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Abstract

There is an apparent evolving interest in speech emotion recognition (SER), one of
the particular cases of a broader problem of multimedia pattern recognition. SER is
considered to possess the capability to enhance the communication efficiency between
human and artificial intelligence providing an emotional context to the machine. The
field has been developing fast with the emergence and increase in accessibility of deep
learning techniques recently. This potential critical benefit and novel techniques have
drawn the attention of many specialists in the field and generated a great number of
research papers that furnish diverse intricate methods. One of such methods involving
various data augmentation techniques has demonstrated high performance in this
field. This paper performs an analysis of various simple augmentation methods to
attempt to improve existing models. Particularly, this research focuses on state-of-
the-art CNN models for RAVDESS, EMO-DB, and IEMOCAP datasets, and exploits
temporal, spatial, and spectral transformations of sound as an underlying method for
augmentation. As a result of exploiting simple augmentations, we achieved an increase
in performance for IEMOCAP model and positive effects comparable to their complex
counterparts for other datasets.

Thesis Supervisor: Adnan Yazici, Muhammed Fatih Demirci
Title: Professors
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Chapter 1

Introduction

One of the most rapidly developing subfields of multimedia pattern recognition and

human-computer interaction is speech emotion recognition (SER). SER is an inter-

disciplinary field that adopts practices from other realms of computer science such

as machine learning, multimedia processing, and acoustic spectral analysis. The ul-

timate objective of SER is to derive an efficient and accurate model that can process

the recorded voice of a person, extract and classify a person’s "mood" into one of

the emotion categories. In essence, speech emotion recognition can be considered as

a computational problem that involves two major parts: feature selection/extraction

and basic machine learning classification prediction. Therefore, fundamental ques-

tions that are concerned here are: Which acoustic feature to extract? Which acoustic

feature possesses the most descriptive power in terms of emotions? Which combina-

tion of features performs best? Which classification method is most robust? Each

question has its specific challenges.

Nevertheless, researchers in the field have generated numerous various models

which are assembled out of different combinations of acoustic features (MFCC, LPCC,

MSFs, etc.) and classifiers (NN, RNN, CNN, GMM, HMM, SVM, DBN, etc.) avail-

able in the field[1, 27, 16, 21], especially including hybrid models which involve several

features and/or several classifiers combined[58, 62, 19]. The availability of such an

abundant amount of choices is probably one of the leading factors that caused the SER

field to develop fast recently. Furthermore, there is a clear correlation between the
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field of deep learning and SER as an exploration of a new state-of-the-art classifica-

tion approach in machine learning can directly lead to the creation of novel emotion

recognition models that outperform previous ones. It will take a great amount of

effort and time, however, until all possible combinations to be experimented with

and reported not mentioning the challenges that reside out of the two major parts

(extraction and classification).

There are various challenges in the development of a competent SER model. The

existence of various languages, accents within those languages, speaking styles, sen-

tence structures, speakers themselves adds a layer of difficulty to the problem of speech

emotion recognition. One of the reasons is that "to be classified" speech utterances

precisely depend on these characteristics. Therefore, usually, a model that demon-

strates high performance on emotion recognition in one language may not achieve

the same degree of accuracy in another language. The other challenge is the limited

choice of data sets (i.e. labeled audio recordings of emotion). Those data sets are

used to train classifiers and allocate a significant portion of the development process

of emotion recognition models. One of the approaches to oppose the latter challenge

is data augmentation.

Data augmentation, a label-invariant transformation of inputs, plays a significant

role in the development of any field of machine learning by providing enrichment and

balance to existing data. It has been a hot topic in recent years in speech emotion

recognition, particularly for a reason that the data scarcity and imbalance of classes

inside datasets are common in this field. Most remarkably, it has proven its decent

capabilities in image recognition tasks improving the performance of models trained

on both small and large image databases. In speech emotion recognition, however,

researchers have to work with audio which in essence and digital representation has a

different structure. Various researches apply different data augmentation techniques

ranging from simple transformations to sophisticated models and algorithms. Pitch

shifting, speed alteration, amplitude adjustments remain the most common simple

augmentation methods currently in literature [39]. While the application of simple

augmentations yields an increase in performance, some studies deploy more complex
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augmentation steps on top of it. Despite the fact that these complex methods fa-

cilitate increment in performance, a thorough study of augmentation mechanisms

needs to be performed. Thus, the central objective of this research is to conduct a

comprehensive study of augmentation methods with respect to each class member in

a given database and perform comparative analysis across existing speech datasets

using quantitative metrics. We chose a state-of-the-art model as a baseline model for

three different databases and applied simple data augmentations based on speed and

pitch alterations. As a result of a total of twelve experiments, we were able to im-

prove the existing model for one dataset in terms of accuracy, and obtain an increase

in performance, as a result of augmentation, comparable if not higher than complex

augmentation techniques, yet with a simpler approach for other datasets. Finally,

we determined the effects (beneficial and detrimental) of each method for each class

which can be utilized for selective augmentation in further studies in the area. In

terms of structure, the next chapter gives an overview of SER, problems, and moti-

vation behind the efforts of solving these problems. Chapter 3 describes the research

methods used in this work, followed by Chapter 4 where corresponding results are

presented. A detailed discussion of results is introduced in Chapter 5. Chapter 6

includes overall conclusions and Chapter 7 discusses future research directions.
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Chapter 2

Literature Review

Speech is the fastest and most efficient paradigm of communication developed by hu-

manity through millions of years of evolution. It has been developed to the extent that

not only information and knowledge but also the emotional context of the speaker can

be transmitted and perceived. This capacity power of speech has motivated special-

ists to exploit speech as a natural and efficient way of human-computer interaction.

