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Abstract

Facial expressions represent one of the most important forms of nonverbal communication for conveying human
emotions. However, automatic facial emotion classification remains a challenging task due to variations in
illumination, facial pose, background complexity, and individual facial characteristics. This study aims to analyze
facial emotion classification using a deep learning approach based on Convolutional Neural Networks (CNNs). The
experiments were conducted on the AffectNet dataset, a large-scale benchmark containing in-the-wild facial
images, with the classification task focused on two emotional categories: happy and fear. The proposed framework
consists of several preprocessing stages, including face detection, image resizing, normalization, and data
augmentation, followed by CNN training using a transfer learning approach with NASNetMobile as the feature
extraction backbone. Experimental results demonstrate that the proposed model achieved a test accuracy of 96%,
with F1-scores of 0.97 for the happy class and 0.95 for the fear class. The model exhibited superior performance
in recognizing the happy emotion, whereas the fear class produced relatively more misclassifications due to its
greater visual complexity and higher intra-class variability. Overall, the findings indicate that the combination of
appropriate image preprocessing, data augmentation, and transfer learning significantly enhances the
performance and generalization capability of CNN-based facial emotion classification under real-world conditions.
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1. Introduction

Facial expressions constitute one of the most informative forms of nonverbal communication, enabling humans
to convey emotions, intentions, and psychological states without verbal interaction. Variations in facial components,
such as the eyes, eyebrows, nose, and mouth, provide visual cues that allow individuals to recognize emotional
responses during social interactions. Accurate interpretation of facial expressions is therefore essential for effective
human communication and plays a significant role in decision-making processes in everyday life. With the rapid
advancement of artificial intelligence (Al), the automatic analysis of facial expressions has become an increasingly
important research topic, attracting considerable attention from both academia and industry because of its
potential to facilitate more natural and intelligent human—computer interaction (HCI) [1]. Automatic Facial Emotion
Recognition (FER) has been widely adopted in numerous real-world applications, including intelligent surveillance,
healthcare monitoring, driver fatigue detection, online education, customer behavior analysis, social robotics, and
affective computing. In healthcare, FER can assist clinicians in monitoring patients with neurological disorders,
depression, autism spectrum disorder, and cognitive impairment by providing objective assessments of emotional
responses. In educational environments, emotion recognition enables intelligent tutoring systems to evaluate student
engagement and learning effectiveness in real time. Likewise, commercial applications exploit facial emotion
analysis to understand customer satisfaction and improve personalized services. As these applications continue to
expand, the demand for robust and accurate FER systems capable of operating under unconstrained real-world
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conditions has increased substantially [2].

Despite the remarkable progress achieved in facial emotion recognition, automatic classification of facial
expressions remains a challenging computer vision problem. Unlike controlled laboratory environments, real-world
facial images exhibit considerable variations in illumination, facial pose, camera viewpoint, image resolution,
occlusion, facial accessories, background clutter, and expression intensity. Furthermore, significant differences in
facial morphology, age, gender, ethnicity, and individual expression patterns introduce substantial intra-class
variability while reducing inter-class separability. These factors often degrade feature discriminability and
consequently reduce the classification performance of emotion recognition systems when deployed in practical
environments [3]. Traditional facial emotion recognition approaches primarily rely on handcrafted feature
extraction techniques combined with conventional machine learning classifiers. Popular descriptors include Local
Binary Patterns (LBP), Histogram of Oriented Gradients (HOG), Scale-Invariant Feature Transform (SIFT), Gabor
filters, and geometric facial landmarks, which are subsequently classified using algorithms such as Support Vector
Machine (SVM), k-Nearest Neighbor (KNN), Decision Tree, and Random Forest. Although these methods
demonstrate satisfactory performance under controlled conditions, their effectiveness is highly dependent on
manually designed features that often fail to capture the complex and nonlinear characteristics of facial
expressions. Consequently, handcrafted feature-based approaches exhibit limited robustness when confronted with
large appearance variations and complex real-world scenarios [4].

Recent advances in deep learning have fundamentally transformed image recognition by enabling end-to-
end feature learning directly from raw image data. Among various deep learning architectures, the Convolutional
Neural Network (CNN) has emerged as one of the most successful models for visual recognition because of its
ability to automatically learn hierarchical representations ranging from low-level edge information to high-level
semantic features. Compared with traditional handcrafted descriptors, CNN-based models produce more
discriminative and adaptive feature representations, resulting in superior performance across numerous computer
vision applications, including object detection, medical image analysis, plant disease recognition, biometric
identification, and facial emotion recognition [5]. Although CNN-based methods significantly outperform
conventional machine learning techniques, their performance remains sensitive to the quality and diversity of the
training data. Deep neural networks generally require large-scale annotated datasets to achieve strong
generalization capability. In facial emotion recognition, additional challenges arise from pose variation, facial
occlusion, illumination changes, background complexity, and class imbalance. These challenges often lead to
overfitting and performance degradation, particularly when training data are limited or collected under controlled
conditions that fail to represent real-world variability [6].

