Automatic pitch accent classification through image classification
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Abstract

The classification of pitch accents has posed significant
challenges in automatic intonation labelling. Previous research
primarily adopted feature-based approaches, predicting pitch
accents using a finite set of features including acoustic features
(FO, duration, intensity) and lexical features. In this study, we
explored a novel approach, classifying pitch accents as images
represented in pixels. To evaluate this method’s effectiveness,
we used a relatively simple classification task involving only
two types of pitch accents (H* and L+H*). The training of a
basic neural network model for classifying images of these two
types of accents (N= 2,025) yielded an average accuracy of
93.5% across 10 runs on the test set, showcasing the potential
effectiveness of this new approach.

Index Terms: pitch accent classification, image classification,
machine learning

1. Introduction

Intonation refers to utterance-level language-specific
modulations of fundamental frequency (FO). FO modulations
can be modeled using various approaches, including the
Fujisaki model [1], MOMEL [2], Tilt [3], polynomials [4],
Functional Principal Components Analysis (FPCA) [5], and
phonological models. The phonological models of intonation,
in particular, generally follow the Autosegmental-Metrical
approach (AM) [6], [7], which describes intonation in terms of
pitch events, namely pitch accents and edge tones.

The AM approach to intonation has been widely adopted in
intonation research and shows potential to enhance automatic
speech applications [8], because it provides a framework for
investigating the relationship between intonational forms and
their meanings. For instance, AM delineates a clear distinction
between H* and L+H* accents. Studies suggests that in
American English, the former is realized as high pitch,
encoding new information, while the latter is realized as rising
pitch encoding contrastive information [9].

However, manually labeling intonation based on AM
conventions requires extensive training, and is both time-
consuming and susceptible to inter- and intra-annotator
inconsistency [10]. Therefore, there is significant demand for
automatic solutions. Considerable research effort has been
dedicated to this pursuit, using different algorithms and
features. The current state of automatic prosodic labeling
achieves identification rates exceeding 90% in binary tasks,
specifically in determining the presence or absence of an accent
or a prosodic boundary. In contrast, pitch accent classification
remains challenging and is highly dependent on the number of
classes and speakers. When dealing with three pitch accent
classes (high, downstepped, and low), [11] reported an accuracy
rate of 80.2% using a multilevel hierarchical model based on a

decision tree framework; [12] achieved an accuracy rate of
87.2% through the use of bagging and boosting with
Classification and Regression Trees (CART); [13] employed
neural networks and obtained an accuracy rate of 84%; [14]
reported 81.3% accuracy using support vector machine (SVM)
with a linear kernel. However, when dealing with a higher
number of classes, the accuracy rates significantly decrease. For
classification involving four classes (H*, L+H*, 'H*, and L*),
[8] reported an accuracy rate of 56.4% using a multi-layer
perceptron classifier (MLP). For classification involving seven
classes (H*, L+H*, 'H*, H+!H*, L+!H*, L*, and L*+H), [15]
obtained an accuracy rate of 63.99% using a confidence
weighted combination of ensemble sampled SVMs, while [16]
reported an accuracy of 70.8% using a fusion of neural
networks and decision trees. Focusing on Dutch, [17] obtained
an accuracy rate of 75.4% using SVM on seven types of pitch
accents defined in the ToDI framework (H*L, H*, L* L*H,
H*LH, 'H*L, 'H*, L*HL) [18].

The aforementioned works are feature-based approaches,
incorporating a finite set of features that include static acoustic
features such as FO point values, intensity, and duration [19],
and dynamic ones such as slope approximations [20] or
polynomial coefficients (horizontal line, sloped line, parabola
and wave) [4], as well as lexical features. While the feature-
based approach is widely adopted, it poses two potential
limitations. First, the selection of features largely depends on
researchers’ expertise [21]. The second, and more important
limitation, is that the features used in this approach only
represent specific aspects of an FO contour rather than the “full
picture”. An analogy illustrating this disparity is akin to
describing an elephant with features like fan-shaped ears, a long
nose, and chunky legs, rather than directly providing a depiction
of an elephant. As an alternative to the feature-based approach,
an instance-based approach to contour classification involves
using entire contours for classification. This approach has been
explored in a few studies. For example, [22] used hierarchical
clustering to classify contours represented by sequences of FO
values extracted at different time points. Similarly, [23]
assessed the effectiveness of k-means clustering for clustering
FO series and a bidirectional LSTM (long short-term memory)
neural net classifier for contour labeling. Although these two
studies did not explicitly focus on pitch accent classification,
the methodologies they introduced can potentially be applied to
address that issue as well.

