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[bookmark: _Toc236037460]Abstract
Facial Expression Recognition (FER) is one of the core tasks in affective computing and has wide applications in the fields of healthcare, education, and human-computer interaction. Though remarkable achievements have been made due to deep learning techniques, there are still open problems regarding the accurate recognition of FER in the in-the-wild datasets that suffer from label noise and class imbalance.

This thesis proposes EfficientViT-FER, which is a novel hybrid CNN and Transformer model for solving the above problems based on label cleaning, augmented data, and ensemble learning. The model is tested on the FER2013 dataset, which consists of 35,887 gray-scale faces across seven emotion types. Before the classification, the faces are detected and cropped by a YOLOv8-based pre-processing step, while the label noise in the original dataset is solved by a relabeling scheme based on the crowd source. 

The EfficientNet-B3 is fine-tuned on the clean labels with AdamW optimizer, CrossEntropy loss with label smoothing, and the MixUp and CutMix augmentation. An ensemble of EfficientNet-B3 and ViT-Small using the Test-Time Augmentation is used during the inference stage. The proposed model is compared with six state-of-the-art FER models.

In terms of a stratified 70/15/15 split on FER2013, the EfficientViT-FER obtains a test accuracy of 82.54% and a macro F1-score of 0.7218 and thus outperforms the best benchmark algorithm by +4.94%. Ablation experiments reveal that FER+ label refinement is the most significant factor behind this improved performance, followed by further improvements brought by Test-Time Augmentation and ViT-Small ensemble. The Grad-CAM analysis reveals that the model focuses on anatomically meaningful areas of faces.

Keywords: Facial Expression Recognition, EfficientNet, Vision Transformer, Ensemble Learning, Label Refinement, MixUp, CutMix, Test-Time Augmentation, YOLOv8, FER2013, Affective Computing
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3.1 [bookmark: _Toc236037483]Introduction
The current chapter describes the proposed approach, EfficientViT-FER, in detail. The pipeline contains six stages performed one after another: 
1- FER2013 dataset collection and stratified split.
2- Preprocessing which includes FER+ label cleaning, face detection using YOLOv8, bicubic interpolation to resize images, grayscale to RGB conversion, and pixel normalization. 
3- Augmentation through general, minority class, and batch level (MixUp/CutMix) methods.
4- Hybrid EfficientViT-FER architecture that combines EfficientNet-B3 and ViT-Small using weighted ensemble and classification heads. 
5- Training pipeline which controls the loss function, optimizer, and learning rate strategy. 
6- Evaluation pipeline for testing the models' performance. The goal of the proposed approach is to solve two problems related to the FER2013 data: the presence of noisy labels and class imbalance.

The explanation of the logic behind each of the component choices is provided below. The use of FER+ for labelling helps to reduce the noise in the automatic labels from FER2013 because of the majority voting among ten annotators' labels, thus, reducing the estimated label noise from 15-20%. After this comes the YOLOv8 pre-processing step, which makes sure that all the classification models have access to clean, aligned, and face-centered images, rather than the noisy 48x48 thumbnails provided by the original dataset. The choice of the EfficientNet-B3 architecture is a good trade-off between the model complexity and the number of samples in the training set in order to prevent overfitting, seen with larger backbones in case of the 25,120-sample training set. Mixup and Cutmix are used for better generalization and minority-class classification through generating the augmented training samples. ViT-Small offers a complementary representation using global attention-based features, improving the decision boundary created by the CNN-based EfficientNet-B3 features, The overall pipeline can be seen in Figure 3.1.

[image: ]
Figure 3.1: EfficientViT-FER Proposed Hybrid Framework Pipeline



3.2 [bookmark: _Toc236037484] Dataset
The EfficientViT-FER model is trained and validated using the FER2013 database [30]. This particular database is one of the most common used datasets in the field of facial expression recognition research. It has a total of 35,887 images in grayscale format with 48x48 pixel resolution belonging to seven different emotion classes such as Angry, Disgust, Fear, Happy, Neutral, Sad, and Surprise, Sample images are shown in Figure 3.2.

[image: ]
Figure 3.2: FER2013- Sample Images per Emotion Class



The dataset presents two well-documented and co-occurring data quality challenges. First, severe class imbalance exists across the seven emotion categories, with the majority class (Happy) containing 16.4 times more samples than the minority class (Disgust), as shown in Table 3.1. Second, the original dataset suffers from high annotation noise estimated at 15 - 20%, arising from the automated labelling procedure used during dataset construction [6].

Table 3.1: FER2013 Class Distribution (Full Dataset)
	Emotion
	Count
	% of Dataset

	Angry
	4,953
	13.8%

	Disgust
	547
	1.5%

	Fear
	5,121
	14.3%

	Happy
	8,989
	25.1%

	Sad
	6,077
	16.9%

	Surprise
	4,002
	11.2%

	Neutral
	6,198
	17.3%

	Total
	35,887
	100%




3.3 [bookmark: _Toc236037485] Preprocessing 
The preprocessing pipeline takes raw FER2013 dataset images and prepares them for use in training the EfficientViT-FER model. All of the preprocessing operations are performed equally on train, validation, and test datasets, whereas augmentation operations are applied only to the train dataset. The preprocessing pipeline involves six successive stages, which are explained below.

