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Abstract: Individuals with alexithymia suffer from a reduced ability to feel, express, and recognize
emotions; however, the treatments and therapies that are currently in use are often expensive and
inaccessible to some. Moreover, autism spectrum disorder is associated with reduced facial
expression recognition ability. In this project, the aim was to develop AlexiLearn, a free application
that teaches various aspects of emotions to people with these conditions. This application will include
a real-time facial expression recognition (FER) system and other educational features like lessons,
practices, and emotional reflections. The result was an 80.714% accuracy model performing real-time
FER on a mobile device with the use of Google’s ML Kit face detection model. Gamified elements
were added to several other features to increase engagement, like points and upgrades. This paper
also considers possible further research, improvements, and features to address common struggles
of individuals with these mental conditions, including expressing and feeling emotions.
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1. Introduction

A vital part of interpersonal interaction is the use of body language and facial expressions.
Alexithymia is a condition of disrupted emotional awareness that influences an average of 7-10% of
individuals [1,2]. It is also common for individuals with alexithymia to suffer from a reduced ability
to recognize facial expressions and nonverbal emotions [3]. For individuals with alexithymia,
emotional unawareness often leads to difficulties in personal relationships and mental health
challenges, including depression [4]. In addition, studies suggest a reduced facial expression
recognition ability in people with autism spectrum disorder [5]. Although certain therapies, such as
group therapy [6], are available, they are often expensive and inaccessible. Furthermore, there are
few existing technologies that attempt to solve these problems in a holistic manner. Facial expression
recognition systems have proven to be valuable tools in various fields, including software
development and human-computer interactions, education, medicine, security, marketing, robotics,
and games [7]. Emotion recognition and expression programs (EREP) that were conducted on
individuals with alexithymia and schizophrenia have been found to have positive effects on patients
[8]. By combining these, AlexiLearn explores the use of a real-time facial expression recognition
system jointly with an emotional educational application to create an accessible, effective, free, and
interactive tool that may be added to certain alexithymia and autism spectrum disorder therapies.

2. Literature Review

Existing research on facial expression recognition models shows the effectiveness of both deep
and transfer learning [9]. Lightweight and efficient facial expression recognition is essential for this
application, and the MobileNet-V2 model has given positive results for fast, real-time transfer
learning FER systems in previous research [10,11]. Of the many available datasets for facial
expression recognition, the open-source FER-2013 dataset is one of the most commonly used in FER
studies [12]. However, the 28,709 images are unequally distributed in the seven emotions, and there
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are only 436 images of disgust emotions. Therefore, it may be difficult to get a well-performing model
in all emotions only using the raw FER-2013 dataset. There have also been efforts to enhance FER
datasets with the use of preprocessing techniques, including data augmentation [13]. This
preprocessing technique could be used to increase the amount of data that can be provided to the
transfer learning model as well as balance each category. Overall, a combination of these techniques
could yield a model that can both achieve high accuracy and fast recognition rates, making it ideal
for its intended use in AlexiLearn.

3. Methods

3.1. Model Training

Angry (0) Disgust (1) Fear (2)

Happy (3) Neutral (4)

Sad (5) Surprise (6)

Figure 1. Sample data from FER-2013 [14].

The first step to create this app and the FER system was to develop the model using the FER-
2013 dataset. The first step in preparing the data was loading the images and resizing them from their
original 48 x 48 pixel dimensions to 224 x 224 pixels, which matches the MobileNet-V2 model input
format. These images were then randomly augmented with a combination of contrast and horizontal
flip. This was performed on each image to achieve an equal number in each category. At the end of
this process, each category had 9286 images, and the total became 65002.

Figure 2. Example of augmented image [14].
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Table 1. Dataset size before and after data augmentation [14].