Although researchers achieved outstanding performance in speech recognition, there

is a great difference between human-computer and natural human-human speech in-

teractions. One of the primary reasons is that a computer is not capable of perceiving

the human emotional context infused in speech. Speech emotion recognition (SER)

aims to solve this by recognizing emotion automatically analyzing the voice of a user.

Fundamentally, human emotion in speech exists in different dimensions simulta-

neously. Its propagation in those dimensions can be represented with corresponding

features. These are prosodic (sound), visual, and semantic features. Prosodic fea-

tures are features that involve vocal or audio features of speech. These include pitch,

loudness, tempo, and rhythm, and other low-level features of sound. Visual represen-

tation of emotion corresponds to facial expression, gestures, and movements during

the exhibition of emotion. While both previous sets of features are the representation

of some physical phenomenon, semantic features, on the other hand, do not refer

to what exists physically. The underlying meaning of the words, sentence structure,

and different concepts that exist within the semantic dimension of spoken words and
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clauses (irony, sarcasm, etc) are the constructs of semantic features. Human is able

to perceive and analyze all three channels of features, but most of the SER models

are limited to a particular set of features. While there exist models that attempt a

modular approach to adopt all three sets of features, this paper focuses on prosodic

(audio) features of the speech.

Speech emotion recognition is capable of enhancing any process that involves a hu-

man, computer, and their essential interaction by providing an additional dimension

of information. Such processes occur in computer tutorials where user’s emotion can

play a role of a feedback-response mechanism[41], embedded systems in cars where

awareness of the emotional state of a driver can improve safety measures and decisions

chosen by a system[41], automatic diagnostic systems as symptoms of various diseases

affect the mental state of a patient[15] and any other fields where the realization of

person’s state can be beneficial.

2.1 Feature selection/extraction

As explained previously in the paper the problem of speech emotion recognition con-

sist of two major sub-problems: feature extraction and classification of emotion based

on those features. Features in the speech recordings, as the input is an audio file, refer

to different acoustic characteristics of a sound. There are two methods of extract-

ing these characteristics in the literature. First, extracting features using a machine

learning approach. In this method, the neural network learns features and then passes

them to the classification stage. Often this method is addressed as "end-to-end" or

"black box" as the outside observer does not have knowledge on which features are

extracted[14, 51, 52, 59]. The second is extracting known features. In this method

handcrafted, previously studied features are extracted and fed to the classifier. Vari-

ous studies propose distinct features to extract recent years: Mel-frequency cepstral

coefficients (MFCCs)[60, 40], linear predictive cepstral coefficients (LPCCs)[2], Tea-

ger energy operators(TEO) based features[3], spectral features, prosodic features (i.e.

pitch, rhythm, etc.)[28, 33] and handcrafted group of features (e.g. GEMAP)[46, 10].
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There is still a debate, however, on which particular feature contains the most dis-

tinctive information about emotion. Some researchers fuse features with another one

before feeding to a classifier to increase accuracy[28, 55], while others fix on a sin-

gle feature and focus on improving the classifier[3]. Both methods, however, have

common challenges.

The feature selection and extraction is not a trivial process and has its challenges

associated with the selection of efficient approaches. Ayadi et. al. have classified these

challenges into four distinct issues[11]. First is the choice between local features and

global features. Former refers to the approach where speech recording is divided into

time intervals (i.e. frames) and features of each frame extracted separately, called lo-

cal features, whereas the latter attributes to the method where global characteristics

are extracted from the entire speech recording. The next issue is choosing between

different types of features. Each class of features (e.g. pitch, energy, frequency, zero

crossings, etc.) behave differently in terms of emotion classification, since each charac-

teristic describes different aspects of sound, in some cases mutually exclusive. Third,

what are the effects of post-processing, noise removal, and other audio enhancing

methods on the overall accuracy of the classification model? Finally, the last ques-

tion is whether only acoustic features are enough for emotion classification or should

speech information, linguistic features, and other speech-specific characteristics be

combined with acoustic to achieve improved performance of a classifier.

2.2 Data Augmentation

One of the challenging tasks of machine learning is to increase the generalization

ability of the neural model. Generalization refers to a degree of performance of the

model on previously unseen data with respect to data that the model is trained on.

The inability to generalize is a result of overfitting of the model to the training data

and it usually happens with small datasets. In other words, the model memorizes

the limited training data instead of learning the patterns that are common in the

whole population. As a result, the model shows high accuracy on the training set but
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fails to perform well on test data or unseen input in general. There are techniques to

counter such undesirable behavior involving regularization techniques (dropout layers,

batch normalization) [45, 49], pretraining [12], transfer learning [53, 43], and other

architecture modifications. Data augmentation, however, is a method that tackles

the problem in the root - the data.

Data augmentation is rather a set of techniques that increases the number of

samples in the dataset exploiting the existing ones. Those techniques are usually

transformations that dependant on the nature of the samples themselves. As a re-

sult, a dataset is populated applying those transformations and creating new data

samples, as a result inflating the set with new synthetic samples. Evidently, the only

transformations that are eligible for data augmentation are the ones that preserve

the label of the sample. In other words, the sample must correspond to the previous

label after transformation. For example, in the case of audio, the audio recording of

a person laughing labeled as ’happy’ should also be able to recognize as ’happy’ after

the transformation. Applying these techniques is capable of greatly reinforcing the

generalization of a model.