3.3.1 [bookmark: _Toc236037486]FER+ Label Refinement
However, the original FER2013 dataset has been known to have about 15-20% annotation noise due to the automatic nature of the annotation process. To resolve this issue, the relabelling strategy FER+ (Barsoum et al. (2016) [8]) is employed. Each of the 35,887 images in FER2013 are independently re-labeled by ten crowd-sourcing participants, and the majority label among these ten labels becomes the clean training label:

ŷ = argmax( ∑ₖ₌₁¹⁰ 𝟏[aₖ = c] ), c ∈ {1, ..., 7}		(1)

As shown in Equation 1, aₖ is the label assigned by the k-th annotator and 𝟏[aₖ = c] is an indicator function which equals to 1 if the label assigned by the k-th annotator matches the emotion class c and 0 if it does not. Thus, the equation above only counts how many out of ten annotators vote for each emotion class and selects the majority one as the clean label. In this way, label noise is effectively decreased without adding any extra images. Contempt class added in FER+ is combined with Neutral class in order to keep the original seven-class classification scheme of FER2013. Images where the votes for Unknown/Not-a-Face surpass the votes for emotions are removed from the training set.

3.3.2 [bookmark: _Toc236037487]YOLOv8 Face Detection and Cropping:
Specifically, the raw images of FER2013 are first fed through YOLOv8 [31] [32] that is a framework for object detection in real time with the setting for the face detection task to detect and extract the faces of interest from the input images. While FER2013 images were generated with face alignment being done while generating the dataset, there exist some inconsistency with respect to some background parts and inconsistent image framing and misalignment in a few of the images. This issue can be resolved using YOLOv8 detector by redetected and recropped the bounding boxes of faces in the images. Thus, the detection task can be formulated as:

B̂ = f_YOLOv8(I;  θ_det)		(2)

As shown in Equation 2, we stands for the original image, θ_det stands for the pre-trained YOLOv8 face detection model weights, and the detected bounding box B̂ = {x1, y1, x2, y2, conf} is the bounding box of the detected face with its confidence score. There is a threshold of 0.5 that filters out the low confidence detection boxes. The detected bounding boxes are increased by 10% on all sides to include peripheral facial features like forehead and chin:

x₁' = x₁ − 0.1·w, x₂' = x₂ + 0.1·w		(3)

y₁' = y₁ − 0.1·h, y₂' = y₂ + 0.1·h		(4)

As shown in Equations 3 and 4, w = x₂ - x₁ and h = y₂ - y₁ are the width and height of the bounding box found.

[image: ]
Figure 3.3. YOLOv8 face detection and cropping pipeline applied to FER2013 images
In the EfficientViT-FER system pipeline as a whole, YOLOv8 acts as the entrance into the system in order to ensure that all inputs for both the EfficientNet-B3 and ViT-Small branches are cropped, face-centric RGB images with dimension 224x224 and not the unprocessed and roughly-framed thumbnails in FER2013. This process is consistently applied to all training splits and test cases, which makes it an integral part of the system, An example of the above is given in Figure 3.3.

3.3.3 [bookmark: _Toc236037488]Bicubic Resize
Regardless of whether face crops are detected using YOLOv8 or obtained from the fallback approach, they are uniformly resized into a fixed input image size of 224×224 pixels, which is needed by both the EfficientNet-B3 and ViT-Small architectures. The bicubic method is used for resizing, where the value of each output pixel is calculated based on 16 input pixels:

p_out(x, y) = ∑ᵢ₌₋₁² ∑ⱼ₌₋₁² p_in(x+i, y+j) · w(i) · w(j)		(5)

As shown in Equation 5, The bicubic method is chosen over the bilinear or nearest neighbor method because it results in a smoother upscaling process while retaining edge information, especially important considering the low 48×48 image resolution of FER2013.

3.3.4 [bookmark: _Toc236037489]Grayscale-to-RGB Conversion
Images from FER2013 have only one channel of grayscale images. As EfficientNet-B3 and ViT-Small are pretrained on three-channel ImageNet datasets, images are converted into three-channel RGB form by repeating the grayscale image channel for all three color channels as:

I_RGB = [I_gray, I_gray, I_gray]		(6)

As shown in Equation 6, This repetition of the channel ensures complete compatibility of the ImageNet pretrained backbone model weights without any need for architectural change or pretraining in single-channel form.

3.3.5 [bookmark: _Toc236037490]Pixel Normalization
Each of the pixel values is normalized to match the mean and variance of the ImageNet data set:

x_norm = (x − μ) / σ		(7)

As shown in Equation 7, μ = [0.485, 0.456, 0.406] and σ = [0.229, 0.224, 0.225] represent the mean and variance of the ImageNet data set. The above normalization is used to ensure convergence while fine-tuning the network on the data sets of interest.


