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Abstract 

This study presents a comparative analysis of deep learning architectures for the automatic classification of 

seven basic emotions (anger, disgust, fear, happiness, sadness, surprise, and neutrality) from facial expressions. 

A key investigation point is the impact of data representation format on model performance. To this end, the 

FER-2013 dataset was utilized in two distinct formats: a directory structure containing 28,709 images and a 

CSV file comprising 35,887 images represented as pixel values. For each data format, we developed and 

evaluated two types of models: a standard Convolutional Neural Network (CNN) and a hybrid CNN-Long 

Short-Term Memory (CNN-LSTM) architecture. The hybrid model was designed to capture potential temporal 

dynamics by processing features extracted by the CNN as sequential data. Experimental results demonstrated 

that the choice of both data format and model architecture significantly influences performance. The CNN-

LSTM model, particularly when trained on the CSV data, achieved superior accuracy, highlighting its 

effectiveness in learning complex feature sequences. This comprehensive comparison provides valuable 

insights into optimal data preparation and model selection for robust emotion recognition systems, with 

applications in healthcare, education, and security. Ethical considerations regarding data privacy and 

algorithmic bias were integral to the study 

Keywords: Artificial intelligence; deep learning; diverse data set; emotion classification; facial expression 

analysis; long – short term memory. 

1. Introduction 

Emotion recognition has attracted immense interest in recent times in psychology, human-computer 

interaction, and AI disciplines due to its tremendous potential to revolutionize both the way humans interact with 

machines and interpret the emotions of real-world applications. Current systems have several limitations in 

generalizability and adaptability to natural conditions. 

Deep learning has emerged as a promising solution for automatic emotion detection and has gained widespread 

attention, especially with techniques like convolutional neural networks (CNN) and recurrent neural networks 

(RNN). For developing temporal patterns in facial expressions, this work has employed Long Short-Term 

Memory (LSTM) networks, which are a specialized form of RNNs. It would be an appropriate model for tasks in 

which data is to be analyzed sequentially. By combining LSTMs with innovative preprocessing techniques such 

as data augmentation and transfer learning, this system achieves state-of-the-art performance. 

The core of the system is to create an automatic system that can correctly identify and classify fundamental 

emotions from one scenario to another. Major objectives of this research work can be summarized as follows:  

• Developing a robust LSTM-based architecture that can handle dynamic emotional expressions. 

• Reliable performance at all light spectrum conditions, demographical groups, and all facial orientation 

positions. 

• Real-time operation capabilities for seamless integration into applications such as surveillance, healthcare, 

and education. 

• Ethical considerations, most notably user consent, data protection, and the discourse on potential biases. 

Over the past couple of years, emotion recognition has grown into one of the key research areas in AI and 

computer vision. This literature review is meant to investigate existing studies, recent developments, and gaps in 

the research regarding image-based emotion recognition.  

Emotion recognition studies base their foundation on the basic theories of emotion described in psychology. 
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The pioneering work by Ekman identified six basic emotions: happiness, sadness, anger, fear, surprise, and 

disgust [1, 2].These are commonly taken as a basis in the formulation of many emotion recognition systems. Later, 

Plutchik introduced the wheel of emotions in 1980, arguing for a more complex spectrum of emotions [3]. 

More recently, other dimensional models have been used in emotion recognition studies, such as Russell’s 

1980 valence–arousal model [4].While most of the earlier works on emotion recognition have used handcrafted 

features with traditional machine learning algorithms, a classic example would be in [5], which combined LBP 

with SVM for classifying facial expressions. Similarly, Bartlett et al. [6] proposed systems for emotion recognition 

based on Gabor filters and the AdaBoost algorithm. While such approaches showed promising results in the 

controlled environment, their performance degraded when taken into the real world. 

Deep learning has brought a paradigm shift in emotion recognition. Tang et al. [7] used Deep Belief Networks 

to classify facial expression, which led to remarkable improvements. Specifically, CNNs have grown out to be 

highly effective in emotion recognition. For instance, using CNN, Mollahosseini et al. [8] reported high accuracy 

on a number of datasets. 

