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 Deep learning facial emotion recognition (FER) is widely applied in 

healthcare, education, and human–computer interaction. However, many 

deep learning models suffer from suboptimal hyperparameter configurations 

that reduce accuracy and stability. This study proposes three deep residual 

recurrent fusion models that integrates residual blocks with recurrent neural 

networks (bidirectional long short-term memory (BiLSTM), long short-term 

memory (LSTM), and gated recurrent unit (GRU)) to capture both spatial 

and temporal features. A systematic hyperparameter optimization strategy 

was applied, tuning kernel size, filter size, recurrent units, batch size, 

learning rate, dropout, and weight decay to balance generalization and 

computational efficiency. The models were evaluated on four benchmark 

datasets: FER2013, FERPlus, RAF-DB, and CK+. The results show that 

optimized configurations achieved outstanding accuracy, reaching 99.85% 

on FER2013, 99.99% on FERPlus, and 100% on RAF-DB and CK+. These 

findings demonstrate that careful hyperparameter tuning significantly 

enhances feature extraction, mitigates vanishing gradient and overfitting 

issues, and improves generalization across diverse datasets. The proposed 

framework highlights the importance of optimization in advancing robust 

FER systems for real-world applications. 
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1. INTRODUCTION 

In recent years, automatic facial emotion recognition (FER) has become a major research area in 

artificial intelligence (AI) and computer vision. This technology has a wide range of applications, such as in 

education to assess students' emotional responses to the learning process [1], in healthcare for real-time 

psychological condition monitoring [2], and in security, human-machine interaction, and customer behavior 

analysis in digital marketing [3]. Given the increasing demand for fast, accurate, and robust FER systems, 

researchers have explored and developed various models to improve recognition performance and 

computational efficiency. One such model is the use of long short-term memory (LSTM) unit called deep 

convolutional bidirectional long short-term memory (BiLSTM) fusion, which combines a deep spatial 

network (DSN) for spatial feature extraction, a deep temporal network (DTN) to capture expression 

https://creativecommons.org/licenses/by-sa/4.0/
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dynamics, and BiLSTM to model sequential information. This model has demonstrated high performance on 

the CK+, Oulu-CASIA, and MMI datasets but has yet to be tested on more complex datasets such as 

FER2013 [4]. Additionally, the multimodal transformer network, which integrates transformers with 

electroencephalography (EEG) and facial expression data, has proven robust in emotion recognition. 

However, it requires EEG data, which is difficult to obtain in real-world scenarios [5]. 

To enhance video-based facial expression recognition, researchers have developed several deep 

learning approaches that effectively capture both spatial and temporal features in facial movements.  

One widely used model is 3D-CNN + ConvLSTM, which integrates 3D convolutional neural networks 

(CNNs) for spatial feature extraction with convolutional long short-term memory (ConvLSTM) to capture 

the sequential nature of facial expressions over time. This approach has shown high accuracy on structured 

datasets such as CK+, SAVEE, and AFEW, where facial expressions are relatively well-aligned and contain 

minimal noise. However, its generalizability to real-world conditions remains uncertain, as it has been 

primarily evaluated on controlled datasets rather than on datasets that contain significant variations in pose, 

occlusions, lighting conditions, and facial misalignment. For example, FER2013 presents substantial 

challenges due to unconstrained settings, image noise, mislabeling, and diverse facial structures, which can 

severely impact recognition accuracy. The absence of extensive testing on such complex datasets raises 

concerns about the model's effectiveness in practical applications where facial expressions occur in dynamic 

and unpredictable environments [6]. 

Another model, the local-spatial-global-temporal network [7], adopts a CNN-transformer hybrid 

approach, combining spatial CNN for spatial feature extraction and temporal transformer (T-former) for 

processing global temporal dependencies. While this model has achieved high accuracy with low 

computational costs on the DFEW and FERV39k datasets, it still struggles to detect micro-expressions, 

which require precise temporal modeling accurately. In addition to CNN and transformer-based models, 

several studies have explored recurrent neural networks (RNNs) to capture temporal dependencies in 

sequential data. The gated recurrent unit (GRU) + CNN model within a teacher-student multitasking 

framework effectively captures temporal dependencies but suffers from high model complexity [8]. 

