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Abstract

Despite significant advancements in FER methodologies, real-time implementation
remains challenging due to intra-class variations such as pose, illumination, age, and skin
color. These variations cause Single Convolutional Neural Network (CNN) architectures
to suffer from high variance, negatively impacting system performance. To address these
challenges, this study introduces a method to mitigate intra-class variations by integrating
multiple CNN architectures and evaluating them on the FER-2013 dataset. The objective is to
develop a Stacked Deep Ensemble Classifier (SDEC) that selects the best-performing models
for ensemble learning, reducing variance and enhancing accuracy. The approach leverages
both stacking and voting ensemble techniques to improve prediction reliability. Four
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high-performing base models were designed and developed for this work. In the stacking
ensemble, the outputs of these base models were combined and processed through a meta-
classifier to generate the final prediction. In the voting ensemble, each model independently
predicted class probabilities, which were then aggregated, with the final class determined
using the argmax function. The proposed models were evaluated on the FER-2013, achieving
a test accuracy of 70.5% for the stacking ensemble and 70.4% for the voting ensemble.

Subject Classification: 68T07, 68T42.

Keywords: Computer vision, CNN, Voting ensemble, Stacking ensemble, Argmax.

1. Introduction

Emotions are most commonly communicated through speech, body
language, hands, eyes, and facial expressions. According to [1] 55% of
emotions are conveyed solely through facial expressions. In a
comprehensive study of facial expression analysis [2-3] six fundamental
universal emotional expressions have been proposed: anger, joy, sadness,
disgust, surprise, and fear. FER has been utilized in the field of HCI [4].
student awareness estimation [5], driver safety [7], and identifying autism
disorder patients [9]. Automatic facial emotion recognition systems [10-
13] demonstrate strong performance on datasets featuring images captured
in controlled environments, but exhibit weaknesses in wild or uncontrolled
settings. Conventional techniques, namely PCA (Principal component
analysis) [6] LBP [11], and Gabor Filters [7], are not performed well to
recognize emotions in an uncontrolled environment due to various
challenges in the images. The CNN-based models are reliable and excel at
image classification tasks. On large-scale, noisy and wild datasets, the
individual CNN model suffers from high variance due to its high
variations, which affects the system’s performance. Three fully connected
(FC) and four convolutional layers were included in the single CNN model
[14] for FER and achieved 57.1% accuracy on the FER-2013. Four pretrained

Figure 1
Samples of the FER2013 dataset [21].
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models were used in [15] for recognizing emotions from FER-2013. Since
2013, FER using the FER2013 dataset has been a difficult task. It has
different variations that include illumination, pose, skin color, aging, and
face occlusions. Sample images with different variations of FER-2013 are
shown in Figure 1.

In this study, we aimed to reduce high variance by implementing
ensemble learning. Unlike single-model approaches, ensemble learning
trains multiple models and combines their predictions to achieve superior
performance. Initially, various CNN architectures were designed by
tuning hyperparameters and thoroughly evaluating the FER-2013 dataset.
Multiple model combinations were tested, and four models (Model-1 to
Model-4) were selected based on their accuracy. To aggregate predictions,
we employed two ensemble techniques: stacking and voting.

This work makes several significant contributions:

¢ Four CNN-based models have been designed to identify seven
distinct facial expressions in real-world environments

* The hyperparameters of the four basic models were fine-tuned to
optimize their performance.

¢ The stacking and voting ensemble techniques were developed to
reduce intra-class variations

2. Related Work

In emotional analysis, identifying and categorizing emotions has
proven to be a difficult undertaking. Softmax layer with a linear SVM was
proposed by [2]. This model demonstrates improved performance across
multiple large-scale datasets, such as FER-2013. The model achieved
victory in the FER 2013 challenge. It produced 71.2% test accuracy on
FER2013. Even though it gives better performance it is limited in terms of
execution time. FER using ensemble learning was proposed by [3]. Here,
eight individual CNN models were selected based on validation accuracy,
and those models are ensembled. This model required more computational
resources as eight models were ensembled. A new framework for FER was
developed in [4] using the Attentional CNN that used the important
regions of the face. The spatial transformer converts important regions of
the face into wrapped data. Their proposed model was experimented on
CK+, FER2013, FERG, and Jaffe. This model achieved 70.02% accuracy on
the FER-2013 dataset. This work failed in addressing how to get the salient
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regions when the face has occlusions. Hierarchical committees of deep
CNNs were used for facial expression recognition [5]. They have chosen
and trained individual CNNs by varying the architectures, normalization,
and random weight initialization to form an excellent hierarchical
committee of deep CNNSs. This work requires more memory due to the
hierarchical committee of deep CNNS.

3. Design of various CNN Architectures

During the design of various CNN architectures, we carefully
considered multiple hyperparameters, including the number of layers, the
count of filters in each convolutional layer, kernel size, pooling mechanism
and stride size, the number of FC layers, neurons per FC layer, optimizer,
learning rate, activation functions, dropout, batch normalization, and
regularization type. Each CNN architecture and its corresponding
hyperparameters were fine-tuned based on the accuracy achieved on the
FER-2013. We initially experimented with a few convolutional layers and
gradually increased their number until we observed an improvement in
accuracy, at which point we fixed the number of convolutional and FC
layers. Further hyperparameter tuning was performed to optimize the
number of filters per layer, pooling method, activation functions, optimizer,
FC layer units, and learning rate until performance improvements were
observed. After extensive hyperparameter tuning, finalized the design of
four optimized CNN architectures. Equation 1 demonstrates the
convolution operation between the kernel and the input image in the
convolutional layer. As shown in Equation 2, the max-pooling operation
selects the highest value within the kernel region, enhancing feature
extraction. Equations 3 define the activation function applied after each
convolutional layer, which helped accelerate learning and improve
generalization. ReLU was specifically chosen to mitigate the vanishing
gradient problem by preventing gradient saturation.

fc :Zmzn I(m,n)W(i—m,j—n) (1)
Here, fc represents the feature map, W is a convolutional kernel, [ is
input image.

f, =maxi, j=1h,w x, , (2)

The f, denotes a max-pooling operation feature map.

f,=1x, ifx>00 (" -1), ifx<0 (3)
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In this context, f, denotes feature map of ELU, x signifies an input, and
a is a non-linearity parameter.

