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I NTRODUCTION

M ATERIALS & M ETHODS

Detecting human emotions is crucial in developing cognitive and adaptive behaviors for artificial intelligent systems, robots, and (virtual) agents. Emotion detection is the ability to recognize another’s
affective state, which typically involves the integration and analysis of human expressions through different modalities, like facial expression, speech, body movements, and gestures. Researches showed
55% of human emotions convey through facial expression and 38% through speech, therefore, facial
and speech emotion recognition received significant attention during the last decades. Although finding the type of expressed emotion is essential to adapt to a user’s affective state, it is not enough, and
a difference in intensity has been proven to be important to distinguish different emotional states. For
instance, a polite smile versus an embarrassed smile and posed versus spontaneous smile are separable
by differences in their expression intensities.

The following table shows the number, type, and
order of layers of the proposed architectures. The
parameter settings are as follows: 1D convolution layers with 64 filters and a kernel size of 3
are used. ReLU activation function is applied for
adding non-linearity. Dropout layers are used as
regularizers with a ratio of 0.1. 1D max-pooling
layers with a kernel size of 4 are used to introduce
sparsity in the network parameters. Dense layers
with the activation functions of sigmoid are used.
The number of epochs and batch size are set to 250
and 128. LSTM and BiLSTM layers have five units.

E MOTION I NTENSITY DETECTION

G ENDER D ETECTION

The highest accuracies for emotion intensity detection obtained by Model3 which consists of
CNN, BiLSTM and Attention layers as is shown
in following table. The facial and speech features of six basic emotions expressed in RAVDESS
dataset are used for this task. While using facial
features lead to higher accurcy for males, speech
features led to higher accuracy for females.

Since the obtained accuracies in emotion intensity detection for males and females are noticeably different, in this experiment we investigate
speech and facial features for the task of gender
detection.
Model3 obtained an accuracy of 89.8% for gender
detection using the MFCC and PMC feature sets
of a speech signal, which is the highest obtained
accuracy in comparison with the other models.
A gender detection model should be robust to
various emotions, however, different state-of-theart models considered a different number of emotion classes. For instance, Shaqra et al. [2] considered six emotions and obtained an accuracy
of 98.67%. Although the proposed model could
not beat the state-of-the-art, it is more robust
since considers more emotional states, i.e., eight
classes.
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The proposed model could outperform the stateof-the-art in emotion intensity detection based on
speech features as is shown in the following table.
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In future work, we are going to use the proposed
model in an empathy framework, which consists
of a facial emotion detection model for emotion
type detection. The framework will be used in
a Human-Robotic Interaction scenario, where a
robot adjusts its behaviors and applies empathy
based on users’ emotion type and intensity. The
robot uses the proposed model to detect users’
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D ISCUSSION

C ONCLUSION

The obtained results show using facial features
leads to more accurate emotion intensity detection for males in comparison to females, while using speech features lead to higher accuracy in females’ emotion intensity detection.
Since some of the speech features related to
emotion recognition are related to the subject’s
gender, we hypothesized that females convey
more details about the intensity of their emotions through their speech. To verify this hypothesis, model 3 is applied to both the facial and
speech features of each individual subject, where
the minimum and maximum accuracies for males
are 63.92% and 78.79%, respectively, while the
corresponding values for females are 58.26% and
71.15%. On the other hand, the minimum and
maximum accuracies for emotion intensity detection via speech features for females are 71.49%
and 95.83% while the corresponding values for
males are 59.29% and 85.71%, respectively.

In this study, we designed different deep neural
network-based architectures for emotion intensity and gender detection using facial and speech
features obtained from open-source toolkits.
The RAVDESS dataset was used to evaluate
the proposed architectures because it categorizes
emotions based on their intensity.
The results showed speech features lead to higher
accuracy in emotion intensity detection than facial features, and in the RAVDESS dataset females
convey more details about the intensity of their
emotions through their speech than males, however, in the absence of speech signal, emotion intensity detection is more accurate for males than
females, i.e., males convey more details about the
intensity of their emotions through their face.
Further, we used the proposed model for gender detection using facial and speech features.
The obtained results show that gender detection
is also more accurate for speech than facial features for the RAVDESS dataset and that the proposed model is comparable with the state-of-theart while it is more robust, i.e., handles more emotional states.

emotional intensity and regulate its reactions. As
empathy level differs based on the intensity of the
user’s emotion, if the user’s emotional intensity is
low the robot’s empathic behavior is limited to expressing similar emotions with those that the user
is experiencing (parallel empathy), while if it has
high intensity the robot shows higher levels of empathy (reactive empathy).
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