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ABSTRACT 
In real-world speaker applications, background and additive and convoluted 

noise and reverberation cause a mismatch between the training and recognition 

environments, resulting in poor performance. Parallel Model Combination 

(PMC) has proven to be an effective method for mitigating the effects of 

additive noise. Hidden Markov Model (HMM)-based speaker recognizers have 

been successfully improved using Parallel Model Combination (PMC). The 

results of using PMC to compensate for additive noise in HMM-based text-

independent speaker verification are presented in this paper. Speech data were 

obtained from the SALU-AC databases. The findings of using PMC to correct 

for additive noise in HMM-based text-independent speaker verification are 

presented in this article. Equal Error Rates (EER) for noise-corrupted speech 

are given for various signal-to-noise ratios (SNRs) and noise sources. For 

example, at 10dB SNR, the average EER for speech in an operations room 

noise decreased from 6.7% uncompensated to less than 4.6% using PMC. 

Finally, it is shown that the precise value of the parameter that controls the 

relative amplitudes of the PMC model's speech and noise components does not 

affect speaker verification accuracy. Speaker verification experiments in 

artificial conditions show the efficiency of using Parallel Model Combination 

(PMC) in reducing equivalent EER error rate and DET trade-off error 

detection. 

 
 

1. Introduction 
When there is a mismatch between the training and testing environments, automated speaker recognition (ASR) 

performance quickly decreases. It has been shown that ASR systems perform extremely poorly when evaluated in 

an acoustic environment that differs from the one they were trained in. As a result, the need for robust speaker 

recognition systems is growing as they are used in real applications. Applications such as voice recognition over 

the phone, in automobiles, on a manufacturing floor, or outdoors require high environmental resilience[1, 2]. After 

several years of work, present speaker recognition systems have realized an acceptable improvement, assuming 

that the training and retrieval speech signal length is adequate in addition to a significant signal-to-noise ratio 

(SNR) and reverberation time[3-5]. Several efforts have been made to address these challenges, to name a few. 

AL-KARAWI’s study has proved that training on the fly can reduce the harmful effect of reverberation on 

verification performance [6, 7], feature extraction space, and i-vector[8-10]. The author in [11-13] used a multi-

condition training technique to decrease the impacts of noise and reverberation on verification performance. The 

GMM-UBM framework characterizes a conventional speaker recognition method [14-17]. Noise-corrupted speech 

http://dx.doi.org/10.68264/jcda.2026.013
https://vertexacademic.com/journal/index.php/jcda/


Journal of Computing and Data Analytics, 1(1), 30-41, 2026 
 

 

 

31 

signals are widely known to cause higher speech and speaker verification mistakes due to the mismatch between 

training and test conditions and information loss. As a result, significant work has been spent developing effective 

noise correction methods. These methods are divided into speech pre-processing and recognition stage 

modification. The first class of techniques attempts to pre-process damaged speech to provide parameters typical of 

clean speech[8, 18]. 

Spectral subtraction and mapping [19, 20] are examples of designs in this area. HMM decomposition [21] and 

Parallel Model Combination (PMC) [22-24] are examples of methods that alter the recognition step. Methods 

based on pre-processing are typically computationally more accessible. However, they have the drawback of not 

retrieving any critical information lost during the pre-processing step for use in recognition. The work presented in 

this article focuses on the second method, namely Parallel Model Combination (PMC), which compiles speech and 

noise HMMs into a single composite HMM before recognition[25, 26]. PMC has been effectively used in HMM-

based automated speech recognition, which has been demonstrated to enhance recognition performance on speech 

with additive noise[23, 27, 28]. The findings of studies that explore the usefulness of PMC for noise-robust HMM-

based text-dependent speaker verification are presented in this article. As test data, clean speaker verification data 

from the SALU-AC)  was mixed with bubble noises at various signal-to-noise ratios[29]. Using PMC, this data was 

processed using clean speech models coupled with suitable noise models at the proper mixing levels[30, 31]. The 

findings indicate that PMC reduces equal error rates significantly. Speaker verification aims to minimize the 

consequences of such a mismatch to achieve recognition accuracy near that achieved under the matched condition 

as feasible. A wide range of solutions to the issue of robust speaker verification have been suggested. The Parallel 

Model Combination (PMC) method will focus on this article since it is a practical approach for minimizing the 

impacts of additive noise. The paper is organized as follows. Section 2: Rationale and System Architecture, Section 

3: Experiment Setup, Section 4: Experiment Results, and finally, conclusions are in Section 5. 

