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ABSTRACT

Stuttering detection and classification are important issues in
speech therapy as they could help therapists track the pro-
gression of patients’ dysfluencies. This is also an important
tool for technology-assisted speech therapy. In this paper, we
combine MFCC and phoneme probabilities to train a neural
network for stuttering detection and classification of four dys-
fluency types. We evaluate our system on the UCLASS, Flu-
encyBank and SEP-28K datasets and show that our system is
effective and suitable for real-time applications.

Index Terms— dysfluency, stuttering, deep learning, re-
current neural network

1. INTRODUCTION

Stuttering is a neuro-developmental disorder that concerns
1% of the population. It is identifiable by core anomalies of
speech such as pauses, repetition and prolongation of words
or sounds and the use of interjections as filler words (”hum”).
Automatic tools to detect and identify dysfluencies would be
a valuable addition for therapists in order to track patients’
progress but also to pave the way towards technology-assisted
speech therapy.

The stuttering detection problem has been tackled from
different angles with many different input features and many
different methods (See [1, 2] for a review).

Mel-frequency cepstral coefficients (MFCC) are the most
popular input features for stuttering detection but reported
results have not been optimal or the size of the test dataset
has been too small to effectively allow generalization ability
which is paramount for real world applications. Besides, most
of the works using MFCC only detect one type of dysfluency.
For example, [3] selected 10 files from UCLASS and classi-
fied prolongation versus repetition using MFCC features with
K-nearest neighbours and Linear Discriminant Analysis. [4]
detected syllable repetitions using MFCC as the input feature
and a combination of perceptron and dynamic time warping.
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Surprisingly, few studies employ recurrent neural net-
works (RNN) and prefer methods that do not take the tem-
poral aspect of the signal into account. Using RNNs, [2]
proposed a network based on ResNet and BiLSTM using
audio spectrograms as the input features. They tested their
network on 25 files of UCLASS and report an average accu-
racy of 91.15%. [5] introduced a network based on ResNet
and BiLSTM and took the audio spectrogram as an input for
dysfluency detection. [6] used an LSTM-based network to
classify dysfluency from FluencyBank and from their dataset
SEP-28K. They used a combination of mel-filterbank en-
ergy features, pitch information and articulatory features to
achieve a F1-score of 83.6. They also tested phonemes’
probabilities as an input feature.

Besides, other machine learning have been proposed. [7]
investigated the detection of syllable repetition, word repe-
tition and prolongation using three speech parameterization
techniques as an input feature: Linear Prediction Coefficients,
Linear Prediction Cepstral Coefficients and MFCC. They em-
ployed a multi-class Support Vector Machine (SVM) for clas-
sification. SVMs are also used in [8] to detect stuttering us-
ing MFCC features. [9] also explored the use of MFCC and
linear predictive cepstral coefficients to detect repetitions in
dysarthric speech with a deep neural network. [10] introduced
StutterNet, a network based on Time Delay Neural Networks
to classify dysfluency from the UCLASS datasets. They used
MFCC as input and reported a total accuracy of 50.79%.

Real-time stuttering detection is also another important
and overlooked aspect for the system to be usable in real-time
technology-assisted therapy. For example, some works han-
dle text transcripts [11, 12] and [5] reported excellent results,
however, they trained one network for each type of dysflu-
ency which is very impractical for real-time applications as
six networks would need to run simultaneously.

In this paper, we undertake stuttering detection and dys-
fluency classification using a deep neural network based
on BiLSTM. We use phoneme probabilities combined with
MFCC as our input features and test our system on the
UCLASS, FluencyBank and SEP-28K datasets.
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2. METHODS

Our method extracts speech features from 3-second audio
clips, applies a temporal model and outputs both a stuttering
detection score and a dysfluency label for each clip. The code
is written in Tensorflow (2.4.1) using Keras backend.

2.1. Datasets

In this work, we used three different datasets:

• UCLASS [13]: this dataset contains recordings from
128 children and adults who stutter. We used the anno-
tations provided by [5]. Because [5] annotated only 25
files and did not annotate for the block class, we only
used those files and did not use the block class for sub-
sequent datasets. This dataset is extremely unbalanced
with 85% of the files being fluent speech, so we over-
sampled the dysfluent data.

