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Abstract: Emotion recognition is attracting the attention of the research community due to its multiple
applications in different fields, such as medicine or autonomous driving. In this paper, we proposed
an automatic emotion recognizer system that consisted of a speech emotion recognizer (SER) and a
facial emotion recognizer (FER). For the SER, we evaluated a pre-trained xlsr-Wav2Vec2.0 transformer
using two transfer-learning techniques: embedding extraction and fine-tuning. The best accuracy
results were achieved when we fine-tuned the whole model by appending a multilayer perceptron
on top of it, confirming that the training was more robust when it did not start from scratch and the
previous knowledge of the network was similar to the task to adapt. Regarding the facial emotion
recognizer, we extracted the Action Units of the videos and compared the performance between
employing static models against sequential models. Results showed that sequential models beat
static models by a narrow difference. Error analysis reported that the visual systems could improve
with a detector of high-emotional load frames, which opened a new line of research to discover new
ways to learn from videos. Finally, combining these two modalities with a late fusion strategy, we
achieved 86.70% accuracy on the RAVDESS dataset on a subject-wise 5-CV evaluation, classifying
eight emotions. Results demonstrated that these modalities carried relevant information to detect
users’ emotional state and their combination allowed to improve the final system performance.

Keywords: audio-visual emotion recognition; human–computer interaction; computational paralin-
guistics; xlsr-Wav2Vec2.0 transformer; transformer; transfer learning; Action Units; RAVDESS; speech
emotion recognition; facial emotion recognition

1. Introduction

Emotions play a crucial role in our life decisions. Comprehending them awakens
interest due to their potential applications since knowing how others feel allows us to
interact and transmit information more effectively. With the help of an emotion recognizer,
other systems could detect loss of trust or changes in emotions by monitoring people’s
conduct. This capability will help specific systems such as Embodied Conversational Agents
(ECAs) [1,2] to react to these events and adapt their decisions to improve conversations by
adjusting their tone or facial expressions to create a better socio-affective user experience [3].

Automobile safety is another important application of facial expression recognition.
Detecting stress, rage, or exhaustion may be decisive in preventing traffic accidents [4]
on intelligent vehicles by allowing cars to make decisions based on the driver’s current
psychological state. Another use for these systems is human–machine interaction in an
assisted living experience for the elderly [5]. An emotion recognizer could monitor the
emotional state of a person to detect anomalies in their behavior. When an anomaly arises,
it could mean that the person requires attention. Additionally, the emotion recognizer could
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be practical in the diagnosis of certain diseases (depressive disorders [6,7], Parkinson [8],
and so on) by the detection of deficits in the expression of certain emotions, accelerating
the diagnosis as well as the patient’s treatment. Emotion recognizers will also be necessary
for the future ‘next revolution’ [9], which will require the creation of social robots. These
robots should know how to recognize people’s emotions and convey and produce their
own emotional state to display closer personal relationships with humans.

Historically, state-of-the-art speech emotion recognition systems (SER) have had low
accuracy and extensive processing costs [10,11]. Currently, some models can work in
real-time and demonstrate high performance in these settings, as exhibited in the work
of Anvarjon et al. [12]. They suggested a lightweight CNN model with plain rectangular
kernels and modified pooling layers, attaining state-of-the-art performance on IEMOCAP
and EMO-DB datasets.

As a continuation of previous proposals, we developed a solution to categorize emo-
tions from two sources of information: speech and facial features. These two modalities are
combined to detect users’ emotional states through independent models connected by a
late fusion strategy.

As a summary, the main contributions of this study were:

• We implemented a speech emotion recognizer using a pre-trained xlsr-Wav2Vec 2.0
model on an English speech-to-text task. We analyzed the performance reached using
two transfer-learning techniques: feature extraction and fine-tuning.

• This work also incorporated visual information, which is a rarely used modality on
RAVDESS (‘The Ryerson Audio-Visual Database of Emotional Speech and Song’) due
to the difficulties associated with working with videos. However, our results showed
it is a valuable source of information that should be explored to improve current
emotion recognizers. We designed a facial emotion recognizer using Action Units as
features and evaluated them on two models: static and sequential.

• To our knowledge, our study is the first that assembles the posteriors of a fine-tuned
audio transformer with the posteriors extracted from the visual information of the
models trained with the Action Units on the RAVDESS dataset.

• We also leveraged our code to allow the replication of our results and the set-up of
our experiments. In this way, we expect to create a common framework to compare
contributions and models’ performance on the RAVDESS dataset. We decided to
continue with the formulation of our previous paper of Luna-Jiménez et al. [13] that
consisted of a subject-wise 5-CV technique based on the eight emotions captured in
the RAVDESS dataset.

The rest of the paper is organized as follows. Section 2 summarizes the related
works on RAVDESS and other datasets. Section 3 describes the RAVDESS dataset and the
methodology. Section 4 describes the experiments in detail, then, Section 5 gathers the
main results obtained. Finally, in Section 6, we discuss the most relevant conclusions of this
study and future investigation lines.

2. Related Work

Emotions represent psychological conditions. Due to their interest and multiple
applications, several disciplines analyze them from different viewpoints such as medicine,
psychology, and computer science [14–16].

Among all the suggested psychological hypotheses, the literature indicates that two
primary theories appear as models for annotating most of the current emotion recognition
datasets [17]: the discrete emotion theory and the core affect/constructionist theory [18].

On the one hand, the discrete emotion theory argues that there are discrete (or basic)
emotions that build the human emotional experience [18]. Ekman’s theory [19] is in
this group; he proposes classifying emotions into six big families: anger, fear, sadness,
enjoyment, disgust, and surprise. Even though each of these emotions has other sub-
emotions detailed, most of the datasets only are labelled in terms of the first level of six
basic emotions, mainly because of its simplicity since it maps emotions into a discrete



Appl. Sci. 2022, 12, 327 3 of 23

space. Some video-based corpus such as RAVDESS [20] or Emo-DB [21] are annotated with
discrete emotions.

