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1. INTRODUCTION

Expressions are the key physiological features that convey human emotions, allowing us to express
feelings, thoughts, and emotions through body language, particularly through facial cues [1]-[2]. Common
expression include happiness, anger, sadness, boredom, and surprise. Facial expression recognition is a system
that identifies individual emotional expression by comparing it to the images stored in the database system.
Facial expression recognition has been adopted across various fields, including in security, education, and
mental health. In the healthcare sector, this system can assists medical professionals in monitoring mental
health condition of the patients and serves as a supporting tools in diagnosis and therapy processes. In security
sector, this technology is employed to detect and monitor the anomalous behavior in individuals. Meanwhile,
in terms of human-computer interactions, it facilitates more intuitive and responsive communications by
enabling system to interpret and respond to human emotions effectively [3]-[4]. Facial expression recognition
system typically employs advanced image processing and machine learning techniques to extract and classify
facial cues. However, a significant challenge in developing and implementing a facial emotion recognition
system is achieving accurate recognition, especially when the quality of the images is poor and facial features
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are unclear [5]-[6]. Additionally, the system often struggles to recognize expressions under varying conditions,
highlighting the need for methods to enhance image quality [7]-[8].

Image enhancement is a crucial process for reducing noise levels, improving image contrast, balancing
lighting, and clarifying edges that may be compromised due to poor image capture or numerous modifications.
Overall, image enhancement facilitates deeper analysis of digital images, aids in object identification and
isolation, and is essential in various image processing systems. Previous studies have investigated various
techniques for enhancing image quality, such as wavelet transform, and Contrast Limited Adaptive Histogram
Equalization (CLAHE) [9]-[10]. While these methods are effective in enhancing image contrast and
highlighting feature, the methods often fail to preserve the important details of facial part, particularly in the
image with extreme lighting conditions. Additionally, the methods do not consider how changes in the image
quality impact the feature extraction and subsequently affect the accuracy of deep learning models, resulting
in suboptimal performance. To address this challenges, this research proposes the implementation of
homomorphic filtering technique combined with sharpening methods for image quality improvement.
Homomorphic filtering enhances image sharpness by evenly distributing contrast intensity and sharpening edge
details [11]-[12]. Homomorphic filtering has previously been utilized to normalize non-uniform lighting in
cross-spectral and cross-distance face and iris recognition, demonstrating significant improvements in
recognition accuracy [13]-[14]. This study focuses on the application of Homomorphic filtering for facial
emotion recognition. Additionally, the image produced by Homomorphic filtering is enhanced through image
sharpening, which highlights facial edges and details to make them clearer. However, the implementation this
technique presents challenges due to its high computational complexity and the potential for over-enhancement
on the image, which may interfere the feature extraction in deep learning model. Moreover, the method's
sensitivity to lighting conditions and environmental variations can also pose difficulties.

The main contribution of this paper lies in improving the accuracy of facial emotion recognition by
integrating of image quality improvement techniques, specifically homomorphic filtering, image sharpening,
and deep learning. Experimental results indicate that utilizing these image enhancement methods can
significantly improve the performance of facial emotion recognition. Thus, this research pioneers the
exploration of image quality improvement techniques aimed at enhancing the accuracy of deep learning-based
facial emotion recognition. In addition, this research integrates the homomorphic filtering methods with three
different deep learning architectures, namely MobileNet, InceptionV3, and DenseNetl21, to evaluate
computational complexity of the proposed methods and their impact during model development process. This
study aims to address the following gaps:

1. Developing image enhancement methods that not only improve the quality of the images but also
positively impact accuracy in facial emotion classification.

2. Evaluating the effectiveness of the homomorphic filtering methods and the image sharpening in
enhancing the performance of various deep learning architectures.

3. Analyzing the performance of homomorphic filtering methods in comparison to other image
enhancement methods.

2. RELATED WORKS

Several related studies have been conducted in the field of Facial Emotion Recognition. Lu et al. used
Classical VGGNet and Improved VGGNet models for emotion recognition from the FER2013 dataset. The
study results showed that the Classical VGGNet achieved an accuracy of 84.31%, and the Improved VGGNet
achieved an accuracy of 84.74% on 35,886 samples, divided into training, testing, and validation data. The
limitation of this study is that the dataset only includes grayscale images, and the accuracy improvement
between the Classical and Improved models is not significant [15].

