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Improving Estimation Of Valence And
Arousal Emotion Dimensions Based On Emotion
Unit
Reda Elbarougy
Abstract: The objective of this research is to improve the estimation accuracy of emotion dimensions: valence and arousal. Former studies for speech
emotion recognition (SER) mostly supposed that the affective content is stable and unchangeable through the entire utterance. Thus, these studies have
been conducted based on the entire utterance as one unit for estimating these dimensions. However, this assumption is not fulfilled especially for long
utterance because emotion is dynamic and may fluctuate through the long utterances. Consequently, the extracted low-level descriptors from such
utterances are less effective for SER systems since they are mixture of different affective states. Most of these research ignored the investigation for the
proper time scale to be used when extracting features. Therefore, a novel emotion unit based on voiced segments is proposed for improving the
estimation accuracy. To evaluate the proposed method, SER system based on the dimensional approach using support vector regression is used. For
validating it, the EMO-DB database is used. To measure the accuracy, mean absolute error (MAE) for the estimated values of valence and arousal is
used as a metric. Results revealed that the emotion unit that contains three and four voiced segments gives the best MAE for valence and arousal,
respectively. It is found that the performance of the proposed method using voiced related emotion unit outperforms the conventional method using
utterance unit for both valence and arousal. The improvement in terms of MAE is from 0.68 to 0.51 for valence dimension, and from 0.34 to 0.21 for
arousal dimension.
Index Terms: Acoustic features extraction, emotion dimensions' estimation, voiced segment, support vector regression (SVR), improve the challenge
valence dimension, speech segmentation, proper time for emotion recognition.
——————————  ——————————

1. INTRODUCTION
Speech emotion recognition (SER) is one of the fundamental
disciplines in speech analysis serving next generation human–
machine interaction and communication [1]. Emotion is useful
in human communications because it reﬂects the speaker’s
intention and usually does not depend on the content of the
utterance [2]. Numerous of earlier techniques for SER focus
only on the classiﬁcation of emotional states as discrete
categories such as happy, sad, angry, fearful, surprised, and
disgusted [3]. However, emotions are usually gradually change
from low to high degree [4]. Therefore, for any SER system it
is essential to be able for estimating the degree of the
emotional state form the voice [3, 5]. Hence, this study adopts
the dimensional representation of human emotion, where
emotional state is estimated as a point in a plane consists of
two dimensions: valence, and arousal [6]. These estimated
values for the two dimensions identify both the emotional state
as well as its degree such as "low happy", "happy", "very
happy" [7]. Emotion recognition task based on dimensional
representation is a regression task, that tries to find the
connection between the extracted acoustic features as inputs
and the values of valence and arousal as outputs.
Performance of this model is mainly depend on the used
acoustic features, the more related feature to the output the
high accuracy obtained [8]. Until now, emotion dimension
estimation still a challenging problem especially for valence
dimension [9]. Valence estimation is still problematic due to
lack of discriminative features moreover, positive and negative
emotions sharing same acoustic features such as happy and
anger are characterized by high F0 (fundamental frequency)
which make it difficult for the machine to distinguish them.

Previous studies for emotion dimension estimation have
concentrated on some different aspects as follows: for
example; finding the most relevant acoustic features related to
emotions from speech [10, 11, 12]. Searching for the best
machine learning algorithm to use in constructing the classifier
or investigate different classifier architectures [13, 14, 15, 16].
However, most of these research ignored the investigation for
the proper time scale to be used when extracting features [17,
18]. Previous studies of acted emotions have been established
on the whole utterance as an emotion unit for recognizing the
emotional state [3]. It is assumed that the affective content is
constant during one utterance. However, this assumption is
not satisfied especially for long utterance. Emotion is dynamic
and may changes during the utterance, especially in
spontaneous speech, utterances’ duration is much varied from
very short to very long utterance. Therefore, long utterances
may include different emotional states. Thus, the extracted
low-level descriptors (LLDs) of acoustic features such as Melfrequency cepstral coefficient (MFCC) from such utterances
are inconstant because they representing different emotional
states. Several studies based on this assumption were done
such as in [7] however, the improvement is very limited due to
using the whole utterance' features. These features are not
strong due to huge differences in utterance durations. Dealing
with utterance as one object is not best choice.
Applying functional statistics such as (mean, standard
deviation) to obtain global statistic form the LLDs for long
utterance are not reliable. Steps for estimating emotion
dimensions is presented in Fig 1.
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extracted from one-unit emphasis the discriminative properties
related to emotional state since each unit include only one
emotional state, thus the obtain features are more consistent
and more reliable. Thus, applying some functional to extract
the global feature leads to more expressive features. The
proposed emotion unit based on voiced segments is described
in details in section 3. To evaluate this method, SER system
based on the dimensional approach using support vector
regression is used. For validating it, the emotional database
EMO-DB is used.

