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ABSTRACT 

Facial expression recognition (FER) is paramount to many computer vision tasks. It has garnered a lot of interest. 

However, the FER performance is limited by either expression ambiguity (high inter-class and low intra-class 

similarity) or noisy annotations in existing FER techniques. The structural relationships between various local 

regions in a facial expression are difficult for Xception-based models to represent. Techniques built on the 

principles of Vision Transformer (ViT) have been presented to capture long-range relationships between nearby 

regions. Nevertheless, because of its self-attention mechanism, ViT-based methods can develop redundant 

correlation representations and are susceptible to facing regions unrelated to expressions. We suggest an Xception-

ViT to solve these problems by combining Xception’s extensive feature extraction capabilities with the 

Transformer’s capacity to comprehend intricate correlations between these features. An Xception-based pre-

trained encoder is used on a lab-controlled and controlled FER dataset to extract feature parameters for facial 

expression recognition. Next, the features extracted by Xception are processed by a Vision Transformer (ViT) 

model to learn global and contextual relationships in the image. The prototypes are developed in order to verify 

the classification algorithm for specific facial expression recognition. The support and query sets are segregated 

into a FER dataset obtained from diverse environments and the classification episodes are constructed. The 

carefully configured Xception encoder with the help of the ViT model serves as a feature extractor that generates 

the prototype of each category of the support set. Xception-ViT can achieve recognition rates of 96.11%, 95.94%, 

92.80%, and 100% on the FER24-CK+, JAFFE, FER+, and CK+ datasets respectively according to the extensive 

experimental results. Therefore, the use of Xception-ViT can improve the performance of specific facial 

expressions in these datasets. 

Keywords: Facial Expression Recognition (FER); Vision Transformer (ViT); Xception-ViT. 

1   Introduction 

Artificial intelligence (AI) is a broad field that encompasses several subfields, including deep learning. 

Deep learning relies on multilayer neural networks that can automatically learn hierarchical 

representations from data for image, video, speech, and sound recognition [1]. Its development has led 

to important developments in various fields of computer vision such as image processing and 

classification [2] [3]. Among the deep architectures proposed in this field, Xception introduces separable 

deep convolutions, permitting the improvement of feature extraction efficiency while maintaining a high 

representation capacity [4].  

Despite several forms of nonverbal communication techniques, facial expressions provide important 

cues about an individual’s affective state [5]. Facial expression recognition (FER) is the automatic 

identification of emotional states from facial images or sequences of facial images, the expression 

associated with different emotional classes, namely sadness, happiness, anger, fear, surprise and disgust, 

and in some datasets, contempt [5] [6]. FER has therefore become an important domain of artificial 

intelligence, with a vast array of applications in interactive systems, human computer interaction (HCI), 

healthcare, education and human behavior analysis [5], [6], [7].  

With the rise of deep learning, FER approaches have progressively evolved from methods relying on 

handcrafted features to models capable of automatically learning discriminative representations directly 
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from input images [8] [9]. Studies on deep FER also show that these methods can be distinguished 

according to the type of data they process: static FER approaches analyze individual facial images [10]. 

Even though there have been developments in FER, it is still a complex issue because of the variability 

associated with the facial dataset. Changes in posture, lighting conditions, scales, quality of images as 

well as the issues of partial occlusions and inter-personal variations, can affect the efficiency of FER 

systems, especially in uncontrolled “in-the-wild” contexts [11]. These issues are also associated with 

the properties of existing datasets, which may include a small sample size, differences in the quality of 

annotation, and class imbalance between various types of emotions [11]. Further research has focused 

on the application of Xception and transfer learning in the process of FER, thus supporting the 

applicability of this architecture to the process [4]. Deep convolutional neural networks (CNNs) have 

also been widely used for FER due to their capabilities of extracting local features. In this case, Xception 

is an interesting architecture that uses depthwise separable convolutions which save on computation cost 

yet retain good representation of visual features [4], [12].  

Despite this, deep learning algorithms are still highly reliant on the amount of training data available. 

Class imbalance is another characteristic that is common in FER datasets, with the possibility that some 

emotion classes may be overrepresented compared with others, thus giving rise to uneven performance 

during recognition. The absence of adequate annotated images poses another challenge when it comes 

to training of models. This has been seen especially in recent research conducted on few-shot learning 

in FER [13]. New research trends have emerged in computer vision in terms of applying the Transformer 

architecture [14]. ViT treats an image as a sequence of patches and uses self-attention to model 

interactions among various image regions [15]. In contrast to convolutional models, that use mostly 

local computations, self-attention in the ViT makes it possible to model dependencies among various 

image regions [16]. The ViT model was originally designed for general image classification tasks and 

has demonstrated competitive results compared to convolutional architectures, being pre-trained on 

large-scale datasets [17]. 