3.4 [bookmark: _Toc236037491]  Data Augmentation
Data augmentation plays an important role in the suggested training pipeline as it helps to achieve two goals. First of all, it improves the generalization capabilities of the network by exposing it to more variations of faces that were not seen before. Second, it partially alleviates the problem of the class imbalance in the FER2013 dataset. Data augmentation will be performed at three different levels – general data augmentation, minority class data augmentation and batch-level data augmentation – which are designed to address specific problems with the quality of the data. All data augmentation techniques will be applied only to the training part of the data.

Three types of augmentation will be used:

3.4.1 [bookmark: _Toc236037492]General Augmentation
General Augmentation in general will be done on every image in the training data in each epoch of training independently and randomly. The following operations are suggested:

· Random horizontal flip: With probability P(flip) = 0.5, to account for the bilateral symmetry in facial expressions.

· Random rotation: The method will be implemented using a random selection of the rotation angle θ from the interval [−20°, +20°], which represents realistic tilting of a person's head. All image points (x, y) will be moved to (x', y') using the following formula for rotation on the plane:

x' = x cos θ − y sin θ	,	y' = x sin θ + y cos θ		(8)

As shown in Equation 8, The range of rotation angles from ±20° was chosen to represent a compromise between a large variety of geometrical transformations and unrealistic poses of the person's head.

· Random brightness and contrast changes: With scaling and offset within the factor α, β as shown in Equation 9:

x' = α · x + β,    α ∈ [0.8, 1.2],    β ∈ [−0.2, 0.2]		(9)

· The Color Jitter will be performed by random adjustment of the contrast and brightness values for each training sample through scaling the value by α and adding the offset β:

x’=α · x + β,     α ∈ [0.8, 1.2],     β ∈ [−0.2, 0.2]		(10)

As shown in Equation 10, It helps to emulate the natural variations that take place in the process of images capture regarding illumination and exposure levels.

· Random grayscale conversion will occur randomly using probability P(gray)= 0.05, where the color image with three channels (RGB) is transformed into gray scale and then restored to its three channels again. Through this technique, the dependence of the model on colors is minimized and it helps the model learn more from textures and shapes.

· Random Erasing: will be carried out with the probability of P(erase) = 0.1 by choosing a random rectangle on the image and changing all pixel values inside it to zero. The area of the erasing rectangle will be selected within the range of 2%-15% of the image area. This transformation represents partial face occlusions by hands, scarves, and glasses and forces the model to classify the facial expressions based on partial face data.


3.4.2 [bookmark: _Toc236037493]Minority Class Augmentation
Along with the general augmentation layer, there is going to be an extra layer of stronger augmentation for the training samples from the three least frequent emotion categories in the FER2013 dataset - Disgust, Fear, and Surprise. This augmentation technique will create the illusion of the increased number of training examples for the minority classes while avoiding the alteration of the loss function. These operations will be performed:
Random zooming up to ±10% will add more variety in terms of face-to-camera distance in order to increase the spatial scale invariance for the samples from the minority classes.

Rotation up to ±25° will increase geometric variance, which is important since ±20° rotation is not sufficient to avoid overfitting for the limited samples from minority classes.

· Random zoom with a range of ±10% will help to simulate differences in the distance of the face from the camera, thus helping in achieving better scale invariance in case of minority class samples.

· Extended Rotation with a range of ±25° will help in providing more geometric variance compared to the general rotation of ±20°, thus preventing any form of overfitting on particular head positions for the limited training samples of the minority class.

· Horizontal shear with the shear factor s set at 0.1 will be used to simulate differences in perspective due to off-axis viewpoint. As shown in Equation 11, Shear transforms a point (x, y) to the following coordinates:

x' = x + s · y,     y' = y		(11)

· Random perspective distortion with ratio 0.2 and p = 0.3 will perform a projective transform effecting variation in three-dimensional view angles other than those achievable with shear alone.


3.4.3 [bookmark: _Toc236037494]Batch-Level Augmentation - MixUp and CutMix
Apart from the augmentation techniques performed on the sample level, two batch-level augmentations, namely MixUp and CutMix, will be used to further regularise the model during the training process. Both image and label inputs will undergo changes in these augmentation techniques.

· MixUp technique [33], mixing factor α will be equal to 0.2, and probability p will be 0.3. Two randomly chosen training samples within the current mini-batch will be linearly interpolated:

x̃ = λ · xᵢ + (1 − λ) · xⱼ,     ỹ = λ · yᵢ + (1 − λ) · yⱼ,     λ ~ Beta(α, α)	(12)

As shown in Equation 12, MixUp helps the model learn smooth decision boundaries for adjacent emotions, which is especially useful when dealing with visually similar emotion types like Fear/Surprise or Sad/Neutral.

· CutMix [34] is used with the parameter α = 1.0 and probability p = 0.3. CutMix randomly selects a rectangular region from one training sample and mixes it with another by pasting with label mixing proportional to the percentage of pasting:

x̃ = M ⊙ xᵢ + (1 − M) ⊙ xⱼ,     ỹ = λ · yᵢ + (1 − λ) · yⱼ 		(13)

As shown in Equation 13, CutMix makes the neural network attend to discriminative facial parts as compared to holistic face images. During training, one of three methods is randomly chosen at each iteration: MixUp with probability 0.3, CutMix with probability 0.3, or regular training with probability 0.4.




