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Abstract 

In this study, we proposed a novel automated speech quality estimation model capable of evaluating 

perceptual dysphonia severity and breathiness in audio samples, ensuring alignment with expert-

rated assessments. The proposed model integrates Whisper ASR embeddings with Mel spectrograms 

augmented by second-order delta features combined with a sequential-attention fusion network 

feature mapping path. This hybrid approach enhances the model’s sensitivity to phonetic, high level 

feature representation and spectral variations, enabling more accurate predictions of perceptual 

speech quality. A sequential-attention fusion network feature mapping module captures long-range 

dependencies through the multi-head attention network, while LSTM layers refine the learned 

representations by modeling temporal dynamics. Comparative analysis against state-of-the-art 

methods for dysphonia assessment demonstrates our model’s superior generalization across test 

samples. Our findings underscore the effectiveness of ASR-derived embeddings alongside the deep 

feature mapping structure in speech quality assessment, offering a promising pathway for advancing 

automated evaluation systems. 

Keywords: transformers; whisper ASR model; deep learning; speech quality estimation; perceptual 

speech quality; disordered voice 

 

1. Introduction 

In clinical practice, evaluating the vocal system (mostly for voice disorders and for accurately 

assessing dysphonia) primarily relies on auditory-perceptual judgment, a widely used subjective 

assessment method [1,2]. Auditory-perceptual evaluation plays a vital role in identifying vocal 

pathologies and monitoring speech disorders, particularly after invasive treatments such as 

subthalamic nucleus deep brain stimulation for Parkinson’s disease (PD) [3,4]. This method enables 

clinicians to assess voice quality and track changes over time, offering valuable insights into 

treatment efficacy. Clinicians assess voice characteristics based on their auditory perception, typically 

employing standardized rating scales. Examples of standardized scales include the Consensus 

Auditory-Perceptual Evaluation of Voice (CAPE-V) [5] that allows clinicians to rate the voice/speech 

attributes such as breathiness, roughness, strain, pitch, and overall severity, and the GRBAS scale [6] 

that facilitates judgments of grade, roughness, breathiness, asthenia, and strain. Unlike GRBAS, 

which uses an ordinal scale, CAPE-V employs a visual analog scale, allowing for more precise 

detection of subtle voice quality differences. It also ensures higher intra and inter-rater reliability, 

making it more consistent across different clinicians and over time. CAPE-V follows a structured and 

standardized protocol, reducing variability in assessments and improving comparability across 

studies. Moreover, it provides a more comprehensive evaluation of voice quality by incorporating a 
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broader range of perceptual parameters beyond the Grade score in GRBAS. These advantages make 

CAPE-V based evaluated model particularly useful for clinical assessments and for validating 

disordered speech processing models in real world applications. 

Despite its significance, auditory-perceptual judgment presents several limitations. First, it 

requires raters with substantial clinical expertise to ensure accurate assessments. Second, achieving 

reliability often demands evaluations from multiple experts, adding to the complexity of the process. 

Third, the procedure is time-intensive, leading to delays in obtaining results, which can hinder timely 

clinical decision-making. These challenges underscore the need for more objective with standardized 

metrics, and efficient evaluation methods [7,8]. Furthermore, a recent study [9] investigated the 

consistency with which experienced voice clinicians applied the CAPE-V protocol for evaluating 

voice quality. In this study, twenty clinicians assessed audio recordings from twelve individuals with 

diverse vocal characteristics, using the CAPE-V scales under conditions that reflected typical clinical 

practice. The results revealed notable variability in clinicians’ ratings, particularly across the 

dimensions of breathiness, roughness, and strain. This inconsistency highlights a critical challenge in 

clinical voice assessment-namely, the lack of standardization in applying CAPE-V which may 

compromise the accuracy and reliability of dysphonia severity evaluations. As such, this approach is 

inherently susceptible to inter-rater variability and subjective bias, highlighting the need for more 

standardized and objective evaluation techniques [1,2]. 

