed for this 

approach. 
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Chapter 1 Introduction 

1.1 Background 

Speaker recognition is an important technique for biometric identification (Jain, Ross, & 

Prabhakar, 2004) which uses speech signal to identify human subjects. It consists of two main 

topics: speaker identification and speaker verification. Given a set of known speaker models and 

a new coming speech, speaker identification aims at finding which speaker does the speech belong 

to. In other words, speaker identification selects the speaker that sounds closest to the new speech. 

The task of speaker verification is to decide if the unknown speech belongs to the speaker it claims 

to be, which is achieved by comparing the similarity between the speech and a speaker model. 

With the increasing popularity of portable devices such as cellphones, tablets and laptops, 

the industry of biometric authentication on these devices is growing significantly. Face recognition 

and fingerprint scan have already been applied to products for access purpose. Due to the ease of 

collection nowadays, speech information is considered to be the trend in industry (Hansen & 

Hasan, 2015) and this task can be accomplished by speaker verification.  

Besides the application on identity authentication, speaker verification also has a vital role 

in forensics and law-enforcement purpose.  In such cases, criminals may attempt to change their 

voices to avoid being recognized, and speaker verification techniques are able to make a reliable 

decision from the disguised speech recordings.  

Based on the speech content constraints, speaker verification can be divided into two 

categories: text-dependent and text-independent. The former requires vocabularies from a certain 

group, such as digits zero to nine, while the other doesn’t have any constraint on the speech content. 

Text-dependent speaker verification systems can achieve better accuracy compared to text-

independent systems, since the vocabulary information can also be used for making the decision. 

Meanwhile the task for text-independent systems is more challenging without the constraints. In 

this case, only physiological features are available for verification and the system has to take into 
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account phonetic mismatch as well (Hansen & Hasan, 2015). This thesis focuses on text-

independent speaker verification. 

There are other challenges that are applicable to both text-dependent and text-independent 

systems, namely channel- and speaker-dependent variabilities. Channel-dependent variations, also 

known as “between-speaker” variations, contain the changes in recording devices, environmental 

noises and room reverberations; speaker-dependent or “within-speaker” variabilities are caused by 

the health condition, mood and changing age of speakers. These variations lead to mismatch 

between training data and testing data, resulting in verification accuracy degradation. A large 

amount of research has been conducted on compensation strategies to deal with those variabilities 

and great progress has been made. However, the mismatch condition of speech data still remains 

the most challenging problem in speaker verification, especially when the noise type and signal to 

noise ratio (SNR) conditions vary from speech to speech. Thus, this thesis aims at examining the 

performance of a small-set speaker verification system for different methods under multi-noise 

and multi-SNR conditions. 

1.2 Literature Review 

A speaker verification system consists of two main stages: feature extraction and 

classification. The former step collects the acoustic features from speech signal while the second 

step attempts to classify these features based on statistical strategies. Features such as prosody and 

conversation patterns are called “high-level” features, and these features are extracted from a 

relatively long sentence (greater than few seconds) (Fazel & Chakrabartty, 2011) and require high-

complexity computation for processing. However, considering the complexity constraint for real-

life applications as well as the limitation of data amount, most speaker verification systems use 

only “low-level” features like Linear Predictive Cepstral Coefficients (LPCC) (Makhoul, 1975) 

and Mel Frequency Cepstral Coefficients (MFCC) (Davis & Mermelstein, 1980) in practice. 

Unlike the “high-level” ones, these features can be extracted from a short-time window which is 

normally around 25 milliseconds (interval for speech stationarity). There is no exact conclusion 

on which features give better results, since it normally depends on the system setting such as data 

conditions and classification strategies. 
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The main idea behind LPCC is based on Linear Prediction Coding (LPC) which assumes 

that the current speech sample can be predicted from the past samples. An all-pole filter is used 

for modeling the vocal tract in LPCC and the parameters of the filter are estimated through auto-

regression. Finally the LPCCs are computed from the prediction coefficients by using a recursive 

method.  There is another related feature extraction approach called Perceptual Linear Prediction 

(PLP) (H. Hermansky & Cox, 1991) that comes from LPC and which also exploits the psycho-

acoustic properties of human ears. 

MFCCs are the most commonly-used features in speaker verification systems. A set of 

triangle Mel filterbank is used for converting the spectrum into Mel scale. These filterbank gives 

the energy information of the speech signal contained within a certain frequency range. More 

specifically, the Mel filterbank puts more focus on the low frequency part, where major 

information of speech is located. Therefore, MFCCs are widely used in speech recognition and 

speaker recognition. Since features like LPCCs and MFCCs are computed from short-length 

frames, they lack the dynamic information in speech signals. It has been proved that the system 

performance can be improved through appending the first- and second-order derivatives to the 

original coefficients (Furui, 1986).  

There is an additional pre-processing approach called Voice Activity Detection (VAD) that 

is sometimes performed on features before sending them to training and verification phases. VAD 

aims at finding only the features that are extracted from voiced frames and discarding the ones 

from non-voiced part. This can be achieved by estimating the Signal to Noise Ratio from frame to 

frame and only keeping the high-SNR ones. However, since speech signals are most likely 

collected from different environments and noise conditions, this task may be very challenging.  

The second stage of a speaker verification system is segregating the features of one speaker 

from others given some enrollment speech. In other words, speaker models are trained according 

to each involved speaker, which can represent the identity of each speaker. During the verification 

phase, an unknown speech is compared with a speaker model to decide the similarity between 

them. The modeling methods can be categorised into two types: generative methods and 

discriminative methods. The former one uses only the speech data from the target speaker to train 
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the speaker model, these methods are able to capture the specific statistical properties of a speaker. 

Meanwhile discriminative methods adopt not only speech from the target speaker but also 

imposters, and the core is distinguishing the statistics of the target speaker from the imposters. 

A classic representative of generative methods is Gaussian Mixture Model (GMM) (D. A. 

Reynolds & Rose, 1995) and a lot of expansions have been developed based on it. The core idea 

behind GMM is the assumption that features follow the Gaussian distribution, and each speaker is 

represented by a GMM. The final decision at the verification phase is based on the similarity 

between one speaker GMM and an unknown speech. GMM is an effective method for speaker 

identification, however, speaker verification may also deal with imposters. Hence, the Universal 

Background Model (UBM) is proposed to improve the performance for open-set speaker 

verification systems (Douglas A Reynolds, Quatieri, & Dunn, 2000). Speaker-based GMMs are 

derived, or adapted, from a pre-trained UBM which contains information about a large amount of 

imposters.  

One of the challenges of speaker verification is that many classification methods are based 

on fixed-length features meanwhile the duration of the involved speech varies. Therefore, effort 

has been put to find a fixed-dimension feature, and GMM based supervector has been proposed 

(Kenny, Mihoubi, & Dumouchel, n.d.). A GMM supervector is calculated by concatenating the 

GMM mean vectors of an adapted speaker model. And since the mixture number for each adapted-

GMM is the same for each speaker, the resulting supervectors are of the same dimension regardless 

of how long the actual speech is. Hence, this approach is normally followed by Support Vector 

Machines (SVM) which require fixed-dimensional inputs. 

SVM is a typical discriminative classification method that aims at finding an optimal 

hyperplane that can separate the data from two different classes (Cortes & Vapnik, 1995). Research 

has been done to prove that GMM supervectors/SVM is an effective way for speaker verification 

(Campbell, Sturim, & Reynolds, 2006). The fixed dimension supervectors extracted from one 

speaker model are treated as a positive (true) input of the SVM while supervectors from imposters 

serve as the negative (false) input. However, in real life the amount of speech data of one target 

speaker may be limited, therefore there can be an imbalance between positive and negative data. 



5 

 

Though this problem can be addressed at some level by duplicating the target data, the system 

performance would still be affected. Meanwhile, due to the demand of robustness under training 

data and testing data mismatch, researchers kept finding new approaches that do not require 

information from imposters and which are also robust to variabilities. 

In (Kenny, 2005), Kenny proposed a Joint Factor Analysis (JFA) model that assumes 

GMM supervectors which contain both speaker and channel variations. In JFA, each GMM-

supervector is modeled by two factors: speaker factor and session factor. In other words, it assumes 

that a supervector can be decomposed to three parts: a speaker- and channel- independent 

component, a speaker-dependent part and the other one only depends on channel effects. This 

approach outperformed other approaches since it takes into consideration both within- and 

between-speaker variabilities. 

A novel approach called i-vector was developed in 2011 (N. Dehak, Kenny, Dehak, 

Dumouchel, & Ouellet, 2011) and remains the state-of-art so far. Unlike in JFA where a speaker 

supervector is divided into a speaker subspace and a channel subspace, i-vector defines only one 

total variability space to model the speaker and session variability. Each utterance is represented 

by a fixed-dimensional i-vector, which can be seen as a “feature” of each sentence. The 

combination of i-vector and SVM appears to be robust under mismatch situations (N. Dehak et al., 

2011). Two other scoring methods were also proposed, a cosine distance scoring and a 

Probabilistic Linear Discriminant Analysis (PLDA) scoring method. The former one measures the 

cosine distance between two i-vectors and it is employed for its simplicity. PLDA models the 

speaker and channel information contained in an i-vector, like in JFA. It assumes that each i-vector 

follows a single Gaussian distribution, and can be decomposed into a speaker-dependent part and 

a speaker-independent part. I-vector/PLDA remains the most successful approach in speaker 

verification (Kenny, 2010). 

The robustness under noisy conditions has become the focal point in speaker verification 

since 2012. With the success of i-vector/PLDA approach, the idea of Mixture of PLDA was first 

proposed in (M.-W. Mak, 2014) and further formalized in (M. W. Mak, Pang, & Chien, 2016a). It 

was argued that SNR makes i-vectors shift in i-vector space, thus each PLDA model should only 
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be employed to describe i-vectors from a certain SNR range. This assumption led to two new 

approaches: SNR-Independent Mixture of PLDA (SI-mPLDA) and SNR-Dependent Mixture of 

PLDA (SD-mPLDA). Both use a mixture of Gaussian to describe an i-vector, while the latter one 

introduces an additional SNR indicator that guides the clustering. Both Mixture of PLDA methods 

showed better performance than conventional Gaussian PLDA, with a price of increasing 

computational complexity.  

Despite improving the robustness of modeling methods themselves, there are also 

compensation strategies that can be performed at both the feature extraction stage and 

classification stage. Approaches such as cepstral mean subtraction (Furui, 1981) and RASTA 

filtering (H. Hermansky & Morgan, 1994) can be applied to raw features before classification. 

Meanwhile linear discriminant analysis (LDA) (Bishop, 2006), within-class covariance 

normalization (WCCN) (Hatch, Kajarekar, & Stolcke, 2006) and i-vector length normalization 

(Romero & Wilson, 2011) can be performed before the modeling stage.  

As for the system performance under mismatch conditions, which we are interested in, 

there are two common approaches to address the accuracy degradation: multi-condition training 

where speech under different conditions are pooled together for building one speaker model, and 

multiple condition-dependent speaker models training. Due to the great success of the i-

vector/PLDA approach, most studies on mismatch conditions are based on this setup. In (Lei, 

Burget, Ferrer, Graciarena, & Scheffer, 2012), different cocktail noises are added to clean speech 

at 20, 15 and 8 dB SNR and this is applied to both enrollment and testing data. It was found that 

the Equal Error Rate (EER) on noisy cases drops from 4 to 13 times compared to the clean setup. 

However, this degradation can be reduced by nearly 40% by adding noise to PLDA training data.  

Similarly, (Rajan, Kinnunen, & Hautamaki, 2013) examined the effect of multi-condition 

training and score averaging under noisy situations. Normally one speaker may have more than 

one enrollment speech, therefore there would be several enrollment i-vectors for each speaker. 

There are two common strategies for scoring in this case: 1) averaging i-vectors before scoring 

and make one final score based on the averaged i-vector, 2) making scores based on all existing i-

vectors and averaging the scores. During the experiments four noises were added to clean speech 
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at 15 and 6 dB SNR, and the most robust results under noisy testing conditions were obtained when 

multi-condition training was applied to both enrollment and PLDA training. With respect to 

scoring methods, averaging i-vectors before scoring outperformed score averaging. 

Experiments were conducted to evaluate the effectiveness of multiple model training in 

(Garcia-Romero, Zhou, & Espy-Wilson, 2012), where several PLDA models were trained with 

speech at different SNR ranges. Enrollment and PLDA training speech were added with different 

noise at 20 dB, 10 dB, 6 dB and 0 dB SNR respectively. This results in 16 replicas of original 

training data and all of them are used for building a multi-condition model. It was found that 

multiple model training achieved similar results as multi-condition training where all speech are 

pooled together, although the latter one requires much less computation complexity.  

In (M.-W. Mak, 2014), PLDA training data were combined with noise at 15 and 6 dB, and 

the noisy data along with original speech were used for conventional PLDA and SD-mPLDA 

training. The same noise-adding strategy was applied to enrollment speech as well. It was shown 

that SD-mPLDA was more robust than traditional PLDA under mismatch conditions. The idea of 

mPLDA was further developed in (M. W. Mak et al., 2016a), where noise were added to PLDA 

training data for nearly uniformly distributed SNRs from 0 to 20 dB. Mixture of PLDA was shown 

to be more robust than conventional PLDA when noise is added to training data at 15 dB and 6 dB 

SNR.  

