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Abstract. This work proposes an emotional monitoring system called Visual Identification of Recognition of

Emotions (VIRE), based on convolutional neural networks (CNNs) to analyze facial expressions. Using the six basic

emotions proposed by Paul Ekman as a reference, which can be identified from the composition of various facial

muscle states, VIRE aims to assist in the diagnosis of mental health conditions. While emotional expressions are

communicated in various ways, this research focuses primarily on facial expressions due to their expressiveness

resulting from the mobility of facial muscles. The methodology involved collecting data from the FER2013 dataset,

preprocessing the images, hyperparameter tuning, and training three different architectures: AlexNet, DenseNet, and

a custom CNN. The research will classify expressions into basic emotions and evaluate the models’ performance in

terms of accuracy and other metrics. VIRE has demonstrated potential, achieving an accuracy of about 60%, although

improvements are needed for practical application. The ultimate goal is to create a tool that integrates technology and

health, facilitating the identification of emotional states that may indicate mental health issues, thereby contributing

to more accurate and effective diagnoses.
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1 Introduction

Emotional expressions of individuals manifest in various

ways, including variations in tone of voice, body posture, and,

indirectly, in clothing. The ability to recognize these signals

is fundamental, as it can provide significant insights into an

individual’s emotional state; however, most research focuses

on facial expressions [Ekman and Friesen, 1971]. This is due

to the presence of a large number of facial muscles, a result of

the need for chewing, which gives the face a broad capacity

for mobility in various directions. The expression of happy,

for example, is commonly characterized by the elevation of

the zygomatic major muscle, which lifts the area between the

lips and the cheek, resulting in a smile. Additionally, facial

expressions are often used as indicators of emotional states

in mental health research.

Diagnosing mental disorders presents a particularly com-

plex challenge. Unlike other medical conditions that can often

be confirmed through biomarkers or imaging, psychiatric di-

agnoses rely primarily on clinical interpretation of behavioral

and emotional symptoms [Dalgalarrondo, 2019]. This pro-

cess is inherently subjective and can vary across professionals,

especially when supported by diagnostic criteria that may be

limited or culturally sensitive [American Psychiatric Associ-

ation, 2014]. The predominance of interpretative judgment

can result in delayed or inconsistent diagnoses, highlighting

the need for complementary tools that enhance the reliability

and objectivity of the process.

In this context, emotion recognition emerges as a promising

strategy. Emotional expressions are often used as observable

indicators of mental states, and their analysis could support

mental health assessments, especially facial expressions. This

is particularly relevant in depressive disorders, where feel-

ings of sadness and emotional flatness are common and may

manifest through facial cues [Solomon, 2014]. An automated

system capable of identifying these emotional signals can aid

clinicians by offering additional evidence during the diagnos-

tic process.

Artificial Intelligence, especially Convolutional Neural

Networks (CNNs), offers strong potential to support this task.

CNNs are proficient at extracting spatial patterns from visual

data and have achieved remarkable results in facial analysis

tasks [Chollet, 2018]. By recognizing subtle combinations of

facial features, such as muscle movements and expressions,

these networks can provide consistent and scalable insights

into emotional states.

Despite the significant advances achieved by CNN, they

are still subject to factors that can affect their training and in-

terpretative capability [Szegedy et al., 2015]. Models trained

for emotional recognition require a large volume of labeled

data, which may be subject to errors and biases, as this label-

ing is performed by humans [Frenay and Verleysen, 2014].

Moreover, the high demand for data and the computational

complexity of convolutional networks necessitate the use of

high-performance hardware. Finally, understanding the pro-

cesses that lead a neural network to a particular outcome is
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an extremely complex task, especially when it comes to deep

networks. Although CNNs have these peculiarities, they can

become powerful tools if configured properly.

The overall objective of this work is to propose VIRE, a

CNN-based emotion monitoring system capable of analyzing

facial expressions. To achieve this goal, two specific ob-

jectives were defined: (1) to find a model that can classify a

facial capture into one of the following basic emotions: happy,

angry, sad, fearful, disgusted, surprised and neutral; (2) to

analyze the performance of three distinct models (Densenet,

Alexnet, and a custom CNN) in the correct classification of

images, based on their accuracy, loss, and confusion matrix

metrics achieved through hyperparameters suggested by Hy-

peropt. The main contribution of this work is the development

and evaluation of VIRE, an intelligent system for emotion

recognition to support mental health monitoring through fa-

cial expression analysis.