To overcome these limitations, transfer learning has become one of the most effective strategies for
developing high-performance deep learning models while reducing computational cost and training time. Rather
than training an entire network from scratch, transfer learning utilizes knowledge acquired from large-scale image
datasets to initialize feature extraction layers, thereby enabling efficient adaptation to new classification tasks
with relatively limited training samples. This approach not only accelerates convergence but also improves feature
generalization and reduces the risk of overfitting. Consequently, transfer learning has become a standard practice
in numerous image classification applications, particularly those involving specialized or domain-specific datasets
[7]. Among the available lightweight convolutional architectures, NASNetMobile represents an attractive solution
for facial emotion recognition because it was designed through Neural Architecture Search (NAS), enabling an
optimized balance between classification accuracy and computational efficiency. Compared with deeper and
computationally expensive CNN architectures, NASNetMobile provides competitive recognition performance while
maintaining a relatively small model size and lower computational complexity. These characteristics make it
particularly suitable for deployment in real-time applications and edge computing devices, where computational
resources and memory are often limited [8].

Another critical factor influencing FER performance is the selection of an appropriate benchmark dataset. The
AffectNet dataset has become one of the most comprehensive resources for facial emotion recognition because it
contains more than one million facial images collected from the Internet under unconstrained (in-the-wild) conditions.
Unlike laboratory datasets such as CK+, JAFFE, or MMI, AffectNet includes substantial variations in facial pose,
illumination, background, facial accessories, occlusion, and expression intensity, making it significantly more
representative of practical deployment scenarios. Consequently, models evaluated on AffectNet generally exhibit
stronger generalization capability for real-world facial emotion recognition [9]. Motivated by these challenges,
this study investigates facial emotion classification using a deep learning framework based on Convolutional Neural
Networks (CNNs) and transfer learning with NASNetMobile as the feature extraction backbone. The proposed
framework incorporates several preprocessing stages, including face detection, image resizing, normalization, and
data augmentation, to improve feature consistency and increase the diversity of training samples. The experiments
focus on two representative emotional categories, happy and fear, selected from the AffectNet dataset to evaluate
the capability of the proposed model under unconstrained real-world conditions.

The main contributions of this study can be summarized as follows:
e A lightweight CNN-based facial emotion classification framework is developed using transfer
learning with NASNetMobile to achieve high recognition accuracy while maintaining computational
efficiency.
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e A comprehensive preprocessing pipeline, including face detection, normalization, resizing, and image
augmentation, is implemented to improve feature quality and enhance model generalization.

e Extensive experiments on the AffectNet dataset demonstrate the effectiveness of the proposed
approach for recognizing facial emotions captured under challenging real-world conditions.

e Quantitative performance evaluation using accuracy, precision, recall, F1-score, confusion matrix,
and qualitative prediction analysis confirms the robustness of the proposed model, achieving a
testing accuracy of 96% while maintaining high classification performance for both emotion
categories.

The remainder of this paper is organized as follows. Section 2 describes the dataset, preprocessing
procedures, CNN architecture, and transfer learning methodology. Section 3 presents the experimental results and
discusses the model performance using quantitative and qualitative evaluations. Finally, Section 4 concludes the
study and outlines several directions for future research.

2. Methods

The research methodology was designed to achieve the primary objective of this study, namely, to analyze
facial emotion classification using a deep learning approach. Since the study focuses on evaluating the performance
of a Convolutional Neural Network (CNN) in recognizing facial expressions, each stage of the methodology—from
dataset selection and image preprocessing to model training and classification—was systematically designed to
extract discriminative visual features associated with human emotions. A comprehensive workflow was adopted to
ensure robust feature learning, effective model generalization, and reliable classification performance under real-
world conditions. The proposed methodology consists of four sequential stages: (1) data collection, (2) image
preprocessing, (3) CNN model training, and (4) facial emotion classification. These stages are closely
interconnected, with the output of each stage serving as the input for the subsequent process. The preprocessing
stage enhances image quality and increases data diversity, while the transfer learning-based CNN model learns
hierarchical feature representations that are subsequently used to classify facial emotions. Finally, the trained
model is evaluated using an independent testing dataset to assess its generalization capability and classification
performance. The overall research framework is illustrated in Fig. 1, and each stage is described in detail in the
following subsections.
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Figure 1. Overall Framework of the Proposed Facial Emotion Recognition System

