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ABSTRACT

The increasing complexity in modern society has been leading to
a series of emotional shifts and mental pressures for individuals.
Emotion detection can assist people in managing stress and moni-
toring mental health. Consequently, recent works are leveraging
advancements in vocal/acoustic signal processing and machine
learning models to improve emotion detection from speech sig-
nals. A challenge in detecting variations in emotion from speech
involves the identification of appropriate features that can accu-
rately represent the underlying phenomenon. This paper proposes
a set of features derived from energy content and entropy mea-
sures extracted through the decomposition signals of the discrete
wavelet transform. These features aim to characterize various neg-
ative emotions, encompassing fear, sadness, anger, anxiety, and
disgust, within speech signals in non-controlled noise conditions.
We employ CNN-based architectures to classify the speech signals
to detect the embedded emotions. The results of our experiments
on publicly available datasets show that the proposed method per-
forms better than the state-of-the-art methods, which use other
time-frequency representations. We achieved an unweighted accu-
racy (UA) of 83.7 + 2.5 and a weighted accuracy (WA) of 81.7 + 5.
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1 INTRODUCTION

Human emotions play a crucial role in everyday life, influencing
various domains such as mental health support, criminal investiga-
tion, call center operations, and biomedical engineering [2, 16].

Emotion as a mental experience is often characterized by in-
creased physiological responses, including accelerated heartbeat,
breathing, perspiration, vocal disorder, and facial expressions. Emo-
tions can be detected through speech, facial expressions, gestures,
electroencephalography, and autonomic nervous system signals,
among which emotion recognition using speech is more popular
[13]. Despite mental health being a subjective experience, changes
in emotional states and stress can be objectively measured through
physiological signals including speech signals. Studies have demon-
strated the intrinsic connection between human psychological ac-
tivities and the physiological functions of the human body [20].
Maintaining an excellent and stable emotional state contributes to
optimal physical functioning. Conversely, disruptions in emotional
well-being can adversely affect physical functions and potentially
lead to various diseases.

Individuals suffering from different mental disorders often mani-
fest specific emotions as part of their condition. For instance, anx-
iety and fear are often associated with individuals undergoing
stress [4] and seasonal affective disorder [15]. Major depressive
disorder (MDD) [14] and mood disorders [5] are commonly asso-
ciated with feelings of sadness. Generally, individuals diagnosed
with Borderline Personality Disorder (BPD) exhibit regular mood
swings, display emotional instability, and undergo intense negative
emotions, a condition commonly termed affective dysregulation [7].
Therefore, emotions such as anger, fear, sadness, and emotional neu-
trality can serve as indicators not only of mental disorders but also
of other medical conditions. The ability to predict these emotions
could significantly assist mental healthcare professionals during the
initial stages of investigation, facilitating more accurate diagnosis.

2 RESEARCH BACKGROUND

To detect and classify emotions in speech, three crucial compo-
nents are [9, 12, 16]: (i) a classifier, (ii) features, and (iii) a database
of speech for processing and validation purposes. Identifying ap-
propriate features for an efficient emotion detection process is
challenging, prompting the need to use different feature extraction
techniques and explore different features. Some studies utilized
manually crafted features using statistics derived from time-domain
features [17]. Traditional approaches often employ time-frequency
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representations, such as spectrograms [12, 19], mel-frequency cep-
strum coefficients (MFCCs) [13, 21], and mel-spectrograms [8], uti-
lizing the Fast Fourier Transform (FFT) to convert signals from the
time domain to the frequency domain. However, the FFT faces a fun-
damental limitation imposed by the uncertainty principle, prevent-
ing simultaneous high resolution in time and frequency domains. To
address this issue, wavelets can provide effective localization in time
and frequency domains. In this paper, we propose features derived
from the energy content of wavelet-based time-frequency represen-
tations for emotion detection from discrete speech (short speech
phrases). We use various forms of discrete wavelets to character-
ize negative emotions that are commonly associated with mental
disorders. These include fear, sadness, anger, anxiety, and disgust
emotions within speech signals in non-controlled noise conditions.
We evaluate the effectiveness of these features using a CNN-based
classifier to discriminate between the embedded emotions in the
speech signals. Our experiment focuses on three key emotion classi-
fication tasks relevant to mental health monitoring: (i) the detection
of positive emotions vs negative emotions (ii) the effectiveness of
different discrete wavelets (iii) the recognition of negative emotions
across two common public short speech dataset, RAVEDESS [11]
and TESS [6]. The results obtained with the proposed approach are
compared to those obtained from the traditional FFT-based features.
Our research’s main contributions are:

(1) Investigating the efficiency of discrete wavelet transform-
based features in discriminating negative emotions in dis-
crete speech.

