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Abstract 

Recent advances in real-time magnetic resonance imaging 

(rtMRI) of the vocal tract provides opportunities for studying 

human speech. This modality together with acquired speech 

may enable the mapping of articulatory configurations to 

acoustic features. In this study, we take the first step by 

training a deep learning model to classify 27 different 

phonemes from midsagittal MR images of the vocal tract. 

An American English database was used to train a 

convolutional neural network for classifying vowels (13 

classes), consonants (14 classes) and all phonemes (27 classes) 

of 17 subjects. Classification top-1 accuracy of the test set for 

all phonemes was 57%. Error analysis showed voiced and 

unvoiced sounds often being confused. Moreover, we 

performed principal component analysis on the network’s 

embedding and observed topological similarities between the 

network learned representation and the vowel diagram. 

Saliency maps gave insight into the anatomical regions most 

important for classification and show congruence with known 

regions of articulatory importance. 

We demonstrate the feasibility for deep learning to 

distinguish between phonemes from MRI. Network analysis 

can be used to improve understanding of normal articulation 

and speech and, in the future, impaired speech. This study 

brings us a step closer to the articulatory-to-acoustic mapping 

from rtMRI. 

Index Terms: speech analysis, magnetic resonance imaging 

(MRI), convolutional neural networks (CNN), articulatory-to-

acoustic mapping, deep learning, vocal tract 

1. Introduction 

Within speech research, it has been a long-standing challenge 

to be able to estimate the acoustic features corresponding to a 

specific vocal tract configuration, also called articulatory-to-

acoustic mapping. This is not a trivial problem since there is 

much variability between subjects. Also during speech 

production, the fast transitions of the articulators are difficult 

to capture with current measurement methods. 

X-ray is one of the methods to extract articulatory 

information, however it has the disadvantages of bad soft 

tissue contrast and potentially hazardous radiation. 

Electropalatography can only measure when and where the 

tongue touches the palate and requires a customized 

electropalate. In electromagnetic articulography (EMA), 

sensor coils are placed on the tongue which can cause 

heterogeneity among speakers and interference with natural 

articulation. Advances in real-time MRI (rtMRI) make it 

possible to image the whole vocal tract and soft tissue 

articulators at a sufficient frame rate needed for speech 

analysis. The advantages of this technique are that no 

potentially hazardous radiation is needed, and nothing is 

placed in the mouth that could interfere with the articulators’ 

movement. This technique is also suitable for patients with 

vocal tract pathology, e.g. patients who have had a (partial) 

tongue resection or experience pain in these areas. The 

advantages go at the expense of the increased complexity to 

acquire the data and patient-level disadvantages such as the 

high noise level inside an MRI scanner [1]–[4]. 

The University of Southern California gathered a dataset 

with rtMRI and MRI from sustained sounds (USC Speech and 

Vocal Tract Morphology MRI Database)[5]. In this study, we 

use deep learning and single frame MR images of the 

sustained phonemes to model the relation between the vocal 

tract configuration and the phoneme. 

Saha et al. [6] have previously attempted to classify 

vowel-consonant-vowel (VCV) combinations from the USC 

speech database using rtMRI [5], [7]. Image features of 

multiple frames were extracted and combined with a long 

short-term memory network to form a general prediction of 

the VCV ‘video’. They reached an accuracy of 42% for 51 

different VCV combinations. 

This study aims to predict the corresponding phoneme 

from a static MR image using a convolutional neural network. 

We trained a neural network for three tasks: classification of 

13 vowels, classification of 14 consonants, and classification 

of all the 27 phonemes. Secondly, we perform an extensive 

analysis of what the neural network has learned to gain 

insights in the relation between vocal tract configurations, 

speech, and phonetics. These techniques can help us gain a 

better understanding in what makes pathological speech 

abnormal. 

This study is a preliminary work to demonstrate the 

feasibility of using rtMRI and deep learning for articulatory-

to-acoustic mapping. The larger goal we have is to 

individualize the approach for people with impaired speech. 

We want to predict the impact of interventions like surgery 
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and radiotherapy on functional outcomes, such as speech and 

swallowing, for a more personalized treatment plan. A 

methodology that is able to perform an articulatory-to-acoustic 

mapping is essential in order to reach this goal. 