1.3 Contributions 

In previous studies, the mismatch condition generation was normally achieved by adding 

noise to clean speech at several specific SNRs. Even though PLDA training data have a nearly flat 

SNR distribution in (M. W. Mak et al., 2016a), the enrollment speech still only has 3 different 

SNR which are the same as the testing speech. However, in practice speech is not likely to fit in a 

few specific SNR values and noise types, therefore this thesis evaluates the performance of 

different approaches when the training speech is randomly combined with different noise at 

different SNR. Moreover, inspired by (Pang & Mak, 2015) where linear fusion of SNR-

Independent PLDA and SNR-Dependent PLDA produced an improvement compared with other 
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methods, linear fusion of scores is also applied to several approaches that previously produced 

good performance. 

Additionally, this thesis investigates the shortest speech length that is required to obtain 

acceptable results under this multi-condition situation. For real-life speaker verification 

applications, the task is to make a verification decision based on a quite short speech. It may not 

be pleasant for speakers to speak for more than 10 seconds to get a valid decision. Hence, it is 

necessary to evaluate the effect of testing speech length on the verification performance, 

meanwhile finding the shortest acceptable speech length under real-life mismatch conditions. 

The above contributions have led to the following publication: 

Q. Wan, M. Bouchard “Performance Evaluation of Mixtures of PLDA and Conventional 

PLDA for a Small-Set Speaker Verification System”, Proc. 30th IEEE Canadian 

Conference on Electrical and Computer Engineering (CCECE 2017), Windsor, Ontario, 

April 30 - May 3, 2017 

To achieve the objectives of this thesis, experiments were first conducted on MATLAB 

R2015b. The MATLAB code is based on VOICEBOX (VOICEBOX: Speech Processing Toolbox 

for MATLAB, n.d.), MSR Speaker Recognition Toolkit (Sadjadi, Slaney, & Heck, 2013), JFA 

cookbook (Joint Factor Analysis Matlab Demo | Speech Processing Group, n.d.) and mPLDA code 

package from The Hong Kong Polytechnic University (Mixture of PLDA, n.d.). VOICEBOX was 

used for feature extraction, noisy speech generation and SNR measurement, while the other 

toolkits were used for classification. 

Based on the experiments performed using MATLAB, considering both the robustness and 

the computational complexity of algorithms, an online-processing system was then implemented 

in C++. This implementation was completed based on the Kaldi toolkit (Kaldi ASR, n.d.). The 

resulting real-time system is to be integrated into the product of a smart-camera video surveillance 

local company, which has sponsored this research. This is another contribution of this thesis. 
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1.4 Organization 

This thesis is organized as follow: 

Chapter 2 gives the descriptions of three commonly used features in speaker verification: 

linear prediction cepstral coefficients, perceptual linear prediction coefficients and Mel-frequency 

cepstral coefficients. A feature compensation strategy, cepstral mean variance normalization, is 

also introduced. 

Chapter 3 provides detailed explanations of the classification methods, from the most basic 

Gaussian Mixture Model to the state-of-art i-vector and Probability Linear Discriminant Analysis 

(PLDA), as well as two new extensions of PLDA proposed in 2016. 

Chapter 4 introduces three compensation strategies that are normally applied after the i-

vector approach: i-vector length normalization, within-class covariance normalization and linear 

discriminant analysis. 

Chapter 5 evaluates the performance of the features and algorithms described in Chapter 2 

and 3, under both clean and multi-noise multi-SNR conditions. Compensation strategies are also 

examined as well as three linear fusion systems. Moreover, the effect of the testing speech length 

on the performance is also tested in chapter 5. 

Chapter 6 describes aspects of a C++ implementation of the i-vector/PLDA approach, with 

performance of continuous online processing. 

Chapter 7 presents the conclusions and discussions of this thesis. 
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Chapter 2 Feature Extraction 

2.1 Linear Prediction Cepstral Coefficients 

This chapter first gives a brief introduction of Cepstral Coefficients. Given a set of time 

series  x n , the corresponding frequency spectrum  x k  and estimate of the power spectrum 

 P k  can be obtained through a Discrete Fourier Transform: 

     DFTx k x n    (2.1.1) 

    
2

P k x k  (2.1.2) 

Note that to have true PSD units, the PSD estimate  P k  needs to be divided by the signal sample 

length, but this is omitted here because it is just a scaling factor that does not affect classification 

results.  Autocorrelation is a widely used technique in signal processing for analyzing series, it can 

be computed from a given  P k , assuming that proper zero padding was applied to compute  x k

: 

     IDFTA n P k   (2.1.3) 

The calculation of the cepstrum is similar to the autocorrelation  A n  with an additional 

logarithm operation before the IDFT. Note that the "real" cepstrum is used here, rather than the 

"complex" cepstrum, as the  C n  coefficients are real-valued from the even symmetry of the real-

valued (and positive)  P k : 

      IDFT logC n P k  (2.1.4) 

Thus, the cepstrum can be seen as a log compressed version of the autocorrelation, and the 

logarithm allows us to apply cepstral mean subtraction which will be described later on. LPCC is 
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computed the same way as the standard cepstral coefficients except that it uses an auto-regressive 

power spectrum estimate instead of ( )P k  (Makhoul, 1975).  A linear prediction model can be 

represented as: 

          
1

0
K

k

y n a k y n k b w n


      (2.1.5) 

where the current signal is predicted from past samples, and  w n  is white noise with zero mean 

and variance 2

w . The equation becomes an auto-regression or all-pole model in the z-domain: 

      Y z H z W z   (2.1.6) 

with 

  
 

     1 2

0

1 1 2 K

b
H z

a z a z a K z  


   
  (2.1.7) 

where a  and b  are called prediction coefficients which can be estimated through Yule-Walker 

equations (Jackson, 1996). Based on this equation, the power spectrum estimate in the frequency 

domain can be computed as: 

  

 

2

2

2

1

1

w
AR

K
j m f T

m

S f

a m e 











 (2.1.8) 

where the denominator is equivalent to   
2

DFT [1, ]a m  with zero padding and some frequency 

scaling. The LPCCs are then computed through this auto-regression power spectrum estimate: 

    IDFT log ARLPCC S f    (2.1.9) 
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2.2 Perceptual Linear Prediction 

PLP is an extension of LPCC, where the power spectrum estimate  P k  is converted to a 

critical-band spectrum first before auto-regressive modelling. It came with the idea that 

conventional LPCC puts an even attention to all frequency parts, but the spectral resolution of 

human hearing drops beyond 800Hz ( Hermansky, 1990). Generally speaking, PLP introduces 

three perceptual aspects in analysis: critical-band analysis, equal loudness curve and the intensity-

loudness power-law relation. Critical band filters model the “auditory filter” in the human cochlea, 

thus it is believed that they provide more specific speech information. The additional steps in PLP 

extraction can be summarized as: 

1.  P k  is first warped to a bark-scale through a hertz -> bark transformation. The bark-scale is 

a nonlinear frequency scale of hearing that compresses the upper end of  P k  ( Hermansky, 

1990). 

2. Convolving  P k  with the spectrum of a simulated critical-band masking curve, resampled in 

1-Bark intervals. 

3. Pre-emphasize the result of the convolution by the simulated equal-loudness curve as in 

Equation (2.2.1). This is due to the different sensitivity of human hearing at different 

frequencies, and  E    here is an approximation:  

  
 

   

2 6 4

2
2 6 2 9

56.8 10

6.3 10 0.38 10
E

 


 

  
 

    
  

  (2.2.1).  

4. The intensity-loudness power law is also known to be a cubic-root amplitude compression, it 

is used to model the nonlinear relation between the intensity of sound and its perceived 

loudness ( Hermansky, 1990).  

After these four steps, PLP computation follows the same process as LPCC computation. 

Rasta-PLP is a popular extension of PLP, which suppresses the sensitivity of spectral analysis to 
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slow variations in the spectrum (coming from changes in the recording environments). This is 

achieved by applying a spectral subtraction to the critical-band power spectrum before the equal-

loudness operation. 

2.3 Mel-Frequency Cepstral Coefficients 

MFCCs are a widely used feature in the Automatic Speech Recognition and Speaker 

Recognition fields. The shape of the vocal tract, which contains the phoneme information of 

speech, can be represented by the envelope of the short-time power spectrum, and MFCCs are able 

to represent this envelope accurately. The whole extraction process contains the following six 

stages: 

1. Divide speech data into overlapped short frames: Since an audio signal changes through time, 

it is better to analyze it by segmenting speech into short frames where each segment can be 

seen as statistically stationary. In most work, a speech signal is framed into 25 ms with 15 ms 

overlap.  

2. Calculate the periodogram of each frame:  Given a single frame in the time domain  ix n  

where i  is the frame number, the corresponding samples in the frequency domain  iX k  are 

computed by first applying a Hamming window with length N , then applying a DFT to the 

windowed frame. The periodogram estimate of  ix n  is computed as: 

  
 

2

i

i

X k
P k

N
  (2.3.1) 

As previously mentioned, the factor 
1

N
 can be omitted in the considered application. 

3. Apply Mel filterbank to  iP k  then sum up the energies in each filter: Mel filterbank is a set 

of triangle filters at Mel-scale (Stevens, Volkmann, & Newman, 1937). The transformation 

between Mel-scale and Hertz-scale is: 
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   1125ln 1
700

f
M f

 
  

 
 (2.3.2) 

  1 700 exp 1
1125

m
M m   

   
  

 (2.3.3) 

where f  and m  are frequencies in Hertz and Mel scale respectively. Figure 2-1 describes this 

relationship in more details. It is notable that the Mel-frequency scale cares more about the 

low-frequency part than the high-frequency part (in Hertz). This is inspired by the human 

hearing mechanism where it is easier for humans to tell the difference between two low 

frequencies (i.e. 100 Hz and 200 Hz) than two high frequencies (i.e. 10100 Hz and 10200 Hz). 

An example of an ideal Mel filterbank of 26 filters is presented in Figure 2-2, this is a typical 

filterbank for 8000 Hz sampled signals with a 300 Hz (401.97 Mels) lower frequency and an 

upper frequency equals to 3700 Hz (2071.73 Mels). The indexes of each triangle filter is 

determined by finding 26 uniformly distributed frequencies within 401.97 to 2071.73 Mels. In 

some applications where mapping human perception is key, the amplitudes of the filters also 

decrease as the central frequency increases, which aims at putting more weight on the low 

frequency part. In this thesis and as in previous related work in speaker verification, the same 

weight/amplitude is used for all filters. After applying the filterbank to the periodogram 

estimation of each frame, the energies from each filter are summed up, therefore 26 energies 

are computed using the above filterbanks. 

4. Compute the log of each energy, followed by applying a DCT to the corresponding log 

energies, the resulting coefficients are the MFCCs. In speech/speaker recognition, only the 

lower 13 or 19 coefficients are normally kept. Figure 2.3 shows the complete extraction process 

over a frame of 200 samples. 

Since MFCCs contain only the information of short periods, “velocities” and 

“accelerations” computed over multiple frames can be appended to the original MFCCs. These 

dynamic features are called delta and delta-delta features. Delta features can be calculated by: 
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 

1

2

1
2

N

i n i nn
i N

n

n c c
delta

n

 








 (2.3.4) 

where i  is the frame number, c  are MFCCs and N  is typically set to four. Delta-delta features 

are computed from delta features instead of MFCCs through the same way. 

 

Figure 2-1: Mel-Hertz transform 

 

Figure 2-2: An example of a Mel filterbank of 26 filters  
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Figure 2-3: 12-order MFCCs extraction process over a frame of 200 samples 

2.4 Cepstral Mean Variance Normalization 

Cepstral Mean Variance Normalization (CMVN) is a widely used technique for addressing 

the mismatch between enrollment data and testing data. In real life, a recorded speech  c n  is the 

convolution of an “actual” speech  s n  and a channel impulse response  h n  from the 

environment: 

      c n s n h n   (2.4.1). 

According to the steps of extracting cepstral coefficients, the resulting cepstrum after FFT and log 

computation is: 
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      C f S f H f  (2.4.2) 

          (log )C q IDFT S f H f S q H q      (2.4.3) 

The convolution becomes a simple addition in the cepstral domain and CMVN is based on this 

knowledge. Assume that  ,C m k  is the k th mel-cepstral coefficient from the m th frame, the 

normalized feature after applying CMVN is computed as: 

  
   

 

, ,
,

,

C m k m k
C m k

m k






  (2.4.4) 

where  ,m k  is the mean while  ,m k  refers to the standard deviation calculated by: 

    
2

2

1
, ,

N
m

N
i m

m k C i k
N





 

   (2.4.5) 

       
2 22

2

1
, , ,

N
m

N
i m

m k C i k m k
N

 



 

   (2.4.6) 

where N  is the length of a sliding window which centers on the current frame. To simplify the 

analysis, Equation (2.4.5) can also be written as: 

    
1

j

j

q C q
N

    (2.4.7) 

where j  is the frame number. By substituting (2.4.7) to (2.4.3), the mean becomes: 

      
1

j

j

q H q S q
N

     (2.4.8) 
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Then subtracting  q  from  C q  gives: 

 
           

       

1

1

j

j

j

j

C q q S q H q H q S q
N

C q q S q S q
N





 
        

 

  




  (2.4.9). 