The current study uses a similar approach to [22] and [23],
classifying pitch accents based on their corresponding FO
contours rather than a set of features. In contrast to these two
studies, our approach involves using image classification
techniques to classify FO contours presented as images, as
opposed to a sequence of FO values. The use of image
classification techniques to classify pitch accents is
theoretically sound, relying on computer vision to perceive and



interpret different patterns in FO trajectories. This mechanism is
essentially similar to manual annotations of pitch accents,
where annotators follow labelling guidance, using human
vision to identify phonetic evidence such as a “sharp rise in
pitch” for L+H* and a “gradual” rise for H* as outlined in the
MAE_ToBI training materials provided by MIT [24].

To our knowledge, this approach is novel for pitch accent
classification, though widely used in various domains dealing
with other types of time-series data, including medicine,
entomology, astronomy, signal processing [25], micro- and
macro- economics, finance, demographic data [26], and EEG
signals [27]. The most widely adopted architecture for time-
series classification is Convolutional Neural Networks (CNNs).
Some studies modify the traditional CNN architecture, using
1D time-series signals as input, while others transform time
series into images using image transformation methods such as
recurrence plots (RP) [27], [28], Gramian Angular Fields
(GAF) [29], Markov Transition Fields (MTF) [25], or a
combination of these imaging methods [26]. The image
classification approach is particularly intriguing for pitch accent
classification because it preserves temporal information by
transforming time series into images using image
transformation methods such as GAF. This can be
advantageous over time-series clustering, as introduced in [22],
where FO series for clustering share the same duration.
However, in this initial exploration, we did not apply image
transformation. Instead, we trained a basic neural network
model without convolutional layers to classify images of FO
contours presented in pixels. To assess this method, we
conducted a relatively straightforward classification task
involving only two types of pitch accents: H* and L+H*,
instead of dealing with multiple classes as in previous research.
Although we only focused on these two accents, they are
notoriously difficult to disentangle in manual annotations, often
leading to disagreement among annotators [10].

2. Methods

2.1. Data set

The data set involved unscripted speech from 8 native speakers
of Southern British English (5 females, 3 males, aged 18-54
years, mean age 29.25 years) elicited using three tasks. Each
speaker completed a storytelling task and a map task [30].
Additionally, pairs of speakers engaged in informal discussions
about unusual objects, such as a nose flute, a magnetic cable
organizer, and a telescopic magnetic gripper. The recorded
speech data were annotated for pitch accents by one expert
annotator based solely on the FO shape of the accented syllable
and adjacent segments: accents were annotated as L+H* if they
consisted of a deliberate FO dip at the onset of the accented
syllable, and as H* if not. The annotation yielded 2,025 accents:
1,764 H* and 261 L+H*. A second expert annotator
independently annotated 12% of the accents using the same
criteria, with unweighted Cohen’s Kappa showing high inter-
annotator agreement (0.85, C.I. = 0.81 - 0.89).

2.2. Preprocessing

The images of FO curves were prepared in the following steps.
First, FO values (in Hz) were extracted from accented words at
a time-step of 5 ms using PRAAT [31]. Second, the raw FO
curves were processed to remove FO doubling and halving and
interpolated to fill FO gaps. Third, the resulting curves were
normalized by speaker using z-scores to eliminate individual

speaker characteristics. Fourth, to eliminate micro-phonetic
variations at the morphological level, the speaker-normalized
curves were smoothed using the B-spline method with 6 knots
and a lambda of 10* using the fda package (see [5] for more
information on smoothing), and time-registered based on a
common landmark—the onset of accented vowels—to ensure
that the curves are aligned around the same landmark and have
the same duration, namely, the mean duration of all curves.
Fifth, the resulting curves were saved as PNG images (480 by
480 pixels), resized to a lower resolution (28 by 28 pixels) in
greyscale (pixel values O to 1). Figure 1 shows an example
curve evolving through these steps. The corresponding pitch
accent labels were transformed into arrays of integers: O for H*
and 1 for L+H*.
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Figure 1: (a) Raw FO tracks (red circles) and
smoothed curve (black line) with the accented vowel
onset annotated as the red dashed line; (b) Landmark-
registered curve; (c) Curve saved as a 480 by 480
pixels image without axes information; (d) Image
rescaled to 28 by 28 pixels for training and testing.

The entire set of images were randomly partitioned 10 times
into training and testing sets at a ratio of 90% to 10%. The
training set was used to train the network, while the testing set
was used to evaluate the model’s accuracy in classifying the
images of curves. Figure 2 shows 10 randomly selected images

from the training set.
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Figure 2: 10 randomly selected images from the
training set with curve IDs and human-assigned labels
shown on top of each subplot. The vertical red dashed
line in each subplot denotes the accented vowel onset,
depicted here for illustrative purposes and not present

in the training and testing images.