2. Rationale and System Architecture 

Speaker verification aims to validate a subject's stated identification by using individual variations in their 

speech. It is essential to differentiate between text-dependent speaker verification, which uses speech matching to 

recognize text, and text-independent speaker verification, which uses unconstrained vocabulary [6, 7, 17]. The 

current research is focused on the former. Text-dependent verification is a more straightforward issue to solve, and 

it is susceptible to word-level acoustic modeling methods from automated speech recognition, particularly the use 

of HMMs. After deciding to utilize HMM methods, it is reasonable to wonder if HMM noise compensation 

techniques from voice recognition can also be effectively used. PMC[32]  is the noise-compensating method under 

investigation in this research. 

2.1 Speaker recognition  

A speaker recognition system is designed to identify and verify an individual's identity based on their unique 

vocal characteristics. This biometric security system analyzes and captures distinct features of a person's voice, 

such as pitch, tone, rhythm, and pronunciation[7, 11].  Speaker recognition systems can be categorized into two 

main types: verification and identification. In the verification mode, the system confirms whether the provided 

voice sample matches the pre-enrolled speaker's reference template[33, 34]. On the other hand, in the identification 

mode, the system determines the speaker's identity from a database of known speakers. This technology finds 

applications in various fields, including security access control, telecommunications, and forensic investigations, 

where identifying individuals based on their voice patterns is crucial. Advances in machine learning and signal 

processing techniques have significantly improved the accuracy and reliability of speaker recognition systems, 

making them integral in modern security and authentication systems. Figure 1 shows the framework of the 

speaker recognition system. 
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Figure 1: The framework of the speaker recognition system 

2.2 Feature Extraction 

Mel Frequency Cepstral Coefficients (MFCC) feature extraction is widely used in speech and audio signal 

processing. It involves capturing essential aspects of the human auditory system's response to different frequencies, 

making it an effective method for representing audio signals. The process begins with dividing the audio signal into 

short overlapping frames. The power spectrum is computed for each frame, followed by applying a mel filterbank 

to emphasize specific frequency ranges[5, 35, 36]. The logarithm of the filterbank energies is then taken, and the 

discrete cosine transform (DCT) is used to obtain a set of cepstral coefficients. The resulting MFCCs represent the 

spectral characteristics of the audio signal and are particularly useful for speech and speaker recognition tasks. 

They compactly encode the signal's frequency content information, enabling effective feature representation for 

subsequent machine learning or pattern recognition algorithms[11, 30]. MFCCs have become a standard in audio 

processing applications, contributing significantly to the success of systems that analyze and recognize speech and 

other audio signals. 

Mel Frequency Cepstral Coefficients (MFCC) calculation is crucial in extracting distinctive features from audio 

signals, particularly speech and speaker recognition[13, 16, 27]. The process involves several key steps to capture 

the essential characteristics of the human auditory system. Firstly, the audio signal is divided into short frames, 

typically around 20 to 40 milliseconds long, with each frame overlapping the previous one. Subsequently, a Fourier 

transform is applied to convert the signal from the time domain to the frequency domain. A Mel filter bank 

emphasizes specific frequency bands, mimicking the non-linear human ear response to different frequencies[6]. 