(2) Comparing the effectiveness of FFT-based time-frequency-
based speech features with discrete Wavelet Transform-based
features.

(3) Analysing the effectiveness of different forms of the discrete
wavelet transform in classifying emotions using CNN.

3 MATERIAL AND METHODS

Figure 1 shows the proposed emotion classification architecture.
The methodology followed in this study comprises three phases (i)
Data acquisition and preprocessing (ii) Time-frequency representa-
tion of the speech signal and Discrete Wavelet Computation (iii)
Implementation of 1D CNN Model as the classifier.

3.1 Discrete Wavelet Transform

DWT enables a time-frequency multi-resolution analysis by decom-
posing the signal into variable length frames over time. It offers
simultaneous localization in the time and frequency domain while
FFT loses the time information of a signal when converting it into
the frequency domain [18]. Previous works have shown the effec-
tiveness of DWT in the analysis of physiological signals used in
medical diagnostics Electromyography (EMG) and Electrocardiog-
raphy (ECG) [22]. In this work, we utilize the DWT coefficients as
features for detecting emotions from short speech signals. These
coefficients carry useful temporal information about the transient
activity of the analyzed signal and, thus, could serve as indica-
tors of the correlation level between the analyzed signal and the
wavelet function at various time instances [1]. Unlike traditional
approaches, our proposed feature takes full advantage of the con-
current time-frequency analysis provided by the DWT.
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The DWT for the normalized speech signal x[¢] can be repre-
sented in terms of shifted versions of a scaling function ¢; x and a
shifted and dilated version of a so-called mother wavelet function
¥ k- Formally, we define the DWT of a signal x[t] in Equation 1:
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where ¥/; i represents the wavelet coefficients and u; ;. (j < k)
are the scaling coefficients. Signal decomposition is typically done
using scalesa = 2,4,8, .. ., 2L with successive approximations being
decomposed in turn, so that it is broken [18]. We analyse our model
using different DWT levels ranging from 3-5. Coefficients suitable
for different speech emotions are chosen for further analysis since
each coefficient represents a particular sub-band of the signal.

3.2 Data Balancing and Augmentation

The emotion classification task provides a good illustration of im-
balanced label distribution, given that certain emotion classes, such
as disgust, are relatively less compared to more prevalent labels like
sadness. As many public speech datasets, such as RAVDESS, have
a limited number of samples insufficient for effectively training
conventional Neural Network models like CNN that require a larger
training set, we implemented a data augmentation technique simi-
lar to [23]. An additive white gaussian noise (AWGN) approach [3]
was employed to generate additional samples, enhancing the ro-
bustness of the proposed model against noise. This allows us to
tackle the issues of imbalance and overfitting.

3.3 Wavelet Feature Extraction

Following the formalization of the Discrete Wavelet Transform
(DWT) described in Section 3.1, we extract DWT from raw speech
signals and spectrograms. To accomplish this, we use the PyW avelets
library (pywt) in Python, employing its functionality for wavelet
transform and spectrogram generation. Since the optimal waveform
is unknown, we explore various types of wavelet functions. Figure 2
shows the DWT families considered, including Daubechies (’ db4’)
with orders ranging from 1 to 20, Symlets (* sym’) with orders 1 to
20, and Coiflets (’ coif’) with orders 1 to 5. The performance of the
different types of wavelet functions would indicate their suitability
to detect specific emotions in the speech signals.

3.4 Classification

We construct a CNN model similar to [10] to effectively select emo-
tional features. The model is created using a 1D CNN architecture
with fully connected layers. Following each 1D convolutional layer,
a batch normalization layer is added to standardize the output and
prevent variations in feature distributions between training and
test data. The Rectified Linear Unit (ReLU) activation function is
applied to induce sparsity in the network, reducing parameter in-
terdependence and mitigating overfitting. The model comprises six
1D convolutional layers, and after the 6th layer, the feature maps
are flattened into a single-column matrix to fit into the fully con-
nected layers. Subsequently, the flattened output is passed through
two dense layers and two dropout layers. The final layer utilizes
the softmax function for classification. The feature map includes
informative features and an emotional class label for utterance and
loss calculation. In summary, the entire network consists of six 1D
convolutional layers and two dense layers with two dropout layers.

