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Abstract 
Emotion recognition from facial expressions has become essential for applica-
tions such as human-computer collaboration, robot communication, and inter-
active interfaces [1]. This work proposes a real-time recognition system (i.e., the 
system produces a prediction with a latency low enough for smooth interaction, 
typically less than 100 ms per image or greater than 10 frames per second) capa-
ble of classifying three emotions: surprise, neutrality, and joy from facial images. 
The model is based on a convolutional neural network (CNN) optimized by data 
augmentation techniques applied to the FER2013 dataset [2] (Data augmenta-
tion was applied only to the training subset, not before distribution). The CNN 
has three convolutional layers, four fully connected layers, and uses ReLU and 
Softmax functions. The proposed approach achieves a validation accuracy of 
89%, maintains high and balanced recognition rates for each class, and is capable 
of processing slightly distorted faces (i.e., faces with small geometric or photo-
metric variations, such as rotations, translations, scaling changes, or partial ex-
pressions) [3]. These results demonstrate the feasibility of fast, robust emotion 
recognition applicable to real-time interactive scenarios. 
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1. Introduction 

Facial expressions convey a person’s emotions through facial muscle movements 
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and are a reliable indicator of mental state. Facial expression analysis has numer-
ous applications, including lie detection, social robotics, and data-driven anima-
tion [4]. For an intelligent agent or robot to interact effectively with humans, ac-
curate emotion recognition is crucial [5]. Research on facial recognition has 
shown considerable progress, but challenges remain, particularly in maintaining 
a balanced recognition rate (defined as consistent performance across different 
classes, typically measured by averaging recalls per class to prevent a dominant 
class from biasing results) between different emotions [6]. This study focuses on 
three key emotions (surprise, neutral, happy) to optimize real-time recognition, 
simplify the classification problem, and reduce errors related to less represented 
classes [7] [8]. 

The use of CNNs, combined with data augmentation techniques, forms the core 
of this approach [3]. The following sections describe the related work, methodol-
ogy, data collection and preprocessing, augmentation, system implementation, re-
sults, and finally, conclusions and future prospects. 

Previous work 
Facial expression recognition has been the subject of research for several years. 

CNNs have become the dominant approach due to their ability to automatically ex-
tract discriminating features. FER2013 was used to classify seven emotions, achiev-
ing acceptable accuracy. However, some classes, such as “disgust” and “fear”, exhib-
ited very low recognition rates (45% and 41%, respectively) [8]. Recent models com-
bining deep CNNs and residual blocks have improved overall accuracy (85.24%) on 
CK+ and JAFFE, but remain limited by the small number of datasets and the inabil-
ity to handle distorted faces [4]. Data augmentation has proven crucial for improving 
model robustness, as demonstrated by recent work on FER2013 and RAF-DB [5]. 
This work shows that combining an efficient CNN with targeted data augmentation 
allows for robust performance while maintaining a balanced recognition rate for all 
classes [3]. For balanced performance, it is important to supplement overall accuracy 
with class-specific metrics. Specifically, for each of the three emotions, the following 
should be reported: 1) Accuracy (the proportion of correct predictions among those 
assigned to a given class), 2) Recall (the proportion of correctly identified examples 
among all real-life examples of that class), 3) The F1 score (the harmonic mean of 
accuracy and recall, offering a compromise between the two). 

These metrics should be calculated from the confusion matrix, using the stand-
ard formulas: 
• Accuracy = TP/(TP + FP) 
• Recall = TP/(TP + FN) 
• F1 = 2 × (accuracy × recall)/(accuracy + recall) 

2. Methodology 

The developed CNN model comprises (Figure 1 and Table 1): 
• 3 convolutional layers (32, 64, 128 filters, 3 × 3 kernels, ReLU activation), 
• 4 fully connected layers (750, 850, 850, 750 nodes, ReLU activation), 
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• 0.5 dropout after each dense layer, 
• 3-node output layer, Softmax function. 

The input image is 48 × 48-pixel grayscale. Normalization and face prepro-
cessing ensure homogeneous input. Optimization is performed via SGD, with a 
learning rate of 0.01 and a cross-entropy loss function. Callbacks such as Ear-
lyStopping, ReduceLROnPlateau, and ModelCheckpoint were used. 