Next, study [16] proposed a homomorphic filtering algorithm by utilizing the conventional Canny
operator to extract facial edges and highlight important facial features, resulting in more accurate facial feature
extraction. The findings showed a 2% increase in accuracy for facial recognition compared to traditional
methods on the extended Yale B database. However, the limitation of this study is its focus solely on facial
recognition without discussing the algorithm's performance on larger-scale datasets.

Furthermore, study [17] compared multi-scale Discrete Cosine Transform (DCT) and Discrete Wavelet
Transform (DWT) techniques with homomorphic filtering using a Fuzzy K Nearest Neighbor classifier. The
results showed that the DCT classifier achieved an accuracy of 86.5%, and after combining, the accuracy
increased to 90%. Meanwhile, the DWT classifier achieved an accuracy of 87.5%, and after combining, the
accuracy increased to 89.5%. The computation time in this study was relatively long due to the multi-scale
combination load, especially during the pre-processing and classification stages. This is because the use of
DWT or DCT for image decomposition and coefficient selection is computationally intensive, leading to a
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relatively long process. The limitation of this study is the use of the ORL Face Database, which contains only
400 face images, thus limiting the generalization of the results to a wider range of facial variations.
Furthermore, study [18] focused on improving RGB image quality with a combination of Homomorphic
Filtering and Butterworth Lowpass Filtering methods, which successfully produced better-quality images by
eliminating noise such as salt and pepper. However, the limitation of this study is that it used only one small
image in the dataset, which does not demonstrate the effectiveness of the method on high-resolution images,
and no image quality metrics such as PSNR and SSIM were provided. Next, a study on a facial recognition
system using the Xception architecture [19]. In this study, the FER-13 dataset with 48x48 pixel grayscale
images was classified using the Xception architecture with Depthwise Separable Convolutions for efficiency,
resulting in an accuracy of 66%. The limitation of this study is that the classification of the "disgust" class was
very poor, with a recall of only 5%, due to the very small amount of data, and the system is highly dependent
on lighting quality, camera angle, and the distance of the face from the camera, which can affect or even reduce
the accuracy.

Lastly, a study on emotion classification using CNN, focusing on technical implementation such as batch
size and epoch settings [20]. In this study, the dataset used was from Kaggle, similar to the FER-13 dataset,
with grayscale images of 48x48 pixels. The testing results showed that with a combination of batch size 128
and 100 epochs, a training accuracy of 90% and validation accuracy of 65% were achieved. Out of 35
expressions, 28 were successfully classified with a validation accuracy of 80%. The limitation of this study is
overfitting, as the difference between training accuracy and validation accuracy is too large, indicating that the
model lacks generalization with new data. Additionally, the results showed that the model is highly dependent
on the hyperparameter configuration and lacks exploration of learning rate combinations to produce more
diverse accuracy data.

3. METHOD
The proposed framework is shown in Fig. 1, which involves four stages: 1) Dataset Input; 2) Image
Enhancement using Homomorphic filtering and image sharpening; 3) Model Testing; and 4) Result Analysis.

I Enh ‘ Model Testing Result
Dataset Input [~ mage Enhancetnent —» *Training Dataset % esult
*Homomorphic Filtering *Testing Dataset Analysis

Fig. 1. Proposed Framework

3.1. Dataset Input

In this study, experimental was conduct using USK-FEMO dataset, which contains 1260 images
consisting of 5 types of expressions: 255 images of happiness, 255 images of anger, 240 images of boredom,
255 images of sadness, and 255 images of surprise. The dataset, which is 8.25 GB in size, contains expression
images divided into two parts: training data and testing data, which will serve as reference data for the system
development [21]. Table 1 describes the detailed number of images for each expression class used in the study.
The dataset is divided into training data, consisting of 1008 images or 80% of the total images, with 201 images
per class, and testing data, consisting of 252 images or 20% of the total images, with 50 images per class.