The Vision Transformer (ViT) structures have then been employed for the recognition of facial 

expressions, with some studies investigating their potential to describe the correlations between various 

parts of faces [18], [19]. Specifically, some researchers have suggested ViT techniques to cope with the 

issue of scarcity of labeled samples, using fine-tuning, data augmentation, and freezing of specific layers 

of the model among other approaches [20]. Some studies have also investigated Transformer-based 

models in well-known datasets like FER2013 and RAF-DB [20], [21]. 

So, despite the progress made through the CNNs and Vision Transformers, there are strengths inherent 

in each class of architecture. Specifically, while convolutional neural networks work well in identifying 

local features as well as hierarchical ones, it is the attention mechanisms employed by the transformers 

that make the identification of global dependencies possible. This complementarity is one of the reasons 

why hybrid architectures are necessary. It is within this framework that our research is conducted. 

Henceforth, we are proposing an architecture that integrates Xception with Vision Transformer called 

Xception-ViT. This is done with the intention of making use of both models’ strengths in that while the 

former extracts discriminative features, the latter captures global interactions of facial features. This 

method is tested on the dataset used in our experiment after performing several procedures including 

data preparation, class harmonization, and data balancing. 

The objectives of this study are as follows: 

• Introduction and application of a new, large scale, and balanced dataset called FER-CK24, containing 

7,200 images in each class. In order to have a robust evaluation of our dataset, it is tested together with 

renowned benchmark datasets namely CK+, FER+ and RAF-DB. 

• Proposal of a hybrid architecture of Xception-ViT that merges the strengths of Xception for local 

features extraction and the ability of the Vision Transformer to model global dependencies. 
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• Comparative assessment for all the datasets discussed here including FER-CK24, CK+, FER+ and 

RAF-DB. From experimental results, it is evident that the model presented here has performed 

competitively well through balancing between classification accuracy and computation complexity. 

This paper is organized as follows: section 2 deals with the related works, section 3 contains details 

about the suggested methodology, section 4 investigates the experimental results, section 5 explains the 

results obtained, and lastly section 6 refers to the paper’s conclusion. 

2   Related works 

2.1 Facial expression recognition  

In recent years, the study of FER [9], [22], [23] has gained a lot of attention as more and more scholars 

concentrate on human-computer interaction. Facial expression recognition is an interdisciplinary 

research area involving computer vision, artificial intelligence, and human-computer interaction, and is 

quickly expanding [24]. Significant progress has recently been achieved in creating systems that can 

effectively identify the facial expressions of human emotions [23]. This multidisciplinary field has 

applications in healthcare, emotionally intelligent technology, and human-computer interaction [11]. 

This research paper proposes an inconsistent pseudo annotation to latent truth technique to derive latent 

truths from noisy labels so as to mitigate the effect of inconsistent labels on expression recognition [25]. 

However, the ability of facial expression recognition in unconstrained environments remains 

challenging because of variations in image quality, pose, illumination, and occlusion [26]. Because 

occlusion immediately alters the face’s appearance, it makes it more difficult to recognize expressions 

[26]. Learning generative models that recover clean faces from occlusions and use the recovered faces 

to identify expressions is the goal of several efforts [27]. The training data with various occlusion 

patterns is what the generative models use [28]. In order to recognize expressions, several FER 

techniques divide the face into several patches and then extract facial features from the patches that are 

not blocked [29].  

2.2 Vision transformer 

Deep learning-based techniques, especially CNNs [30], [31], have taken centre stage in the field of FER 

in recent years due to the introduction of numerous deep learning techniques using a CNN in order to 

extract deep features [32]. Recently, Vision Transformers (ViTs) have become increasingly prominent 

in computer vision and have shown remarkable performance when pre-trained with large-scale 

supervised data or with some type of supervision [33].  

The vision community has been motivated to investigate Transformer models’ possible use in resolving 

computer vision issues due to their remarkable performance in Natural Language Processing (NLP) 

tasks [34]. To address the issue of data hunger in Transformers, a Vision Transformer in conjunction 

with a Squeeze-and-Excitation (SE) block was suggested [35]. On the CK+ and SFEW datasets, their 

model performs better than the most advanced models. The study on facial expression recognition 

provides yet another example of the ViT’s capabilities [36]. The CK+ and FER+ datasets are used in 

their tests, which demonstrate that the ViT implementation produces encouraging results for emotion 

recognition [37]. Nevertheless, many people think there is still opportunity for development in spite of 

ViT’s exceptional success [38]. It is found that the collapse of attention maps causes Vision 

Transformers’ performance to saturate as model depth rises [39]. They suggested a technique known as 

“Re-attention,” which re-generates attention maps to boost their diversity at various layers, in order to 

solve this problem [39]. For deeper ViT models, this method produces more consistent performance 

throughout training with less computational and memory expense [40].  