On the other hand, the core affect/constructionist theory frames emotions on an n-
dimensional scale. Posner and Rusell proposed: ‘the circumplex model of affect’. In this
model, they suggest that emotions arise as a product of two separate neural systems, one
carrying information about valence (i.e., how pleasant or unpleasant emotions are) and
the other representing arousal (i.e., how intense or soft an emotion is) [22]. Databases like
RECOLA [23], AffectNet [24], or IEMOCAP [25] contain this type of annotation.

2.1. Speech Emotion Recognition

When people engage in spontaneous conversational exchanges, their speech reveals
their emotional state and personality traits in addition to the meaning of the words and
their conveyance [10,26]. Paralanguage refers to the characteristics of the voice signal that
can be utilized to change the meaning of phrases and transmit emotion, either intention-
ally or subconsciously. Schuller and Batliner [11] offered a comprehensive overview of
computational paralinguistics, addressing the primary methods, tools, and techniques
for recognizing affect, emotion, and personality in human speech. Berkeham and Oguz
recently published an extensive review of speech emotion detection models, databases,
features, preprocessing approaches, supporting modalities, and classifiers [27].

According to the reviews of Wani et al. [28] and Berkeham and Oguz [27], we can
distinguish two main ways to perform speech emotion recognition: by using traditional
classifiers or deep-learning classifiers.

For many years, the tendency was to apply feature engineering from low-level descrip-
tors and feed with them a traditional classifier, such as SVM, logistic regression, or decision
tree. These descriptors contained relevant information to categorize emotions. An example
framed within this line of investigation is the work of Ancilin and Milton [29]. They studied
a method to obtain Mel frequency cepstral coefficients calculating the magnitude spectrum,
instead of the energy spectrum, without doing a discrete cosine transform, which generated
their Mel Frequency Magnitude Coefficient.

However, feature engineering required large amounts of time to create and decide
which descriptors were the most suitable for solving a specific task. As an attempt to
reduce the researchers’ efforts, some frameworks emerged to obtain these hand-crafted
features automatically, such as OpenSmile [30] or Praat [31]. Bhavan et al.’s [32] work was
an example of this traditional line of investigation that employed desciptors. They passed
MFCCs and spectral centroids to a bagged ensemble of support vector machines, giving an
overall accuracy of 72.91% for RAVDESS.

Nowadays, most publications employ deep-learning models. These classifiers are
usually neural networks capable of processing these descriptors or the complete audio
records. For example, Singh et al. [33] suggested the use of prosody, spectral-information,
and voice quality, to train a hierarchical DNN classifier, reaching an accuracy of 81.2% on
RAVDESS. Pepino et al. [34] combined eGeMAPS features with the embeddings extracted
from an xlsr-Wav2Vec2.0 to train a CNN model. They achieved an accuracy of 77.5%
by applying a global normalization on this dataset. Issa et al. [35] also proposed a new
method for feature extraction calculating Mel-frequency cepstral coefficients, chromagram,
Mel-scale spectrogram, Tonnetz representation, and spectral contrast features from speech
records. These features are the inputs of a one-dimensional CNN. Their proposal reached
an accuracy of 71.61% for RAVDESS. Other works such as those proposed in [36–38]
also employed CNNs, MLPs, or LSTMs to solve emotion recognition on RAVDESS using
spectrograms or pre-processed features, obtaining accuracies of 80.00%, 96.18%, and 81%,
respectively.

Although RAVDESS is appearing in a growing number of publications, there are not an
standard evaluation criteria yet, making it complex to quantify and compare contributions.
For example, in [37] they achieved 96.18% accuracy using a 10-CV evaluation. Nonetheless,
they did not specify how they distributed users in each fold, making it unclear whether
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the same user participated in the training and test sets or not. Deciding whether the
distribution of users is subject-wise or not is a relevant fact to consider when implementing
an evaluation setup. Non-subject-wise scenarios will always result in higher performance
rates because the training and the test sets have samples of the same user.

Continuing with the publications that exploit deep-learning models, some studies fo-
cus on the benefits of transfer learning to extract embeddings or fine-tune pre-trained mod-
els rather than extracting hand-crafted features [39–41]. DeepSpectrum [42], PANNs [43],
and Hugging Face [44] are libraries that contain pre-trained models on audio, images,
and/or text. Hugging Face is the most extensive library, with a repository dedicated to
working with transformers to solve problems based on aural, visual, or textual modalities.
For this reason, we employed it in this work.

2.2. Facial Emotion Recognition

Although voice is a crucial indicator of a subject’s emotion, other modalities could
enhance the SERs’ performance, as demonstrated by Singh et al. in [33], which incorporated
textual features to supplement the speech emotion recognizer. In our scenario, we included
the visual information of the facial expressions.

Several libraries allow for the detection of facial variations and facial morphology. The
dlib library [45], which estimates position of the landmarks on a face, is an example of
these tools. According to Nguyen et al. [46] and Poulose et al. [47], landmarks encapsulate
meaningful information about a person’s facial expression that helps to solve automatic
emotion recognition.

As an evolution of the facial landmarks, we have the facial action coding system
(FACS) [48]. This system consists of a set of descriptions that refer to the movement of the
facial muscles and are coded in what Ekman et. al. called Action Units (AUs). Due to their
simplicity and power, they have been investigated and utilized in several publications,
such as in the work of Sanchez-Mendoza et al. [49], where they employed 12 AUs to classify
emotions in the Cohn–Kanade (CK) database using a decision-tree; obtaining a recognition
rate of 90%.

In the work of Li et al. [50], they used a first classifier to predict the presence of 14 AUs.
Then, they fed the output of this classifier into an SVM to recognize emotions, reaching an
average recognition rate of 94.07% for females and 90.77% for males on the CK database.
In [51], Senechal et al. compared two systems: the first one consisted of training a classifier
for detecting the presence of AUs, followed by an emotion recognizer; and the second
one involved using only an emotion recognizer classifier. Their results confirmed that the
system based on AUs reached higher scores than the version without including the AUs on
several datasets, when they both receive facial images coded by local gaborbinary pattern
(LGBP) histogram differences. These results reinforced the reliability of AUs for performing
emotion recognition.