2.1 Dataset

The performance of a deep learning model is highly dependent on the quality, diversity, and scale of the
training dataset. Therefore, selecting an appropriate dataset is a crucial step in developing a robust facial emotion
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recognition system. In this study, the AffectNet dataset was selected because it is one of the largest and most
comprehensive publicly available benchmark datasets for facial emotion recognition under unconstrained (in-the-
wild) conditions. Unlike laboratory-controlled datasets, AffectNet contains facial images collected from the Internet,
representing substantial variations in illumination, facial pose, occlusion, background, image resolution, ethnicity,
age, and facial appearance. These characteristics make the dataset particularly suvitable for evaluating the
robustness and generalization capability of deep learning models in real-world scenarios [6]. AffectNet contains
more than one million facial images, of which approximately 450,000 images have been manually annotated by
human experts. Each annotated image is assigned one of eight discrete emotion categories, namely neutral, happy,
sad, surprise, fear, disgust, anger, and contempt, together with continuous valence—arousal values that represent
the intensity and polarity of human emotions. Owing to its large scale and high annotation quality, AffectNet has
become one of the most widely adopted benchmark datasets for evaluating facial emotion recognition algorithms
and has been extensively used in recent deep learning studies [6].

This study focuses on a binary emotion classification task involving the happy and fear emotion categories.
These two emotions were selected because they exhibit significantly different affective characteristics while
presenting varying levels of classification difficulty. The happy class is generally characterized by distinctive facial
features, such as raised mouth corners and smiling expressions, making it relatively easier to recognize. In contrast,
the fear class often exhibits more subtle and complex facial muscle movements, including widened eyes and tense
facial muscles, which increase intra-class variability and make automatic recognition considerably more challenging.
Consequently, these two emotion categories provide an appropriate benchmark for evaluating the discriminative
capability of the proposed CNN-based classification model. Before model training, all images underwent a
preprocessing pipeline consisting of face detection, image resizing, pixel-value normalization, and data
augmentation to ensure consistent image quality and improve the generalization capability of the CNN model. The
processed images were subsequently divided into training, validation, and testing subsets for model development
and performance evaluation. Representative examples of the happy and fear emotion categories from the
AffectNet dataset are presented in Table 1.

Table 1. Representative Facial Inages of the Happy and Fear Emotion Categories from the AffectNet Dataset

No. Image Class

Happy

Fear

The AffectNet dataset has demonstrated excellent effectiveness for training Convolutional Neural Networks
(CNNs) in facial emotion recognition because it captures a wide range of facial expression variations under
unconstrained (*in-the-wild*) conditions. The diversity of facial poses, illumination, backgrounds, occlusions, and
individual facial characteristics enables deep learning models to learn robust and discriminative visual
representations. Consequently, models trained on AffectNet exhibit improved generalization capability and
achieve more accurate emotion classification when evaluated on real-world facial images [7]. As presented in
**Table 1**, the **happy** emotion category contains facial images exhibiting varying smile intensities, different
mouth curvatures, slightly narrowed eyes, and raised cheeks, reflecting the natural diversity of positive emotional
expressions. These variations enable the CNN model to learn multiple visual patterns associated with happiness
rather than relying on a single stereotypical smiling expression. The representative samples illustrate that AffectNet
provides rich visual diversity, allowing the model to develop more robust feature representations and improving its
ability to recognize happy expressions under different facial poses and environmental conditions.

In contrast, the fear emotion category presents considerably greater visual complexity. Typical facial
characteristics include raised eyebrows, widened eyes, a partially open mouth, and increased tension in the upper
facial muscles. However, the intensity of these facial movements varies substantially among individuals, ranging
from mild surprise-like expressions to intense fear responses. This high intra-class variability makes the fear
category more challenging to classify than happy, thereby requiring the CNN model to learn more discriminative
hierarchical features. The representative images in Table 1 demonstrate the diversity of fear-related facial
expressions contained in AffectNet, which contributes to improving the robustness and generalization capability of
the proposed model for real-world facial emotion classification.
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2.2 Image Preprocessing

Image preprocessing is a critical stage in facial emotion recognition because it directly affects the quality of
the input data used for deep learning model training. The primary objective of preprocessing is to enhance image
consistency, reduce irrelevant information, and emphasize facial features that contain emotional cues. Effective
preprocessing enables the model to focus on discriminative facial characteristics while minimizing the influence of
background clutter, illumination variations, facial pose, and other sources of visual noise. This stage is particularly
important when using in-the-wild datasets such as AffectNet, where facial images exhibit substantial variability in
acquisition conditions and subject appearance [8]. Unlike images captured in controlled laboratory environments,
AffectNet contains facial images collected from the Internet, resulting in considerable variations in lighting
conditions, viewing angles, facial orientations, image quality, facial accessories, occlusions, and background
complexity. These challenges may introduce redundant visual information that is unrelated to emotional expressions,
potentially reducing the effectiveness of feature extraction. Therefore, an appropriate preprocessing pipeline is
essential to standardize the input images before they are fed into the Convolutional Neural Network (CNN). In this
study, the preprocessing stage consists of four sequential steps: face detection, image resizing, pixel normalization,
and image augmentation. Together, these processes improve feature consistency and enhance the generalization
capability of the proposed CNN model.