Image recognition is a perfect example of the remarkable effectiveness of data

augmentation techniques. This success comes from the fact, that image can be trans-

formed in a plethora of ways and shapes. It showed efficiency and effectiveness in

many image processing tasks such as classification of diseases from medical images

(MRI, radiographs, etc) [34, 30] where the limited occurrence of disease are common,

face recognition [32], handwriting classification [54], and even marine organisms clas-

sification [20]. However, the data in speech emotion recognition is audio which is

fundamentally different from image. Most common augmentation techniques include

simple transformations such as pitch shifting, speed alteration, amplitude adjust-

ments. Apart from simple augmentations, complex techniques are developed and

utilized in the literature. These include window slicing techniques [37], vocal tract

length perturbation (VTLP), a normalization technique to reduce variance between

speakers [13, 23], segment repetition based on the high amplitude (SRHA), augmenta-

tion of existing audio with the segment with the highest amplitude [39], and generative
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adversarial networks (GAN) based models to generate samples [4, 8, 57, 56].

2.3 Classification

The second sub-task of speech emotion recognition is classification. It is the core

stage where emotions are recognized and labeled to one of the defined categories (i.e.

anger, happiness, sadness, etc.) depending on the model and database. There are

various methods of solving this problem and the majority are handled by machine

learning neural networks. Some researchers propose deep learning-based methods

that exploit Convolutions Neural Networks (CNN) that proved its efficiency with im-

age processing[60, 27, 1], others propose Recurrent Neural Networks (RNN) that is

often used to work with time series and sequences since audio recording is, in essence,

time-frequency (or time-energy) series[27, 35]. The third most offered approach is

adopting Deep Belief Networks (DBN) as a classifier[33, 55]. Finally, there are clas-

sical approaches that use Support Vector Machines (SVM), k-st Nearest Neighbour

(k-NN)[2, 47], Hidden Markov Model (HMM) or Gaussian Mixture Model (GMM)[3].

As with the feature extraction methods, one can combine approaches and design fused

models that exploit several machine learning techniques. Some researchers combine

CNN with Long-Short Term Memory (LSTM) networks [60], others RNN with LSTM

[48, 31], CNN with SVM[25, 19], k-NN with SVM[2, 36] and other possible combi-

nations to acquire increased accuracy. With multiple models, however, comes the

multiple challenges associated with these techniques. Nevertheless, machine learning

techniques currently proved to be a sufficient classification tool in the problem of

speech emotion recognition.

2.4 Databases

The classification task requires large datasets for the training process as the primary

tool for the classification step of speech recognition is machine learning models. These

databases usually contain audio-video recordings labeled with particular emotion cat-

19



egories (anger, sadness, neutral, etc.). These are mostly used in the studies: IEMO-

CAP - multimodal database of English dyadic conversations containing both fixed

speech and free, spontaneous speech[6]; Berlin Emotional Database (also called Emo-

DB on some studies) - different scripted emotional utterances of 10 actors[5]; Surrey

Audio-Visual Expressed Emotion Database(SAVEE) - 4 male actors in 7 different

emotions; 480 British English utterances in total[44]; CHEAVD - a Chinese natural

emotional audio-visual database[26]; CASIA - utterance of 4 professional speakers,

12,000 sentences in total[http://shachi.org/resources/27], RAVDESS - speech and

song recordings of 24 actors (12 male, 12 female), 1440 samples total [29] and others.

2.5 Other challenges

Some issues exist outside of feature extraction and classification areas. One such issue

is the existence of different languages. A model that was designed for one particular

language will not probably show the identical performance on other languages. The

existence of languages such as Chinese where the tone and pitch are more defined and

frequent creates an additional layer of complexity in designing universal multilingual

SER models. The other challenge is the post-processing of recording. Post-processing

is a technique of enhancing and altering the audio recording. Some researchers pro-

vide post-processing in their implementations, while others believe such techniques

probably change patterns that contain information about the emotion of a speaker.
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Chapter 3

Research Methods

Our research methodology is based on training and testing neural network models on

RAVDESS, EMO-DB, and IEMOCAP datasets with incremental data augmentation.

For this paper, we focused on diverse data transformations and retained architecture

consistent across experiments. The overall setup was consistent throughout the ex-

periments. Further, we will explain all the processes and techniques applied in all the

experiments.

3.1 Architecture

We used state of the art model presented by Issa et. al. [22] as baseline architec-

ture. It is a convolutional neural network that consists of six convolutional layers.

First, the first convolution layer receives the input from the input layer, and feeds

the output to the batch normalization layer, to the output of which rectified linear

unit activation function is applied. Next, the output is fed to the second convolution

layer, then again ReLU activation, then dropout is applied. Next comes batch nor-

malization and after it ReLU activation. Further, the third and fourth convolution

layers are feed sequentially with ReLU activation after each layer. Then the output

is fed to the fifth convolution layer, batch normalization, ReLU, and dropout again

sequentially. The sixth and last convolutional layer receives the output and ReLU is

applied to the output of the convolutional layer. The fully connected layer receives
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Figure 3-1: Model topology described in Issa et. al. [22]

Figure 3-2: Configuration of model implemented in PyTorch

the flattened output of the last convolution layer as input and feeds its output to the

batch normalization layer. Finally, a softmax layer is applied at the end. The model

is described robustly in research work by Issa et. al. [22]. The Figure 3-1 shows the

model topology and Figure 3-2 shows the same model implemented in PyTorch for

this work.
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3.2 Dataset and preprocessing

The model is trained and tested on three different emotional audio databases: RAVDESS,

EMO-DB, and IEMOCAP. Particularly, only the audio recordings from these databases

were used for the experiments. Similar preprocessing steps were applied for all three

datasets including dividing them into folds.