In the contribution of Bagheri et al. [52], they extracted 15 pairs of AUs’ descriptors
with the OpenFace library [53]. These descriptors indicated the presence of the AU and its
associated intensity. After generating these features, they trained a stacked auto-encoder
to compact the information and create an intermediate and more compact representation
from the mentioned AUs. Then, they appended a fully connected layer to classify seven
emotions. They reported a 96.5% classification rate at frame level on the RAVDESS dataset.
However, they did not specify certain hyper-parameters and training settings necessary
to replicate their experiments and compare proposals, like the learning rate or the cost
function, among others.

Aside from using hand-crafted or automatically generated features for emotion recog-
nition, several deep models that work directly with facial images can also be found in the
literature. One of these models is EmotionalDAN [54], a CNN-based model that addresses
emotion, valence, and landmark recognition all at once. Deep-emotion model [55] is an-
other example of this. Deep-emotion model uses an STN architecture [56] with an attention
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mechanism to address emotion recognition. Finally, the work of H. Kim et al. [57] employs
an Xception model to perform facial emotion recognition.

Since our target was to estimate emotion in videos rather than in frames (or images),
we evaluated two strategies to give a final prediction on the whole video:

The first proposal collapsed the sequence of AUs generated in each timestep into a
single vector that was the average of all the temporal steps. These new features fed three
distinct static models: an SVM, a k-NN, and an MLP.

The second proposal employed a sequential model, i.e., a bi-LSTM with an attention
mechanism to extract the video verdict from the sequence of AUs retrieved from each frame
of the video.

2.3. Multimodal Emotion Recognition

According to the review of Huang et al. [58], there are three basic ways for merging
modalities: early fusion, joint fusion, and late fusion.

Early fusion consists of combining features or modalities extracted from various
pre-trained models. Before training a final model, these attributes are grouped into a
single vector.

Huang et al. [58] define joint fusion as “the process of joining learned feature repre-
sentations from intermediate layers of neural networks with features from other modalities
as input to a final model. The key difference, compared to early fusion, is that the loss is
propagated back to the feature extracting neural networks during training, thus creating
better feature representations for each training iteration”.

Late fusion, on the other hand, consists of two stages: a first stage in which as many
models as modalities are trained and a second stage in which a final model receives the
joined posteriors derived in the first stage to perform the definitive classification. The line
between these procedures can be blurry at times since fusion tactics can occur at any time
during the training [59].

Early fusion has the advantage of detecting feature correlations to eliminate redun-
dant information and learn the interaction between distinct modalities. However, because
of the varying sampling rates, it may have synchronization issues when aligning data
from many modalities, as well as difficulties when the combined embeddings are high
dimensional [60,61]. This method includes some works, such as the one proposed by
Deng et al. [62]. They collected representative features, from the T5 transformer textual
model and VGG, YAMNET, and TRILL aural models; then, these embeddings were con-
catenated and introduced into a co-attention transformer model, which enhanced the most
relevant slots of each embedding to produce a fused representation, which was then used
to train a final classifier. The fusion of these two modalities boosted the accuracy of the
emotion recognizer in two datasets, IEMOCAP and SAVEEE.

As an alternative to an early fusion strategy, there exists a fusion at the decision
level or late fusion. Sun et al. [60] employed features taken from pre-trained models on
previous tasks to train a bi-LSTM model with an attention layer for each of their three used
modalities (audio, video, and text) to recognize arousal and valence. Then, the posteriors of
the bi-LSTM models were integrated by employing a late fusion technique to learn a final
LSTM model.

Due to the simplifications and adequate performance of the late fusion strategy on
similar tasks [60,63], we decided to apply a combination of the posteriors of each trained
model per modality (aural or visual). Later, we fed a multinomial logistic regression with
the generated outputs. This process could also be understood as an ensemble approach:
we assembled the posteriors learned by each model on their own, and then we trained a
multinomial logistic regression model for solving a single task, emotion recognition.
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3. Methodology

Our framework is composed of two systems: the speech emotion recognizer and the
facial emotion recognizer. We combined the results of these two systems with a late fusion
strategy, as we can see in the diagram of Figure 1.

In this section, we will present the used dataset and go into the details of each system
and the strategies applied.

Figure 1. Block diagram of the implemented systems. The figure represents the analyzed models
from the existent family of sequential models, static models, and transformers.

3.1. The Dataset and Evaluation

In our analysis, we have used RAVDESS [20]. This dataset includes 7356 recordings
with acted-emotional content. The archives are distributed equally into three types of
content (full AV, video-only, and audio-only) and two vocal channels (speech and song).

Except for the neutral emotion, which includes only regular intensity, the rest of the
expressions are produced at two levels of emotional arousal: regular and strong. Each file
contains a single actor representing one of the eight following emotions: calm, neutral,
happy, sad, angry, fearful, surprised, and disgusted.

We only used the full AV material and the speech channel for our experiments because
we were interested in audio-visual emotion recognition on speech rather than songs. This
selection limited the number of files to 1440 videos with a maximum and minimum
duration of 5.31 and 2.99 s, respectively. The corpus has 24 actors distributed in a gender-
balanced way, who speak lexically-matched statements in a neutral North American accent.
This setup is suitable to study the para-linguistics associated with emotions, isolating the
lexical and reducing the bias in emotional expressions that culture may induce. Among its
advantages, it also has a proportional number of files per emotion, which avoids problems
derived from training algorithms with non-balanced data. Additionally, RAVDEESS is a
reference dataset in the research community, employed in several works [33,64,65].

Despite its simplifications, this dataset poses significant hurdles for emotion identifica-
tion, even for humans. The human accuracy rate achieved utilizing only speech stimuli
was of 67%, whereas when using visual information, this rate just increased until the 75%.

To evaluate and compare our results, we used a subject-wise 5-fold cross-validation
strategy. The folds were randomly and stratified divided per classes and users, i.e., each
fold had a similar number of samples per class randomly selected, but we always kept each
actor in either the train or validation sets, never in both.
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The distribution per actor for the validation folds was as follows:

• Fold 0: (2, 5, 14, 15, 16);
• Fold 1: (3, 6, 7, 13, 18);
• Fold 2: (10, 11, 12, 19, 20);
• Fold 3: (8, 17, 21, 23, 24);
• Fold 4: (1, 4, 9, 22).