Meanwhile, the residual CNN approach leverages residual blocks to mitigate the vanishing gradient problem, 

thereby improving FER performance [9]. Furthermore, the attention-BiLSTM model, which integrates 

BiLSTM, multi-head attention, and residual connections, has been used to address network degradation 

caused by overfitting in the IEMOCAP dataset. However, it has yet to be tested on static facial expression 

datasets [10]. 

Several lightweight models have also been developed to enhance computational efficiency, aiming 

to reduce complexity while maintaining high accuracy. One such model is patch and attention MobileNet 

(PAtt-Lite), specifically designed to address challenges such as occlusions and facial pose variations across 

multiple datasets, including CK+, RAF-DB, FER2013, and FERPlus. This model has demonstrated high 

accuracy on well-structured datasets; however, its performance declines when applied to FER2013, which 

contains significant noise, misaligned faces, and class imbalance [11]. Similarly, the deep residual recurrent 

fusion model, which integrates CNN, residual network, and BiLSTM for improved spatial-temporal feature 

extraction, achieves high accuracy on CK+ but requires a large number of training epochs, leading to longer 

computational times [2]. 

Despite advancements in FER models, challenges remain in generalizing models across diverse 

datasets, improving computational efficiency, and differentiating visually similar expressions. Therefore, this 

study proposes a residual deep recurrent fusion-based model, which integrates residual blocks, BiLSTM 

networks, and spatial-temporal fusion techniques to enhance accuracy in FER. The proposed model captures 

complex spatial information from facial expression images while modeling temporal expression sequences 

using BiLSTM, resulting in more accurate and stable emotion mapping [10]. Hyperparameter tuning 

strategies are implemented to optimize the performance of the proposed model, including optimizing 

convolutional kernel size, BiLSTM units, batch size, and learning rate. This approach aims to balance 

accuracy and computational efficiency, ensuring the model excels in classification precision and adapts 

effectively to real-world data conditions [12]. The proposed model was evaluated on benchmark datasets 

such as FER2013, RAF-DB, and FERPlus, each presenting unique challenges in expression variations, image 

quality, and class distribution [11]. 

 

 

2. RELATED WORKS 

Hyperparameter optimization is crucial in improving the performance of deep learning models, 

particularly in CNN and RNN. Various studies have implemented automated search strategies to optimize 

key hyperparameters such as learning rate, batch size, number of layers, activation functions, dropout rate, 

kernel size, and optimization algorithms, ensuring improved model accuracy and computational efficiency. 
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Several optimization methods are employed to refine CNN architectures. Genetic algorithm is applied to 

fine-tune the learning rate, number of layers, activation function, and optimization algorithm, leading to 

improved model convergence [13]. Using genetic algorithms, random searches, and grid searches to optimize 

learning rates, the number of filters, kernel size, batch size, and activation function has enhanced CNN-based 

classification performance [14]. Genetic algorithm is also successfully utilized to optimize optimizer 

selection, kernel size, activation function, number of layers, and filter size through an extensive automated 

search process [15]. 

Another widely adopted approach is Bayesian optimization, which enables an efficient search for 

the best hyperparameter configurations. This method is employed to fine-tune the learning rate, batch size, 

dropout, and convolutional layers, resulting in superior performance after multiple iterations of automated 

searches [16], [17]. Bayesian optimization has also been used for hyperparameter tuning in CNN-based 

models, focusing on L2 regularization, batch size, and number of layers, ensuring robust model performance 

with reduced overfitting [18], [19]. Some studies have explored other metaheuristic approaches, such as 

particle swarm optimization (PSO) and tree-structured parzen estimation to improve the efficiency of CNN 

hyperparameter search. The application of tree-structured parzen estimation and PSO has successfully 

optimized the number of convolutional layers, kernel size, batch size, learning rate, and activation function, 

demonstrating improved efficiency in hyperparameter selection [20]. The combination of genetic algorithm, 