It can be noticed that there is no channel response in Equation (2.4.9). The normalized features 

have zero mean and unit variance in each feature dimension. 
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Chapter 3 Classification 

3.1 Gaussian Mixture Models 

The Gaussian or Normal Distribution is a common probability distribution and is widely 

used in statistics. Given a set of F -dimensional random variables  
T

1 2, , , Fx x xX , the 

Gaussian distribution of X  is defined as: 

  
 

   
T 1

/2

1 1
| , exp

22
N

N x x x  


 
     

 
Σ

Σ
  (3.1.1) 

where [ ]E  X  is the mean and [( )( ) ]TE    Σ X X  is the covariance matrix. However, a 

single Gaussian distribution may not be enough to describe the distribution of a set of data in 

reality. Hence Gaussian Mixture Models are introduced to deal with more complicated 

distributions. A GMM can be seen as the combination of single Gaussian distributions, and the 

probability of a C -mixture GMM is defined as: 

    
1

| ,
C

c c c

c

p x w N x 


  Σ  (3.1.2) 

where cw  is called the weight of the c th Gaussian and
1

1 0 1
C

c c

c

w w


    . A simple illustration 

of a GMM is described in Figure 3-1, which presents a 1 -dim case where three Gaussians share 

the same weight, as well as a 2D  case. The task of GMM modeling in speaker verification is as 

follows: given a set of acoustic features  1 2, , , Fx x xX  which is assumed to follow a Gaussian 

mixture distribution, estimate the parameter set  , , , 1, ,c c cw c C  Σ  of the distribution 

that fits the data. Assuming that the data points in X  are independent, the solution to this task is 

to find the theta that maximizes the likelihood  |p X : 
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    
1

arg max | arg max |
F

opt i

i

p p x
 

  


  X  (3.1.3) 

 

Figure 3-1: 1D Gaussian distribution (left) and 2D Gaussian distribution (right). 

where opt  is the optimal parameter set, each ix  is a feature vector of dimension d (e.g. a 39-dim 

MFCC vector). This maximization process can be accomplished through the well-known 

Expectation Maximization (EM) algorithm (Dempster, Laird, & Rubin, 1977). A hidden variable 

Z  (a.k.a. latent variable) is introduced to make the process simpler. According to EM, 

maximization of the likelihood with the form  |p X  can be solved by maximizing of the 

function  T,Q   : 

     T T, log , |ZQ E p Z   
 

X  (3.1.4) 

where 
T  stands for the “previous” parameter set and  ZE  is the expectation computation 

regarding Z . Equation (3.1.2) for a single data point ix  from X  is: 

    
1

| ,
C

i c i c c

c

p x w N x 


  Σ  (3.1.5) 

The joint likelihood of X  and Z  is: 
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 

   
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



X

X

 (3.1.6) 

where icz  represents an indicator variable: 

 
th1 if follows the  Gaussian

0 otherwise

i

ic

x c
z


 


 (3.1.7) 

Substituting (3.1.6) to (3.1.4) gives: 

          T T T

1 1

, | log | , | log |
F C

Z ic i Z ic

i c

Q E z p x c E z p c     
 

         (3.1.8) 

  
   

 

T T

T

T

, | ,
|

,

i

Z ic

i

p c p x c
E z

p x

 



  (3.1.9) 

The maximization is computed by 
 T,

0
Q  







 and it gives: 

 

 

 

T

1

T

1

| ,

| ,

F

i i

i
c F

i

i

p c x x

p c x















 (3.1.10) 

 

    

 

TT

1

T

1

| ,

| ,

F

i i c i c

i
c F

i

i

p c x x x

p c x

  







  
 

 



  (3.1.11) 

cw  can be estimated through introducing a Lagrange multiplier that leads to: 
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1

1
| ,

F
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i

w p c x
F




   (3.1.12) 

where  

  
 

 

T

1

| ,
| ,

| ,

c i c c

i C

k i k k

k

w N x
p c x

w N x











Σ

Σ

 (3.1.13) 

In speaker verification, each speaker is presented by one GMM trained on some speech 

data from that speaker. Given a GMM speaker model s
GMM  from speaker s  and a testing 

sequence X  extracted from a testing speech, the probability that the testing speech belongs to s  

is calculated through the log likelihood: 

    LLK , log | sp 
s

GMM X X  (3.1.14) 

The GMM modeling in speaker verification can be summarized in Table 3-1. 

Table 3-1: Modeling process of GMM 

Model training: 

Given a set of training features of speaker s : 1 2( , , , )Fx x xX , initialize ( )p x  with 

random   using (3.1.1) & (3.1.2). 

Iterate and update   using (3.1.10), (3.1.11) and (3.1.12). 

Testing: 

Given a model sGMM  and an observation X , calculate the likelihood according to (3.1.14). 

Make a decision based on the likelihood.  

3.2 Universal Background Models 

GMM-based Universal Background Models (UBM) are built on the goal of maximizing 

the distance between a target speaker and impostors. Research has shown that the optimal way to 
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compute the likelihood ratio between a speaker model s
GMM  and an observation X  is (Douglas 

A Reynolds et al., 2000): 

   0

1

  accept ( | )

  reject  ( | )

p H

p H






 



X

X
 (3.2.1) 

where  

 0H  : X  belongs to speaker s  

 1H  : X does not belong to speaker s . 

Hence the task of speaker verification is to find the best way to calculate the two probability 

density functions, 0( | )p HX  and 1( | )p HX , given the two hypotheses. In GMM, speaker-

dependent models are estimated from training speech, thus 0H  can be easily found. However, the 

other hypothesis where X  is not from s  is less well defined, which leads to the solution of using 

a UBM. 

In this approach, a general background GMM is trained through a great amount of speech 

data from a large number of speakers. And this background model is used to estimate 1H , in 

which case the likelihood computation function can be written as: 

 
( | )

( , )
( | )

s

p
M

p
  s

X GMM
X

X UBM
 (3.2.2) 

and the log-likelihood is: 

 LLK( , ) log ( | ) log ( | )p p s sX GMM X GMM X UBM   (3.2.3). 

Besides the use of impostor information, UBM also provides a way to derive and update 

speaker models through Maximum-A-Posteriori (MAP) adaptation. The parameter set 
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{ , , , 1, , }c c cw c C  Σ  for a speaker model remains the same as for a GMM, while the way 

to estimate it changes. Given a trained C -mixture UBM and a training vector 1 2( , , , )Fx x xX

, for the c th mixture of UBM, the probabilistic alignment is computed as: 

 

1

( )
Pr( | )

( )

c c i
i C

k k ik

w p x
c x

w p x





 (3.2.4) 

Then the zero-, first-, and second-order Baum-Welch statistics are calculated, which are 

required for computing the weight, mean and variance: 

 
1

( ) Pr( | )
F

c i

i

N x c x


   (3.2.5) 

 
1

( ) Pr( | )
F

c i i

i

F x c x x


   (3.2.6) 

 
2 2

1

( ) Pr( | )
F

c i i

i

S x c x x


   (3.2.7). 

The posterior mean and covariance matrix of the feature components x  given the entire 

observation X  can be found as: 

 
( )

( | ) c
c

c

F x
E x

N
X   (3.2.8) 

 
2 ( )

( | )
( )

c
c

c

S x
E x

N x
X   (3.2.9). 

Speaker model parameters are obtained by solving the following equations: 

 [ (1 ) ]c c
c c c

n
w w

F


       (3.2.10) 
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 ( | ) (1 )c c c c cE x     X   (3.2.11) 

 2 2 2( | ) (1 )( )c c c c c c cE x       Σ X Σ   (3.2.12) 

where   is a scaling factor that ensures all mixture weights sum to 1 and c  is called the 

adaptation coefficient which is defined as: 

 
c

c

c

n

n r
 


  (3.2.13) 

where r  is a fixed relevance factor. This adaptation coefficient helps to determine the importance 

of each mixture. cn  is defined as the probabilistic count of X  generated from mixture c , 

therefore c  would be close to zero when cn  is low and close to one when  cn  is high. In other 

words, if X  is not likely to be drawn from one mixture, the importance of the updated parameters 

would be minimized. And if there is a high probability that X  comes from one mixture, this 

approach would emphasize the new parameters as they can describe the features better. This 

strategy is especially beneficial to limited training data. The GMM-UBM modeling in speaker 

verification can be summarized in Table 3-2. 

Table 3-2: Modeling process of GMM-UBM 

Development data training: 

1. Given speech from a large number of speakers, train a UBM. 

Model training: 

1. Given a set of training features of speaker s : 1 2( , , , )Fx x xX , initialize ( )p x  from 

random   using (3.1.1) & (3.1.2). 

2. Iterate and update   using (3.2.10), (3.2.11) and (3.2.12). 

Testing: 

1. Given a speaker model s
GMM , a background model UBM  and an observation X , 

calculate the likelihood according to (3.2.3). 

2. Make a decision based on the likelihood.  
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3.3 GMM supervector based SVM 

3.3.1 GMM supervector 

After the success of GMM-UBM systems, latent factor analysis was used for addressing 

the speaker and channel variability in speaker verification (Kenny & Dumouchel, 2004b). These 

works use latent factors to model the adapted-GMM means, then estimate the variabilities from 

GMM means. GMM supervector was developed from this approach which concatenate the means 

of each mixture component from an adapted-GMM.  

Given a C -mixture UBM and a training vector 1 2( , , , )Fx x xX  from speaker s , a C

-mixture speaker GMM is adapted. The supervector for X  is obtained as: 

 T

1 2( ) [ ]CM s m m m  (3.3.1) 

where  , 1cm c C   is the mean of the c th mixture. In this approach, each utterance is simply 

represented by a single vector of a fixed dimension C , which is perfectly suitable for SVM 

process. 

3.3.2 Support Vector Machines 

SVM is a widely used binary classification method proposed by Vapnik and Lerner (Cortes 

& Vapnik, 1995). It has been extended to non-linear frameworks with the introduction of kernel 

functions (Piciarelli, Micheloni, & Foresti, 2008). Consider a dataset consisting of N  feature 

vectors 1 2( , , , )Nx x xX  and these features belong to either of two class, 1w  and 2w . First 

assume that the data from the two classes are linearly separable, therefore the task of the SVM is 

to build a hyperplane that can correctly separate all data: 

 T

0( )g x x w w  (3.3.2) 

where w  is a normal vector and 0w  is a bias term. The classification task is illustrated in 

Figure 3-2 (a), where two types of training data are presented as well as two possible hyperplanes. 
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It is reasonable to say that hyperplane A is better than B because it leaves more room for both 

sides. In other words, hyperplane A allows training data to move more freely then hyperplane B, 

while not classifying data into the wrong class.  

The term margin is defined as the room that the hyperplane leaves for both classes. In 

SVM, the optimum solution is to find a hyperplane that has the same distance from the respective 

nearest points in 1w  and 2w , while maximizing the margin. For further analysis, w  and 0w  can 

be scaled so that the value of ( )g x  equals 1  for 1w  and 1  for 2w  at the nearest points in 1w , 2w  

(circled in Figure 3-2 (b)) (Theodoridis & Koutroumbas, 2009).  

 

x1

x2

A
B

Class 1

Class 2

x1

x2

Optimal 

hyperplane

Class 1

Class 2

Margin

 

(a)                                                                                 (b) 

Figure 3-2: An example of a linearly separable two-class problem. (a) with two possible hyperplanes. (b) with 

optimum hyperplane. 

When the data from two classes are not linear-separable, SVM maps the original data into 

a higher dimensional space  through kernel functions. A kernel function is defined as: 

 ( , ) ( ), ( )i j i jx x x x    (3.3.3) 
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where  stands for dot product and ( )ix  is a mapping function. Some common kernels used 

in SVM are linear, Gaussian and Radial Basis Function (RBF) functions. Regarding GMM 

supervectors, the task for SVM is to separate two utterances autt  and butt  which leads to the 

problem of finding a kernel ( , )a butt utt . 

3.3.3 GMM supervector SVM linear kernel 

In the case of a simple linear kernel, the function ( )ix  is just mapping the utterance of 

the corresponding supervector: 

  
T

( , ) ( ) ( )a butt utt M a M b    (3.3.4). 

Two new supervector-based kernels were introduced: the Super Linear kernel and Super 
2L  kernel, 

namely: 

 
1/2 T 1/2

1

( , ) ( ) ( )
K

a b

L a b j j j j j j

j

utt utt w m w m  



 Σ Σ   (3.3.5) 

 2

2

1

( , ) ( ;0,2 )
K

a b

a b j j j jL
j

utt utt w N m m


  Σ   (3.3.6) 

where 
jw , 

jm  and 
jΣ  stand for the mixture weight, mean and covariance matrix respectively. 

The GMM-supervector SVM modeling in speaker verification can be summarized in Table 3-3. 
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Table 3-3: Modeling process of GMM-supervector 

Development data training: 

1. Given speech from a large number of speakers, train a UBM. 

Model Training: 

1. Build an adapted-GMM model for each training utterance from speaker s . 

2. Compute a supervector for each utterance by concatenating the means of all mixture 

component. 

3. Choose a suitable kernel function, then use all supervectors from speaker s  and nearly 

the same amount of supervectors from imposters to train a speaker-SVM. 

Testing: 

1. Compute the supervector of a testing utterance. 

2. Calculate the decision by equation (3.3.3) with the testing supervector.  

3.4 Joint Factor Analysis 

Factor Analysis (FA) is a statistical method used for describing the variabilities in 

observations. In speaker verification this strategy is employed to discover the speaker- and 

channel-dependent variabilities in speech (Kenny & Dumouchel, 2004a). Reconsidering the MAP 

adaptation in the GMM-UBM approach, equation (3.2.11) can be decomposed into two 

components: a speaker-dependent part ( | )c cE x X  and a speaker-independent part (1 )c c  . 