3.2.1 RAVDESS

The model is trained and tested on an only audio subset of The Ryerson Audio-Visual

Database of Emotional Speech and Song (RAVDESS) dataset [29]. The subset that

we use contains labeled audio recordings of 24 actors (12 male, 12 female) who ex-

press 8 different emotions, [’neutral’, ’calm’, ’happy’, ’sad’, ’angry’, ’fearful’, ’disgust’,

’surprised’]. Overall, it contains 1440 speech recordings in English. The classes are

well balanced except the ’neural’ class that is represented two times less than others.

We used the k-fold validation method with k=5 and divided the dataset into five

sets. We first shuffled the whole dataset with a constant randomizer seed to make

results consistent. Then equally distributed the classes to retain the distribution of

the whole dataset. The Figure 3-3(a) shows the distribution across folds.

3.2.2 EMO-DB

Berlin Emotional Database (EMO-DB) contains audio recordings of scripted speeches

of 10 (5 males, 5 females) professional speakers [5]. Overall, it contains 535 utterances

labeled in 7 emotion classes, [’neutral’, ’boredom’, ’happiness’, ’sad’, ’anger’, ’fear’,

’disgust’]. The database is slightly imbalanced with proportions of classes falling in

the range between 9.0% and 23.4% (Figure 3-3(b)). We divided the dataset into 5

folds in the same fashion as with the RAVDESS dataset. The language of the speeches

in the dataset is German.
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Figure 3-3: Distribution of folds: a) RAVDESS, b) EMO-DB, c) IEMOCAP

3.2.3 IEMOCAP

The Interactive Emotional Dyadic Motion Capture (IEMOCAP) is a dataset of audio,

video, and motion capture recordings of acted English speech utterances [6]. Only

the audio section was used for the work that contains scripted and improvised speech

recordings of 10 (5 males, 5 females) actors. We used only improvised recordings and

only 4 classes, [’neutral’, ’sadness’, ’anger’, ’happiness’], which resulted in a total of

2280 samples, which is still the largest set we worked with. The dataset was also

divided into 5 folds, yet the division was conducted accordingly to five sessions inside

the database. The dataset (or the subset in our case) is poorly balanced with the

proportions spread between 7.8% and 52.8% (Figure 3-3(c)).

3.3 Feature extraction

The features that are extracted for the experiments are consistent with ones presented

in Issa et. al. [22] as the model is the same. These are the five audio features:

1. Mel Frequency Cepstral Coefficients. MFCC is one of the widely used

features not only in SER, but in speech recognition itself. Furthermore, MFCC is

widely used in speaker/voice identification tasks[18], speaker/voice reconstruction[9]
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and other sound-related classification tasks. MFCC is low-level feature which means

that it describes rather physical characteristics of a sound.

2. Chromagram. The chroma feature, a feature of music that represents a

chromatic scale (or musical notes/pitches). Chromagram is frequently used in music

genre classification [7, 42].

3. Mel Spectrogram. A spectrogram of a sound is a visual representation of

an audio signal portrayed in the time coordinate. Mel Spectrogram is the same as

Spectrogram with little difference. In the Spectrogram, the x-axis is time, and the

y-axis is the frequency in the Hertz scale, whereas x is time and y is a frequency in

the Mel scale in the case of Mel Spectrogram.

4. Spectral Contrast. Spectral Contrast was first introduced by Jiang et. al in

2002 [24]. It is a feature that represents a relative distribution of frequencies in the

sound. It is also widely used in music recognition as its filters are based on an octave

scale.

5. Tonal Centroids (tonnetz). Tonnetz is also a handcrafted feature presented

by Harte et. al. in 2006 [17]. This feature is used to detect a change in harmonics by

measuring the distance between major and minor thirds and fifths in the sound. It is

useful for emotion classification as humans tend to associate major and minor scales

with ’happy’ and ’sad’ feelings respectively.

All the above features are extracted and fused sequentially in a one-dimensional

vector of length 193 (40 mfccs, 12 chromas, 128 mels, 7 contrasts, and 6 tonnetzs).

This feature vector is fed into the input layer of the model. Further, we will describe

each experiment conducted on this model.

3.4 Experiment Setup

We conducted an identical set of experiments for each dataset. We maintained con-

sistency in parameters throughout all experiments in order to positively identify cor-

relations if there are any. Overall, we conducted four different experiments for each

speech database:
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3.4.1 Experiment 1 - Baseline

The first experiment aimed to reproduce the experiment described by Issa et. al.

[22] and validate the results. PyTorch library is used for model definition, training,

and validation. We used RMSProp as optimizer with parameters of learning rate of

0.0001 and decay of 1e-6, and CrossEntropyLoss as loss function as described in the

paper. The training was conducted in 700 epochs. This setup was consistent overall

experiments conducted further. For this experiment, we trained and tested on all

three datasets without any augmentation or transformations of samples.

