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Abstract


Facial emotion recognition has become increasingly important in healthcare, where understanding delicate cues like pain, discomfort, or unconsciousness can support more timely and responsive care. Yet, recognizing facial expressions in real-world settings remains challenging due to varying lighting, facial occlusions, and hardware limitations in clinical environments. To address this, we propose TriViT-Lite, a lightweight yet powerful model that blends three complementary components: MobileNet, for capturing fine-grained local features efficiently; Vision Transformers (ViT), for modeling global facial patterns; and handcrafted texture descriptors, such as Local Binary Patterns (LBP) and Histograms of Oriented Gradients (HOG), for added robustness. These multi-scale features are brought together through a texture-aware cross-attention fusion mechanism that helps the model focus on the most relevant facial regions dynamically. TriViT-Lite is evaluated on both benchmark datasets (FER2013, AffectNet) and a custom healthcare-oriented dataset covering seven critical emotional states, including pain and unconsciousness. It achieves a competitive accuracy of 91.8% on FER2013 and of 87.5% on the custom dataset while maintaining real-time performance (~15 FPS) on resource-constrained edge devices. Our results show that TriViT-Lite offers a practical and accurate solution for real-time emotion recognition, particularly in healthcare settings. It strikes a balance between performance, interpretability, and efficiency, making it a strong candidate for machine-learning-driven pattern recognition in patient-monitoring applications.
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1. Introduction


Over the last couple of decades, Facial Emotion Recognition (FER) has played a key role initially in image-processing-based applications and now in computer vision (CV) and artificial intelligence (AI), facilitating domains such as healthcare, security monitoring, and human–computer interaction, etc. Emotions are fundamental features of humans that play an important role in social communication, recognizing emotions from any cues is a cumbersome task as expressing emotions depends on the interlocutors’ cultures [1,2]. The field of FER initially relied on handcrafted feature extraction methods, such as Principal Component Analysis (PCA) and Local Binary Patterns (LBP). PCA was effective for dimensionality reduction, but it struggled to capture unique emotions under real-world conditions, while LBP performed well in analyzing facial textures [3]. Human express emotion in various ways, including facial expression, speech, and body language [4,5,6,7]. With the rise of deep learning, Convolutional Neural Networks (CNNs) have revolutionized the domain of FER. CNN architectures like ResNet achieved higher accuracy by learning features directly from raw data [8,9] Vision Transformers (ViTs) overcame many limitations of CNNs by using self-attention mechanisms to capture both local and global dependencies across images [10]. Unlike CNNs, ViTs treat each image as a sequence of patches, enabling them to better analyze relationships between distant facial regions and it is interesting that, in the case of facial expressions, the lips and eyes provide the most cues, whereas other facial features, such as the ears and hair, play a small role.



The advancement of Smart Healthcare System demands a real-time FER to monitor patients’ emotional states, particularly for detecting pain or unconsciousness in individuals who may not be able to communicate verbally, and brings highly needed novelty towards this area. Facial expressions in the form of frames/images were used as an input modality for recognizing the emotional state of a human emotion, and we used state-of-the-art datasets of FER2013 [11] and AffectNet [12], along with our own custom datasets collected according to the setting of patient’s facial expression. To address the computational demands of ViTs, Liu et al. introduced the benefits of global feature extraction while reducing the computational burden and achieved notable performance on datasets like FER2013 and AffectNet [13].



This work presents an advancement of our previously published work on publicly available datasets [9], and the current version is one part of our complete smart healthcare mobile robot system, in which monitoring patient’s emotional state is implemented at the first stage; hardware for the mobile pickup robot can be seen in Figure 1. With this motivation in our study, we introduced TriViT-Lite, which combines MobileNet for local feature extraction with Vision Transformer components to capture global dependencies and LBP as handcrafted features to capture the high- and low-level points of patient emotions beneficial for healthcare use [9,14,15]. This integration enhances the model’s ability to capture fine-grained local details (e.g., eyebrow curvature, mouth movements) alongside global spatial relationships (e.g., coordination between the eyes and mouth), which is critical for accurate recognition of unique facial emotion, i.e., painful and unconscious. MobileNet is specifically chosen for its ability to efficiently capture fine-grained, localized features, such as eyebrow curvature and subtle muscle movements, which are essential for distinguishing delicate emotions. Its depthwise separable convolutions significantly reduce computation, enabling the model to operate efficiently. LBP and HOG add robustness in challenging conditions like low light or partial occlusion by capturing textural and edge details that might be overlooked by deep features alone. LBP encodes micro-patterns in facial textures, while HOG describes shape and orientation information. ViT contributes by modeling global dependencies across distant facial regions through self-attention mechanisms. This is critical for recognizing emotions that involve coordinated changes in multiple facial areas (e.g., the simultaneous movement of eyes and mouth for fear). A key factor of TriViT-Lite is its features fusion for cross-attention mechanism [16], which integrates local and global along with handcrafted features to enhance the recognition of complex emotions, such as painful or unconscious states. The cross-attention mechanism plays a key role in focusing on the most relevant information across multiple feature types. Apart from publicly available datasets, we also created a custom healthcare dataset consisting of seven emotions altogether, with two unique emotions of painful and unconscious solely advancing the healthcare industry.



The remainder of this paper is organized as follows: Section 2 reviews related work in FER and transformer-based architectures. Section 3 describes the proposed model. Section 4 outlines the experimental setup and the results and ablation study, while Section 5 offers Discussions and Conclusions and suggestions for future research.




2. Related Work


The foundational method in facial recognition was Principal Component Analysis (PCA), developed by Turk et al. via introducing the “Eigenfaces” technique [17]. Subsequent to PCA, further texture-based techniques such as Local Binary Patterns (LBP), introduced by Ahonen et al., enhanced the robustness of FER systems, specifically for controlled contexts. LBP functioned by encoding local texture patterns from facial pictures into binary sequences, providing improved classification of facial emotions across varying illumination conditions [15]. As FER systems required the handling of significantly larger datasets and the implementation of real-time performance, the deficiencies of conventional machine learning became apparent, prompting a transition to deep learning methodologies. Krizhevsky et al. demonstrated the power of CNNs with the introduction of AlexNet, which achieved groundbreaking results on large-scale datasets like ImageNet [18]; later, CNNs were quickly applied to FER tasks, where they outperformed traditional methods. Building on the success of AlexNet, Simonyan and Zisserman et al. developed VGGNet, a deeper architecture that enabled more granular feature extraction, resulting in improved performance for facial recognition tasks [19]. The deeper layers in VGG-Net captured more detailed facial features, which is especially important in FER, where unique emotions often require a higher degree of feature granularity. He et al. introduced ResNet, addressing the vanishing gradient problem through residual connections. ResNet’s ability to train deeper networks while maintaining accuracy was crucial in handling complex FER data, allowing it to achieve state-of-the-art performance on benchmark datasets like FER2013 and AffectNet [8].