In clinical voice assessments, objective evaluation methods have traditionally emphasized the 

analysis of sustained vowel phonations. This preference stems from the fact that sustained vowels 

offer a stable and consistent vocal sample, reducing the impact of rapid articulatory movements and 

prosodic variations typically found in continuous speech. As a result, they provide a controlled 

environment for measuring key acoustic parameters related to voice quality [10,11]. In [12], Lin et al. 

have proposed a lightweight, automatic audio parameter extraction method using age, sex, and five 

audio features (jitter, absolute jitter, shimmer, HNR, and zero crossing) to improve voice quality 

assessment based on sustained vowels. However, relying exclusively on sustained vowels presents 

certain limitations. These phonations may not fully reflect the dynamic characteristics of natural 

speech, potentially missing critical features of voice disorders that become evident during connected 

speech. To overcome this, recent advancements have incorporated analyses of continuous speech. 

For example, the Acoustic Voice Quality Index (AVQI) integrates measurements from both types of 

speech samples, offering a more comprehensive assessment of dysphonia severity [13]. 

Non-intrusive objective methods provide distinct advantages over intrusive approaches, 

especially in scenarios like voice calls HAs, and clinical settings, where access to a clean reference 

signal is often limited. These techniques enable real-time speech quality (SQ) assessment without 

requiring a pristine reference, making them highly practical for real-world applications [14,15]. In 

recent years, Deep Neural Networks (DNNs) have revolutionized SQ and speech intelligibility (SI) 

assessment in other fields such as telecommunications and assistive hearing devices, offering non-

intrusive, end-to-end evaluations that eliminate the need for reference signals [16–19]. For example, 

in Quality-Net [20], a DNN-based model designed for nonintrusive speech quality assessment. The 

model is trained using a Recurrent Neural Network (RNN) with bidirectional long short-term 

memory (BLSTM) layers to predict perceptual speech quality scores, such as the Perceptual 

Evaluation of Speech Quality (PESQ), directly from degraded speech. By capturing temporal 

dependencies in speech signals, Quality-Net refines its predictions by minimizing the MSE between 

its predicted and actual quality scores, enhancing its assessment accuracy. Similarly, several 

advanced approaches have emerged, further improving non-intrusive speech quality assessment. 

These include STOI-Net [19], which focuses on SI prediction, MOSA-Net [17], a model designed for 

MOS prediction, CCATMos [21], which integrates contextual and temporal modeling, and 

TorchAudio-Squim [22], an open-source framework offering pretrained models for speech quality 

evaluation. 

In some research work self-supervised learning (SSL) has emerged as an approach to 

overcoming data scarcity in speech processing tasks. By enabling models to learn robust 
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representations from unlabeled data, SSL has been instrumental in developing non-intrusive speech 

assessment systems [23–27]. Building on this foundation, researchers have explored the potential of 

Speech Foundation Models (SFMs) for SI and SQ prediction [28]. For instance, Cuervo and Marxer 

[28] conducted a systematic evaluation of ten SFMs in the context of the Clarity Prediction Challenge 

2 (CPC2). Their study revealed that certain SFMs could effectively predict the percentage of correctly 

perceived words by hearing-impaired listeners from speech-in-noise recordings, achieving state-of-

the-art performance with minimal adaptation. Similarly, Mogridge et al. [29] investigated noise-

robust SFMs for non-intrusive SI prediction. They proposed extracting temporal-hierarchical features 

from SFMs trained on large and diverse datasets, such as Whisper, to enhance SI model prediction 

accuracy. Their results demonstrated that leveraging these rich representations significantly 

improved non-intrusive SI prediction performance. 

The advances in DNN-based have impacted the disordered voice quality research as well. 

However, a substantial majority of research studies focused on automatic disorder detection and 

classification. In a recent scoping review, Liu et al. [30] revealed that 88% of published research 

between 2000 – 2023 aimed at detecting the presence of voice pathology. For example, in [31], 

researchers proposed a deep learning framework for the automatic detection of dysphonia based on 

acoustic features derived from sustained vowel phonations. The study utilized recordings from 238 

dysphonic and 223 healthy Mandarin speakers, from which mel-spectrograms and MFCCs were 

extracted from 1.5-second audio segments. These features were then used to train CNNs for binary 

classification of dysphonic versus healthy voices. 