• FluencyBank [14]: this dataset contains recordings
from 32 adults who stutter. We used the dataset anno-
tated by [6] (4 144 clips) who found inaccuracies in
temporal alignments for the original annotations. We
removed all files where the annotations were labelled
as ”unsure”. This dataset is mostly balanced except for
prolongations which are under-represented.

• SEP-28K: this dataset, manually curated by [6], con-
tains 28 177 clips extracted from publicly available
podcasts. We removed all files where the annotations
were labelled as ”unsure”.

We had approval from the University of Waterloo Ethics
Board to process those datasets.

2.2. Speech features

Our input is the raw audio signal, it is subsampled to 8000Hz
and from that we extract several speech features that will be
used as inputs for the network:

• MFCC (20x47 dims) extracted with librosa [15]

• phoneme class probability (18x299 dims) and phoneme
estimation (1x299 dims) extracted using [16]. The En-
glish phonetic alphabet includes 44 different phonemes,
divided into 20 vowels and 24 consonants. These
phonemes can be grouped into the following phono-
logical classes considering the mode and manner of ar-
ticulation: ”consonantal”, ”back”, ”anterior”, ”open”,
”close”, ”nasal”, ”stop”, ”continuant”, ”lateral”, ”flap”,
”trill”, ”voice”, ”strident”, ”labial”, ”dental”, ”velar”,
”pause”, ”vocalic”. The phoneme class probability
provides the posterior probability over time for those
classes and the phoneme feature provides the estimated
IPA phoneme over time. Though the network was

trained on Spanish languages, it has previously been
used to process English language [17, 18].

We also attempted to use pitch, jitter and shimmer infor-
mation as pitch often changes through dysfluency and individ-
uals who stutter can be recognized from shimmer [19]. There
were, however, no significant improvements so we will not
report these results here.

2.3. Network Architecture

Fig. 1. Network architecture with the three input features:
MFCCs, phoneme classes, phoneme

For this stuttering detection and dysfluency classification
task, we propose a bidirectional LSTM (BiLSTM)-based net-
work. LSTMs are directional models that can predict a state
given the previous states. For dysfluency detection, it is use-
ful to consider also what comes after the dysfluency and not
only before so BiLSTM are a relevant option. The MFCC
and phoneme class probabilities go through a BiLSTM layer
with ReLU activation, then a time distributed Dense layer
with ReLU activation, followed by another Dense layer. Each
Dense layer is followed by batch normalisation and dropout
(0.5) layers. The phoneme estimation provides string data.
This data is one-hot encoded before going through an Embed-
ding layer. After that, the architecture is the same as described
previously. See Figure 2.3 for the network architecture. The
networks had 128 neurons in recurrent and embedding layers.

All the outputs are combined and fed through two dense
layers, each followed by batch normalisation and dropout
(0.5) layers. This is followed by either a binary classification
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layer (fluent or dysfluent speech) or a 5-class classification
layer (fluent speech, word repetition (Wd), sound repetition
(Sd), interjection (Int) or prolongation (Pro)).

2.4. Loss Functions

In therapy, it is important not to over-detect stuttering, espe-
cially when there is no stuttering as this could be detrimental
for the patients. So our custom loss function for stuttering
detection takes a weighted average between specificity and
recall, the focus being on specificity to reduce false positives.

custom loss = 1− (0.85 ∗ specificity + 0.15 ∗ recall) (1)

For dysfluency classification, we use a custom correla-
tion coefficient loss function. To rigorously test the proposed
model, we employ 10-fold cross validation where each audio
file is randomly assigned to one fold. We conducted 10 ex-
periments where the networks learns on 90% of the data and
tests on the remaining 10%. The reported results represent the
average between 10 experiments. Models were trained with
a batch size of 32, using the Adam optimizer, with a learning
rate of 0.0001. Early stopping was used based on loss with an
early stopping criteria of 15.