To overcome CNN limitations, Dosovitskiy et al. built Vision Transformers (ViTs) for visual tasks by treating images as sequences of patches utilizing attention mechanisms, unlike CNNs’ convolutional filters [9]. In tasks demanding long-range relationship modeling, such as face Emotion Recognition (FER), where unique emotions are often spread across numerous face areas, Vision Transformers (ViTs) outperform CNNs. Khan et al. found that Vision Transformers (ViTs) outperformed Convolutional Neural Networks (CNNs) in distinguishing unique responses that require both diligent local features information and extensive global details [20]. ViTs are ideal for practical FER activities because they can capture local and global correlations. However, the global attention mechanism employed by ViTs augment computational overhead, presenting ViTs in increased computational cost, making scalability and practicality in real-time FER systems challenging. To address the computational limitations of ViTs, Liu et al. proposed the Swin Transformer, which reduces computational costs through a hierarchical architecture and shifted window attention [13]. The Swin Transformer divides an image into smaller windows and applies attention within these windows, shifting them across layers to efficiently capture both local and global dependencies. Afterwards, this type of configuration makes the ViTs well-suited for real-time in volatile settings, i.e., healthcare, FER applications require continuous patient monitoring. Early on video-based face emotion recognition techniques used CNNs with RNNs or LSTM networks to record emotion temporal progression. The Former-DFER model by Zhao et al. addresses these concerns by combining Convolutional Spatial Transformers (CST) and Temporal Transformers (TT) [21]. Baltrusaitis et al. highlight models which perform well in video-based face classification tasks, especially in recognizing evolving emotions like fear, anger, and disgust that develop over time. Such multimodal approach improves the accuracy of FER, especially in dynamic environments where visual cues alone may be insufficient [22]. Gowda et al. developed the FE-Adapter, a real-time FER model specifically designed for healthcare environments [23]. By adapting pre-trained emotion classifiers for video-based FER, the FE-Adapter enables continuous monitoring of patients’ emotional states with minimal computational resources.



Although the abovementioned architectures have demonstrated strong results in facial emotion recognition, they face limitations in real-time applications where computational efficiency is critical. In contrast, our TriViT-Lite combines MobileNet’s efficiency with Vision-Transformer-based global feature extraction, achieving state-of-the-art results while maintaining low computational overhead, making it ideal for proposed tasks in the recognition of patients’ emotions in healthcare industry.




3. Materials and Methods


3.1. Dataset


To evaluate the methodology of this study, we used three different types of datasets, and two of them are publicly available, namely FER2013 and AffectNet. We also collected a custom dataset, and the details are discussed in subsequent sections.



3.1.1. Data Collection and Preprocessing


The custom dataset was created from real-time video recordings in accordance with the patient situation, where it is taken into consideration that in real time, the patients were continuously monitored using high-definition cameras. Keeping in mind that patients could be from diverse demographic backgrounds, representing various ethnicities, genders, and ages diversity, an example of real-time video frames can be seen in Figure 2 (with consent of the focal people). To simulate real-world monitoring scenarios, we intentionally introduced variability in facial features, such as different skin tones, facial hair, large and small eyes, and varying facial structures (i.e., bearded and shaved, etc.). Additionally, the data were collected under a range of lighting conditions, from well to low-light environments. The emotional states of the patients were recorded across seven categories, including neutral, happy, sad, disgust, fear, painful, and unconsciousness. These emotions were annotated and then ensured by the expert in healthcare for the accuracy of the labels used for training. To enhance the diversity and generalization of the dataset, real-time collected data were merged with some of the publicly available data available on various platforms, but just including the training samples, and results were obtained on a separate list of testing datasets for our custom dataset, FER2013 and AffectNet. To further diversify the data, emotions were captured under different head poses, lighting conditions and facial expressions. In total, almost 500 video segments were collected, with each segment having 30 frames per second, which were later increased to a larger amount after data augmentation and are discussed in a further subsection.




3.1.2. FER2013


The FER2013 [11] dataset consists of 35,887 images, originally compiled for facial emotion recognition tasks. To fit our custom dataset, we chose the categories of happy, sad, disgust, fear, and neutral for our study. For evaluating the model in controlled settings with illumination and facial occlusion, FER2013 provides a high benchmark. About 34% of the total photos fall into the happy category, compared to for the sad, disgust, fear and neutral categories, respectively. We can assess the model’s capacity to manage uneven class distributions according to this minimal imbalance. This dataset supplemented our data in categories such as happiness, sadness, fear, and neutrality, sample shown in Figure 3 [11].




3.1.3. AffectNet


There are more than a 0.4 million manually labelled photos of facial emotions in the AffectNet dataset [12]. In order to improve our testing and training procedures, we chose 50,000 images from the categories of happy, sad, disgusted, fear, and the neutral sample shown in Figure 4 [12]. This dataset is ideal for testing the robustness of the model since it includes a wide range of emotions in uncontrolled settings with different lighting, occlusion, and head positions. Compared with custom dataset where all the emotions are distributed rather evenly, although there is minor unbalancing with AffectNet, with neutral, sad, and happy emotions being more common here with a greater number of samples. This variation enables us to evaluate the model’s capacity to manage imbalanced data also.




3.1.4. Custom Dataset


The custom dataset focused on delicate and clinical expressions (such as painful and unconscious) and complements the FER2013 and AffectNet datasets, which contain broader emotional categories captured under more controlled and uncontrolled settings, respectively. The custom dataset consists of nearly 500 video segments collected in authentic clinical settings, each recorded at 30 frames per second. We utilized data augmentation techniques and data synthesis to increase the effective dataset size, hence ensuring rigorous model training. Furthermore, the collected data were thoroughly balanced to guarantee equitable representation, i.e., every person equally contributed to collect all seven emotions keeping care of their data privacy. Following data augmentation and frame selection procedures, the final dataset comprises a total of 13,200 annotated face images distributed across six emotional categories as follows: neutral (2900), happy (2300), sad (2000), fear (1800), pain (2100), and unconscious (2100). This distribution reflects the genuine prevalence of each emotion observed during data collection rather than an artificially balanced sample. Stratified sampling was used to partition the dataset, with approximately 80% of frames from each category assigned to the training set and 20% to the test set, thus preserving the natural proportions across both subsets. Additional details on the augmentation process and final per-class sample counts are provided in the subsequent subsection. To achieve cross-domain learning, we used domain adaptation techniques to align the feature distributions between the datasets.




	
Feature Alignment: During training, a shared embedding space was learned to map samples from both the custom dataset and public datasets into a unified representation space.



	
Loss Function Regularization: A weighted cross-entropy loss was applied to encourage the model to balance its performance across domains. The modified loss function is given by the following:










    L   t o t a l   = α .   L   c u s t o m   +   1 − α   .   L   p u b l i c    



(1)




where     L   c u s t o m     and     L   p u b l i c     are the individual losses for the custom and public datasets, and α ∈ [0, 1] controls the contribution of each dataset to the total loss. This approach ensures that the model benefited from the strengths of each dataset while learning to generalize across both healthcare and general-use cases.



By merging the real-time collected data with these publicly available datasets, we ensured that the FER system would generalize well across diverse facial features, lighting conditions, and environmental contexts. The FER2013 and AffectNet datasets expanded the range of emotions and facial expressions for model training, allowing the system to identify complex emotional states across ethnicities.




3.1.5. Preprocessing Pipeline


The custom dataset was thoroughly preprocessed to ensure uniformity and reduce noise. The following tasks were carried out:




	
Face Detection: Multi-task Cascaded Convolutional Networks (MTCNNs) were implemented to detect and obtain facial regions from video frames. The MTCNN was optimal for preprocessing as it can effectively handle variation in head posture and lighting changes. Only the face was extracted to retain solely the facial area from each frame while eliminating background interference.



	
Normalization: All facial frames were scaled to 224 × 224 pixels for model input uniformity. Pixel values were standardized to [0, 1] for faster and more reliable training.



	
Data Augmentation: To increase the variability of the dataset, augmentation techniques such as random cropping, rotation, flipping, and brightness/contrast adjustments were applied. These augmentations account for natural variations in facial poses and lighting, particularly in healthcare settings where lighting may vary. This step is critical to ensuring the model’s robustness in real-world conditions.



	
Emotion Labelling: A semi-supervised approach was employed for annotating the real-time dataset. Initially, the two unique emotions were labelled carefully based on experts’ considerations and their observations, and these annotations were further refined using active learning techniques. Other common emotions like in public datasets that were pre-labelled and integrated with the real-time data through consistent label alignment.



	
Temporal Alignment: To capture the evolution of emotions over time, frames were segmented into continuous sections where transitions between emotional states (all seven considered emotions) were explicitly labelled. This temporal annotation ensures that the model can recognize unique changes in facial expressions as patients’ emotional states shift during video monitoring.