PSO, ant colony optimization, and Bayesian optimization was also used to optimize the learning rate, number 

of layers, kernel size, and activation function, significantly improving the accuracy of CNN, LSTM, and 

support vector machine (SVM) models [21]. Grid search and random search are also fundamental methods 

for CNN hyperparameter tuning. Studies have explored asynchronous successive halving algorithm (ASHA), 

grid search, Bayesian optimization, and random search for optimizing learning rate, dropout, batch size, and 

optimization methods, successfully identifying optimal hyperparameters through extensive automated 

searches [22]. The use of grid search to optimize learning rate, batch size, number of convolutional layers, 

and dropout has also contributed to improved CNN generalization [23], [24]. Hybrid architectures, such as 

CNN-BiLSTM-AR and 3D–2D CNN, have also been optimized using various hyperparameter search 

techniques. The application of PSO, genetic algorithm, and random search has successfully optimized the 

learning rate, batch size, dropout, and convolutional layers, significantly enhancing temporal sequence 

modeling [25]. Integrating band selection and attention mechanism in hyperparameter tuning for 3D–2D 

CNN has also proven effective in balancing model complexity and accuracy [26]. 

For models based on RNNs, LSTM, and BiLSTM, hyperparameter tuning techniques were 

implemented to enhance sequential data processing. Adaptive learning rate tuning, cyclical learning rate, and 

hyperparameter transfer dynamics approaches have been used to optimize learning rate, dropout, batch size, 

and number of layers, significantly improving model performance in time-series applications [27]. 

Furthermore, neural architecture search was explored as an automated approach for hyperparameter 

optimization. This method was applied to refine U-Net architectures, ensuring an adaptive and automated 

hyperparameter tuning process [28]. The integration of AutoML with Bayesian optimization and grid search 

was also applied in tuning CNN-autoencoder models, achieving high efficiency in feature extraction and 

regularization [19]. Despite the significant advancements in hyperparameter optimization, challenges remain 

in balancing model complexity, training time, and accuracy. Most studies rely on automated search processes 

involving hundreds of cases, yet selecting the best hyperparameter configuration still requires extensive 

computational resources. Further research is needed to develop more adaptive and computationally efficient 

hyperparameter tuning strategies, particularly for large-scale datasets and real-time applications [28]. 

 

 

3. METHOD 

This study develops a deep residual recurrent fusion model to enhance the performance of FER 

through the integration of residual, spatial, and temporal features. Figure 1 illustrates the methodology 

workflow. This workflow includes data preprocessing, the development and fusion of residual–recurrent 

networks, systematic hyperparameter tuning, and model performance evaluation.  

 

3.1.  Datasets 

The proposed model is evaluated using multiple benchmark datasets commonly used in FER research 

to ensure robustness and generalizability. The datasets used in this study include FER2013, FERPlus,  

RAF-DB, and CK+, which provide a diverse range of facial expressions and variations in real-world 

conditions as shown in Table 1. FER2013 is a widely used dataset containing 35,887 grayscale images of 

facial expressions categorized into seven emotion classes. FERPlus extends FER2013 by incorporating 

improved labels through crowdsourcing, increasing its robustness with eight emotion classes. RAF-DB 

consists of 15,339 facial images collected from real-world scenarios, annotated with seven basic emotion 
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classes. Lastly, CK+ is a controlled dataset containing 981 facial expression sequences transitioning from 

neutral to peak emotions, making it suitable for training models in recognizing dynamic facial expressions. 

 

 

 
 

Figure 1. Workflow of methodology 

 

 

Table 1. Allocation for experiment (in-the-wild databases) 
Database Training Validation Testing Total 

RAF-DB 12,271  3,068 15,339 

FER2013 28,729  7,158 35,887 

FERPlus 66,379 8,341 3,573 78,293 
CK+ 785  196 981 

 

 

3.2.  Pre-processing dataset 

The data pre-processing stage is carried out to ensure that facial image data are consistent and ready 

for use in the training process of the FER model. Images from the CK+ dataset are resized to 48×48 pixels, 

while images from the RAF-DB, FER2013, and FERPlus datasets are resized to 100×100 pixels in 

accordance with their respective characteristics. All images are then normalized to have zero mean and unit 

variance in order to stabilize the training process and reduce computational complexity. Several data 

augmentation techniques are applied to enhance data diversity and improve the model’s generalization 

capability, including random rotations between -30° and 30°, horizontal flipping, random cropping followed 

by resizing, and random adjustments to brightness, contrast, saturation, and hue. These augmentation 

strategies help the model become more robust to variations in facial expressions, lighting conditions, and 

viewing angles, thereby improving its performance on unseen data. 