Liu et al.’s scoping review also showed that only 5% of the studies investigated the assessment 

of voice quality attributes, and all these studies focused on the GRBAS scale. For example, in [6], the 

authors developed a DNN model to predict the overall severity of dysphonia using the GRBAS scale-

encompassing Grade, Roughness, Breathiness, Asthenia, and Strain. Their model achieved 

performance that was comparable to, and in some cases exceeded, that of expert human raters [32]. 

Furthermore, Dang et al. [33] recently introduced a deep learning-based approach for clinical voice 

quality assessment, incorporating ASR and SSL representations trained on largescale normal speech 

datasets. Their work highlights the growing impact of SSL and SFMs in advancing objective and non-

intrusive speech assessment methodologies. 

Very few studies have applied DNN-based speech quality prediction models for estimating the 

CAPE-V ratings associated with a speech sample. As an example, Benjamin et al. [34] have developed 

a machine-learning model using support vector machines and acoustic-prosodic features extracted 

via OpenSMILE to predict CAPE-V overall severity from voice recordings. The model achieved a 

high correlation (r = 0.847) with expert ratings, with improved performance when combining features 

from vowels, sentences, and whole audio samples. As discussed before, Lin et al. [12] assimilated the 

jitter, shimmer, HNR, zero crossings, along with age and sex variables using a random forest (RF) 

machine learning model to predict CAPE-V ratings, but for sustained vowels only. Lin et al. [12] also 

compared the performance of their ML model with SSL and SFM models such as Whisper and 

WavLM and reported that these models were equivalent. The performance of these models in 

predicting CAPE-V ratings for running speech sentences is unknown. 

In summary, very few machine-learning models have been developed for the comprehensive 

assessment of dysphonia severity and breathiness (for speech quality measurements, often used in 

clinical disordered voice assessments) that integrate the sentence samples while being accurate to 

expert-rated samples [34]. In this paper, we have proposed a model using Whisper ASR transformer 

encoder, Mel spectrogram with second order Deltas and Sequential-Attention Fusion Network 

(SAFN) feature mapping path, details of which are given in the following section. 

2. Proposed Model 

The proposed model, illustrated in Figure 1, is designed to estimate speech quality by utilizing 

features extracted from an ASR model along with Mel-spectrogram representations. The model takes 

two primary inputs: ASR-derived embeddings, obtained from the encoder hidden states of a 
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pretrained ASR model, and Mel-spectrogram features with second order deltas. The ASR 

representations are derived from the Whisper model (whisper-small) [9], which was pretrained to 

capture rich linguistic information. To enhance feature diversity and improve robustness across 

various auditory conditions, we integrated Whisper-derived embeddings with delta-enhanced Mel-

spectrograms. This combination ensures that both linguistic and spectral features are effectively 

captured. The extracted features are then processed by downstream modules, which map them to the 

output labels. In our implementation, the Whisper padding operation was removed before utilizing 

the ASR features to ensure consistency in feature alignment. The ASR model itself comprises 12 

transformer encoder layers, denoted as W, which contribute to the learned feature representations. 

 

Figure 1. Overview of the proposed structure for quality measurement. 

To incorporate representations from multiple depths, an adapter architecture is employed to 

process the outputs from the deeper six layers of the Whisper model. This design enables the model 

to capture and utilize hierarchical features learned at varying levels of abstraction, enhancing its 

ability to extract meaningful information across different layers of the neural network. The adapter 

architecture consists of a fully connected (FC) layer, a GELU activation function [35], a normalization 

layer and dropout layer with 10% probability as shown in Figure 2. Residual connections in 

transformer encoders are known for preserving and propagating features across layers, but adapter 

networks offer the advantage of fine-tuning and reweighting multi-depth representations, making 

them valuable for tasks like quality prediction. Adapters, which are lightweight task-specific layers, 

adapt pre-trained features for downstream tasks, effectively integrating hierarchical information that 

residual connections alone may not fully capture. The outputs from the six adapters are assigned 

learnable weights that sum to 1, and these outputs are then combined using a weighted summation. 