2. Method 

2.1. Data 

A published database, the USC Speech and Vocal Tract 

Morphology MRI Database from the University of Southern 

California, was used for the classification tasks [5]. The 

database consists of 2D rtMRI data (1.5 Tesla) including the 

recorded speech of the vocal tract and 3D volumetric MRI (3 

Tesla) while subjects utter sustained vowels and continuant 

consonants. The latter set was used for phoneme classification. 

Data of 17 subjects (8 male, 9 female) were present with 13 

vowels (234 images) and 14 consonants (255 images). Further 

details on the different phonemes are given in Table 1. For 

some subjects, a phoneme was missing or a duplicate was 

present. Overall the dataset was balanced with a mean of 18 ± 

0.8 samples per class. For the classification task, only the 

midsagittal slice was extracted and used. Each image was 

unity-based normalized and resampled to 32 by 32 pixels. 

Data were randomly split on subject level between a train (14 

subjects) and a test set (3 subjects). 

The Cifar10 dataset [8], existing of 60,000 color images 

from 10 different classes, was used to pretrain the network for 

improved image feature extraction. The three color channels 

were averaged to create grayscale images. 

2.2. Architecture and training 

The neural network architecture consists of four convolutional 

blocks. Each block is made up of two convolutional layers 

with ReLU activations ending with a max pooling layer, as 

shown in Figure 1. In the last block, the pooling layer is 

replaced by flattening to transform the feature maps to 

vectorial feature space. A softmax classifier is used for the 

prediction of the phoneme resulting in a probability score for 

each class. 

Because of the limited data in the speech dataset used, the 

network was pretrained with the Cifar10 dataset to learn 

general image filters. The training was performed with a batch 

size of 10 images, early stopping and restoring the best 

performing model. For the speech classification tasks, the 

dense layer and softmax layer were replaced by newly 

initialized layers with the number of output nodes (k) 

corresponding to the number of classes to predict. All layers 

remained trainable and able to be fine-tuned to the MRI data. 

  

For both the Cifar10 and the speech dataset loss was defined 

by the categorical cross-entropy. The network was optimized 

with Adam optimizer [9].  

Six-fold cross-validation was performed for grid 

hyperparameter tuning with the training set (training on 12 

subjects, testing on 2). Hyperparameters were drop-out (0.1, 

0.3, 0.5, 0.7), batch-size (1, 4, 8, 16), and amount of data 

augmentation (with varying amounts of zoom, rotation, shift 

and shear). Early-stopping with a latency of 30 epochs was 

applied. For the test phase, the hyperparameter set with the 

minimum average loss of all folds on all tasks (vowels, 

consonants, vowels+consonants) was chosen. Because of the 

varying number of classes, the number of epochs to train was 

differed per task and was set to the mean number of epochs of 

all folds times the factor of 1.3. As the size of training data 

increases during the test phase, this scaling factor ensures the 

convergence of the network. 

The final performance was determined on each test 

subject, by retraining the network on all subjects except for the 

test subject (leave-one-out cross-validation). With this 

method, as close to all the data could be exploited for the 

training, while retaining a strict division between train and test 

samples. This process was repeated ten times to minimize the 

variance caused by random initialization. 

2.3. Analysis 

Top-1, top-3, and top-5 classification accuracy with standard 

deviations were computed for each task of the train and test 

set. The Welch’s t-test was performed in order to compare 

train and test set performance. Probability confusion matrices 

were computed for the test set with all iterations combined. 

Principal component analysis (PCA) was performed on the 

embedded space (output of the flattened layer) to visualize the 

mapping learned by the network’s image feature extractor. 

Saliency maps highlight regions in the input image 

contributing most towards the predicted class. They were 

created by computing the change in the prediction to a small 

change in the input image, resulting in a sensitivity heatmap 

over the input image [10], [11]. 

 

 

Table 1: Sustained phonemes (in bold) in USC Speech and 

Vocal Tract Morphology MRI Database. 
 

