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ABSTRACT 

Autism spectrum disorder (ASD) is a neuropsychological disorder that begins at an early age in people and 

prevails throughout life. It affects the ability to communicate and interact with other people; they do not interpret facial 

emotions (Scared, Disgusted, Happy, Sad, Angry, Surprised, Contempt, and Neutral) like other people, resulting in 

isolation. Emotions help communicate to understand what other people feel. This paper presents a model for the 

recognition of emotions through facial expressions. It makes use of convolutional neural networks based on the VGG-Face 

architecture, trained to recognize faces and predict 8 emotions. The dataset used contains 13,000 images of people around 

the world. The precision obtained from the model was 84%, a value that will help people with ASD to recognize emotions 

so that they can interact in society. 
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1. INTRODUCTION 

ASD is a developmental and neurological 

condition that begins in childhood and is prevalent 

throughout life. It affects how a person behaves, interacts 

with others, communicates, and learns [1]. The 

dissociative pattern in the face of interactions in a social 

environment is the main characteristic of people with 

ASD. During social development, the person is isolated 

and without the ability to interact with other people, much 

of this social isolation is due to the lack of communication 

and understanding of social processes, within these social 

activities that people with ASD are recognition of 

emotions because they lack emotional awareness which 

makes social and communicative interaction with other 

people even more difficult [2]. 

Facial recognition has a wide range of 

applications such as authenticating people and recognizing 

emotions through facial expressions. Currently, there are 

several companies specialized in the recognition of facial 

emotions such as Microsoft's Oxford project [3] is a 

catalog of API (Application Programming Interface) of 

artificial intelligence focused on computer vision, this 

system only works with photos, it is capable of to 

recognize seven central and neutral emotions (anger, 

disgust, fear, joy, sadness, and surprise). The [4] Cloud 

Vision API has the ability to detect faces along with facial 

attributes and emotional states present in an image. 

Also, the [5] Amazon Rekognition API can 

detect, analyze, and compare faces for a wide variety of 

use cases, such as user verification, cataloging, people 

counting, and public safety. It also detects emotions such 

as happiness, sadness, or surprise. Through the use of 

computer vision, a “smart mirror” system was developed 

to identify basic and universal emotions (scared, disgusted, 

happy, sad, angry, surprise, contempt) as their absence. He 

uses face images labeled according to their facial 

expression and neural networks [6]. 

In this context, the project "Intelligent system for 

the recognition of facial emotions: a tool for people with 

autism spectrum disorder" is presented, which seeks to 

help people with a degree of difficulty in interpreting 

emotions so that they can have a normal social interaction. 

The identification of emotions for the understanding of 

what others feel guides to correct behavior and social 

formation [7]. With the cell phone camera, the image is 

captured so that the model developed and implemented in 

the APP interprets the information and presents it to the 

individual with ASD to facilitate communication with 

other members in real-time with an accuracy of 84%. 

 

2. MATERIALS AND METHODS 

 

2.1 Pre-Processing 

The information is extracted from the Person the 

world data set that has 13719 images of different famous 

people in the world, with 8 emotions (Scared, Disgusted, 

Happy, Sad, Angry, Surprised, Contempt and Neutral). 

The images are divided into three groups: training with 

85%, validation with 10% and test with 5% as shown in 

Table-1. 

 

Table-1. Dataset conformation. 
 

Categories Percentage Amount 

Training 85% 11661 

Validation 10% 1371 

Test 5% 687 

 

However, some of the categories of the data set 

contain few images such as: Fear and contempt. The 

Image Data Generator class implemented in the Keras 

library [8] was used to increase the number of training 

images, resizing and highlighting the images. 
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As 50% of the image represents useful 

information, the problem was solved using the Haar 

Feature-based Cascade Classifiers algorithm [9] 

incorporated in the Python Keras pre-prossecing library. 

The images are resized [10] [11], only the face contour is 

captured, and the background is removed as shown in 

equation 1. 

