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Abstract: Due to the success of transformers in recent years, a growing number of researchers are using them in a variety 
of disciplines. Due to the attention mechanism, this revolutionary architecture was able to overcome some of 
the limitations associated with classic deep learning models. Nonetheless, despite their profitable structures, 
transformers have drawbacks. We introduce a novel hybrid architecture for Speech Emotion Recognition 
(SER) systems in this article that combines the benefits of transformers and other deep learning models.

1 INTRODUCTION 

Communication, which may be defined as the center 
of our daily existence, is one of the things that binds 
human beings together. It is not only a means of 
transmitting words; rather, it is a method of delivering 
a large amount of information. This process may be 
initiated in a variety of ways, including speech, which 
is often considered as the quickest and most natural 
mode of communication (Kanth and Saraswathi, 
2014). Emotions provide significance to interpersonal 
relationships, aid in our understanding of one another, 
and play a fundamental part in all social phenomena, 
which is why they must be thoroughly explored. 
Human-computer interaction has made significant 
strides in recent years to satisfy users' demands and 
responsibilities. From this vantage point, it would be 
ideal if computers could automatically recognize 
human emotions, therefore facilitating 
communication on both sides. The primary 
architecture of an emotion recognition system (Fig. 1) 
is to analyze an audio file to extract a collection of 
features, and then to detect emotions using a 
classifier. Thus, developing a resilient system with a 
high degree of accuracy requires two critical 
components: the most appropriate approach for 
feature extraction and the most performant 
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classification algorithm. Numerous feature extraction 
algorithms have been used for emotion classification 
in recent years, including the Gray-Level Co-
Occurrence Matrix (Lima and Sajin, 2007), the 
Geneva Minimalistic Acoustic Parameter Set (Latif et 
al., 2018), the Mel-scaled spectrogram, the 
Chromagram, the Spectral contrast feature, and the 
Tonnetz representation (Issa et al., 2020). Thus, 
developing the optimal feature extraction method 
continues to be a significant challenge, since Feature 
Extraction tries to minimize the number of features in 
a dataset by generating new ones from existing ones 
(and then discarding the original features). These 
newly condensed features should then be capable of 
summarizing the majority of the information included 
in the original set of features. While the feature set is 
critical and determines whether or not we extract all 
relevant information for the emotion recognition task, 
the classification algorithm itself has a significant 
impact on the final result, as the primary reason for 
the model's low or high accuracy and poor or high 
prediction rate is the model's choice and 
configuration. With the advent of Deep Learning 
models, computer scientists are increasingly turning 
to Neural Networks (such as CNNs, LSTMs, and so 
on) to solve problems across a range of fields, owing 
to the fact that deep learning models outperform 
conventional machine learning approaches 
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(Najafabadi et al., 2015). Transformers have taken 
over the world of NLP in recent years. The 
Transformer architecture makes extensive use of 
Attention to significantly improve the performance of 
deep learning translation models. It was introduced in 
(Vaswani et al., 2017) and was rapidly adopted as the 
standard design for the majority of text data 
applications. Transformers were created to address 
the difficulty of sequence transduction, also known as 
neural machine translation. That is, any task that 
converts an input sequence to an output sequence is 
included. This includes voice recognition and text-to-
speech conversions, among other things. Along with 
transformers, Vison Transformers have been 
proposed for image classification. 

Despite their usefulness, transformers have 
considerable drawbacks, that we will discuss in 
section 3.2. 

 
Figure 1: The general scheme of SER system. 

The term "hybrid models" refers to the combination 
of different models to process a single input. They 
have recently shown excellent performance in the 
SER domain (Slimi et al., 2022) as well as in many 
other domains (Mahmoud and Zrigui, 2021; Ons et 
al., 2021; Bellagha and Mounir, 2020). In this paper, 
we propose a novel hybrid Speech Emotion 
Recognition system based on Time-Distributed 
CNNs and Transformers (Fig. 5.) 