 

 
Figure 1. The convolutional neural network. 

 
Table 1. System architecture. 

Template contents Details 

First convolution layer 32 filters, 3 × 3 size, ReLU, input size 48 × 48 

First layer of max pooling: size 2 × 2 

Second convolution layer: 64 filters, 3 × 3 size, ReLU 

Second layer of max pooling: size 2 × 2 

Third convolution layer: 128 3 × 3 size filters, ReLU 

Third layer of max pooling: size 2 × 2 

First fully connected layer: 750 knots, ReLU 

Dropout layer: random exclusion of 50% of neurons 

Second fully connected layer: 850 knots, ReLU 

Dropout layer: random exclusion of 50% of neurons 

Third fully connected layer: 850 knots, ReLU 

Dropout layer: random exclusion of 50% of neurons 

Fourth layer fully connected: 750 knots, ReLU 

Dropout layer: random exclusion of 50% of neurons 

Output layer: 3 nodes for 3 classes, SoftMax 

Optimization function: stochastic gradient descent (SGD) 

Learning rate: 0.01 

Callback functions: 
EarlyStopping, ReduceLROnPlateau,  

ModelCheckpoint, TensorBoard 
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3. Data Collection and Preprocessing 

To ensure the robustness and generalizability of the model, we used the FER2013 
dataset, widely recognized in the facial recognition community. This dataset was 
selected for its wide diversity of expressions, angles, and lighting conditions. 

Unlike classic multi-dataset approaches, we chose to focus the model on three 
emotions: surprise (training data: 1171 images; test data: 831 images), neutrality 
(training data: 4965 images; test data: 1233 images) and joy (training data: 7215 
images; test data: 1774 images), in order to simplify the classification task and 
improve real-time accuracy. Examples of images used for training are shown in 
Figure 2. 

 

 
Figure 2. Examples from the dataset. 

 
Preprocessing proceeds as follows: 
1) Face detection and cropping 
Facial registration involves locating the face in each image to eliminate back-

ground noise. Detection was performed using the OpenCV cascade classifier. 
Once detected, the face is cropped to reduce spatial complexity and facilitate CNN 
model training. 

2) Grayscale Conversion 
All images were resized to 48 × 48 pixels and then converted to grayscale (one 

channel) to reduce computational complexity and accelerate network training. 
This conversion simplifies data representation while preserving essential infor-
mation about facial expressions. 

3) Image Normalization 
Pixel values were normalized to range from 0 to 1. Normalization improves 

learning convergence and stabilizes model training by harmonizing image inten-
sity values. 

4) Data Augmentation 
To enhance the CNN’s generalization capabilities and address the limited num-

ber of examples per class, we applied data augmentation using the Keras Im-
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ageDataGenerator API. This technique generates new images from existing ones 
by applying random transformations, including: 1) rotations, 2) horizontal and 
vertical translations, 3) shearing, 4) random zooms, and 5) horizontal flips. 

This augmentation allows for the creation of a richer dataset, reducing overfit-
ting and improving the model’s robustness to variations in pose or lighting con-
ditions, which is crucial for real-time recognition (Figure 3). 

 

 
Figure 3. Data preprocessing. 

4. Experimenting with Data Augmentation 

To improve the robustness and generalizability of the CNN model, we applied 
data augmentation techniques using the Keras ImageDataGenerator API. This 
function generates new images from the existing dataset by applying random 
transformations, such as: 1) Rotation around the image center (±15˚); 2) Shearing 
to simulate pose variations; 3) Random zoom to represent faces that are closer or 
farther away; 4) Horizontal flipping; 5) Horizontal and vertical shifting. 

Before augmentation, the FER2013 dataset used for the three targeted emotions 
comprised 12,040 images, or approximately 4013 images per class (surprise, neu-
tral, happy). Since CNNs are highly data-dependent models, the dataset was en-
riched using the aforementioned transformations. After the increase, the dataset 
grew to 36,120 images, or approximately 12,040 images per class, significantly ex-
panding the variety and coverage of use cases. 