3.5 [bookmark: _Toc236037495]  Model Architecture
The EfficientViT-FER model suggested comprises three major modules: the deep extraction of features using two different backbones – EfficientNet-B3 and ViT-Small, a weighted ensemble scheme which integrates the predictions of both models, and a classification module that gives the output emotion prediction. This model is designed in such a way that each of its modules is responsible for a certain function. EfficientNet-B3 offers powerful local convolutional feature extraction capabilities, ViT-Small offers global reasoning using attention mechanism, and the weighted ensemble exploits the complementarity of the two representations to give better predictions, The overall architecture is shown in Figure 3.4.

[image: ]
Figure 3.4: EfficientViT-FER Model Architecture Overview



3.5.1 [bookmark: _Toc236037496]EfficientNet-B3 Backbone
The first component to be incorporated in the EfficientViT-FER architecture is the EfficientNet-B3 [35]. It has been chosen due to its excellent trade-off between model expressiveness and computational efficiency – with 11.49M parameters. Thus, it perfectly fits the amount of data available in the form of FER2013 training dataset that consists of about 25,000 images and was prone to severe overfitting with more expressive backbones in initial experiments. EfficientNet-B3 uses compound scaling strategy for the network depth, width, and input resolution and employs the Squeeze-and-Excitation mechanism of adaptive feature channel response recalibration inside the MBConv blocks.

EfficientNet-B3 will be initialized using the pretrained ImageNet-1K weights and fine-tuned on FER+ labelled training dataset end-to-end. Specifically, the classification head of the network will be substituted with the custom FER head:

F_B3  Dropout (0.4)  Linear (1536512)  BatchNorm  ReLU  Dropout (0.2)  Linear (5127)

The output of the latter will be fed to a Softmax activation function to obtain a 7-dimensional probability distribution:

P_eff = Softmax(W_head · F_B3 + b_head),     P_eff ∈ ℝ⁷		(14)

As shown in Equation 14, F_B3 ∈ ℝ¹⁵³⁶ is the global average pooled feature vector from EfficientNet-B3 backbone, The EfficientNet-B3 architecture is illustrated in Figure 3.5.

[image: Efficient Net B3 architecture.] Figure 3.5: Efficient Net B3 architecture


[bookmark: _Toc236037497]A.  Preliminary Backbone Experiments and Justification
Before selecting EfficientNet-B3 as the backbone CNN architecture, several other alternatives were evaluated in similar empirical tests on the same FER2013/FER+ dataset using the same training pipeline. The results of these initial tests are described below, since they directly led to the ultimate choice of architecture:
· EfficientNet-B7 (single network). Being a larger and deeper model in the same EfficientNet family, EfficientNet-B7 was tried first on the assumption that increased capacity of the model should lead to higher accuracy. However, this network showed poor accuracy (below 30%), as its capacity greatly exceeded what was available for ~25,000 training images and caused overfitting. 

· EfficientNetV2-L (119 million parameters). This larger version of the network showed consistently lower validation accuracy (about 55% vs. 70% in training) and an oscillating validation loss which did not converge and stalled after about sixteen epochs – again, due to overfitting caused by excess capacity of the network.

· EfficientNetV2-S (21 million parameters). To deal with the overfitting problem identified in the previous test, a smaller version of the network was selected. Although the training became more stable, the achieved accuracy did not exceed 77.6% benchmark reached by Telceken et al. showing that decreased capacity is not enough unless the label quality problem is resolved in FER2013.

· EfficientNet-B4 + MixUp augmentation. The combination attained a top validation accuracy of 67.51%, which is less accurate than its smaller EfficientNet-B3 counterpart even with the augmentation used.

· EfficientNet-B7 + GhostNet dual backbone fusion. An earlier design comprised two parallel feature extractors, EfficientNet-B7 and GhostNet, which were connected using concatenation followed by attention gated fusion. Using a total number of parameters estimated at 106 million, this configuration obtained an accuracy of 52.46%, further hindered by training problems caused by focal loss and limited batch size of 16.

· EfficientNetV2-L + MobileNetV3 hybrid. Another design was made using EfficientNetV2-L with the MobileNetV3 backbone. Motivated by the idea of bringing together both high-capacity and low-latency feature extractors, the configuration obtained 55.60% accuracy, suffering from the same overfitting problems as other oversized dual backbones.

From all of the above initial experiments, a common trend emerged: any network that exceeds 12-20 million parameters exhibits a pronounced tendency to overfit to the small FER2013 training dataset, independent of the fusion scheme used and of any additional loss functions. Accordingly, the final CNN architecture was chosen to be EfficientNet-B3 (11.49 million parameters) for its optimal trade-off between representational power and limited training dataset, which allowed it to converge successfully with over 70% validation accuracy after pretraining and fine-tuning on ImageNet and FER+ datasets, respectively.