Thus, a GMM-supervector can be written as: 

 ( ) ( )M s m z s D  (3.4.1) 

where m  is a speaker-independent supervector, D  is a CF CF  diagonal residual matrix and 

( )z s  is a 1CF   hidden vector which follows a normal distribution, ( | 0, )N z I . Consider a speech 

feature vector ( )h sX  from the h
th session of speaker s . JFA follows an assumption that the 

speaker-dependent supervector is a linear combination of four components (Kenny, 2005):  

 ( ) ( ) ( ) ( )h hM s m y s x s z s   V U D   (3.4.2) 

where two new terms are added: 
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1. ( )y sV  is the speaker-dependent component, where V  is a SCF R  matrix called the 

eigenvoice matrix ( SR  is the number of speaker factors), sy  is a hidden vector that follows a 

normal distribution ( 1SR  ) and is called speaker factors. 

2. ( )hx sU  is the channel-dependent component, where U is a CCF R  matrix called the 

eigenchannel matrix ( CR  is number of channel factors). ( )hx s  is a hidden vector that follows 

a normal distribution ( 1CR  ), also known as the channel factors. 

JFA training includes the estimation of parameter set { , , , , }m  V U D Σ , where Σ  stands 

for a CF CF  diagonal covariance matrix with diagonal blocks equal to cΣ , 1,...,c C . It is 

assumed that for all observations drawn, the mixture component c  follows a Gaussian 

distribution  ~| ( ),hc cN M s Σ , where ( )hcM s  is the subvector of ( )hM s  related to component c

. The core idea behind JFA training is to find an optimal   that best describes the speaker- and 

channel-variabilities among recordings. This can be done by increasing the likelihood Pr( )ix  

through iterations given any observation ix . Similar to MAP optimization in the GMM adaptation 

procedure, several sufficient statistics are required for training. Based on Equations (3.2.5) to 

(3.2.7): 

 ( ) ( ) ( )c c c cF s F s N s m   (3.4.3) 

 * * *( ) ( ) ( ( ) ( ) ( ) )c c c c c c c c cS s S s diag F s m m F s N s m m      (3.4.4) 

where cm is the mean vector of the c th component from a UBM model. The statistical matrices 

across all mixture components are defined as: 

 
1( )

( )

( )C CF CF

N s I

s

N s I


 
 


 
  

N   (3.4.5) 
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1

1

( )

( )

( )C
CF

F s

s

F s


 
 

  
 
 

F   (3.4.6) 

 

1( )

( )

( )C
CF CF

S s

s

S s


 
 

  
 
 

S   (3.4.7). 

JFA training is completed upon a development dataset (similar as the one for UBM 

training) by finding an optimum parameter set  . With the properly trained parameters and the 

sufficient statistics of a speech, ( )y s , ( )hx s  and ( )z s  can be obtained according to their posterior 

means given the observations: 

   1 * 1( ) ( ) ( ) ( )Vy s E y s l s s     V Σ F   (3.4.8) 

   1 * 1( ) ( ) ( ) ( )h h Ux s E x s l s s     U Σ F  (3.4.9) 

   1 1( ) ( ) ( ) ( )Dz s E z s l s s     D Σ F   (3.4.10) 

where  

 

* 1

* 1

2 1

( ) ( )

( ) ( )

( ) ( )

V

U

D

l s s

l s s

l s s







    

    

   

I V Σ N V

I U Σ N U

I D Σ N

  (3.4.11). 

Scores are calculated based on the given parameter set along with the target and test 

observations: 

 * 1( ) ( )target target tst tst tst tstscore y z m x     V D Σ F N N U   (3.4.12). 

The JFA matrices training procedure can be summarized as in Table 3-4. Detailed iteration 

formulas can be found in (Kenny, 2005). 
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Table 3-4: Modeling process of JFA 

Development data training: 

1. Train the eigenvoice matrix V , assuming U  and D  are zero.  

2. Train the eigenchannel matrix U  given V , assuming D  is zero. 

3. Train the residual matrix D  given V  and U . 

Model training: 

1. Given a target observation, calculate the sufficient statistics 
targetN  and 

targetF . 

2. Estimate ( )y s , ( )hx s  and ( )z s  from V , U  and D  by Equations (3.4.8) to (3.4.10).  

Testing: 

1. Given a test utterance, calculate the sufficient statistics tstN  and tstF . 

2. Estimate ( )y s , ( )hx s  and ( )z s  from V , U  and D . 

3. Given a target, compute the score by Equation (3.4.12).  

3.5 I-vector approaches 

3.5.1 I-vector 

The heavy computational complexity requirements of JFA made it impractical in real life 

application. Moreover, it has been proved in ( Dehak, 2009) that the channel-dependent component 

in JFA also contains some speaker information. Thus, a new approach called i-vector was 

proposed, which defines only one “total variability” space ( Dehak et al., 2011). In other words, 

instead of the two components (speaker- and channel-dependent components) described in JFA, i-

vector introduces a new component named total variability that contains both speaker and channel 

information. In this case, a speaker- and channel-dependent supervector for speaker s  is written 

as: 

 ( ) ( )M s m w s T  (3.5.1) 

where m  still stands for the speaker- and channel-independent supervector, T is a low-rank 

rectangular matrix called total variability matrix (a.k.a. i-vector extractor) and w  is the so-called 
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i-vector that follows a standard Gaussian distribution (0, )N Ι . The estimation procedure of T  is 

the same as estimating V  and the corresponding i-vector can be calculated similarly: 

 
T 1 1 T 1( ( ) ) ( )w I s s    T Σ N T T Σ F   (3.5.2). 

Instead of a modelling method, this approach is more like a “feature extraction” process. 

Each utterance is represented by an i-vector, which can be seen as a new feature of the speech. 

Several scoring methods based on i-vector have been proposed, among which cosine scoring and 

PLDA proved to be the most successful two. Table 3-5 summarizes the extraction strategy of i-

vector. Scoring methods will be further explained in the next sections.  

Table 3-5: Extraction process of i-vector 

Development data training: 

1. Train the total variability matrix T . 

I-vector extraction for enrollment and testing speech: 

1. Given a target observation, calculate the sufficient statistics ( )sN  and ( )sF . 

2. Estimate i-vector w  from T  according to Equation (3.5.2). 

3.5.2 Cosine distance scoring 

Since the i-vector extraction process is exactly the same for enrollment data and testing 

data, the scoring stage can be simply conducted by comparing the similarity between two i-vectors. 

It has been proven that the magnitude of an i-vector does not contain any speaker or channel 

information. Therefore the cosine distance scoring technique was proposed in (N. Dehak et al., 

2011), which calculates the angle between two i-vectors: 

 
target test

target test

target test

,
( , )

w w
score w w

w w
   (3.5.3) 

3.6 Probabilistic linear discriminant analysis  

Probabilistic linear discriminant analysis (PLDA) was first proposed in face recognition 

(Prince & Elder, 2007). It follows the idea that one face image can be decomposed into two parts: 
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one which depends only on the identity of people, the other one which describes the within-

individual variabilities. In 2011, PLDA was found to produce robust performance in combination 

with i-vector (Kenny, 2010). The theory behind PLDA is similar as JFA, which describes the 

speech information with a speaker-dependent part and a channel-dependent part. Given an i-vector 

ijw  extracted from the j th speech of speaker i  , PLDA assumes that it can be written as: 

 
ij i ijw m z   V   (3.6.1) 

where m  is the global mean of all i-vectors which belong to i , V  is a rectangular matrix and iz  

stands for the speaker factor of speaker i . 
ij  is a residual term that follows a Gaussian distribution 

(0, )N  . All speech frames from the same speaker i  should share the same speaker factors iz . 

Assume that there are iH  speech frames from speaker i  in total, then the collection of all speech 

frames from i  can be represented as: 

 ˆ ˆˆ ˆ
i i iw m z   V   (3.6.2) 

where 
T

T T

1
ˆ

ii i iHw w w    , 
T

T Tˆ
im m m    , 

T
T Tˆ

i
   V V V  and 

T
T T

1
ˆ

ii i iH      . 

It can be seen from Equation (3.6.2) that three parameters are needed to complete a PLDA 

model, which is denoted as a parameter set  , ,m  V Σ . The task of PLDA training is to find an 

optimal 
opt  that can best describe the within- and between- individual variabilities, which is 

normally done through the EM algorithm. The estimation process can be summarized as below: 

1. Initialization: Randomly initialize  , ,m  V Σ . 

2. E-step:  

 T 1

i iH  L I V Σ V  (3.6.3) 
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1 T 1

1

ˆ| ( )
iH

i i i ij

j

z w w m 



 L V Σ   (3.6.4) 

 
TT 1ˆ ˆ ˆ| | |i i i i i i i iz z w z w z w L   (3.6.5) 

3. M-step:  

 
ijij

ii

w
m

H




  (3.6.6) 

 
1

T Tˆ ˆ( ) | |ij i i i i iij ij
w m z w z z w



    
   V   (3.6.7) 

      T T

1 1

1

1
ˆ|

iN H

ij ij i i ijN i j

ii

w m w m z w w m
H

 



     
   


Σ V   (3.6.8). 

Given a well-trained PLDA parameter set, the log likelihood between two i-vectors can be 

calculated as: 

 
1

( , ) 2
2

T T T

s t s s s t t tLLK w w w w w w w w const     Q P Q  (3.6.9) 

  
1

1 1

tot tot ac tot ac


   Q Σ Σ Σ Σ Σ   (3.6.10) 

  
1

1 1

tot ac tot ac tot ac


  P Σ Σ Σ Σ Σ Σ   (3.6.11) 

where T

tot  Σ VV Σ  and T

ac Σ VV . 
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3.7 Mixture of PLDA 

3.7.1 SNR-Independent Mixture of PLDA 

The idea of PLDA modelling in the previous section follows an assumption that an i-vector 

can be described by a single Gaussian distribution. However, researchers suggested that one 

Gaussian may not be sufficient to model an i-vector due to the variabilities contained in it. Thus, 

Mak et al. proposed an extension of conventional PLDA called SNR-Independent Mixture of 

PLDA in 2016, which assumes that an i-vector can be seen as a mixture of several Gaussians Mak 

et al., 2016b). Intuitively, the parameter set becomes: 

  
1

, , ,
K

SI mPLDA k k k k k
m  

 V Σ   (3.7.1). 

Here an additional term k  was introduced which indicates the mixture weight of the k th mixture, 

where K  is the total number of mixtures that are used to describe the i-vector. Following the same 

EM formulation, the likelihood ratio of two i-vectors in this case can be calculated as: 

 
 

   

T
T T T T T

1 1

T T

1 1
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| , | ,

s t s t s t s t s ts t

s s s s s t t t t ts t

K K

k k s t k k k k k k k kk k

SI mPLDA s t K K

k s k k k k k t k k k kk k

w w w w
LR w w

w m w m

 

 

 



 

      

      
   

 

 

V V Σ

V V V V Σ

  (3.7.2) 

where  diag ,
s t s tk k k kΣ Σ Σ  and 

T T

s t s tk k k k
   V V V . 

3.7.2 SNR-Dependent Mixture of PLDA 

In order to further address the noise condition mismatch between training and testing 

speech, another extension was developed which contains SNR information ( Mak et al., 2016b): 

the SNR-Dependent Mixture of PLDA (SD-mPLDA). A new parameter describing the SNR 

information was added: 

    
1 1

, , , , , ,
K K

SD mPLDA k k k k k k k kk k
w m      

  V Σ   (3.7.3) 
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where  , ,k k k k     stands for the prior probability, mean and standard deviation of the SNR 

for the k th mixture. Moreover, it can be noticed that there is no mixture weight in this case, which 

is because the clustering of i-vectors in this case is guided by the SNR information. In other words, 

it is the posterior probabilities of SNR that determines which mixture an i-vector belongs to instead 

of the posterior probabilities of i-vectors themselves. As in previous methods, the parameters of 

SD-mPLDA are obtained through the EM algorithm and the likelihood between two i-vectors is 

computed as: 

    
       

TT
T T T T T

,1 1

T T

1 1

, | ,
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| , | ,

s t s t s t s t s t s ts t

s s s s s s t t t t t ts t

K K

l l k k s t k k k k k k k kk k

SD mPLDA s t K K

l k s k k k k l k t k k k kk k

y y w w m m
LR w w

y w m y w m



 

 



 

      

      
   

 

 

V V Σ

V V Σ V V Σ

  (3.7.4) 

  
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    
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     


     
 

   


    
  (3.7.5) 

where 
ijky  indicates if the i-vector 

ijw  belongs to mixture k ,  1ijky   means yes and 0 means 

no, and 
ijl  is the SNR of the corresponding utterances.   
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Chapter 4  Inter-session Compensation 

4.1 I-vector Length Normalization 

Since i-vector/PLDA approaches all assume that i-vectors follow Gaussian distributions, a 

transform strategy was proposed to address the non-Gaussian behaviour of i-vectors (Romero & 

Wilson, 2011). According to the basic PLDA formulation: 

 
ij i ijw m z   V   (4.1.1) 

where iz  includes both speaker- and channel- information, the i-vector 
ijw can be seen as an 

affine transformation which follows a multivariate Student’s T distribution (Romero & Wilson, 

2011). A technique called Radial Gaussianization can transform this distribution into a Gaussian 

distribution (Lyu & Simoncelli, 2009), and the corresponding process contains two steps: 1. 

whitening the data using the development data statistics; 2. projecting the whitened data into the 

unit circle.  