 

3.3.  Development of the proposed deep residual recurrent fusion model 

The residual network is a key component of the proposed model, designed to address the vanishing 

gradient problem and improve training stability and efficiency. This study integrates the residual network 
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into two main components: enhanced DTN and enhanced DSN. One of the challenges in sequential data 

analysis is overfitting, especially when dealing with complex facial expression patterns. The residual blocks 

are implemented in DTN to retain crucial information from previous layers and enhance training stability. 

The model must also accurately extract spatial features, so DSN is reinforced with residual blocks, enabling 

deeper exploration of facial patterns and improving the accuracy of facial expression classification. By 

incorporating residual blocks into DTN and DSN, the model can retain essential input information, enhance 

generalization, and prevent accuracy degradation in deeper networks. The deep residual recurrent fusion 

model integrates spatial and temporal networks to optimize FER. This model is developed in three main 

variants based on BiLSTM, LSTM, and GRU units. 

 

3.3.1. Deep residual bidirectional long short-term memory fusion model  

Figure 2 shows the flowchart of the proposed deep residual BiLSTM fusion network, while Figure 3 

illustrates the complete architecture of this model. The model is a sophisticated architecture designed for FER 

that combines spatial and temporal features through layers of DSN, DTN, and RNN using BiLSTM. The 

model workflow begins with image preprocessing, followed by feature extraction using CNNs, which 

recurrent networks then process. The residual blocks ensure smooth gradient flow during training, and 

finally, the processed features are fed into a fully connected layer for final classification. The main advantage 

of this model lies in its ability to combine spatial and temporal information while preventing overfitting, 

leading to improved performance in facial expression recognition. 

 

 

 
 

Figure 2. Flowchart of deep residual BiLSTM fusion model 
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Figure 3. Architecture of deep residual BiLSTM fusion model 

 

 

The deep residual recurrent fusion model focuses on effectively integrating spatial and temporal 

feature extraction, enhancing the model’s ability to recognize facial expressions accurately. In this 

architecture (refer to Figure 3), using convolutional layers, the DSN is responsible for extracting spatial 

features from static images, such as facial structures and critical points like the eyes, nose, and mouth. On the 

other hand, DTN processes sequences of images or video frames to capture changes in facial expressions 

over time, focusing on temporal dynamics. By utilizing residual blocks in DSN and DTN, the model ensures 

that essential information is preserved across layers, preventing critical data loss during deep network 

processing. The DSN is used to extract spatial features from facial images. At the same time, the DTN 

captures temporal dynamics from image sequences, adding residual blocks to maintain gradient stability and 

ensure the flow of essential information. After the spatial and temporal features are extracted, they are 

merged in the fusion layer, which combines the strengths of both networks. This fusion allows the model to 

create a richer and more comprehensive feature representation, considering the spatial layout and the 

temporal evolution of facial expressions. The merged features are then passed through an LSTM network. 

The LSTM is crucial for capturing long-term dependencies, allowing the model to track and understand the 

sequential flow of facial expressions over time. This spatial and temporal information combination enhances 

the model’s ability to recognize subtle expression changes, which is essential for tasks like FER. The 

integration of residual blocks plays a vital role in maintaining stability and ensuring that critical features are 

not lost during the learning process. The architecture is designed to tackle challenges such as overfitting and 

the vanishing gradient problem, making it highly effective for handling complex datasets and generating 

precise facial expression predictions. This approach makes deep residual recurrent fusion a powerful solution 

for various applications, such as pattern recognition in images, video analysis, or natural language 

processing, with high efficiency and accuracy in handling complex data. 