2.3 Deep Learning 

The bulk of deep learning models are used to achieve FER tasks because FER has proven to be a difficult 

topic. However, training deep learning models frequently requires a high number of data, and when the 

examples are few, the models are prone to overfitting. Affect recognition drawing on deep learning has 
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been a crucial area of exploration for applications in intelligent environments, such as connected cities 

[41]. 

We used a three-dimensional (3D) convolutional neural network (CNN) [42]. The convolutional kernel 

size of a two-dimensional (2D) CNN is N x N, which is the same as the image filter’s width and height 

(W H). N is the perceptual field in 2D. Data can be extracted from an image using these 2D kernels. 

More emphasis has recently been paid to transfer learning, a novel pattern for resolving various field 

difficulties in deep learning and machine learning. Whilst the target domain training data is insufficient 

to adequately investigate the predictive models, transfer learning uses new data to learn from other 

related source domains. The whole transfer learning approach employed in this investigation is depicted 

[43]. 

3   Methodology  

3.1 Xception model 

By using a pre-trained Xception model that has previously acquired important object lessons from the 

“ImageNet” dataset, transfer learning with Xception saves us valuable time. We refine this pre-trained 

model with a smaller, task-specific dataset, then apply it to a particular task. The model takes 48 x 48 

pixel facial images as input from the FER+, FER24-CK+ and CK+ datasets [44]. From these facial 

images, the backbone network extracts discriminative features from the input facial images. These 

additional features are then passed through a number of blocks divided into three main parts: the first is 

Entry Flow, the second is Middle Flow, and the third is Exit Flow, which enhance the images to increase 

accuracy. Dropout layers and ReLU or ELU activation functions are used to reduce the risk of 

overfitting. The final classification layer assigns each input image to one of the predefined facial 

expression classes [4]. 

 
Fig. 1. Architecture of the Xception model, representation of an input face expression [45]. 
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3.2 The Xception-ViT architecture 

Efficient Channel Attention (ECA) focuses on emphasizing informative characteristics of channels. 

Notably, depthwise convolution will ensure feature extraction performance while drastically lowering 

model parameters, to somewhat minimize the number of parameters while maintaining the attention 

module’s distinctive attention performance of concentration. In order to construct an effective channel 

attention module, we integrate the Xception model into our study. A condensed flowchart of the efficient 

channel attention module is shown in Fig. 2, which depicts a clear flowchart of the ECA module. In the 

module, we first presume that the input feature is 𝐗 ∈ ℝ𝑊×𝐻×𝐶, in which 𝐶, 𝐻, and 𝑊 denote the number 

of channels, height, and width, respectively [46]. 

We assemble the input features, with each group containing multiple successive channels, so that these 

features can play varied merits in different channels. In the meanwhile, we set a hyperparameter 𝑓 to 

regulate the number of distinct groupings. These groupings allow the benefits of different features 

utilized in different channels. Usually, 𝑓 is specified as 8 or 16. 

 
Fig. 2. Concept of the Xception-ViT architecture. 

There are two separate setups that have been designed to study different approaches to the fusion of the 

features generated by Xception and Vision Transformer. Both setups make use of two parallel branches 

for Xception and Vision Transformer models. While Xception is used to extract local discriminative 

features from the input facial images, Vision Transformer is applied to process the image patches and 

capture their global dependencies. 

According to the first setup, the feature representations extracted by the two models are separately 

processed and then flattened. After that, the resulting feature vectors are concatenated and passed to a 

fully connected classification neural network with two hidden layers with dropout regularization 

followed by the classification layer. 

The second setup involves the fusion of the feature vectors extracted by the two parallel branches 

through an alternative method prior to the classification. It has been developed to test the hypothesis 

that the different fusion of the features obtained through the convolution and Transformer architectures 

would allow for a more effective joint representation. 

For the final classification exercise, Fig. 3 shows the outputs from these two branches flattened, 

concatenated, and then input into a fully-connected neural network with two hidden layers and dropout 

regularization. 