The logarithm of the filterbank energies is taken, and then the Discrete Cosine Transform (DCT) is applied to 

decorrelate the resulting coefficients. The coefficients obtained through this process are the MFCCs, which 

represent the spectral features of the audio signal in a compressed form. The final set of MFCCs is used as a feature 

vector for various machine learning and pattern recognition tasks, playing a fundamental role in applications such 

as speech recognition, speaker verification, and audio signal processing[37]. 
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Figure 2  MFCC extraction procedure 

2.3 Parallel model combination (PMC)  

PMC is founded on the assumption that noise compensation should occur at the pattern processing stage of 

voice or speaker recognition rather than during parameterization. The judgment that a component of the input is 

'noise,' in particular, should come from the recognition process rather than precede it. In this manner, all the 

information in the voice signal is preserved and used for proper verification. Despite being comparable to HMM 

decomposition[21, 38], PMC has the advantage of working in the Cepstral domain and, therefore, inheriting the 

benefits of parameter decorrelation. Let s  and N  be single Gaussian states of a 'clean' speech HMM and a 

noisy HMM in the cepstral domain, respectively. Assume that the means and variances of s  and N  are 

represented by  

  and                                 (1) 

PMC generates a combined cepstral state   σS ⊗ Σn  by  inverse-transforming      

 and                                      (2) 

Into the linear spectral domain (through the log spectral domain), properly merging them into a single 

distribution, and then projecting this distribution back into the Cepstral domain. PMC makes many assumptions 

throughout this procedure. It is assumed that speech and noise are independent and additive and the two lognormal 

distributions are log-normal throughout the combining process. PMC can adjust for static and dynamic (velocity 

and acceleration) factors usually included in a Cepstrum-based representation for speech recognition. However, 

only static characteristics were modified in this research since it was thought that correcting for the delta and 

acceleration parameters would only result in minor increases in performance because the differencing procedure 

would eliminate many of the speaker-dependent features. In the log spectral domain, the speech means and 

covariance matrix are given by: 

                                                    (3) 

                                              (4) 

Where C is the cosine transform defined by the matrix 

                                                       (5) 
Similar expressions exist for the parameters of the noise state. The mean and covariance matrices for the state σS ⊗ 
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σN are then given by:  

                                    (6) 

                        (7) 
Again, g is the matching term that determines the signal-to-noise ratio. 

2.4 The log-add PMC technique 

PMC is a noise compensation scheme based on models for robust speech recognition. PMC aims to change the 

parameters of a set of HMM-based acoustic models estimated in a clean environment to represent the speech 

spoken in the current operating environment accurately. The technique assumes that a clean speech model is 

available and that a simple additive noise model can be estimated online to characterize the actual noise conditions. 

The first step in any robust recognition technique is defining a distortion or mismatch function that describes the 

effects of noise on clean speech. According to the most basic and widely used model, the original speech signal can 

be distorted by both additive and convolutional noise. Thus, the fundamental assumption underlying PMC is that 

speech and ambient noise are additive in the linear spectral domain, while speech and channel distortion are 

multiplicative. 

Furthermore, it is assumed that the convolutional noise remains constant over time. Another necessary 

assumption in the PMC framework is that the frame/state alignment, which is used to generate the speech models 

from the clean speech data, is unaffected by the addition of noise. As a result, the mismatch function in the log 

spectral domain can be represented as 

                                              (8) 

We only consider the Log-Add Approximation among the various PMC approximations, and it is the most 

straightforward and computationally efficient PMC implementation. The model variances are assumed to be 

negligible, so their effects on the estimates are ignored. This allows us to obtain a simplified and appropriate 

mismatch function for the static and dynamic coefficients that only adapts the HMM means while leaving the 

variances unchanged from the clean models [39]. It is important to note here that a simple noise HMM should be 

used to reduce both the computational overhead of the PMC technique and the recognition time. 