2.2.1 Face Detection

The first stage of the preprocessing pipeline is face detection, which aims to identify and localize the facial
region within each image. Since facial emotion recognition relies exclusively on facial characteristics, isolating the
face from the surrounding background is essential for improving classification performance. By accurately detecting
the facial region, the CNN model is encouraged to learn meaningful emotional features rather than irrelevant visual
information originating from the background or surrounding objects. Consequently, face detection improves both
the quality of the training data and the discriminative capability of the learned feature representations. Several
face detection algorithms have been widely adopted in facial analysis applications, including Multi-task Cascaded
Convolutional Networks (MTCNN) and Haar Cascade. These methods are capable of accurately locating facial
bounding boxes while maintaining relatively high computational efficiency. In recent facial emotion recognition
studies, face detection has been shown to significantly improve classification performance by ensuring that
subsequent preprocessing and feature extraction stages operate exclusively on the facial region, where emotional
information is primarily expressed [9]. In this study, each facial image from the AffectNet dataset was first
processed using a face detection algorithm to identify the facial bounding box.

The detected facial region was then cropped to remove irrelevant background information before being
forwarded to the subsequent preprocessing stages. This procedure ensures that the CNN model learns discriminative
facial representations while reducing the influence of background noise and non-facial objects. Furthermore, face
detection contributes to improving the robustness of the proposed model when handling unconstrained facial images
with varying poses and environmental conditions. An example of the face detection process applied to the happy
emotion category is presented in Fig. 2, which illustrates the comparison between the original facial image and the
corresponding cropped facial region obtained after face detection. The figure demonstrates that the preprocessing
stage successfully isolates the facial area while preserving the essential visual characteristics required for accurate
emotion classification.

a. Original Image b. Detected Face Region
Figure 2. Comparison of the Original and the Detected Face Region

2.2.2 Image Resizing

Following the face detection stage, the cropped facial images were subjected to an image resizing process
to standardize their spatial dimensions before being used as input to the deep learning model. In this study, all
detected facial images were resized to 224 X 224 pixels, ensuring compatibility with the input requirements of
the NASNetMobile architecture employed in the transfer learning framework. Standardizing the image dimensions
is an essential preprocessing step because convolutional neural networks require fixed-size inputs to perform
efficient feature extraction and batch processing during model training [10]. Image resizing not only ensures
architectural compatibility but also improves the consistency of feature learning across the entire dataset. Facial
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images collected from the AffectNet dataset exhibit substantial variations in image resolution and facial scale due
to differences in image acquisition conditions. Without a standardized image size, these variations may introduce
inconsistencies in the extracted feature maps and adversely affect the learning process. By resizing all facial
images to a uniform resolution, the CNN is able to learn hierarchical facial representations from images with
consistent spatial dimensions, thereby improving feature stability and classification performance.

The selected image resolution of 224 X 224 pixels provides an appropriate balance between computational
efficiency and feature preservation. Although resizing inevitably modifies the original image dimensions, the
process preserves the most important facial characteristics required for emotion recognition while reducing
computational complexity and GPU memory consumption during training. Moreover, maintaining a fixed image
size facilitates efficient mini-batch optimization and accelerates model convergence. The image resizing procedure
was applied after face detection and cropping so that only the facial region was standardized, while irrelevant
background information had already been removed. This sequential preprocessing strategy ensures that the resized
images retain the essential emotional features, including facial landmarks and muscle movements around the eyes,
eyebrows, nose, and mouth, which are critical for accurate facial emotion classification. As illustrated in Fig. 3, the
original facial images exhibit considerable variation in image resolution, facial scale, and aspect ratio due to
differences in image acquisition conditions. Such inconsistencies may negatively affect the feature extraction
process, as the CNN could learn scale-dependent patterns instead of discriminative emotional characteristics. After
the resizing process, all facial images were standardized to a fixed resolution of 224 X 224 pixels, resulting in
uniform image dimensions and consistent facial proportions across the dataset. This standardization enables the
CNN to extract hierarchical facial features more consistently, improves training stability, and enhances the model's
ability to learn representative emotional patterns. Consequently, the resizing process contributes to improved
classification accuracy and better generalization performance by ensuring that all input images conform to the
architectural requirements of the NASNetMobile network.

a. Original Image b. After Resizing Process
Figure 3. Original and Resized Images

2.2.3 Image Normalization

After the image resizing stage, the facial images were subjected to image normalization to standardize the
pixel value distribution before being used for CNN training. Image normalization is a fundamental preprocessing
technique that reduces variations in pixel intensity and improves numerical stability during deep learning
optimization. Since facial images in the AffectNet dataset were collected under unconstrained (in-the-wild)
conditions, they exhibit considerable differences in illumination, contrast, and color intensity. These variations may
negatively affect feature extraction and hinder the convergence of the learning process if left untreated. In this
study, image normalization was performed using z-score normalization, in which each pixel value was standardized
by subtracting the dataset mean ((\mu)) and dividing by the standard deviation ((\sigma)). The normalized pixel
value is computed according to Equation (1):

xnorm = X — /o (1)

where (x) denotes the original pixel value, (\mu) represents the mean pixel intensity, and (\sigma) is the standard
deviation of the pixel values. This transformation produces pixel distributions with approximately zero mean and
unit variance, thereby reducing the influence of extreme intensity values during network optimization.