We proposed this setup following the work of Issa et al. [35], who applied a similar
subject-wise cross-validation methodology using the eight classes of the dataset. This
evaluation procedure allowed us to compare our contribution to this previous work and
with our prior solutions in [13].

Regarding the metrics, we compared our implementations with the average accuracy
achieved by the cross-validation strategy at the video level. We also included a confidence
interval to compare scenarios and evaluate the significance of our methods. Additionally,
we calculated precision and recall per emotion for the best model.

3.2. Speech Emotion Recognizer

Training a deep neural network from scratch for emotion recognition requires a large
amount of data to learn how to decide between several classes. Transfer learning techniques
can alleviate this load by customizing pre-trained models. For this reason, we compared
two different transfer-learning solutions: feature extraction and fine-tuning.

In this section, we will describe the implementation of these two techniques in the
context of speech emotion recognition.

3.2.1. Feature Extraction

For the SER model, we used a pre-trained xlsr-Wav2Vec2.0 [66] model. This model
had the original architecture of a Wav2Vec2.0 transformer [67]. Unlike Wav2Vec2.0, the
xlsr version was trained in 53 distinct languages, reaching state-of-the-art performance in
speech-to-text. Further, xlsr-Wav2Vec2.0 was a transformer trained in a self-supervised
way from millions of raw audio data. After its pre-training on unlabelled data, the model
was fine-tuned on labeled data to adapt it to downstream speech recognition tasks of
different nature.

As Baevski et al. described in [67], this model consists of three distinct parts (which
also appear in Figure 2): the feature encoder, the transformer, and the quantization module.

Firstly, the feature encoder contains several convolutional layers that receive the raw
audio X and outputs a latent speech representation Z of each timestep of the recording.

Secondly, the transformer module receives the latent speech representations Z and
creates the context representations C. This context representation is generated after
passing through the 24 transformer blocks and 16 attention heads that conform to the
transformer module.

Finally, the quantization module maps the output of the feature encoder Z into a
discrete space using a product quantization that generates the compact vector Q.

For our experiments, we employed the LARGE version of xlsr-Wav2Vec2.0, fine-tuned
on the English set of the Common Voice dataset [68] and available in the following Hugging
Face repository: https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-53-english
(accessed on 26 December 2021).

For the feature extraction strategy, we re-used the pre-trained network to obtain a latent
speech representation of each recording. First, we subsampled the audios to 16 kHz and
converted them into mono-channels using the FFmpeg tool [69]. Internally, the framework
divided the audio into windows of 25 ms with an overlap of 15 ms and a stride of 20 ms.
When the transformer generated the sequences of 512-dimensional embeddings from the
convolutional feature encoder, we calculated the average of these embeddings along its
temporal dimension. With the averaged 512-dimensional representation of each recording,
we trained several static speech emotion recognizers employing the sklearn library [70].
Among the compared models, we used a support vector machine (SVM) with an ‘RBF’

https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-53-english
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kernel, a k-Nearest Neighbours (kNN) with a majority voting to select the class, and a
multilayer perceptron (MLP) with one or two layers of 80 neurons each and an output
eight-neurons layer.

In this way, we re-used the original features of the speech-to-text task to solve speech
emotion recognition, transferring the learned knowledge contained on the embeddings to
the new models.

Figure 2. Proposed pipelines for speech emotion recognition.

3.2.2. Fine-Tuning

As an alternative to the embeddings extraction and to re-use the previous networks’
expertise, we also fine-tuned the pre-trained xlsr-Wav2Vec2.0. By fine-tuning a base pre-
trained model, we unfroze a few of its top layers and jointly trained both the newly-added
classifier layers and the last layers of the base model. This technique allowed us to ’fine-
tune’ the higher-order feature representations in the base model, to adapt them to the
new specific task, maintaining the knowledge acquired from the training on millions of
data samples.

In our case, the new task to solve was speech emotion recognition. To adapt the xlsr-
Wav2Vec2.0 architecture, we introduced a global average pooling on top of the output of the
transformer module. This layer collapsed all the timesteps of the context representation C
into a single 1024-dimensional vector. These averaged embeddings were passed to an MLP
of two layers with 1024 and eight neurons, respectively, stacked on top of the pooling layer.

During the fine-tuning process, all the layers were adjusted except for the convolu-
tional layers of the feature encoder. The layers of this module stayed frozen because they
contained embedded knowledge from a large amount of data and were robust enough for
being used without adaptation.

In Figure 2, we show a diagram that clarifies the feature extractor and the fine-tuning
strategies. Under the square of ‘LARGE xlsr-Wav2Vec2.0’, we can see in green the default
layers that the model had. From the output of the feature encoder stage, we extracted
the embeddings that we fed to the static models (SVM, k-NN, and MLP). Regarding the
fine-tuning version, the pink lines indicate the layers we re-trained with RAVDESS. Inside
the blue box, we can also identify the added layers on top of the transformer for performing
emotion classification.
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3.3. Facial Emotion Recognizer

To address facial emotion recognition, we used Action Units (AUs) as inputs. Action
Units are the basic units of the facial action coding system (FACS), which taxonomizes
human facial movements by their appearance on the face. Hence, each Action Unit encodes
a specific facial movement, usually associated with a modification of a facial expression
due to the changes in people’s psychological state.

To solve video emotion recognition from the Action Units, we compared the perfor-
mance of static against sequential models. In this section, we will illustrate the characteris-
tics of each method.

3.3.1. AUs Extraction

Among all the available resources to extract Action Units from the frames of the
videos, we used the OpenFace toolkit [53]. This API delivers the presence and intensity of
18 different Action Units (see Appendix A). The presence of an AU is binary-encoded as 1
if the AU is displayed, or 0 otherwise. In contrast, the intensity is a continuous variable
ranging from 0 to 5. Both predictions are derived from two independent networks that
followed the same pre-processing stage; firstly, faces were aligned to compute geometrical
and appearance-based features; second, the features fed two disconnected SVM models
that return existence of the AUs and its arousal in each frame, respectively [71]. By default,
the features at the video level were normalized under the assumption that many frames
represented a neutral emotion. In our work, we also applied this default configuration.