3.4.2 Experiment 2 - Pitch Only

In the next experiment, we populated samples with its pitch-shifted versions. Two

new samples were generated from one sample: one with pitch-shifted to 4.5 steps up

and the other 4.5 steps down. As a result, the number of samples tripled. The value of

4.5 was chosen as changing up and down with this value voice of a human changed the

most and naturally, i.e. woman voice with 4.5 steps up resembled child’s voice. This

is an indication of that the voice of adults (between 120-200 Hz) are transformed into

the range of average child frequency range (around 300 HZ) [38]. This augmentation

procedure (and the following ones) was conducted within the folds to avoid common

samples between folds, even transformed ones. The training procedure remained the

same, while testing was done on both augmented (i.e. with the same augmented

samples) and original (i.e. without additional augmented samples) folds. In other

words, in the latter case, the model would train on augmented folds and be tested on

the other fold, except its version before augmentation.

3.4.3 Experiment 3 - Speed Only

In this experiment, we populated original samples with speed-shifted versions. Anal-

ogously, two new samples were generated from one sample: one sped up to 125%

and the other slowed down to 75% relative to their original versions. Augmentation

and validation methods are consistent with the previous experiment: augmentation
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within the folds and validation on both augmented and original folds.

3.4.4 Experiment 4 - Full Augmentation

For this experiment, we combined all the transformations. These are the transforma-

tions that have been applied for each sample:

• Pitch up for 1.5, 3.0, and 4.5 steps

• Pitch down for 1.5, 3.0, and 4.5 steps

• Speed up to 125%

• Slow down to 75%

• Trim silence before and after the speech

We added more pitch transitions in between for the model to learn. Despite the

fact that newly added pitch shifts do not transform voice to completely resemble

another person for the human ear they might add robustness for the model to train

on. We also added samples with removed leading and trailing silences. This composite

augmentation increases the sample size 10 times since new nine samples are generated

from single one. Similarly, augmentation and validation methods are consistent with

previous experiments.
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Chapter 4

Results

4.1 RAVDESS

Experiment 1 - Baseline. No data augmentation or transformation of samples

were applied for this experiment. Our results show an accuracy of 66.6%, with a

maximum of 70.8% and a minimum of 60.7%. The accuracy across folds is presented

in Figure 4-1. The table can be interpreted as the accuracy of the trained model on a

particular fold. For example, a number under column ’fold1’ represents an accuracy of

the model tested on ’fold1’ but trained on a combination of all other folds. Confusion

matrix of the experiment is shown in Figure 4-2.

Experiment 2 - Pitch Only. The results of the first experiment with pitch

data augmentation are shown in Figure 4-3. The average accuracy for augmented

and original test sets are 65.3% and 65.0% respectively. The maximum accuracy for

the original set is 67.4%, and the minimum is 60.3%. Confusion matrix for both

augmented and original test sets are presented in Figure 4-4.

Figure 4-1: RAVDESS: Accuracy across folds of Experiment 1
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Figure 4-2: RAVDESS: Confusion matrix of Experiment 1

Figure 4-3: RAVDESS: Accuracy across augmented and original folds of Experiment
2
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Figure 4-4: RAVDESS: Confusion matrices for augmented and original test sets of
Experiment 2

Figure 4-5: RAVDESS: Accuracy across augmented and original folds of Experiment
3

Experiment 3 - Speed Only. In the third experiment we augmented the dataset

with speed modified samples. Results can be viewed in Figure 4-5. The average

accuracy for augmented and original test sets are 69.2% and 70.3% respectively. With

a maximum of 72.6% and a minimum of 67.7% for the original test set. Figure 4-6

show confusion matrices for augmented and original test sets.

Experiment 4 - Full Augmentation. In the final experiment we combined

and added more transformations. Figure 4-7 presents results for both test sets. The

average accuracy for augmented and original sets was reported to be 67.9% and 72.9%

respectively. The maximum and minimum accuracy for the original set are 69.6% and

77.1% respectively. Confusion matrices for augmented and original test sets can be
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Figure 4-6: RAVDESS: Confusion matrices for augmented and original test sets of
Experiment 3

Figure 4-7: RAVDESS: Accuracy across augmented and original folds of Experiment
4

found in Figure 4-8.

4.2 EMO-DB

Experiment 1 - Baseline. Model trained on original dataset yielded an mean

accuracy of 78.3% across folds, with the 81.2% highest and 71.9% lowest. Complete

table of accuracy can be seen in Figure 4-9. Confusion matrix is demonstrated in

Figure 4-10

Experiment 2 - Pitch Only. Pitch only transformations of samples resulted

in a little higher average accuracy of 80.4% on the original test set with 72.9% and

87.5% as lowest and highest records across folds. Complete results for augmented and
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Figure 4-8: RAVDESS: Confusion matrices for augmented and original test sets of
Experiment 4

Figure 4-9: EMO-DB: Accuracy across folds of Experiment 1

Figure 4-10: EMO-DB: Confusion matrix of Experiment 1
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Figure 4-11: EMO-DB: Accuracy across augmented and original folds of Experiment
2

Figure 4-12: EMO-DB: Confusion matrices for augmented and original test sets of
Experiment 2

original test sets can be observed in Figure 4-11, and Figure 4-12 shows confusion

matrix for both augmented and original test sets.