4.2 Within Class Covariance Normalization  

Within Class Covariance Normalization (WCCN) is a compensation approach first applied 

in SVM solutions (Hatch et al., 2006). Speaker verification normally uses generalized linear kernel 

functions in SVM approaches, which can be formulated as: 

 T

1 2 1 2( , )k x x x x R   (4.2.1) 

where R  is a positive semidefinite matrix. WCCN introduces a within-class covariance matrix so 

that: 

 
1 W R   (4.2.2) 
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where W  contains the distinguishing information between individuals. Given a large set of 

development data, the optimal W  is found under the guidance of speaker labels which can be 

computed as: 

   
T

1 1

1 1 ihS

ij i ij i

i ji

w w w w
S h 

   W   (4.2.3) 

where S  is the number of speakers and ih  is the utterance number of speaker i . iw  stands for the 

mean i-vector of speaker i . Moreover, a transformation function B  can be defined as 
1 T W BB  

such that this approach can be applied as a simple linear transform. Given an i-vector, the updated 

vector is: 

 
Tw wB  (4.2.4). 

4.3 Linear Discriminant Analysis 

LDA is a widely used dimension reduction method which also deals with the variances. It 

projects the data into new orthogonal axes which maximize the distinctions between classes. These 

orthogonal axes are found by minimizing the within-speaker variance and maximizing the 

between-speaker variance at the same time. The within-class variance matrix follows the same 

formulation as in the WCCN, while the between-class variance matrix is introduced: 

   
T

1 1

1 1 ihS

w ij i ij i

i ji

w w w w
S h 

   S   (4.3.1) 

   
T

1

S

b i i

i

w w w w


  S   (4.3.2) 

where w  equals a null vector in the case of speaker verification, since i-vectors follow a standard 

Gaussian distribution with zero mean. Similarly, a simple transformation matrix can be defined so 

that 
T

w w A , where A  is composed of the eigenvectors v  from: 



40 

 

 b wv vS S   (4.3.3) 

in which   is the diagonal matrix of the eigenvalues. In i-vector approach, LDA is normally 

applied before WCCN to reduce the dimension of the i-vectors, therefore reducing the 

computational complexity during the testing stage. 
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Chapter 5   Experiments 

5.1 Experimental Setup 

In order to evaluate the performance of the previously described algorithms, this thesis 

used the LibriSpeech ASR corpus (Openslr.org, n.d.) to conduct all experiments. LibriSpeech is 

an open-access corpus of English novel reading speech, and the speech utterances vary from 3 sec. 

to 16 sec.. 7590 clean utterances from 759 speakers were used as a development dataset for training 

a UBM model, the i-vector extractor, the PLDA model and so on.  

In order to model a small-set system meanwhile reducing the chances that most speakers 

sound either extremely similar or different, 30 speakers were chosen to be target speakers, from 

which 10 speech utterances for each speaker were used in the model training stage. There were 10 

additional speakers considered as impostors, in other words, strangers from outside the target 

speakers. There was no overlap between the development dataset and the evaluation set. Ten 

utterances from each speaker were used for testing. For experiments that didn’t consider varying 

the length of the available speech, both training and testing speech utterances were 11 sec.. The 11 

sec. utterances were segmented from speech longer than 11 sec. in order to keep the continuity in 

the speech. 

The evaluation technique used in this thesis is the Equal Error Rate (EER), which indicates 

that the False Rejection Rate (FRR) equals the False Acceptance Rate (FAR). In this experimental 

setup, a false acceptance implies a speech which is classified to belong to a wrong speaker, no 

matter whether the speaker is a member of the target speakers or an impostor. Similarly, a false 

rejection is when a speech from a speaker is rejected to belong to that same, true speaker. In total, 

there were 300 target trials and 11700 non-target trials, including 3000 impostor trials.  

Clean speech is not sufficient to examine the robustness of each method, thus additional 

noise is added to the clean speech. In order to model the multi-noise and multi-SNR condition, 

four types noise from Freesound.org (Freesound.org, n.d.) were added to clean speech: babble, car, 

office and airplane noise. More specifically, the airplane noise is only included in the testing phase 
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in order to model an unanticipated noise case. Noises were added to clean speech under ITU P.56 

(active speech level meter) through VOICEBOX. In experiments which require to estimate the 

SNR of speech data, SNRs were computed according to the speech level difference between speech 

parts and silent parts through a Voice Activity Detection (VAD) in VOICEBOX: 

 , ,

, ,

dB speech dB noise dB

speech dB silent dB

SNR P P

L L

 

 
   (5.1.1) 

where ,speech dBP  and ,noise dBP  are the power of speech and noise in dB, while ,speech dBL  and ,speech dBL  

stand for the active speech level according to ITU P.56. 

1. Noisy development data: Clean speech were randomly combined with babble, car or office 

noise at 5 dB to 20 dB SNR. There is only one noisy development dataset which contains 

speech in three noise conditions and different SNR situations. Figure 5-1 presents the SNR 

distribution of the noisy development dataset. Speech length varies from 3 sec. to 16 sec. in 

this dataset. 

2. Noisy enrollment data: The enrollment speech was generated like the development data, and 

there is also only one noisy enrollment dataset where training speech were at different noise 

and SNR conditions. The SNR distribution of the enrollment data appears in Figure 5-2. 

3. Testing data: Clean testing data were combined with babble, car, office and airplane noise at 0 

dB, 6 dB, 10 dB and 20 dB respectively, resulting in 16 testing conditions (subsets) in total. 

Testing speech with airplane noise is then a previously unseen situation. Since speech signal 

with 20 dB SNR is rather clean and speech with higher SNR is considered not practical in real 

life, a maximum SNR of 20 dB was considered in this thesis. 
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Figure 5-1: SNR distribution of noisy development data. 

According to the core idea behind each approach, this thesis divided them into two classes: 

basic approaches and extension approaches. Basic approaches include GMM, UBM, 

Supervector/SVM, JFA and conventional PLDA, while extensions contain the i-vector approaches 

combined with inter-session compensation techniques and mixture of PLDA. Comparisons were 

first made among basic methods under both clean and mismatch conditions, meanwhile evaluating 

the performance of four common features: MFCC, LPCC, PLP and RASTA-PLP. Basic 

approaches with acceptable results will then be compared with extension methods. 
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Figure 5-2: SNR distribution of noisy enrollment data. 

5.2 Basic Approaches 

5.2.1 Clean Condition 

This section compares the performance as well as testing time of several algorithms under 

clean condition (no additive noise). Since there is no channel or environmental effect in this case, 

no inter-session compensation strategy is applied. The features used for computing i-vectors were 

60-dimensional vectors each containing 19 dimensional MFCCs along with their energy plus delta 

and double delta features (3 times 19+1), extracted with a 25 ms Hamming window, followed by 

cepstral mean and variance normalization. The experiments are conducted by using an Intel Core 

i7-4790 CPU (3.60 GHz) with Windows 7 operating system. As MFCC extraction is the same for 

all approaches, testing time is counted after MFCC extraction of testing speech and ended after 

completion of 12000 trials. There were five main methods used for testing: 

1. GMM: each target speaker is modeled by a 1024 mixture of diagonal GMMs (i.e. GMMs with 

covariance matrices forced to be diagonal). 

2. GMM-UBM: a 1024 mixture of diagonal UBMs is trained from the clean development dataset, 

then each target speaker is modeled by a 1024 mixture of diagonal adapted-GMM. 

3. GMM supervector/SVM: supervectors are extracted based on the GMM/UBM setup. In this 

case each speech utterance from a speaker was treated independently, thus each target speaker 
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has 10 supervectors. Additionally, for each target speaker model training, a sub-dataset that 

contains 400 speakers randomly selected from the development dataset is built. And 400 

supervectors are extracted from this subset to form the impostor data in the SVM training 

phase. In order to balance the data from the target speaker (positive) and the impostors 

(negative) part in SVM training, supervectors of target speakers are duplicated to reach the 

same amount of impostor supervectors. Linear kernel and supervector linear kernel are both 

used. 

4. JFA: The JFA model is trained from the clean development data containing 300 speaker factors 

and 100 channel factors, which follows the setup in (Kenny, Boulianne, Ouellet, & 

Dumouchel, 2007). 

5. I-vector: A clean i-vector extractor with 400 total variability was trained, which lead to 400 

dimensional i-vectors. Each speech was represented by one i-vector, resulting in 10 i-vectors 

for each speaker. Cosine distance scoring and PLDA scoring were both tested. A testing speech 

was compared against the i-vector averaged across the 10 i-vectors. 

 

Table 5-1 gives the EERs under clean condition. All approaches worked well except the 

basic GMM, with an EER of less than 1%, especially for the UBM, supervector/SVM with linear 

kernel and two i-vector methods, which achieved EERs of less than 0.1%. Although the GMM 

performed the worst, a 2.38% EER may still be acceptable in some scenarios. Regarding the testing 

time, the UBM appeared to be the most time-expensive method (nearly 10 minutes) while the JFA 

was the fastest. Both i-vector methods can finish in 2 minutes while reaching a 0.06% EER. Thus 

it can be concluded that all methods reached a reasonable EER, among which Supervector/SVM 

with linear kernel outperformed the other methods in clean condition, while GMM was the least 

robust. UBM also worked well but it required the highest computational complexity (execution 

time). 
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Table 5-1: EERs (%) and testing time (sec.) of seven approaches under clean condition 

Methods EER (%) Testing time (sec.) 

GMM 2.38 298.65 

UBM 0.05 596.26 

Supervector/SVM 

(linear) 
0.03 174.77 

Supervector/SVM 

(supervector linear) 
0.29 178.43 

JFA 0.33 80.02 

i-vector/Cosine 0.06 116.81 

i-vector/PLDA 0.06 113.37 

 

5.2.2 Mismatch Conditions 

In order to evaluate the mismatch and noisy cases in real life, noisy enrollment speech were 

used for training speaker models while first testing speech with three anticipated (previously seen) 

noise. Moreover, experiments in this section used noisy development data for training UBM, 

PLDA and i-vector extractor (as opposed to clean data). Figure 5-3 to Figure 5-5 provide the EERs 

(%) of the seven approaches against 4 SNR conditions under babble, car and office noise. 

It is notable that the GMM method is significantly less robust than the other approaches in 

all SNR and all noise conditions. All the other methods reached an EER of less than 2.50% when 

the speech was relatively clean (20 and 10 dB). While the performance of most approaches 

degraded quickly when the SNR dropped from 10 dB to 0 dB, the i-vector/PLDA method kept a 

slow decreasing trend in its performance. The UBM shared a similar performance to the i-

vector/Cosine method at 20 dB and 10 dB, however the EERs of the UBM increased a lot when 

the SNR was 10 dB or less. Table 5-2 gives the verification results averaged across babble, car and 

office noise. The i-vector/PLDA approach produced the best results with an averaged EER of 

1.45% at 0 dB SNR, while the others were 4 to 20 times worse than it. Although the JFA had a 

similar performance to the Supervector/SVM approach at 20 dB to 6 dB in most cases, it kept a 
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slower degradation of performance than the Supervector/SVM when the SNR dropped to 0 dB. 

Thus it is reasonable to say that JFA is more robust under low SNR conditions while the 

Supervector/SVM is not a very good solution for noisy cases.  

 

Figure 5-3: EERs (%) of the seven approaches against 4 SNRs under babble noise 
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Figure 5-4: EERs (%) of the seven approaches against 4 SNRs under car noise 

 

Figure 5-5: EERs (%) of the seven approaches against 4 SNRs under office noise 
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Table 5-2: EERs (%) of seven approaches averaged across babble, car and office noise 

Algorithm 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

GMM 11.33 12.03 15.50 28.14 

UBM 1.25 1.49 2.01 7.79 

Supervector/SVM 

(linear) 
1.74 2.33 3.78 11.13 

Supervector/SVM 

(supervector linear) 
1.50 2.26 4.00 11.27 

JFA 2.21 2.96 3.72 5.64 

i-vector/Cosine 1.39 1.36 1.81 4.89 

i-vector/PLDA 0.57 0.79 0.80 1.45 

In addition, it can be noticed that some methods, such as UBM and i-vector/PLDA with 

babble noise, worked slightly better under 10 dB SNR than under 20 dB SNR, which is a result 

due to the limited amount of speech data used in the experiments (10 enrollment speech utterances 

for each speaker), such that the difference in performance is of the same range as the accuracy of 

the result. All approaches tend to work better when training and testing speech “match” each other, 

which means they have the same noise type or are at similar SNR.  

5.2.3 Comparison Among Features 

In order to make comparable experiments, LPCC, PLP and RASTAPLP features were 

extracted similarly to the MFCC features. 19 coefficients were extracted from a 25 ms Hamming 

window with 15 ms overlaps. The features were then appended with their energy plus delta and 

double delta features, resulting in 60-dim feature vectors, followed by cepstral mean and variance 

normalization. UBM, JFA and two i-vector approaches were included for this comparison, since 

they had an acceptable performance in the previous section (EERs less than 8% at 0 dB SNR 

condition). 

With respect to different speech features, Table 5-3 gives the extraction time of each 

feature. The extraction times were measured via extracting 60-dim coefficients from 400 speech 
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files. It can be seen that all types of features took similar time, among which extracting the PLP 

was the fastest. The times spent for extracting features were very short compared to the 

classification.  