4 EXPERIMENTS AND RESULTS

Our experiment focuses on three key emotion classification tasks
relevant to mental health monitoring: (i) negative emotion detec-
tion in short speeches (ii) evaluating the effectiveness of discrete
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wavelets in characterizing emotional states(iii) negative emotion
recognition in two public speech datasets, RAVEDESS and TESS

4.1 Datasets

We use RAVEDESS and TESS databases for this work as these two
datasets share similar emotional classifications and exhibit a diverse
representation in terms of age and gender. We also have good rep-
resentation of negative emotions in each dataset. RAVEDESS [11]
is a corpus of actor-based speech, that features recordings from
12 female, 12 male professional actors. RAVDESS comprises 1440
samples that encompass expressions of calm, happiness, sadness,
anger, fear, surprise, and disgust. The distribution of emotions in-
cludes 192 audio files each for anger, calmness, sadness, happiness,
disgust, and surprise, while 96 audio files represent neutral expres-
sions. TESS [6] is a collection featuring 2800 audio files of speech
utterances. These recordings are categorized into seven distinct
emotions: sad, happy, surprised, angry, disgusted, fearful, and neu-
tral. The actors involved in the dataset belong to both old (64 years
old) and young (26 years old) age groups, enhancing the dataset’s
richness and applicability for research in emotional speech analysis
and related fields.

At the beginning of each experiment, data is randomly split into
training and testing sets. Specifically, 80% of the samples from each
class are allocated for training, while the remaining 20% of samples
from each class are designated for testing.

4.2 Evaluation Metrics

To evaluate the effectiveness of the features and performance of the
model used, we employ weighted accuracy (WA) and unweighted
accuracy (UA). Since WA accounts for the unique characteristics
of each emotion class, it provides a more nuanced evaluation basis.
We computed WA using Equation 2, as the average accuracy across
all samples:

wa = Dl
2oy Ne
where K denotes the number of classes, nj represents the count

of correctly classified samples in class k, and Ny is the total number

of samples in class k. UA, expressed through Equation 3, corre-
sponds to the mean accuracy per class:

@)

K
UA = —k:; Ne 3)

4.3 Results and Analysis

To validate the effectiveness of the DWT-based features in detecting
emotions in short phrase speech, we plugged the feature into the
CNN model and compared the accuracy with traditional FFT-based
features including MFCC and Mel-Spectrogram. Table 2 shows
the comparison of effectiveness (unweighted accuracy in %) of the
coefficients of each 4 families of DWT considered in the study.
Table 1 shows the mean weighted accuracy (%) performances for
each feature. The discrete daubechies at levels 4 and 5 show better
results with 81.85% and 79.7% accuracy respectively. Table 3 shows
the performance comparison of DWT Coefficients and FFT-based
features in the negative emotion detection task. DWT demonstrated
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Table 1: Performance Comparison of DWT Coefficients and FFT-based Features in Negative Emotion Detection Task

Features sad disgust fear anger neutral
WA (%) | UA (%) | WA (%) | UA (%) | WA (%) | UA (%) | WA (%) | UA (%) | WA (%) UA (%)
MFCC 77.5 77.0 73.7 73.2 72.6 73.5 71.0 60.2 59.4
FFT-Mel Spectrogram 69.1 68.7 68.7 66.5 65.5 67.5 66.0 61.3 62.0
DWT Coefficients 81.8 80.5 82 81 83.5 83.4 83.2 83.7 82.9

The performance comparison of the negative emotion detection solution is reported here using the mean weighted accuracy (WA) and

unweighted accuracy (UA)

Table 2: Model Performance for Detecting Negative Emotions
Using DWT-based features

Features RAVDESS TESS

db4 81.85+6 85.83+3.5
sym4 72+9.0 72+ 8.0
coif4 65.7+5.6 62.£5
db5 79.7+6 7735
sym5 77 £4.0 76 +£5.6
coif5 65.7+5.6 62.£5

better performance in recognising negative emotions, particularly,
sadness, disgust, fear and anger, which are associated with mental
health compared to the state-of-the-art FFT-based features.

Table 3: Discrete Wavelet-Based vs FFT-based Features

Features RAVDESS TESS
MFCC 77 £5.2 74 +£5.0
FFT-Mel Spectorgram  68.85+6  69.43+5
DWT Coefficients 81.85+6 85.83+3.5

5 CONCLUSION AND FUTURE WORK

This work evaluates the effectiveness of discrete wavelet-based
features in detecting negative emotions associated with mental
health disorders using 1D CNN architecture for classification. The
experiments are conducted on two different short speech datasets,
RAVDESS and TESS, revealing the ability of discrete wavelet trans-
form features to distinguish between various negative emotions.
Experimental results show that the specific DWT family (db4 and
Symlets) efficiently discriminate between positive and negative
emotions across the two databases. Compared to the Traditional
FFT features such as Mel-Spectrogram and MFCC, DWT feature
demonstrated significant performance improvement. One of the
challenges of this work is the curse of dimensionality of wavelet
features. In future work, we aim to extend our model by incorpo-
rating a layer for dimensionality reductions and experiment with
more robust and extensive models.
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