Recently, transfer-learning approaches have also been favored. He et al. [9] reported very promising 

performance for the emotion-classification task using the pre-trained AlexNet model. Lightweight architectures 

such as EfficientNet have also been applied for emotion recognition with both good accuracy and computational 

efficiency [10]. However, a serious bottleneck in emotion-recognition research is the lack of large-scale and 

diverse databases under realistic conditions. Another challenge lies in issues such as cross-cultural differences in 

emotional expression, micro-expressions, and context. Tan and Le [10] give an elaborate review of these problems 

along with presenting future directions in research. 

Real-time emotion recognition has recently become a hot spot in research, especially in mobile and embedded 

systems. Zhang et al. [11] proposed a low-latency emotion-recognition system based on a MobileNet architecture, 

while Arriaga et al. [12] designed real-time emotion-recognition applications that could run on mobile devices 

thanks to deep-learning models (e.g., CK+: Lucey et al. [13], FER-2013: Goodfellow et al. [14], AffectNet: 

Mollahosseini et al. [8]). 

The emerging prevalence of emotion-recognition technologies has increasingly made their application an 

ethical and privacy concern. Stark and Hoey [15] conducted an in-depth study regarding the use of ethical 

emotion-recognition systems and scenarios of misuse.Development of a Code of Ethics on Data Collection, 

Usage, and Storage remains an important research area. 

Over recent years, there has been significant progress in image-based emotion recognition. Deep-learning 

techniques, real-time applications, and large-scale datasets have become focal points of research. 

Some interesting research directions in this area include the following; 

Cao et al. [16] presented a practical transfer-learning algorithm for facial verification and improved model 

adaptability across domains and tasks. Chechik et al. [17] explored large-scale online learning for image-similarity 

ranking. Chen et al. [18] discussed anomaly detection using relational analysis of image data. Chopra et al. [19] 

proposed a unique similarity metric for face verification. These references represent the wide range of insights 

into computer vision and machine learning from recognizing difficulties regarding emotion recognition by Dhall 

et al. [20] and cross-pose facial recognition by Ekenel et al. [21] to state-of-the-art image-processing techniques 

by Gonzalez et al. [22] and the latest deep-learning approaches by He et al. [9] and Wang et al. [23]. 

The chapter entitled “Enhancing Law Enforcement through Pose-Based Facial Recognition and Image 

Normalization Techniques” by Özer [24] contributes to research on new methods for face-recognition 

enhancement in criminal investigations. This work discusses the effect of improving face recognition and retrieval 

by similarity tasks [25], effectively minimizing intra-class variance while maximizing inter-class distance. An 

investigation on emotion classification based on deep learning with small training datasets is conducted using 

transfer learning algorithms [26]. A new discriminative locality-alignment-based unsupervised feature-selection 

method is introduced [27]. Densely connected convolutional networks, known as DenseNet, were developed to 

enhance the flow of information and propagation of gradients [28]. 

The book provides foundational knowledge in digital image processing [29], and a novel fast exact search 

method in Hamming space is introduced [30]. The paper presents an information-theoretic metric-learning 

algorithm [31]. Multi-view face-recognition techniques are discussed [32]. The book provides an in-depth 

discussion of multi-view geometry in computer vision [33]. The paper provides a thorough look at diffusion 

models in artificial intelligence [34]. The introduction of LSTM networks changed the game for processing 

sequential data [35]. An online metric-learning algorithm is developed [36]. A comprehensive review of neural-

network-based face-recognition techniques is presented [37]. A kernelized locality-sensitive hashing method is 

created [38]. The exploration of metric-learning techniques focuses on improving feature representation [39]. A 
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review of deep facial expression recognition highlights recent advancements [40]. Diffusion models are 

extensively reviewed [41]. 