In Figure 3, we present two instances of the intensity-AUs generated by the tool for
two different videos. The first actor displayed an angry emotion, and the second showed a
happy expression. In the angry sample, the AU4 (‘Brow Lowerer’ FACS’ name) and AU7
(‘Lid Tightener’ FACS’ name) reach high-intensity values during most of the video because
these AUs are associated with the eye movements that reflect anger. For the happy sample,
the AU12 (‘Lip Corner Puller’ FACS’ name) shows the maximum values for many frames
since it is associated with a ‘smile mouth movement’ that correlates with an expression of
happiness. Unlike the sample of anger, the AU4 and AU7 report lower intensities in the
plot of happiness.

(a) (b)

Figure 3. Plots of the 18 AUs generated by the OpenFace library [71] for the intensity version ranging
from 0 to 5 of two videos of the RAVDESS dataset. (a) AUs’ intensities for an angry sample; (b) AUs’
intensities for a happy sample.

3.3.2. Static vs. Sequential Models

Once we obtained the AUs of each video frame, we needed to accomplish a pre-
processing step to adapt the input format to the specific model, whether static or sequential.

To evaluate the static models, we computed the average vector of the sequence of AUs
extracted from each video, collapsing all the temporal steps into a single softened vector.

In this stage, we tested two strategies, applying a normalization of the AUs in the
range of 0–1 for each column, or not employing any normalization.

After adapting the AUs to the static problem, we introduced the samples into different
models: an SVC, a k-NN classifier, and an MLP.
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This approach, adopted as our baseline, had two main benefits: the first one was
its simplicity, and the second one was ‘the average effect’. To illustrate this, suppose
that a video has a deviation on several frames from a prototype emotion because the
person on it has closed their eyes. Thanks to the average pooling, these frames would not
severely influence the final recognition, as long as all the other frames encapsulated the
correct emotion.

Nevertheless, this method has also an evident drawback: sequential data may exhibit a
natural temporal ordering. However, this heuristic aggregation of individual frame-level fea-
tures ignores temporal order, which in turn may result in a sub-optimal discriminative capability.

As an alternative to the static models, we have adopted a sequential model, which is
usually effective, especially for sequential data, assuming that there is relevant information
in the order of the frames.

As a sequential model, we employed an RNN. This RNN used a long short-term
memory (LSTM) network. This model can process its inputs sequentially, performing the
same operation, ht = fW(

−−→
AUt, ht−1), on each of the distinct timesteps that conform to our

input series, where ht is the hidden state, t the time step, and W the weights of the network.
As input to this model, we introduced the sequence of AUs produced per frame of

the video (
−−→
AU1,

−−→
AU2, . . . ,

−−→
AUN), to exploit the temporal patterns enclosed in the AUs and

make a final prediction at the video level.
Regarding the architecture of the sequential model, it consisted of several bidirectional-

LSTM layers with a deep self-attention mechanism, similar to the proposed in [72]. In
Figure 4, we show a picture of the structure of the employed Bi-LSTM.

Figure 4. Bidirectional-LSTM with attention mechanism for emotion recognition using sequences of
Action Units at the input. Modified version from source [73].

The Bi-LSTM layer works in a bidirectional way, which allowed us to collect the
sequential information in both directions of the hidden states h1, h2 . . . , hN of the LSTMs.

In particular, our Bi-LSTM consisted of two LSTMs: forward
−−−→
LSTM, which permitted

the analysis of the frames from
−−→
AU1 to

−−→
AUN , and an inverse or backward

←−−−
LSTM, which

permitted a similar analysis to be carried out but in the opposite direction, from
−−→
AUN

to
−−→
AU1.
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To obtain the emotional tag from the Bi-LSTM layers, we concatenated the embeddings
of the outputs of each specific direction (see Equation (1) in which || corresponds to the
concatenation operator and L to the size of each LSTM).

hi =
−→
hi ||
←−
hi , where hi ∈ R2L (1)

The main task of the attention layer was to distinguish the most relevant AUs associ-
ated with a specific frame when determining the emotion portrayed in the whole video.
The actual contribution of each embedding was estimated through a multilayer perceptron
(MLP) with a non-linear activation function (tanh), as the proposed in [74].

The attention function g was a probability distribution applied on the hidden states
hi that allowed us to obtain the attention weights ai that each embedding (or frame of
the video) receives. At the output of the attention layer, the model calculated the linear
combination of the LSTM outputs hi with the weights ai.

Finally, r was used as a feature vector that fed a final task-specific layer for emotion
recognition. In particular, we used a fully connected layer of eight neurons, followed by a
softmax activation, which returned the probability distribution over the classes.

3.4. Multimodal Recognizer

We applied a late fusion strategy to combine the learned knowledge from both modal-
ities. To begin with, we extracted the posteriors from the last fully-connected layer of the
models, which in our case consisted of an eight-dimensional vector per model. Next, we
concatenated these embeddings from each modality. At the end, we trained a multinomial
logistic regression with the sklearn library’s default parameters.

As we did in the static models, we also applied a normalization in the range of
0–1 on the joined posteriors. This normalization gave better results compared to the
version without it. Likely this is because the normalization equalizes the contribution of
each model.

4. Experiments

In this section, we will tackle the training parameters (batch size, epochs, optimiz-
ers, learning rate. . . ). Furthermore, we will explain the main differences of the tested
architectures on each modality.

We will follow the same structure that we established in the rest of the paper. First,
we will examine the settings for the two TL strategies applied on the speech emotion
recognizer: feature extraction and fine-tuning. Then, we will move to the facial emotion
recognizer and describe the specifications of the static and sequential models.

4.1. Speech Emotion Recognizer Setup

As we commented in Section 3.2, for the feature extraction, we extracted 512-dimensional
embeddings from the last layer of the feature encoder of the xlsr-Wav2Vec2.0 network. After
that, we calculated the average of these embeddings and compared the performance of three
algorithms: SVC with ‘RBF’ kernel, k-NN, and MLP. For the SVM, we varied the regularization
parameter between 1, 10, and 100. For the k-NN, we modified the number of neighbors to
10, 20, 30, and 40. Finally, for the MLP we tested architectures with one or two layers, always
with 80 neurons each, except for the last output layer that always had eight neurons. The rest
of the parameters took the default values set in the sklearn library.