2 STATE OF THE ART 

The approach of Lima M. and Sajin S. (2007) consist 
of generating the spectrogram of the speech then 

transform it to a GLCM (Gray-Level Co-Occurrence 
Matrix). The GLCM is a widely used technique in the 
domain of texture analysis. It employed basically to 
perform feature extraction. And in simple words, the 
GLCM is 2-dimensional vector that contains some 
derived information from the spectrogram. In their 
paper, this technique is used to extract texture features 
(standard deviation, energy, mean, and entropy). The 
Gray-Level Co-Occurrence Matrix is fed to an SVM 
(support vector machine) to classify the emotions.   

Avots et al. (2019) have created their speech 
emotion identification system utilizing a support 
vector machine. They employed a sliding window to 
extract features, thus each speech is represented with 
multiple vectors where each vector has 21 features of 
the global signal feature and 13 Mel Frequency 
Cepstral Coefficients features of each frame. And to 
reach a single result for the complete speech, the 
results were amalgamated by majority vote.  

Mustaqeem et al. (2020) utilize a k-means 
approach to cluster similar frames after splitting an 
utterance into numerous frames. One key frame from 
each cluster that is closest to the centroid will be 
chosen and utilized to build a spectrogram. They 
applied the transfer learning approach for 
classification by deploying the pre-trained 
Resnet101. To recognize emotions, the output of the 
Convolution Neural Network (CNN) will be 
normalized and sent to a bidirectional Long Short-
Term Memory (LSTM).  

The work of Issa et al. (2020) is based on 
gathering together 5 different feature sets: MFCCs, 
Mel-scaled spectrogram, Chromagram, Spectral 
contrast feature and Tonnetz representation. The total 
number of features is 193 that were stacked together 
and fed to 1-Dimensional CNN.  

Slimi et al. (2020) have utilized log-mel 
spectrograms as an input for a shallow neural network 
to establish that neural networks can function with 
limited datasets. Once the spectrograms were formed, 
they have shrunk them to be able to input them to the 
first layer of the neural network. Although their 
model was basic, it delivered excellent results but 
under one condition: a person’s records should be 
separated into the train and the test sets, otherwise the 
model would not be able to generalize.   

The purpose of Xia et al. (2020) is to learn salient 
parts for speech emotion detection. The model 
consists of obtaining hand-crafted low-level 
descriptors and separating them into equal 
overlapping pieces. Each segment will be submitted 
to a Deep Neural Network to forecast the emotion 
probabilities. Then an attentive temporal pooling  
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Figure  2: Log-Mel Spectrogram (left) with its corresponding patch (Right). 

module made of a Gaussian Mixture Model and an 
auxiliary deep Neural Network, is used to learn the 
emotional saliency weights of each frame with self-
attention.   

In the work of Aouani and Ayed (2020), a vector 
of 42 features was derived from each signal. The 
employed features include Zero Crossing Rate, 
Harmonic to Noise Rate and Teager Energy Operator. 
Instead of employing the 42 features, they have opted 
to implement an Auto-Encoder to acquire a reduced 
data representation and to choose important features. 
The output of the auto encoder will be fed to a 
Support Vector Machine to identify emotions. 

Because of the effectiveness of transformers, 
several researchers have utilized them to identify 
emotions. Only a few articles, such as (Tarantino et 
al., 2019), have used Transformers for speech 
emotion identification. Transformers, on the other 
hand, are used in multimodal systems where audio is 
blended with text, visual, or both.  

Chen et al. (2021) employed Wav2vec speech 
embeddings in conjunction with Roberta text 
embeddings to identify emotions. They presented a 
key-sparse Transformer to concentrate on emotion-
related information. In addition, a cascaded cross-
attention block is included, which is specifically built 
for multimodal frameworks, to create deep interaction 
across multiple modalities.  Similarly, Delbrouck et 
al. (2020) suggest two architectures that incorporate 
linguistic and acoustic inputs and are based on 
Transformers and modulation.  

To identify emotion, Xie et al. (2021), suggest a 
transformer-based cross-modality fusion using the 
EmbraceNet architecture. They employed three 
models at the same time, each followed by a 
transformer block: FaceNet + RNN for image 
recognition, GPT for text, and WaveRNN for audio. 