A deep-learning-based fusion face-recognition approach is designed [42]. A multi-metric learning algorithm 

is proposed [43]. An image analysis technique based on angles is proposed [44]. A fuzzy-rough-image-based 

cluster optimization approach is proposed [45]. The study dives into deep neural networks for recognizing facial 

expressions [46]. A fresh approach to personalized image search is introduced [47]. A deep-learning-based face-

recognition framework is introduced [48]. A comprehensive tutorial in digital image processing is given [49]. 

The book addresses models and learning strategies in computer vision [50]. A deep-learning method based on 

CNNs is proposed for multi-face analysis and liveness detection [51]. A compendium of 50 machine-learning 

courses is gathered [52]. There is an extensive discussion of image analysis, processing, and machine-vision 

techniques [53]. A comprehensive textbook on computer-vision algorithms is covered [54]. A deep-learning-

based face-verification system, DeepFace, is introduced [55]. A fundamental textbook on 3-D computer-vision 

techniques is presented [56]. The Eigenfaces face-recognition methodology is introduced [57]. Hyperparameter 

tuning and neural-network optimization are introduced [58]. 

One-shot learning matching networks are proposed [59]. Large-margin nearest-neighbor classification is 

proposed [60]. A metric-learning approach for side-information clustering tasks is presented [61]. A face-

recognition model leveraging video is introduced [62]. A local-similarity-preservation technique for facial 

expression recognition is implemented [63]. They introduced a face-recognition technique using self-quotient 

images under varying lighting [64]. 

Despite such progress, there is still a need for systems that can be relied upon to perform well under realistic 

conditions, considering cross-cultural differences and being ethical. In the future, more emphasis should be given 

to multimodal emotion recognition-image, audio, and text-mode, contextual integration, and developing the model 

of emotions in a more sophisticated way. Besides, applying technologies in practical applications such as human-

computer interaction, healthcare, and education should continue to focus on how to integrate technologies while 

considering ethical use. 

2. Material and Method 

The work will make use of a dataset that considers the aspect of dataset diversity: many age groups, ethnicities, 

and proper gender representations. In data augmentation, it would include rotation, cropping, and change in 

brightness so as to increase the robustness of the dataset, while for transfer learning, models pre-trained on large 

datasets would be fine-tuned on the target dataset to improve learning efficiency. 

2.1. Dataset and Preprocessing 

The FER-2013 (Facial Expression Recognition 2013) dataset served as the basis for all experiments in this 

study. To investigate the effect of data representation, the dataset was prepared in two distinct formats: 

• Directory-based Format: Images were organized into separate folders named after the seven emotion 

labels (0=Angry, 1=Disgust, 2=Fear, 3=Happy, 4=Sad, 5=Surprise, 6=Neutral). This structure contained a total 

of 28,709 grayscale images of 48x48 pixels, facilitating direct image loading during training. 

• CSV-based Format: The dataset was represented in a tabular format where each row corresponded to an 

image. The first column contained the emotion label (0-6), and the subsequent 2,304 columns (48x48=2304) 

contained the flattened pixel intensity values (ranging from 0 to 255). This format contained 35,887 images. The 

discrepancy in the number of images between the two formats stems from different preprocessing and filtering 

steps applied during their creation from the original FER-2013 source. 

For both formats, a single standard preprocessing step was applied: pixel values were normalized to the range 

[0, 1] by dividing by 255. No data augmentation techniques (e.g., rotation, flipping) were applied in order to 

isolate the effects of the core variables under investigation—data format and model architecture—on performance. 

2.2. Experimental Design 

A 2x2 factorial experimental design was systematically employed to evaluate the impact of two core 

independent factors on classification performance. This methodology allowed for a precise assessment of both 

the individual and combined influence of these variables. 

The two factors, each with two distinct levels, are: 
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• Data Format: The method by which the input data is presented (either a Directory Structure or a single 

CSV File). 

• Model Architecture: The specific neural network framework used for classification (either a Pure CNN 

or a Hybrid CNN-LSTM). 