4 SPEECH MATERIAL
Fig. 1: Traditional method for emotion dimension estimation
based on features extracted from the entire utterance.
Therefore, a new emotion unit based on voiced segments
should be investigated for improving emotion dimension
estimation. Rare studies investigated the impact of
segmenting utterance into units on the estimation accuracy
[19, 20]. The results indicated that feature extracted from
segment does not perform as that feature extracted from the
utterance level, though, when the segment and utterance
features are combined the performance is improved. This
imply that the segment information improves the overall
combined accuracy. A segment-based SER system was
proposed by Jun-Heng Yeh et al, 2011 for continuous Chinese
speech [21]. However, they only use one voiced segment and
dos not study the outcome of unit composed of several voiced
segments. Therefore, audio segmentation into proper unit for
emotions is very essential [22]. This unit is called emotion unit.
As soon as the speech pauses and the speech segments
have been identiﬁed, segments need to be combined to match
the optimal analysis unit length. The optimal of this length is a
highly argued issue [19, 23 24], and the answer depends
strongly on the nature of data and labels. For example, some
pathological vocal cord sicknesses may be obvious from solely
single vowel [25], whereas speaker characters such as
depression, or age are merely apparent from multiple
utterances and occasionally are also reﬂected in the linguistic
content instead of only in the acoustic content. Emotion lies to
some extent in between, very strong and perfect emotions can
be conveyed in single words, while others are only evident in
utterances which contain a few of words [23].

3 MOTIVATION AND OBJECTIVES
The audio segmentation is considered one of the supreme and
significant topics for real-life use-cases, but it has been not
frequently explored so far [26]. Finding the optimal
segmentation unit of analysis is still an active area of research,
especially for affect recognition [20, 27, 28, 29, 30]. Therefore,
the propose of this study is to improve the utterance-level
emotion dimensions' estimation accuracy by finding the
optimal segmentation method that segments utterance into
units. Assumption of this study is, since emotion is dynamic
through the utterance i.e. varying from weak to strong,
consequently, naturally segments in an utterance contribute
differently to the utterance-level decision. Therefore,
segmentation into proper emotion units and estimating the
values of emotion dimensions for each unit, then using these
values for estimating the utterance-level emotional state could
improve emotion estimation accuracy. The expected
improvement using the proposed segmentation method into
emotion unit is due to the following purpose: acoustic features

The Berlin emotional speech database (EMO-DB) is chosen
for evaluating the proposed method [31]. There are ten
utterances from ten different actors, five males and five
females. These ten utterances are divided into five short
sentences (1.5s approximately) and five longer sentences (4s
approximately). These sentences were not equally distributed
between the various emotional states. To conduct training for
the proposed system, an equal scattering of the four emotional
states is needed. Thus, 50 utterances of each of the following
states: happy, angry, sad, and neutral were used; i.e. in full of,
200 utterances were selected. EMO-DB originally annotated
using categorical representation. To evaluate the proposed
method based on dimensional representation, it is required to
re-annotate it using this representation. The emotional state is
denoted as one point in a two-dimensional plane, i.e. valencearousal space. Thus, using a listening test each utterance in
selected dataset was labeled based on valence and arousal
by means of a 5-point scale {-2, -1, 0, 1, 2}. Valence scale is
very negative (-2), negative (-1), neutral (0), positive (1), and
very positive (2). Arousal scale is very calm (-2), calm (-1),
neutral (0), excited (1), and very excited (2).