2.5 Noise Model Selection 

As previously mentioned, a noise model estimate is required to describe the noise circumstances of the present 

use environment to apply the PMC methods. Before the model adjustment procedure, the noise HMM is learned 

during the recognition step. This necessitates sufficient ambient noise data to generate an accurate noise HMM 

estimate. Non-speech frames inside the utterance may be used to acquire the required ambient noise data (speech 

pauses). As a result, to conduct noise data selection in a practical recognition system, an appropriate method, such 

as a dependable Voice Activity Detector (VAD), is needed to distinguish speech from stationary and non-stationary 

sounds in the operating environment. Assuming that VAD has high speech classification accuracy, another 

significant element in the effectiveness of noise compensation methods is the quantity of noise data provided. The 

duration of noise data in real-time recognition systems is a crucial characteristic that should be kept as short as 

feasible. Usually, the noise model is determined using noise data of finite length. A segment that is too short cannot 

be utilized since the model estimate would also be unreliable. The methods employed in compensation strategies to 

estimate the additive noise model acquire the test noise samples by capturing the required background noise before 

the user begins to speak. The proposed environmental compensation method aims to achieve high identification 

accuracy using a limited quantity of environment-specific noise data and a low computing cost. The suggested 

process eliminates the online noise HMM training required for PMC scheme implementation. The fundamental aim 

is to create a noise model selection that may be utilized in real-time robust speaker recognition. The primary 
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operations are as follows[40]: 

A. A single-state multiple-mixture general noise HMM model is trained offline using a noise database. This noise 
database must be representative of our possible operational scenarios. 

B. At the recognition phase, we use the N first frames of the utterance to select one or more Gaussian mixtures as the 
actual noise model for the compensation process. So far, for this selection, we have tried two different 
approaches. 

The noise selection method described above is shown in Figure 1. 

 
Figure2 The proposed method for noise model selection 

In generating the noise model for the generic Hidden Markov Model (HMM), a set of Gaussian distributions, 

ranging from one to the number of components in the generic noise HMM, is selected using the specified approach. 

The generation of the essential noise HMM necessitates the merging or mixing of these diverse Gaussian 

distributions. Various methods can be employed for this purpose, and in this context, a straightforward approach 

was adopted – a simple average across all the selected distributions. This method computes the mean of the noise 

HMM, contributing to creating a representative and comprehensive noise model. This approach ensures that the 

noise HMM encapsulates the essential characteristics derived from the diverse Gaussian distributions, providing a 

robust representation of the underlying noise components in the system. 

û=1/M                                                               (9) 
where M is the number of selected Gaussians. 

3. Experiment Setup 

3.1 Speech dataset 

In this experimental setup, a cohort of eighty participants, evenly distributed with 40 men and 40 women, was 

selected from the SALU-AC databases [41]. The clean voice samples were meticulously recorded in a fully 

anechoic home environment within a designated chamber at the University of Salford, United Kingdom. This 

chamber, measuring 78.408m3, maintained a background noise level of approximately -12.4 dB and had a cut-off 

frequency of 100Hz. Each participant contributed ten utterances, each lasting around 20 seconds. To facilitate 

training, the recordings were segmented into 5-second intervals. Eight samples (40 seconds) were selected for 

enrolment purposes, and two utterances from distinct records for each speaker were utilized to construct a test 

database. The primary objective of this study was to investigate talker recognition concerning the environment, 

emphasizing the use of brief utterances. Vocal activity detection techniques were employed to eliminate salience 
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components and enhance accuracy. The voice signal's sample rate was standardized to 16 kHz, ensuring 

consistency and reliability across all recordings. 

3.2 Evaluation methods 

In statistical testing assumptions, two types of errors play a crucial role in evaluating speaker recognition 

performance and other biometric frameworks. One of the primary methods employed for this assessment is the 

Equal Error Rate (EER). In speaker verification, the ultimate goal is to minimize both types of mistakes: the false 

rejection rate (FRR) and the false acceptance rate (FAR). Achieving optimal system performance entails ensuring 

that both errors are equal. The Equal Error Rate (EER) represents the percentage value of FRR and FAR when 

these two errors are identical. This rate can be calculated graphically by monitoring the false acceptance percentage 

or the percentage of false rejection at the point of intersection of a line and the Detection Error Tradeoff (DET) 

curve. The EER serves as a critical metric for determining the quality of a speaker recognition system, where a 

lower EER value indicates superior performance. Thus, minimizing both false rejection and false acceptance rates 

contributes to the effectiveness of the speaker recognition system [17]. The DET shows the FAR and FRR 

percentages based on the acceptance threshold setting. As a result, decreasing the FRR likelihood increases the 

FAR probability and vice versa. 

