ROMANIAN JOURNAL OF INFORMATION
SCIENCE AND TECHNOLOGY
Volume 26, Number 3—4, 2023, 375-387

Speech Emotion Recognition Using
Deep Neural Networks, Transfer Learning,
and Ensemble Classification Techniques

Serban MIHALACHE'" %" and Dragos BURILEANU'!

1Speech and Dialogue Research Laboratory, University “Politehnica” of Bucharest, Romania
2Research Institute for Artificial Intelligence, Romanian Academy, Bucharest, Romania

E-mails: serban.mihalache@upb.ro®, dragos.burileanu@upb.ro
* Corresponding author

Abstract. Speech emotion recognition (SER) is the task of determining the affective
content present in speech, a promising research area of great interest in recent years, with
important applications especially in the field of forensic speech and law enforcement opera-
tions, among others. In this paper, systems based on deep neural networks (DNNs) spanning
five levels of complexity are proposed, developed, and tested, including systems leveraging
transfer learning (TL) for the top modern image recognition deep learning models, as well as
several ensemble classification techniques that lead to significant performance increases. The
systems were tested on the most relevant SER datasets: EMODB, CREMAD, and IEMOCAP,
in the context of: (i) classification: using the standard full sets of emotion classes, as well as
additional negative emotion subsets relevant for forensic speech applications; and (ii) regres-
sion: using the continuously valued 2D arousal-valence affect space. The proposed systems
achieved state-of-the-art results for the full class subset for EMODB (up to 83% accuracy)
and performance comparable to other published research for the full class subsets for CRE-
MAD and IEMOCAP (up to 55% and 62% accuracy). For the class subsets focusing only
on negative affective content, the proposed solutions offered top performance vs. previously
published state of the art results.

Key-words: Convolutional neural networks; deep learning; deep neural networks; ma-
chine learning; speech emotion recognition; transfer learning.

1. Introduction

Speech emotion recognition (SER) is the research area that attempts to tackle the challenge
of detecting and recognizing human emotions using only speech signals (i.e., only audio data
and what information can be extracted from it), which may often be the sole available type for
various applications, a fact particularly true for forensic speech and law enforcement operations.
Although the latter examples are the focus of this work, most SER research focuses on other
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simpler, more general applied fields, e.g., human-machine interfaces, virtual assistants, affective
speech synthesis, etc. [1]. Specifically, this work approaches the SER task in relation to moni-
toring suspicious behavior for applications such as computer-aided conducting of interviews or
questionings carried out by law enforcement organizations, surveillance, criminal or terrorist act
prevention, etc. For the SER systems designed in this work, such applications justify having a
particular focus mainly on negative emotions, often with a high intensity component.

When designing SER systems, there are the two main schools of thought in psychology that
establish the conceptual modeling of emotions: (i) discrete classes, wherein each emotion (or,
rather, each emotion class) is holistically distinguished from the others; and (ii) dimensional
models, where a number of continuous psychological measures (e.g., arousal and valence) form
a multidimensional affect space (typically 2D), each emotion being a sub-zone within it.