 

H(x, y) = ∑ Ip  (x, y)  −   ∑ In  (x, y)                                (1) 

 

2.2 Feature extraction 

It is done to extract the characteristics of the 

images in vectors that facilitate the classification. Task 

carried out with Convolutional Neural Networks (CNN) 

[12] implemented in Keras, with the Framework that uses 

the Google Tensorflow library as a backend. 

Different feature extractors were designed all 

based on the VGG-Face network [13], due to the 

complexity of designing and training a CNN from scratch, 

this network has been trained to recognize people. 

However, the last layers, such as Fully Connected, were 

modified to extract specialized image descriptors as shown 

in Figure-1 using equation 2. 

 

 
 

Figure-1. VGG-Face architecture 

 

  (2) 

 

 
 

The last 4 layers of the VGG-Face network are 

used, made up of 3 convolutional layers and a max-

pooling with an input of 224 x 224 and an output of 7x7. 

Also, 3 dense layers are added: one flatten, another with 

ReLu activation, and the last Dropout, obtaining an output 

of 1024 parameters using equation 3. 

 

                                                    (3) 

 

 

2.3 Classifier 

Once the characteristics of the images are 

extracted, the behavior of the system is evaluated with the 

Softmax classifier [14] implemented in the Python Keras 

library. The output parameters were classified into the 8 

classes of emotions, with the probability of belonging of 

the images to each class using equation 4. 

 

                                       (4) 

 

Adaptive moment estimation (ADAM) [15], a 

Backpropagation algorithm [16] that improves classifier 

learning, is used as optimizer. The method is easy to 

implement, computationally efficient, has low memory 

requirements, is invariable for diagonal scaling of 

gradients, and suitable for problems that are large in terms 

of data and / or parameters as described in equation 5. 

 

                   (5) 

 

2.4 Evaluation 

The algorithm is evaluated with the confusion 

matrix [17] that is implemented in the Python Keras 

Metrics library. This provides information on where 

classification errors occur and in which classes. 

Accuracy: Refers to how close the result of a 

measurement is to the true value. In statistical terms, the 

accuracy is related to the bias of an estimate. It is also 

known as True Positive. It is represented by the proportion 

between the real positives predicted by the algorithm and 

all the positive cases; it is defined by equation 6. 

 

                                               (6) 

 

3. RESULTS AND DISCUSSIONS 

The model was trained in a paper space cloud 

computing platform in an environment with an Nvidia 

Quadro M4000 graphics card. The testing was carried out 

with 15% of the data. Three simulations were performed 

with network layer values from 1024 to 4096, varying the 

precision percentages from 81% to 84%, as shown in 

Table-2. 

 

Table-2. Descripción de las simulaciones. 
 

Simulation 
Number of layers in 

the network 
Accuracy 

1 1024 81% 

2 2048 82% 

3 4096 84% 

 

The highest precision obtained was 84% with 

4096 layers of the neural network. For this result, two 

models are shown, the loss model Figure-2, from epoch 
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three the deviation is almost constant with the training 

value, obtaining the minimum value in epoch 6. The 

precision model Figure-3 shows that from epoch 2 to 6 the 

deviation between training and observed values tends to be 

almost equal. 

 

 
 

Figure-2. Loss model. 

 

 
 

Figure-3. Precision model 

 

The model was implemented in an APP 

composed of three buttons, one to capture the image, 

another to obtain the type of emotion, and the last one to 

exit. The APP was tested with three people who have 

ASD; all recognized the advantage of having the 

application available in the communication process. No 

further testing was possible due to people's unwillingness. 

 

4. CONCLUSIONS 

The implementation of the model in an APP with 

an accuracy of 84% in the prediction of emotions in 

people with ASD helps make the communication process 

easy, they can recognize eight types of emotions present in 

them, they improve their quality of life when interacting 

with an assertively way between them. 
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