Table 1. Number of Expression Images

No  Facial Expressions  Number Images  Image Pixel Size  Image Type

1 Happy 255 224x224 JPG
2 Bored 240 224x224 JPG
3 Angry 255 224x224 JPG
4 Sad 255 224x224 JPG
5 Surprised 255 224x224 JPG
Total 1260 224 pix224 pi JPG

Training Data 1008 201/class expression

Testing Data 252 50/class expression

3.2. Image Enhancement

The image enhancement process consists of Homomorphic filtering and sharpening in order to boost the
llighting and enhance details in the images. The Homomorphic filtering performed by importing the
Homomorphic Filtering module function. The Homomorphic filtering computations are as follows [22]-[26]:
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1. The normal image dataset is imported, and the RGB channels are separated because each image channel
will apply Homomorphic filtering separately as illustrated in Fig. 2. The RGB channel separation is
performed to enable detailed analysis and processing of each color component individually. Each channel
is processed to distinguish between high-frequency (the detail) and low-frequency (the lighting)
specifically. In the RGB domain, digital images, with each channel carries information about lighting
intensities at specific wavelengths. This separation obtains a detailed analysis of unique characteristic of
each channel. The red channel often exhibits dominant lighting intensity, while the blue channel is more
prone to noise. The separation process may enable the implementation of filtering algorithm specifically
in the channel requiring enhancement without intervene the information in other colors. This approach
allows a better flexibility, as the parameter adjustment is done independently in each color to obtain
optimal contrast and sharpness in image. Once processing is complete, the improved channel are
recombined to form an image with significantly enhanced visual quality compared to original image.

Input Image Matural Logarithm Fourler transform

Homomarphic Iiter

Inverse fourier transform Filtered image

"

Fig. 2. Visualization of Homomorphic Filtering Application

2. Homomorphic filtering is applied to each image channel by converting each channel to the logarithmic
domain to equalize intensity differences in the image. Then, the image is transformed from the spatial
domain to the frequency domain using Fast Fourier Transform (FFT) to separate low frequencies (lighting)
from high frequencies (details) in the image. Next, a Gaussian mask is applied to the image in the frequency
domain by multiplying the FFT result with the Gaussian mask, with parameters low=1.0, high=1.3, and
dO (cutoff frequency)=30. The parameter selection for this technique is carefully conducted to achieve
primary objective: balancing the image intensities and enhancing details without producing artifacts or
excessive noise. The selection of low, high, and d0 value is performed empirically through the experiments
on representative dataset, aiming to enhance image sharpness while avoiding distortion. This parameters
are also evaluated to assess their impact on deep learning model accuracy of facial emotion recognition,
ensuring performance improvements across various lighting conditions. The low value is set to 1.0 to
preserve low-frequency contribution without amplification or attenuation. This ensures the lighting section
in the image remains proportional without removing essential information from original lighting. The high
value is set to 1.3 to amplify high-frequency components (the image details) aiming to increase the
sharpness and image details proportionally without causing distortion. The value of 1.3 is selected as a
balance compromise to clarify the details while preventing over-enhancement, which could lead to noise
or artifacts. Meanwhile, the Cutoff frequency determines the boundary where the separation between high-
and low-frequency occurs. A value of 30 is chosen for dO based on the average size of the important
features in the image, such as face expression, whose the frequency details typically between medium to
high. By using the Cutoff value, the low-frequency components related to global lighting are reduced,
while preserving the details related to face expression. This choice ensures that minor noise and very fine
details are not excessively amplified, maintaining a balance between enhancement and noise suppression.
The process of Homomorphic filtering are calculated using the formula of the Image Multiplication Model,
Logarithmic Transformation, Fourier Transformation, and Gaussian Mask process as shown in (1), (2),
(3), and (4), respectively. The computation of Homomorphic filtering process begin with the calculation
of Image Multiplication model, which presents as in (1).

F(x,y) = L(x,y) .R(x,y) (1
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where F (x, y) is the image intensities of original image in the (x, y) coordinate, L(x, y) represents lighting
level in the image. R(x,y) is reflectance component as intrinsic properties of the reflected object.
Subsequently, the logarithmic transformation in (2) is calculated by using L(x, y) and R(x, ).

InF(x,y) = In(L(x,y)) + In(R(x,y)) )

where In represents natural logarithmic. This logarithmic transformation can ease the filtering process as
the lighting and reflectance components are separated additively. In addition, image is transformed
performing Fourier Transformation as in (2).