3.5.2 [bookmark: _Toc236037498]ViT-Small Backbone 
The ViT-Small is selected as the second ensemble member [5]. It splits the input image of 224×224 pixels into 196 patches of 16×16 pixels that are projected into token embeddings and further processed through the Transformer Encoder with MHSA. This model is able to capture the spatial relationships across distant facial regions such as the connection between the brow and mouth, which is the key difference between Fear and Surprise in a single self-attention operation and is complementary to the local features of EfficientNet-B3.

ViT-Small has 21.67M parameters and will be pre-trained on the ImageNet dataset. As shown in Equation 15, The output representation of the class token Z_cls ∈ ℝᴰ is projected to a 7-dimensional probability vector using a fully connected layer:

P_vit = Softmax(W_cls · Z_cls + b_cls),     P_vit ∈ ℝ⁷		(15)

A. [bookmark: _Toc236037499]Preliminary Transformer Experiments and Justification
The function of the Vision Transformer part in EfficientViT-FER was also determined in preliminary experiments, and not by hypothesis:

· ViT-Small (standalone). Trained and evaluated in isolation, the best validation accuracy of ViT-Small is 70.44%, the same as, but not better than that of EfficientNet-B3 used standalone. Thus, the performance of the global self-attention module of the transformer in this case could not surpass that of the CNN alone on this dataset size.

· Hybrid architecture with four stages (YOLOv8  EfficientNet-B7 + GhostNet  Vision Transformer encoder with token pruning). While the originally suggested architecture was to have incorporated two CNN backbones followed by the transformer encoder with token pruning, such architecture was eventually abandoned before the completion as too unstable and prone to overfitting in itself due to its inherent components, thus making the added stage of the transformer superfluous and hard to train on the existing data.

Accordingly, ViT-Small was chosen not for classification purposes, but as part of a two-model ensemble approach. Instead of utilizing the global attention mechanism of the transformer separately, or using it as an addition in a rather unstable four-level approach, the chosen solution is to combine the global attention feature representation of ViT-Small with the local features of EfficientNet-B3 through the use of ensemble weighted voting. This solution enables the use of information provided by the transformer, such as the connection between the brow and the mouth that is used in discriminating between Fear and Surprise.


3.5.3 [bookmark: _Toc236037500]Weighted Ensemble Strategy
The following is how the two networks, EfficientNet-B3 and ViT-Small, will be combined for ensembling using a weighted average of their softmax outputs:

P_final = w_eff · P_eff + w_vit · P_vit		(16)

As shown in Equation 16, the weights as w_eff = 0.80 and w_vit = 0.20, which add up to 1. These values are obtained by empirical evaluation on different combinations of the weights using the validation set. The use of such asymmetric weightage is a result of the relative better performance of the fine-tuned EfficientNet-B3 model in comparison with the ViT-Small model that provides complementary global attention-based representations. The weighted average approach is better compared to other complicated ensemble approaches because it is relatively simple, fast, and interpretable.

3.5.4 [bookmark: _Toc236037501]Prediction and Test-Time Augmentation
The predicted emotion label will be found using the argmax of the probability vector from the ensemble:

ŷ = argmax(P_final),     ŷ* ∈ {0, 1, 2, 3, 4, 5, 6}* 	(17)

As shown in Equation 17, each value corresponding to one of the seven emotion classes in FER2013 dataset: 0=Anger, 1=Disgust, 2=Fear, 3=Happy, 4=Neutral, 5=Sad, 6=Surprise.
To make predictions on the test set using Test-Time Augmentation (TTA), we generate five data augmentation views per test image and average their probabilities from the ensemble before taking the argmax:

P_tta = (1/5) · ∑ᵢ₌₁⁵ P_final(augᵢ(x))6.		(18)

As shown in Equation 18, These five different views include (a) standard unaltered image, (b) horizontally flipped, (c) rotated +10°, (d) rotated −10°, and (e) center cropped 110%. The TTA approach increases the accuracy of prediction of visually ambiguous emotion categories without the need for further model training.

3.5.5 [bookmark: _Toc236037502]Grad-CAM Interpretability
In order to ensure spatial interpretability of the predictions made by the model, the Gradient-weighted Class Activation Mapping (Grad-CAM) technique [10] will be used in combination with the EfficientNet-B3 backbone. Grad-CAM calculates the gradient of the predicted class score relative to the activation maps of the last convolutional layer and constructs the spatial relevance map using the gradient-weighted channel average:

αₖᶜ = (1/Z) ∑ᵢ ∑ⱼ (∂yᶜ / ∂Aᵢⱼᵏ)		(19)

L_GradCAM^c = ReLU(∑ₖ αₖᶜ · Aᵏ)		(20)

As shown in Equations 19 and 20, αₖᶜ is the weight of importance of the k-th feature map relative to the class c, Aᵢⱼᵏ is the activation of the k-th feature map in spatial location (i,j), and Z is the total number of locations. After that, the resultant localization map will be upsampled to the size of 224×224 and placed on top of the input image as a heatmap. Grad-CAM visualizations will be produced for each of the seven emotion classes both for correctly classified and misclassified images from the test set, providing proof that the model attends to meaningful parts of faces according to the Facial Action Coding System discussed in Section 2.1.6.