Experiment 3 - Speed Only. An average accuracy of 80.8% was reached with

speed only data augmentation on samples of EMO-DB dataset on the original testing

set. Figure 4-13 shows that accuracy across folds range between 79.2% and 83.3%.

Confusion matrices are shown in Figure 4-14.

Experiment 4 - Full Augmentation. Data augmentation with both speed

and pitch transformations, and silence trimming recognized 82.3% of all samples from

the original test set. This model fluctuates between 76.0% and 86.5% accuracy across

all five folds. Accuracy and confusion matrices are demonstrated in Figures 4-15 and
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Figure 4-13: EMO-DB: Accuracy across augmented and original folds of Experiment
3

Figure 4-14: EMO-DB: Confusion matrices for augmented and original test sets of
Experiment 3
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Figure 4-15: EMO-DB: Accuracy across augmented and original folds of Experiment
4

Figure 4-16: EMO-DB: Confusion matrices for augmented and original test sets of
Experiment 4

4-16 respectively.

4.3 IEMOCAP

Experiment 1 - Baseline. Results of training and testing on original dataset

can be discovered in Figure 4-17. Model reached average accuracy of 54.5% on largest

and least balanced set. Accuracy across folds is distributed between 51.4% and 56.2%.

Figure 4-18 presents confusion matrix of Experiment 1.

Experiment 2 - Pitch Only. Pitch shifting of samples in IEMOCAP set resulted

in a change of mean accuracy to 56.5%, while its spread between folds fell in the range
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Figure 4-17: IEMOCAP: Accuracy across folds of Experiment 1

Figure 4-18: IEMOCAP: Confusion matrix of Experiment 1
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Figure 4-19: IEMOCAP: Accuracy across augmented and original folds of Experiment
2

Figure 4-20: IEMOCAP: Confusion matrices for augmented and original test sets of
Experiment 2

52.2% and 63.0%. Detailed list of results for each fold can be found in Figure 4-19,

and Figure 4-20 shows the corresponding confusion matrix.

Experiment 3 - Speed Only. The results of the testing model that trained on a

set with speed transformations is shown in Figure 4-21. It indicates average accuracy

as high as 58.0% on the original set and accuracy of 55.3% and 59.9% correspond

to lowest and highest values across folds respectively. Figure 4-22 presents confusion

matrix of current experiment.

Experiment 4 - Full Augmentation. Final experiment with composite data

augmentation led the model to reach the level of accuracy of almost 56.0%. The

model demonstrated the lowest accuracy of 52.6% and highest accuracy of exactly
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Figure 4-21: IEMOCAP: Accuracy across augmented and original folds of Experiment
3

Figure 4-22: IEMOCAP: Confusion matrices for augmented and original test sets of
Experiment 3
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Figure 4-23: IEMOCAP: Accuracy across augmented and original folds of Experiment
4

Figure 4-24: IEMOCAP: Confusion matrices for augmented and original test sets of
Experiment 4

63.0%. Detailed list of values across folds is illustrated in Figure 4-23, while Figure

4-24 shows confusion matrices of the same results.
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Chapter 5

Discussion

Discussion includes analysis of confusion matrices and dynamics of True Positive Rate.

While confusion matrices of augmented test sets is valuable, our discussion is based

on confusion matrices of original test sets. True Positive Rate is a widely used metric

that describes the proportion of correctly predicted classes out of all true classes. It

is useful for our analysis as we can quantitatively measure the performance of the

model on the specific class. This way we can have insight into transformations and

their effect on each class. TPR is calculated by the formula shown in Figure 5-3. In

the formula, TP denotes True Positive outcomes which are located diagonally in a

confusion matrix and FN denotes False Negative outcomes which correspond to rows

of the confusion matrix (excluding TP). In this paper, we interchange the TPR with

the terms ’sensitivity’ and ’recall’ which are different terms for the same concept.

5.1 RAVDESS

The first experiment on the original set without data augmentation has shown to be

lower than expected. From the confusion matrix, it is clear that the most confusing

emotions are neutral (to calm), disgust (to surprised), and happy (to fearful). Dis-

gust class has the least true positive rate (TPR) of 60.3% followed by neutral and

happy with 61.2% and 61.9% sensitivity respectively. The accuracy and confusion

of happy class comply with the results of Issa et. all [22] experiment, even though
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Figure 5-1: RAVDESS: True Positive Rates (TPR) of classes (in %)

Figure 5-2: RAVDESS: Comparison of our results with literature [29, 22]

our implementation and testing of the identical model have some different results.

We speculate that usage of different libraries and randomness of shuffles during the

training process may cause such diversity.

Our first data augmentation, pitch transformation, had detrimental effects on the

performance of the model. The average accuracy on the original test set dropped

to 65.0% from 66.6% compared to the results without any data augmentation. Data

augmentation with pitch modification affected positively on happy, angry and disgust

with minor improvements of accuracy, while drastically decreasing performance in

other classes. The angry class has become the most accurate class to recognize with

the TPR of 72.8%, but achieving such property rather by an overall decrease in other

classes rather than an improvement on this particular class. Pitch transformations

also changed the most confused classes, neutral still retaining the most confused (to

calm) class, for being most underrepresented class, followed by sad (to fearful) and
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𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

Figure 5-3: True Positive Rate equation

calm (to neutral).