Int. J. Advance Soft Compu. Appl. Vol. 18, No. 3, November 2026 

ISSN 2710-1274 (Print) · 2074-8523 (Online)  ·  Published by Al-Zaytoonah University of Jordan (ZUJ) 416 

 
Fig. 3. Architecture of ViT for face classification. 

3.3 ViT-Xception model 

Following recent advancements in the area of hybrid CNN-Vision Transformer based architectures for 

facial expression recognition like VTFF [47] and recent comparative studies of CNN-Vision 

Transformer based models [48], we explore a particular architecture of Xception-Vision Transformer 

model, which is known as Xception-ViT. Whereas the previous works showed the efficiency of such 

combination of convolutional and Transformer-based representations, our paper deals with the study of 

Xception-ViT and its analysis on four different facial expression datasets: FER+, CK+, FER24-CK+, 

and JAFFE. 

As illustrated in Fig. 2, the Xception-ViT intends to extract the discrimination information and highlight 

the crucial elements for improving classification accuracy. This necessitates calculating the similarity 

of regions that are located far from one another as well as those that are in nearby neighbourhoods. We 

employ a transformer to capture the relationship between inconsistent artefacts that are localised in the 

patches, drawing inspiration on the usage of transformers in capturing long-range contextual 

information. There are several transformer blocks that make it up. A feed forward multilayer perceptron 

and a multi-head self-attention block can be separated out of each transformer block. The multi-head 

self-attention block attempts to produce feature maps that show patch inconsistencies. 

The Xception model aims at extracting global features from the facial image that has been resized, and 

then it is treated by Xception as shown in Fig. 1: 

𝑌 = 𝑋𝑐𝑒𝑝𝑡𝑖𝑜𝑛−2(𝑅𝑒𝑠𝑖𝑧𝑒(𝑋))  with  𝑌 ∈ ℝ3×3×2048 

Global Average Pooling (GAP) seeks to significantly reduce the number of features by eliminating the 

spatial dimension, which limits the risks of overlearning and renders the presentation invariant to small 

translations and provides a global statistical summary of each filter. 

After that, the vector 𝑔 is projected into a latent space with dimensions less than 128 using a fully 

connected layer for compression of features and dimension reduction, eliminating the redundancies 

between channels and reducing the computational cost of subsequent layers to prepare the features for 

subsequent fusion. Finally, the vector 𝑔 is fed into a dense projection layer: 

𝑌′𝑔𝑙𝑜𝑏𝑎𝑙 = 𝐺𝐸𝐿𝑈(𝑊𝑔 ⋅ 𝑔 + 𝑏𝑔),  with  𝑌′𝑔𝑙𝑜𝑏𝑎𝑙 ∈ ℝ128,  𝑔 ∈ ℝ2048 

The process involves transforming the masked image patches focusing on the preceding module into 

linear patch embeddings 𝑋 ∈ ℝ𝑀×𝑑, where 𝑑 is the embedding size and 𝑀 is the number of patches in 

the image. The embedding space is subjected to additional positional encoding in order to track the patch 

alignment. Using three matrices, the ultimate embedding matrix is projected: 
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 𝑄 = 𝑋𝑊𝑄 ,  𝐾 = 𝑋𝑊𝐾 ,  𝑉 = 𝑋𝑊𝑉 (1) 

To extract and exploit feature representation as Key (K), Query (Q), and Value (V), as shown in Eq. (1): 

𝑊𝑄 ∈ ℝ𝑑×𝑑𝑄 , 𝑊𝐾 ∈ ℝ𝑑×𝑑𝐾, and 𝑊𝑉 ∈ ℝ𝑑×𝑑𝑉 in the situation of self-attention, with 𝑑𝑄 = 𝑑𝐾 = 𝑑𝑉 =
𝑑

ℎ
=

384

6
= 64, in where 𝑑𝑞 = 𝑑𝑘. Projecting the input sequence X onto these weight matrices is done 

using: 

 𝑌 = 𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑍) = 𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) ⋅ 𝑉 (2) 

Each image is split into N patches, and Z is created by concatenating the class token with the vectors of 

each patch: 𝑍𝑜𝑢𝑡 ∈ ℝ(𝑁+1)×384. 

After four iterations, the four Transformer blocks follow the standard architecture, with layer 

normalization and residual connections around the self-attention and MLP sublayers and then a residual 

connection (𝑍′ = 𝑍 +𝑀𝑆𝐴(𝐿𝑁(𝑍))), then an MLP with a second residual connection 𝑍𝑜𝑢𝑡 = 𝑍′ +

𝑀𝐿𝑃(𝐿𝑁(𝑍′)). The output vector of the branch transformer is 𝑍𝑣𝑖𝑡 (Fig. 4). 