Promising results have been reported in literature using machine learning (ML) and deep
learning (DL) models and techniques, including support vector machines (SVMs) [2], multilayer
perceptron (MLP) DNNSs [3—4], recurrent neural networks (RNNs) with long short term memory
(LSTM) cells [5-6], convolutional neural networks (CNNSs) or convolutional-recurrent neural
networks (CRNNs) [7]. In [8], a very large feature set was used, obtained by applying several
statistical functions (e.g., mean, variance, the first, second, and third quartiles, etc.) on mathe-
matical descriptors (e.g., the maximum value, the minimum value, frame-to-frame differences,
etc.) computed for the log-energy, the estimated pitch, the Mel-frequency cepstral coefficients
(MFCCs), and their delta and delta-delta coefficients, with the employed models being SVMs.
The MFCCs continue to prove to be extremely robust and useful features for many tasks includ-
ing SER, as demonstrated by their continued usage in state-of-the-art literature. SVMs were also
adopted with similar input feature sets in [9] after applying a simple linear threshold classification
to determine the gender of the speaker, and in [10] alongside GMMs. Gender data was also lever-
aged in [11], and data augmentation obtained through an adversarial network has been reported
as a successful strategy [12]. In [13], a much smaller feature set comprising only four statisti-
cal values for the estimated pitch, the first two formants, the energy, and the zero-crossing rate
(ZCR) were used together with feed-forward MLP neural networks, but trained with a modified
backpropagation algorithm based on genetic algorithm (GA) principles, with a focus on nega-
tive emotions. A different approach was taken in [14], operating on the raw time-domain audio
signal to extract linear prediction descriptors processed through a Gammatone filterbank before
being applied to a spiking neural network (SNN) and liquid state machine (LSM) hybrid model.
Feature selection techniques have also proven to be efficient in reducing the inherent noise of
the input feature space [15-16]. Hybrid DNNs included using different final classifiers after a
CNN feature extractor, such as metric learning-based frameworks [17]. Attention mechanisms
were also successfully leveraged in other LSTM or CNN-based models [18—-19]. Finally, transfer
learning (TL) is the idea of adapting pretrained ML systems for tasks different than the ones they
were initially designed for, thus leveraging the previously obtained input data space modeling
and its corresponding transformations. By not having to fully train DNNs from scratch, the aim
is to only fine-tune the deeper layers of the DNN (responsible for the highest-level abstractions)
and/or of the top classification head. The TL methodology has been employed in slightly differ-
ent ways for SER, almost always following the same fundamental framework, i.e., reusing very
deep image recognition neural networks [20-25] with time-frequency representations (usually
spectrograms) of the audio signal.

In our previous work on SER [1], MLP-based systems were used with small input feature
sets, tested on a single dataset. The main contributions of the present work include:
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* Developing systems based on deep neural networks (DNNs) for SER, spanning five lev-
els of complexity: single DNNs, multiple DNNs connected together following ensemble
classification techniques, as well as systems leveraging transfer learning for the top mod-
ern image recognition deep learning models, either as standalone TL-DNN models, or as
heterogeneous and homogeneous ensemble classifiers.

» Extending the scarce previous research on negative emotion recognition with additional
approaches for SER in the context of forensic speech applications, and obtaining improved
performance over most of the state-of-the-art literature previously published in the field,
validated on three of the most important benchmark datasets.

The rest of the paper is organized as follows. The system architectures proposed for SER are
presented in Section 2. Section 3 describes the benchmark speech datasets, as well as the exper-
imental setup and methodology used for the approaches involved. The subsequent experimental
results are presented and discussed. In Section 4, overall conclusions are drawn, and the intended
future work is considered.

2. Proposed System Architectures

The proposed system architectures for the SER task were iteratively developed, and present
increasing levels of complexity, falling within five categories (approaches):
1. single deep neural network (DNN) models, for classification or regression;
. ensemble classifiers comprising multiple DNN models;
. single DNN classification models adapted through transfer learning (TL);
. heterogeneous fusion classification through TL-DNN models;
. homogeneous ensemble classification using TL-DNN models.

[ I SIS I )

The first two approaches are discussed in Subsection 2.1, with the following three TL-based
systems being described in Subsection 2.2.

2.1. Direct approaches

The single DNN model approach is illustrated in Fig. 1. The DNN takes as input an extensive
2,258-dimensional set of acoustic, spectral, and cepstral features that has been used successfully
in our previous work [26], in which the preprocessing and feature extraction stages have been
discussed in detail. The DNN classifier is a feed-forward fully-connected neural network (FCNN)
model, using between 1 and 4 hidden layers, with different numbers of nodes per layer, and with
an output layer of size equal to either the number of classes applicable or having two neurons,
corresponding to the 2D affect space dimensions (arousal and valence). The same hidden layer
node structures were taken into consideration: the ‘constant’ architecture that consists of hidden
layers each with the same number of nodes; and the ‘log2dec’ architecture, which incorporates
progressively fewer nodes per active layer, following a decreasing log2(-) law.