G, v) =F{InF(x,y)} (3)

where G (u, v) represents the image in domain frequency, and F{In F (x,y)} is Fourier Transformation of
logarithmic image In F (x, ¥). The coordinate in frequency domain is described as u, v. Frequency domain
aims to allow the manipulation in high and low-frequency.
e _(uZZi.UZ)
1 o

4)

where H (u, v) is filter functions that modify intensity of image frequency based on the coordinate u and
v. The low is minimum low-frequency intensity, while the high represents the number of high-frequency
to be amplified. The calculation of u? + v? describes the distance of a certain frequency to the origin
(0,0).

After applying the mask, the image is returned from the frequency domain to the spatial domain using
Inverse Fast Fourier Transform as in (5). Finally, the logarithmic transformation applied earlier is reversed,
so the image pixel intensities return to a linear scale by using equation (6). The homomorphic filter process
as illustrated in Fig. 3.

InF'®Y) = F —1{Z(u,v)} 5)

F'(x,y) = elnF'(x,y) (6)

Image Input

Transform Logaritmik

Fast Fourier Transform

»

Homomorphic filter

inverse fourier transform Filtered Image

100

‘ Fig. 3. Homomorphic Filtering results

The filtered image channels are then combined. At this stage, the filtered image is normalized to ensure
that pixel intensity values fall within the visualizable range, i.e., between 0 and 255. Following the
Homomorphic filtering process, image sharpening is performed to enhance edge details and improve the
overall sharpness in the image. The image sharpening technique employed in this research is Convolutional
Kernel Sharpening, utilizing 3%3 of kernel size. The technique is subset of spatial domain filtering, aiming
to enhance image sharpness by strengthening image details and edges. The 3%3 kernel is a small matrix
applied to the image through a convolutional operation, where the intensity value of pixels in a certain area
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are multiplied by kernel value and summed to produce sharper pixel. This approach is particularly effective
because the Homomorphic filtering repairs the lighting and image contrast by separating the illumination
and reflectance components. While this process evens out lighting, it can sometimes reduce some fine
details. Thus, the 3x3 kernel is essential to restore and enhance the fine details, particularly in the edges
and facial textures. The combination of the Homomorphic filtering and image sharpening produce images
with balanced optimal lighting, and sharp and clear detail [27]-[28]. Fig. 4 illustrates the Image
Enhancement Results obtained through this combined approach. The image results are utilized as the input
in classification process, providing a strong foundation for improved accuracy in emotion facial
recognition.

Fig. 4. Image Enhancement Results

5. Image quality assessment was performed by comparing the normal image and the filtered image using
Peak Signal-to-Noise Ratio (PSNR) to measure the signal-to-noise ratio, SSIM to evaluate perceptual
changes in structural information, and MSE to calculate the mean squared error between the original pixel
values and the filtered pixel values. The measurement results indicated that the filtered image exhibited
better quality compared to the image without quality enhancement [29]. Equations (7), (8), and (9) are
used to calculate PSNR, SSIM, and MSE, accordingly. Table 2 demonstrates the quality measurement
values of several sampe image using PSNR, SSIM, and MSE. PSNR quantifies the ratio between the
maximum possible pixel value and the noise or error affecting the image. Higher PSNR values indicate
better image quality (closer to the original). PSNR values above 30 dB are typically considered good and
low noise for image quality. while <20 dB indicates poor quality, high noise, and 20—-30 dB indicates
moderate quality. SSIM is a metric designed to evaluate image quality based on human visual perception.
It measures the structural similarity between the original and reconstructed images by considering
luminance, contrast, and structure. SSIM values range from 0 to 1: 0 where 0 represents no similarity
between the images and 1 represents perfect similarity (images are identical). SSIM is more sensitive to
structural and perceptual changes than MSE or PSNR, making it better for evaluating visual quality. MSE
is a fundamental metric that measures the average squared difference between the pixel values of the
original and reconstructed images. It represents the reconstruction error. Smaller MSE values indicate
better image quality (closer to the original). However, MSE has limitations as it does not account for
structural or perceptual aspects of the image, making it less aligned with human perception. The table
demonstrates that the image quality improves significantly, with a PSNR value exceeding 25 dB,
indicating a high signal-to-noise ratio and minimal distortion. Additionally, the average SSIM value, which
is approximately 0.9 and close to 1.0, reflects a strong structural similarity between the original and filtered
images. Furthermore, the MSE values, which are nearly zero, confirm that the filtered images retain
excellent quality. Based on these three measurement parameters, the filtered images exhibit superior
quality, which contributes to enhancing the performance of the model in classifying facial expressions
accurately.