Finally, dataset consisting of frames and including both real-time and publicly available data, evenly distributed across seven emotion categories is preprocessed. The integration of real-time data and established FER datasets guarantees that the system can handle a wide variety of facial expressions and conditions, making it suitable for real-world applications in healthcare.





3.2. Proposed TriViT-Lite Model


In the following subsections, all the four important constituents of our proposed TriViT-Lite model are discussed in detail.



3.2.1. Proposed Architecture Overview


The TriViT-Lite model is developed to address the challenges faced by facial emotion recognition (FER) systems in real-world applications. FER systems often need to operate under varying conditions, such as changes in lighting, head pose, or partial occlusion of the face, while maintaining high accuracy and real-time performance. Many existing models struggle with these limitations, particularly when emotions are delicate or when the system is operating in resource-constrained environments, like embedded systems or mobile devices [15,16,17,18,19,20,21,22]. TriViT-Lite uses a framework that involves several key components combining local, global, and texture-based features in order to achieve a high degree of accuracy and efficiency. For a given face extracted from the video feed, represented by an RGB image     I   R G B     of dimensions   H × W × 3  , we first derive its local and texture-specific features using the feature extraction block of MobileNet. The MobileNet framework employs two distinct backbones as one processes the RGB input, and the other handles the corresponding texture image, which is represented as   H × W × 1  . We first obtain its local features, and then we secondly obtained the texture feature with the image size of   H × W × 1  . In our framework,     I   h a n d c r a t e d     are the initial feature maps generated from LBP and HOG applied to each input face image, representing handcrafted texture and edge information. Meanwhile,     f   h a n d c r a f t e d     are the deeper feature representations obtained by passing     I   h a n d c r a t e d     through a convolutional network branch, capturing more abstract patterns from the handcrafted features with the size of H × W × 3 for both, respectively. Particularly, we employ the Depthwise and Pointwise convolution for local features and the first four phases of MobileNet as the backbone to extract feature maps of texture image as     f   h a n d c r a f t e d    .



On the parallel side, for the Vision Transformer (ViT) block, recent studies demonstrate that incorporating CNN-based downsampling at the initial stage of the Transformer network significantly enhances performance. Hence, the input undergoes a CNN-based stem layer, which performs downsampling via convolutional and max-pooling operations, reducing the spatial resolution to half of the input size while capturing shallow image information efficiently. Other than that, the position embeddings at initialization time carry no information about the patches’ 2D positions. To address this, we create the input sequence from the feature maps produced by the CNN backbone. The embedding of this feature map is obtained by adding positional embeddings to a linear projection of the CNN output. To obtain valuable results in capturing global features, which are valuable in recognizing all seven facial emotions, we further enhance the entire network performance by using pre-trained weights from the MS-Celeb-1M dataset [24], ensuring robust feature learning from large-scale face recognition data.



To ensure that the model’s three streams local, global, and handcrafted features do not operate in isolation, we designed a dedicated fusion block to unify and exploit their complementary strengths. After individual extraction, feature maps from MobileNet (local features), ViT (global features), and the handcrafted LBP and HOG streams are concatenated along the channel dimension. Later, the output of ViT and MobileNet is passed through the 1 × 1 conv-layer and processes into the feature fusion block, while without having loss of generalization, the feature fusion block utilized to combine the features extracted from the local, global, and handcrafted features. By dynamically adjusting the feature weights, the fusion block directs the network’s attention towards discriminative features that are critical for enhancing emotion recognition accuracy. The fusion weights are derived from a global–local representation mechanism, which effectively combines global context with localized information to refine expression recognition. Afterwards, we feed these features from global and local representation into the 1 × 1 conv-layer where the output of these two features is added with handcrafted features     f   h a n d c r a f t e d    , which in the end are flattened to a linear projection and a learnable classification token is added. Positional embeddings are also added at this stage to retain spatial information within the representation. The resulting embeddings are further passed into a multi-layer encoder, where a cross-attention mechanism executed, which is described in detail in subsequent sections, facilitating the effective unification of multi-scale features. Finally, a fully connected layer followed by a softmax activation function is employed to generate probability distribution over facial expression classes, as accordingly shown in shown in Figure 5. The further subsections provide a more detailed breakdown of each part of the architecture.




3.2.2. Local Feature Extraction with MobileNet


The first component of the TriViT-Lite model is the MobileNet [14], a lightweight CNN that is designed to efficiently extract local features from facial images; configuration is shown in Figure 6. CNNs are well-known for their ability to capture local structures, such as the edges of the mouth or the curve of the eyebrows, which are important for recognizing facial expressions. However, traditional CNNs can be computationally expensive, especially when used in deep architectures with many layers. MobileNet addresses this issue by using a technique called depthwise separable convolutions, which splits the standard convolution operation into two steps:



	
Depthwise Convolution: In the depthwise convolution operation, a single convolutional filter is applied independently to each input channel, allowing the model to capture spatial features in each channel separately. Let the input feature map be denoted by   X ∈   R     H × W × C   i n      , where   H  ,   W  , and     C   i n     are the height, width, and the number of input channels, respectively. The depthwise convolution applies a unique filter     W   d e p t h     c     ∈   R   k × k     of kernel size   k × k   to each channel   c  . The output of the depthwise convolution at position   ( i , j )   in the   c  -th channel of the resulting feature map is given by the following:








    Y   d e p t h     c       i , j   =   ∑  u = 0   k − 1      W   d e p t h     c       u , v     .   X     c       i + u , j + v    



(2)




where     X     c       is the c-th input channel of   X  , and     W   d e p t h     c     ( u , v )   represents the value at position   ( u , v )   of the   c  -th filter. In this configuration, an additional layer is introduced, which performs a linear combination of the outputs from the depthwise convolution using a 1 × 1 convolution. This layer is essential for creating new features by effectively integrating information across the filtered channels.



	
Pointwise Convolution: Following depthwise convolution, pointwise convolution is used to combine information across channels. For each output channel m, the pointwise convolution is formulated as follows:


    Y   p o i n t     m       i , j   =   ∑  c = 0     C   i n   − 1      W   p o i n t     m , c       .   Y   d e p t h     c       i , j    



(3)










Here,     Y   p o i n t     m       represents the output of the pointwise convolution for the m-th output channel, while     W   p o i n t     m , c     ∈   R   1 × 1     is the 1 × 1 convolutional filter weight connecting the   c  -th input channel to the   m  -th output channel. The depthwise layer is primarily responsible for filtering individual channels, while the pointwise layer combines the resulting feature maps across different channels. This decomposition of operations significantly reduces the computational cost compared to standard convolution. Using   N   convolutional kernels, feature maps are produced. However, this approach incurs a computational cost as outlined in [14]. The combination of these two steps greatly reduces the number of parameters and computations needed to process the input, making the MobileNet backbone highly efficient while retaining the ability to learn important local features. Formally, if the input image is   I ∈   R   H × W × C    , where   H ,   W   a n d   C   represent the height, width, and number of channels, the depthwise convolution can be expressed as follows:


    D   K   ·   D   K   · M · N ·   D   F   ·   D   F    



(4)







Depthwise separable convolution consists of two consecutive operations: a depthwise convolution and a pointwise convolution. Together, these operations significantly reduce computational complexity, with the total computational cost expressed as follows:


    D   K   ·   D   K   · M · N ·   D   F   ·   D   F   + M · N ·   D   F   ·   D   F    



(5)







Equation (4) gives the computational cost for a standard convolutional layer, while Equation (5) represents the sum of the costs for depthwise and pointwise convolutions as used in MobileNet’s depthwise separable convolution, where     D   K     represents the kernel size of the convolutional filter,   M   denotes the number of input channels to the convolution layer,   N   is the number of output channels, and     D   F     indicates the spatial dimension (height or width) of the feature map after convolution. The computational efficiency of depthwise separable convolution compared to standard convolution can be expressed by the following ratio:


       D   K   ·   D   K   · M ·   D   F   ·   D   F   + M · N ·   D   F   ·   D   F       D   F   ·   D   F   + M · N ·   D   F   ·   D   F      =    1   N    +    1     D   K   2       



(6)







The combined operation of depthwise and pointwise convolutions in MobileNet reduces computational complexity compared to standard convolution, as the computational cost.