The remainder of this article is organized as follows: Sec-

tion 2 presents related work, exploring the emotion recog-

nition problem. Section 3 describes how the solution was

modeled, while Section 4 presents the results obtained to

validate our methodology. Finally, Section 5 presents the

conclusions of this research and future work.

2 Related Works

The work of Zhang et al. [2020] proposes a multimodal ap-

proach for the recognition of mental disorders, such as bipo-

lar disorder and depression. The developed model combines

acoustic, visual, and textual features through a deep learning

framework, considering the correlation between these differ-

ent modalities. This integration is crucial, as each modality,

when considered in isolation, may not be able to capture the

complexity of the signals associated with mental disorders,

making their identification more difficult. Unlike multimodal

approach that combines acoustic, visual, and textual modal-

ities for mental disorder detection, VIRE focuses solely on

facial expressions in visual data. This image-based strategy

allows for lower complexity and easier deployment in home

environments, such as elderly care and remote monitoring.

The research of Minaee et al. [2021] proposes a framework

for emotion recognition using an attentional CNN. This type

of network is capable of identifying regions within images

that contain crucial information for detecting facial expres-

sions. This attention mechanism allows a network with fewer

than ten layers to perform comparably to deeper networks in

emotion recognition. The tests were conducted on various

datasets, such as FER-2013, CK+, FERG, and JAFFE, and

the results were quite promising. In contrast to Minaee et al.’s

attentional CNN, which focuses on identifying salient regions

of facial images to enhance classification, VIRE employs

standard CNN architectures without attention mechanisms,

prioritizing simplicity and interpretability in its evaluation of

different models.

Transfer learning also stands out as an effective approach in

the context of emotion recognition. The research byAlbraikan

et al. [2022] proposes the IFER-DTFL technique, which first

detects the face and then identifies the corresponding facial

expression. The IFER-DTFL process is structured in three

main stages: face detection, feature extraction, and expression

classification. For face detection, the Mask R-CNN model is

used, allowing for precise face identification. In the feature

extraction phase, the DenseNet121 model, combined with

the Adam optimizer, is used to extract relevant information.

Finally, for facial expression classification, the Weighted

Kernel Extreme Learning Machine (WKELM) model is used.

While the IFER-DTFL technique integrates face detection,

feature extraction with DenseNet, and classification using

WKELM, VIRE adopts a more streamlined pipeline by eval-

uating end-to-end CNN architectures trained directly on the

FER2013 dataset. Moreover, VIRE emphasizes the impact

of hyperparameter tuning and data augmentation on perfor-

mance.

There are works that focus on emotion recognition based on

speech. In Filho et al. [2024], the authors propose the DEEP

architecture (Detection of Voice Emotion in Portuguese Lan-

guage) for emotion recognition, focusing on the specializa-

tion of models to identify emotions with greater precision

and adaptability. The methodology is based on the use of

the sound spectrum to extract acoustic features, including

MFCCs, chromatic features, and prosodic features, from the

VERBO database, which contains recordings of Brazilian

speakers. These features feed specialized CNN, each trained

to recognize a specific emotion. The main limitation of the

work lies in linguistic and cultural variabilities, such as ac-

cents, dialects, and regionalisms, which can alter the sound

patterns used to identify emotions. Moreover, emotions con-

veyed through speech often depend on the semantic content

and context, making the interpretation more ambiguous, as

the same tone of voice can represent different emotions de-

pending on the words spoken. In contrast, facial expressions,

although also culturally influenced, tend to be more universal

and independent of verbal context.

The related works present significant advances but also

notable limitations. Multimodal systems such as Zhang et al.