 

3.3.2. Deep residual long short-term memory fusion model 

The deep residual recurrent fusion network is an architecture designed for FER that combines spatial 

and temporal features processed in layers through DSN, DTN, and RNN using LSTM. This process ensures 

that critical information is preserved and analyzed optimally through multiple stages, ultimately leading to 

accurate expression predictions. Figure 4 illustrates the complete architecture of this model. In the first stage, 

the DSN extracts spatial features from the input image. Spatial features such as facial structure, lip contours, 

and eyebrow positions are identified using convolutional layers (Conv2D), followed by batch normalization 

and pooling. These features are then passed through a residual block, which plays a crucial role in preserving 

critical information by applying a shortcut connection that allows the original input 𝑥 to be passed along with 

the transformed output ℱ(𝑥). The basic equation for this residual block operation is in (1). Once all spatial 

features are extracted, the output from the DSN is forwarded to the next stage, which is combined with the 

output from the DTN. 

 

𝑦 = ℱ(𝑥) + 𝑥 (1) 
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Figure 4. Architecture of deep residual LSTM fusion model 

 

 

3.3.3. Deep residual gated recurrent unit fusion model 

The deep residual recurrent fusion network still integrates spatial and temporal features for FER, 

but this section uses GRU instead of LSTM for greater efficiency (refer Figure 5). As in the previous 

model, the DSN extracts spatial features such as facial contours, lip positions, and eyebrow shapes using 

Conv2D layers, batch normalization, pooling, and residual blocks. The extracted spatial features are then 

merged with temporal features captured by the DTN, which tracks changes in facial expressions over time. 

The LSTM model's similarity lies in the fusion of spatial and temporal features through the fusion layer, 

which produces a richer representation before being passed to the recurrent structure. In this model, 

however, GRU replaces LSTM to simplify computation while effectively capturing temporal dependencies 

and ensuring accurate facial expression recognition. The DTN focuses on capturing temporal changes in 

facial expressions, such as the transition from neutral to smiling or the subtle shifts in eye movements. 

This network processes each frame using a structure similar to the DSN, involving Conv2D layers, batch 

normalization, pooling, and residual blocks but emphasizing temporal dynamics. The combined spatial and 

temporal features are merged in the fusion layer, producing a richer and more comprehensive feature map 

fed into the GRU layer. 

 

 

 
 

Figure 5. Architecture of deep residual GRU fusion model 
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3.4.  Hyperparameter tuning configuration 

Hyperparameters are crucial in improving model performance, requiring a tuning process to find the 

best configuration. The key steps in hyperparameter tuning include identifying key hyperparameters such as 

kernel size, filter size, LSTM/BiLSTM/GRU units, batch size, learning rate, dropout rate, and optimizer type 

as displayed in Table 2. To determine the optimal settings, various configurations are explored by testing 

multiple hyperparameter value combinations in two scenarios (i.e case I and case II). Performance analysis is 

conducted based on metrics such as validation accuracy, training loss, and convergence speed, and the results 

are further refined to enhance training stability and efficiency. This hyperparameter tuning ensures that the 

deep residual recurrent fusion model balances high accuracy and computational efficiency. 

 

 
Table 2. Hyperparameter configuration 

Parameters Case I Case II 

Block DTN (kernel) 64 128 
Block DTN (filter) 4×4 5×5 

Block DSN (kernel) 32 128 

Block DSN (filter) 32 128 
Block LSTM (units) 100 228 

Optimizer Adam Yes Yes 

Batch size 32 64 

 

 
3.5.  Performance evaluation 

The model's performance is evaluated using several key metrics: accuracy, precision, recall,  

F1-score, and confusion matrix. These metrics are computed as (2) to (5) [4]. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (2) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (4) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (5) 

 
Additionally, confusion matrix provides an in-depth view of classification performance by displaying number 

of correct and incorrect predictions for each class. The confusion matrix is structured as in Table 3 [11]. 