This design resulted in four unique experimental conditions: (1) Directory + Pure CNN, (2) Directory + Hybrid 

CNN-LSTM, (3) CSV + Pure CNN, and (4) CSV + Hybrid CNN-LSTM. The use of a factorial design is crucial 

as it facilitates the analysis of main effects (how each factor, on its own, influences performance) and, more 

importantly, the interaction effect. The interaction term reveals whether the performance difference between the 

two Model Architectures (e.g., CNN vs. CNN-LSTM) is dependent on the specific Data Format being used. This 

comprehensive approach ensures a clear and rigorous comparison, allowing researchers to determine if 

performance variations are attributable to a single factor or a specific combination of both. 

2.3. Model Architectures 

a) Pure CNN Architecture 

The Pure Convolutional Neural Network (CNN) architecture was designed to serve as a baseline model 

specifically for spatial feature extraction from individual image inputs. This architecture consists of a sequential 

stack of layers engineered to capture patterns and hierarchical features within the images: 

• Feature Extraction Phase: This phase incorporates a series of convolutional layers for detecting 

fundamental features like edges, corners, and textures. These are followed by max-pooling layers to reduce the 

dimensionality of the feature maps and minimize the computational load. This sequential structure increases the 

depth of feature representation while decreasing spatial resolution, making the model more robust to variations in 

scale and location. 

• Classification Phase: After feature extraction, the spatial data is flattened into a one-dimensional vector 

and fed into one or more fully connected (dense) layers to make the final classification decisions. To prevent 

overfitting and enhance the model's generalization capability, dropout layers were strategically incorporated 

immediately after the dense layers. 

The architecture maintained a consistent input and output structure regardless of the data format used: 

• Input Shape: For both the Directory-based Data and the CSV-based Data, the input layer was designed to 

accept single-channel (grayscale) image tensors with a shape of (48, 48, 1). Data presented in the CSV format 

was first programmatically reshaped into this (48 height, 48 width, 1 channel) format before being processed by 

the identical CNN architecture. 

• Output Layer: For both data types, the final layer contained 7 units and utilized a Softmax activation 

function. This design ensured the model output a probability distribution across the 7 distinct emotion classes for 

every input image. 

 

 
Figure 1. CNN Schematic Design 

 

Figure 1 illustrates a standard Convolutional Neural Network (CNN) for an image classification task, likely 

emotion recognition, using 48x48 pixel input images. 

Feature Extraction: The core consists of three sequential blocks of Convolution (Conv) and ReLU layers 

followed by a Pooling layer. This process progressively extracts and compresses spatial features, creating a set of 

hierarchical Feature Maps.  

Classification: The final feature maps are Flattened into a vector and passed to a Fully Connected Layer (Dense 

layer). 
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Output: The final output layer uses the SoftMax Activation Function to provide a probability distribution over 

multiple classes (e.g., Sadness, Surprise, Fear), indicating the predicted emotion. 

Figure 2 (given as follows) outlines a sequential Convolutional Neural Network (CNN) designed for a 7-class 

classification task using 48x48x3 (RGB) input images. The model employs a standard feature extraction sequence:  

Feature Maps: Three blocks of Conv2D layers progressively extract features (with 16, 32, and 64 filters, 

respectively) and are followed by MaxPooling2D layers that reduce the spatial dimensions from 48x48 down to 

6x6. 

Classification: The final 6x6x64 feature maps are Flattened into a 2,304-unit vector. This is fed into two Dense 

layers (the first with 128 units, the second with 7 output units) to perform the final classification. 

Parameters: The architecture is relatively compact, containing 319,527 total trainable parameters, with the 

majority residing in the first dense layer. 