4. Proposed Ensemble Models
4.1 Stacking ensemble

Variations in lighting, pose, age, and skin color in the FER-2013
dataset can lead to suboptimal performance of individual models. To
address this issue, the proposed model leverages ensemble learning to
reduce variance by integrating multiple models. In this study, a stacking
ensemble approach was employed to enhance facial expression recognition
using four distinct CNN models. Each model was initially trained on the
dataset and generated predictions for the test set. These predictions were
then combined and fed into a meta-classifier to produce the final output.
The stacking ensemble algorithm is detailed in Table 1, while Figure 2
provides a visual representation of the stacking ensemble framework.

Table 1

Stacking ensemble algorithm

Algorithm Stacking

Input: Train set T = {x;, yi}:l:1

Output: meta- classifier C
Step-1: Train individual models
for k=1 to 4 do
learn b, onT
end for
Step-2: Generate new data from predictions of individual models
for i=1 to n do
T,={p.,y), where p= {h,(x),.. h(x)}
end for
Step-3: Train a meta-classifier
learn Cbased on T,
return C

4.2 Voting ensemble

Voting approach integrates the predictions of four base models,
where each model generates class probability scores. These probabilities
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The framework of stacking ensemble

are then aggregated, and the final classification is determined using the
argmax function, selecting the class with the highest support. The voting
algorithm was provided in Table 2.



OPTIMIZED STACKED DEEP ENSEMBLE CLASSIFIER 2011

Table 2
Algorithm of Voting ensemble

Algorithm Voting

Input: Train set T = {xi,yi};, Test set T.= {Xi,Yi}1y
Output: Final class prediction: C,
Step-1: Train 4 individual models
for k=1to 4 do
learn i based on T,
end for
Step-2: Generate new data from predictions of individual models
for i=1 to m do
Y,= {P}, where Pi= {h,(X),...., h,(X))}
end for
Step-3: Apply Voting technique
Pred = ﬁ‘iYh
p=

C,= argmax (Pred)

5. Result And Discussion

The experiments for the proposed study were conducted using the
FER-2013. It consists of 35,887 samples with 48x48 dimensions. It has
seven labeled expressions. We utilized 80% of samples for training, 10% of
samples for validation and testing. The four unique models were trained
using the Adam optimizer with a Ir of 0.001, a batch size of 128, and a
maximum of 150 epochs. Extensive testing was conducted to determine
the optimal combination of up to four models based on test accuracy.

Table 3
Individual model accuracies
Model Accuracy (%)
Model-1 66.59
Model-2 67.21
Model-3 66.20
Model-4 66.47
Stacking ensemble 70.50
Voting ensemble 70.40
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Individual models demonstrate considerable variability on the FER-
2013 dataset, negatively affecting their performance. In the proposed
study, multiple sub-models were trained on the same dataset, and their
predictions were combined using ensemble techniques. This approach
effectively reduced variance and improved accuracy. As a result, both
ensemble models achieved accuracies exceeding 70%. The accuracy of the
models is presented in Table 3. Additionally, Figure 3 illustrates that the
stacking ensemble model successfully recognizes joyful and surprised
emotions with 88% and 79% accuracy, respectively. Figure 4 illustrates that
the voting ensemble model achieves 88% accuracy in recognizing happy
expressions and 79% for surprise expressions, both exceeding the overall
model accuracy.

Table 4
Comparison with the state-of-the-art methodologies
Author Accuracy (%)
Tumen, Soylemez, and Ergen [14] 57.10
Sharma, Patel, and Menaria [15] 64.24
Mohammed et al. [1] 66.40
Chirra, Uyyala, and Kolli [7] 69.10
Shilpa, Kumar, and Jha [8] 68.60
Proposed stacking ensemble 70.50
Proposed voting ensemble 70.40
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Table 4 presents the comparison of various existing approaches
accuracies on FER-2013. The total time taken by the four models to train
the system with the FER-2013 dataset is about 3.7 hours. The Stacking
ensemble and voting ensemble methods took 2.85 and 1.53 minutes
respectively for testing.

6. Conclusion

The proposed study developed and evaluated an ensemble learning
approach for Facial Emotion Recognition on FER-2013. FER-2013 includes
various challenges such as variations in lighting, pose, skin tone, age, and
facial occlusions. These factors can lead to high variance in individual
models, negatively impacting overall system performance. To address this
issue and improve accuracy, we implemented ensemble learning by
integrating multiple models. Four distinct CNN models were designed,
each featuring unique convolutional layer configurations with varying
filter sizes and quantities. Model selection was based on the combined
testing accuracy of each individual model. Two ensemble strategies
stacking and voting were employed to merge these models. In the stacking
ensemble, the outputs of the base models were combined and fed into a
meta-classifier to generate the final prediction. In the voting ensemble,
each model predicted class probabilities, which were then aggregated,
with the final class determined using the argmax function. The proposed
models were evaluated against existing approaches on the FER-2013
dataset to assess their performance accuracy.
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