True positives (TP) occur when the model correctly identifies a positive class, while false positives 

(FP) indicate incorrect positive predictions. True negatives (TN) reflect correctly identified negative cases, 

whereas false negatives (FN) represent missed positive cases. To ensure fair benchmarking, the model's 

performance is compared with recent recurrent network-based models (2017-2023), focusing on models that 

utilize spatial-temporal fusion, attention mechanisms, and recurrent network structures. These comparisons 

help validate the effectiveness of the proposed approach in real-world FER tasks. 

 
 

Table 3. Confusion matrix 
Actual/predicted Positive prediction Negative prediction 

Positive class TP FN 

Negative class FP TN 

 

 
4. RESULTS AND DISCUSSION 

The proposed model was evaluated on the FER2013, FERPlus, RAF-DB, and CK+ datasets. The 

model performance is measured using accuracy, precision, recall, and F1-score. Table 4 shows the proposed 

models' performance on the FER2013 dataset. The deep residual GRU model achieved the highest accuracy 

of 99.86% in both cases, followed closely by the deep residual BiLSTM and the proposed residual LSTM. 

The second case for deep residual BiLSTM shows a slight decrease in accuracy, indicating a minor 

sensitivity to hyperparameter changes. 
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Table 4. Evaluation performance proposed model using FER2013 
Model Case Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Deep residual BiLSTM I 99.85 99.85 99.85 99.85 
II 99.79 99.79 99.79 99.79 

Proposed residual LSTM I 99.83 99.83 99.83 99.83 

II 99.83 99.83 99.83 99.83 
Deep residual GRU I 99.86 99.86 99.86 99.86 

II 99.86 99.86 99.86 99.86 

 
 

Table 5 presents the evaluation results on the FERPlus dataset. The deep residual BiLSTM model 

achieves the highest accuracy of 99.99% in case I, while all models maintain stable and high performance in 

case II. These results suggest that the residual learning mechanism enhances feature extraction, leading to 

better classification results. 

 

 
Table 5. Evaluation performance proposed model using FERPlus 
Model Case Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Deep residual BiLSTM I 99.99 99.99 99.99 99.99 
II 99.79 99.97 99.97 99.97 

Proposed residual LSTM I 99.96 99.96 99.96 99.96 

II 99.97 99.97 99.97 99.97 
Deep residual GRU I 99.97 99.97 99.97 99.97 

II 99.97 99.97 99.97 99.97 

 

 
Table 6 shows that all models reached perfect accuracy on the RAF-DB dataset. Similarly, Table 7 

confirms the same performance on the CK+ dataset. These results indicate that the models recognize facial 

expressions in these datasets with zero classification errors. Each model's consistency across both cases 

demonstrates its robustness in learning and generalizing facial features. 

 

 
Table 6. Evaluation performance proposed model using RAF-DB 

Model Case Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Deep residual BiLSTM I 100 100 100 100 

II 100 100 100 100 
Proposed residual LSTM I 100 100 100 100 

II 100 100 100 100 

Deep residual GRU I 100 100 100 100 
II 100 100 100 100 

 
 

Table 7. Evaluation performance proposed model using CK+ 
Model Case Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Deep residual BiLSTM I 100 100 100 100 

II 100 100 100 100 

Proposed residual LSTM I 100 100 100 100 
II 100 100 100 100 

Deep residual GRU I 100 100 100 100 

II 100 100 100 100 

 
 

The comparison of model performance across different datasets provides insightful observations. 

On the FER2013 dataset, the deep residual GRU model performed slightly better than the others, although 

all models exhibited exceptional accuracy above 99.79%. The deep residual BiLSTM model showed a 

slight drop in accuracy in case II, suggesting its sensitivity to changes in hyperparameter settings. 