5 PROPOSED SEGMENTATION METHOD
Speech signal is composed of voiced, unvoiced, and silent
speech. Voiced speech is a periodic speech signal; moreover,
these segments carries countless emotional content [32].
Conversely, unvoiced speech is white noise similar sounds
produced by teeth or lips [33]. Existence of the silent and
unvoiced segments cause the extracted feature values less
effective, thus it should be eliminated. In this study, it is
assumed that emotion unit should be explored inside the
voiced segments. These segments encompass F0 data that
are typically used to express the emotional state of the
speaker. Thus, voiced segments of an utterance include
vowels which are very essential for SER, due to vowels are
the richest parts with emotional information [34].
Segmentation of speech utterance into its vowels is very
challenging task and require either prior knowledge such as
the phoneme boundaries or using an ASR system to find these
boundaries. On the other hand, segmenting into voiced
segments can be easily done using voice activity detection
(VAD) with a very high performance. Accordingly, to extract the
best and more related emotional information included in the
vowel parts, and avoid the limitation of vowel segmentation,
voiced segments are the best choice for emotion unit
investigation. The segmentation into voiced segments can be
done by using STRAIGHT software [35]. The algorithm used
for this segmentation is based only on acoustic information
that make it easy to be implemented in real-time. Suppose the
utterance 𝑈 is segmented into its voiced segments using this
algorithm, the output of segmentation are the waveforms of all
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voiced segments which given by
𝑈
{
}
(1)
where i is utterance index, 𝑈 represents the sequence of
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all voiced segments for utterance 𝑈
is the jth voiced
segment, and
is the number of voiced segments in 𝑈 . Fig.
2 shows the segmentation of 𝑈 into its voiced segments.

Waveform of emotional speech utterance
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Fig. 2: Segmentation of utterance 𝑈 into voiced segments using F0 extracted using STRAIGHT software, i is utterance index in
the database.
From this figure, it is clear that voiced segments are dynamic
in terms of duration length. These dynamic properties of this
unit is very important to capture all changes on emotional state
during the utterance. In this study, it is assumed that one
voiced segment cannot include more than one emotion i.e.
during one voiced segment emotional state is fixed. It is
difficult to start one emotional state and end it in one voiced
segment. However, the emotional state may continue for
several consequences of voiced segments. It is not known
how many voiced segments should be used to represent the
optimal unit. To find the optimal unit, it is necessary to find unit
with minimum number of voiced segments that gives the best
emotion recognition accuracy. Therefore, impact of including
Fig. 3: Steps of segmentation into emotion units
different number of voiced segments in the proposed unit on
SER is investigated. Fig. 3 shows the process of segmentation
Thus, we define emotion unit in terms of number of voiced
into emotion units. Firstly, the utterance is segmented into its
segments. For example, emotion unit 1 (𝐸𝑈 ) is the method
voiced segments using F0 information extracted by
that segments an utterance into units/segments include one
STRAIGHT software. Then, applying the segmentation into
voiced segment as given by
units, this process combines several voiced segments to
𝐸𝑈 𝑈
{
}
format one emotion unit as explained in the rest of this section.
(2)
where ,
are as explained in equation (1) and
is the jth
unit of utterance 𝑈 . These units are simply the original voiced
segments and there is no overlap between these units.
The second type is emotion unit 2 𝐸𝑈
that segments
utterance into units that contains two consequence voiced
segments in each unit as given by
𝐸𝑈 𝑈
{
}
⋃
(3)
The definition of this method is based on the use of a new
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windowed of the speech, using a windows of fixed length of
two consequence voiced segments with overlap of one voiced
segment. In general, the definition of emotion unit k 𝐸𝑈
by
𝐸𝑈
𝑈
{
}
⋃
(4)
𝐸𝑈 segments the utterance 𝑈 into units which consists of k
voiced segments. From the above definition, it is clear that,
number of emotion units in one utterance depends on both the
number of voiced segments and the type of unit
representation. Fig. 4 shows an example of segmentation of
one utterance includes 6 voiced segments using segmentation
method 𝐸𝑈 .

Fig. 4: Example of segmentation using 𝐸𝑈 method for one
utterance that have 6 voiced segments, the number of units
are 5.