 
Figure 2. Convolutional Neural Network Design 

 

b) Hybrid CNN-LSTM Architecture 

The Hybrid CNN-LSTM architecture was engineered to go beyond simple spatial analysis by capturing 

potential temporal patterns embedded within the sequence of features extracted from the input images. This design 

integrates the strengths of Convolutional Neural Networks (CNNs) for robust spatial feature extraction with the 

power of Long Short-Term Memory (LSTM) networks for processing sequential data. The model is structured 

into two main, interconnected components: 

• CNN Feature Extractor 

This initial component is built identically to the convolutional and pooling blocks found in the Pure CNN 

model. Its primary function is to act as a potent feature extractor. It processes each input image, transforming the 

raw pixel data into a high-level, compact feature vector. This vector encapsulates the most salient spatial 

information (edges, textures, etc.) present in the image. Critically, the weights of these convolutional layers are 

optimized to ensure maximum efficiency in distilling the spatial characteristics of each image. 

• LSTM Classifier for Sequential Interpretation 

Unlike the Pure CNN, the feature vectors produced by the CNN are not immediately passed to a dense layer. 

Instead, the fundamental shift in this hybrid architecture is to treat these spatial feature vectors as a temporal 

sequence. This conversion is typically handled by a Reshape layer immediately following the CNN's flatten layer. 

If a single image is processed, it is often conceptually split or augmented to form a sequence of length 36 with a 

feature dimension 128. This sequence is then fed into one or more LSTM layers. The LSTM is uniquely adept at 

recognizing dependencies and context within sequential data, allowing it to interpret the progression or 

relationship between the feature vector "steps." The final output from the LSTM layers, which summarizes the 

learned sequential information, is then passed to a final dense layer. This layer, using a softmax activation 

function, performs the definitive classification, yielding the probability distribution across the target classes. 
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Figure 1. Hybrid CNN-LSTM Design 

Figure 3 is an architecture designed to classify sequences by combining spatial and temporal analysis. The 

network accepts a Time Distributed Input Sequence (multiple frames/timesteps). A stack of CNN Layers 

processes each timestep individually, extracting spatial features and converting the raw image data into high-level 

feature vectors. A Flatten Layer or Time Distributed Dense layer reshapes these vectors, creating a sequence of 

features where each element corresponds to a timestep. This feature sequence is fed into the LSTM Layer. The 

LSTM analyzes the entire sequence to capture temporal dependencies and patterns.  The LSTM's final summary 

is passed to an output layer with a SoftMax Activation Function to yield Predicted Class Probabilities for the 

entire input sequence. 

 
Figure 4. Hybrid CNN-LSTM Architecture 

 

Figure 4 displays the summary for a Hybrid CNN-LSTM model, designed to process image features 

sequentially for a 7-class classification task. 

The model starts with three blocks of Conv2D and MaxPooling2D layers to extract spatial features. This 

pipeline progressively increases the filter count (32, 64, 128) while reducing the spatial dimensions down to 4x4. 

The features are then Flattened into a vector of 2,048 units. The crucial Reshape layer converts the flattened 2,048-

unit vector into a sequence format: (None, 16, 128). This treats the 2,048 spatial features as a sequence of 16 

timesteps, each with 128 features. The prepared sequence is fed into a LSTM layer (128 units), which models 

potential temporal patterns or relationships between the spatial features. This layer contributes 131,584 

parameters. The output of the LSTM is passed through two final Dense layers (64 units and the final 7 output 

units) for classification. The model utilizes 232,967 total trainable parameters, combining efficient spatial 

extraction with powerful sequential modeling. 

The performance metrics of the model will be calculated with regard to accuracy, precision, recall, F1-score, 

and ROC-AUC. Cross-dataset validation shall be performed in order for the testing of generalization of the model 

to be validated on other datasets than those used during training. Testing on real-world video streams at 30 FPS 

shall be done in order to find the practical usability in regard to real-time processing. 

2.4. Training and Evaluation Protocol 

All models were implemented using the TensorFlow/Keras framework. The dataset for each format was split 

into training (80%), validation (10%), and test (10%) sets, ensuring stratified sampling to preserve the class 

distribution. Models were compiled using the Adam optimizer with a categorical cross-entropy loss function. The 
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models were trained for a maximum of 50 epochs with an early stopping callback (patience=5) monitoring the 

validation loss to prevent overfitting and optimize training time. The learning rate was also reduced on a plateau 

(patience=3). Model performance was evaluated on the held-out test set using standard metrics: accuracy, 

precision, recall, F1-score (macro-averaged), and the area under the ROC curve (ROC-AUC). 