The second, more advanced type of system leverages two ensemble classification techniques
for multiclass problems: one-vs.-one (OvO) and one-vs.-rest (OvR). This type of system is illus-
trated in Fig. 2. For the former case (OvO ensemble classification), a total of K - (K — 1)/2
classifiers (where K is the number of classes) are trained independently for each pair of classes
(e.g., for 7-class problems, 21 classifiers), with their output values representing the probabilities
of the sample belonging to each corresponding class pair. For the latter ensemble classification
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technique (OvR), only K classifiers are trained independently, in each case grouping together
all instances that are not part of the currently considered class, e.g., Anger vs. Non-Anger, with
all instances in the dataset that were labeled as any class other than Anger being relabeled as
Non-Anger. In both cases, the outputs are then fed, together with their rounded values (0 or 1,
the intermediate binary predictions of each DNN), to a similar DNN that performs final classifi-
cation.

DNN MODEL

O-0

Emo. class
or
Affect space pos.

00-00,
0-0

! 1
! 1
! PRE- N FEATURE ||
| | PROCESSING EXTRACTION T
1 |
|

___________________

0000-0000

00000000-00000000

00000000 ~0000000!
00000000 ~0000000!
00000000 ~O000000!

Fig. 1. Approach I: single DNN model for SER.
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Fig. 2. Approach 2: ensemble classification techniques (OvO or OvR) adopted for SER using
multiple DNN model classifiers.

2.2. Transfer learning approaches

The modern top-performing image recognition DNNs are: Xception [20], VGG16 and VGG19
[21], ResNet50 and ResNet50V2 [22], InceptionV3 and InceptionResNetV2 [23], NASNet [24],
and EfficientNet [25]. A summarized comparison between their sizes, image recognition perfor-
mance, and particular advantages that justify their choosing is presented in Table 1.

In this work, the first proposed TL-based approach consists of retraining the top layers of
each of DNN:Gs listed in Table 1 (i.e., TL-DNNs) in order to develop single TL-DNN classification
models. Additionally, the configuration of the classification head is changed empirically through
hyperparameter tuning. An illustration of this type of proposed system is made in Fig. 3.

Going further, a form of ensemble information representation through fusion is proposed in
the form of a heterogeneous TL-DNN system: the core of each of the TL-DNN models is used to
extract a deep feature map representation of the input data instances. All representations are then
flattened into a single feature vector (FV) that is subsequently fed to a DNN classifier having an
FCNN architecture as presented in Subsection 2.1. This is illustrated in Fig. 4. Since the total size
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of the FV is large (over 20,000), principal component analysis (PCA) and linear discriminant
analysis (LDA) were also tested for dimensionality reduction, but yielded no improvement.

Table 1. Summarized comparison of the modern top-performing image recognition architectures.
Top-1 and Top-5 accuracies refer to the standard model performance metrics reported on the
ImageNet dataset.

Accuracy [%] | No. of
Model Top-1 | Top-5 | params.
Xception | 79.0 94.5 22.9M 81 High accuracy for medium model size.
VGGI16 | 71.3 90.1 138.4M 16 Smallest depth.
VGG19 | 71.3 90.0 143.7M 19 Small depth, largest model size.

ResNetsO | 749 | 92.1 | 25.6M | 107 | Progressive and well-established
architecture, medium model size.
ResNet50V2 | 76.0 93.0 25.6M 103 Improved ResNet50.

TnceptionV3 | 779 | 937 | 239M | 1gg | Frogressiveand well-established
architecture, medium model size, very deep.
InceptionResNetV2 | 80.3 95.3 55.9M 449 Improved hybrid version, extremely deep.
NASNetMobile | 744 91.9 53M 389 High accuracy for smallest model size,
extremely deep.
NASNetLarge | 82.5 96.0 88.9M 533 Very high accuracy, deepest.
EfficientNetBO | 77.1 93.3 5.3M 132 Base version of highest-performing.
EfficientNetB1 | 79.1 94.4 7.9M 186 Second version of highest-performing.

EfficientNetB7 | 843 | 97.0 | 667M | 43g | Destversion of highest-performing,
extremely deep.
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Fig. 3. Approach 3: single TL-DNN model for SER.
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Fig. 4. Approach 4: heterogeneous TL-DNN ensemble classification. Each TL-DNN core pro-
vides distinct feature map representations of the underlying patterns within the input data.
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Fig. 5. Approach 5: homogeneous TL-DNN ensemble classification. The ensemble classification
techniques (OvO or OvR) are adopted for multiple TL-DNN model classifiers.