Sustained 

vowels 

biːt (beet), bɪt (bit), beit (bait), bɛt (bet), 

bæt (bat), paːt (pot), bʌt (but), bɔːt 

(bought), boʊt (boat), buːt (boot), pʊt 

(put), bɹ̩d (bird), æbʌt (abbot) 

Sustained 

consonants 

afa, ava, aθa, aða, asa, aza, aʃa, aʒa, 

aha, ama, ana, aŋa, ala, aɹa 

 

  
Figure 1: Classification architecture existing of convolutional 

layers with kernel size 3 by 3 and max pooling of 2 by 2 for 

extracting meaningful image features, followed by a dense 

and softmax layer for phoneme classification with k classes. 

ReLU activations were present after each convolutional layer. 
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3. Results 

3.1. Performance  

During hyperparameter tuning, the mean loss was minimized 

when a batch-size of 4 and drop-out of 0.3 were used, and the 

data augmentation was performed with a maximum zoom of 

factor 0.2, a maximum rotation of 20 degrees, a maximum 

shift of 0.2 and a maximum shear of 0.2.  

Table 2 shows the mean accuracy and variance of all 

iterations of the different tasks over the train and test subjects. 

The vowel classification task shows the highest accuracy, 

70.7%, on the test set. Correctly classifying the dataset with 

both vowels and consonants was the most difficult task with 

27 classes but, with 57.0% accuracy in the test set, performs 

well above random chance (±4%). Surprisingly, for all tasks, 

the test set performance is better than the train set 

performance, though not significant for most metrics. Only for 

the top-5 accuracies and the top-3 accuracy for the vowel-task, 

the difference between the two sets is significant (Welch’s t-

test, p-value <0.05). 

In Figure 2, the confusion matrix of the consonants shows 

how voiced and unvoiced consonants with similar articulation 

are most easily confused, such as afa/ava and asa/aza. 

3.2. Embedding 

In Figure 3a, the first and second principal components of the 

embedded space of all samples of a vowel model are plotted. 

We mapped the vowels from the USC speech dataset to the 

well-studied vowel diagram serving as the legend [12] (Figure 

3b). The PCA plot is rotated to match the orientation of the 

vowel diagram. Visually, the embedding shows congruence 

with the orientation of vowels in the vowel diagram, 

demonstrating that the neural network learned a similar 

relation between samples as known to phoneticians. It can be 

seen that the lower vowels, like bat and pot, are oriented at the 

bottom, as opposed to the higher vowels beet and boot that are 

projected at the top.  

3.3. Saliency 

Figure 4 shows the saliency map of six examples from the 

same subject derived from the consonants+vowels 

Table 2: Leave-one-out cross-validation accuracy of train and test set with batch-size of 4, drop-out of 0.3, and data augmentation 

with max zoom of factor 0.2, rotation of max 20 degrees, max shift of 0.2 and max shear of 0.2. Average of 10 iterations is given. 

 

 top-1 accuracy (stdev) % top-3 accuracy (stdev) %  top-5 accuracy (stdev) % 

 train test train test train test 

Vowels 51.6 (12.7) 70.7 (14.1) 87.3 (7.5) 96.2 (2.9) 97.0 (3.4) 100.0 (0.0) 

Consonants 52.1 (13.8) 61.7 (16.7) 85.7 (10.6) 93.6 (7.6) 94.2 (7.0) 99.1 (1.3) 

Vowels + Consonants 43.0 (10.9) 57.0 (8.4) 76.3 (9.6) 89.2 (5.8) 89.2 (6.0) 97.4 (2.2) 

 

 

Figure 2: Confusion matrix of the consonants classification 

task. Predicted probabilities of the three test subjects of all 

iterations are combined. Especially where a voiced and 

unvoiced variant of the phoneme exist confusion can be seen.  

a)  

 
 

b) 

 
Figure 3: a) First and second principal component of the 

output of the flattened layer of all samples based on one of the 

vowel models. Axes are oriented to align with (b). b) The 

legend of (a) with the samples mapped in the vowel diagram 

space. Spatial relations can be seen between the principal 

components (a) and the well-studied vowel diagram (b). Best 

viewed in color. 
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a)            b)          c)              d)                 e)     f) 

 
Figure 4: Saliency maps of one of the subjects. Different input samples are shown with the true class (true) and predicted class 

(pred). A yellow shade indicates high sensitivity, thus small changes in these pixels in the input have a large effect on the predicted 

class. Best viewed in electronic form. 

classification model. Regions in the image light up where 

changes in the input have the most impact on the prediction. 