3. Results 

This study employed two distinct representations of the FER-2013 dataset to conduct a comparative analysis 

of deep learning model performance. The first representation utilized a CSV format, where each image was 

flattened into a row of pixel values, enabling efficient data handling and streamlined integration with various 

model input pipelines. The second representation preserved the original directory-based structure, with images 

categorized into separate folders corresponding to the seven emotion classes. This dual-data approach was 

strategically designed to isolate and evaluate the impact of data organization—a crucial preprocessing step—on 

the efficacy of different model architectures. Specifically, both a standard Convolutional Neural Network (CNN) 

and a hybrid CNN-Long Short-Term Memory (CNN-LSTM) model were trained and evaluated on each data 

format. The hybrid model was designed to test whether an LSTM layer could effectively interpret the spatial 

features extracted by the CNN as a sequential pattern, potentially capturing complex dependencies within the 

facial expression data. The experimental outcomes revealed significant performance discrepancies attributable to 

both the data format and the chosen model architecture. These findings underscore the critical importance of data 

representation strategy in the development and optimization of deep learning systems for emotion recognition, 

demonstrating that its influence is on par with architectural choices. 

3.1. Comparative Performance Overview 

The performance of the four models, resulting from the combination of two data formats and two architectures, 

was comprehensively evaluated on the test set. For a robust comparison, macro-averaged metrics—including 

accuracy, precision, recall, and F1-score—were calculated to account for class imbalance. A comparative 

summary of these metrics is presented in Table 1. The results indicate that both the data format and the model 

architecture had a significant impact on classification performance. Overall, the Hybrid CNN-LSTM model 

trained on the CSV-formatted data achieved the most balanced performance, as evidenced by its superior macro 

F1-score of 55.995%, suggesting its effectiveness in handling the sequential nature of the feature data extracted 

from the CSV structure. The Pure CNN architecture was notably influenced by the data format, with the CSV 

format yielding an approximately 5% increase in accuracy compared to the directory-based format. 

Table 1. Model Performance Comparison 

Data Format 
Model 

Architecture 
Accuracy 

Precision 

(Macro) 

Recall 

(Macro) 

F1-Score 

(Macro) 

Directory-

Based 
Pure CNN 50.571% 50.218% 47.145% 48.095% 

Directory-

Based 

Hybrid CNN-

LSTM 
49.819% 50.672% 46.787% 48.037% 

CSV-Based Pure CNN 55.001% 53.031% 52.461% 52.525% 

CSV-Based 
Hybrid CNN-

LSTM 
57.843% 57.147% 55.200% 55.995% 

 

3.2. Analysis of Training Dynamics and Overfitting 

The learning progression of the models was analyzed through their training and validation accuracy/loss curves 

(Figures 5-8). These curves provide critical insight into the models' generalization capabilities. For instance, 

Figure 1 (Directory-Based Pure CNN) shows a close alignment between training and validation accuracy until 

around epoch 25, after which a gradual divergence indicates the onset of overfitting. This trend was consistently 

observed across models trained on the directory-based data.  

In contrast, the Hybrid CNN-LSTM model trained on CSV data (Figure 8) exhibited remarkable stability, with 

validation loss decreasing in tandem with training loss throughout the training process, demonstrating robust 

learning and effective mitigation of overfitting, likely due to the LSTM's regularization effect on the feature 

sequence. 
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Figure 2. Training and validation curves for the Directory-Based Pure CNN model 

 
Figure 3. Training and validation curves for the Directory-Based Hybrid CNN-LSTM model 

 

 
Figure 4. Training and validation curves for the CSV-Based Pure CNN model 

 

 
Figure 5. Training and validation curves for the CSV-Based Hybrid CNN-LSTM model 

3.3. Class-Wise Performance Diagnosis 

 