3.6 [bookmark: _Toc236037503]Training Framework
The design of the training framework has been done taking into consideration two main issues of FER2013 dataset that include annotation error and class imbalance, along with stable fine-tuning convergence for both backbones. There are four major parts of the training framework, which include label smoothing class-weighted loss function, layer-wise learning rate decay with AdamW optimization, cosine annealing with warmup, and early stopping.


3.6.1 [bookmark: _Toc236037504] Loss Function
The loss function presented includes both CrossEntropy loss along with two types of regularisers that can mitigate the issues of annotation noise and class imbalance. 
Label Smoothing is introduced for CrossEntropy loss so that the model does not become too confident about the potentially noisy FER+ annotations as shown in Equation 21:

L_CE(p, y) = −∑ᶜ ỹᶜ · log(pᶜ)		(21)

where the smoothed target vector ỹ can be calculated as:

ỹᶜ = (1 − ε) · yᶜ + ε / C 		(22)

As shown in Equation 22, ε = 0.1 is the smoothing parameter, C = 7 is the number of emotion classes, and yᶜ is the ground-truth one-hot encoded target label. This avoids the issue where the model assigns zero probability to classes other than the target, thus enhancing the calibration process.

Class frequency weight is introduced to increase the loss value of those classes that are less frequent, taking care of the 25:1 disparity between classes Happy to Disgust as follows:

wᶜ = N / (C · Nᶜ)		(23)
As shown in Equation 23, N stands for the total number of training instances, Nᶜ represents the number of training instances in class c, and C is the number of classes. The weights obtained are normalized within the interval [0.5, 2.0] to avoid large penalties on the severely underrepresented classes that might lead to training instability.

As shown in Equation 24, Loss function becomes:

L = −∑ᶜ wᶜ · ỹᶜ · log(pᶜ)		(24)

3.6.2 [bookmark: _Toc236037505]Optimizer and Learning Rate Strategy
The AdamW optimizer [36] will be used during training, which includes both the adaptive gradient calculation of the Adam algorithm and weight decay regularization, which are decoupled from one another:

θₜ = θₜ₋₁ − η · (m̂ₜ / (√v̂ₜ + ε)) − η · λ · θₜ₋₁		(25)

As shown in Equation 25, m̂ₜ and v̂ₜ are the bias-corrected first and second moments, η is the learning rate, λ = 0.01 is the weight decay constant, and ε is the numerical stability constant.

A learning rate schedule that varies according to each layer will be utilized to prevent catastrophic forgetting of the pretrained ImageNet representations:

Backbone layers: learning rate = 1×10⁻⁵
Classification head layers: learning rate = 5×10⁻⁵

This unequal allocation of learning rates enables the classification head to quickly adapt to the FER+ class labels distribution, while the backbone network weights are adjusted cautiously so as to retain their learned feature representations.


3.6.3 [bookmark: _Toc236037506]Learning Rate Schedule
Cosine annealing learning rate with linear warm-up is going to be used throughout the entire training process:

As shown in Equation 26, In case of warm-up (step 0 to step T_warmup):

η_t = η_max · (t/T_warmup)		(26)

As shown in Equation 27, In case of non-warm-up (step T_warmup to T_total):

η_t = η_min + 0.5 · (η_max − η_min) · (1+cos(π · (t−T_warmup)/(T_total−T_warmup)))		(27)

Where T_warmup equals 5 training epochs and η_min = 1×10⁻⁷. The warm-up stage allows the gradual increase of the learning rate from zero value to η_max, thus, avoiding any possible problems with gradient descent when weights of the classification head are initialized randomly at the beginning of the training. It is during the cosine annealing phase that the learning rate is smoothly decayed for facilitating fine convergence.

3.6.4 [bookmark: _Toc236037507]Early Stopping and Training Configuration
The early stopping will be implemented depending on the validation accuracy with patience of 8 epochs. Should there be no improvement in the validation accuracy in 8 epochs, the training process will stop and the checkpoint with the best validation accuracy will be kept as the final model. The gradient clipping with a max norm of 1.0 will be used to avoid the problem of exploding gradients. The complete training configuration is summarized in Table 3.2.

Table 3.2: EfficientViT-FER Training Configuration
	Hyperparameter
	Value

	Optimizer
	AdamW

	Backbone learning rate
	1×10⁻⁵

	Head learning rate
	5×10⁻⁵

	Weight decay (λ)
	0.01

	Label smoothing (ε)
	0.1

	Class weight cap
	2.0×

	Batch size
	64

	Warmup epochs
	5

	Max epochs
	30

	Early stopping patience
	8

	Gradient clip norm
	1.0

	Precision
	AMP FP16

	Head initialization
	TruncatedNormal (σ=0.02)

	Hardware
	NVIDIA A100 GPU

	Est. time per epoch
	~49 seconds



3.6.5 [bookmark: _Toc236037508]Weight Initialization and Fine-tuning Strategy
The basic design decision made in the suggested training framework revolves around whether the backbone networks will be trained from random initialization or will be fine-tuned from pre-trained weights based on ImageNet. Given that the size of the FER2013 training dataset is about 25,000 images, a number considerably smaller than the ones required for large-scale deep learning model training, if one tries to train such models as EfficientNet-B3 or ViT-Small from scratch, there will be a high degree of overfitting since model capacity far exceeds the amount of data provided. This has been shown in the preliminary experiment, wherein EfficientNet-B7 trained on FER2013 yielded accuracies lower than 30%, while using ImageNet pre-training resulted in 70+% accuracy.