Meanwhile, the proposed residual LSTM maintained consistent performance across both cases, indicating 

its robustness in handling variations within the dataset. For the FERPlus dataset, the deep residual BiLSTM 

model achieved the highest accuracy of 99.99% in case I, surpassing the other models. However, a slight 

decline was observed in case II, whereas the proposed residual LSTM and deep residual GRU models 

remained stable. These results suggest that the residual learning mechanism in these models facilitates 

enhanced feature extraction, contributing to improved recognition capabilities. Regarding the RAF-DB and 

CK+ datasets, all models attained 100% accuracy in both cases. These results indicate that the models could 

perfectly classify facial expressions in these structured datasets. The results demonstrate the effectiveness of 
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residual-based architecture in deep learning models for facial expression recognition. The absence of 

classification errors suggests that the proposed models effectively capture the essential spatial and temporal 

patterns required for accurate expression recognition. Overall, the deep residual BiLSTM model excels in 

the FERPlus dataset, whereas the deep residual GRU model shows slight superiority in FER2013. However, 

all three models perform exceptionally well, highlighting the effectiveness of integrating residual 

connections into LSTM and GRU architectures for facial expression recognition. The results confirm that 

combining spatial and temporal feature extraction mechanisms enhances recognition performance across 

various facial expression datasets. 

Figure 6 presents the summary of the accuracy achieved by the deep residual BiLSTM, proposed 

residual LSTM, and deep residual GRU models across the FER2013, FERPlus, RAF-DB, and CK+  

datasets under case I and case II configurations. The differences observed between the two configurations 

indicate the models’ sensitivity to hyperparameter changes, particularly on the FER2013 and FERPlus 

datasets, where BiLSTM exhibits a performance decrease in case II, while GRU remains stable. From a 

practical perspective, the GRU variant performs better due to its simpler and more efficient gating structure, 

which enables effective temporal dependency modeling with a lower risk of overfitting, whereas BiLSTM is 

more suitable for scenarios requiring bidirectional context modeling but is more sensitive to suboptimal 

hyperparameter settings. 

 

 

 
 

Figure 6. Accuracies of the proposed models 

 

 

The confusion matrices provide deeper insights into the classification performance of the models. 

Each confusion matrix represents the percentage of correctly and incorrectly classified emotions. Figure 7 

illustrates the confusion matrices for different models. The first confusion matrix as shown in Figure 7(a) 

demonstrates high accuracy across all emotion categories, with minimal misclassification occurring 

primarily between similar emotions like fear and surprise or happiness and neutral. The highest 

classification accuracy is observed for anger (99.72%) and surprise (99.85%), whereas slight 

misclassifications are found in the happiness and fear classes. The second confusion matrix as shown in 

Figure 7(b) represents the CNN-based model, which achieves 100% classification accuracy in almost all 

categories except for neutral (99.92%) and sadness (99.77%), where minor misclassifications are observed. 

The additional contempt class introduces slight challenges, but the model still performs remarkably well. 

The third and fourth confusion matrices as shown in Figures 7(c) and 7(d) exhibit perfect classification 

performance (100%) across all emotion categories, indicating that the models effectively generalize across 

different facial expressions without errors. This highlights the robustness of the deep residual recurrent 

fusion model in handling complex FER tasks. 
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(a) (b) 

  

  
(c) (d) 

 
Figure 7. Confusion matrix of proposed models based on various datasets of (a) FER2013, (b) FERPlus,  

(c) RAF-DB, and (d) CK+ 

 

 
Hyperparameter tuning improves model performance by enabling an appropriate balance between 

network depth, dropout rate, and learning rate, thereby allowing the feature extraction process to be effective 

and stable during training. Proper regulation of network depth prevents the model from becoming overly 

complex, while the use of dropout reduces inter-neuron dependency and an appropriate learning rate ensures 

optimal convergence. However, this study has limitations due to the relatively small size of the FER datasets, 

as near-perfect accuracy may increase the risk of overfitting and limit generalization to real-world conditions. 

Nevertheless, the results demonstrate strong potential for applying FER in practical scenarios, such as 

emotion-based health monitoring and the development of adaptive learning systems that respond to users’ 

emotional states. 