3.3 Mixing Procedure 

This study enriched the database above by incorporating diverse noise levels and introducing noisy utterances 

characterized by signal-to-noise ratio (SNR) values ranging from 20 to -5 dB. The augmentation process involved 

the development of a specialized audio mixer, meticulously crafted using MATLAB code. This innovative mixer 

seamlessly integrated anechoic speech, adjusting the signal strength to emulate real-world scenarios featuring 

various background noise levels. The mixer created a comprehensive test environment encompassing a spectrum of 

SNR values, facilitating a thorough evaluation of the system's robustness and performance across various 

challenging acoustic conditions. This deliberate approach ensures that the speaker recognition system undergoes 

scrutiny in conditions that closely mimic the intricacies of everyday settings, providing crucial insights into its 

practical applicability and overall reliability [4]. Following this, the speech signal underwent a meticulous 

integration process with the appropriately scaled noise signal, creating noise-polluted speech signals characterized 

by signal-to-noise ratio (SNR) intervals of 6 dB. The scaling factor required to achieve a specific SNR varied based 

on individual speakers and voice files. An average scaling factor, denoted as "g," was calculated for all speakers at 

each SNR to maintain consistency and accuracy. Subsequently, this calculated scaling factor was used to construct 

the Parallel Model Combination (PMC) models corresponding to each SNR. The mixing process involved several 

essential steps, starting with addressing normalization concerns to ensure the accurate addition of the requisite 

number of speech and noise samples, thereby preventing misinterpretation. The perceived levels of the mixed 

signals were equalized through standard methods, ensuring comparability of composite samples by processing 

them to have equal Root Mean Square (RMS) levels. This meticulous procedure addressed normalization concerns 

and facilitated the creation of a realistic and standardized set of noise-polluted speech signals. This approach aimed 

to provide a comprehensive and nuanced evaluation of the speaker recognition system's performance under diverse 

acoustic conditions by maintaining consistent RMS levels across the generated signals. Such a standardized set 

allows for a more thorough understanding of the system's robustness and efficacy across varying background noise 

levels. 

In the subsequent step, a comprehensive dataset was assembled, encompassing 800 utterance samples derived 

from 80 speakers (with 10 utterances per speaker, evenly distributed between 40 male and 40 female participants). 

The novel addition introduced babble noise at varying signal-to-noise ratio (SNR) levels, spanning from -5 dB to 

20 dB. These diverse and noisy utterances served as the validation set for evaluating the efficacy of the proposed 



Journal of Computing and Data Analytics, 1(1), 30-41, 2026 
 

 

 

37 

speaker recognition technique. Leveraging the recorded babble noise, with a sampling rate of 44.1 kHz, the speech 

signal underwent a meticulous integration process with appropriately scaled noise signals. This meticulous 

procedure ensured the generation of noise-polluted speech signals characterized by SNR intervals of 6 dB, with the 

scaling factor tailored to each speaker and voice file. This approach contributes to a robust evaluation, capturing 

the system's performance nuances under different acoustic conditions, thereby providing valuable insights into the 

technique's versatility and effectiveness. 

3.4 HMM System 

The Hidden Markov Model Toolkit (HTK) framework was utilized for HMM training and recognition and was 

readily adapted to incorporate PMC. Using a 25ms Hamming window, the speech was parameterized into a 39-

dimensional representation based on Mel-frequency Cepstral Coefficients (MFCC). This included the 0th-order 

energy term plus each coefficient's velocity (Δ) and acceleration (Δ2). 