Finally, in Fig. 5, the homogeneous TL-based approach is shown. This architecture leverages
the ensemble classification techniques (OvO and OvR), but with TL-DNN models instead. The
homogeneity property refers to the fact that the same model is used within a single system.

For the TL-DNN-based approaches, the input given to the networks must be in the form of
spectrograms having linear or log magnitude, extracted using 25 ms Hamming windows (15 ms
overlap), with linear or Mel scaling. Since the input size must be fixed, all audio input instances
were first divided into segments with a standard duration (and zero-padded if required).

3. Experimental Setup and Results
3.1. Datasets and partitioning

The nature of the audio content of datasets for paralinguistic tasks should be as authentic as
possible. Using simulated data, as is the case of hiring actors or guiding the subjects through
specific scenarios, will usually affect the system’s ability to generalize. Publicly available SER
datasets reported in literature are simulated datasets, and many are in fact generally inadequate
for SER, either due to their very reduced sample size, small number of speakers, and/or unreliable
data annotation. Out of the benchmark SER datasets, the three best were selected for this work.

3.1.1. The EMODB dataset

The Berlin Database of Emotional Speech (EMODB) [27] is a German language dataset
comprising 535 short utterances recorded by 10 actors (5 female, 5 male) in single-channel 16 bit
PCM format, sampled at 16 kHz, with an average duration of 2.5 s and a maximum of § s. The
7 emotion classes considered are: Anger (ANG), Disgust (DIS), Fear (FEA), Sadness (SAD),
Boredom (BOR), Happiness (HAP) and Neutral (NEU). Since this work focuses on forensic
applications, negative emotions are more relevant. As such, additional subsets were considered:

« EMODB-7: all 7 classes: ANG, DIS, FEA, SAD, BOR, HAP, NEU; 535 samples;

« EMODB-4: 4 classes: ANG, SAD, HAP, and NEU (to match the IEMOCAP standard
class subset); 339 samples;

« EMODB-5N: 5 classes: ANG, DIS, FEA, SAD, and NEU (i.e., negative emotions only);
383 samples;

« EMODB-2N: 2 classes: Negative (NEG; grouping together ANG, DIS, FEA, and SAD)
vs. NEU; 383 samples.
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3.1.2. The CREMAD dataset
The Crowd-sourced Emotional Multimodal Actors Dataset (CREMAD) [28] is an English
language dataset for studying emotions in a multimodal (audio-visual) context. It is described
as comprising 7,442 audio-visual recordings of facial and vocal affective content manifested
in sentences spoken by 91 directed actors (43 female, 48 male). The encompassed 6 emotion
classes were: Anger (ANG), Disgust (DIS), Fear (FEA), Sadness (SAD), Happiness (HAP), and
Neutral (NEU). The average duration of the recordings is 2.5 s (minimum 1.3 s, maximum 5 s).
The recordings were subsequently labeled in terms of the perceived emotions via crowd-sourcing
by 2,443 evaluators, averaging the individual ratings for each instance. Similarly to the EMODB
case, 4 subsets were utilized in this work:
« CREMAD-6: all 6 classes: ANG, DIS, FEA, SAD, HAP, and NEU; 7,441 samples;
* CREMAD-4: 4 classes: ANG, SAD, HAP, and NEU (to match the IEMOCAP standard
class subset); 5,145 samples;
* CREMAD-5N: 5 classes: ANG, DIS, FEA, SAD, and NEU (i.e., negative emotions only);
6,219 samples;
* CREMAD-2N: 2 classes: Negative (NEG; grouping together ANG, DIS, FEA, and SAD)
vs. NEU; 6,219 samples.