The approach of Hajarolasvadi and Demirel 
(2019) comprises dividing the speech to small frames 
with equal length where each frame is overlapping 
50% with the previous chunk. For each frame, they 
extracted 88 features and its corresponding 
spectrogram in a way that if a speech is divided to n 
frames, then it will be represented with n 
spectrograms and 88xn matrix. For each speech, a k-
means clustering algorithm is performed on the 
feature vector (with k=9) to select k most 
discriminant frames. The corresponding 
spectrograms of the k selected frames will be stacked 
together to build a 3D tensor. So finally, each speech 
is represented with 3D tensor which will be fed to a 
CNN. 

Mupidi and Radfar (2021) have used the Mel-log 
Spectrogram as an input for their model. However, as 
a classifier they have not used a typical neural 
network, instead, they have used quaternion 
convolutional neural network (QCNN) as a classifier. 

The work of Mustaqeem and Kwon (2020a) 
focuses mainly on the pre-processing phase where 
they used an adaptive threshold-based algorithm to 
remove silence, noises and irrelevant information. 
When it comes to their system, they generated the 
spectrogram from each signal and fed it to CNN to 
perform classification. Their preprocessing phase 
helped improve the accuracy by about 8% comparing 
to the original dataset  

In (Mustaqeem and Kwon, 2020b) different 
blocks were used in their SER framework. They have 
used a ConvLSTM (combination of CNN and LSTM) 
for local feature learning block (LFLB), a Gated 
Recurrent Units (GRU) for global features learning  

The model of Seo and Kim (2020) consists of 
training a model called VACNN (visual attention 
convolutional neural network) using a large dataset of 
log-mel spectrograms. The VACNN model is  
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Figure  3: The architecture of a ViT (Vision Transformer). 

 
Figure  4: The architecture of a Transformer Encoder. 

composed of convolution blocks along with spatial 
and visual attention module. Their goal is to obtain a 
model that can be used with smaller datasets. For a 
new small dataset, a bag of visual words (BOVW) is 
used to extract local features as an attention vector 
and a fine-tuned VACNN is used to extract features 
from log-mel spectrograms. An element-wise 
multiplication is applied on the outputs of the BOVW 
and the fine-tuned VACNN followed by an element-
wise sum to sum up features. Finally, a fully- 
connected layer followed by a softmax layer is used 
to identify emotions.  

Pepino et al (2021) have used pre-trained 
wav2vec, a framework for extracting representations 

from raw audio data. The extracted features, the 
eGeMAPS descriptors and the spectrograms are used 
as an input for a shallow neural network. Best result 
was obtained using the wav2vec features 

3 PROPOSED MODEL 

The general scheme of an emotion recognition system 
consists of processing an audio file to extract a set of 
features, then use a classifier to identify emotions. 

3.1 Feature Extraction 

Speeches are frequently employed in a variety of 
disciplines of research, including speech recognition, 
emotion identification, gender recognition, music 
genre categorization, and so on. Depending on the 
job, we may extract various characteristics from the 
input signal (Trigui et al., 2015) or display it in a 
variety of forms such as phonemes (Terbeh et al., 
2017), transcripts (Labidi et al., 2017), or 
spectrograms.  

A spectrogram is a depiction of the spectrum of 
signal frequencies as they change over time. The 
Short Time Fourier Transform (STFT) is used to 
create spectrograms. It entails taking tiny frames of 
length L of the original signal and performing a 
Discrete Fourier Transform (DFT) on each frame 
rather than the complete signal. The Mel-scale will be 
utilized instead of the hertz since the Log-Mel 
Spectrogram has been shown to be effective in 
identifying emotions (Yenigalla et al., 2018). 
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Figure  5: Proposed model. 