Concerning the training configuration and hyper-parameters for the Fine-Tuning
experiments, we selected a batch size of 100 samples, adequate to the capacity of our GPU;
and a maximum number of training epochs of 10, since higher values showed an increment
in the overfitting of the model and did not improve the validation metrics.

As we were solving a classification task, we utilized the cross-entropy loss imple-
mented in the Hugging Face library [44]. To optimize this objective function, we employed
the default optimizer of the library, AdamW, with a learning rate of 0.001, betas with values
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0.9 and 0.999, and epsilon of 1× 10−6, fine-tuning the previous weights learned from the
English set of CommonVoice dataset.

Notice that the xlsr-Wav2Vec2.0 model was adapted to include an MLP on top of
the transformer module and an average pooling layer. The average pooling compacted
the timesteps at the output for having a single vector of 1024 dimensions per recording.
This vector passed to an MLP with a hidden layer of 1024 neurons, activated with a tanh
function and an output layer of eight neurons that returned the final probabilities of each
class thanks to its softmax activation.

4.1.1. Facial Emotion Recognizer Setup

Continuing with the visual experiments, we compared the performance reached using
the AUs extracted from OpenFace on the static and sequential models.

Regarding the static models, we also tested an SVC, k-NN, and MLP from the sklearn
library, changing their hyper-parameters, similar to the ones used for the feature extraction
version on the speech emotion recognizer.

For the sequential model, we created a bi-LSTM of two layers with 50 neurons. The
bi-LSTM also contained an attention mechanism with two layers. The whole model was
implemented in Pytorch [75]. We trained the model for 300 epochs, as maximum, in batches
of 64 samples. To avoid overfitting, we also implemented an early-stopping strategy to
finish the training when the F1 score of the validation set did not improve in 30 epochs.

4.1.2. Multimodal Emotion Recognizer Setup

For the late fusion models, we employed a multinomial logistic regression algorithm
implemented using the sklearn library [70]. We set the regularization parameter (C) to 1.
The rest of the parameters maintained their default values.

5. Results

Through this section, we will present the main outcomes obtained from the exper-
iments on speech and facial modalities. We will also include an error analysis and a
comparison of our systems with previous publications on the same dataset.

5.1. Speech Emotion Recognition Results

The results of Table 1 summarize the performance of the speech emotion recognition
models tested. For the feature extraction strategy using the 512-dimensional representation
obtained from the feature encoder of the xlsr-Wav2Vec2.0, we reached the maximum
accuracy when we passed them to the MLP of one layer. This model outperformed all the
k-NNs tested in a statistically significant manner. Additionally, the MLP reached a higher
average accuracy than the SVCs.

Although the embeddings extracted from the feature encoder improved the accuracy
of the ZeroR, demonstrating there was relevant information embedded in these represen-
tations, the Fine-Tuning strategy beat all the feature extraction-based methods. This fact
demonstrated the plasticity of the xlsr-Wav2Vec2.0 transformer to adapt its weights with
new information. The fine-tuning version surpassed the top MLP in 25.29% points. This
rise also suggests that our dataset has enough size to let the networks learn effectively from
the recordings. Furthermore, the pre-trained weights contained consistent and compatible
knowledge to solve the speech emotion recognition task.

To understand the errors of the top solution, we extracted the confusion matrix from
the predictions of the fine-tuned xlsr-Wav2Vec2.0 that reached an accuracy of 81.82%. The
confusion matrix displayed in Figure 5 is the rounded average value of the errors and
the predictions obtained in the 5-CV. For this reason, this matrix has 288 samples in total
(1440/5).
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Table 1. Quantitative evaluation of the different strategies on speech emotion recognition. In bold,
the best models per TL strategy.

TL Strategy Inputs Models Hyper-
Parameters

Accuracy ±
95% CI

- - Human
perception

- 67.00

- - ZeroR - 13.33 ± 1.76

Feature
Extraction

(Static)

Average
xlsr-Wav2Vec2.0

embs. from
feature encoder

SVC
C = 1.0 50.13 ± 2.58

C = 10.0 53.12 ± 2.58

C = 100.0 53.10 ± 2.58

kNN

k = 10 36.07 ± 2.48

k = 20 37.90 ± 2.51

k = 30 38.65 ± 2.51

k = 40 38.47 ± 2.51

MLP 1 layer (80) 56.53 ± 2.56

2 layers (80,80) 55.82 ± 2.56

Fine
Tuning

(Sequential)
Raw audio

xlsr-Wav2Vec2.0
+ MLP

MLP 2 layers
(1024,8) 81.82 ± 1.99

Figure 5. Average confusion matrix of the fine-tuned xlsr-Wav2Vec2.0 experiment with an accuracy
of 81.82%.

Figure 5 reveals that the model exhibited good performance for most samples except
for some cases. For example, the ‘Neutral’ and ‘Calm’ classes were sometimes confused due
to the similarities between these two emotions. Likewise, the ‘Sad’ class was occasionally
mistaken with ‘Fearful’, ‘Calm’, or ‘Neutral’. The errors between ‘Sad’ and ‘Fearful’ were
understandable because of the low arousal present in both emotions. On the other hand,
the mistakes between the predictions of ‘Sad’, ‘Neutral’, or ‘Calm’ could come from the
neutral voice chunks at the beginning of some recordings that may have create the false
perception that they belonged to ‘Calm’ or ‘Neutral’ classes.
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As a conclusion from the results of the speech modality, we could confirm that fine-
tuning the pre-trained models on similar tasks helpt to reach higher scores since the dataset
had enough samples to train the model. Additionally, using deeper and pre-trained models
that work with sequences rather than functionals of features made a significant difference
in the accuracy that they achieved.

5.2. Facial Emotion Recognition Results

In Table 2, we can see the results for the facial emotion recognizer. The static mod-
els (SVC, k-NN, and MLP), trained with the average of the AUs, obtained comparable
performances to the sequential model despite the lower computer time consumption and
the reduced complexity of these models. Among the static models, the MLP with a single
layer of 80 neurons achieved the best accuracy, 58.93%. This metric improved when we
normalized the input features between 0 and 1, to 60.22%. These results seems to indicate
that the normalization emphasized the differences in the representation of the AUs for
each emotion and gave more relevance to AU’s binary attributes of presence against the
intensity attributes.