3.2.3. Handcrafted Features with LBP and HOG


The integration of LBP and HOG features into TriViT-Lite is performed through a multi-step process to ensure alignment and maximize the information extracted from facial images. For each preprocessed face image, we compute LBP and HOG descriptors using standard algorithms. The LBP map captures local texture variations by encoding the relationship of each pixel to its neighbors, while the HOG map summarizes gradient orientations to highlight structural edges. Both the LBP and HOG maps are resized and spatially aligned to match the dimensions of the original input image. This ensures that each pixel in the texture maps corresponds precisely to the same spatial location as in the RGB image. The original RGB image, along with its corresponding LBP and HOG maps, are each passed through separate but structurally identical MobileNet-based streams. This parallel extraction allows each channel type color, local texture, and edge structure to contribute unique feature representations without interference, which is explained in detail subsequently.




	
Histogram of Oriented Gradients (HOG): The Histogram of Oriented Gradients (HOG) descriptor characterizes features by analyzing the distribution of gradient orientations within specific regions of an image. It achieves this by dividing the image into a grid of cells and computing the gradients within each cell. Originally proposed by Dalal and Triggs [25], HOG operates on the intensity (grayscale) function, denoted as   I  , which represents the image under analysis. In Figure 7a, the image is divided up into   K × K   pixels cells. For the x-axis:     G   x   = I   x + 1 ,   y   − I   x − 1 ,   y   ;   and for the y-axis:     G   y   = I ( x ,   y + 1 ) − I ( x ,   y − 1 )  , by the following equation, gradient magnitude can be denoted as follows:


    M   ( x , y )   =    G   x   2   +   G   y   2     



(7)












And the gradient’s Q (x, y) orientation is calculated in each pixel as in Figure 7b,c:


    Q   ( x , y )   =     tan   − 1            G   x       G   y           



(8)







An M-bin histogram of orientations is constructed by calculating the gradient orientation for each pixel and accumulating these values accordingly, as illustrated in Figure 7d,e. To form the final feature vector, the histograms from all cells are concatenated into a single vector, as depicted in Figure 7f [15]. Studies have shown that HOG is effective for detecting fine facial features in image processing and computer vision algorithms [26].



	
Local Binary Patterns (LBP): This is a texture descriptor, which is useful for analyzing the texture of images, as described in [27]. Local Binary Patterns (LBP) encode the relationship of each pixel to its surrounding neighbors by comparing the pixel’s value with the central pixel. This comparison is expressed as a binary number. The binary codes are then concatenated in a clockwise direction, starting from the top-left neighbor, forming a binary string. The resulting binary sequence is converted into its corresponding decimal value, which is used for labeling the pixel [28]. In decimal form, the resulting (LBP code) is as follows:


    L B P   m , b   =   ∑  m = 0   m − 1    y (   j   m   −     j   i   )   2   m    



(9)










In this context,     j   m     denotes the intensity value of a neighbouring pixel, while     j   i     represents the intensity of the central pixel. The variable m indicates the total number of pixels within the circular neighborhood, and   b   defines the radius of this neighbourhood. The thresholding function is then applied as follows:


  y   v   =      1   i f   v ≥ 0     0   i f   v < 0       



(10)







For subsequent analysis, the histogram of these binary codes is utilized. As illustrated in Figure 8, the LBP encoding process begins by transforming the image into its corresponding LBP representation. The encoded image is then divided into smaller patches, and an LBP histogram is computed for each patch. All patches’ LBP histograms are concatenated to create the final feature vector. It is possible to use LBP to describe facial expressions, which provides good results in face recognition. Both LBP and HOG provide texture information that aids in FER under occluded or low-light conditions, complementing the local and global features [29].




3.2.4. Global Feature Extraction with Vision Transformer


While CNNs are effective at capturing local features [30], they often struggle to model global dependencies, the relationships between different regions of the face, such as the simultaneous raising of both eyebrows or the widening of the mouth and eyes during expressions of fear. To overcome this limitation, Vision Transformers (ViTs) are used to extract global features from the facial image. Vision Transformers use self-attention to model relationships between spatially distant regions of an image, capturing global context across the entire input. The process begins by the input undergoing a CNN-based stem layer, which performs downsampling via convolutional and max-pooling operations and later dividing the features into patches, each processed individually but contextually linked via self-attention.



	
Patch Embedding: In the ViT module, the input features, such as image   I ∈   R   H × W × 3     is divided into   N =    H × W     p   2       , a grid of non-overlapping patches   p × p  . Each patch     P   i   ∈   R   p × p × 3     is then flattened and projected into a higher-dimensional space using a linear embedding layer, transforming it into a sequence of vectors:








    Z   0   =   P a t c h E m b     P   1     ,   P a t c h E m b     P   2     ,   … ,   P a t c h E m b     P   N       +   E   p o s   ]  



(11)




where Pi∈  R  p×p×3 represents the i-th patch of the image,   P a t c h E m b     P   i     ∈   R   d    , is the embedding of the patch, and     E   p o s     is the positional encoding that retains spatial information about the patches. This sequence of embedded patches is then passed through the transformer layers, where self-attention is applied to model the relationships between the patches.



	
Self-Attention Calculation for Feature Representation: Within each transformer layer, the self-attention mechanism calculates relationships between patches by transforming the input sequence   z ∈   R   T × ( N + 1 ) × D     at time t into queries   Q  , keys   K  , and values   V   through learned projections, such as the following:








   Q =   z   t     W   Q     ,   K =   z   t     W   K     ,   and   V =   z   t     W   V     



(12)




where     W   Q    ,     W   K    , and     W   V       ∈   R   D × D     are the weight matrices that map the input to the query, key, and value spaces, respectively, at layer   l  , and     d   k     is the dimensionality of the key vectors. These are used to compute the i-th attention head respective to the time   t   as follows:


    h e a d   i     t     = a     Q   i     t     ,   K   i     t         V   i     t     ∈   R     N + 1   ×    D   h       



(13)







When   t = 1 ,   then   i = 1 … … … , h  , the similarity between queries and keys is calculated to produce attention scores   a  , normalized by the dimension     d   k     to stabilize gradients. The attention mechanism allows the transformer to capture long-range dependencies in the image and models how different regions of the face interact to produce a coherent emotional expression. Here, the softmax function scales the attention scores to sum to 1 across each patch, which helps highlight the most relevant patches for each query:


  a   Q , K , V   = s o f t m a x      Q   K   T        d   k         V  



(14)







The self-attention output produces an updated representation for each patch, enabling the transformer to model relationships across spatially distributed features. The output     z   l + 1     at layer   l + 1   incorporates both the new self-attended features and a residual connection from the previous layer, preserving learned information:


    z   l + 1   = a   Q , K , V   +   z   l    



(15)






    Q     t     =     Q   1     t     , … ,   Q   i     t     … ,   Q   h     t        



(16)




where     Q   i     t         ∈   R   T × ( N + 1 ) × D / h     and is the part of   Q ( t )   corresponding to i-th head, the same applies for     K   i     t       and     V   i     t      , and in the Multi-Head Self-Attention mechanism, the patches within the t-th frame are attended to only by other patches within the same frame at time   t  . Consequently, this process does not involve any temporal interactions between frames:


  M S A     z   t     =   h e a d   i     t     , … ,   h e a d   h     t      



(17)







By combining attention and residual connections, the transformer effectively captures both immediate and long-range dependencies, which is particularly useful in FER tasks where emotions are expressed through various spatially distant facial regions. Additionally, the transformer’s self-attention mechanism ensures each patch attends all other patches, capturing the global dependencies needed to identify unique and complex facial expressions. This ability to model interdependencies across all patches gives the ViT a significant advantage over purely convolutional architectures in handling global context, especially for tasks where emotions involve multiple facial regions.