(7

MAX?
PSNR = 10.logy,

MSE
where MAX is the maximum possible pixel value in the image (e.g. 255 for 8-bit images), and MSE is
Mean Squared Error between the original and reconstructed images.

_ Quany + G) + 20y + G)
Uz + .U;zz + C) (0% + 0'3% + ()

SSIM (x,y) (3
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where iy, W, is mean pixel intensities of images x and y, o2+ 0'33 is variances of pixel intensities in x and
¥, Oxy is covariance between x and y, and C;, C, represents small constants to prevent division by zero.

M N
1 . 12
MSE = ﬂz Z[Ioriginal(lt]) - Ireconstructed(lt])] (9)

i=1 j=1

where M, N is dimensions of the image, and Ioriginal and Ireconstructed represents pixel values of the
original image and reconstructed image, respectively. Quality measurement values of several images
shown in Table 2.

Table 2. Quality Measurement Values of Several Images
Quality Measurement Parameters

Original Image  Filtered Image

PSNR SSIM MSE
28.79 dB 0.9806 0.0013
31.08 dB 0.9858 0.0008

To determine the most effective image enhancement in this research, several evaluations are performed
employing CLAHE, Homomorphic filtering, and Wavelet Transform, with the results presented in Table 3.
The enhanced images using CLAHE and Wavelet Transform tend to appear darker and contain excessive noise,
which negatively impact the accuracy. This is primarily due to suboptimal parameter settings, leading to uneven
contrast enhancement and amplified noise. Moreover, in the Wavelet Transform method, artifacts were
observed during the decomposition and reconstruction process, particularly when the decomposition level or
wavelet basis did not align with characteristics of image. In contrast, Homomorphic filtering method obtained
better results in improving image contrast without causing excessive noise, showing its ability to separate high-
and low-frequency components to enhance image details while maintaining overall quality of image.

Table 3. Enhancement technique using Homomorphic Filtering, CLAHE, and Wavelet Transform

Image Type Testing Model  Learning Rate  Accuracy
Original Image e MobileNet 10-2 80.63%
Image with A
Homomorphic . MobileNet 10-2 81.74%
Filtering o

™,
Image with ‘ ! . o
CLAHE . MobileNet 10-2 72.61%
Image with
Wavelet MobileNet 10-2 76.98%
Transform

3.3. Model Testing and Training

The experimental was conducted on the Google Colab platform, using training and testing data on three
expression classification model architectures: MobileNet, DenseNet121, and InceptionV3. The selection of
MobileNet as the architecture in this research was considered because it is a lightweight architecture optimized
for devices with limited resources, using depthwise separable convolutions to efficiently process input images
and provide high performance for mobile and embedded vision applications. InceptionV3 emphasizes
computational efficiency with fewer parameters, combining various convolutional operations to extract spatial
and contextual features across multiple scales while preventing overfitting through reduction and regularization
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techniques. DenseNet121 maximizes feature reuse by connecting each layer to all preceding layers, enhancing
feature utilization without increasing model complexity, making it highly effective for extracting detailed
features from input images.

The hyperparameters used included 100 epochs, image size of 224x224x3, the Adam optimizer, a batch
size of 32, and three learning rate variations: 0.01 (10-2), 0.0001 (10#), and 0.000001 (10-°) [29], [30]. An epoch
represents a complete iteration of training that covers the entire dataset, while the learning rate is a parameter
that controls the speed at which the model learns the problem during training. A batch size of 32 divides the
dataset into smaller subsets, with each batch containing 32 iterations. The loss function used is cross-entropy,
commonly applied in classification models. Pre-trained weights initialized with ImageNet serve as a starting
point for transfer learning, leveraging existing knowledge. Frozen layers in each expression classification
system refer to various layers within the model whose parameters are not modified or updated during training,
as they are considered sufficiently adept at recognizing general features in images, such as edges, shapes, and
textures, learned from the large ImageNet dataset [11], [14], [31], [32], [33]. Frozen layer is a layer in neural
network model whose the parameters (weights and biases) remain unchanged during the training process. In
transfer learning, the pre-trained models like ImageNet often freeze the initial layers, as they capture basic
features lije edges and textures common across images. This reduces computation, improves stability, and
allows retaining only the later layers to adapt to specific tasks, such as facial expression detection.