6 EVALUATION OF PROPOSED EMOTION UNIT

{𝑈 𝑖
Given an emotional speech database 𝐷𝐵
𝑁} of 𝑁
emotional utterances. Using different emotion unit
segmentation on DB, different datasets of emotion units are
obtained. For example, applying 𝐸𝑈
that include k voiced
segments we obtain the following dataset
⋃
𝐸𝑈 𝐷𝐵
{
}
𝑖
𝑁
(5)
The obtained units using this segmentation method have the
same number of voiced segments. The number of units using
this segmentation method is ∑
where is the number of
voiced segments in utterance 𝑈 . To find the optimal emotion
unit, the impact of including different number of voiced
segments in the proposed unit on SER is investigated. The
unit that yields the highest recognition accuracy for SER
system is the optimal one. In this study, the investigation for
emotion unit is based on the dimensional representation of
emotion. Thus, traditional problem statement for emotion
dimension estimation is reformulated according the concept of
emotion unit. Traditionally, SER based on the dimensional
representation using utterance unit can be defined as follows:
given a dataset of emotional speech utterances, each
utterance is annotated using dimensional approach. The
sequence of labels for emotion dimension valence and arousal
is given by
𝐸
{𝐸
𝑖
𝑁}
(6)
where d ∈ valence arousal and 𝐸
is the value of emotion
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dimension d for utterance 𝑈 . The conventional task of SER is
how to construct and train an SER system to estimate emotion
dimensions' d for a new utterance. Using emotion unit
concept, the conventional approach could be reformulated as
follows, suppose for example, 𝐸𝑈 is used for segmentation,
the obtained dataset as given by equation (5). Since the label
of each unit is not given in the original database, therefore, it is
assumed that each emotion unit
has the label of the
utterance 𝑈 which belong to. As a result, the emotion
dimensions’ values of all units in the obtained database are
𝐸
{
}
𝑖
𝑁
(7)
where k is the number of voiced segments in the unit ,
is value of emotion dimension d, d ∈ valence arousal for the
unit . Therefore, the new definition for emotion estimation
problem is as follow; given a dataset of emotion units as
defined by equation (5) and the values of emotion dimensions
for all units by equation (7), how to predicted emotion
dimensions values of valence and arousal for a new unit
which the system not trained on. Since, one utterance consists
of number of emotion units, therefore, predicting the emotional
state of each unit is considered a continuous tracking of
emotional states within one utterance.
6.1 Speech emotion recognition system
The proposed system for detecting the emotional state is
composed of two stages, training stage and testing stage. In
training stage, utterance is segmented into its units as
explained in section 5. Then acoustic features extracted from
each unit. The final step is to train the proposed estimator to
learn the relationship between acoustic features extracted
from units and the emotional state of these units. Moreover, in
testing stage, the trained system is used to predict the
emotional state of a new utterance. This stage includes 5
steps: the first step is used to segment the input utterance into
its voiced segments, then the output voiced segments were
combined using Eq. 4 to constitute the emotion units as
explained in the previous section. After that, extract acoustic
features from each emotion unit. In addition, these features
are used as inputs to the trained SVR estimator to predict the
emotional state of each emotion unit in terms of estimating
valence and arousal. Fig. 5 shows the proposed method for
estimating emotion dimensions for each unit
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6.2 Results for emotion classification
Support vector regression (SVR) estimator was used to
estimate valence and arousal from the extracted acoustic
features for each unit in each utterance in the used database
as shown in Fig. 7. To measure the impact of each unit on the
estimation accuracy of emotional state, the performance of the
proposed unit-SER system is evaluated using different
emotion unit segmentation methods. Segmenting the original
database using a specific emotion unit yields a new dataset of
units. The inputs to the SER system are acoustic features form
the obtained dataset and the output is values of emotion
dimensions. Therefore, two SVR systems were implemented,
one to estimate valence and the other to estimate the arousal
dimensions, as clearly shown in the following figure.

Fig. 5: Steps of the proposed system for estimating valence
and arousal based on the emotional state of all unit included in
the used utterance.
To avoid overfitting, the whole dataset of emotion units is
divided using 5-fold cross validation. Thus finally the predicted
emotion dimension of all utterances are given by
{

𝑖

𝑁

}

(8)
where
is predicted value of emotion dimension d, of the
unit .
The Mel frequency cepstral coefficients (MFCC) is widely used
for SER. MFCC have good performance in description of the
human ear's auditory characteristics. Therefore, the LLDs of
acoustic features in terms of MFCC are extracted from each
frame in each unit. For each frame, the first 13-order of the
MFCC coefficients are extracted. For each MFCC coefficient,
13 statistical values were computed over all frames of emotion
unit as shown in Fig. 6. Each unit’s MFCCs feature vector is
composed of a 169 elements.

Fig. 7: Emotion dimension estimation for each unit in each
utterance.
To evaluate effectiveness of the used emotion unit
segmentation method, units mean absolute error (Unit_MAE)
was used as given by
𝑈 𝑖

𝐸

∑

∑

|

|

∑

(9)
where d ∈ { alence Arousal} and

is the output of the

proposed system,
is the reference value of emotion
dimensions evaluated by human subjects, 𝑁 is the number of
utterances in used emotion corpus. Prediction performance
for emotion units that include one, two, three and four voiced
segments are shown in Fig. 8.