As an alternative to the static models, we also considered using the AUs extracted
from each frame of the videos as individual instances, inheriting the label of their parent
video. However, training the models with all the samples and applying a max. voting
algorithm to predict the video level class, reported inferior values. For this reason, they are
not present in Table 2, but the reader can consult these results in the Appendix B.

Table 2. Quantitative evaluation of the different strategies applied for the facial emotion recognizer.
In bold, the best models per input type.

Inputs Models Hyper-
Parameters

Norm. Accuracy ±
95% CI

- Human perception - - 75.00

- ZeroR - - 13.33 ± 1.76

Average
Action
Units

SVC

C = 0.1
Yes 53.25 ± 2.58

No 48.07 ± 2.58

C = 1.0
Yes 59.93 ± 2.53

No 54.88 ± 2.57

C = 10.0
Yes 55.93 ± 2.56

No 51.65 ± 2.58

kNN

k = 10
Yes 53.10 ± 2.58

No 46.80 ± 2.58

k = 20
Yes 54.30 ± 2.57

No 49.07 ± 2.58

k = 30
Yes 55.18 ± 2.57

No 48.82 ± 2.58

k = 40
Yes 55.40 ± 2.57

No 50.20 ± 2.58

MLP

1 layer (80)
Yes 60.22 ± 2.53

No 58.93 ± 2.54

2 layers (80,80)
Yes 57.77 ± 2.55

No 55.82 ± 2.56

Sequence
of Action Units bi-LSTM

2 bi-LSTM layers (50,50)
+ 2 attention layers No 62.13 ± 2.51
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Concerning the sequential model, we noticed an increment of 3.2 points regarding
the non-normalized top MLP model. This result suggests that there was also relevant
information in the temporal structure of the data. Even though this rate was higher than the
obtained with the static models, it also revealed that there was still room for improvement
on this modality since it still did not surpass human perception accuracy. Moreover, it
opened an attractive research line to understand which frames are the most relevant to
decide when a video belongs to one or another emotion. This understanding could support
generating more precise algorithms for performing emotion recognition on videos.

To analyze the causes of the errors, we plotted the confusion matrix of the bi-LSTM
experiment that reached an accuracy of 62.13%. We display this matrix in Figure 6.

The matrix illustrates that most errors happened between ‘Sad’ and ‘Fearful’, or
between ‘Disgusted’ and ‘Sad’. These results may indicate that the AUs used as features
were not enough to separate these classes due to the similar facial expressions that these
emotions have in common. Another possible explanation is that these expressions do not
follow a temporal pattern that our bi-LSTM can model. Since emotions vary over time,
some frames could be more informative than others, and our sequential model did not
attend them correctly, so far.

One possible solution to this problem could be the creation of a detector of ‘qualified’
frames. For instance, this system could rely on a threshold over the posteriors of an emotion
recognition model trained only with images. This model could act as a filter of the most
relevant samples on a video. This pre-processing stage ideally would detect the most
informative frames that, later, would be used to fine-tune the video-based model. An
alternative may have been to train the model with the whole clip, in an end-to-end way,
using features of a different nature together with the AUs.

Figure 6. Average confusion matrix of the bi-LSTM with 2 layers of 50 neurons and 2 attention layers
trained with the AUs. Accuracy of 62.13%. See Table 2.

5.3. Multimodal Fusion Results

Even though the results achieved by the visual modality were inferior to those reached
by the speech-based system, the late fusion of the posteriors of these models improved both
aural and visual modalities. Combining the aural and visual emotion recognizers allowed
one to achieve an overall accuracy of 86.70%, against the 62.13% of the visual modality and
the 81.82% of the top speech-based strategy.

This accuracy was obtained by a multinomial logistic regression when we combined
and normalized the posteriors of the FT-xlsr-Wav2Vec2.0 model for SER (81.82% of ac-
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curacy), the bi-LSTM with attention mechanism for FER (62.13% of accuracy), and the
Static-MLP of 80 neurons for FER fed with the averaged and normalized AUs (60.22%
of accuracy).

In Figure 7, we compared the static models (SVC, k-NN, and MLP) with the sequential
ones (Wav2Vec and bi-LSTM). We have plotted the performance of the top recognizers for
each modality (aural and visual), besides the results of combining the static and sequential
models. The overall fusion was represented in cyan using the top three models, which had
an accuracy of 86.70%. In Table 3, we added the average precision, recall and accuracy
of the 5-CV to compare the performance of this top algorithm for predicting each type of
emotion.

To study when this fusion strategy failed, we pictured the confusion matrix in Figure 8.
The diagonal of the matrix shows a higher amount of correctly predicted samples regarding
the aural modality. More specifically, the ‘Happy’ class improved its accuracy, which seems
reasonable since the visual modality distinguishes this emotion with high certainty. For
other categories such as ‘Angry’, ‘Fearful’, ‘Disgusted’, or ‘Surprise’, the accuracy was
similar to the one reached by the aural model. ‘Calm’ and ‘Sad’ also reflected a slight
improvement after the fusion, while ‘Neutral’ maintained similar values as in the xlsr-
Wav2Vec2.0 model after fine-tuning it. In summary, we can conclude that the fusion led to
better results in almost all the emotions categorized in our study.

Figure 7. The top average accuracy of the 5-CV obtained for speech and visual modalities with a 95%
confidence interval. In orange, the experiments of the top static models; in blue, the top models with
sequential inputs; and in cyan, the top fusion model.

Table 3. Precision, recall, and accuracy metrics per emotion for the top model that achieves an
accuracy of 86.70%. All the metrics are calculated as an average of the 5-CV strategy.

Neutral Calm Happy Sad Angry Fearful Disgusted Surprised

Precision 88.31 91.45 89.79 71.22 91.78 88.26 93.99 89.50

Recall 82.25 85.63 89.25 81.88 92.37 83.62 88.50 87.87

Accuracy 98.05 96.88 97.05 92.73 97.83 96.20 97.70 96.95
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Figure 8. Average confusion matrix of the top late fusion model that combines the posteriors of the
FT-xlsr-Wav2Vec2.0, the bi-LSTM, and the MLP of 80 neurons. Accuracy of 86.70%. See Figure 7.