A deeper dive into the performance of the best-performing model (CSV-Based Hybrid CNN-LSTM) was 

conducted using a confusion matrix (Figure 9) and multiclass ROC analysis (Figure 10 and Table 2). The 

confusion matrix reveals that the model excels at recognizing 'Happiness' and 'Surprise', with high values along 

the diagonal. The most common misclassifications occur between 'Fear' and 'Sadness', and between 'Anger' and 

'Disgust', which is a known challenge in FER due to the similarity of associated facial muscle movements.  
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Figure 6. Confusion matrix for the CSV-Based Hybrid CNN-LSTM model 

 
Figure 7. Multiclass ROC curves for the CSV-Based Hybrid CNN-LSTM model 

 

The ROC curves and their corresponding Area Under the Curve (AUC) values per class, detailed in Table 2, 

confirm this finding. 'Happiness' achieved a near-perfect AUC of 0.99, while 'Fear' had the lowest AUC (0.91), 

indicating it is the most challenging emotion to distinguish. 

 
Table 2. Per-Class AUC Values for the CSV-Based Hybrid CNN-LSTM Model 

Emotion AUC Value 

Angry 0.8225 

Disgust 0.8974 

Fear 0.7850 

Happy 0.9277 

Sad 0.7926 

Surprise 0.9255 

Neutral 0.8277 
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3.4. Qualitative Results and Error Analysis 

Figure 11 provides a qualitative assessment by showcasing sample predictions from the test set made by the 

top-performing model. Panel (a) displays five correctly classified instances that represent challenging cases, such 

as a subtle expression of 'Sadness' or 'Fear' under non-ideal lighting. Panel (b) presents five characteristic 

misclassifications. Analysis of these errors suggests that the main challenges arise from extreme head poses, 

partial occlusions (e.g., by hands or hair), and ambiguous expressions that lie at the boundary between two 

emotion categories. These qualitative findings align with the quantitative results, highlighting the limitations of 

current models in fully capturing the complexity of in-the-wild facial expressions and pointing towards important 

directions for future work, such as incorporating pose invariance and context. 

(a) 

(b) 
Figure 8. Qualitative examples of predictions from the CSV-Based Hybrid CNN-LSTM model. (a) Correctly classified 

challenging instances. (b) Characteristic misclassifications 

4. Discussion 

4.1. Interpretation of Key Findings 

This study systematically investigated the individual and combined effects of data representation format and 

model architecture on facial emotion recognition performance. The most significant finding was that the hybrid 

CNN-LSTM model, particularly when trained on CSV-formatted data, achieved superior performance compared 

to all other conditions (as summarized in Table 1). This suggests that representing image data in a flattened, 

tabular format (CSV) may facilitate the LSTM's ability to discern sequential patterns within the spatial features 

extracted by the CNN. We hypothesize that the CNN learns to encode facial structures into a feature vector, and 

the LSTM subsequently interprets this vector as a meaningful sequence, potentially capturing nuanced 

relationships between different facial regions that are indicative of specific emotions. 

Conversely, the performance gap between the Pure CNN models trained on different data formats underscores 

the critical role of data preprocessing. The superior results with the CSV format for the Pure CNN indicate that 

the initial data structure can significantly influence even a model designed for spatial feature extraction, possibly 

due to differences in how the data is batched and normalized during training. 

4.2. Comparison with Previous Studies 

Our findings regarding the efficacy of the hybrid CNN-LSTM architecture align with a growing body of 

research that leverages sequential models for static image analysis (Thomas et al., 2024). However, while previous 

studies have often applied CNN-LSTM models to video sequences, our work demonstrates its potential value for 

capturing "pseudo-temporal" patterns within a single image, a less explored application. 