When it comes to sound pitches, the Mel-scale is a 
psychoacoustic scale that may be used to distinguish 
between low and high pitches. Its unifying factor is 
the Mel. In terms of psychological sense of pitch, it 
relates to a subjective approximation of the 
psychological experience of pitch of sound (Stevens 
and Volkman, 1937). The following formula is used 
to convert from the f Hertz to the m Mel frequency 
range. 𝑚 2595 𝑙𝑜𝑔 1    (1) 

Despite the fact that the resolution of frequencies is 
related to both the window size and the sampling rate 
of the audio signal, Zhao et al (2019) and P. Yenigalla 
et al (2018) used the log Mel-spectrogram with the 
same parameters window size= 2048 and overlap= 
512 on different sampling rates, whereas Zhao et al 
(2019) used the log Mel-spectrogram with the same 
parameters window size= 2048 and overlap= 512 on 
different sampling Likewise, in our research, we 
resampled all of the data to 22050 Hz and then 
generated our spectrograms using the identical 
settings as those in (Zhao et al., 2019; Yenigalla, et 
al., 2018). 

3.2 Emotion Recognition 

Since the spectrograms are 2D images, a CNN can be 
considered the best choice as classifier since CNNs are 
usually used to perform a classification task on images. 
Most of the work described earlier in the state of the 
art, along with a lot of other researches, use several 
Convolution layers and Pooling layers stacked 
successively, followed by few Fully-Connected layers 
and an output layer with a softmax function to predict 
the class of the input. As a start, we have considered 
using several architectures, such as Inception, 
ResNet, VGG-19, etc, as a classification algorithm. 

However, although transformers were originally 
designed to work with textual data, that hasn't 
prevented them from being used in a variety of 
Computer Vision tasks, including image processing, 
with results comparable to convolutional neural 
network (Dosovitskiy et al., 2021; Touvron et al., 
2021). In (Dosovitskiy et al., 2021), authors proposed 
a Vision Transformer (ViT), in which every image is 
divided into patches (Fig. 2.), with each patch being 
passed to the transformer input layer and processed 
similarly to a single word embedding.  

The usage of a Multi-head Attention mechanism 
module that is based on Self-attention is the secret to 
the transformers' success. Self-attention, also known 
as intra-attention, is an attention mechanism that links 
distinct points in a single sequence to calculate a 
representation of the same sequence. The Multi-head 
Attention technique is used numerous times in 
simultaneously. The outputs of the separate attention 
are then concatenated and linearly translated into the 
expected dimension.  

However, despite numerous studies 
demonstrating that Vision Transformers outperform 
CNNs (Dosovitskiy et al., 2021), Transformers in 
general are still less powerful for local-invariant 
vision data (Liu et al., 2021) and vision transformers 
in particular are vulnerable against adversarial 
patches (Jindong et al.,2021). To avoid these 
concerns, some papers have proposed using CNN 
along with transformers. The use of CNN with 
Transformers is not novel. It's been utilized in a lot of 
researches. In (Karpov et al.,2020), authors used a 
Transformer followed by a CNN. Zhang et al. (2022) 
have used a CNN with Transformer in hybrid 
approach. Liu et al. (2021) did not used a CNN but 
rather some convolution filters before the 
Transformer. 
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Table 1: Accuracy of the Proposed model (RML dataset). 

Work Year Result 

Avots et al. (2019) 2019 69.30% 
Xia et al. (2020) 2020 73.15% 

Aouani. And Ayed (2020) 2020 74.07% 
Issa et al. (2020) 2020 77.00% 

Ours 2022 83.88% 
Ours (with SpecAugment) 2022 84.76% 

Table 2: Accuracy of the Proposed model (RML dataset). 

Work Year Result 

Hajarolasvadi and Demirel (2019) 2020 68.00% 
Mustaqeem et al. (2020) 2020 71.61% 

Muppidi and Radfar (2021) 2021 77.87% 
Mustaqeem and Kwon (2020a) 2020 79.50% 
Mustaqeem and Kwon (2020b) 2020 80.00% 

Ours 2022 82.72% 
Seo and Kim (2020) 2020 83.33% 
Pepino et al. (2021) 2021 84.30% 

Ours (with SpecAugment) 2022 84.63% 
 

The usage of a Time Distributed CNN with a 
conventional transformer rather than a vision 
transformer, on the other hand, is novel in this 
research.  

The transformer accepts one embedding at a time 
as input, whereas the Vision Transformer accepts one 
patch at a time. The spectrograms however are plots 
with special specificity where the vertical axis 
presents the frequency and the horizontal axis 
presents the time in seconds. Rather of splitting the 
spectrogram into patches and feeding them to a 
Transformer, we want to inject a chronologically 
ordered series of frames (time steps). 