3.1.3. The IEMOCAP dataset

The Interactive Emotional Dyadic Motion Capture (IEMOCAP) dataset [29] contains 5 ses-
sions with 10 actors (5 female, 5 male) working in pairs to solve scripted and improvised English
speaking tasks, with a total number of 10,039 audio-visual recordings. The files have an average
duration of 4.5 s, with 16-bit PCM audio at a 16 kHz sampling rate. It comprises 10 discrete
emotion classes (Anger, Fear, Disgust, Sadness, Happiness, Frustration, Excitement, Surprise,
Neutral, and Other), many of them strongly underrepresented. This results in having to group
only a smaller subset into 4 new classes, i.e., Neutral (NEU); Sadness (SAD); Anger + Frus-
tration (ANG); and Happiness + Excitement (HAP). The last two pairs were grouped together
due to their closeness, similar to [30]. For the continuous dimensions, arousal (activation) and
valence were chosen. The 2 subsets used in this work were:

*« IEMOCAP-4: 4 classes: ANG, HAP, SAD, and NEU; 7,552 samples;

* IEMOCAP-2N: 2 classes: Negative (NEG; grouping together ANG and SAD) vs. NEU;

5,870 samples.

3.2. Setup and methodology

All experiments were run using the Keras framework. For the single DNN models, either
the ‘constant’ or ‘log2dec’ active node architecture was used. The number of hidden layers (i.e.,
the depth) was chosen between 1 and 4, with the number of neurons for the first hidden layer
being chosen from the set {8, 16, 32, 64, 128, 256, 512, 1024}, and varying the dropout rate
between 0.1 and 0.5. Other hyperparameters chosen included: the rectified linear unit (ReLU)
activation function for the hidden layers, and either the softmax (when applied for classification)
or the linear output activation function (when applied for regression). The selected optimization
algorithm was Adam, employing L.2-norm regularization with A\ = 10~*, and with the categorical
cross-entropy function serving as the loss function for the classification systems, the role being
given to the mean squared error (MSE) for the regression systems. The experiments were run
for up to 200 epochs, using early stopping and learning rate decay. The same configurations
were tested afterwards for the OvO and OvR DNN classifiers in the ensemble classification
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experiments, with the final DNN classifier having a fixed depth of either 1, 2, or 3 layers. The
configurations were also employed for the fully-connected classification heads of the TL-DNNs.

To counteract the imbalances present within each dataset between the class populations,
weighting was adopted for the loss function gradient computation, assigning larger weights to
the gradient components corresponding to minority class instances. For all experiments, 10-fold
cross-validation was employed, with an 80% / 20% training-validation split, ensuring as best as
possible that each emotion class and each gender was proportionally represented in each training
and/or validation subset. Speaker separation was ensured for all experiments.

The metrics used for the classification experiments were the unweighted accuracy (UA) and
the weighted accuracy (WA), for overall system performance; the precision (P), to measure the
system’s ability not to misidentify emotion classes; the recall (R), to measure the system’s ability
to retrieve the emotional content for each class; and the Fl-measure, as a secondary overall
metric. For the regression task, apart from the loss value, i.e., the MSE value, the Pearson
correlation coefficient, p, and the concordance correlation coefficient, p. [3], were also adopted.

3.3. Results and discussions

For the single-network-based systems (Approach 1), for each dataset (EMODB, CREMAD,
IEMOCAP), higher performance was observed as the class-complexity of the multiclass problem
was reduced, i.e., smaller numbers of considered classes. This is not surprising, since the learned
data transformations can more easily ensure separability as the number of classes is reduced.
Higher accuracies (over 80%) were observed for the EMODB subsets. One definitive reason is
the reduced size of the EMODB-4 subset, and the different dataset recording conditions (acoustic
conditions, particular methodologies employed, annotation quality, etc.). The best configuration
comprised 2 hidden layers with the ‘constant’ architecture, with 64 neurons in each layer.

For the ensemble classifiers employing multiple FCNN models (Approach 2; applicable only
for the multiclass data subsets), the best-performing architectures varied for each subset. The
individual FCNNs had 2 hidden layers with 64 neurons each (‘constant’ architecture) for the
EMODB-7 and EMODB-4; similarly for the CREMAD-6 and CREMAD-4 cases, but with the
‘log2dec’ architecture and 128 neurons in the first hidden layer. The other cases required a
single hidden layer with 64 or 128 neurons. The OvR technique proved best for the EMODB
data subsets, with higher results being obtained with the OvO technique for the CREMAD and
IEMOCAP subsets. In all cases, the final classifier had a depth of 1 Performance improvements
over Approach 1 were observed, with relative increases in UA between 1.3% (CREMAD-4;
from 61.8% to 62.6%) and 6.5% (IEMOCAP-4; from 55.1% to 58.7%) and in WA between 1.2%
(EMODB-5N; from 90.3% to 91.4%) and 12% (IEMOCAP-4; from 55.0% to 61.6%).