The observed confusion between 'Fear' and 'Sadness' and between 'Anger' and 'Disgust' (Figure 5) is a well-

documented challenge in the FER literature (Li et al., 2019). This recurring issue highlights the inherent similarity 

in the facial action units activated by these emotion pairs, confirming that our models are grappling with the same 

fundamental difficulties as state-of-the-art systems. 
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4.3. Limitations and Methodological Considerations 

Despite the promising results, this study has several limitations. First, the use of a single dataset (FER-2013) 

limits the generalizability of our findings. Future work should validate these results on more diverse and 

challenging in-the-wild datasets, such as AffectNet.  

Second, the absence of data augmentation was a conscious choice to isolate the variables of interest but 

undoubtedly impacted the overall performance and robustness of the models, particularly in mitigating overfitting 

(as seen in Figures 5-8). Incorporating aggressive augmentation would likely improve generalization. 

The specific architecture of the CNN feature extractor and the configuration of the LSTM layer (number of 

units, sequence reshaping strategy) were not extensively optimized. A hyperparameter tuning process could 

potentially yield even better performance. 

4.4. Implications and Future Work 

The findings of this study have practical implications for developing FER systems. They emphasize that data 

representation is not merely a preprocessing step but a fundamental architectural choice that can be as impactful 

as the model design itself. Researchers and practitioners should carefully consider how their data is structured 

before training. 

Based on our analysis, we propose the following directions for future research: 

 Multimodal Integration: Combining visual data with audio or physiological signals could help 

disambiguate the emotions that are challenging to distinguish based on facial expressions alone. 

 Advanced Architectures: Exploring more sophisticated mechanisms for combining CNN and LSTM, 

such as attention mechanisms, could further enhance the model's ability to focus on the most relevant facial 

regions sequentially. 

 Explainability: Employing techniques like Grad-CAM or LSTM attention visualization could provide 

insights into what spatial features the LSTM is interpreting as a sequence, improving the interpretability of the 

hybrid model. 

This research provides clear evidence that a hybrid CNN-LSTM architecture, coupled with a tabular data 

representation, offers a compelling approach for static image-based emotion recognition. By demonstrating the 

significant interaction between data format and model choice, this study contributes a nuanced understanding that 

moves beyond simply proposing a novel architecture. It underscores the importance of a holistic view of the 

machine learning pipeline, from data preparation to model selection, for building effective and robust affective 

computing systems. 

5. Conclusion 

This study set out to systematically dissect the impact of two critical factors—data representation format and 

model architecture on the performance of automatic emotion recognition systems. Through a rigorous 2x2 

factorial experimental design using the FER-2013 dataset, we demonstrated that the interaction between how data 

is structured and how the model is designed is not merely incidental but fundamental to achieving high 

performance. 

The key empirical finding is that a hybrid CNN-LSTM architecture, when applied to a tabular (CSV) 

representation of image data, consistently outperformed other combinations, including pure CNN models and 

models trained on directory-based image data. This result underscores a significant insight: treating the spatial 

features of a static image as a sequence for an LSTM to interpret can capture complex, discriminative patterns 

that may be overlooked by spatial feature extractors alone. Furthermore, the pronounced effect of the data format 

on the pure CNN model highlights that data preprocessing and organization are pivotal architectural decisions 

that can dramatically influence learning efficacy. 

Beyond the specific performance metrics, the primary contribution of this work is its holistic perspective on 

the machine learning pipeline. It moves beyond the conventional focus solely on model innovation by showing 

that data representation is a powerful lever for optimization. This finding provides a practical guideline for 

researchers and engineers in the field: careful consideration of data structure should accompany model selection 

efforts. 

The successful application of this approach paves the way for its use in various real-world applications, from 

enhancing patient monitoring in healthcare by tracking emotional well-being to developing more responsive 
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educational software that adapts to student engagement levels. However, the ethical deployment of such 

technology, with stringent safeguards for privacy and bias mitigation, remains an indispensable prerequisite. 

In the light of the limitations identified, future work will focus on validating these findings on larger, more 

diverse datasets and integrating multimodal data streams to overcome the challenges of ambiguous expressions. 

Ultimately, this research reinforces the notion that advancements in affective computing lie not only in building 

more complex models but also in smarter, more thoughtful data-centric strategies. 
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