In that case, the suggested method makes use of transfer learning, which implies the use of pretrained models' weights from ImageNet-1K of both EfficientNet-B3 and ViT-Small. The application of transfer learning is explained by the hierarchy of feature representation, where low-level features, which are detected in ImageNet, can be immediately transferred to the domain of FER, since facial expressions detection depends on those low-level visual components as well. The task-specific classifiers are initially set up in a random way by the use of truncated normal initialization with standard deviation σ = 0.02 for weights and zero initialization for biases as shown in Equation 28:

W ~ TruncatedNormal(μ=0, σ=0.02),    b = 0		(28)

Such a choice of the initialization technique guarantees that the randomly initialized head will not generate high destabilizing gradients that may harm the carefully pretrained backbone representation, that is the reason why the linear warmup described in Section 3.6.3 is used along with the low backbone learning rate 1×10⁻⁵.
The reasons for choosing different learning rates for the backbone and head (backbone: 1×10⁻⁵, head: 5×10⁻⁵) lie in the phenomenon of catastrophic forgetting, the ability of a pretrained neural network to lose its previous knowledge when fine-tuned on a new task using a high learning rate. With the backbone update step being five times smaller than the head one, the pretrained structure of the representation can be kept while the head adjusts to the FER+ label distribution quickly. The weight decay factor of λ = 0.01 adds to the L2 regularization to ensure the stability of the backbone.

3.6.6 [bookmark: _Toc236037509]Training Stability and Computational Configuration
Several aspects are taken into account in the proposed training framework to ensure stable and efficient training on available hardware.
Training will be conducted via Automatic Mixed Precision (AMP), where FP16 (16-bit floating point) will be used for the forward and backward steps while parameter updates will use FP32 (32-bit floating point). AMP decreases GPU memory usage by 40–50% when compared with the fully FP32 training approach, allowing the usage of a bigger batch of 64 without exceeding the GPU memory limits. Moreover, AMP increases the training throughput of current GPU hardware such as NVIDIA A100, since FP16 is supported by hardware acceleration in this architecture. Loss scaling will be applied to avoid the underflow in gradients computation in FP16 precision; it dynamically changes the scaling factor in accordance with the presence of non-finite gradient values.

Gradient clipping with maximum norm of 1.0 will be applied after the calculation of gradients and prior to the parameter update step:

gg · min(1, c / ‖g‖₂)		(29)

As shown in Equation 29, g is the gradient vector, c = 1.0 is the clipping value, and ||g||₂ is the L2-norm of the gradient vector. The technique of gradient clipping is used to solve an issue of exploding gradients which can appear during fine-tuning of the Transformer-based model due to the fact that the gradient values are rescaled when their norm is higher than the clipping threshold.

The combination of MixUp/CutMix and the weighted loss needs special attention. Once MixUp/CutMix is used for training, then the training labels will be soft mixed vectors rather than the one-hot vectors. In this regard, the class frequency-weighted loss is calculated using the mixed label vector ỹ_mix = λ·ỹᵢ + (1-λ)·ỹⱼ, which represents the individually smoothed label vectors of the mixed samples. The class weights will be applied to the mixed label vector element by element as follows:

L_mix = −∑ᶜ wᶜ · ỹ_mix,c · log(pᶜ)		(30)

As shown in Equation 30, Such an approach guarantees the effectiveness of the class imbalance correction irrespective of the choice of the training method: standard, MixUp, and CutMix, without the need for different loss functions for every kind of data augmentation.

Training time and hardware setup: Training will be done on an NVIDIA A100 GPU with 40GB VRAM. It takes about 49 seconds to train one epoch with a batch size of 64 and AMP. The maximum number of epochs is 30, and patience equals 8, which gives a total training time of less than 25 minutes, which is quite computational feasible in terms of the usual academic GPU allocation policy.


3.7 [bookmark: _Toc236037510]Evaluation Framework
The proposed EfficientViT-FER algorithm will be evaluated based on a multi-dimensional evaluation approach, which measures both overall recognition accuracy and per-class classification behavior. All evaluation metrics will be calculated solely using the separate held-out test set, which was never seen during the entire training and hyperparameter tuning process.