[2020]’s may yield richer representations but often require

complex and costly data acquisition, limiting practical de-

ployment. Attention-based models like the one proposed

by Minaee et al. [2021] demonstrate that shallower architec-

tures can perform competitively, yet they demand specific

mechanisms for identifying salient regions, which may add

implementation complexity. Transfer learning approaches,

such as IFER-DTFL Albraikan et al. [2022], benefit from

pre-trained models but may face generalization issues when

transferred to domains with limited resources or different

cultural contexts. In contrast, VIRE focuses on developing

and evaluating comparatively simpler CNN architectures and

optimized through systematic hyperparameter tuning, aiming

to balance performance and practical deployment. Although

models like those proposed by Minaee et al. [2021] show

promise, the DenseNet used in our experiments presents cer-

tain limitations, particularly its high computational cost due

to dense feature map concatenations and tendency to over-

fit in deep configurations. These challenges motivate the

exploration of lightweight CNNs with fewer layers and at-

tention mechanisms, which could maintain or even enhance

performance while addressing efficiency and regularization

issues.

The work in Qu et al. [2023] used a CNN with three con-
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volutional layers and one fully connected layer to identify

emotions, using the public FER-2013 dataset. Themain objec-

tive of the study was to explore the CNN’s ability to recognize

patterns, by testing different parameter settings such as the

number of epochs, the optimizer, and the learning rate. This

allowed the authors to better understand how deep networks

work and to analyze their application in a real-world scenario.

The highest accuracy achieved, 60.20%, was obtained with

200 training epochs, the SGD optimizer, and a learning rate

of 0.019.

The research by Oguine et al. [2022] proposed a Deep

Convolutional Neural Network (DCNN) model for real-time

emotional recognition. To optimize performance, the model

followed these steps: high-quality databases were selected,

the facial region was then detected and cropped, and sub-

sequently converted to grayscale. Data augmentation tech-

niques were applied to prevent overfitting, and hyperparame-

ter tuning, such as the number of feature maps and the number

of network layers, was performed, resulting in an accuracy

of 70.04%. Additionally, a Haar Cascade model was used for

real-time facial detection. Although the experiments demon-

strated that the proposed architecture surpassed other state-of-

the-art methods in terms of performance and generalization,

the research still had limitations in predicting the emotions

”disgust” and ”anger,” due to the scarcity of training data.

Another observed challenge was the lower generalization of

real-time predictions, influenced both by the posed nature of

the images used in training and by ambient lighting condi-

tions.

In their paper, Lonkar [2021] proposed an FER (Facial

Emotion Recognition) system that utilized a customized CNN

architecture. To achieve optimal performance, the author

employed several strategies, such as: data augmentation to

increase the diversity of the training set and batch normaliza-

tion to stabilize the learning process. The paper also high-

lighted the use of dropout to prevent overfitting, the applica-

tion of class weights to handle data imbalance in the FER2013

dataset, and experimentation with popular optimizers like

Adam and NAdam. The combination of these techniques

resulted in a 70.10% accuracy for a single network on the

FER2013 dataset.

The study by Attrah [2025] proposed an LSTM model

that used blendshapes extracted from the MediaPipe library

from videos to aid in real-time classification. Unlike previ-

ous approaches that employed classical methods like Haar

Cascade, HOG, or SIFT, the study focused on efficiency and

cost-effectiveness. Due to the complexity of FER2013, the

work applied rigorous preprocessing to remove irrelevant data.

This process included cleaning, indexing, and data augmenta-

tion techniques, such as rotation and horizontal flipping, to

improve the model’s generalization. A notable contribution

of the research was the selection of only 27 of MediaPipe’s

52 blendshapes, which significantly reduced the computa-

tional load without compromising performance. The results

achievedwere a 71% precision and an F1-score of 62%, which

met the FER2013 benchmark.

Table 1. Model Performance Comparison on the FER2013 Dataset

Work Strategy # Epochs Acc

[Qu et al., 2023] CNN + SGD

and Learn-

ingRate 0.019

200 60,20%

[Oguine et al., 2022] CNN + Haar

Cascade

100 70.04%

[Lonkar, 2021] CNN +

DataAug and

Dropout

100 70.10%

[Attrah, 2025] LSTM 5000 71%

This (Best) DenseNet 150 64.43%

3 Methodology

This section presents the Visual Identification of Recognition

of Emotions (VIRE), an e-health solution for identifying emo-

tions through image analysis. To achieve this, it was modeled

based on the analysis of three convolutional neural networks

designed to extract deep visual features from images. Thus,

VIRE leverages the image processing capability of CNNs to

detect subtle nuances in facial expressions that correspond to

specific emotional states.