Prior to sending the frames to the transformer, we 
want to do per-frame convolution operations to 
extract key features for training the transformer. If we 
apply a convolution operation to each frame, each 
frame will have its own convolution flow, and each 
result will be treated as a separate input for the 
transformer. 

However, if we train each convolution flow 
independently, we will encounter undesirable 
behaviours such as a lengthy and slow training 
process because we will need to train several 
convolution flows (one for each input frame), each 
convolution flow can have several different weights, 
resulting in different features detection that are 
unrelated, and some convolution flows will be unable 
to detect what other convolution flows can. We must 
ensure that the complete set of convolution flows can 
locate the same features. It is conceivable that certain 
convolutional flows discover something else, but this 
risk must be minimized. 

A solution to this is to employ a Time Distributed 
layer, which enables us to apply a layer to each 
temporal slice of an input (i.e., perform the same 
operation on each timestep) and generate one output 
per input. 
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Figure 6: Example of SpecAugment (Right). 

4 RESULTS 

Our approach was tested using two datasets: the RML 
(Ryerson Multimedia Research Lab) and RAVDESS 
(Ryerson Audiovisual Database of Emotional Speech 
and Song), two of the most well-known open access 
datasets. The RML (Xie and Guan, 2013) dataset 
contains 720 audio recordings made by eight 
individuals. The dataset was collected in six distinct 
languages (English, Italian, Mandarin, Urdu, Punjabi, 
and Persian) and included six basic emotions: disgust, 
happiness, fear, anger, surprise, and sadness. We 
transformed each file to wav format since it is an 
audio-visual dataset. The RAVDESS (Livingston and 
Russo, 2018) is a dataset in English that was created 
by 24 actors (12 male and 12 female). This dataset's 
audio-only section has 1440 files. Eight emotions are 
detected in this dataset: happy, sad, disgusted, neutral, 
calm, angry, surprised, and fearful, although seven 
emotions are recognized at high intensity (angry, sad, 
happy, calm, disgust, fearful and surprised). Each 
dataset is partitioned into 80% train, 10% validation, 
and 10% test using stratified sampling to maintain the 
proportion of samples per class. 

We have trained the different models 
simultaneously using the same data. Table 1 and 
Table 2 illustrate the comparison of the result 
produced by our proposed model (Time Distributed 
CNN + Transformer) on the RML and the RAVDESS 
datasets respectively, whereas Table 3 and Table 4 
illustrate the comparison between different 
architectures with the RML and the RAVDESS 
datasets respectively.   

 
 
 

Table 3: Accuracy of different architectures (RML dataset). 

Approach Result 

ViT 65.43% 

CNN+ViT 76.86% 

CNN 79.30% 

Time Distributed CNN + 
ViT 82.41% 

Time Distributed CNN + 
Transformer 83.88% 

Table 4: Accuracy of different architectures (RAVDESS 
dataset). 

Approach Result 

ViT 62.63% 

CNN+ViT 73.51% 

CNN 73.59% 

Time Distributed CNN + 
ViT 82.13% 

Time Distributed CNN + 
Transformer 82.72% 

Table 3 and Table 4 clearly show that the best result 
was obtained by using the Time-Distributed CNN 
along with the Transformer. 
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Table 5: Impact of the data on the system’s accuracy (RML dataset). 

 CNN ViT Time Distributed 
CNN + Transformer 

 
Original dataset 

 
79.30% 65.43% 83.88% 

Classic augmentation 
techniques 

80.21% 65.88% 83.94% 

 SpecAugment 
 

81.11% 57.31% 84.76% 

Table 6: Impact of the data on the system’s accuracy (RAVDESS dataset). 