3.2.5. Feature Fusion with Cross-Attention


Dealing with scenarios where facial features are occluded or affected by changes in illumination is a significant challenge in facial emotion recognition. We use a multi-feature fusion method in the TriViT-Lite model to combine features from many sources, which are then included in a cross-attentional feature block. It processes the handcrafted features like Local Binary Patterns (LBP) and Histogram of Oriented Gradients (HOG) with global (ViT) features and local (MobileNet) features. Mathematically, it can be shown as follows:


    f   f u s i o n   =     f   l o c a l   ,     f   g l o b a l   ,     f   h a n d c r a f t e d      



(18)







A global feature map     f   g l o b a l   ∈   R   N × d     is produced by the transformer, where d indicates the embedding dimension and   N   is the number of patches. In parallel, texture-based features produce     f   h a n d c r a f t e d    , whereas MobileNet produces     f   l o c a l    . The global feature map provides information about the facial structure, which is crucial for identifying complex emotions. The handcrafted nature of LBP allows it to detect unique changes in texture associated with emotions such as disgust or unconsciousness.



This information is crucial for recognizing the unique changes in facial texture caused by these emotions. This model can recognize emotions even when the face is partially obscured or distorted by combining handcrafted features and deep-learning-based features. Feature fusion block integrates the local, global, and texture-based features into a 1 × 1 Conv layer, followed by summation to create a unified feature map that is robust to variations in the input data. In the final stage, the extracted features are divided into patches to process through a cross-attention mechanism. This block computes attention across frames, enabling patches in the t-th frame to also attend to patches from the preceding frame at t − 1 and the subsequent frame at t + 1, and it can be carried with shift operations [16]. After computing the query (Q), key (K), and value (V) representations for each frame, these representations are exchanged with neighboring frames. The selection of which components, Q, K, or V, to shift determines the interaction mechanism. A common approach is to shift K and V, allowing the query from the current frame to attend to key-value pairs from adjacent frames. This process is mathematically represented as follows:


    h e a d   i   ( t )        a (   Q   i     t     ,   K   i     t − 1       V   i     t − 1     )   1 ≤ i <   h   b       a (   Q   i     t     ,   K   i     t + 1       V   i     t + 1     )     h   b   ≤ i <   h   b   +   h   f       a (   Q   i     t     ,   K   i     t       V   i     t     )     h   b   +   h   f   ≤ i ≤ h       



(19)







Here, we have the first     h   b     heads with the backward shift, the next     h   f     heads with the forward shift, and the rest heads with no shift. Figure 9 shows the diagram of the shift operation for the cross-attention mechanism we used in this study, inspired by [16]. Initially, queries, keys, and values are computed for each frame, followed by selective shifting of some components prior to attention computation. Solid arrows represent the key-value shifts from adjacent frames   t − 1   and   t + 1  . Similarly, dotted arrows illustrate the key-value shifts originating from the current frame   t   to the neighboring frames   t − 1   and   t + 1  . This shifting process occurs simultaneously across all frames in a consistent manner.






4. Results


The TriViT-Lite model underwent training and testing on a high-performance system equipped with an NVIDIA A100 Tensor Core GPU, an Intel Xeon 32-core CPU, and 128 GB of RAM. PyTorch 1.13.1 adaptability and dynamic computing structure led to its selection as the primary platform for designing models and training. Additionally, PyTorch’s automatic differentiation feature enabled the backpropagation during training to be simpler and allowed the Vision Transformer and MobileNet deep layers’ gradients to be computed. To make sure that the model receives high-quality input for both training and testing, data preparation is a crucial step.




	
Resizing: A 224 × 224 pixel scale was applied to all input frames to provide consistency across the collection. The input dimensions were chosen based on the requirements of MobileNet and the Vision Transformer, which work best with photos of this size. Because larger images would require significantly more memory and processing power, resizing allowed for more effective GPU use.



	
Normalization: A common technique in deep learning, the mean and standard deviation values from the ImageNet dataset [31] were applied to each image. By preventing too large or small gradients during training, this normalization process brings the pixel values into a uniform range. The mean and standard deviation are calculated across all three color channels (RGB). The normalizing formula used is as follows:


  N o r m a l i z e d   I m a g e =    I m a g e − m e a n   s t a n d a r d   d e v i a t i o n     



(20)







	
Video Frame Extraction: A representative sample of facial expressions throughout time was obtained by extracting frames from video sequences at a rate of 10 frames per second (FPS). By lowering the frame rate, we were able to remove unnecessary frames that would interfere with training and yet catch the most notable changes in facial expression.



	
Preprocessing Pipeline: Painful and unconscious emotions were preprocessed with an emphasis on facial alignment to enhance classification. As discussed earlier, to achieve precise face detection, we used MTCNN (Multi-Task Cascaded Convolutional Networks) for preprocessing, assuring consistency in aspects like jaw alignment and eye positioning. This stage is critical because uneven expressions (such as synchronous eye movement or drooping of one side eye, etc.) are important indicators of unconsciousness.



	
Temporal Alignment for Overlapping Emotions: Recognizing transitions between sad and pain require monitoring temporal dependency across frames. We utilized a sliding window approach to facilitate the smoothing of transitions across multiple time steps, while also assuring the precise distinction between the painful and sad by analyzing adjacent frames. The temporal alignment is depicted as follows:


  f   t   =   max       P   s a d     t − 1   ,   P   p a i n f u l     t        



(21)












4.1. Training and Optimization


The training strategy was carefully designed to ensure that the model achieved optimal performance while minimizing computing cost. Each component of the training pipeline was carefully chosen to maximize resource efficiency, stability, and convergence rate. We outline the key elements of the training methodology and explain how each chosen design affected the model’s performance. After conducting a thorough grid search across a variety of values, the initial learning rate was determined to be   5 ×   10   − 5    . This learning rate was selected because it strikes the best possible balance between stability and convergence speed as shown in Figure 10.



We used a cosine learning rate decay schedule to increase convergence. The learning rate is gradually reduced by this schedule, allowing the model to make significant progress in the early epochs and fewer growth as it approaches convergence. The formula used to express the cosine learning rate is as follows:


    η   t   =   η   0   ×    1 +   cos       π t   T         2     



(22)




where     η   0     refers to the initial learning rate,   t   denotes the current epoch, and   T   denotes the total number of epochs.



To ensure optimal convergence and fair evaluation, we conducted a systematic grid search over combinations of batch size and learning rate using the Adam optimizer. For each setting, we monitored both training and validation loss curves. As shown in Figure 11, TriViT-Lite consistently achieved stable convergence and low final training loss across batch sizes of 16, 32, and 64, with minimal variation in learning dynamics. This indicates that the model is robust to reasonable variations in these hyperparameters, supporting our final selection of batch size 32 and an initial learning rate of 0.001. Furthermore, we used the Adam optimizer to train the model. The Adam optimizer integrates the advantages of momentum-based optimization and adaptive learning rates, making it particularly effective for training deep neural networks such as ViTs. Adam’s ability to adaptively adjust the learning rate for each parameter helped the model converge faster, particularly when training on large datasets like AffectNet. The update rule for the Adam optimizer is given by the following:


    θ   t   =   θ   t − 1   −    η        v  ^    t   + ϵ         m  ^    t    



(23)




where     θ   t     is the updated model parameters,   η   is the learning rate,       m  ^    t     is the biased first moment estimate (mean of the gradients),       v  ^    t    , is the biased second moment estimate (uncentered variance of the gradients), and   ϵ   is small constant added for numerical stability.