VIRE operates in a home environment, using cameras to

monitor emotions and recommend care for the elderly, chil-

dren, and individuals who require constant supervision, as

illustrated in Figure 1. The process involves three main steps:

capturing images of faces (Label A), analyzing and identify-

ing emotions using a convolutional neural network (Label B),

and sending important notifications regarding the emotional

state of the individuals being monitored to a caregiver on their

mobile device (Label C).

Figure 1. Overview of the VIRE operation

3.1 Data Collection

The detection of emotions by VIRE relies on identifying pat-

terns in the faces of observed individuals. Some emotions,

such as happiness, anger, sadness, fear, disgust, and surprise,

are universally recognized through the same patterns [Ekman,

2003]. Therefore, this research used the FER2013 (Facial

Expression Recognition 2013) dataset [Dumitru et al., 2013],

which classifies these six basic emotions along with a neutral
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one for model training. This dataset was compiled by Pierre-

Luc Carrier and Aaron Courville from images found on the

internet. It consists of images of faces with dimensions of

48 x 48 pixels, in black and white, separated into the seven

mentioned emotions. Although widely used, the FER2013

dataset presents certain limitations that may influence model

performance. As the images were collected from the internet,

they vary in lighting conditions, angles, and facial occlusion,

which may reduce the quality and consistency of the data.

Moreover, there is limited information about demographic

representation (e.g., age, ethnicity, gender), which can in-

troduce dataset bias and affect generalization, especially in

real-world applications.

During the training phase, 28,709 samples were submitted,

which corresponds to about 80% of the dataset, distributed

across each emotion as shown in Figure 2. For model perfor-

mance evaluation, the 7,178 images previously separated in

FER2013 were used, corresponding to approximately 20% of

the dataset.

Figure 2. Distribution of images among classes

To optimize the performance of the neural network during

training, it is essential that the data is adequately prepared for

input into the network. This involves applying various pre-

processing techniques to the dataset, one of which is normal-

ization. As illustrated in Figure 3, normalization transforms

an image into a floating-point tensor, scaling the values from

0 to 1. In Section A, an image file is decoded into RGB pixel

matrices, and subsequently, in Section B, all values are con-

verted to floating-point format. This transformation is crucial

for allowing the neural network to operate with smaller values,

thereby minimizing the risk of memory overflow and improv-

ing training efficiency. Additionally, this preprocessing step

helps avoid issues during network processing [Gonzalez and

Woods, 2008].

Figure 3. Normalization

To evaluatemodel performance, the followingmetrics were

used: (i) Accuracy: this metric assesses the percentage of

correct predictions relative to the total number of predictions

[Mariano, 2021]; (ii) Confusion Matrix: in cases of class im-

balance, accuracy may yield biased results [Castro and Braga,

2011]. Accuracy was chosen as a baseline metric to provide a

general sense of model performance. However, given that the

FER2013 dataset presents class imbalance (e.g., fewer sam-

ples for “disgust” compared to “happy” or “neutral”), accu-

racy alone may be misleading. For this reason, the confusion

matrix was also adopted to analyze the classification results

per class. This matrix enables the identification of specific

patterns of misclassification, such as systematic confusion

between similar emotions, and highlights how well the model

performs on minority classes, offering a more comprehensive

evaluation.

3.2 Recognition Mechanisms

The first mechanism proposed for analysis in this research is

the CNN shown in Figure 4. The first six layers consist of two

sets of convolutional layers, max pooling, and dropout. These

layers are responsible for identifying small local patterns in

images, such as edges and textures. This is followed by a

Flatten layer, and finally, densely connected layers that will

identify global patterns and return a classification for the

image submitted to the model.

The custom CNN used in this research consists of a total

of 10 layers. It begins with two convolutional layers using

32 and 64 filters, respectively, both with a kernel size of 3×3

and ReLU activation. Each convolutional layer is followed

by a 2×2 max pooling layer and a dropout layer with a rate of

0.25 to reduce overfitting. After the convolutional blocks, the

output is flattened and passed to two fully connected (dense)

layers with 128 and 64 neurons, both also using ReLU activa-

tion. The final output layer uses a softmax activation function

with 7 units to predict the emotion class. The network was

designed to balance representational capacity with simplicity,

and its performance was compared with deeper architectures

such as AlexNet and DenseNet.