In the next experiment with speed transformations, we received a higher perfor-

mance in comparison to the original experiment (Experiment 1). Specifically, 3.7%

increase overall in average accuracy for the original test set. Accuracy of recognition

of each emotion is increased with the only exception of the neutral class. Neutral

class still remains the most confused class, followed by fearful and surprised both

mostly confused with happy class. Speed transformation augmentation increased the

sensitivity model to happy class the most, from 77.4% to 81.2%.

The final experiment with the fusion of all transformations yielded the best per-

formance so far. The composition of pitch, speed, and trimming transformations

increased the performance of the model by 6.3% from 66.6% to 72.9%. It has in-

creased the accuracy of all classes, affecting the angry class the most increasing recall

on this class from 72.1% to 89.0%. However, this data augmentation method affected

the accuracy of surprised and sad classes the least with an overall increase of less

than 1%. The transformations methods that increase the accuracy of these classes

are yet to be determined. Similarly, the neutral class still retains the property of

the least accurate and most confused (to calm) class. The surprised class, who had

not been affected by augmentation much, also remains one of the most confused (to

happy) classes only second to neutral. Comparison of our models with the literature

presented in Figure 5-2.

5.2 EMO-DB

EMO-DB is the less balanced dataset with fewer samples and different languages.

Nevertheless, the model has shown higher accuracy in comparison to RAVDESS

database on the baseline experiment. According to the confusion matrix, the model
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Figure 5-4: EMO-DB: True Positive Rates (TPR) of classes (in %)

Figure 5-5: EMO-DB: Comparison of our results with literature [61, 22]

learned to recognize sad and anger classes most accurately with the sensitivity values

89.6% and 88.2% respectively. As it has been observed from previous dataset results,

the model still has the highest confusion rate on classes between boredom and neutral,

and between happiness and anger. It seems recognizing less pronounced emotions is

universally complex despite the differences between speech sets.

As for the results of the next experiment, the application of pitch transformations

affected positively the overall accuracy of the model increasing it to 80.4%. The

sadness class still remains as the highest recognizable class with an increased TRP

of 92.7%. Pitch transformation affected the boredom and happiness class the most

positively increasing their TPR from 66.7% to 81.1% and from 57.8% to 71.4% re-

spectively. However, this transformation had an adverse effect on the disgust class,

greatly decreasing the sensitivity of the class from 85.0% to 73.2% compared to base-

line results.

The next experiment, with speed alterations, also demonstrated higher overall ac-
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curacy in comparison to baseline, around the same level of performance as the model

learned on pitch transformations. Similarly, the model still struggles to differentiate

boredom and neutral classes, and sadness remains as a class with the highest sensi-

tivity with recall as high as 93.1%. Despite resulting in overall near accuracy, pitch

transformation had a greater effect on few chosen classes while speed transforma-

tion’s effect spread evenly on all classes decreasing its intensity. This behavior will

be discussed further in Section 5.4.

The final experiment, the composite augmentation including both pitch and speed

transformations, demonstrated the highest overall accuracy of 82.3%. The most af-

fected class was happiness which is correctly recognized in 74.2% of cases, a 16.4%

increase from the baseline model. However, it is the only class that has been greatly

influenced by the combined augmentations: the impact was minor to other classes,

quite similar behavior to speed the only augmentation. Nevertheless, the combination

of pitch, speed, and trimmings proved to be the most efficient data augmentation so

far for the EMO-DB dataset with a 4.0% increase in overall accuracy, which is higher

than SRHA method [39] with 2.28% for the 4-class subset (angry, happy, neutral,

and sad) of EMO-DB. Figure 5-5 shows our results in comparison with the results of

other researchers.

5.3 IEMOCAP

The first experiment determined baseline accuracy and confusion matrix for further

comparative analysis on the largest and least balanced dataset. The model that was

trained on the original dataset without any augmentation demonstrated an accuracy

of 54.5%. Confusion matrix indicates high confusion of happiness, a least populated

class, with neutral class. Latter is often confused with sadness, yet these two classes

are the ones the trained model is most sensitive towards, with TPRs of 58.7% and

66.2% respectively. It is one of the disadvantages of the imbalanced dataset. Despite

the low accuracy level, it is beneficial in observing data augmentation behavior in

imbalanced conditions.
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Figure 5-6: IEMOCAP: True Positive Rates (TPR) of classes (in %)

Figure 5-7: IEMOCAP: Comparison of our results with literature [50, 22]

Augmenting set with pitch-shifted versions of speech illustrated a positive effect

on the overall accuracy of the model. In terms of impact on sensitivity across classes,

the anger class benefited from the transformation the most, with a 7.0% increase

in TPR. Despite the overall positive response, the sadness and happiness classes

experienced minimal effect. As far as the sample size is concerned, this particular

augmentation triples the samples of each class further increasing the gap between

imbalanced classes by order of magnitude. One of the interesting observations is that

this particular augmentation turned out to be unbiased towards the most represented

class affecting both overpopulated and underpopulated classes.

Altering the speed of speech and augmenting it to the training set further raised

the overall accuracy of the model to 58.0%. As experienced by previous experiments,

high confusion rate between neutral and sadness, classes with the largest sample

sizes, stay invariant to augmentations. Neutral class is one and only class that model

has improved its sensitivity towards, with TRP increasing by 7.2%, while all other

classes experienced less than 1% change in TPR. This outcome indicates a strong
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Figure 5-8: Change in TPR among common classes (in %)

bias towards the most represented class. Nevertheless, despite the effect on a single

class, due to imbalanced weight, this model exhibits the highest improvement of 3.5%

in overall accuracy for the IEMOCAP dataset. In comparison, VTLP augmentation

[13] reported to achieve the highest of 1.1% increase for the same IEMOCAP dataset.