As shown in Figure 12 above, we observe how the loss decreases smoothly over epochs, especially during the initial stages, showing Adam’s ability to speed up convergence. Such optimization behavior ensures that the model effectively minimizes the loss early on, making it a reliable choice for models like TriViT-Lite.



To avoid the effect of overfitting, we employed an early stopping mechanism, which terminates training if the validation loss fails to improve for 50 consecutive epochs. This approach ensures that the model halts training once it achieves optimal performance on the validation set, preventing unnecessary computation and over-optimization. Thus, saving computational resources and preventing overfitting to the training data.



Figure 13 illustrates the training and validation loss curves, showing how early stopping was triggered when the validation loss plateaued for 50 consecutive epochs. The gradual convergence of the two loss curves demonstrates the model’s ability to learn effectively without overfitting. During training, dropout randomly deactivates a subset of activations by setting them to zero, compelling the network to develop more robust and generalized feature representations. We applied dropout with a rate of 0.2 in the fully connected layers of the ViT component, ensuring that the model could generalize well to unseen global data.




4.2. Evaluation Metrics


We evaluated standard classification metrics and performed a comprehensive error analysis to look at specific failure cases to fully assess the TriViT-Lite model’s performance. The metrics include accuracy, precision, recall, and the F1-score, which provide information on many aspects of the model’s performance.



	
Accuracy: The simplest straightforward metric is accuracy, which provides a thorough evaluation of the model’s predicted reliability:


  A c c u r a c y =    C o r r e c t   p r e d i c t i o n s   T o t a l   p r e d i c t i o n s     



(24)










Even though accuracy offers an extensive view, it can be misleading when class distributions are unbalanced, requiring the employment of additional measurements.



	
Precision: The observed ratio of positive predictions to all expected positives is known as precision. Precision is crucial in this study because false positives could lead to unnecessary interventions (such as incorrectly classifying a patient to be unconscious) proving precision to be important:


  P r e c i s i o n =    T r u e   p o s i t i v e s   T r u e   p o s i t i v e s + F a l s e   p o s i t i v e s     



(25)










A high precision means that there are not excessive amounts of false positives and the model correctly identifies situations like painful.



	
Recall: Recall, or sensitivity, measures the proportion of true positives out of all actual positive cases. For example, missing a case of painful or unconscious emotion can be critical for patient care, so recall provides insight into how well the model identifies all relevant instances:


  R e c a l l =    T r u e   p o s i t i v e s   T r u e   p o s i t i v e s + F a l s e   n e g a t i v e s     



(26)










High recall ensures that the model does not miss important cases, which is essential for our applications.



	
F1-Score: The F1-score is the harmonic mean of precision and recall, providing a single metric that balances both:


  F 1 − S c o r e = 2 ×    P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l     



(27)










This metric is critical for assessing performance in classes like painful and unconscious, where precision and recall must both be high.



	
Confusion Matrix: We generated confusion matrices for each dataset to highlight places where the model struggled. For example, in some circumstances, the model confuses sad with painful states, particularly in video sequences with minimal facial movements, as discussed in more depth in the following section. This insight is useful for understanding the model’s limitations and will be explored further in future study.







4.3. Experimental Evaluation


The TriViT-Lite model was evaluated on three datasets, the custom dataset, FER2013, and AffectNet. The custom dataset played an essential role in evaluating the model’s ability to detect unique emotional states in real-world scenarios. In particular, the model’s performance on emotions, like painful and unconscious, demonstrated the effectiveness of combining local feature extraction (MobileNet) with global feature extraction (ViT). In the subsequent sections, we provide a detailed analysis of the results on the custom dataset followed by the public dataset, evidencing a comprehensive analysis of the model’s performance, presenting results on key metrics, as well as an ablation study to quantify the impact of each component of the model. Additionally, we compare the model against several state-of-the-art architectures to highlight the effectiveness of our approach.



The model achieved competitive accuracy across all seven emotion categories in the custom dataset. The following subsections discuss the model’s strengths and areas for improvement.



4.3.1. Class-Level Performance Analysis


To better understand the performance of the TriViT-Lite model across different emotional categories, Table 1, below breaks down the precision, recall, and F1-scores for each of the seven emotions on the custom dataset. The happy, sad, and neutral categories exhibit high precision and recall, reflecting the model’s effectiveness in recognizing these well-defined emotions. However, the model’s performance on painful and unconscious emotions were slightly lower but still remains impressive given the unique facial cues associated with these states. For example, painful expressions are often characterized by small changes in muscle tension of the cheeks and eyebrows or slight frowning, which makes them more difficult for models to detect. Similarly, unconscious states can be easily confused with disgust, particularly when facial movements are minimal and only the upper area of face is in movement with the eyes and forehead. Nevertheless, the model’s ability to distinguish these emotional demonstrates its capability in healthcare settings where accurate detection of patient distress is crucial. Figure 14 shows emotion probability graphs reflecting softmax outputs for individual samples.




4.3.2. Confusion Matrix Evaluation


A detailed confusion matrix was generated for our custom collected dataset to analyze the errors made by the TriViT-Lite model. The confusion matrix provides insights into the model’s misclassifications, highlighting areas where it struggles, which will be in our considerations for future work. Our analysis revealed that unconscious expressions were just occasionally misclassified as disgust emotions. This confusion can be attributed to the fact that disgust and unconscious, as well as sad and painful, faces often exhibit very minor differences, particularly in static images. Figure 15 below illustrates graphically the confusion matrix for the seven emotions, showing the true and predicted classes. It can be observed that while most emotion categories achieve high correct classification rates, the “painful” and “unconscious” classes are most frequently confused with one another. Specifically, a substantial number of samples from the “painful” category are misclassified as “unconscious,” and vice versa. This pattern indicates that the facial cues distinguishing these two states are particularly delicate and often challenging for the model. Improving discrimination between these categories remains a key direction for future work. Future work could focus on improving this classification by incorporating more texture-based features that highlight the caretaking differences between these expressions.




4.3.3. Overall Accuracy and Baseline Comparison Analysis


The TriViT-Lite model demonstrated strong performance across all datasets, particularly in the custom patient emotions dataset, where it successfully identified complex and unique emotional states of painful and unconscious which are of our main focus.



To address the comprehensive evaluation, we conducted comparative analyses against several state-of-the-art architectures, including ResNet-50 [8], VGG-16 [19], Swin Transformer [13], Res2Net [32], and ViT [10]. Detailed performance indicators, such as accuracy, precision, recall, F1-score, memory usage, and FLOPs are reported, in Table 2. These comparisons illustrate TriViT-Lite’s superior balance between computational efficiency and accuracy, especially significant for real-time FER applications. The result indicates the model’s strong ability to generalize with real-world data, even when the facial cues are unique, as seen in categories like painful and unconscious. The model also performed well on FER2013, which features more controlled and curated facial images, and AffectNet, where the data are sourced from a variety of uncontrolled environments, but these datasets are without painful and unconscious emotions. This performance highlights the versatility of the TriViT-Lite model, as it handles both controlled and real-world datasets effectively. Table 3 shows comparisons of the performance analysis, including specialized FER models, clearly illustrating the competitive advantage of our TriViT-Lite model across standard FER datasets, including FER2013 and AffectNet.



In the context of FER applications that require real-time performance, such as healthcare, the subsequent experimentational details provide an analysis of TriViT-Lite’s inference speed and resource effectiveness. We ran the model tests on a wide range of devices, from desktop GPUs to mobile GPUs with certain limitations. We conducted thorough FPS performance evaluations on different GPU platforms, an NVIDIA A100 desktop GPU achieved ~85 FPS, an NVIDIA RTX 3090 delivered ~78 FPS, and the mobile GPU NVIDIA Jetson AGX Xavier provided ~15 FPS, which confirms TriViT-Lite’s suitability for real-time FER. These findings validate TriViT-Lite’s capacity to manage real-time requirements, obtaining a frame rate of approximately 15 FPS, which is vital for FER tasks in dynamic settings.