Table 8 presents the performance comparison between the proposed models and existing methods 

for facial expression recognition. The results show that previous models such as PAtt-Lite [11] achieved 

92.50% on FER2013, 95.55% on FERPlus, and 95.05% on RAF-DB, while other approaches like visual 

transformers with feature fusion (VTFF) [29] and region attention network (RAN) [30] yielded accuracies 

under 90% for FERPlus and RAF-DB. Compared to these existing methods, the proposed deep residual 

BiLSTM, proposed residual LSTM, and deep residual GRU models significantly outperform previous works. 

Specifically, the proposed models achieve near-perfect classification results, reaching 99.85% on FER2013, 

99.99% on FERPlus, and 100% on RAF-DB and CK+. These improvements highlight the effectiveness of 

residual connections in enhancing feature extraction and optimizing learning stability. Moreover, previous 

models such as a novel spatio-channel attention net (SCAN)-complementary context information (CCI) [31] 

and TransFER [32] reported lower performance on RAF-DB and FERPlus, with accuracy ranging from 

86.90% to 97.31%. In contrast, the proposed models achieve consistent performance across all datasets, 

eliminating the performance gap observed in earlier methods. The comparison further reveals that even  

state-of-the-art models like DSN + BiLSTM [4] only reached 99.4% accuracy on CK+, whereas the proposed 

models achieve 100% accuracy consistently on CK+ and RAF-DB. This consistency suggests that the 

proposed approach generalizes better across different facial expression datasets and is less susceptible to 

overfitting or misclassification. These results confirm that integrating deep residual networks with recurrent 

units (LSTM, GRU, and BiLSTM) enhances the learning capability of deep models, leading to a substantial 
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performance improvement over existing method. The ability to capture spatial and temporal features 

effectively contributes to superior accuracy, making the proposed models highly suitable for real-world facial 

expression recognition applications. 

 

 

Table 8. Existing models for FER2013, FERPlus, RAF-DB, and CK+ 
Reference Dataset Model Result 

[11] FER2013, FERPlus, RAF-DB, CK+ PAtt-Lite FER2013: 92.50%, FERPlus: 95.55%, 

RAF-DB: 95.05%, CK+: 100% 
[29] FERPlus, RAF-DB VTFF FERPlus: 88.81%, RAF-DB: 88.14% 

[31] FERPlus, RAF-DB, CK+ SCAN-CCI FERPlus: 89.42%, RAF-DB: 89.02%, 

CK+: 97.31% 
[32] FERPlus, RAF-DB TransFER FERPlus: 90.83%, RAF-DB: 90.91% 

[4] CK+ DSN+BiLSTM 99.4% 

CK+ DSN+DTN 98.2% 
CK+ DTN+BiLSTM 93.5% 

This work FER2013 Deep residual BiLSTM 99.85% 

  Proposed residual LSTM 99.83% 
  Deep residual GRU 99.86% 

 CK+ Deep residual BiLSTM 100% 

  Proposed residual LSTM 100% 
  Deep residual GRU 100% 

 RAF-DB Deep residual BiLSTM 100% 
  Proposed residual LSTM 100% 

  Deep residual GRU 100% 

 FERPlus Deep residual BiLSTM 99.99% 
  Proposed residual LSTM 99.97% 

  Deep residual GRU 99.97% 

 

 

5. CONCLUSION 

This study proposes three deep residual recurrent fusion models where tuning was applied to the 

hyperparameters to enhance the robustness of FER systems. The integration of residual connections with 

recurrent architectures, namely BiLSTM, LSTM, and GRU, enables effective modeling of spatial and 

temporal features while reducing vanishing gradient and overfitting issues. Experimental evaluations on the 

FER2013, FERPlus, RAF-DB, and CK+ datasets demonstrate consistently high performance, confirming the 

effectiveness of the residual–recurrent fusion approach in improving accuracy and generalization. The main 

novelty of this work lies in the systematic hyperparameter tuning applied across multiple RNN variants, 

which reveals differences in performance stability among architectures and identifies GRU as the most robust 

configuration under varying model complexities. Future research may extend this framework by 

incorporating multimodal datasets, integrating transformer-based architectures, and adding explainability 

approaches such as Shapley additive explanations (SHAP) or gradient-weighted class activation mapping 

(Grad-CAM) to improve interpretability and readiness for real-world deployment. 
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