This increased data is particularly important for facial expression recognition 
because it: 

1) Allows the model to better learn the natural variations of faces (pose, light-
ing, orientation). 

2) Reduces the risk of overfitting on the original images. 
3) Improves real-time accuracy and stability, essential for interactive applica-

tions. 
For training, 80% of the images were used for training and 20% for validation. 

To test the model’s robustness under more challenging conditions, a second sce-
nario was tested: 65% of the images for training and 35% for testing (Figure 4). 
This allows us to assess the model’s ability to generalize to a larger dataset not seen 
during training. 

This approach has made it possible to verify that the CNN model optimized for 
three emotions maintains stable performance, even when the proportion of test 
data increases, while maintaining the prediction speed necessary for real-time 
processing. 
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Figure 4. Data augmentation. 

5. System Implementation 

The system was implemented in Python, using the Spyder IDE. The main libraries 
used are TensorFlow, Keras, NumPy, OpenCV, PIL, and Matplotlib. TensorFlow 
handles the neural network execution and manages CPU/GPU-optimized com-
putational operations. Keras provides built-in functions for creating CNN layers, 
activation functions, optimizers, and training management. OpenCV is used for 
image preprocessing, including face detection via the cascade classifier, cropping, 
grayscale conversion, and normalization. ImageDataGenerator (Keras) manages 
data augmentation to enrich the dataset and improve generalization. Matplotlib 
is used to visualize the results, including confusion matrices and performance 
curves. 

It is important to explicitly distinguish the preprocessing applied to the images 
from the FER2013 dataset from that used in the deployed web interface. In the 
case of FER2013, the images are already faces that have been detected, aligned, 
converted to grayscale, and resized to 48 × 48 pixels. Therefore, preprocessing 
during training is generally limited to normalizing the intensities (e.g., scaling pix-
els between 0 and 1); possibly standardization; and applying data augmentation 
techniques (rotations, translations, zooms, etc.). In contrast, in the web interface, 
the input images come from real streams (camera or uploaded images) and re-
quire a more complete pipeline including: 1) face detection via OpenCV (for ex-
ample with a Haar Cascade type classifier), 2) extraction of the region of interest 
(ROI), 3) conversion to greyscale, 4) resizing to 48 × 48 pixels, 5) then normaliza-
tion identical to that used in training. 

To make the system accessible to end users, a web-based graphical user inter-
face (GUI) was developed using HTML, CSS, and JavaScript, and connected to the 
model via a Flask server (Python). The user can select a local image and then click 
“Predict” to display the detected class. When an image is provided: 1) It is resized 
to 48 × 48 pixels to match the CNN input. 2) The OpenCV cascade classifier de-
tects the facial region. The face is cropped to isolate the region of interest and 
remove the background. 3) The image is converted to grayscale, as the model was 
trained on a single channel. 4) Normalization is applied to harmonize the pixel 
values between 0 and 1. 5) The preprocessed image is then sent to the custom 
CNN, which predicts the emotion class from among surprise, neutral, and happy. 
This implementation ensures real-time compatibility, stable prediction for novel 
images, and the ability to be integrated into interactive systems or web applica-
tions. Figure 5 shows several screenshots of the interface, demonstrating the 
model’s ability to accurately detect and classify images from diverse sources. 
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Figure 5. Real-time validation. 

6. Results and Discussion 

The proposed model, a convolutional neural network (CNN) with data augmen-
tation, was evaluated on the FER2013 dataset, limited to the three targeted emo-
tions: surprise, neutral, and happy. Training was performed with a split ratio of 
80% for training and 20% for validation. 

To ensure the reproducibility of the results, it is necessary to specify the main 
hyperparameters and training conditions. In particular, the model is trained with 
a batch size of 15351 images, a stochastic gradient descent (SGD) optimizer with 
a momentum parameter set to m (m = 0.9), and an initial learning rate of η (η = 
0.01), adjusted according to a planning strategy (e.g., a reduction by a factor of γ 
(γ = 0.5) after p epochs without improvement in the validation loss). An early 
stopping mechanism is used with a patience of k (k = 10) epochs (i.e., training is 
stopped if the validation metric does not improve for k consecutive epochs, ac-
cording to a rule based on minimizing loss or maximizing accuracy). The experi-
ments are initialized with a fixed random seed (s = 42) to ensure the reproduci-
bility of the data partitions and weight initialization. Finally, the hardware used 
for training is specified (e.g., CPU or GPU, with the exact model), and the total 
training time or the number of epochs performed is indicated. 