Table 5-4 to Table 5-7 show the averaged-EERs of four different features under the three 

anticipated (previously seen) noise scenarios. MFCC features outperformed the other three 

features under 20 dB and 0 dB situations with the UBM method, meanwhile the LPCC features 

achieved the best performance with 10 dB and 6 dB testing SNRs. The PLP features appeared to 

be less robust than MFCC and LPCC with UBM, and RASTA filtering did not bring any 

improvement to it. This was predictable since RASTA is supposed to be helpful with additional 

convolutional noises such as reverberation and microphone response, which are not found in our 

experiments. With the JFA method, the LPCC features showed an improvement of 0.06% EER at 

10 dB, 0.4% to 0.5% EER at 6 dB and 0 dB compared to the MFCC features. The PLP features 

also gave better results than RASTAPLP, except at 20 dB SNR with the JFA method. For both 

UBM and JFA methods, MFCC and LPCC features were more robust than PLP and RASTAPLP 

features in all SNR conditions.  

MFCC, LPCC and PLP features produced an imbalanced performance with the i-

vector/Cosine approach, while the RASTAPLP features did not show any advantage compared to 

the other features through all situations. The PLP features produced the best results at high SNR 

cases (20 dB and 10 dB), meanwhile the LPCC and MFCC features outperform the other methods 

at 6 dB and 0 dB SNR, respectively. Since the i-vector/PLDA is the most robust approach among 

all, more focus should be put on this approach. The MFCC features worked the best in most cases 

except at 10 dB SNR, where the PLP had an improvement of 0.14% EER compared to MFCC. 

However, LPCC was found to be less robust than MFCC in this case, while RASTA filtering 

remained the worst. Hence, for the next experiments we will use the MFCC features to evaluate 

the extension approaches. 
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Table 5-3: Extraction times (sec.) of four types of feature 

Features Extraction time (sec.) 

MFCC 9.85 

LPCC 8.00 

PLP 7.49 

RASTAPLP 8.16 

 

Table 5-4: EERs (%) of four features averaged across babble, car and office noise using UBM 

Features 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

MFCC 1.25 1.49 2.01 7.79 

LPCC 1.30 1.12 1.78 8.47 

PLP 1.39 1.84 2.54 8.04 

RASTAPLP 1.68 2.17 2.83 9.12 

 

Table 5-5: EERs (%) of four features averaged across babble, car and office noise using JFA 

Features 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

MFCC 2.21 2.96 3.72 5.64 

LPCC 2.32 2.90 3.19 5.24 

PLP 3.23 3.73 4.23 5.67 

RASTAPLP 3.16 3.87 4.31 5.95 

 

Table 5-6: EERs (%) of four features averaged across babble, car and office noise using i-vector/Cosine 

Features 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

MFCC 1.39 1.36 1.81 4.89 

LPCC 1.39 1.51 1.79 5.77 

PLP 1.27 1.35 2.31 5.44 

RASTAPLP 2.38 2.70 3.44 7.25 
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Table 5-7: EERs (%) of four features averaged across babble, car and office noise using i-vector/PLDA 

Features 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

MFCC 0.57 0.79 0.80 1.45 

LPCC 0.62 0.83 0.91 1.78 

PLP 0.61 0.65 0.89 2.35 

RASTAPLP 1.03 1.26 1.32 3.21 

 

5.3 Extension approaches 

5.3.1 Anticipated Noises 

Based on the previous results, the MFCC feature as well as the UBM, JFA and i-vector 

approaches were included in this section to compare with four more extensions: 

1. I-vector approaches with compensation techniques: compensation methods following the 

scheme in ( Mak et al., 2016a), where WCCN and i-vector length normalization were applied 

to 400-dim i-vectors, followed by LDA and WCCN reducing the i-vectors dimension to 150. 

The processed i-vectors were used for Cosine and PLDA scoring. 

2. SI-mPLDA and SD-mPLDA: After i-vector extraction, a two mixtures of PLDA approach is 

employed for scoring, and the same compensation strategies were used since they were 

reported to improve the performance in ( Mak et al., 2016a). Both SI- and SD-mPLDA consist 

of two Gaussian mixtures, and the number of mixtures is chosen through experiments. 

Figure 5-6 to Figure 5-8 give the EER of the 8 approaches against 4 SNRs under babble, 

car and office noise, i.e., the anticipated, previously seen noises. It is obvious that in all noise cases 

the i-vector/PLDA and mPLDA approaches worked better than the others. Conventional PLDA 

outperformed the SI-mPLDA method under babble noise when the SNR was low, while an 

opposite trend can be observed under office noise, where the SI-mPLDA achieved about 0.3% 

EER improvement over the conventional PLDA. However, the SD-mPLDA method did not give 
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any advancement compared to the single-PLDA method, in all cases. As mentioned in the previous 

section, due to the limited amount of speech data for different SNRs of training speech, the EERs 

obtained at 6 dB are slightly smaller than 10 dB SNR in some cases. 

Table 5-8 provides the EERs (%) averaged through the three anticipated noises for all eight 

approaches, as well as the corresponding testing time. Inter-session compensation techniques 

improved the performance of the i-vector/Cosine by 0.36% and 1.83% EER at 20 dB and 0 dB 

respectively, while using no compensation strategy was more robust at 10 dB and 6 dB SNRs (with 

improvements of 0.28% and 0.15% EERs). The i-vector/PLDA and i-vector/mPLDA approaches 

outperformed the others through all SNR conditions, especially at 0 dB. Among these methods, 

the i-vector/PLDA with compensation strategy achieved the best performance at 20 dB, 10 dB and 

6 dB. However, the i-vector/PLDA with no compensation has a slightly better performance by 

0.27% EER at 0 dB. Both the SI- and SD-mPLDA methods did not show any improvement 

compared with conventional PLDA in all conditions.  

 

Figure 5-6: EERs (%) of the eight approaches against 4 SNRs under babble noise 
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Figure 5-7: EERs (%) of the eight approaches against 4 SNRs under car noise 

 

Figure 5-8: EERs (%) of the eight approaches against 4 SNRs under office noise 
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Table 5-8: EERs (%) of eight approaches averaged across babble, car and office noise 

Algorithm Testing time (s) 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

UBM 596.26 1.25 1.49 2.01 7.79 

JFA 80.02 2.21 2.96 3.72 5.64 

i-vector/cosine 116.81 1.39 1.36 1.81 4.89 

i-vector/cosine  

(with compensation) 
127.63 1.03 1.64 1.96 3.06 

i-vector/PLDA 113.37 0.57 0.79 0.80 1.45 

i-vector/PLDA 

(with compensation) 
124.19 0.52 0.74 0.77 1.72 

i-vector/ SI-mPLDA 124.93 0.66 0.85 0.97 1.98 

i-vector/ SD-mPLDA 518.23 0.56 0.82 1.01 1.71 

Regarding the time complexity, the compensation strategies only cost about 10 sec. for 

12000 trials, thus it is affordable considering the improvements in accuracy that it brought (0.5% 

EER at 20 dB and 10 dB for i-vector/PLDA). The JFA appears to be the most efficient method but 

with around 4 times worse EERs compared with i-vector approaches. The SI-mPLDA method 

shared a similar processing time with conventional PLDA, while the SD-mPLDA method is much 

more computationally expensive, since the SNR of each testing speech needs to be calculated 

before scoring. Thus it can be concluded that even though the SD-mPLDA method achieved 

similar results to the SI-mPLDA (slightly better at 20 dB and 0 dB), it is not a good choice in 

practice because of its complexity. 

5.3.2 Unanticipated Noise 

This section analyzes the system performance when utterances with a “previously unseen” 

noise are processed. Table 5-9 shows the EERs (%) obtained with the eight algorithms when testing 

utterances produced with unanticipated airplane noise. The performance of all methods degraded 

compared to the ones with previously known noises, except for the UBM and i-vector/Cosine 

approaches at 0 dB. JFA gave the worst performance with 8% EER at 0 dB condition, while the i-

vector/PLDA with compensation and the i-vector/SD-mPLDA achieved EERs of less than 5% 
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when testing with 0 dB speech. The I-vector/Cosine approach worked surprisingly well in almost 

all SNR conditions, with more than 1% EER improvement at low SNRs compared to the second 

most robust method (i-vector/SD-mPLDA). Compensation techniques were not helpful for Cosine 

scoring in all cases, however there is 1.5% to 2.5% of improvement in the i-vector/PLDA approach 

after applying inter-session compensation through all SNRs. Unlike the case with anticipated 

noises, the SD-mPLDA approach outperformed the SI-mPLDA by 0.5% to 1% in EER for all SNR 

cases. Hence, it can be summarized that i-vector/Cosine has been the most robust approach when 

an “unseen” noise was included, and the i-vector/PLDA with compensation and the i-vector/SD-

mPLDA methods were also acceptable. 

Table 5-9: EERs (%) of eight approaches under unanticipated “airplane” noise 

Algorithm 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

UBM 2.74 3.00 3.52 6.99 

JFA 3.76 5.46 6.67 8.00 

i-vector/Cosine 1.67 1.32 2.00 2.62 

i-vector/Cosine  

(with compensation) 
2.33 3.56 4.33 5.86 

i-vector/PLDA 3.62 5.20 5.71 6.29 

i-vector/PLDA 

(with compensation) 
2.01 3.26 3.33 4.19 

i-vector/SI-mPLDA 3.00 3.47 4.21 5.24 

i-vector/SD-mPLDA 1.96 2.90 3.20 4.00 

5.4 Score Fusion 

Linear score fusion was found to be an efficient way to improve the performance of PLDA 

approaches (Pang & Mak, 2015), therefore this section examines the robustness of several fusion 

systems. Given the scores obtained through two methods, the fusion scores are calculated by a 

linear combination: 

  1 21 ,  0< 1fusions s s       (5.4.1) 
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where 1s  and 2s  stand for the scores from two algorithms, and   is the fusion weight. Since the 

scores resulting from different approaches lie in different ranges, it is necessary to normalize them 

before fusion. Zero normalization (a.k.a. Z-norm, Auckenthaler, Carey, & Lloyd-Thomas, 2000) 

is a commonly used technique in speaker verification. For a test sequence X  and a speaker model 

m , the normalized score is calculated by: 

  
 LLK ,

,norms







m X
m X  (5.4.2) 

where   and   are the mean and standard deviation of the impostor scores against model m . 

The calculation of   and   only requires impostor speech and speaker models, therefore it can 

be completed offline.  

According to the results from previous sections, i-vector/PLDA with compensation was the 

most robust method to SNR mismatch with previously seen noise. The SI- and SD-mPLDA 

approaches also had acceptable performances in this case, with less than 1.0% EERs for most SNR 

situations and EERs within 2% at 0 dB SNR testing condition. Thus the following fusion systems 

will be evaluated for three anticipated noises scenarios, and the fusion weights will be chosen 

through the experiments.  

1. S1: fusion of i-vector/PLDA with compensation and i-vector/SI-mPLDA, the fusion scores are 

obtained by Equation (5.4.3) with 0.6  : 

  ( ) 1fusion SI SD mPLDA PLDAs s s     (5.4.3) 

2. S2: fusion of i-vector/PLDA with compensation and i-vector/SD-mPLDA, the fusion scores 

are also from Equation (5.4.3), but with 0.4  . 

3. S3: fusion of i-vector/PLDA with compensation, i-vector/SI-mPLDA and i-vector/SD-

mPLDA, the fusion scores are according to Equation (5.4.4) with 1 0.6  , 2 0.2  : 

  1 2 1 21fusion SI mPLDA SD mPLDA PLDAs s s s          (5.4.4). 
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As for the case with unanticipated (not previously seen) airplane noise, the i-vector/Cosine 

approach was fused with the i-vector/PLDA with compensation (S4) and the i-vector/SD-mPLDA 

(S5). The fusion scores are computed through Equation (5.4.5) with 0.4  :   

   ( )1fusion Cosine PLDA SD mPLDAs s s      (5.4.5) 

Table 5-10: EERs (%) of five fusion systems with seen and unseen noises 

 Systems 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

Averaged 

across seen 

noises 

S1 0.45 0.73 0.87 1.46 

S2 0.58 0.83 0.94 1.64 

S3 0.45 0.74 0.89 1.44 

Unseen noise 
S4 1.03 1.25 1.42 2.15 

S5 0.97 1.33 1.33 2.03 

The EERs of the five fusion systems are presented in Table 5-10. Compared with the results 

from the three independent approaches given by Table 5-8, overall the fusion systems showed 

some small improvements in almost all SNR conditions. In comparison to the results of i-

vector/PLDA with compensation, S1 had improvements of 0.07%, 0.01% and 0.26% in EER at 20 

dB, 10 dB and 0 dB. S3 also achieved better results at 20 dB and 0 dB (with 0.07% and 0.01% 

EER improvement, respectively), while fusing with S2 did not bring any benefit. However, the i-

vector/PLDA with compensation method is still the most robust approach when testing with 6 dB 

SNR (with more than 0.1% EER better than fusion systems). With respect to the performance of 

each fusion system, S1 outperformed the other two in the 10 dB and 6 dB SNR cases. Conversely, 

S3 was slightly better than S1 when testing with 0 dB SNR speech and they had the same 

performance in the 20 dB SNR case.  It can be concluded that linear fusion is not helpful since the 

performance gain is very marginal, moreover it will double the computation time from running 

two algorithms. 