Image normalization provides several advantages for CNN-based facial emotion recognition. First, it
improves the numerical stability of the optimization process by preventing excessively large pixel values from
dominating the gradient updates. Second, normalization accelerates model convergence by providing a more
consistent input distribution, allowing the optimizer to learn more efficiently. Third, it enhances the robustness of
feature extraction by reducing the impact of illumination and contrast variations that commonly occur in real-world
facial images. Consequently, the CNN can focus on learning discriminative facial characteristics associated with
emotional expressions rather than being influenced by differences in lighting conditions or image intensity [11].

The effect of the normalization process on the facial images is illustrated in Fig. 4, which compares representative
happy facial expression images before and after normalization. As shown in the figure, normalization produces a
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more consistent pixel intensity distribution while preserving the essential facial structures and emotional
characteristics required for accurate emotion classification. This preprocessing step contributes to improved training
stability, faster convergence, and enhanced classification performance of the proposed CNN model.

(a) Before Normalzation (b) After Normalization

Figure 4. Original and normalized Images

2.2.4 Image Augmentation

Following image normalization, an image augmentation strategy was applied to artificially increase the
diversity of the training dataset before model training. Data augmentation is a widely adopted technique in deep
learning because it enables the model to learn more robust and generalized feature representations without
requiring the collection of additional annotated images. This preprocessing stage is particularly important for facial
emotion recognition, where variations in head pose, facial orientation, illumination, and expression intensity
frequently occur under real-world (in-the-wild) conditions. By exposing the CNN model to a broader range of
facial appearances during training, image augmentation effectively reduces the risk of overfitting and improves
the model's ability to generalize to previously unseen facial images [12]. In the proposed preprocessing pipeline,
image augmentation was performed after the resizing and normalization stages to ensure that all transformed
images possessed consistent spatial dimensions and standardized pixel distributions. Consequently, the
augmentation process introduced only realistic geometric and photometric variations while preserving the intrinsic
emotional characteristics of each facial expression. This sequential preprocessing strategy enables the CNN to
learn invariant facial features that are robust to changes in viewing conditions rather than memorizing specific
image patterns.

Tabel 2. Augmentation Results

No. Image Class

Happy

Fear

-~
o’ Y
Original Rotate Bright Flip

&-‘_

Several augmentation techniques were employed to simulate common variations encountered in practical
facial emotion recognition scenarios. Rotation was applied to emulate slight head tilts and camera orientation
changes that naturally occur during image acquisition. Horizontal flipping generated mirror images of facial
expressions, allowing the model to learn facial symmetry and effectively increasing the number of training samples.
In addition, brightness adjustment was introduced to simulate different illumination conditions, thereby improving
the model's robustness to lighting variations frequently observed in unconstrained environments. Collectively, these
geometric and photometric transformations encourage the CNN to focus on discriminative facial features that
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remain stable despite variations in pose, orientation, and illumination. The integration of these augmentation
techniques substantially enhances the diversity of the training data while preserving the semantic information
associated with each emotion category. As a result, the CNN learns more generalized feature representations,
improves classification robustness, and exhibits greater resilience when processing facial images captured under
diverse environmental conditions. Furthermore, data augmentation contributes to faster convergence and improved
generalization performance by reducing the likelihood of the model memorizing the original training samples.
Representative examples of the augmented facial images for the happy and fear emotion categories are
presented in Table 2. The table illustrates the visual transformations produced by each augmentation technique
while demonstrating that the essential emotional characteristics of the facial expressions are preserved. These
examples confirm that the augmentation process successfully increases the visual diversity of the dataset without
altering the underlying emotion labels, thereby providing richer training samples for the proposed CNN-based
facial emotion classification model.

2.3 Convolutional Neural Network (CNN)

Following the image preprocessing stage, the next step in the proposed framework is facial emotion
classification using a Convolutional Neural Network (CNN). CNN has become one of the most successful deep
learning architectures for image recognition because of its ability to automatically learn hierarchical feature
representations directly from raw pixel data. Unlike conventional machine learning approaches that depend on
handcrafted features, CNN performs end-to-end learning by simultaneously extracting discriminative visual
features and optimizing the classification model. This capability enables CNN to effectively capture subtle facial
characteristics associated with different emotional expressions, making it particularly suitable for facial emotion
recognition tasks [13]. Rather than training a CNN model from scratch, this study adopts a transfer learning strategy
to improve classification performance while reducing computational cost and training time. Transfer learning allows
knowledge learned from large-scale image datasets to be transferred to a target task with relatively limited
training data. Since pretrained models have already learned rich low-level and high-level visual representations,
they can be efficiently adapted to facial emotion classification with only minor architectural modifications and
parameter optimization. Consequently, transfer learning significantly accelerates convergence, improves feature
generalization, and minimizes the risk of overfitting [13].