Category Original Augmented
Happiness 7215 9286
Neutrality 4965 9286
Sadness 4830 9286

Fear 4097 9286

Anger 3995 9286
Surprise 3171 9286
Disgust 436 9286

Total 28709 65002

The final classification model incorporated custom dense layers (256, 128) and a softmax output
layer with 7 neurons, optimized using the Adam algorithm and trained with sparse categorical cross
entropy loss over 30 epochs. This model was then exported for use in the Android application. The
.tflite file had a size of 9.82 MB, making it suitable for use in the mobile application.

Input frame Grayscale bitmap Detected faces Displayed predictions
(224x224)
iy

Predictions

0: 0.0008 0: 0.0004

1: 0.0021 1: 0.0012
2:0.0023 2:0.0013
3:0.9923 3:0.9941
4:0.0010 4: 0.0005
5: 0.0007 5:0.0017
6: 0.0008 6: 0.0008

Figure 3: Facial detection and expression recognition process
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Figure 4. Training accuracy progression.
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3.2. Camera Implementation

The next step was creating the AlexiLearn Android application and the functioning FER system
using the model that was trained. The proposed app was made in Android Studio using Java, using
the CameraX API for real-time camera processing. The camera APIl's image analysis use case was
used to access every frame from either the front or back camera. Then, the image was preprocessed
to match the required formats for both the face detection and FER models. The colored frame was
converted into a grayscale bitmap of lower resolution to ensure fast face detection using Google’s ML
Kit face detection. The face detection model was set to the fast performance mode, and landmark,
contour, and classification modes were disabled. This model returned the predicted bounding boxes
for each face in the frame, which were used to crop the original image around the faces. The bounding
box sizes were adjusted slightly to match the FER-2013 dataset’s images. Finally, these predictions
were preprocessed one more time by setting the dimensions to 224 x 224 pixels and normalized to
match the previously trained FER model’s requirements. Next, the model was used to predict the
facial expression in each cropped bitmap. These predictions and the bounding boxes were drawn on
a canvas that was overlaid on top of CameraX’s camera preview; therefore, the camera’s preview had
no delay, while the predictions are asynchronously shown on top of it. This ensures a smooth
experience for the user.

3.3. Additional Educational Features

While this feature may be helpful for the improvement of facial expression recognition in
individuals with alexithymia and autism, there are various other aspects of emotional intelligence
that can be addressed in AlexiLearn. In addition, it is important for AlexiLearn to have gamified
aspects in order to enhance the learning experience for users. Studies show the benefits of
gamification on learning, engagement, motivation, etc., including its use for learning social and
emotional skills [15-17]. One method of gamifying AlexiLearn is to let the user earn points for various
tasks in order to buy upgrades, which in turn allow them to earn more points. This cycle can motivate
the user to engage in the educational activities provided in the app.

Another way to gamify the FER system is to let the user practice expressing emotions to earn
points. In the identification screen, the user may choose to play the “minigame,” which prompts them
to express a random emotion of those that the FER model can recognize in 8 seconds. If the model
recognizes that emotion in any frame, the user is awarded 100 points; otherwise, they lose 50 points.
The option to upload an image and receive a prediction was also added to the FER system.

The next educational feature is the Practice section, in which the user may choose a quiz length,
and they are given a set of questions where they are asked to either identify the emotion in an image,
choose an image with a specified emotion, or choose an image that matches another image’s facial
expression. These images, from the AffectNet dataset, are stored in Imagekit and accessed randomly
by their URL. As a user gets more consecutive questions correct, the points they earn increment by
their streak amount. The user’s accuracy is tracked and stored, including the emotion-specific
accuracy. Finally, the user’s accuracy is stored every day, and a streak of the number of successive
days the user completes a practice is stored.

Another important feature is the daily emotional reflection, which prompts the user to
optionally state which of the seven basic emotions they think they feel and why. This information is
also stored. This is intended to assist the user in identifying and expressing their emotions as well as
recognizing trends in the events they are generally caused by.

The statistics screen displays the user’s average accuracy, accuracy per emotion, a graph of daily
accuracy progression, their practice streak, and a calendar containing the user’s daily emotional
reflections. A user may spend the points they gather in the upgrade store, where they can increase
points per question, streak bonus, and insurance for incorrect answers.