The experiments for the single-network TL-DNN systems (Approach 3) were first conducted
on the EMODB-7 subset to determine the feasibility of the approaches. All the TL-DNN model
classifier heads were replaced with a single 32 neuron hidden layer, trained with a dropout rate
of 0.3, and a final 7-dimensional output layer. In terms of the spectrogram hyperparameters, the
most successful choice was log-magnitude with linear frequency scaling. The top-performing
TL-DNN model was observed to be EfficientNetBO, the version of EfficientNet with the lowest
complexity in terms of the number of parameters and core depth. It is also important to note that
the EfficientNetBO model provided the best individual class accuracy (i.e., it was able to better
identify each class, including the underrepresented ones), apparent from the high value of the
UA, 73.2%, close to the value of the WA, 74.0%, and significantly higher than for other models.

For the heterogeneous fusion classification TL-DNN systems (Approach 4), the best results
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were obtained with complete feature map fusion (i.e., concatenating all the flattened outputs of
the individual TL-DNN models), leading to a 20,960-dimensional feature vector (FV). However,
the performance was considerably reduced, reaching a UA of only 52.9% and a WA of only
58.7% on the EMODB-7 subset, suggesting the infeasibility of this proposed approach.

Finally, for the homogeneous ensemble classification TL-DNN systems (Approach 5), the
top performing TL-DNN model was either EfficientNetBO or EfficientNetB1. The input spectro-
grams were scaled according to the results previously determined (i.e., log-magnitude spectro-
grams with linear frequency scaling). The classifier heads comprise a single hidden layer with 32,
64, or 128 neurons depending on the considered data subset. The same viability and preference
in terms of the ensemble classification grouping strategy was observed here as for the DNN sys-
tems investigated beforehand, with the OvR technique being successful for the EMODB dataset,
and the OvO technique being more suited for the CREMAD and IEMOCAP datasets. The homo-
geneous ensemble classification TL-DNN systems did not outperform the simpler DNN-based
ensemble classifier systems in the case of the EMODB and IEMOCAP data subsets. However,
increased performance was obtained for the CREMAD data subsets, with relative increases in
terms of UA of 3.2% (CREMAD-6; from 50.2% to 51.8%), 5.1% (CREMAD-5N; from 62.6% to
65.8%), and 2.4% (CREMAD-4; from 53.4% to 54.7%) and in terms of WA of 2.4% (CREMAD-6;
from 53.3% to 54.6%), 5.6% (CREMAD-5N; from 66.6% to 70.3%), and 2.1% (CREMAD-4;
from 57.5% to 58.7%), the most significant performance boost being obtained exactly for the
most important subset for this work, i.e., comprising negative emotions.

A summary of the previously discussed best results obtained in this work for the proposed
SER systems, alongside performance comparisons to other results reported in literature, is given
in Table 2 and Table 3. For the regression task applied to the IEMOCAP dataset, the proposed
solution leads to better results in terms of arousal estimation. For valence, the obtained perfor-
mance was better than [3], with the concordance value given in [11] being less reliable. The
main classification comparisons are for the subsets that comprise all usable classes, i.e., 7 (all)
for EMODB, 6 (all) for CREMAD, and 4 (standard selection) for IEMOCAP. For the EMODB-7
subset, the most widely used benchmark for SER classification tasks, the top results obtained
in this work outperformed almost all other state-of-the-art systems, validating the proposed ap-
proach, especially the developed ensemble classification techniques. Slightly less favorable, but
comparable results were obtained for the CREMAD-6 subset: the best-performing proposed sys-
tem did not manage to improve over all other reported methods, with the observed performance
gap being under 2.6%. Mixed results were obtained for the IEMOCAP-4 subset, with the pro-
posed solution managing to fall in the middle of the state-of-the-art hierarchy, but with a larger
margin between the best performance achieved in this work vs. the top system reported in litera-
ture, i.e., 5% (in terms of UA; 63.7% vs. 58.7% for this work). For all other cases, the proposed
systems outperformed all other corresponding results reported in literature.