3.7.1 [bookmark: _Toc236037511]Overall Accuracy
Overall classification accuracy represents the fraction of test samples that were accurately classified from among all seven emotions:

Accuracy = (1/N) · ∑ᵢ₌₁ᴺ 𝟏[ŷᵢ = yᵢ]		(31)

As shown in Equation 31, N being the number of test samples, ŷᵢ representing the predicted class, and yᵢ the true class. Overall accuracy gives an aggregated performance metric and is the main metric by which we compare to the six competing benchmarks described in Chapter 2.

3.7.2 [bookmark: _Toc236037512]Precision, Recall and F1-Score
Accuracy alone is not enough to evaluate performance on FER2013 because of the dataset's highly skewed distribution – a classifier which predicts "Happy" for every image would score around 30% on accuracy while being unable to handle six out of seven classes. For this reason, Precision, Recall, and F1-score will be evaluated for each of the seven emotions separately.

Precision is the ratio of correct positive predictions for class c as shown in Equation 32:

Precision_c = TP_c / (TP_c + FP_c)		(32)

Recall is the ratio of true instances of class c correctly recognized by the model, as shown in Equation 33:

Recall_c = TP_c / (TP_c + FN_c)		(33)

F1-score is the harmonic mean of Precision and Recall and provides a measure of model's performance on class c, as shown in Equation 34:

F1_c = 2 · (Precision_c · Recall_c) / (Precision_c + Recall_c)		(34)

where TP_c, FP_c, and FN_c stand for true positives, false positives, and false negatives respectively.

As shown in Equation 35, Macro F1-score will be calculated as an unweighted mean of per-class F1 scores for all seven emotion classes:

F1_macro = (1/C) · ∑ᶜ₌₁ᶜ F1_c		(35)

Since the macro F1 score assigns the same importance to each class irrespective of its number of samples, it makes it a better metric compared to accuracy to assess the performance on an unbalanced dataset like FER2013.

3.7.3 [bookmark: _Toc236037513]Confusion Matrix
The confusion matrix will be normalized across the entire test set, with each cell M_ij representing the fraction of samples with true class label i that were assigned to class label j:

M_ij = n_ij / ∑ⱼ n_ij		(36)

As shown in Equation 36, n_ij is the number of samples with true class label i assigned to class label j. The confusion matrix offers an overall view of the classification performance of the proposed scheme, showing systematic misclassification tendencies between visually similar emotions, e.g., Fear vs. Surprise or Sadness vs. Neutral emotions, An example confusion matrix template is given in Figure 3.6.


[image: ]
Figure 3.6 Confusion Matrix Template 7-class FER Evaluation



3.7.4 [bookmark: _Toc236037514]Grad-CAM Qualitative Evaluation
Along with the quantitative measures discussed above, a qualitative assessment of the spatial attention of the model would be carried out using Grad-CAM visualization [10]. The Grad-CAM heatmaps would be produced for a set of correctly and incorrectly classified test cases for all seven emotion classes, by superimposing the spatial attention map onto the input image. This would help in checking if the model pays attention to anatomically valid parts of the face in accordance with the Facial Action Coding System discussed in section 2.1.6 – that is, if the model pays attention to the brow area for Anger and Fear, and mouth area for Happiness and Surprise.


3.8 [bookmark: _Toc236037515]Summary
This chapter covered the comprehensive methodological approach for EfficientViT-FER, a hybrid CNN-Transformer architecture for facial expression recognition on FER2013 using FER+ clean labels.

The chapter started off with an introduction to the FER2013 dataset and the two key issues associated with it: strong class imbalance and high annotation noise. The use of a stratified 70/15/15 train/validation/test split was chosen to guarantee balanced class distribution in all the evaluation datasets.

The preprocessing pipeline was discussed next and consisted of six sequential steps: refinement of the FER+ labels based on the majority votes of ten crowd-sourced workers, face detection and cropping by means of YOLOv8, resizing to 224x224 via bicubic interpolation, conversion from grayscale to RGB, ImageNet pixel normalisation, and three-layer data augmentation consisting of general, minority class and MixUp/CutMix batch augmentations.

The architecture of the model was discussed, including four parts: YOLOv8-based face detection module; EfficientNet-B3 convolutional neural network as the first part of the model backbone, pretrained on FER+ dataset and fine-tuned on FER+ labels; ViT-Small Transformer as the second ensemble component; weighted ensemble of both parts with weights equal to 0.80 and 0.20 correspondingly. Test-Time Augmentation for five augmentations per test image and Grad-CAM visualization were also discussed.

The training strategy for the model was elaborated, including the combined CrossEntropy loss with label smoothing and class-frequency weighting, AdamW optimizer with layer-wise learning rate adjustment, cosine annealing schedule for the learning rate with linear warm-up, early stopping with patience equal to 8 epochs, AMP FP16 training regime and gradient clipping. Reasons to use transfer learning approach in the current case instead of training the network from scratch were explained.

Finally, the evaluation strategy was discussed in detail, including overall accuracy score, per-class Precision, Recall, F1-score, macro F1-score, confusion matrix interpretation, comparison with baselines (six state-of-the-art FER models) and qualitative analysis of Grad-CAM visualization results.

The experiments' results obtained with the help of the proposed methodological framework for FER2013 benchmark are presented and analyzed in Chapter 4.
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