When testing with unanticipated airplane noise, a great improvement can be observed 

compared to the results in Table 5-9. S5 outperformed S4 in most cases except for the 10 dB SNR 
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case, with 0.1% to 0.3% improvements in EER. This was predictable since the SD-mPLDA was 

found to be more robust than conventional PLDA with airplane noises. However, SD-mPLDA 

requires the computation of speech SNR before classifying, thus it is not as practical as 

conventional PLDA in real life. Therefore, it can be summarized that S4 fusion is an effective way 

to improve the performance when dealing with previously unseen noise in practice, while S5 can 

be considered as the best solution when there is no constraint on system complexity. 

5.5 Analysis of Testing Length 

Since it may be unpleasant for speakers to speak a long utterance to get a verification 

decision, it is useful to test what is the shortest length of testing speech that can give an acceptable 

result. Since it is not necessary to consider the performance of ineffective methods, this section 

only focuses on the most robust methods from the previous sections. The i-vector/PLDA with 

compensation method and the fusion system S1 were tested with anticipated noise scenarios, while 

the S4 and S5 fusion methods were evaluated for the previously unseen noise scenario. This section 

investigates the performance of the four systems when the testing length decreases from 11 sec. to 

2 sec., under different SNR conditions.  

5.5.1 Anticipated Noise 

Despite the robustness of each method, focus is put on the performance impact of the 

testing speech length. Table 5-11 gives the averaged-EERs of the i-vector/PLDA (with 

compensation) method. When the SNR is higher than 0 dB, cutting the testing speech length from 

8s to 5s produces an EER which is 1.5 to 2 times worse than the EER at 8s. The results are further 

degraded by a factor around 2.5 times when the testing speech length was cut from 5s to 2s, and 

all EERs with 2 sec. speech are then greater than 3%. A similar behaviour was observed in the 0 

dB SNR case, only the overall performance in this case was twice worse than for higher SNR 

conditions. The results from the fusion system S1 are presented in Table 5-12, which shows a 

similar performance trend as Table 5-11. But although S1 previously outperformed the i-

vector/PLDA (with compensation) method at 20 dB, 10 dB and 0 dB cases with 11s speech, it was 

not as robust as the non-fusion system when the testing speech length became shorter.  
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Table 5-11: EERs (%) of i-vector/PLDA (with compensation) averaged over three seen noises 

SNR 
EER (%) 

11s 8s 5s 2s 

20 dB 0.52 0.60 1.34 3.29 

10 dB 0.74 0.97 1.54 3.90 

6 dB 0.77 1.05 1.83 4.56 

0 dB 1.72 2.30 3.48 7.84 

 

Table 5-12: EERs (%) fusion system S1 averaged over three seen noises 

SNR 
EER (%) 

11s 8s 5s 2s 

20 dB 0.45 0.62 1.43 3.91 

10 dB 0.73 0.79 1.56 5.33 

6 dB 0.87 1.22 1.98 5.88 

0 dB 1.46 2.63 3.62 9.33 

Regarding the acceptable shortest testing length, using 8 sec. of speech can achieve similar 

results as 11 sec. of speech in most cases, except for the 0 dB SNR condition where 11-sec. 

utterances have more than 0.6% improvement in EER over 8-sec. utterances. Although there is a 

degradation of performance when the testing speech was cut to 5 sec., the performance was still 

acceptable in most cases: for the i-vector/PLDA with compensation, the EERs were less than 1.9% 

under 20 dB, 10 dB and 6 dB cases. However, the EERs obtained for 2-sec. conditions were two 

to three times worse than the ones obtained at the 5-sec. conditions across all SNR conditions and 

algorithms, therefore it is reasonable to conclude that 2-sec. speech utterances are two short for 

getting an acceptable verification result. As for 0 dB SNR conditions, 11-sec. utterances are 

required to get an EER of less than 2% for both systems. 

5.5.2 Unanticipated Airplane Noise 

The results for the previously unseen “airplane” noise case with the S4 and S5 fusion 

approaches are given in Table 5-13 and Table 5-14. The performance degraded slowly when the 

testing speech length was cut from 11sec. to 5 sec., the degradation became larger as the testing 
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SNR decreased. When the testing speech length was cut to 2 sec., the EERs in all SNR conditions 

grew rapidly (two times worse than for 5 sec.). Considering the factor of “unseen” noise, it was 

predictable that the results here would be worse than the ones with previously seen noises. All 

EERs for the 2 sec. case were higher than 5%, which is not an acceptable error rate. Thus it is 

reasonable to suggest that speech utterances of at least 5 sec. are necessary at 20 dB to 6 dB SNR, 

and at least 8 sec. utterances are required at the 0dB SNR condition. But these conditions will not 

be sufficient to obtain the same EER performance as in Table 5-10 and Table 5-11, since the 

performance is not as good when testing with a previously unseen noise. When testing with short 

speech in low SNR cases, the difference between S4 and S5 became smaller. 

Table 5-13: EERs (%) of S4 fusion system with airplane noise 

SNR 
EER (%) 

11s 8s 5s 2s 

20 dB 1.03 2.00 2.33 5.56 

10 dB 1.25 2.00 2.21 5.33 

6 dB 1.42 2.54 2.67 6.00 

0 dB 2.15 2.67 3.74 9.04 

 

Table 5-14: EERs (%) of S5 fusion system with airplane noise 

SNR 
EER (%) 

11s 8s 5s 2s 

20 dB 0.97 1.86 2.27 5.33 

10 dB 1.33 1.85 2.22 5.55 

6 dB 1.33 2.33 2.33 6.00 

0 dB 2.03 2.76 3.71 9.05 

5.6 False Acceptance Rate and False Rejection Rate 

5.6.1 Anticipated Noise 

In practice there are two other important evaluation metrics for speaker verification 

systems other than the EER: the false acceptance rate (FAR) and the false rejection rate (FRR). 

The false acceptance (false positive) is counted as an impostor or noise been recognized as a target 
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speaker, and a false rejection (false negative) is when a target speaker is rejected by the system. 

FAR and FRR can be calculated as: 

 
False positive

FAR
Condition negative





  (5.4.6) 

 
False negative

FRR
Condition positive





 (5.4.7) 

where “condition negative” and “condition positive” refer to the actual label of a segment (“ground 

truth”). In other words, Condition negative  is the total number of impostors and noise 

segments and Condition positive  is the total number of target speech segments. For a speaker 

verification system, there is always a trade-off between FAR and FRR. A higher decision threshold 

will lead to a more “strict” system, which has low FAR and higher FRR. In contrary, a more 

“loose” system with a lower threshold will have higher FAR and a low FRR. In practice, the 

decision threshold should be adjusted to meet the system requirements, for example a voice lock 

system possibly needs a low false acceptance rate to ensure the system security. Based on previous 

results, the i-vector/PLDA with compensation strategies and S4 fusion are the best approaches for 

previously seen and unseen noise cases. Therefore, this section will examine the FAR-FRR trade-

off of these two methods under three known noises and previously unseen airplane noise 

conditions, separately. Detection Error Trade-off (DET) curves are a typical way to visualize the 

relationship between FAR and FRR. Figure 5-9 to Figure 5-11 present the DET curves of the 

results obtained from i-vector/PLDA with compensation techniques when testing with babble, car 

and office noises. The black dot lines in the figures indicate the place where the FAR equals the 

FRR, which is by definition the EER. It could be seen that in all cases, a slight change in FAR will 

lead to a greater change in FRR. In other words, the system will have a maximum FAR regardless 

of how “loose” the decision threshold was. Table 5-15 to Table 5-17 provide the FRRs (%) for 

different ideal FARs (%), for each case. In all situations, the FRRs increased greatly if the FAR 

was limited to 0.1% from 0.5%, especially when testing with babble noise. For a system which is 

not too strict on false acceptance, 0.5% of FAR will give an acceptable FRR.  
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Figure 5-9: DET curves of i-vector/PLDA with compensation under babble noise 
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Figure 5-10: DET curves of i-vector/PLDA with compensation under car noise 

 

Figure 5-11: DET curves of i-vector/PLDA with compensation under office noise 



65 

 

Table 5-15: FRRs (%) of i-vector/PLDA with compensation under babble noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.33 1.33 0.67 5.67 

0.5 0.67 2.33 3.67 11.00 

0.1 7.67 10.00 15.67 26.00 

Table 5-16: FRRs (%) of i-vector/PLDA with compensation under car noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.33 0.33 1.00 3.33 

0.5 1.00 1.00 2.00 5.67 

0.1 4.33 4.33 8.00 16.67 

Table 5-17: FRRs (%) of i-vector/PLDA with compensation under office noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.33 0.33 0.67 1.67 

0.5 1.00 1.67 1.33 4.33 

0.1 2.67 4.33 4.67 12.00 

5.6.2 Unanticipated Airplane Noise 

The results obtained from S4 and S5 fusion with unanticipated airplane noise are shown in 

Figure 5-12 and Table 5-18 and Table 5-19. As in the previous section, small changes in FAR will 

lead to bigger changes in FRR. Considering the fact of previously unseen noise, the FRRs became 

extremely large when the FAR was limited to 0.1%, especially in low SNR situations. If a system 

requires low FAR (for example 0.1%), the FRR can be as high as 30%. For a system that can 

accept 0.5% false acceptance, FRR will be less than 10%; if a system can accept 1% false 

acceptance, then FRR can be less than 6%. 
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Figure 5-12: DET curves of S4 under airplane noise 

 

Figure 5-13: DET curves of S5 under airplane noise 
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Table 5-18: FRRs (%) of S4 under airplane noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 1.33 2.33 2.33 5.33 

0.5 3.00 3.33 4.67 9.00 

0.1 15.00 19.00 20.33 33.00 

 

Table 5-19: FRRs (%) of S5 under airplane noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.67 1.67 2.33 6.00 

0.5 2.67 3.33 4.67 10.00 

0.1 14.67 20.67 19.00 33.33 
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Chapter 6  C++ Implementation for Real Time Online Processing 

6.1 System Description 

 Based on the experimental results obtained through MATLAB tests in the previous chapter, 

it can be concluded that for a small-set speaker verification system that works under multi-SNR 

and multi-noise conditions, using 60-dim MFCCs features (19 MFCCs plus energy, along with 

deltas and double-deltas) combined with the i-vector/PLDA with compensation approach is a good 

solution. The i-vector/PLDA with compensation method gave a stable performance for both 

previously seen and previously unseen noises, meanwhile the i-vector/Cosine approach was not 

found to be as robust when testing with previously seen noises. Although the fusion systems S4 

and S5 were able to improve the performance under previously unseen airplane noise, they require 

the computation of two independent systems. Hence, a C++ based speaker verification system 

using the ivector/PLDA with compensation approach is implemented and described in this chapter. 

For example, this system can work as a continuously working voice lock or intelligent doorbell 

application for a small-set family. It can also be seen as a surveillance system which could report 

strangers detected in a house. 

There are two vital features of this system: online processing and multi-threading. Since 

the application should work constantly, an online processing technique was used. We assume that 

the system receives audio segments every ten milliseconds, while we have previously determined 

that a reliable speaker verification decision should be made based on at least 5-8 sec. of speech. 

Here we will use 8 sec. for the speech utterances length. Instead of storing all the short audio 

segments in memory until they comprise a long sentence, the system will continuously extract 

MFCCs using the newly received samples and it will store those features in buffer. The main 

advantage of this approach is not necessarily to save storage space, but it is to re-use each computed 

frame of MFCCs for several classification decisions (over 8 sec.). Since we use 25 ms windows to 

compute the MFCC features, and since we receive new speech frames (of 10 ms) every 10ms, it is 

natural to view our system as using 25 ms windows with 15 ms overlap. For every new 8 sec. of 

speech, a frame update every 10 ms means that 800 new frames of MFCC are computed. Note that 

for this system to be able to run in real-time, the computation of a frame of MFCC features must 
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take less than 10 ms (and preferably much less than 10 ms, since some of the processing power 

must also be left available for all the other computations to be performed by the overall system). 

Only the 19-dim original coefficients and their energy are extracted during this stage, resulting in 

800 20  feature vectors in a buffer. Note that the buffer is not filled all at once (e.g. offline) for 

the whole 8s duration, instead it is continuously filled with a new set of MFCC coefficients every 

time that a new frame of speech data is received, i.e., every 10 ms. This can be achieved by 

performing a shift operation on the MFCC frames buffer, discarding the oldest MFCC coefficients 

and then inserting the new MFCC coefficients. Or more efficiently using a “circular buffer” 

approach, where the position of the current/latest MFCC coefficients is stored in a variable. 

Once the buffer is filled with feature vectors (after the initial first 8 s), the MFCC features 

in the buffer can be processed to make verification decisions. This process includes adding deltas 

and double deltas coefficients, extracting i-vectors, applying compensation strategies and PLDA 

scoring. From our implementation, we have determined that this process takes about 500 

milliseconds in total, on a recent general purpose computer. However, we do not want our system 

to make a new verification decision every time that a new frame of MFCC coefficients is computed 

(i.e., every 10 ms), and in fact this would not be possible in real time since the computation takes 

around 500 ms. Considering that continuously processing the recorded signal will lead to some 

non-speech segments and partial-speech segments, and also considering the complexity of the 

resulting system, we have decided that a speaker verification decision will be made every 3.2 sec., 

i.e., whenever 320 new MFCC frames have been saved in the buffer. Thus the buffer to be filled 

with new MFCC frames will be of size 320 20 , while a longer buffer of size 800 20  (including 

the 320 20  buffer) will be used to process the 8 sec. of data and make a speaker verification 

decision. While the computations required for a verification decision are made, the system will 

also simultaneously receive new audio segments every 10 ms. Thus two different threads are used 

to run the MFCC feature extraction and the speaker verification processing separately (which we 

refer to as the short thread and the long thread, respectively). In such case, the system is able to 

read the 10ms audio segments and extract the MFCCs from it continuously, even while making a 

verification decision. More specifically, both threads are put to sleep most of the time, while the 

short thread is waken up every 10 ms and the long thread is notified as soon as the 320 20  MFCC 
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feature buffer is full (every 3.2 sec.). Both threads go back to sleep once they finish their job. The 

working system is illustrated in Figure 6-1.  