Table 2. Best SER regression performance and comparison between this work and
other literature

Perf.
Dataset System MSE (loss) p pc
A v A v A v
[3] - MLP - - - - 0.611 | 0.301
IEMOCAP | [11]-DNN - - - - 0.392 | 0.715
This work: Approach I —single DNN. | 0.073 | 0.180 | 0.677 | 0.408 | 0.621 | 0.343
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Table 3. Best SER classification performance and comparison between this work and
other literature.

Perf.
Data subset System
UA [%] | WA [%]
[15] — SVM + recursive feature elimination - 86.2
[7] - CRNN - 82.8
[14] — SNN + LSM + Gammatone filterbank - 82.4
[9] — SVM + gender recognition - 81.5
EMODB-7 [31] - GMM 79.8 -
[32] — SVM + feature selection 78.6 79.1
[16] — GA + clustering 717.5 -
[31] - SVM 77.0 -
This work: Approach 2 — ensemble classification (OvR) with 82.6 82.9
multiple DNNs (FCNNs).
[10] - GMM + SVM - 84.3
EMODB-4 | This work: Approach 2 — ensemble classification (OVR) with 88.9 89.1
multiple DNNs (FCNNG).
[13] — MLP + GA-based modified backpropagation - 80.4
EMODB-5N | This work: Approach 2 — ensemble classification (OvR) with 91.2 91.4
multiple DNNs (FCNNs).
[81-SVM - 95.8
EMODB-2N | [10] - GMM + SVM - 94.9
This work: Approach 1 — single DNN (FCNN) classifier. 95.1 98.3
[17]-SVM - 57.2
[5]-LSTM - 57.0
CREMAD-6 | [18] - LSTM - 41.5
This work: Approach 5 —homogeneous ensemble classification | 51.8 54.6
(OvO) with multiple TL-DNN models (EfficientNetB1).
CREMAD-4 | This work: Approach 5 — homogeneous ensemble classification | 65.8 70.3
(OvO) with multiple TL-DNN models (EfficientNetB1).
CREMAD-5N | This work: Approach 5 — homogeneous ensemble classification | 54.7 58.7
(OvO) with multiple TL-DNN models (EfficientNetBO0).
CREMAD-2N | This work: Approach I —single DNN (FCNN) classifier. 72.8 72.6
[12] — DNN + adversarial data augmentation 63.7 63.2
[30] - MLP + GAN-based synthetic data 61.0 -
[12] — SVM + adversarial data augmentation 60.0 64.7
[32] — SVM + feature selection 59.4 59.5
IEMOCAP-4 | [6] - MLP + LSTM + attention 58.7 63.5
[19] -LSTM 48.7 57.1
[4] — MLP + i-vectors - 48.8
This work: Approach 2 — ensemble classification (OvO) with 58.7 61.6
multiple DNNs (FCNNs).
[2] = SVM + feature adaptation - 69.8
IEMOCAP-2N
This work: Approach I — single DNN (FCNN) classifier. 69.0 71.2
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4. Conclusions

SER systems based on deep neural networks (DNNs) spanning five levels of complexity
were proposed, developed, and tested: single DNNs, multiple DNNs connected together follow-
ing ensemble classification techniques (one-vs.-one and one-vs.-rest), and systems leveraging
transfer learning (TL) for the top modern image recognition deep learning models, as standalone
TL-DNN models, and as heterogeneous or homogeneous ensemble classifiers. The systems were
tested on the most relevant SER datasets available: EMODB, CREMAD, and IEMOCAP, both
for the standard full set of emotion classes, as well as for additional negative emotion subsets
relevant for suspicious behavior monitoring and other forensic speech applications.

The proposed systems achieved state-of-the-art results (up to 83% accuracy) for the EMODB
all-class subset, while the performance on the corresponding CREMAD and IEMOCAP subsets
was lesser (up to 55% accuracy for CREMAD and 62% accuracy for IEMOCAP), but still com-
parable to other published research. Additionally, for all negative-emotion-only subsets (most
relevant for this work), the proposed solutions offered top performance.

Future work includes testing other deep learning and transfer learning architectures, and fur-
ther research into developing language-independent systems for cross-corpus experiments.
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