In the MobileNet model, the first 15 layers are frozen, while DenseNet121 also freezes several initial
layers. In InceptionV3, 249 layers are frozen, covering most of the early and middle layers responsible for
detecting features within images. Categorical Crossentropy is used as the loss function to measure the
difference between the predicted probability distribution and the expected target distribution [34]-[35]. Testing
was conducted using both the filtered expression dataset and the normal expression dataset. The accuracy
results of the two datasets were then compared to evaluate the impact of image quality enhancement.

3.4. Evaluation Methods

Performance were analyzed to determine the effectiveness of using Homomorphic Filtering in enhancing
expression classification performance of deep learning-based expression classification systems. The model's
performance were analyzed using metrix of accuracy, precision, recall, F1-score, and multiclass confusion
matrix. Accuracy measures the proportion of correct predictions out of all predictions made by the model.
However, it can be misleading with imbalanced datasets, as the model may achieve high accuracy by predicting
only the majority class correctly. Precision measures how many positive predictions are actually correct, while
recall measures the model's ability to detect all positive samples. F1-score, the harmonic mean of precision and
recall, balances both metrics and is particularly useful for imbalanced datasets. It is crucial in tasks like pattern
recognition or facial expression classification, where both precision and recall are equally important. A high
F1-score indicates a good balance between accurate detection and minimal errors. The calculation of accuracy,
precision, recall, and F1-Score are exhibited in equations (10)-(13).

All predicted image

A = 10
ceuracy Total Data (10)
Precisi P (11)
recision = TP+ FP
TP
— 12
Recall TP T FN (12)

F1s ) Precision X Recall (13)
=2 X
core Precision + Recall

4. RESULTS AND DISCUSSION
4.1. Results

Fig. 5 illustrates the training results of MobileNet with the normal and enhanced dataset. In normal
dataset, accuracy consistently increases for both training and validation data over 100 epochs, stabilizing after
approximately 20 epochs. The graph shows a significant decrease in loss during the early stages of training,
eventually stabilizing. However, there are higher fluctuations in accuracy and loss for the validation data
compared to the training data, indicating the potential for overfitting. These results demonstrate that MobileNet
achieves good performance, but further improvements are needed to address the fluctuations in validation.
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Besides, the training results of the MobileNet model using the enhanced dataset indicates the model's
performance increases rapidly at the beginning of training and stabilizes after approximately 20 epochs. The
validation accuracy also improves, although it exhibits higher fluctuations compared to the training data. In the
loss graph, the loss value decreases sharply during the early stages of training and stabilizes after 20 epochs;
however, the loss on the validation data remains higher and more fluctuating than on the training data. Overall,
the application of the filtered dataset appears to enhance the model's accuracy, but the fluctuations in the
validation data suggest that further improvements may be needed to address issues of overfitting or data
imbalance in validation. The blue curve in the accuracy graph represents training accuracy, showing that
MobileNet architecture achieved accuracy of 98% with the normal dataset, and 99% with the enhanced dataset.
Meanwhile, the orange curve describes validation accuracy, indicating 86.5% accuracy for the normal dataset,
and 87.69% for the enhanced dataset. In the loss graph, it can be seen that the blue curve shows training loss,
where the model recorded 5% loss with the normal dataset and 4% with the enhanced dataset. The orange
curves represents validation loss, with values of 58% for the normal dataset, and 48% for the improved dataset.

Fig. 6 illustrates the training results of InceptionV3 with the normal and enhanced dataset. In the normal
dataset, the training accuracy increases rapidly at the beginning and stabilizes after approximately 20 epochs,
while the validation accuracy is more fluctuating, albeit showing improvement. In the enhanced dataset, the
training loss decreases sharply in the early stages of training and stabilizes after several epochs, whereas the
validation loss remains more fluctuating and consistently higher than the training loss. These results indicate
that the application of the filtered dataset helps improve the accuracy of the InceptionV3 model. However, the
fluctuations in validation data suggest that there is room for further improvement, particularly in addressing
performance instability in validation data and potential overfitting.