2.5. Evaluation & Metrics

We evaluate our model using Accuracy
(

TP
TP+TN

)
, Recall(

TP
TP+FN

)
, F1-score

(
TP

TP+0.5(FP+FN)

)
and specificity(

TN
TN+FP

)
.

3. RESULTS

We evaluated the performance of the model with different in-
put features: MFCC, phoneme class probabilities and both
combined. We also compared our results to published results
on the same datasets, when available.

3.1. Stuttering Detection

In this section, we consider the stuttering detection output of
our network. For FluencyBank, our MFCCS network per-
formed better than the other two with an accuracy of 88.3%,
F1-score of 88% and recall of 82.3%. It outperformed re-
ported results by [6] in terms of F1-score (80.8%). Regard-
ing UCLASS, our network outperformed [10] in every aspect.
However, [2] outperformed our model in terms of accuracy
([2]: 91.2%, both: 82.6%). For extensive results, see the last
column of Tables 1, 2 and 3.

3.2. Dysfluency Classification

See Tables 1, 2 and 3 for the results of cross-validation on
the FluencyBank and UCLASS datasets. For UCLASS, our

network trained on MFCC and phoneme probabilities outper-
forms reported results for dysfluency classification. For Flu-
encyBank, results with MFCC or phoneme probabilities only
are slightly better than the combination of both on a case by
case basis but the network trained on MFCC and phoneme
probabilities still performs better overall. As an example, we
provide the ROC curve and confusion matrix for the network
trained on FluencyBank with both MFCC and phoneme prob-
abilities features (See Fig. 2).

(a) ROC curve (b) Confusion matrix
Fig. 2. Results for dysfluency classification on FluencyBank

FluencyBank Accuracy
Wd Sd Int Pro Any

MFCC 82.4 79.5 81.1 91.1 88.3
phonemes 86.5 75.3 81.5 93.1 83.9

MFCC + phonemes 86.0 78.7 81.4 93.0 82.1
UCLASS Accuracy

Wd Sd Int Pro Any
Reported by [10] 24.0 NA NA 13.0 50.8
Reported by [2] 96.6 84.1 81.4 94.1.0 91.2

MFCC 97.9 77.3 91.5 99.2 73.5
phonemes 97.9 86.2 89.2 99.1 71.5

MFCC + phonemes 98.0 89.6 93.6 99.4 82.6

Table 1. Accuracy results on the FluencyBank and UCLASS
datasets

3.3. Generalization

Moreover, as UCLASS and FluencyBank are very small
datasets, networks trained on them are unable to generalize to
another dataset. To address this issue, we trained the network
on different combinations of the UCLASS, FluencyBank
and SEP-28K datasets (See Table 4 for the results on binary
classification). In this section, the network was trained on
70% of the data, validated on 20% and tested on 10%. The
data was split randomly. Regarding dysfluency classification
while training on SEP-28K + FluencyBank + UCLASS, we
obtained the following F1-scores: 82.9 for wordrep, 83.9 for
soundrep, 82.7 for interjection and 83.8 for prolongation (See
Fig. 3). When training on FluencyBank + UCLASS, we
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Accuracy Recall F1 Specificity
FluencyBank + UCLASS 91.0 89.4 91.1 84.7

SEP-28K + FluencyBank + UCLASS 94.3 83.8 94.1 87.6
SEP-28K + FluencyBank 96.1 80.3 95.9 86.2