To ensure the sum of the weights equals 1, the outputs from the adapters are processed through a 

softmax layer. Additionally, the feature set includes the Mel-spectrogram, along with its first and 

second-order delta coefficients, which are crucial for capturing frequency-level characteristics 

necessary for auditory perceptual assessment. Whisper operates on 40-dimensional Mel-
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spectrograms rather than time-domain data. For our downstream module, we concatenate all 

features from Whisper, and Mel-spectrogram (with its deltas) along the feature dimension to create 

a comprehensive input representation. In our proposed structure, our designed SAFN model which 

predicted in Figure 3, has constructed from three-layer unidirectional LSTM layers for sequence 

processing with 360 units input size and 128 hidden sizes, followed by a dropout layer with the 

probability of 30%. The LSTM output is further refined using a FC (128 → 128 dimensions), followed 

by GELU activation and dropout (30% probability) for additional feature transformation. 

 

Figure 2. Overview of the proposed adapters structure. 

 

Figure 3. Proposed feature mapping block. 

To 128. dimensional embeddings and 16 attention heads. The first MHA layer processes the 

LSTM-enhanced features by computing self-attention over the input sequences, producing an output, 

which is then added to the original input through a residual connection and normalized via 

normalization layer. The second MHA layer follows the same residual formulation, refining the 

representation further through another normalization operation. These residual connections facilitate 

stable gradient flow and improve network convergence by preserving essential information from 

earlier layers. After attention processing, the features are passed through a two-layer feedforward 

network, where the first layer expands the dimensionality from 128 to 256, followed by a GELU 

activation, and then projected back to 128 dimensions. Another residual connection ensures that the 

feedforward transformation is integrated smoothly into the existing feature space. For speech quality 

estimation, the model employs a linear projection layer (128 → 1 dimension) to predict frame-level 

quality scores, which are then passed through a sigmoid activation function to normalize outputs. A 
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global average pooling (GAP) layer is applied to aggregate frame-level scores into a single utterance-

level quality prediction. The use of residual connections, layer normalization, and dropout 

mechanisms ensures robust feature learning and prevents overfitting, making the model effective in 

capturing both short-term and long-term dependencies in speech. By leveraging ASR embeddings 

and spectral representations, the proposed structure efficiently models the underlying quality 

characteristics of speech and provides a reliable framework for objective speech assessment tasks. 

3. Methodology 

3.1. Dataset 

We conducted our experiments on Perceptual Voice Qualities Database (PVQD) dataset [36]. 

PVQD owns 296 speech samples consisting of sustained vowels /a/, /i/, and running speech in 

English, with each sample representing an individual case (A small number of samples do not contain 

the sustained vowel /a/ or /i/). Audio signals were captured at a sampling rate of 44.1 kHz. 

Experienced raters evaluated the voice quality of the recorded samples using the CAPE-V and 

GRBAS scales. Additionally, demographic information, including the speaker’s age and gender, was 

provided to support the analysis. In our experiments, running speech are extracted into speech 

segments that last 2 to 5 seconds. In general we extracted 1645 segments from the PVQD dataset for 

our purpose. We divided the running segmented dataset into test, validation, and training sets. 

Consequently, the data is trained in a regression fashion. 

3.2. Input Data 

In our experiments, all audio recordings were resampled to a consistent sample rate of 16,000 

Hz to standardize the input data. For the proposed non-intrusive metric, we extracted Mel-

spectrogram features from the recordings, utilizing 400 FFT filters for the Short-Time Fourier 

Transform (STFT). The hop length between consecutive STFT windows was set to 320 samples. To 

generate the spectrogram, we used a Hann window with a length of 400 samples. Additionally, 40 

Mel filter-banks were applied to capture the frequency characteristics of the signal. Figure 4 illustrates 

the Mel-spectrograms of two representative test samples from the dataset, highlighting the frequency 

content and temporal dynamics of the signals. This approach allows for an efficient and detailed 

representation of the audio that is critical for auditory perceptual assessments. 