2.3. Model structure

A basic neural network without convolutional layers was
trained to learn to associate the images of curves and their



corresponding labels using the Keras/TensorFlow package in
R [32] (code available at
https://osf.io/esb4g/?view_only=4409bab750b24dcd9be308bc
b26a2d66). This network consisted of three layers. The first
layer, “layer_flatten”, transformed the image format from
a 2D array (28 by 28 pixels) to a 1D array of 28*28=784 input
features. The flattening layer was followed by a sequence of
two dense, or fully-connected, layers. The first dense layer had
128 nodes (or neurons) with a ReLU activation function, and the
second layer was a 2-node softmax layer. This output layer
returned an array of 2 probability scores that sum to 1. Each
node within this layer contains a score indicating the probability
that the current image belongs to one of the two pitch accent
classes. Although the softmax layer is usually used for multi-
class problems, we opted to include it (instead of a single node
with a sigmoid activation function) as it allows an easy
increase in the number of output nodes when dealing with
additional pitch accent classes. Using the adam optimizer and
sparse_categorical_crossentropy as the loss function,
the model was fit in 5 epochs.

Model training and testing was conducted 10 times on the 10
randomly partitioned sets of images, and the average accuracy
score and the loss were calculated across the 10 runs.

3. Results

The average accuracy across 10 runs on the test dataset was
93.5% and the average loss 14.9%. Table 1 shows the test
accuracy and loss for each run.

Table 1: Model accuracy and loss on the test set in
each run

Run No. Accuracy Loss

1 0.921 0.196
2 0.956 0.133
3 0.960 0.097
4 0.921 0.171
5 0.926 0.155
6 0.966 0.106
7 0.887 0.257
8 0.931 0.126
9 0.941 0.130
10 0.941 0.122
Average  0.935 0.149

To gain a more comprehensive understanding of the model’s
predictability, we examined the prediction accuracy for each
class. Out of the 203 randomly selected images for testing in the
10th run, 175 were annotated as H*, and 28 were annotated as
L+H*. Among the 175 imaged labeled as H*, 170 were
predicted as such, while 5 were predicted as L+H*. For the 28
images of L+H*, 23 were predicted as such, while the
remaining 5 were predicted as H*. Thus, the model’s accuracy
in predicting H* was 97%, while the accuracy for predicting
L+H* accents was 82%. Figure 3 presents 10 randomly selected
correct predictions for each class made by the trained model in
the 10th run. In this figure, human-assigned pitch accent labels
are shown on top of each subplot before brackets, and model-
predicted labels are shown within brackets. The vertical red
dashed line in each subplot denotes the accented vowel onset,
depicted here for illustrative purposes, and not present in the
training and testing images. As shown in the figure, the model
was quite successful in detecting patterns in FO trajectory and
assigning a correct pitch accent label to it. For example, curve

1199 (panel (a): row 1, column 1), which shows a clear rising
pattern, is labeled as L+H* by the human expert and correctly
predicted by the model as such. In contrast, curve 1019 (panel
(b): row 2, column 1) exhibits a typical falling pattern, labeled
as H* by the human expert and correctly predicted as such by
the model. The model not only distinguishes typical rising and
falling patterns, but also had successfully learned the
association between FO peak alignment and pitch accent labels.
When F0 peaks occur noticeably after the accented vowel onset,
as in the curves shown in Figure (3a), the model correctly
identifies the curves as L+H*. Conversely, when FO peaks
occur before or align with the accented vowel onset, as in the
curves shown in Figure (3b), the model correctly identifies
them as H*.
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Figure 3: 10 randomly selected correct predictions for
each class ((a): L+H*; (b) H*) made by the model in
the 10™ run. The vertical red dashed line in each
subplot denotes the accented vowel onset.

The output of the 10th run of the model was used to inspect the
instances for which the predicted labels differed from those
provided by humans, which was the case for ten test images
(5%). Among these, the model predicted H* for five contours
labeled as L+H* by humans, and L+H* for the remaining five
contours labeled as H* by humans. These instances are
presented in Figure 4, following the same visualization style as
seen in Figure 3. Upon scrutinizing these discrepant cases, two
plausible causes for the disparity between human-assigned
labels and the model’s predictions emerge. These cases are
discussed in the next section.
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Figure 4: All 10 cases with discrepancies between
human-assigned labels and those predicted by the
model in the 10™ run: (a): L+H* predicted as H*; (b)
H* predicted as L+H*. The vertical red dashed line in
each subplot denotes the accented vowel onset.
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4. Discussion and conclusions

In this study, we trained a basic neural network model to learn
the association between pitch accent labels provided by a
human expert and FO curves represented as pixel images. We
used the trained model to predict the pitch accent type for new
curves represented as images. The outcome from a relatively
simple classification task involving two types of pitch accents
(H* vs. L+H*) yielded an average accuracy rate of 93.5%
across 10 runs on the test set, indicating the effectiveness of this
new approach. This initial exploration demonstrates that image
classification techniques can successfully discern different
patterns in FO series. This is in line with the success of this
technique in handling other types of time-series data. The
effectiveness of the image classification approach can be
attributed to the fact that it takes into account the entire FO
information in a curve, rather than relying on a finite set of
features describing the curve shape, as is the case for the
existing feature-based models mentioned in the introduction.