5.4. Comparative Results with Previous Works

One of the main drawbacks of comparing the results on RAVDESS was the multiple
set-ups used in the literature. The most reliable and closed evaluation methodology for
comparing our experiments was the publication of Issa et al. [35]. Here, the researchers
developed a speech emotion recognizer and applied a subject-wise 5-CV, obtaining an
accuracy of 71.61%. Other works such as [76] used the last two participants in the validation
and test sets, respectively, reaching an accuracy of 56.71% on the speech modality. With
a variation of this set-up, we also found the work of Pepino et al. [34], which used as
the test set only the last two participants and combined the ‘Calm’ and ’Neutral’ emo-
tions, passing from a problem with eight emotions to a problem with seven different
classes. On these conditions, the top accuracy reached by their model is 77.5%, applying a
global normalization.

With our audio-based model, we achieved an accuracy of 81.82%, improving by 10.21%
the audio-based solution of Issa et al. [35], and by 15.09% if we compare this result to our
best multimodal solution.

Regarding our previous publications, we can see that both methods, the feature
extraction and the fine-tuning of the xlsr-Wav2Vec2.0, surpassed our previous proposals for
the SER using CNNs in [13]. More specifically, for the feature extraction, we have obtained
an improvement of 10.73 points, and for the fine-tuning, an increment of 5.24 with the
current transformer-based approach. Regarding the visual modality, the AUs got a slight
increment in comparison with the embeddings extracted from the STN on [13]. In our
previous work, we reported an accuracy of 57.08%, and now we achieved 62.13%. As both
modalities improved, the late fusion was also 6.62 points higher than in our previous study.

6. Conclusions

Automatic emotion classification is a difficult task. Although similar patterns seem
to exist, there are still many differences between individuals, even when they are ac-
tors of the same nationality and speak the same language variety, as it happens in the
RAVDESS corpus.

In this paper, we proposed a multimodal system for emotion recognition based on
speech and facial data.
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Concerning the speech-based models, we have demonstrated that the fine-tuned
model using a pre-trained transformer outperformed the feature-extraction strategy by
25.29 points. When compared to human perception, our speech model achieved a 14.82 per-
cent point increase, demonstrating the robustness of the proposed procedure for this
modality. Furthermore, our proposal outperformed previously proposed solutions in [35]
by 10.21 percent.

For the visual modality, the results showed that the sequential model achieved the
highest accuracy. The results using the static and sequential models still fall short of the
scores obtained with the SER and human capability. However, from this study, we have
found some issues that will be researched further in the future in order to model the
dynamic nature of emotions. An example of said issues was that we discovered that some
frames in the video appeared to contain more important information than others, and
neither implemented temporal nor static models were capable of capturing this knowledge
from the Action Units.

Despite the lower performance of the visual modality regarding the speech modality,
the fusion of both sources achieved an accuracy of 86.70% in automatic emotion classifica-
tion, improving both single modalities.

In the future, we intend to improve the visual models by modifying the tested architec-
tures or applying other transformer models. In addition, we will investigate how to extract
the most relevant frames that contain a higher emotional load. If we succeed in this study,
we expect to achieve closer performance of our models to human perception. Finally, we
will test these strategies in real-world scenarios too.
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Abbreviations
The following abbreviations are used in this manuscript:

FER facial emotion recognition
SER speech emotion recognition
RAVDESS The Ryerson Audio-Visual Database of Emotional Speech and Song
Bi-LSTM Bi-directional long short-term memory networks
GAN aenerative adversarial networks
embs embeddings
fc fully-connected
SVC support vector machines/classification
k-NN k-Nearest Neighbours
MLP multilayer perceptron
AU Action Unit
FACS facial action coding system
TL transfer-learning
FT fine-tuning
FE feature extraction
CI confidence interval

Appendix A. Generated AUs by the OpenFace Library

In Table A1, we show the 18 Action Units codes that can be extracted using the
OpenFace toolkit [53], associated with the facial movement that they represent, following
the FACS of Ekman in [48].

Table A1. Action Units extracted using the OpenFace library with its associated facial muscle
movements of the facial action coding system.

AU Number FACs Name

1 Inner brow raiser
2 Outer brow raiser
4 Brow lowerer
5 Upper lid raiser
6 Check raiser
7 Lid tightener
9 Nose wrinkler
10 Upper lip raiser
12 Lip corner puller
14 Dimpler
15 Lip corner depressor
17 Chin raiser
20 Lip stretcher
23 Lip tightener
25 Lip part
26 Jaw drop
28 Lip suck
45 Blink

Appendix B. Training with as Many Samples as Frames + Max. Voting

Here, we report the results obtained from using the AUs extracted from each frame of
the 1.440 videos that conform to the dataset. In total, we had 159,222 samples distributed
per fold following the subject-wise 5-CV strategy that we described in Section 4. Each of
the frames or samples inherited the label of the video they belong to. All results in Table A2
are given at video level, after applying a maximum voting algorithm on the posteriors of
each generated output of the trained model on the test sets of each fold.
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Table A2. Quantitative evaluation of the strategies applied for the FER using all the frames as training.
Results reported at video level after applying max. voting.

Inuts Models Hyper-
Parameters Norm Accuracy

Average
Action Units

SVC

C = 0.1 Yes 52.23 ± 2.58

No 54.18 ± 2.57

C = 1 Yes 54.15 ± 2.57

No 53.02 ± 2.58

C = 10 Yes 53.20 ± 2.58

No 52.48 ± 2.58

k-NN

k = 10 Yes 49.78 ± 2.58

No 49.20 ± 2.58

k = 20 Yes 51.12 ± 2.58

No 50.90 ± 2.58

k = 30 Yes 52.57 ± 2.58

No 51.67 ± 2.58

k = 40 Yes 52.35 ± 2.58

No 51.60 ± 2.58

MLP

1 layer (80) Yes 51.08 ± 2.58

No 50.07 ± 2.58

2 layers (80,80) Yes 48.75 ± 2.58

No 49.78 ± 2.58
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