 
Fig. 4. An encoder structure diagram and representation of MLP. 

In this study, we employ Xception-ViT, a transformer model that has already been trained. It is 

composed of position encoding after a spatial embedding block. Compared to other pretrained 

architectures, Xception-ViT is lighter since it has 4 transformer blocks. Additionally, the patch utilised 

in the transformer blocks for Xception-ViT has an 8 x 8 dimension. ImageNet is used to train the 

Xception model, confirming that it can learn a variety of attributes. As explained in section 3.1, this 

module brings together a feature map, merged then with a feature map produced by a backbone Xception 

(Fig. 5). 

The main purpose of concatenation in our hybrid architecture is to enhance the information by 

combining the global and local features that differentiate the two branches: 𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 =

𝐶𝑜𝑛𝑐𝑎𝑡(𝑧𝑔𝑙𝑜𝑏𝑎𝑙 , 𝑧𝑣𝑖𝑡) ∈ ℝ512. 

All of the tasks were implemented under Keras/TensorFlow with mixed precision to optimize GPU 

memory utilization. All of the hyperparameters used for our experiments are summarized in Table 1. 

Table 1. Hyperparameters used for training the proposed hybrid Xception-ViT model 

Hyperparameter Value 

Batch Size 32 

Optimizer Adam 

Learning Rate 1 x 10⁻⁴ 

Epochs 50 

Loss Function Categorical Cross-Entropy 

Mixed Precision float16 

ViT Number of Layers 4 

ViT Hidden Dimension 384 

ViT MLP Dimension 1536 

ViT Attention Heads 6 
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Hyperparameter Value 

Global Branch Dense Units 128 (GELU) 

Fusion Feature Dimension 256 (ReLU) 

L2 Regularization 0.01 

 

3.4 The proposed method 

Fig. 5 shows the Xception-ViT framework, which is divided into three phases. During the self-

supervised pretraining phase, the ViT encoder is first pretrained with four pretext tasks. Joint training 

and the definition of loss functions for each task are then used to optimize the model parameters. 

 

Fig. 5. Diagram of the proposed system structure in the Xception-ViT model. 

4   Experimental Results 

4.1 Datasets 

Several benchmark datasets have been developed for training and evaluating facial expression 

recognition systems. One of the most popular datasets is CK+, FER+ and JAFFE. These datasets 

represent different experimental settings, including controlled laboratory conditions. The attributes of 

these datasets such as number of images, resolution, and number of emotions can be observed from 

Table 2 below. A few examples of the images taken from these datasets can be seen in Fig. 6 below.  

Extended Cohn-Kanade (CK+) Facial Expression Dataset is one of the widely used benchmarks in 

facial expression recognition [49], as an extension of the existing Cohn-Kanade dataset. CK+ consists 

of facial sequence images that were recorded from 123 people, comprising 593 image sequences in total. 

From those image sequences, 327 sequences are linked to one of the seven basic emotions [49]. The 

image sequences were captured in a controlled laboratory environment, where participants exhibited 

facial expressions from a neutral state to a maximum state. This sequential structure makes CK+ 

particularly suitable for studying the progression of facial expressions to investigate changes in facial 

expressions and performance of FER algorithms in controlled settings. However, its controlled 

recording environment and relatively small sample size limit its applicability to unconstrained FER [49].  

FER+ Dataset was proposed by Barsoum et al. [50]. The paper proposes FER+ as an improved 

annotation of the popularly used FER2013 dataset. In contrast to FER2013, FER+ offers several crowd-

sourced annotations for each image, which means that the original one-class label annotations can be 

replaced with richer label distributions. The dataset consists of 35,887 facial images with 48 x 48 pixels 

in resolution. Multiple annotations help reduce label ambiguity and noise. Nevertheless, there are several 

drawbacks of FER2013, which are inherited by FER+, such as poor image resolution, varying image 

quality, and difficult task of capturing emotions in unconstrained conditions [50].  

FER24-CK+ dataset was proposed by Yalçin and Alisawi [51] in 2024 through augmenting the initial 

FER2013 dataset and its integration with the Extended Cohn-Kanade (CK+) dataset. First, the authors 

conducted analysis and preprocessing of the FER2013 dataset in order to resolve problems with quality 

and misclassification, and further increased the number of emotions in order to enrich representation of 
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facial expressions. The enhanced FER24-CK+ dataset was augmented through additional preprocessing 

and data augmentation to increase the quality and balance of the dataset. The authors described 

experiments with both 7-emotion and 10-emotion setups, where the 10-emotion version comprised 

72,000 samples after augmentation and balancing [51]. 