Fig. 7 illustrates the training results of the DenseNet121 model using the normal and enhanced dataset.
In normal dataset, the training and validation accuracy gradually increase as the number of epochs increases,
although the validation accuracy is slightly more fluctuating compared to the training data. This indicates that
the model is able to learn well; however, there is some instability in the predictions on the validation data. In
the loss graph, both the training and validation data experience significant decreases in loss during the training
process, with the training loss consistently being lower than the validation loss. This indicates that although
the model demonstrates reasonably good performance overall, the fluctuations in the validation data suggest
potential overfitting or instability that needs to be addressed further to improve its performance on unseen data.
Otherwise, in enhanced dataset, the training data accuracy consistently increases as the epoch progresses,
while the validation data accuracy shows significant fluctuations, particularly in the early training phases,
before reaching stability. The loss graph demonstrates a significant decrease in both datasets, with the training
loss being lower compared to the validation data. Although the enhanced dataset helps improve the model's
performance on the training data, the fluctuations observed in the validation data indicate that the model still
faces challenges in maintaining stability and generalization, which may require further adjustments to reduce
the risk of overfitting.

Fig. 8 shows the Confusion Matrix for the MobileNet, InceptionV3, and DenseNet121model. Each matrix
represents the distribution of the model's predictions compared to the actual labels of the test data. MobileNet
model performs reasonably well in classifying certain classes, as indicated by the high number of correct
predictions along the diagonal of the matrix (high values at positions corresponding to True Labels and
Predicted Labels). However, some misclassifications are evident from the off-diagonal predictions, indicating
that certain classes are still confused by the model. Overall, the Confusion Matrix provides a detailed view of
the model's strengths and weaknesses in recognizing and classifying expressions from the dataset, helping to
identify areas for improvement, particularly for classes with higher error rates. In the InceptionV3 model
successfully recognizes some expressions well. However, several misclassifications are evident from the
numbers outside the diagonal, showing that certain expressions are still incorrectly identified. While the model
performs adequately for some classes, the higher misclassification rates in certain classes suggest the need for
further improvements, either in model adjustments or in the quality of the training data. Overall, this Confusion
Matrix helps pinpoint specific areas where the model's performance can be enhanced. The DenseNet121 model
in normal dataset, the model demonstrates the ability to classify some expressions well, particularly in certain
classes such as "happy" and "surprised," which have a higher number of correct predictions along the diagonal
of the matrix. However, some misclassifications are observed in other classes, such as "angry" and "bored,"
indicating that the model struggles to distinguish between certain expressions. Otherwise, in enhanced dataset,
the model's performance appears slightly more consistent, showing improved classification accuracy in some
classes like "happy" and "sad." Nevertheless, misclassifications are still evident in several other classes, albeit
with fewer errors compared to the normal dataset. Overall, using the enhanced dataset seems to have a positive
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impact on the model's ability to classify expressions, but there remain areas that require improvement to achieve
better accuracy across all classes.
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Three matrices shown that most of the failure in classification occurs in “sad” and “bored” expressions,
as both of them often share similar facial features. However, Homomorphic filtering contributed in reducing
this by enhancing contrast and edges in facial lines. The graphic of accuracy and validation loss in reveals
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fluctuations and over-fitting in the three models, particularly in MobileNet and DenseNet121, primarily due to
relatively small dataset. This issue can be addressed by employing data augmentation technique, such as
rotation, cropping, and color adjustment, to expand the number of dataset. Additionally, the model's sensitivity
to enhanced features requires careful hyperparameter tuning, as parameters like low, high, and dO have a
significant impact on the results. Further testing is necessary to optimize values like learning rate and dropout
to minimize overfitting across different datasets.
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Fig. 8. Confusion Matrix of MobileNet (a and b), Inception V3 (¢ and d), and DenseNet121models (e and f)