Fig. 8: Estimation performance for Unit-SER using the four
candidates for emotion unit segmentation methods: 𝐸𝑈 ,
𝐸𝑈
𝐸𝑈
𝐸𝑈
Fig 6: The used 169 acoustic features for emotion estimation
(13 Low-Level Descriptors (LLDs) multiplied by 13 Statistical
functional)

It clear from this figure that 𝐸𝑈 method attained the highest
recognition rate. Therefore, this method for segmentation is
considered the optimal unit. The finding of this study is that, to
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continuously tracing the emotional changes, it is required to
segment the utterance into units that has a windows of four
consequence voiced segments with overlap of three voiced
segments. It is important to note that, when using 𝐸𝑈
short
utterances that contains less than k voiced segments must be
exclude from analysis. For example, if we want to segment
utterances using 𝐸𝑈
all utterance that is composed of less
than 10 voiced segments should be removed from our
analysis. Thus, to keep as much as possible from the original
utterances, only the first four emotion units ( 𝐸𝑈 ,
𝐸𝑈
𝐸𝑈
𝐸𝑈 ) were used. Moreover, the predicted
values of emotion dimensions for all units can be used to
determine the overall emotional state of the whole utterance
by using the mean value of the estimated emotion dimension
of units using the following equation.
∑

(10)
Therefore, the proposed system not only estimating the
change of emotional state during utterance but also can
predict the overall emotional state in the whole utterance. The
utterance's mean absolute error (Utter_MAE) is used to
measure the performance of the estimation accuracy for the
whole utterance as given by this Eq. 11 and The result for
Utterance-SER is presented in Fig. 9.
Utter
(11)

𝐸

∑

|

|
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Fig. 10: Prediction performance using the four candidates for
emotion unit and traditional method
It is clear that the prediction performance using the proposed
methods outperforms the conventional method that uses the
utterance as unit for recognition. This result supports our
assumption since both emotion dimensions are improved
using the proposed method of emotion unit. The improvement
for valence was from 0.68 to 0.51, and the improvement for
arousal was from 0.34 to 0.21. To check the improvement of
increasing the number of voiced segments in emotion unit, the
distribution of valence and arousal in the valence-arousal
plane based on the four segmentation methods one, two,
three and four voiced segments are given in left side of Fig. 11
in the next page. These results obtained by using Unit-SER as
explained in section 6.2. In addition, the distribution of the
estimation values of emotion dimensions: valence and arousal
for the whole utterance estimated by Utterance-SER are
presented in the right side of Fig. 11. For example, the
distribution of utterance emotion dimension estimation in the
valence-arousal plane based 𝐸𝑈 segmentation method is
shown in the right part of first row in Fig. 11.

7 CONCLUSIONS

Fig. 9: Estimation performance for Utterance-SER using the
four candidates for emotion unit segmentation methods :
𝐸𝑈 , 𝐸𝑈
𝐸𝑈
𝐸𝑈
The results in this figure reveal that 𝐸𝑈 method gives the
best results for valence and 𝐸𝑈 gives the highest result for
arousal. To measure the effectiveness of the proposed method
the obtained results are compared with the traditional method
as used in many of the previous studies, thus two SVR were
used to estimate valence and arousal using extracted feature
from the whole utterance.
Comparison of the traditional
method with the proposed method is shown in Fig. 10.

The goal of this study is to improve the estimation values of
emotion dimensions: valence and arousal. To accomplish this
task, a segmentation method based on emotion unit is
proposed. This unit defined based on voiced segments of each
utterance. To find the optimal unit, the impact of including
number of voiced segment in emotion unit on the estimation
performance is investigated. The unit that attain the highest
performance is the optimal one. To measure the performance,
mean absolute error (MAE) for the estimated emotion
dimensions is used as a metric. The investigational results
reveal that the emotion unit that contains three voiced
segments attained the highest performance for valence.
Moreover, the emotion unit composed of four voiced segments
contributes the greatest performance for arousal. To estimate
the emotional state of the entire utterance the mean value of
the estimated values of the emotion dimensions for its units
were used. The prediction performance for using the proposed
methods outperforms the conventional method for both
valence and arousal.
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Fig. 11: Scattered plot of the estimated values of emotion dimensions' valence and arousal using both Unit-SER and UtteranceSER system in the left and right side, respectively.
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