The JAFFE dataset of Japanese female facial expressions was created by Lyons et al. [52] , [53]. This 

dataset is one of the initial benchmark datasets for recognizing facial expressions. It has a total of 213 

gray-scale images of faces of 10 Japanese females, where each subject performed seven different facial 

expressions including six basic emotions, and the images were taken under the controlled environment 

of the laboratory[52]. 

Our planned study uses the FER24-CK+, FER+, and CK+ datasets to identify facial emotions [51]. As 

seen in Fig. 6, the dataset comprises over 35,000 facial images labeled with eight basic emotions (happy, 

sad, angry, surprise, contempt, fear, disgust, and neutral) for the FER+ dataset and over 72,000 facial 

images labeled with ten emotions (happy, sadness, angry, surprise, contempt, fear, disgust, neutral, 

sleepy and confused) for the FER24-CK+ dataset [51], as shown in Table 2. 

Table 2. Datasets CK+, FER+, JAFFE and FER24-CK+ used in this work, with description 

Dataset Name Expressions Number of images per class Sum of 

Images 

Resolution 

FER24-CK+ (10 

emotions) 

Angry / Disgust / Fear / Happy / Sad / 

Surprise / Neutral / Contempt / Sleepy / 

Confused 

7,200 each 72,000 – 

FER+ (8 

expressions) 

Angry / Disgust / Fear / Happy / Sadness / 

Surprise / Neutral / Contempt 

3,995 / 436 / 4,097 / 7,215 / 

4,265 / 4,002 / 6,198 / 

3,546 

35,887 48x48 

CK+ Angry / Disgust / Fear / Happy / Sad / 

Surprise / Contempt 

135 / 177 / 75 / 207 / 84 / 

249 / 54 

981 – 

JAFFE Sadness / Disgust / Surprise / Fear / 

Neutral / Anger / Happiness 

31 / 29 / 30 / 32 / 30 / 30 / 

31 

213 – 

 

The images are of all sizes and resolutions and include profiles of people of different ages, genders, and 

nationalities. The photographs were taken from websites that were open to the public in order to create 

the dataset. After that, the pictures were meticulously labeled. At least three different labelers marked 

each image, and their task was to determine which emotion was most prominent in the picture. A 

validation set was created by personally verifying the labels of a selection of the photos in order to 

ensure the dataset’s integrity. The dataset was also pre-processed to standardize the image sizes and 

convert them to grayscale in order to lower computational complexity. 
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Fig. 6. Examples of facial expressions in the FER+, FER24-CK+, CK+, and JAFFE datasets. 

5   Results and Discussion 

5.1 Evaluation metrics 

For the assessment of the ViXNet model’s performance, four measures of classification are used: 

accuracy, precision, recall, and F1 score. The latter ones are calculated based on the values from the 

confusion matrices presented in Figures 7-10 and are defined below for any expression class. The 

metrics are represented by: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (3) 

TP (True Positive): Samples that are rightly classified as members of the class. 

TN (True Negative): Samples that are rightly classified as non-members of the class. 

FP (False Positive): Samples wrongly classified as members of the class. 

FN (False Negative): Samples that belong to the class and are wrongly classified. 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (4) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (5) 

 𝐹1-𝑠𝑐𝑜𝑟𝑒 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

Accuracy is the ratio of images classified correctly out of the total test images and hence gives an idea 

about the behavior of the model as a whole. Precision shows the reliability of the predictions of the 

particular emotion, that is, the percentage of samples predicted to belong to a particular class that 

actually do belong to that class. Recall shows the capability of the model to capture all samples 

belonging to a particular expression, that is, the percentage of samples belonging to that class that are 

captured. F1-Score is the harmonic mean of the precision and recall. It punishes any difference between 

the two and hence is more informative than accuracy for imbalanced classes. 

5.2 Deep Learning Results 

Assessing the trained model is essential to figuring out how effective it is. We evaluated the model using 

accuracy and other performance metrics in this investigation. Ten emotion categories, happy, sad, angry, 

disgusted, fearful, surprised, neutral, contemptuous, drowsy, and confused, are employed by the model 
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to categorize the images. A test set that was previously held out from the dataset is used to assess the 

model. The trained model was evaluated on the held-out test set using accuracy and other classification 

metrics. The percentage of correctly categorized test images compared to the total number of test images 

is known as accuracy. This method offers a more thorough comprehension of how well the model 

performs for every emotion category. 