4 Experimental Results 

In evaluating the proposed noisy model selection techniques, our initial baseline system yielded an Equal Error 

Rate (EER) of 1.2% when applied to clean verification speech. The objective of subsequent experiments was to 

approach this baseline EER value as closely as possible under various signal-to-noise ratios (SNRs). The 

experiments were designed to systematically test the impact of additive noise on the system's performance. The 

baseline system's EER with clean verification speech served as a benchmark at 1.6%. This baseline performance, 

outlined in Table 1, established a reference point for assessing the effects of noise on the system's accuracy and 

reliability. The ensuing experiments, conducted with clean and noisy test files, aimed to gauge the efficacy of the 

proposed noisy model selection techniques and their ability to mitigate the impact of additive noise on the 

verification system. The reported findings provide valuable insights into the system's adaptability and performance 

across varying acoustic conditions[40]. 

Table 1 shows the baseline performance. 

Speech 

length 

EER % 

 

clean 

Speech 

Noisy speech (SNR(dB)) 

20% 15% 10% 5% 0% -5% 

5s 1.6 2.3 3.4 6.7 11.4 14.2 17.6 

 The second experiment was designed to investigate the degradation in performance when utilizing noise-

corrupted speech for verification without the application of Parallel Model Combination (PMC). In this scenario, 

the goal was to understand how noise impacts the verification system's effectiveness by subjecting the speech data 

to various noise levels without the compensatory mechanism provided by PMC. The experiment aimed to highlight 

the vulnerabilities and limitations of the system when confronted with real-world acoustic challenges. This analysis 

becomes crucial in assessing the system's robustness and reliability in scenarios where noise is an inevitable factor, 

and the outcomes contribute valuable insights into the system's performance under adverse acoustic conditions. 

Table 2 shows the system performance using PCM 

Speech 

length 

EER % 

 

clean 

Speech 

Noisy speech (SNR(dB)) 

20% 15% 10% 5% 0% -5% 

5s 1.6 2.0 2.9 4.6 10.3 13.3 15.2 

The gain matching procedure was established using the average scaling factor acquired during mixing speech 

and noise for PMC compensation. Notably, at 20 dB, the performance of PMC demonstrated comparability to the 

baseline. However, a discernible degradation in performance was observed as the signal-to-noise ratio (SNR) was 

decreased. On average, a noticeable enhancement in performance is evident when comparing standard recognition 

to PMC recognition. This trend persists until reaching 10.2 dB, at which point the performance value of PMC 
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converges with that of standard recognition. The Detection Error Tradeoff (DET) graphs visually represent a 

substantial improvement in the recognition trend when PMC is implemented, surpassing the performance of each 

standard technique in isolation. Figure 1 illustrates the system's performance both with and without the PCM 

method, providing a graphical representation of the impact of PMC on system performance under varying SNR 

conditions. 

 

Figure 3 shows the system performance using  PMC. 

 

Figure 4 DET plot for clean and SNR=20% using PMC 
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Figure 5 DET plot for clean and SNR=20% using PMC 

 

Figure 6 DET plot for clean and SNR=5% using PMC 

 

Figure 7 DET plot for clean and SNR=-5% using PMC 

5 Concluding Remarks 

Speaker recognition systems find application across diverse acoustic environments, prompting concerns about 

reliability and robustness. Addressing the challenge of achieving robust speaker verification in varied 

implementations is critical to advancing these systems. This paper investigates the efficacy of parallel model 

combination (PMC) in enhancing the noise robustness of the Hidden Markov Model (HMM), which is based on 

text-dependent speaker verification. The experiments utilize speech data sourced from the SALU-AC corpus. The 

baseline Equal Error Rate (EER) of 1.6% for clean speech experiences a notable degradation when subjected to 

varying noise levels. For instance, the clean speech EER of 1.7% substantially drops to 11.4% and 14.2% at 5 dB 

and 0 dB signal-to-noise ratio (SNR); however, the incorporation of PMC results in performance improvement. 

The performance degradation is notably reduced to 4.6%, 10.3%, 13.3%, and 15.2% at 10 dB, 5 dB, 0 dB, and -5 

dB SNR, showcasing the effectiveness of PMC in mitigating the impact of noise. This enhancement in 

authentication performance becomes particularly evident when the SNR falls below 10 dB. These findings 

underscore the potential of PMC as a valuable tool for bolstering the robustness of speaker verification systems in 

challenging acoustic conditions. 
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