SEP-28K + UCLASS 93.1 74.8 76.1 80.2

Table 4. Results on combining several datasets for binary classification

FluencyBank F1
Wd Sd Int Pro Any

Reported by [6] 59.3 74.3 82.6 67.9 80.8
MFCC 64.1 75.8 74.9 47.7 88.0

Phonemes 72.1 71.3 72.4 70.4 83.9
MFCC + phonemes 71.5 73.8 71.5 69.8 82.2

UCLASS F1
Wd Sd Int Pro Any

Reported by [10] 27 16
MFCC 49.5 59.8 55.6 49.8 77.2

Phonemes 70.3 68.6 66.9 65.5 75.5
MFCC + phonemes 69.8 72.1 73.2 70.1 83.9

Table 2. F1 score results on the FluencyBank and UCLASS
datasets

FluencyBank Recall
Wd Sd Int Pro Any

MFCC 63.7 78.0 77.4 50.0 82.8
Phonemes 70.9 73.8 71.7 65.3 77.6

MFCC + phonemes 70.5 74.9 70.3 69.8 78.2
UCLASS Recall

Wd Sd Int Pro Any
Reported by [10] 24 13

MFCC 50.0 76.3 56.2 50.0 77.4
Phonemes 69.2 81.0 83.6 62.6 78.9

MFCC + phonemes 68.9 81.6 85.3 63.6 82.2

Table 3. Recall results on the FluencyBank and UCLASS
datasets

obtained the following F1-scores: 81.1 for wordrep, 87.1 for
soundrep, 86.6 for interjection and 81.5 for prolongation.

3.4. Real-time evaluation

Real-time performance is a crucial aspect for being usable in
real-life settings, e.g. in technology-assisted therapeutic in-
terventions. To evaluate time performance, we ran inference
on 3s of audio data for a thousand times and took the aver-
age time. MFCC computation takes 3 ms and phoneme class
inference takes 153 ms. On an i7 Intel Core CPU (11th Gen
Intel Core i7-11700 @ 2.5GHz x 16), inference for the MFCC
model is 18.5 ms, for the phoneme model 29.4 ms and for the
model with both 30 ms. On a GeForce RTX 2060 GPU, infer-
ence for the MFCC model is 18.6 ms, for the phoneme model
49.9 ms and for the model with both 54 ms. Data process-
ing and inference would therefore take around 200 ms which

would allow audio processing at 5Hz. This should be fast
enough for real-time processing of the audio data, especially
since we use a 3s window as an input.

Fig. 3. Confusion Matrix for the network trained on SEP-28K
+ FluencyBank + UCLASS

4. CONCLUSION

In this paper we combined MFCC and phoneme probabilities
to achieve stuttering detection and dysfluency classification
using a BiLSTM network. Our main concerns were speci-
ficity and real-time inference so that the network can actually
be usable in a real-world setting. Overall, our network per-
forms as well or better than state of the art results, although
the model trained on UCLASS notably has a lower accuracy
than [2] for stuttering detection. It is however questionable
whether their network would be able to achieve real time in-
ference as six networks would need to run in parallel. Overall,
performance was worse for prolongations and word repeti-
tions. [6] reported the same issue with word repetitions and
hypothesized that this was caused by their longer duration and
higher variability. Regarding prolongations, this type of dys-
fluency is very under-represented in the UCLASS and Fluen-
cyBank datasets, which explains why the network would be
struggling with them. Most limitations are due to the small
size and the imbalance of the datasets UCLASS and Fluen-
cyBank. This is confirmed by the very good performance of
the neural network trained on SEP-28K + UCLASS + Flu-
encyBank or even on UCLASS + FluencyBank. Next steps
involve testing the network in real-life settings to verify gen-
eralization and feasibility in technology-assisted therapy.
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“Phonet: A tool based on gated recurrent neural net-
works to extract phonological posteriors from speech.,”
in INTERSPEECH, 2019, pp. 549–553.

[17] Wenliang Dai, Samuel Cahyawijaya, Zihan Liu, and
Pascale Fung, “Multimodal end-to-end sparse model for
emotion recognition,” arXiv preprint arXiv:2103.09666,
2021.

[18] Julian Fritsch and Mathew Magimai-Doss, “Utterance
verification-based dysarthric speech intelligibility as-
sessment using phonetic posterior features,” Ieee signal
processing letters, vol. 28, pp. 224–228, 2021.

[19] Kelly Dailey Hall and Ehud Yairi, “Fundamental fre-
quency, jitter, and shimmer in preschoolers who stutter,”
Journal of Speech, Language, and Hearing Research,
vol. 35, no. 5, pp. 1002–1008, 1992.

6486

Authorized licensed use limited to: UNIVERSITY OF BIRMINGHAM. Downloaded on March 11,2026 at 13:58:26 UTC from IEEE Xplore.  Restrictions apply. 