After 50 epochs, the model achieved a validation accuracy of 89%, demonstrat-
ing the effectiveness of the CNN architecture combined with increased data. Ac-
curacy remained high and nearly constant for all three classes, even when images 
exhibited slight geometric distortions (pose or facial tilt). The evolution of accu-
racy over epochs was tracked using TensorBoard (Figure 6), where the x-axis rep-
resents the number of epochs and the y-axis the recognition rate. 

The impact of data augmentation was clearly observed. The augmented model 
reached 89% accuracy in just 50 epochs. The applied transformations (rotation, 
translation, shear, zoom, and flip) introduced relevant variations into the dataset, 
improving the model’s ability to generalize to new images. Dropout (0.5) and early 
stopping mechanisms were used to limit overfitting and ensure stable conver-
gence. 

To test the model’s robustness, a second scenario was evaluated with a 65/35 
split ratio (65% training, 35% testing). In this case, the model achieved 87% accu-
racy, slightly lower than the 80/20 split but still very satisfactory considering the 
larger volume of test data. This demonstrates that the model maintains stable per-
formance even when the number of unseen examples increases, which is crucial 
for real-time applications. 
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Figure 6. Training and validation curve. 

 
Finally, the analysis of the results highlights that the model is able to classify the 

three emotions with a high and balanced recognition rate; process slightly dis-
torted or rotated faces and work effectively on novel images thanks to the combi-
nation of data augmentation, dropout and normalization. 

These results confirm that simplifying the problem (3 classes) and optimizing 
the CNN for real-time use makes it possible to achieve high accuracy, while main-
taining low latency suitable for interactive or embedded systems (See Figure 7 
below). 

 

 
Figure 7. Confusion matrix. 
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7. Conclusion and Future Outlook 

In this research, we developed a real-time facial expression recognition system 
based on a data-augmented, optimized convolutional neural network (CNN). Fo-
cusing on three key emotions—surprise, neutral, and happy—the model achieves 
89% validation accuracy on the FER2013 dataset. The results show that data aug-
mentation, combined with regularization techniques such as dropout and early 
stopping, maintains a high and balanced recognition rate for each class. Further-
more, the model is capable of classifying images with slight geometric distortions, 
making it suitable for interactive, real-time applications. 

Experiments conducted with different data splitting ratios (80/20 and 65/35) 
demonstrate that the model maintains robust performance even as the test data 
volume increases, confirming the stability and generalizability of the proposed 
CNN. These results are consistent with recent observations in the facial recogni-
tion literature and the importance of increasing data for limited datasets. 

Several research avenues can be explored for the future: 1) Extension to more 
emotion classes: While focusing on three emotions has improved accuracy and 
stability, including other emotions such as sadness or fear could enrich the sys-
tem’s applicability, particularly in contexts of emotional monitoring or social in-
teraction. 2) Optimization for real-time video streams: The current implementa-
tion has been validated on static images. Adapting it to video streams with con-
tinuous face detection and tracking would allow for the evaluation of performance 
over time sequences and the handling of emotional transitions. 3) Integration of 
advanced deep network techniques: The use of newer models, such as Residual 
CNNs (ResNet) or Transformers for vision, could improve the system’s ability to 
capture subtle facial features while maintaining real-time performance. 4) Deploy-
ment on embedded and mobile platforms: Simplifying the model and optimizing 
the real-time CNN pave the way for integration on embedded devices, such as social 
robots or mobile applications, where latency and power consumption are critical. 

In conclusion, this work demonstrates that combining a simple yet effective 
CNN, targeted data augmentation, and appropriate preprocessing enables the de-
sign of a robust and fast facial recognition system for interactive applications. This 
approach provides a solid foundation for future extensions to more comprehen-
sive systems and dynamic environments. 
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