2.3.1 Transfer Learning

The transfer learning framework employed in this study utilizes NASNetMobile as the backbone feature
extractor. NASNetMobile is a lightweight convolutional neural network architecture developed using Neural
Architecture Search (NAS) and pretrained on the ImageNet dataset, which contains more than one million natural
images across one thousand object categories. Through pretraining on ImageNet, NASNetMobile has learned rich
hierarchical visual representations that can be transferred to downstream computer vision tasks, including facial
emotion recognition. Compared with conventional CNN architectures, NASNetMobile provides an excellent balance
between classification accuracy and computational efficiency. Its relatively small number of parameters and
optimized network structure make it suitable for deployment in real-time and resource-constrained environments
while maintaining competitive recognition performance. For facial emotion recognition, transfer learning enables
the pretrained convolutional layers to extract generic facial features such as edges, textures, contours, and facial
structures, whereas the newly added classification layers are optimized to learn emotion-specific representations.
Previous studies have demonstrated that transfer learning using pretrained CNN models consistently outperforms
models trained entirely from scratch, particularly when the available training dataset is relatively limited [14].

2.3.2 CNN Model Architecture

The proposed facial emotion recognition model was developed by employing NASNetMobile as the base
network with the include_top parameter set to False, allowing the original ImageNet classification layer to be
removed. This configuration enables the pretrained convolutional layers to function solely as a feature extraction
backbone while permitting the addition of customized classification layers specifically designed for facial emotion
recognition. Following the NASNetMobile feature extractor, several additional layers were incorporated to
improve feature learning and classification performance. A Conv2D layer containing 32 convolutional filters with
a 3 X 3 kernel size, ReLU activation function, and same padding was first added to further refine the extracted
feature maps. Subsequently, a MaxPooling2D layer with a 2 X 2 pooling window was employed to reduce the
spatial dimensions of the feature maps while preserving the most discriminative information. To minimize overfitting
during training, a Dropout layer with a dropout rate of 0.5 was introduced by randomly deactivating a subset of
neurons in each training iteration. The resulting feature maps were then transformed into a one-dimensional feature
vector using a Flatten layer before being forwarded to the fully connected classification layer. Finally, a Dense
output layer equipped with the Softmax activation function generated the probability distribution over the target
emotion classes, namely happy and fear. This architectural design effectively combines the strong feature extraction
capability of NASNetMobile with lightweight task-specific classification layers, thereby achieving an appropriate
balance between computational efficiency and recognition accuracy [15].
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2.3.3 Model Compilation

After constructing the CNN architecture, the model was compiled prior to the training process. Since the
classification task involves categorical emotion labels, the categorical cross-entropy loss function was employed to
quantify the discrepancy between the predicted probability distribution and the corresponding ground-truth labels.
This loss function is widely adopted for multi-class image classification because it provides stable gradient updates
and facilitates efficient optimization. Model optimization was performed using the Adam optimizer with an initial
learning rate of 0.001. Adam was selected because it adaptively adjusts the learning rate for each trainable
parameter based on the first and second moments of the gradients, resulting in faster convergence and improved
optimization stability compared with conventional stochastic gradient descent algorithms. Throughout the training
process, classification accuracy was used as the primary evaluation metric to monitor the model's ability to correctly
predict facial emotion categories. The combination of categorical cross-entropy and the Adam optimizer has been
extensively validated as one of the most effective optimization strategies for CNN-based image classification tasks

[16].

2.3.4 Model Training

The proposed CNN model was trained for 30 epochs using a batch size of 64. During the training stage, real-
time image augmentation was applied exclusively to the training dataset to increase sample diversity and improve
the model's generalization capability. In contrast, the validation and testing datasets underwent only image
rescaling to preserve their original visual characteristics and ensure unbiased model evaluation. Model training and
validation were performed using the flow_from_dataframe data generator, which efficiently loads images directly
from the prepared dataframe while generating mini-batches during training. This approach reduces memory
consumption and enables seamless integration with online image augmentation. Throughout the optimization
process, the CNN continuously updated its trainable parameters by minimizing the categorical cross-entropy loss
through backpropagation and gradient-based optimization. The selection of training hyperparameters, including
the number of epochs, batch size, optimizer, and data augmentation strategy, was carefully designed to achieve
stable convergence while minimizing overfitting. During training, both training accuracy, validation accuracy,
training loss, and validation loss were continuously monitored to evaluate learing progress and assess the
generalization capability of the proposed facial emotion recognition model. Appropriate hyperparameter
selection and efficient data generation have been shown to substantially improve CNN robustness and classification
performance in facial emotion recognition applications [17].