While the overall accuracy is high, the accuracy rates for each
class differ, with H* having higher accuracy than L+H* (97%
vs. 82%). This disparity can be attributed to imbalance in the
dataset, where there are a lot more instances of H* than L+H*.
Apart from acquiring more L+H* instances for training, the
accuracy for L+H* could be improved by employing techniques
such as class weighting or data augmentation.

There were, however, some instances, in which the model’s
prediction did not agree with the classifications of the human
annotator. There are two plausible explanations for these
discrepancies. First, it seems that, in certain cases, these
discrepancies might be better annotated with a different label
than the one originally assigned. Specifically, instances
originally labeled as H* by the human expert might be better
annotated as L+H* given the presence of a clear FO dip at the
onset of the accented syllable. This applies to at least four out
of the total five predicted H* cases, namely curves 1730, 2204,
2242, and 509 (in Figure 4(b)). Similarly, two instances
originally labeled as L+H* by the human expert, namely curves
127 and 2141 (in Figure 4(a)), might be more appropriately
labeled as H*, because the FO dip at the beginning of the
accented syllable is not as visible as it is in other cases. This
potential concern involves approximately 3% of the instances
in the test set (6 out of 203). While this fraction of data might
contribute to the model’s discrepant predictions, intra- and
inter-annotator inconsistency is hard to avoid and has been
frequently observed in the manual AM annotations [10],
highlighting the need for alternative approaches that can
generate labels more consistently. It is also possible that the FO
rises causing the discrepancy between human and machine are
artifacts of interpolation, leading to a marked rise in the curve
not accessible to the former but used by the latter. While the
questionable instances constitute only a small fraction of the
data, a sanity check of the interpolated curves, which was not
conducted in the current experiment due to its exploratory
nature, is necessary to identify the real cause of the issue and
further enhance data quality. After resolving these questionable
instances, we could retrain the model to see if the accuracy can
be further improved. The other plausible cause for the disparity
between the labels provided by the human expert and the
model’s prediction is related to the ambiguity in the pitch accent
type, concerning curves 1780, 486, and 1383 (as shown in
Figure 4). Although an FO dip seems to be present at the
beginning of the accented syllable, the FO peak following the
dip is quite close to the beginning of the accented syllable.

Therefore, the pitch accent category to which these curves
belong is ambiguous and thus they could potentially fit into
either category, as indicated by the close probability scores for
these curves belonging to the two classes (e.g., 0.57 vs. 0.43).
Curves with these atypical shapes constitute the overlaps
between these two types of pitch accents [33], [34], [35], [36],
despite the fact that the accents are categorically different in
terms of phonetic realization in standard British English [37].
Such curves pose challenges not only to manual annotations but
also to automatic classification. One potentially useful solution
that avoids relying on human-assigned labels is unsupervised
learning, enabling algorithms to determine the clustering of
contours without the guidance of pre-provided labels.
Subsequently, the machine-formed clusters can be compared to
the grouping of curves suggested by human-provided labels to
assess if the algorithm picks the same traits as those considered
relevant by human annotators. However, it is unpredictable
which aspects of FO variation algorithms would consider
important when forming clusters.

Although this initial exploration has demonstrated the potential
of using image classification to predict pitch accents, it is hard
to directly compare our results with those of previous studies
on automatic pitch accent classification, because those works
generally involve more classes and trained their classifiers on
different data sets, with the Boston University Radio News
Corpus (BU-RNC) [38] being the most commonly used corpus.
To compare the effectiveness of the current method with those
used in previous studies, it is essential to involve more classes
to classify and conduct experiments on the BU-RNC corpus.

While the image classification technique was applied to pitch
accents in the current study, we do not intend to restrict its
application to this specific task. Given its working mechanism
as a pattern recognition technique, we believe that the approach
showcased in the current study can be applied as a generic
method for pitch contour classification, addressing various
research questions. Presumably, after being trained on data
containing the labels of interest, the models can automatically
assign labels to new contours, expediting the data annotation
process.

This preliminary exploration has shown a high accuracy of the
image classification technique in classifying H* and L+H* in
unscripted speech in standard British English, demonstrating its
potential effectiveness in FO contour classification.
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