 

Figure 4. Left: Waveforms of two test samples. Right: Corresponding Mel-spectrograms. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 October 2025 doi:10.20944/preprints202510.0389.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0389.v1
http://creativecommons.org/licenses/by/4.0/


 7 of 15 

 

3.3. Training Setup 

It is worth noting that the dataset was divided into three parts: training (999 samples), validation 

(306 samples), and testing (340 samples). Our experiments were conducted using two distinct target 

labels including CAPE-V breathiness and CAPE-V severity for evaluating the model’s performance 

within the distinct experiments. In our experiments, we utilize the mean absolute error (MAE) loss 

for regression tasks. Our model is performed using the AdamW optimizer, which is a variant of the 

Adam optimizer with decoupled weight decay regularization. AdamW is particularly well-suited for 

mitigate the issue of weight decay being coupled with the adaptive learning rate updates. In our 

training process, the optimizer is configured with a learning rate of 5e-6, which is relatively small to 

ensure stable and gradual convergence, preventing sudden fluctuations in the loss function and 

helping the model generalize well to unseen data. Additionally, a weight decay of 1e-4 is applied to 

encourage L1 regularization, preventing the model from overfitting by discouraging excessively large 

weight values. If there was no improvement on the validation set for four consecutive epochs, the 

learning rate was reduced by half. The batch size was set to 1, and during fine-tuning, the weights of 

the pre-trained modules remained adjustable and were not frozen. We trained the model through 200 

epochs, and the experiments were performed on a system with 32 GB-RAM, a GPU-based graphic 

card with 10240 CUDA cores (GeForce RTX 3080TI-A12G). 

3.4. Results 

First, we visualized the distribution of subjective and objective scores, emphasizing the 

differences in model predictions by comparing their mean values and standard deviations across the 

entire test dataset. Figure 5 presents a comparative analysis of CAPE-V severity, CAPE-V breathiness, 

and Cepstral Peak Prominence (CPP) [37] in dB, with the left y-axis representing the normalized 

scores (0 to 1) for severity and breathiness, and the right y-axis displaying CPP values in dB. Different 

color-coded bars indicate various evaluation methods including subjective ratings (blue), the 

proposed model (orange), the Dang et al. model (yellow), the ablated Dange et al. model (purple), 

and CPP values (green, measured in dB using the right y-axis). 

For CAPE-V severity, the subjective ratings (blue) have a mean normalized score of 

approximately 0.32, with an error range extending up to approximately 0.60. The proposed model 

(orange) and Dang model (yellow) yield similar mean values of around 0.28–0.30, with slightly lower 

error ranges. The Ablation study (purple) follows a similar trend, maintaining a mean value of 

approximately 0.28. The CPP values (green) for CAPE- V severity show a mean of approximately 0.52 

with an error bar extending up to 0.65, indicating notable variability. Similarly, for CAPE-V 

breathiness, the subjective ratings have a mean normalized score of approximately 0.27, with error 

bars reaching up to 0.50. The proposed model and Dang model exhibit comparable scores, both 

around 0.25–0.26, with minimal deviation. The Ablation study also remains in a similar range, 

approximately 0.24. CPP values for breathiness have a mean of approximately 0.50, with error bars 

extending up to 0.65, reinforcing the trend observed in the severity measure. 

From these results, a key observation is that the proposed model demonstrates several 

advantages over CPP. First, it aligns more closely with subjective CAPE-V severity and breathiness 

scores, making it a better predictor of perceptual voice quality. The proposed model exhibits lower 

variability, as indicated by smaller error bars, ensuring more stable and consistent predictions. 

Furthermore, since the proposed model is trained on perceptual data, it can handle a broader range 

of voice qualities, whereas CPP primarily reflects harmonic structure and periodicity. Overall, the 

key advantage of the proposed model over CPP is its ability to accurately reflect human perception, 

making it more clinically relevant and practical for real-world voice evaluation. 