Researchers can gain a greater understanding of human emotions and intentions by utilizing the 

abundance of nonverbal information provided by facial expressions. Our investigation’s methodology 

proved successful in recognizing human facial expressions. To further explain and validate our findings, 

we analyzed the proposed approach’s performance across the four facial expression datasets. We used 

Xception-ViT for this experiment; Table 3 shows the simulation results with Python 3 as the tool. 

Table 3. Comparison of the built model 

Dataset Algorithm Epochs Activation Accuracy 

CK+48 Xception-ViT 50 gelu 100% 

FER+ Xception-ViT 50 gelu 92.80% 

FER24-CK+ Xception-ViT 30 gelu 96.11% 

JAFFE Xception-ViT 100 gelu 95.94% 

 

Intricate and delicate insights into emotion recognition are obtained by applying different deep learning 

architectures to the FER+, CK+, and modified FER24-CK+ datasets (Table 3). In all cases, the Xception-

ViT model shows a limited capacity to adjust to the more complex emotion classifications offered by 

FER24-CK+. As the complexity of their topologies increased, Xception-ViT models demonstrated only 

slight advances in accuracy. 

5.3 Deep Learning Performance 

In this work, we evaluated the suggested architecture’s performance on three image datasets: JAFFE, 

CK+, and FER+. The variety of emotions offered by these well-known datasets in the field of facial 

emotion identification enables us to evaluate the model’s generalization and robustness. 

The classification performance metrics are presented in Tables 4, 5, 6 and 7, including precision, recall, 

and F1-score for each class: 

Table 4 represents results obtained on FER24-CK+, with an overall accuracy of 96.11%. We observed 

that class sleepy had the highest values for precision, recall, and F1-score (99%, 100%, and 100%, 

respectively), while class sad had the lowest values (92%, 92%, and 92%). 

Table 5 depicts findings on FER+, showing that the model’s exact annotations and well-defined 

expressions improved classification performance, as seen by its overall accuracy of 93%. 

Table 6 refers to results on CK+, where the model achieved an overall accuracy of 100%, demonstrating 

better classification performance due to precise annotations and well-defined expressions. 

Table 7 states the results on JAFFE; the model’s overall accuracy was 96%, indicating improved 

classification performance as a result of accurate annotations and clearly defined expressions. 

The macro and weighted averages for F1-score, precision, and recall are also shown in Tables 4, 5, 6, 

and 7. The performance study performed on these four datasets showed that the model’s performance 

improved, demonstrating that multi-dataset training enhances the model’s capacity to adapt to variations 

in facial expressions. 

Table 4. Classification performance metrics for the FER24-CK+ dataset 

Class Precision (%) F1-Score (%) Recall (%) 

Sad 92 92 92 

Fear 94 95 96 

Happy 97 96 95 
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Class Precision (%) F1-Score (%) Recall (%) 

Surprise 96 96 97 

Angry 96 94 93 

Disgust 98 98 98 

Neutral 94 94 93 

Contempt 98 99 99 

Sleepy 99 100 100 

Confused 97 98 98 

 
Table 5. Classification performance metrics for the FER+ dataset 

Class Precision (%) F1-Score (%) Recall (%) 

Sadness 87 90 92 

Fear 76 84 95 

Happiness 97 97 98 

Surprise 94 93 93 

Anger 84 89 95 

Disgust 80 31 19 

Neutral 96 93 91 

Contempt 69 75 81 

 
Table 6. Classification performance metrics for the CK+ dataset 

Class Precision (%) F1-Score (%) Recall (%) 

Sadness 100 100 100 

Fear 100 100 100 

Happy 100 100 100 

Surprise 100 100 100 

Anger 100 100 100 

Disgust 100 100 100 

Contempt 100 100 100 

 
Table 7. Classification performance metrics for the JAFFE dataset 

Class Precision (%) F1-Score (%) Recall (%) 

Surprise 100 67 50 

Fear 100 100 100 

Neutral 100 100 100 

Anger 100 100 100 

Disgust 100 100 100 

Happiness 100 100 100 

Sadness 80 89 100 

 

5.4 Confusion Matrix 

A particular table arrangement that shows how well an algorithm performed in the classification task is 

called the confusion matrix, a tabular representation often referred to as an error matrix. In the confusion 

matrix, the actual class is represented by each column, while the predicted class is represented by each 

row (or vice versa). This indicates whether a FER system is confused between recognizing two classes, 

as the name implies (i.e., frequently forecasting one class as another). Figures 7-10 display the confusion 
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matrix of the recognition accuracy for distinct facial expressions on the FER24-CK+, JAFFE, FER+, 

and CK+ datasets respectively. 