The other chosen model is the Densenet network. It is

a convolutional neural network composed of sequences of

convolutional layers, pooling, and ReLU activation functions

[Huang et al., 2017]. However, what distinguishes it from

other convolutional networks is the concept of dense blocks,

Figure 5. A dense block is a set of layers where there is a

direct connection between a layer and all subsequent layers,

thereby mitigating the gradient vanishing problem common

in deep networks.

The DenseNet architecture used in this research, illustrated

in Figure 6, begins with an input layer that accepts black and

white images of 48 x 48 pixels. The first step involves a

convolutional layer that applies a 3 x 3 filter, reducing the

image to 24 x 24 pixels and 64 channels. This is followed

by batch normalization and a ReLU activation, leading to a

pooling layer that decreases the dimensions to 12 x 12 pixels.

After this initial phase, the network employs dense blocks

that repeat normalization, activation, and convolution layers

with 32 filters, increasing the complexity of the representation

to 12 x 12 pixels and 192 channels. A transition layer then

reduces the filters to 96 and the dimensions to 6 x 6 pixels.

This process continues, with new dense layers increasing the

dimensions to 6 x 6 x 224 and subsequently reducing them

to 3 x 3 x 112. Finally, the network concludes with a dense

layer that generates the model’s classification from a vector

of 240 units, resulting from the average pooling.

Alexnet is a CNN architecture that emerged as a proposal
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Figure 4. Custom CNN

Figure 5. A dense block of 5 layers. [Huang et al., 2017]

for the ImageNet Large Scale Visual Recognition Challenge

(ILSVRC) [Krizhevsky et al., 2012]. The competition re-

quired the model to be trained with a database containing

1,000 categories, each with 1,000 samples. Alexnet achieved

significantly superior results compared to its competitors,

establishing a new standard for performance in image classi-

fication tasks.

The structure, shown in Figure 7, consists of several layers

that work together to process images. It begins with five con-

volutional layers that apply different filters to extract features

from the images. The first layer uses 96 filters, followed by a

pooling layer that reduces the dimensions of the image. The

subsequent layers use smaller filters, with a pooling layer

after the last convolutional layer to further simplify the data.

After the convolutional layers, the model includes two

dense layers, each with 4096 neurons and ReLU activation,

which assist in making final decisions. The model concludes

with a classification layer that produces 1000 different outputs,

representing the possible categories of the analyzed images.

Table 2 presents a structural comparison of the architectures.

3.3 Optimization of Hyperparameter Search

While machine learning models have parameters that are it-

eratively adjusted during the training process—such as the

weights of each neuron—machine learning algorithms rely

on hyperparameters [Géron, 2019]. These are defined before

training and remain constant throughout the process. Exam-

ples of hyperparameters include the learning rate, the number

of epochs, and the batch size, each affecting the complex-

ity and efficiency of the model [Bishop, 2016]. The proper

selection of hyperparameters is crucial to avoid overfitting,

ensuring that the model generalizes well to unseen data [Good-

fellow et al., 2016].

This research used Hyperopt, a search framework designed

to optimize hyperparameter configurations from a list of possi-

ble combinations. The algorithm adopts a Bayesian approach,

where, given a model, a score is assigned to each tested hyper-

parameter configuration [Bergstra and Bengio, 2012]. These

configurations and scores are updated iteratively, aiming to

maximize the score based on previous results [Bergstra et al.,

2015].

Thus, the following sets of values were utilized, as summa-

rized in Table 3. The learning rate, batch size, and number

of epochs were adjusted to explore different configurations.

Additionally, various weight initialization algorithms were

considered, including Glorot Uniform, He Normal, and Le-

cun Normal. The Tree-structured Parzen Estimator (TPE)

algorithm was employed as the search method for hyperpa-

rameter optimization, ensuring that the models were refined

for enhanced performance.