Scatter plots between the subjective and objective data are shown in Figure 6 for further 

assessment of their relationship. In Figure 6, the y-axis represents the objective score averaged across 

all sentences produced by a talker in the test dataset, and the x-axis represents the averaged CAPE-V 

expert rating for that talker. Furthermore, the linear regression fits to the scattered data are indicated 

as dashed lines in all sub-panels of Figure 6, along with the regression equations and coefficients of 
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determination (R²). The R² metric is widely used in various speech-based analyses to evaluate the 

accuracy and reliability of predictive models [5,38] indicates the proportion of variance in the 

dependent variable (normalized objective scores) that is explained by the independent variable 

(subjective scores). The R² value ranges from 0 to 1, where R² =1 signifies a perfect fit and R² =0 means 

the model does not explain any variability in the data. 

 

Figure 5. Bar plot comparing subjective Cape-V Severity and Breathiness scores with predictions from different 

methods. 

In Figure 6(a), each model’s predicted breathiness scores are plotted against subjective ratings. 

The proposed model (blue) exhibits the strongest linear relationship with subjective scores, with an 

R² value of 0.8804, meaning that it explains 88.04% of the variance in the objective scores based on 

subjective scores. The full Dang et al. model (orange) follows closely with an R² of 0.8726, indicating 

lower explanation of the variance than the proposed model. The ablated version of the Dang et al. 

model (green) has an R² of 0.8712, suggesting that it too explains a lower amount of variance than the 

proposed model. Figure 6(c) displays the scatter data between subjective breathiness scores and CPP 

in decibels (dB). The scatter plot demonstrates a negative correlation) between CPP and subjective 

breathiness scores, as higher CPP (dB) values indicate lower severity scores. With an R² value of 

0.7327, the CPP only explains 73.27% of the data variance. 

Similar patterns can be observed for the CAPE-V severity data. Figure 6(b) presents the scatter 

plot between subjective CAPE-V severity scores and normalized objective scores derived from three 

different models including the proposed model, the Dang et al. model, and its ablated version. Once 

again, the proposed model (blue) had the highest R² value, and therefore explains the data variance 

the most. Figure 6(d) illustrates the relationship between subjective CAPE-V severity scores and CPP. 

The scatter plot shows a negative correlation between these variables, with the coefficient of 

determination at R²=0.7178. The findings from Figure 6 confirm the efficacy of objective measures 

based on SFM models in predicting breathiness and overall severity as perceived in subjective 

assessments by expert clinicians. 

Table 1 displays the Pearson correlation coefficient and RMSE results between the predicted and 

actual CAPE-V breathiness/severity values across different models. These values are reported at the 

individual sentence level, as well as the talker level – where the sentence level scores are averaged 

for each talker. It is evident from this table, that the proposed model achieves the highest correlation 

coefficient for the CAPE-V severity and breathiness attributes at both the sentence and talker levels 

while maintaining the lowest RMSE values, indicating strong predictive performance with minimal 

error. The correlation coefficients and the RMSE values associated with the full and ablated Dang et 

al. [33] models are close behind. It is further evident that the ML models perform significantly better 
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than the low-level traditional acoustic parameters such as the CPP and HNR. For comparative 

purposes, Table 1 also lists the correlation coefficient and RMSE values reported by Benjamin et al. 

[34] for the CAPE-V severity prediction. It must be noted here that Benjamin et al. [34] reported the 

predictive metrics for the entire database of 295, rather than the test data subset used for evaluatng 

the rest of the models. 

 

Figure 6. Scatter plot displaying the subjective based Cape-V breathiness and severity scores against the different 

methods. (a) Cape-V breathiness between subjective scores and objective predicted scores, (b) Cape-V severity 

between subjective scores and objective predicted scores, (c) Cape-V breathiness between subjective scores and 

CPP, (d) Cape-V severity between subjective scores and CPP. 

The statistical significance of the differences in correlation coefficients associated with the 

proposed model, and the full and ablated versions of Dang et al. [33] models was assessed using the 

z test statistic. At the sentence level, there was no statistically significant difference between the 

proposed model and the Dang et al. [33] full model for the overall severity attribute (z = 0.382, p = 

0.351) and breathiness. The comparsion between the proposed model and the ablated Dang et al. 

model did result in a significant difference (z = 2.56, p < 0.01). For the breathiness attribute at the 

sentence level, the proposed model resulted in significantly better correlations than both versions of 

Dang et al. model (z = 1.67, p = 0.047 and z = 2.395, p < 0.01 respectively). When collapsed across the 
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sentences, i.e. at the talker level, the correlation coefficients between the subjective scores and the 

predictions from the proposed and Dang et al. models were statistically similar. Due to the smaller 

size of the test dataset when collapsed across sentences (n=59), future research with data from a larger 

cohort of talkers is needed to further assess the performance differences between competitive SFM 

models. 