 

Figure 6-1: Workflow of C++ online system 

6.2 Experimental Results 

6.2.1 Without Online Processing 

This section is to evaluate the performance of the offline C++ implementation of the i-

vector/PLDA approach, and the same data and experimental setup as in section 5.3 were used. 

This means that in this section speech files were read “all at once” and there was no frame by 
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frame online processing, which is considered in the next section. The EERs obtained under the 

four noises and four SNRs are shown in Table 6-1. Although similar trends can be observed, the 

performance was not entirely as robust as the previous one in section 5.3 obtained from the 

MATLAB experiments. Compared to the results in Table 5-8, for the scenarios with the three 

previously seen noises, the averaged EER decreased by 0.08% and 0.12% for the 20 dB and 10 dB 

SNR cases, while the EER increased by 0.25% and 0.36% at 6 dB and 0 dB SNR. As for the 

unanticipated airplane noise, the C++ implementation results were also outperformed by the 

previous MATLAB simulation results in most cases, with EERs 1.2 and 1.5 times greater than in 

Table 5-9 at 6 dB and 0 dB SNR. Since the same data was used for the C++ and Matlab 

experiments, the differences of performance are essentially caused by the use of different libraries 

and toolboxes for the processing, as well as possibly different numerical resolutions.  The overall 

performance of the C++ implementation is nevertheless still acceptable, with less than 1% EER 

when the testing speech utterances were relatively clean (20 dB and 10 dB SNR) and nearly 1% 

and 3% EER at 6 dB and 0 dB SNR, respectively, for the cases of previously seen noises. Although 

the EER obtained at 0 dB with airplane noise is 6.33% (above 5%), it is still acceptable since an 

unknown noise at 0 dB is representative of an extreme case. 

Table 6-1: EERs (%) of offline C++ implementation 

Noise type 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

Babble 0.67 1.04 1.55 2.69 

Car 0.33 0.47 0.75 1.84 

Office 0.31 0.34 0.77 2.00 

Averaged across 

babble, car and office 
0.44 0.62 1.02 2.18 

Airplane (unseen) 1.67 3.39 4.16 6.33 
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Figure 6-2: DET curves of offline C++ implementation under babble noise 

 

Figure 6-3: DET curves of offline C++ implementation under car noise 
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Figure 6-4: DET curves of offline C++ implementation under office noise 

 

Figure 6-5: DET curves of offline C++ implementation under airplane noise 
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Table 6-2: FRRs (%) of offline C++ implementation under babble noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.33 1.33 2.33 11.33 

0.5 1.00 2.33 2.67 19.33 

0.1 3.67 5.67 8.00 41.67 

 

Table 6-3: FRRs (%) of offline C++ implementation under car noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.00 0.00 0.67 4.00 

0.5 0.00 0.33 1.67 9.00 

0.1 2.33 2.33 5.00 20.00 

 

Table 6-4: FRRs (%) of offline C++ implementation under office noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.00 0.33 0.33 5.00 

0.5 0.00 0.33 1.33 9.67 

0.1 2.33 2.67 5.00 19.00 

 

Table 6-5: FRRs (%) of offline C++ implementation under airplane noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 2.00 7.00 12.33 24.33 

0.5 3.67 10.67 15.33 35.00 

0.1 6.67 20.67 32.00 53.67 

The DET curves for the four noise conditions are shown in Figure 6-2 to Figure 6-5, 

meanwhile Table 6-2 to Table 6-5 present the corresponding FRRs with different FARs. For 

previously anticipated noises, almost all FFRs were smaller than the ones in Table 5-15 to 

Table 5-17 (Matlab experiments) when the SNR was higher than 0 dB, but the C++ setup gave 

higher FRR when the SNR drops to 0 dB. As for the previously unseen airplane noise, the FRRs 
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are significantly larger than the ones with other noises. The FRRs are less than 10% only for the 

20 dB SNR case and 10 dB SNR case, with a 1% FAR. The FRR is over 59% in the worst case 

testing with 0 dB SNR speech along with 0.1% FAR. In other words, in this case a target speaker 

will need to make at least two attempts (on average) to get approved. 

6.2.2 Online Processing 

In order to evaluate the online processing scheme, a different testing dataset was created. 

Instead of individual 11 sec. speech utterances from speakers, longer audio signals are more 

suitable to reproduce continuous processing conditions. Therefore the 400 speech utterances (11 

sec. each) from 40 speakers (30 target speakers plus 10 impostors) were combined with babble, 

car, office and airplane noises, and the speech utterances were then concatenated in random order 

with 10 to 20 sec. of pure noise (same type as the one added to speech) between 2 speech 

utterances. In order to examine the system performance against different SNR condition, noises 

were again added at 20 dB, 10 dB, 6 dB and 0 dB separately. More specifically, 4 types of noise 

along with 4 SNR situations resulted in 16 long audio signals, and only one type of noise was 

included in each setup. As a result, approximately 170-minutes of audio was generated for each 

case. An example of 120 sec. of a long speech is shown in Figure 6-6, where speakers and noises 

are marked in different colours.  
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Figure 6-6: An example of a combined long speech 

Considering the idea of “online processing”, in addition to the target speech and the 

impostor 8 sec. segments, there would be segments that cover both target speech and pure noise, 

or both impostor speech and pure noise, as well as noise-only segments. A segment that contains 

both target speech and pure noise can be categorized as both positive and negative. Therefore, the 

following scheme for labelling was applied: 

1. During the process of generating the long signal, the audio was first labelled sample by sample. 

2. Segment the sample by sample labels the same way as online processing, with 800 frames 

window and 320 frames window shifts. 

3. For each label segment, if there is one type of label (speaker id or noise) that covers over 90% 

of the whole segment, then the segment will be labelled after that type. Otherwise the segment 

as well as the corresponding score segment will be excluded. In other words, the segment will 

not be considered when evaluating the system performance since it can be both positive and 

negative. 

Based on the above labelling strategy, the results obtained through the online systems are 

presented in Table 6-6. It can be noticed that the results are improved compared to Table 6-1, this 
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is caused by the noise-only segments included in this setup. Pure noise segments are easier for the 

system to distinguish from target speakers than impostors, therefore the overall EERs became less. 

Another observable performance is that in all cases, the EERs grow in a slow pace when the SNR 

drops from 20 dB to 6 dB but increase rapidly when the SNR reaches 0 dB. The averaged-EERs 

for the 0 dB SNR case are around 4 times worse than for 6 dB SNR, except for the previously 

unseen airplane noise, where the overall results are also better than the ones in Table 6-1, especially 

when the testing speech has 0 dB SNR. 

Table 6-6: EERs (%) of online C++ processing 

Noise type 
EER (%) 

20 dB 10 dB 6 dB 0 dB 

Babble 0.18 0.23 0.26 1.12 

Car 0.47 0.39 0.58 1.40 

Office 0.11 0.21 0.24 1.04 

Averaged across 

babble, car and office 
0.25 0.28 0.36 1.19 

Airplane (unseen) 0.62 1.98 3.16 3.99 
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Figure 6-7: DET curves of online C++ processing under babble noise 

 

Figure 6-8: DET curves of online C++ processing under car noise 
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Figure 6-9: DET curves of online C++ processing under office noise 

 

Figure 6-10: DET curves of online C++ processing under airplane noise 
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Table 6-7: FRRs (%) of online C++ processing under babble noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0 0.23 0 1.62 

0.5 0 0.23 0 5.31 

0.1 1.15 1.39 4.64 25.17 

 

Table 6-8: FRRs (%) of online C++ processing under car noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0 0 0.23 1.86 

0.5 0.23 0.47 1.17 4.20 

0.1 0.93 2.10 3.28 14.45 

 

Table 6-9: FRRs (%) of online C++ processing under office noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0 0 0 1.22 

0.5 0 0 0 2.93 

0.1 0.24 0.98 0.48 9.27 

 

Table 6-10: FRRs (%) of online C++ processing under airplane noise 

FAR (%) 
FRR (%) 

20 dB 10 dB 6 dB 0 dB 

1.0 0.23 5.95 8.49 24.03 

0.5 1.14 8.01 11.01 32.49 

0.1 6.64 11.67 19.27 46.91 

 The DET curves and FRRs of the online processing system are given in Figure 6-7 to 

Figure 6-10 and Table 6-7 to Table 6-10. The results are better compared to the ones in Chapter 5 

and in the previous offline setup, especially when FARs are limited to 0.1% at high SNR 

conditions. And the improvements become smaller when testing with 0 dB SNR noisy speech. 

This can be explained the same way as in the previous section: it is easier to distinguish pure noise 
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from target speech than impostor speech from target speech. For previously seen noises, 0.5% 

FAR for this system will give low FRR in most cases, except for 0 dB SNR conditions. Even if 

the system has high security standards and only allows 0.1% FAR, the FRR will still be less than 

2% in clean situations with previously anticipated noises. However, like in the offline experiments, 

the situation becomes more difficult for previously unseen airplane noise: 0.5% FAR will lead to 

11.01% and 32.49% FRRs for the 6 dB SNR and 0 dB SNR cases. Therefore, there will be a high 

chance for the system to give a rejection if a target speech is processed under a new type of loud 

noise.  
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Chapter 7 Conclusion 

The thesis aimed at evaluating various speaker verification methods in multi-noise and 

multi-SNR conditions, meanwhile finding the best solution for a small-set speaker verification 

system in practice. Unlike the commonly used experimental setup in other studies, where training 

speech is at the same SNR and noise distribution as testing speech, training speech in this work 

was under a nearly uniform SNR distribution. Therefore, there is great mismatch between training 

and testing speech, which forms a more practical situation. Besides, an unknown noise which was 

not included in training speech was used for testing the system performance. Moreover, this thesis 

analyzed the impact of the testing speech length on the verification performance, in order to get 

the shortest testing length that will give a reliable result. At last, a C++ online processing system 

was implemented, based on the previous experiments. 

Chapter 5 presented the experiments of different methods as well as different testing cases. 

The i-vector/PLDA with compensation method was found to be the most robust approach when 

testing with previously anticipated noises, while the i-vector/SI-mPLDA and the i-vector/SD-

mPLDA methods also achieved acceptable results. In the experiments with a previously unseen 

airplane noise, the i-vector/Cosine method showed a superiority at low SNR conditions while the 

i-vector/PLDA with compensation approach also gave an acceptable performance. With 

previously seen noises, the fusion systems of conventional PLDA and mixture of PLDA did not 

bring observable improvement. Also, the fusion systems require computing several algorithms, 

therefore it is not necessary to perform linear fusion in this case. For previously unseen noise, the 

fusion system of i-vector/Cosine and i-vector/PLDA with compensation methods improved the 

EER performance by 1.5 to 2 times, thus it is a good solution for this setup. 

The experiments for the testing speech length showed that 8 sec. speech utterances can 

achieve similar results as 11 sec. speech at high SNR conditions and the system performance 

degraded rapidly when testing speech became shorter than 5 sec. Therefore, in high SNR cases a 

speech length longer than 5 sec. will lead to good verification results. However, the speech length 

needs to be longer when the speech SNR is lower or with a previously unseen noise. With respect 

to the analysis on FRR and FAR, for both previously seen and unseen noises, the best systems can 
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achieve less than 5% FRRs with SNR higher than 0 dB when the FAR is larger than 0.5%. And 

the false rejection rate will grow rapidly if the testing SNR drops to 0 dB or if the FAR is set to 

0.1%.  

The C++ implementation achieved similar results as the MATLAB experiments when 

testing with previously seen noises, while the C++ results were outperformed by MATLAB 

simulation with previously unseen airplane noise at low SNR situations. The overall performance 

of the C++ implementation working offline was found to be acceptable. The online processing 

gave better results regarding the EER compared to the offline system, this is mainly because there 

are noise-only segments in the online tests, which are easier for the system to distinguish from 

target speech.  

There are some limitations to the scope of this thesis. The types of noises are limited, and 

more complex setups with more noise types, room reverberation and different recording devices 

can be considered. Also, this thesis did not consider the case of speakers trying to imitate other 

people’s voice by intention. Besides, there is some more future work that could be done for this 

thesis. First, the combination of different types of features could be tested, as it could be a way to 

improve system performance but at the cost of increased computation complexity and storage. 

Second, the impact of the training speech length on the verification performance should also be 

investigated in more depth. Although it may not be as important as the testing speech length since 

the training is completed offline, it is still useful to know the best length of training speech that 

will lead to good results. Third, with the growing popularity and success of deep learning in the 

machine learning area, algorithms using neural networks could also be further applied for speaker 

verification. However, a larger amount of data as well as more training time would be required in 

this case. The current C++ implementation does not include fusion of speaker verification systems 

for computational simplicity, and an implementation of fusion system S5 could be developed if 

the requirement on the system complexity is not very strict. At last, a multimodal fusion of the 

speaker verification system could be performed with the classification obtained from an 

image/video processing system, to further improve the performance of the system. 
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