4 Results and Discussion

This section presents two evaluation scenarios of the VIRE,

in which the models undergo hyperparameter tuning and an

analysis of the training results for each identified configura-

tion. Through the loss and accuracy metrics obtained from
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Figure 6. Architecture of the implemented Densenet

Table 2. Structural Comparison of the Architectures

Model # Conv Layers # Dense Layers Activation Functions Output Layer

CNN (custom) 2 2 ReLU (hidden), Softmax (output) 7 units (Softmax)

AlexNet 5 2 ReLU 1000 units (Softmax)

DenseNet >20 (via dense blocks) 1 ReLU 7 units (Softmax)

Figure 7. Architecture of Alexnet

Table 3. Hyperparameter Sets Used for Model Optimization

Parameter Values

Learning Rate 0.0001, 0.001, 0.01

Batch Size 8, 16, 32, 64, 128

Epochs 25, 50, 100, 150

Initializer Glorot Uniform, He N., Lecun N.

Search Algorithm TPE

the training and validation sets, the performance of each ar-

chitecture is compared to identify trends, biases, or issues.

In this way, the performance of the VIRE in each evaluated

scenario is highlighted.

4.1 Impact of Results in Scenario I

Hyperopt was run over ten trials, with each iteration involv-

ing the selection of a specific hyperparameter configuration,

training the respective neural network, and evaluating its

performance. This iterative process was repeated until the

predefined number of trials was reached. Figure 8 shows the

loss values observed for each configuration tested, comparing

the three proposed architectures: AlexNet, DenseNet, and

CNN. It is noticeable that DenseNet exhibited higher variabil-

ity and increasing loss values in the later trials, while AlexNet

and CNN showed more consistent and lower results, with

AlexNet displaying the lowest loss values throughout the tri-

als. This behavior can be attributed to the greater complexity

of DenseNet, which may be more sensitive to the selection

of inappropriate hyperparameters. DenseNet’s architecture

includes densely connected layers, where each layer receives

inputs from all previous layers. While this enhances fea-

ture propagation and mitigates vanishing gradients, it also

increases the number of paths through which information

flows. Consequently, small variations in learning rate, batch

size, or weight initialization can lead to unstable training dy-

namics. Furthermore, the increased depth makes the network

more prone to overfitting on limited or noisy data, especially

when hyperparameters are not optimally tuned. These factors

combined contribute to the observed variability across trials.

It is important to highlight that the AlexNet model reached

its lowest loss value in the seventh iteration, while DenseNet

achieved its minimum in the fourth iteration, and the custom

CNN reached the lowest value in the eighth iteration. These

results, listed in Table 4, reflect important differences in the

ideal configurations for each architecture. For instance, while

AlexNet and DenseNet used the Lecun Normal initializer

with quite similar learning rates, the custom CNN used the He
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Figure 8. Performance of each configuration in the hyperparameter search

phase

Normal initializer and had a significantly higher learning rate.

These differences indicate that more complex architectures,

such as DenseNet, may converge more quickly with fewer

epochs but are more sensitive to fine-tuning, whereas models

like the custom CNN may require more training to reach their

best performance due to its initialization configuration and

higher learning rate.

Table 4. Neural Network Model Configurations

Model Learning Rate Batch Epochs Initializer

AlexNet 0.000141436 64 50 Lecun N.

DenseNet 0.000139557 8 25 Lecun N.

CNN 0.000828395 8 50 He N.

4.1.1 Alexnet

The performance of the Alexnet network throughout the train-

ing can be observed in Figure 9. In the loss graph, it is noted

that the value for the training set decreases progressively, in-

dicating that the model fits well to this dataset. In contrast, for

the validation data, it increases, showing that the model was

unable to generalize to new data. This behavior is a strong

indication of overfitting. This hypothesis is reinforced by ob-

serving that, in the accuracy graph, the result for each dataset

maintains a significant discrepancy between them.

Figure 9. Performance of Alexnet in Training I

4.1.2 Densenet

In the DenseNet network, the loss graph presented in Fig-

ure 10 shows that the model adapts well to the training data,

with a continuous reduction in loss until values close to zero.

However, in the validation set, the loss exhibits the opposite

behavior, gradually increasing over the epochs. When ana-

lyzing accuracy, it is observed that, while the model achieves

growing and consistent performance in training, there is a

significant difference compared to validation, with accuracy

stabilizing at a lower level and with greater fluctuation. These

patterns suggest that the network suffers from overfitting, ex-

cessively adapting to the training data and losing its ability to

generalize to unseen data.