For continuant consonants atha, afa and ava the lips and 

tongue are of high importance, and for ama, ana and anga the 

oropharynx. Vocal tract configurations that are less 

differentiable from the other samples, like bit and bat, show 

more widespread attention maps, opposed to well 

differentiable images like, bird, ama and aha. Most vowels 

show a more widespread field between the tongue and palate. 

Figure 4e and 4f show the saliency map of the same input 

image pot at different iterations, which is once classified 

correctly (e) and once misclassified as aha (f). The saliency 

maps differ accordingly and help explain why 

misclassification took place as the sensitivity in figure 4f is 

very local and not most meaningful for predicting the true 

class pot. 

The confusion matrices and embedding for the 

classification tasks not shown here are included in the media 

files. Also, more examples of saliency maps are provided. 

4. Discussion 

In this study, we demonstrate that 27 sustained phonemes can 

be classified from MR images by a convolutional neural 

network with an accuracy of 57.0% on the test set. Our 

findings suggest that deep learning represents a viable tool for 

articulatory-to-acoustic mapping from rtMRI.  

Apart from the top-1 accuracy, we considered the top-3 

and top-5 accuracy. Accuracy increased between 26% and 

33% depending on the task for the top-3 accuracy, which 

indicates that related samples are misclassified more often. 

The confusion matrix confirmed this effect. The classification 

task of both vowels and consonants showed the lowest 

performance, which can be explained by the fact that twice as 

many classes were included making the task more difficult.  

Most noteworthy, the test set consistently outperformed 

the train set results. During modeling, it is expected that the 

dataset, on which hyperparameter tuning was performed, will 

result in a better performance. One-versus-all cross-validation 

was performed on each subject to analyze the differences 

between subjects, while being trained on all other subjects. It 

appears that the random train/test split gave us three test 

subjects that outperformed the training set on average. With 

only 17 subjects in the dataset the risk of having a biased test 

set is not negligible. The Welch’s test shows that the 

differences in the top-1 accuracy do not significantly differ 

between the train and test set, thus they come from the same 

distribution. 

The image features learned and visualized in 2D using 

PCA, demonstrate that the network has indeed learned 

“sensible” information that resembles the vowel diagram. 

Furthermore, the saliency maps reveal that the network has 

learned to focus on the parts of the image that represent the 

crucial articulatory positions needed to distinguish the 

different phonemes, such as the lips, tongue and the 

oropharynx. The saliency maps were not always similar 

between subjects since the vocal tract configurations differ 

with each subject. Moreover, it seems that mistakes were 

made more often when the saliency maps showed places of 

sensitivity that were not expected to be important for 

classification. It would be interesting to apply similar 

methodology to data of subjects with impaired speech to 

compare to the healthy subjects. The vowel embedding might 

reveal insight in the way the different phonemes are related to 

each other. Saliency maps could aid in explaining which 

articulators are involved in the impairment of phoneme 

production. 

It is expected that the addition of data of more subjects 

will improve this research. The risk of getting a biased test set 

from a random split could be avoided and the model would 

generalize better. Furthermore, limited experiments have been 

done on the model architecture due to endless options. The 

network architecture used in this paper is simple and can be 

trained with limited computing resources and time. 

Improvements are possible by using other pre-trained image 

classification networks as Xception or ResNet.  

This research aims to use the speech model in combination 

with a biomechanical tongue model to better understand and 

predict the changes in articulation due to oral surgery or 

radiotherapy. The results of this study give us the confidence 

to proceed in this direction. The next steps are to develop a 

method for vocal tract segmentation and use the output to train 

an articulatory-to-acoustic model. 

5. Conclusions 

The results of this study show the potential of MRI and deep 

learning as a viable methodology to create a speech model. 

Analyses of the network provide new insights on what it is 

that the neural network has learned and ‘sees’. This can be 

used to gain a better understanding of articulation in general 

and impaired speech in particular. 
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