 
Fig. 7. Confusion matrix of the proposed method on the FER24-CK+ dataset. 

 
Fig. 8. Confusion matrix of the proposed method on the JAFFE dataset. 
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Fig. 9. Confusion matrix of the proposed method on the FER+ dataset. 

 
Fig. 10. Confusion matrix of the proposed method on the CK+ dataset. 
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5.5 Model Training, Validation Accuracy 

 
Fig. 11. Model training and validation accuracy for the FER24-CK+ dataset. 

 
Fig. 12. Model training and validation accuracy for the CK+ dataset. 
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Fig. 13. Model training and validation accuracy for the FER+ dataset. 

 
Fig. 14. Model training and validation accuracy for the JAFFE dataset. 

The proposed deep learning model aims to accurately classify facial expressions and to accurately 

identify facial expressions. The built-in Xception-ViT architecture forms the basis of this facial 

expression detecting system. We trained the model using a dataset of images that included a wide range 

of facial expressions in order to test how well it could recognize them. The model was then tested using 

four different datasets to determine the performance of the model. Out of the four FER models, the 

Xception-ViT model performed well, attaining an accuracy of 92.80% on the FER+ dataset. 

For FER24-CK+, the model’s validation accuracy increased to 96.11%. We compared the performance 

of the proposed model with that of previously reported methods in order to assess how well our face 

emotion recognition utilizing the Xception-ViT model performed. 
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5.6 Comparison to Previous Work 

Table 8 compares the best result obtained by our model with the best results reported in previous studies. 

Table 8. Comparison to previous work 

Dataset Method Ref Year Accuracy 

CK+ ViT + SE [54] 2021 99.80% 

CK+ GCF [55] 2024 100% 

CK+ Proposed Xception-ViT —- 2026 100% 

FER+ PSR [56] 2020 89.75% 

FER+ MSAFNet [57] 2025 89.82% 

FER+ Proposed Xception-ViT —- 2026 92.80% 

JAFFE ConvNet [58] 2022 92.05% 

JAFFE DCNN-BiLSTM [59] 2025 95.87% 

JAFFE Proposed Xception-ViT —- 2026 95.94% 

FER24-CK+ EfficientNetB7 [51] 2024 78.90% 

FER24-CK+ EfficientNetB7-CNN [51] 2024 81% 

FER24-CK+ Proposed Xception-ViT —- 2026 96.11% 

 

We contrast the best approach from earlier research with our best model, Xception-ViT with offline 

augmentation and dropout regularization. It is demonstrated that the accuracy rate of our results was 

higher than that of earlier studies. 

The findings also revealed that the Xception-ViT model delivered enhanced performance after training 

on the FER24-CK+ dataset. As shown in Table 4, the trained model exceeded the performance of the 

pre-trained model. Consequently, our results highlight the superiority of the Xception-ViT model in 

producing more accurate predictions. The model demonstrated notable improvements in precision, 

recall, accuracy, and loss. Although the training began with modest metrics, the model gradually 

achieved a final accuracy of 96.11% over successive epochs. When compared to other cutting-edge 

methods, our proposed Xception-ViT approach achieved the highest recognition performance, 

outperforming the most recent top results [20]. 

6   Conclusion 

To sum up, the suggested approach can be applied to real-time emotion recognition in a number of 

fields, such as robotics, virtual reality, and human-computer interaction. Future work could investigate 

stronger data augmentation strategies, more systematic hyperparameter optimization, and subject-

independent evaluation protocols. In general, the experimental results indicate that the proposed model 

is a promising approach for facial expression recognition; we have successfully trained a deep learning 

model to identify emotions from facial expressions using Xception-ViT. 

We enhanced the performance of existing systems for image emotion analysis by modifying the 

hyperparameters of the XceptionNet architecture trained on the CK+, FER+, and FER24-CK+ datasets. 

These models outperform the current models according to the XceptionNet approach. Recent years have 

seen a large adoption of transfer learning models in picture sentiment analysis, with multiple articles 

presenting an end-to-end approach to image sentiment research. Despite sentiment analysis’s 

importance, there appears to be a lot of space for development. Experiments have led us to the conclusion 

that this method could be used to extract emotions from a user’s facial expression in real time. 

Furthermore, these methods would use an image shared on any social networking site to infer a user’s 

mood. More advanced techniques may be created to handle enormous volumes of image data because 

transfer learning models have been shown to function better when there are fewer photos in the dataset. 

In the future, new transfer learning-based techniques for automatically adjusting hyper-parameters 

might be created. 
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