Figure 10. Performance of Densenet in Training I.

4.1.3 CNN

The initial observation to be made in the case of the CNN is

that the loss and accuracy values in Figure 11 follow similar

trajectories for both the training and validation sets, which

suggests satisfactory generalization and partially excludes the

possibility of overfitting. However, the low accuracy levels

suggest that the model could be trained for more epochs to

achieve better results.

Figure 11. Performance of CNN in Training I.

Given this possibility, the model was subjected to training

again, this time with 300 epochs. In Figure 12, it is observed

that, between the 40th and the 60th epochs, the loss and accu-

racy values for the training and validation sets start to diverge.

While the model continues to fit the training data, the loss

values for the validation set remain relatively stable, show-

ing no significant improvement. This increasing divergence

indicates that the model is suffering from overfitting before

achieving satisfactory results.

4.1.4 Results

Table 5 presents a summary of the results obtained for each

training, and it is possible to conclude that, even using the

parameters proposed by Hyperopt, all models faced general-

ization issues, resulting in overfitting at some point.

The Alexnet and Densenet networks achieved a loss close

to zero and a training accuracy close to one, indicating a good
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Figure 12. Performance of CNN with 300 epochs in Training I.

Table 5. Training Results in Phase I

Model Train Loss Val Loss Train Acc Val Acc

AlexNet 0.0466 3.1725 0.9846 0.5786

DenseNet 0.2761 2.1306 0.8996 0.5421

CNN 1.2139 1.2749 0.5493 0.5297

CNN 300e 1.0284 1.2782 0.6467 0.5295

fitting capacity over the training data. However, both pre-

sented a very high loss on the validation data, resulting in

low accuracy and consequently unsatisfactory generalization

capability. The CNN, despite initially showing promising re-

sults, when retrained for more epochs, showed little variation

in the indicators and did not present an improvement over

the results obtained with 50 epochs, besides evidencing the

overfitting issue.

4.2 Impact of Results in Scenario II

In this phase, the training was conducted again, but with a

dataset whose images underwent data augmentation transfor-

mations aimed at mitigating overfitting. From the test dataset,

this technique generates new images by varying the existing

ones through rotation, translation, distortion, zoom, and crop-

ping. The applied transformations are listed in Table 6, along

with their respective intensity levels.

Table 6. Hyperparameter Configuration for Data Augmentation

Attribute Value

rotation_range 10%

width_shift_range 10%

height_shift_range 10%

shear_range 10%

zoom_range 10%

horizontal_flip True

fill_mode nearest

In Figure 13, it can be seen that, in this execution, the worst

loss value is significantly lower than that of the previous ex-

ecution. The AlexNet and custom CNN models exhibited

considerable variation throughout the trials, achieving their

best loss values in the second and third iterations, respectively.

In contrast, the DenseNet showed much less variance, attain-

ing the best loss value among the three in the third iteration.

The configurations identified in the re-execution of Hyperopt

are listed in Table 7.

4.2.1 Alexnet

Despite training with the transformed data, Alexnet displayed

poor performance right after the twentieth epoch, similar to

Figure 13. Performance of each configuration in the second hyperparameter

search phase

Table 7. Hyperparameters suggested by Hyperopt in the second

training.

Model Learning Rate Batch Epochs Initializer

AlexNet 0.000248422 8 150 Lecun N.

DenseNet 0.000433757 8 150 He N.

CNN 0.000167163 16 150 Glorot Uni.

the behavior in the previous training. It is noted, in Figure 14,

that the network manages to fit the training data but fails to

generalize, reflecting high loss values in the validation dataset.

The accuracy remained stable and did not substantially exceed

the values from the previous training.

Figure 14. Performance of Alexnet in Training II.

4.2.2 Densenet

Densenet, on the other hand, achieved better results than the

previous ones as observed in Figure 15. The loss remained

relatively stable throughout the epochs, but despite the im-

provement, the validation value did not drop significantly,

highlighting difficulties in generalization. This behavior re-

flected in the validation accuracy, which, although showed

superior performance, was still not much better than Alexnet.

4.2.3 CNN

Observing the graphs in Figure 16, it is noted that the accu-

racy and loss maintained a certain regularity until the end.