3. Result and Discussions

This section presents the experimental results of the proposed Convolutional Neural Network (CNN) model for
facial emotion classification using the AffectNet dataset. The objective of the experiments is to evaluate the
effectiveness of the proposed transfer learning framework in recognizing facial expressions under unconstrained
(in-the-wild) conditions. Model performance is analyzed comprehensively through the training process, validation
performance, and final evaluation using an independent testing dataset that was not involved during model
training. Several quantitative evaluation metrics, including accuracy, precision, recall, F1-score, confusion matrix,
and classification report, are employed to assess the classification capability of the proposed model. In addition,
the learning behavior of the CNN is examined through training and validation curves to evaluate model
convergence, learning stability, and potential overfitting. The experimental findings are organized into several
subsections to provide a comprehensive analysis of the proposed facial emotion recognition system.

3.1 CNN Model Training Results

The CNN model was trained using the preprocessed and augmented AffectNet dataset following the
methodology described in the previous section. During the training process, the pretrained NASNetMobile network
functioned as the feature extraction backbone, while the newly added classification layers were optimized
specifically for the facial emotion recognition task. Inage augmentation was applied exclusively to the training
dataset to increase sample diversity and improve the model's generalization capability, whereas the validation
dataset underwent only image rescaling to provide an unbiased assessment of model performance. Training was
conducted for several epochs until the optimization process reached convergence. Throughout the training
procedure, the model continuously updated its parameters using backpropagation and the Adam optimization
algorithm to minimize the categorical cross-entropy loss. Simultaneously, the values of training accuracy, validation
accuracy, training loss, and validation loss were monitored at each epoch to evaluate the learning progress and
determine whether the model exhibited signs of overfitting or underfitting. Overall, the experimental results
demonstrate a consistent improvement in model performance as the number of training epochs increased. This
behavior is indicated by the gradual increase in both training and validation accuracy, accompanied by a
corresponding decrease in training and validation loss. Such learning characteristics indicate that the proposed
CNN model successfully learned discriminative facial representations while maintaining good generalization
capability on unseen validation data. Furthermore, the relatively small gap between the training and validation
performance suggests that the adopted preprocessing strategy, image augmentation, transfer learning framework,
and regularization techniques effectively reduced the risk of overfitting.
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Figure 5. Training Loss dan Accuracy

As illustrated in Fig. 5, the proposed CNN model exhibited stable and consistent learning behavior throughout
the training process. The training loss decreased substantially from approximately 0.48 in the initial epoch to
around 0.05 by the tenth epoch, indicating that the network progressively minimized prediction errors while
learning increasingly discriminative facial representations. Similarly, the validation loss declined from
approximately 0.26 to 0.13, although minor fluctuations were observed during the final training epochs. Such
fluctuations are commonly encountered in deep learning optimization and generally reflect natural variations in
the validation data rather than indicating unstable model convergence. The accuracy curves further demonstrate
the effectiveness of the proposed training strategy. The training accuracy increased steadily from approximately
75% in the first epoch to nearly 99% at the end of training, while the validation accuracy improved from
approximately 88% to 97%. The continuous improvement in both training and validation accuracy indicates that
the CNN successfully learned discriminative facial features associated with the happy and fear emotion categories.
Furthermore, the relatively small gap between the training and validation curves suggests that the model
maintained strong generalization capability without memorizing the training samples.

The simultaneous decrease in loss and increase in accuracy indicate that the optimization process converged
effectively and that the selected hyperparameters—including transfer learning with NASNetMobile, image
preprocessing, data augmentation, and the Adam optimizer—contributed positively to model performance.
Moreover, the absence of a substantial divergence between the training and validation metrics suggests that the
proposed regularization strategy successfully mitigated overfitting, enabling the model to generalize well to
previously unseen facial images. These findings are consistent with the study reported by Li et al. [18], which
demonstrated that comprehensive image preprocessing and data augmentation improve training stability,
accelerate CNN convergence, and enhance the robustness of facial emotion recognition models. Overall, the
learning curves confirm that the proposed CNN framework achieved efficient optimization and established a solid
foundation for the subsequent evaluation on the independent testing dataset.