The custom dataset yields particularly impressive results, as evidenced by Table 2 and Table 3, which emphasizes TriViT-Lite’s superior performance across datasets. TriViT-Lite performed optimally on FER2013 (91.8%) and AffectNet (74.0%) and achieved prominent accuracy on the custom dataset (87.5%) by combining the cross-attention fusion mechanism, as well as the MobileNet and Vision Transformer modules. It also outperformed its competitor models on all other datasets. This enhancement is due to the architecture’s distinctive design, which incorporates MobileNet for the extraction of fine-grained local features, Vision Transformer for the acquisition of global relationships, and handcrafted features that optimize texture and edge details. By this combination technique through a cross-attention method, the model performs well even in difficult situations like occlusion and varying lighting. To quantitatively assess the robustness of TriViT-Lite under real-world variations, we conducted additional experiments using test sets with controlled lighting changes and various occlusion scenarios. As shown in Table 4, the model maintains high performance across all challenging conditions.



Figure 16 illustrates these findings and validates that TriViT-Lite is a reliable and robust approach for these emotion recognition tasks, surpassing conventional transformer-based models and CNN-based architectures. Its generalization and adaptability to a wide range of real-world settings can be verified by its consistent performance across datasets, which sets a novel standard in facial expression recognition. As shown in Figure 17, TriViT-Lite achieves the best balance between accuracy and efficiency, with the lowest parameter count, fastest inference, and lowest memory usage among all compared baselines. Its real-time capability is validated across multiple hardware platforms. This validation robustly supports our claim that TriViT-Lite is not only accurate but also among the most lightweight and deployable models currently available for facial emotion recognition.





4.4. Ablation Study


To thoroughly understand the contributions of various components of the TriViT-Lite model, we conducted an extensive ablation study as shown in Table 5. To determine which aspects of the model contribute most to its performance and will be taken into consideration for future research, the goal of this study is to quantify the impact of eliminating or altering certain architectural components. Aiming to identify practical characteristics of four critical components, the ablation experiments targeted four critical mechanisms as cross-attention fusion, handcrafted features, Vision Transformer (ViT), and MobileNet. As follows, using the model configuration, we analyzed four distinct configurations.



4.4.1. Full Model (TriViT-Lite)


The complete version of TriViT-Lite comprises all three elements: MobileNet for local feature extraction, the ViT for global feature extraction, handcrafted features for edge and texture information, which are fused together for the cross-attention fusion mechanism that efficiently integrates various feature sets. This configuration obtained the highest overall performance, with an F1-Score of 87% and an accuracy of 87.5%. The ability of the entire model to capture both global and contextual associated with fine-grained local features in the face is responsible for its outstanding performance. MobileNet prioritizes local facial traits, such as the contour of the mouth, eyes wrinkles, and eyebrow corners, which are crucial for identifying distinct emotions, such as sad or pain. In contrast, the Vision Transformer captures global relationships throughout the face, such as the simultaneous rising of both brows or the widening of the mouth and eyes during a fear look. Handcrafted features assist with texture edge information, which is essential for the real-time deployment of input video frames. These complimentary feature sets are successfully combined by the features fusion to perform the cross-attention fusion mechanism, which enables the model to produce precise predictions even under difficult circumstances like partial occlusion or changing lighting, etc.




4.4.2. Without MobileNet


The MobileNet backbone to extract local features was eliminated in this variant, leaving only the Vision Transformer to extract both local and global features. The accuracy of this setup decreased to 81.7%, followed by the F1-Score of 79%. This finding emphasizes how essential it is to have a separate module for local feature extraction. The Vision Transformer is extremely good at collecting global relationships across multiple parts of the face, but it struggles to extract the fine-grained local information required to properly detect individual changes in facial expression. MobileNet, which is meant to work well with local features, is an important part of capturing fine details like the tightness in the muscles across the forehead, the narrowing of the eyes, or the slight curving of the corners of the mouth, etc. In the absence of MobileNet, the model must depend exclusively on the Vision Transformer for the extraction of both local and global features. Although the ViT is still capable of capturing local dependencies, it is not architecturally specialized enough to detect delicate, localized changes. This limitation becomes especially perceptible in identifying the delicate emotions, such as unconscious or distinguishing between sad and painful, when slight changes in facial muscles can make a huge impact.




4.4.3. Without Vision Transformer


In third case, the Vision Transformer was replaced with fully connected layers, the model’s accuracy decreased to 84.5%, with an F1-Score of 82%, and only MobileNet was left for local and global feature extraction. This arrangement performs worst, showing the necessity of global feature extraction. The MobileNet backbone is quite effective at capturing local features, but it struggles to recognize relationships between different portions of the face. Happy and sad emotions often involve various facial changes. For instance, a happy expression can incorporate both the expansion of the mouth and the elevation of the cheeks and eyes. Without the Vision Transformer, the model cannot capture global relationships, hence reducing performance. This restriction is most noticeable when identifying complicated emotions, such as sad or painful, where it is essential to understand how different facial regions interact. MobileNet excels at identifying localized features (e.g., corners of the mouth), but without the Vision Transformer, it misses the broader context of facial movement even with having handcrafted features, leading to more frequent misclassifications.




4.4.4. Without Handcrafted Features


When we removed the handcrafted features from the model, leaving only the MobileNet and Vision Transformer for feature extraction, the accuracy dropped to 86% with an F1-Score of 84%. This change underscores how important handcrafted features are in improving performance, especially when the model needs to work in real-time scenarios. While MobileNet and ViT do a great job at capturing both local and global features, they cannot always pick up on these unique and sensitive textures and edge details that handcrafted features provide. These extra features are crucial, especially in challenging conditions like low light or when parts of the face are hidden. For instance, when differentiating between a comparable emotion, such as disgust and unconsciousness, the model must identify minute differences in facial textures, which would be challenging to recognize without these supplementary features. The model’s capacity to distinguish between emotions that are closely related is compromised in their absence.




4.4.5. Without Cross-Attention


The cross-attention mechanism was eliminated in the last setup, leading to a model that extracts handcrafted as well as local and global characteristics with summation, followed by flattening and softmax without explicit integration of the cross-attention mechanism. Accuracy decreased to 80.4% as a result of the removal of the fusion mechanism, which also resulted in a decrease in F1-Score to 78%. While both local and global information is still available, the absence of this block makes the fusion step meaningless, so that the model struggles to utilize all feature sets appropriately to make optimal predictions. This is particularly problematic for emotions like unconscious or painful, where these delicate facial changes (mostly captured by local features) need to be interpreted in the context of the overall facial structure (mostly captured by global features). Without proper fusion, the model misses out on the full context, leading to more misclassifications. For example, when detecting painful expressions, small, localized wrinkles or the tightening of facial muscles need to be considered alongside the broader context of the face. Without cross-attention fusion, these fine-grained features are not combined with the overall facial context, leading to increased confusion with other emotions, such as sad or fear.



An ablation study was conducted by removing the cross-attention fusion module to assess its impact. As shown in Table 6, excluding this component led to a 7.1% reduction in accuracy and a 9% decline in F1-score in occluded conditions, underscoring the cross-attention mechanism’s role in maintaining high performance by combining local, global, and texture-based information. This analysis highlights the importance of cross-attention in fusing distinct feature types, thereby enhancing the model’s robustness across various challenging scenarios.