The Learn section includes two important features: the emotion descriptions and the lessons.
The descriptions allow the user to view thousands of examples of each facial expression and read
more about them, helping users gain an in-depth understanding of each emotion. This includes a
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description of its facial expression, the sensations felt, behavioral cues in others, real-life examples,
coping strategies, and triggers. One user commented, “Nice feature of describing the situations and
reasons behind the facial expressions,” highlighting the value of these detailed descriptions in
helping users connect with the material on a deeper level. Another user stated that the examples in
the Learn section were “really useful,” emphasizing how the information and content within the
Learn section support effective learning.

The lessons are another useful way to learn about emotions in detail. Firebase was used to store
the lesson data due to its minimal backend requirements. Each emotion has several lessons, each with
multiple pages containing text, images, videos, and questions, which allow the user to explore the
information in an interactive and engaging way.

4. Results

It was found that the models trained with augmented data resulted in much better
generalization and overall accuracy, with especially large improvements in the emotions with less
data.

Rather than only testing the accuracy of the model, the entire system was tested in order to get
a more accurate representation of each part of the system functioning together. It was tested on a
diverse set of 700 non-copyrighted images. The mean accuracy was 80.714%. Happiness was 99%,
surprise was 89%, anger was 83%, fear was 80%, sadness was 77%, neutrality was 70%, and disgust

was 67%.
Table 2. Final tested accuracy of the FER system.

Emotion Accuracy
Happiness 99%
Neutrality 89%
Sadness 83%

Fear 80%
Anger 77%
Surprise 70%
Disgust 67%
Mean 80.714%

The face detection functions well in both well-lit and dark environments, with no significant
delay between frames due to the fast facial expression recognition and face detection models.

5. Conclusion

This project consisted of developing AlexiLearn, an educational Android application tailored for
individuals with alexithymia and autism spectrum disorder, as well as its main feature: a real-time
facial expression recognition system. The transfer learning model was trained using an augmented
FER-2013 dataset and MobileNet-V2 as the base model. It achieved a mean accuracy of 80.714%.
Google’s ML Kit face detection was implemented and allowed the FER model to run efficiently in
real-time on mobile devices in bright and dark lighting conditions. The use of other features allowed
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for a more diverse, in-depth, and entertaining learning experience, addressing various aspects of
emotional intelligence that individuals with these conditions struggle with.

6. Future Work

While AlexiLearn focuses on teaching facial expressions and other key aspects of emotions, it
currently offers limited support for users to explore their emotions in depth. Although the daily
emotional reflection feature attempts to address this, there is significant potential for improvement
through the use of large language models (LLMs). Recent advancements in LLMs have been
substantial, and many high-performing models are now open-source. These models have
demonstrated considerable emotional intelligence, excelling in emotion recognition, interpretation,
and understanding [18]. A potential enhancement to AlexiLearn’s effectiveness and interactivity
could involve integrating an LLM tailored specifically for emotional exploration. More specifically,
users could engage in discussions about significant daily events or sensations, and the LLM could
guide them toward identifying the emotions they experienced and understanding their underlying
causes. This feature could be combined with the user’s daily emotional reflections, enabling the LLM
to gain a detailed understanding of their mood, allowing it to provide more personalized, context-
aware responses.

Another possible improvement to AlexiLearn is in the facial expression recognition system’s
accuracy. While the current 80.714% accuracy is sufficient for most use cases, there are various
techniques, including the use of landmark detection, that could be used to further improve the
system. The accuracy of the model could also be improved by using more data in addition to the
augmented FER-2013 dataset. The combination of datasets would result in a significant increase in
the size of the data and hence a better-performing model.

Lastly, the current model is trained on seven basic emotions; however, with the use of more
datasets, this could be increased, allowing the model to recognize more nuanced emotions and help
users understand the true depth and diversity of emotions.
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