This stability, along with the small difference between the

training and validation metrics, reveals that the model man-



Intelligent Emotion Tracking System VIRE: Evaluation of Neural Network

Architectures in Facial Emotion Recognition Silva et al. 2026

Figure 15. Performance of Densenet in Training II.

aged to handle overfitting, unlike the training without data

augmentation.

Figure 16. Performance of CNN in Training II.

4.2.4 Results

Table 8 provides a summary of the results achieved by each

model during this new training phase. It is observed that,

although the validation accuracy did not grow significantly

compared to the previous training, all models benefited from

the use of data augmentation, especially as it helped reducing

the validation loss values. Among all the models, the one

that benefited the most from this method was CNN, which

showed a substantial improvement compared to the initial

training. This improvement indicates that data augmentation

was effective in enhancing CNN’s ability to generalize to new

data, making it more robust and efficient.

Table 8. Training Results in Phase II

Model Train Loss Val Loss Train Acc Val Acc

AlexNet 0.2570 2.1214 0.9115 0.6092

DenseNet 0.4944 1.2913 0.8163 0.6443

CNN 1.2052 1.0547 0.5399 0.6013

When analyzing the performance of the CNN, Figure 17

presents the confusion matrices for the three models. In the

CNN matrix, it is highlighted that no instance of the “dis-

gust” class was correctly classified, likely due to the limited

number of samples for this emotion in the dataset. The “hap-

piness” class also shows high confusion with other emotions.

For instance, 439 instances of “happiness” were incorrectly

classified as “sadness”, which is comparable to the number

of correct classifications for “happiness”. Quantitatively,

AlexNet also exhibited a similar confusion pattern, with ap-

proximately 41.3% of “happiness” instances mislabeled as

“sadness”, while DenseNet misclassified about 36.8% in the

same way. These high rates suggest that the models struggle

to distinguish between these two emotions, which may share

overlapping visual features such as subtle smiles or neutral

expressions. Furthermore, variations in facial expressiveness

among individuals, cultural differences in how emotions are

displayed, and the relatively low resolution of the FER2013

images may contribute to this ambiguity.

Overall, for the model to perform better, the number of

predictions in the main diagonal should be greater compared

to the other cells in the graph. But as the confusion matrix

reveals, even with CNN having the best performance com-

pared to the others, it still struggles to distinguish between

some specific classes.

5 Conclusion

This research presented VIRE, an image analysis system de-

signed for recognizing human emotions and assisting in men-

tal health. The study explored the main concepts in emotion

classification and utilized machine learning, computer vision,

and deep learning techniques to implement the recognition

module, which is based on a convolutional neural network.

To ensure that the core of the system could classify images

satisfactorily, the research proposed training and analyzing

three different architectures: Alexnet, Densenet, and a CNN.

The training was conducted in two complementary phases,

using the FER2013 dataset. Each phase aimed to mitigate

issues identified in the previous phase, following the same

sequence of steps: seeking the best hyperparameters and

training each model with the found values; analyzing the

models based on loss and accuracy metrics for the training

and validation datasets; and finally, concluding the results of

the stage.

Thus, it was possible for all models to recognize emotions,

although with variations in performance among them. All

achieved an accuracy of about 60% and demonstrated a rea-

sonable capacity for generalization to new data. However,

the results indicate that the best of the evaluated models still

faces challenges with false positives and misclassifications,

which may compromise the viability of the proposed system.

Nevertheless, at the end of the training, the CNN showed a

tendency to overcome overfitting over the epochs, maintain-

ing good performance indicators and standing out as the best

candidate to compose the recognition core of VIRE.

In future work, we intend to expand the evaluation to in-

clude newer, more widely adopted architectures, such as

ResNet variants and transformer-based models. Furthermore,

exploring zero-shot classification techniques using models

like CLIP could enable VIRE to recognize emotional expres-

sions even with limited annotated data, increasing the sys-

tem’s flexibility and generalizability. Furthermore, we plan

to explore transfer learning techniques by fine-tuning pre-

trained models on large-scale datasets like ImageNet. This

approach is known to improve performance on facial emotion

recognition tasks and could substantially increase VIRE’s

accuracy and robustness, especially when using deeper and

more complex architectures.
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Figure 17. Confusion Matrix for each model
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