Full augmentation that increased sample size ten times and incorporated both

speed and pitch variations displayed higher accuracy over the baseline model. How-

ever, while pitch and speed alteration showed improvements in performance in isola-

tion, a combination of these augmentations resulted in lower accuracy. Analogously,

one of the justifications for such behavior can be a gap problem which is strongly

pronounced as the sample sizes as well as the gap between most and least represented

classes dramatically increased. In terms of class sensitivity, sadness is the only class

that experienced the detrimental effect, while all other classes benefited from this

augmentation. Magnitudes of all changes were around the same level, both positive

and negative, indicating augmentation does not favor a particular class. In the end,

speed transformation demonstrated the highest improvement in performance despite

the tendency to favor the most represented class. Comparison of our outcomes with

the literature are demonstrated in Figure 5-7.

5.4 Common Observations

In this section, we analyze common classes and dynamics in their TRP as a result of

data augmentation. Figure 5-8 shows the difference in true positive rates of common

classes compared to baseline across augmentation types and datasets. Any values and

details mentioned in this section can be discovered in this figure. There is a total of

four classes that are present in all databases: neutral, sad, anger, and happy.
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Neutral. Neutral is one of the most confused classes usually confused with bore-

dom and calm. It has been concluded that combined transformation of pitch and

speed has the most beneficial effect with the positive sum and mean of changes across

datasets as 5.7% and 1.9% respectively. On the other hand, both speed and pitch in

isolation showed a detrimental effect on the sensitivity of the neutral class with the

sum and mean of changes as negative. However, it should be noted that the neutral

class is over-represented in IEMOCAP which resulted in consistent positive changes

across all augmentation experiments. Speed augmentation is the least effective and

most detrimental of augmentations that showed sum and mean as -7.8% and -2.6%

respectively.

Sad. Sadness experienced most benefits from speed transformations with the

highest sum and mean as 9.1% and 3.0% respectively. Pitch ended up as the only

detrimental augmentation type with negative values for sum and mean. Although

combined augmentation had also a positive effect on the sensitivity of sadness in

models in terms of sum and mean, speed augmentation in isolation is the only one

that had a beneficial impact across all datasets.

Anger. Combined transformation tends to affect the anger class the most with

sum and mean as high as 17.0% and 5.7% respectively. Although all the augmenta-

tion methods had positive values in terms of sum and mean, the difference of values

between combined and isolated augmentations is quite large. In fact, pitch transfor-

mation had barely any effect on TPR with sum and mean of changes around 0.2% and

0.1% respectively. Moreover, combined augmentation is the only one that brought

positive change across all datasets.

Happiness. Happiness is the single emotion class that had experienced universal

positive effect by all augmentation methods across all datasets. It is also true for

the IEMOCAP database where the happiness class is the least represented class in a

set. Combined augmentation prevails with the highest impact on the sensitivity of

happiness with sum and means as 30.2% and 10.1% respectively, the highest values

throughout all experiments. As a result, observations illustrate that happiness is the

most affected class in terms of value and magnitude of the changes by augmentation.
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One of the speculations is that the intensity of the emotion is pronounced in the

audio clearly (i.e. amplitude of the voice, frequent change in pitch). However, an

anger class that has the same properties does not exhibit similar behavior in terms

of sensitivity.
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Chapter 6

Conclusion

In conclusion, we have tested the effect of three different data augmentation methods

that incorporate two important audio properties, pitch, and speed, on three different

datasets. As a result of augmentation experiments with these properties in isolation

as well as in combination different patterns have emerged. First, in terms of the

performance of the dataset, we found that augmentation with a combination of pitch

and speed transformations had the highest effect in balanced datasets. In particular,

RAVDESS and EMO-DB benefited most from this augmentation method. Secondly,

we discovered that augmentation with speed alterations is a decent choice for an

imbalanced dataset from the results of IEMOCAP database. Finally, we conducted a

comparative analysis of the effects of augmentations methods on a subset of common

classes. As a result, we learned that combined data augmentation has the highest

positive effect in the majority of common classes followed by speed transformation in

isolation.

6.1 Limitations

One of the limitations of the work is the resolution of the transformations. Pitch

and speed augmentations in isolation have been altered in too few variations. For

example, the pitch had only been shifted 4.5 steps up and down, ignoring steps

in-between, It was a necessary sacrifice towards acquiring the strongest effect with
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minimal computation time (i.e. more samples longer the training and testing time).

The next limitation is the usage of few metrics. TPR is a decent metric to access

the class-specific performance, there are other model-specific or class-specific metrics

that can also be utilized. Although some of them highly correlate with TPR they

still can expose certain behavior of classes.

6.2 Future Work

In the future, we plan on applying accumulated knowledge about the properties of

transformations and their effect on each class to further sophisticate the augmentation

process. Specifically, we are interested in the selective augmentation of classes. In

other words, instead of applying one type of augmentation to the whole dataset,

select a custom augmentation method that favors a particular class. It has two main

benefits: firstly, we may expect improvement in the performance of the whole model

as we are certain each transformation is advantageous for each class; secondly, it

will be possible to balance the imbalanced dataset by applying different degrees of

augmentation for overpopulated and underpopulated classes.
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