Table 1. Pearson correlation coefficients and RMSE values resulting from the comparison between the subjective 

and objective scores. * Benjamin et al. [34] results are from the entire dataset of 295 talkers, whereas the remaining 

model scores were calculated for the test dataset of 59 talkers. 

3.5. Generalization to an Unseen Dataset 

Given the lack of any other publicly available CAPE-V databases, we have tested our model on 

an unseen, small, and private dataset that we collected by Ensar et al., [39]. In this database, the CAPE-

V ratings of overall severity were collected for sentence recordings from 30 talkers (24 disordered and 

6 normal talkers). Unlike the PDVQ dataset, which contained expert CAPE-V evaluations, these 

samples were rated by thirty inexperienced listeners. Ensar et al. [39] reported high inter- and intra-

rater reliabilities for the CAPE-V overall severity scores, and hence their average scores for the 30 

speech samples were used to compare against the corresponding model predictions. 

Results showed 93.38% correlation between mean subjective Cape-V severity scores and 

predicted severity score using the proposed model. The generalization performance of the proposed 

model on an unseen dataset is illustrated in Figure 7. The scatter plot shows the relationship between 

the subjective severity scores, obtained from human listeners, and the predicted severity scores 

generated by the model. A strong positive linear association is observed, with data points closely 

distributed around the fitted regression line. The regression equation y=0.7131x+0.2146 and the 

coefficient of determination 𝑹𝟐=0.8721 demonstrate that the model accounts for approximately 87% 

of the variance in subjective ratings, indicating a high degree of predictive accuracy. As a comparison, 

the Dang et al. [33] full model resulted in a linear regression fit that explained 85% of the variance. 

This result highlights the robustness and reliability of the proposed approach in capturing perceptual 

severity patterns beyond the training data, reinforcing its potential for real-world applicability in 

objective disordered speech quality assessment. 

Method 
CAPE-V severity  CAPE-V breathiness 

Trainable 

Parameters 

Correlation RMSE Correlation RMSE  

      

Sentence Level:      

Proposed  0.8810 0.1335 0.9244 0.1118 242,423,655 

Dang et al. [33] 0.8784 0.1423 0.9155 0.1159 336,119,692 

Dang et al. [33], Ablated 0.8685 0.1386 0.9104 0.1216 241,177,500 

CPP (dB) -0.7468 0.1835 -0.7577 0.1665 - 

HNR (dB) -0.4916 0.2402 -0.4898 0.2225 - 

      

Talker Level:      

Proposed  0.9092 0.1189 0.9394 0.1029  

Dang et al. [33]  0.9034 0.1286 0.9352 0.1060  

Dang et al. [33], Ablated 0.9000 0.1237 0.9342 0.1111  

Benjamin et al. [34] * 0.8460 0.1423 - -  

CPP (dB) -0.8489 0.1458 -0.8576 0.1307  

HNR (dB) -0.5330 0.2333 -0.5296 0.2156  
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Figure 7. Correlation between mean subjective Cape-V severity scores and predicted severity score using the 

proposed model on unseen dataset. 

4. Discussion 

The results of our proposed model demonstrate the efficacy of integrating Whisper ASR 

embeddings with Mel spectrograms augmented by second-order delta features along with the 

proposed SAFN for speech quality estimation within the disordered speech signals. This approach 

leverages the robustness of Whisper’s deep-learned speech representations, which encapsulate 

phonetic and linguistic information, enhancing the model’s ability to discern subtle quality variations 

in speech signals. Additionally, the inclusion of second-order delta features captures dynamic 

spectral changes, improving the sensitivity of the system to transient distortions and artifacts. 