 
 

CNN ViT Time Distributed 
CNN + Transformer 

 
Original dataset 

 
73.59% 62.63% 82.72% 

Classic augmentation 
techniques 

74.20% 65.37% 83.55% 

 SpecAugment 
 

74.41% 58.12% 84.63% 

 

5 DISCUSSION AND ANALYSIS 

As mentioned earlier, a lot of CNN architectures have 
been considered such as Inception, ResNet, VGG-19. 
We first trained each of the models from scratch but 
the results were not auspicious. This can be explained 
by the fact that such deep architectures require a huge 
amount of data (Slimi et al., 2020). The Transfer 
learning technique is one of the solutions that should 
be considered when there is no much data to work 
with. It has been used in previous SER systems 
(Mustaqeem et al., 2020; Roopa et al., 2018) but 
failed to attain good results, as in our work. So, finally 
we have decided to use less deep CNN and train it 
from scratch. After considering different 
architectures, best results were obtained using a 
model that is composed of three convolutional layers 
where each one of them is succeeded by a Max-
pooling layer, followed by two Dense layers and a 
softmax activation function to perform classification. 
However, the accuracy of various algorithms varies 
depending on the quantity of data available (Table 5 
and Table 6). This is because, in fact, deep learning 
models need a large amount of data to be adequately 
trained, otherwise they would not be able to attain 
high levels of accuracy. 

CNN employs pixel arrays, but a Vision 
Transformer divides pictures into visual tokens, 
similar to how word embeddings are represented 
when using transformers to text. The vision 

transformer splits a picture into fixed-size patches, 
embeds each one appropriately, and uses positional 
embedding as an input to the transformer encoder. 
Because there are less inductive biases, Vision 
transformer requires a bigger dataset to be pre-trained 
on. In that case, such models surpass CNNs in terms 
of computing efficiency and accuracy. Although 
Vision Transformers are so robust for image 
classification, the existing datasets for Speech 
Emotion Recognition are relatively small and that can 
explain the reason why using a hybrid architecture 
composed of a Time Distributed CNN with a simple 
transformer, outperforms both the CNN and the 
Vision Transformer. While deep networks cannot 
perform well in the absence of sufficient training data, 
it is possible to increase the effective size of existing 
data through the process of data augmentation, which 
has led to significant improvements in the 
performance of deep networks in many domains. 
Traditional augmentation techniques for speech 
recognition include deforming the audio waveform 
used for training in some way (e.g., by speeding it up 
or slowing it down) and adding background noise to 
the signal. In practice, this has the effect of making 
the dataset appear to be larger because multiple 
augmented versions of a single input are fed into the 
network over the period of training. It also has the 
effect of making the network more robust because it 
is forced to learn relevant features during training. 
Traditional ways of enhancing auditory input, on the 
other hand, incur significant computing costs and, in 
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certain cases, need the collection of new data. A novel 
augmentation approach, SpecAugment, has been 
developed by D. S. Park et al. (2019), which applies 
an augmentation policy directly to the audio 
spectrogram rather than augmenting the input audio 
waveform as is normally done. This strategy is 
straightforward, computationally inexpensive to 
implement, does not need the collection of extra data, 
and yielded superior outcomes when compared to 
typical data augmentation strategies. SpecAugment 
alters the spectrogram by warping it in the time 
direction, masking blocks of consecutive frequency 
channels, and masking blocks of utterances in the 
time direction, among other things. These 
augmentations have been designed to assist the 
network in remaining resilient in the presence of 
time-direction deformations, partial loss of frequency 
information, and partial loss of tiny segments of 
speech from the input. Both Table 5 and Table 6 
clearly demonstrate the influence of the data on the 
accuracy of the models. The more the amount of data 
we have, the higher the accuracy we get. The 
SpecAugment approach, however, has failed with the 
ViT, despite its efficacy. This failure may be 
explained by the fact that ViTs are vulnerable against 
adversarial patches. 

6 CONCLUSION 

Although transformers have shown to be effective 
substitutes for CNNs, there is one significant 
restriction that makes their implementation rather 
difficult: the need for huge datasets. Indeed, CNNs 
can learn even with a tiny quantity of data, owing 
mostly to the existence of inductive biases. Thus, one 
may argue that transformers are more capable of 
learning but also need more data. To maximize the 
benefits of both systems, these two architectures, 
which are based on completely opposite concepts, 
were merged to create something capable of using 
both architectures' strengths. And, although the 
results were pleasant and surpassed current 
approaches, there is still room for improvement. 
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