The ablation study indicates that each component of the TriViT-Lite model, including MobileNet, Vision Transformer, handcrafted features, and the cross-attention fusion mechanism plays an important role in overall performance. In particular, the cross-attention fusion method is crucial for efficiently combining local and global features, and the MobileNet and ViT components are required for capturing global context and fine-grained details, respectively. The research emphasizes the beneficial effects of integrating local and global feature extraction methods. Removing any of these components significantly reduces performance, showing that the TriViT-Lite model’s strength is its ability to evaluate local and global information simultaneously and combine them meaningfully.






5. Conclusion and Future Work


In this study, we presented the TriViT-Lite model, a novel approach, to the best of our knowledge, for patient facial emotion recognition that leverages the local and global, as well as handcrafted feature through the cross-attention architecture. The model’s cross-attention fusion mechanism allows for an effective merging of these features, resulting in improved accuracy, especially in recognizing complex emotions like painful and unconscious. Our experiments demonstrated that TriViT-Lite outperforms several state-of-the-art models across multiple datasets, including our self-collected data, where the accurate detection of emotional states is critical. While the model showed great promise, there are still areas for further improvement.



Future research may concentrate on addressing the model’s infrequent misclassification of delicate emotions and improving its capacity to manage dynamic expressions. An optimistic anticipation may be the incorporation of spatio-temporal in term of LSTM with our cross-attention mechanism. Another approach would be integrating multi-modal data, which represents a significant improvement. Combining facial emotion recognition with physiological signals, such as pulse rate, EEG signals, or respiratory patterns, can offer a more comprehensive comprehension of a patient’s emotional state, particularly in the context of pain. Nonetheless, the TriViT-Lite model provides a robust and efficient solution for real-time emotion recognition, with potential applications in a wide range of disciplines, from healthcare to surveillance and human–computer interaction.
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Figure 1. Hardware Structure of Mobile Robot for proposed smart healthcare system [9]. 
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Figure 2. Shows the change in frames in a real-time video feed for the samples for face of main author. 
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Figure 3. Shows random selection of emotions from FER2013 dataset [11]. 
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Figure 4. Shows random selection of emotions from AffectNet dataset [12]. 
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Figure 5. Shows the architecture of proposed model. The architecture of MobileNet and Cross-Attention is discussed in further subsections as an input facial video feed of main author. 
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Figure 6. Shows the layer configuration for MobileNet. 
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Figure 7. Illustrates the process of extracting Histogram of Oriented Gradients (HOG) features from face of main author (a) The original image; (b) the division of the image into cells; (c) computation of gradient orientations; (d) accumulation of orientation values; (e) generation of the cell histogram; and (f) concatenation of all histograms to form the final feature vector. 
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Figure 8. The LBP encoding method [29]. 
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Figure 9. Shows the shift operation for cross-attention mechanism. 
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Figure 10. Shows the learning rate is gradually reduced allowing the model to make significant progress in the early epochs and fewer growth as it approaches convergence. 
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Figure 11. Shows the batch sizes selection comparison with batch size of 32 provided the most stable gradient updates. 
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Figure 12. Shows smooth convergence with respect to epochs for Adam. 
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Figure 13. Shows the training and validation loss curves for 50 consecutive epochs ensuring that the model halts training once it achieves optimal performance. 
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Figure 14. Shows emotion probability graphs reflecting softmax outputs for face of main author, from (a) Happy, (b) Sad, (c) Neutral, (d) Fear, (e) Disgust, (f) Unconscious, and (g) Painful. 
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Figure 15. Shows the confusion matrix for (a) FER2013, (b) AffectNet, and (c) Custom datasets. 
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Figure 16. Shows the accuracy comparison across all datasets. 






Figure 16. Shows the accuracy comparison across all datasets.



[image: Electronics 14 03256 g016]







[image: Electronics 14 03256 g017] 





Figure 17. Validation comparison across baseline for TriViT-lite. 
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Table 1. Shows the performance metric on custom dataset.






Table 1. Shows the performance metric on custom dataset.





	Emotion
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	Happy
	95
	93
	93
	93



	Sad
	92
	89
	90
	89



	Neutral
	94
	91
	92
	91



	Fear
	90
	87
	86
	86



	Disgust
	89
	84
	85
	84



	Painful
	76
	69
	70
	68



	Unconscious
	77
	71
	72
	71










 





Table 2. Shows the baseline comparison through a range of methodologies.






Table 2. Shows the baseline comparison through a range of methodologies.





	Model
	Dataset
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)
	Memory Usage (MB)
	FLOPs (G)





	VGG-16
	FER2013
	85.30
	84
	83
	84
	528
	15.47



	ResNet-50
	FER2013
	87.90
	87
	86
	87
	177
	4.12



	ViT
	FER2013
	88.00
	88
	87
	87
	330
	7.23



	Res2Net
	FER2013
	89.50
	89
	89
	89
	150
	3.95



	Swin Transformer
	FER2013
	91.00
	90
	89
	90
	290
	4.51



	TriViT-Lite
	FER2013
	91.80
	91
	90
	91
	128
	2.89



	VGG-16
	AffectNet
	64.00
	63
	62
	63
	528
	15.47



	ResNet-50
	AffectNet
	65.80
	65
	64
	65
	177
	4.12



	ViT
	AffectNet
	70.00
	69
	68
	68
	330
	7.23



	Res2Net
	AffectNet
	71.50
	70
	70
	70
	150
	3.95



	Swin Transformer
	AffectNet
	73.00
	72
	72
	72
	290
	4.51



	TriViT-Lite
	AffectNet
	74.00
	73
	72
	73
	128
	2.89



	VGG-16
	Custom Dataset
	78.40
	78
	77
	78
	528
	15.47



	ResNet-50
	Custom Dataset
	81.20
	80
	79
	80
	177
	4.12



	ViT
	Custom Dataset
	82.00
	81
	80
	81
	330
	7.23



	Res2Net
	Custom Dataset
	83.80
	83
	82
	83
	150
	3.95



	Swin Transformer
	Custom Dataset
	85.20
	84
	84
	84
	290
	4.51



	TriViT-Lite
	Custom Dataset
	87.50
	87
	85
	87
	128
	2.89










 





Table 3. Shows the performance comparison across specialized FER models.
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	Authors
	Model
	FER2013 Accuracy (%)
	AffectNet Accuracy (%)





	Roy et al. [33]
	ResEmoteNet
	79.79
	72.39



	Georgescu et al. [34]
	Local Learning
	75.42
	63.31



	Hasani et al. [35]
	BReG-NeXt-50
	71.53
	68.50



	Zhang et al. [36]
	HFE-Net
	71.69
	58.55



	Kolahdouzi et al. [37]
	FaceTopoNet
	72.66
	70.02



	Ours
	TriViT-Lite
	91.80
	74.00










 





Table 4. Shows the performance under different scenarios like occlusion and varying lighting.
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	Scenario
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	Standard (normal conditions)
	87.5
	87
	85
	87



	Low Lighting
	81.6
	83
	82
	82



	High Lighting (overexposed)
	84.4
	83
	81
	82



	Mild Occlusion (e.g., glasses)
	86.8
	85
	84
	84










 





Table 5. For the ablation study, the performance metrics for each configuration on the custom dataset are presented in the table.






Table 5. For the ablation study, the performance metrics for each configuration on the custom dataset are presented in the table.





	Configuration
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	TriVit-Lite (complete model)
	87.5
	87
	85
	87



	Without MobileNet (ViT only)
	81.7
	79
	77
	79



	Without ViT (MobileNet only)
	84.5
	82
	80
	83



	Without Handcrafted Features
	86
	84
	83
	85










 





Table 6. Emphasizing the importance of cross-attention mechanisms.






Table 6. Emphasizing the importance of cross-attention mechanisms.





	Model Configuration
	Accuracy (%)
	F1-Score (%)
	Occlusion Accuracy (%)





	TriViT-Lite (full)
	87.5
	87
	86.8



	TriViT-Lite (without cross-attention)
	80.4
	78
	79
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