Our SAFN feature mapping module effectively learns long-range dependencies, preserving 

global and long dependencies of the speech structure while reducing redundant information. The 

subsequent LSTM layers further refine the learned representations by modeling temporal 

dependencies, ensuring a more accurate prediction of speech quality. This hybrid architecture allows 

our model to balance the strengths of self-attention mechanisms with the sequential modeling 

capabilities of recurrent networks. 

Comparative analysis with existing state-of-the-art methods reinforces the advantages of our 

approach. As demonstrated in figures 5 and 6, the proposed model consistently outperforms baseline 

methods, achieving the highest Pearson correlation coefficients and lowest RMSE values for CAPE-

V breathiness and severity estimation. Notably, our model achieved an R² of 0.8804 for breathiness 

and 0.8264 for severity, outperforming the Dang model and the Ablation study. The lower number 

of trainable parameters (242.4M vs. 336.1M in the Dang model) highlights the computational 

efficiency of our approach without compromising accuracy. Furthermore, the model’s strong 

agreement with perceptual ratings, as evidenced by its alignment with subjective assessments, 

underscores its clinical relevance. 

Our findings also highlight the limitations of traditional acoustic measures such as CPP, which, 

despite showing a strong correlation with perceptual ratings, exhibited higher variability and lower 

predictive performance compared to our proposed model. As illustrated in Table 1, the CPP-based 

approach yielded a correlation of -85.59% for breathiness and -84.72% for severity, with relatively 

higher RMSE values, reinforcing the superiority of deep-learning-based representations for 

dysphonia assessment. 

Beyond its predictive accuracy, the proposed model demonstrates superior generalization on 

unseen samples, maintaining robustness against both stationary and non-stationary distortions. The 

ability of Whisper ASR embeddings to retain meaningful phonetic structures contributes to improved 

correlation with perceptual quality scores, particularly in cases where traditional spectral-based 

methods struggle. These findings highlight the potential of ASR-derived embeddings along with the 
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second order of Mel spectrograms and SAFN in speech quality estimation, paving the way for more 

intelligent and adaptable automated assessment systems. 

5. Conclusions and Future Work 

This paper presents an effective disordered speech quality estimation framework that leverages 

Whisper ASR embeddings and Mel spectrograms with second-order delta features in addition with 

a deep sequential-attention fusion network architecture. By incorporating a sequential-attention 

fusion network architecture feature mapping module and LSTM layers, our model efficiently 

captures both global and temporal dependencies in speech signals. The proposed approach 

outperformed the existing methods, particularly in handling diverse conditions and retaining 

phonetic structures relevant to perceptual quality. In the case of computation complexity, the 

proposed structure is significantly lower than the state-of-the-art structure while outperformed that 

method in both Cape-V breathiness and severity on the same unseen data. Overall, our results 

showed 92.43% Pearson correlation using Cape-V breathiness and 88.09% correlation using the Cape-

V severity on test set. As future research, we should explore strategies such as domain adaptation, 

alternative embedding techniques, and model compression methods to enhance deploy ability. 

Additionally, validating the system on real-world noisy datasets, including conversational and multi-

speaker environments, would further solidify its practical applicability. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

ASR  Automatic Speech Recognition  

DNN Deep Neural Network 

LSTM  Long Short-Term Memory  

MFCC Mel-Frequency Cepstral Coefficients 

Whisper ASR  Whisper Automatic Speech Recognition  

SQ Speech Quality 

SI Speech Intelligibility 

SFMs Speech Foundation Models  

CPP Cepstral Peak Prominence 

AVQI Acoustic Voice Quality Index  

CAPE-V Consensus Auditory-Perceptual Evaluation of Voice  
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GRBAS Grade, Roughness, Breathiness, Asthenia, and Strain 

PD Parkinson’s Disease  

CPC2 Clarity Prediction Challenge 2  

SSL Self-Supervised Learning  

SFMs Speech Foundation Models 

SAFN Sequential-Attention Fusion Network 

FC Fully Connected  

GAP Global Average Pooling  

PVQD Perceptual Voice Qualities Database  

RMSE Root Mean Square Error 
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