3.2 Confusion Matrix Analysis

To further evaluate the classification performance of the proposed CNN model, a confusion matrix was
employed to provide a detailed analysis of the prediction results for each emotion category. Unlike overall
accuracy, which summarizes the model performance using a single metric, the confusion matrix reveals the
distribution of correct and incorrect predictions across individual classes. This analysis provides valuable insight into
the model's ability to distinguish between happy and fear facial expressions while identifying specific
misclassification patterns that may occur during the recognition process. The confusion matrix enables the
computation of several important evaluation metrics, including precision, recall, and F1-score, by quantifying the
numbers of true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) for each emotion
category. Consequently, it serves as an effective tool for assessing not only the overall classification performance
but also the robustness and discriminative capability of the proposed facial emotion recognition model. In this
study, the confusion matrix was generated using the validation dataset to examine the classification performance
before evaluating the model on the independent testing dataset. The matrix illustrates the correspondence between
the ground-truth emotion labels and the predicted labels generated by the CNN model, thereby highlighting both
successful classifications and potential sources of classification errors. An ideal confusion matrix is characterized by
large values along the main diagonal and minimal values in the off-diagonal elements, indicating that most facial
images are assigned to their correct emotion categories.
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The confusion matrix obtained from the validation dataset is presented in Fig. 6. It provides a comprehensive
visualization of the classification results for the happy and fear emotion categories and serves as the basis for the
subsequent analysis of precision, recall, and F1-score. Through this evaluation, the effectiveness of the proposed
transfer learning framework in distinguishing facial emotions under unconstrained (in-the-wild) conditions can be
thoroughly assessed.
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Figure 6. Confusing Matrix dari Dataset Affectnet Happy dan Fear

3.3 Model Evaluation on the Testing Data

To assess the generalization capability of the proposed CNN model, performance evaluation was conducted
using an independent testing dataset that was not involved during either the training or validation stages.
Evaluating the model on previously unseen data provides an objective measure of its ability to recognize facial
emotions in practical scenarios and demonstrates whether the learned feature representations can be effectively
generalized beyond the training samples. The classification performance was analyzed using a classification
report, which summarizes four widely used evaluation metrics: precision, recall, F1-score, and support for each
emotion category. Precision measures the proportion of correctly predicted samples among all predictions assigned
to a particular class, whereas recall evaluates the model's ability to identify all samples belonging to the
corresponding class. The F1-score, which represents the harmonic mean of precision and recall, provides a balanced
assessment of classification performance, particularly when differences exist in the classification difficulty among
emotion categories.

Table 3. Classification Report of the Proposed Model on the Testing Data

Class Precision Recall F1-Score Support
Fear 0.98 0.91 0.95 953
Happy 0.95 0.99 0.97 1644
Accuracy 0.96 2597
Macro avg 0.97 0.95 0.96 2597
Weighted avg 0.96 0.96 0.96 2597

As summarized in Table 3, the proposed CNN model achieved excellent classification performance on both
emotion categories. For the fear class, the model obtained a precision of 0.98, recall of 0.91, and an F1 -score of
0.95, based on 953 testing images. These results indicate that the model was highly reliable when predicting the
fear emotion, as reflected by its high precision. However, the comparatively lower recall suggests that a small
proportion of fear expressions were incorrectly classified as happy, indicating that certain fear-related facial
characteristics remain challenging to distinguish because of their high visual variability. The happy emotion category
achieved even stronger classification performance. The model obtained a precision of 0.95, recall of 0.99, and an
F1-score of 0.97 from 1,644 testing images. The exceptionally high recall demonstrates that the CNN successfully
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recognized nearly all happy facial expressions, indicating that this emotion possesses distinctive visual
characteristics that can be effectively captured by the NASNetMobile-based feature extractor. Typical facial
features such as smiling lips, raised cheeks, and narrowed eyes contribute to the high separability of the happy
class from other emotional categories.

4. Conclusion

This study successfully developed a Convolutional Neural Network (CNN)-based facial emotion recognition
model using a transfer learning approach with the NASNetMobile architecture for classifying happy and fear
emotions from the AffectNet dataset. The experimental results demonstrate that the proposed model achieved
stable and effective learning throughout the training process, as evidenced by the reduction of the training loss
from approximately 0.48 to 0.05 and the validation loss from 0.26 to 0.13. Simultaneously, the training accuracy
increased to nearly 99%, while the validation accuracy reached 97%, indicating good convergence and no
significant signs of overfitting. Evaluation on an independent testing dataset further confirmed the robustness of the
proposed model, achieving an overall classification accuracy of 96% on 2,597 testing images. The model obtained
an Fl-score of 0.97 for the happy emotion and 0.95 for the fear emotion, demonstrating consistently high
classification performance. The happy class achieved superior recognition accuracy because of its distinctive facial
characteristics, whereas the fear class exhibited relatively lower performance due to greater intra-class variability
and visual similarity with other facial expressions. Overall, the results demonstrate that the integration of
comprehensive image preprocessing, data augmentation, transfer learning, and the NASNetMobile architecture
substantially improve the effectiveness of CNN-based facial emotion recognition under unconstrained (in-the-wild)
conditions. The proposed framework exhibits strong potential for practical applications in human—computer
interaction, affective computing, intelligent surveillance, healthcare monitoring, and emotion-aware intelligent
systems. Future research should extend the proposed framework by incorporating additional emotion categories
available in the AffectNet dataset, investigating advanced attention-based and transformer-based deep learning
architectures, and evaluating the model on more diverse real-world datasets to further enhance robustness,
generalization capability, and practical deployment performance.
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