4.2. Discussion

The performances of each model were evaluated in term of accuracy, precision, recall, and F-1 score. The
addition of evaluation metric, including PSNR, SSIM, and MSE, also contributed to quantitatively prove the
improvement of image quality after pre-processing. Table 4-Table 7 demonstrate the evaluation results of the
MobileNet, InceptionV3, and DenseNet121 model. MobileNet with normal images already performs very well,
especially at learning rates of 10-2 and 10-4, with precision, recall, F1-Score, and accuracy in the range of
0.80-0.87. However, there is a decrease at learning rate 10-6. Compared to normal images, filtered images
enhance MobileNet's performance across all learning rates. At learning rate 10-6, the filtered images improved
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precision, recall, F1-Score, and accuracy up to 0.89. This makes MobileNet the best model because it
consistently maintains high performance with both normal and filtered images. A high accuracy shows the
ability of model in classifying majority data correctly. However, model bias towards majority class may
possibly occurs, as the accuracy only measure the proportion of correct predictions out of the total data. The
small recall value indicates the model struggles to detect many true positives for certain classes, often due to a
bias toward the majority class while ignoring the minority class. Although filtering enhances image quality,
excessive modification or missing features can make it harder for the model to recognize specific classes. On
the other hand, MobileNet achieves high precision due to its depthwise separable convolutions, which
effectively extract key features like edges and textures. This filtering improves the clarity of dominant features,
enhancing precision for certain classes. The balance between high precision and relatively stable recall
contributes to a strong F1-score, as MobileNet effectively captures important features.

Next, InceptionV3 shows a consistent performance when using normal images at learning rates 102 and
10, with accuracies reaching 0.71 and 0.72. However, at learning rate 106, performance drastically drops to
0.56. Enhanced images show a significant improvement compared to normal images. At learning rates 10 and
10, accuracy reaches 0.77 and 0.75, and at 10-6, its accuracy is still better than with normal images, although
the accuracy is lower compared to the other two learning rates. This makes InceptionV3 the second best
performing model after MobileNet. Higher precision in InceptionV3 is due to its ability to capture important
features across various scale, making it better in detecting certain classes with clear, dominant feature. Filtering
further enhanced the dominant features, increasing the model’s confidence in predicting positively correct.
However, the recall is relatively low because InceptionV3 struggles to capture features from minority or less
dominant classes, partly due to data homogenization after filtering. Additionally, InceptionV3 often prioritizes
precision over recall, particularly in the case of imbalanced data distribution. This leads to a decent F1-score
value, though not as high as MobileNet.

Finally, the performance of DenseNet121 with normal datasets shows a decline in performance at learning
rates 10-2 through 10-6, with other evaluation metrics decreasing and accuracy dropping from 0.64 to 0.20.
Meanwhile, enhanced datasets show slightly better performance at learning rates 102 and 10, with precision
and accuracy remaining around 0.65 before dropping drastically at 10-6. This makes DenseNet121 the model
with the poorest performance compared to the other models, although using the filtered image dataset still
improves its accuracy compared to using the normal dataset. DenseNet121 shows low precision due to over-
fitting on an insufficient variety of dataset. This architecture requires a large and diverse dataset to learn
features effectively, but high homogeneity of filtered dataset leads to many incorrect positive prediction.
Moreover, the filtering may result in the loss of fine details required by DenseNet121, reducing its ability in
accurately detecting certain classes. Recall is also low because DenseNetl121 struggles to capture positive
samples from minority classes due to its reliance on rich and detailed features, which are diminished in the
filtered dataset. Efforts to improve precision may further sacrifice recall, leaving some positive samples
undetected. The imbalance between low precision and recall results in a poor F1-score, indicating suboptimal
performance on both enhanced and normal datasets. The evaluation also reveals that an excessively small
learning rate (107°) hinders learning progress, preventing the model from effectively capturing patterns.

Table 7 provided shows a performance comparison of different models when applied to both the normal
dataset and the enhanced dataset. The table illustrates the impact of dataset enhancement on the performance
of three different models: MobileNet, InceptionV3, and DenseNet121. The enhanced dataset significantly
improves the performance of MobileNet, with accuracy increasing from 38.09% to 88.88%. This demonstrates
that MobileNet benefits the most from the image enhancement process, making it more effective in extracting
features from the improved input data. InceptionV3 shows a modest accuracy improvement from 71.03% to
78.17% with the enhanced dataset. This indicates that while the enhancement helps, InceptionV3 already
performs well on the normal dataset due to its more advanced architecture. DenseNet121 experiences only a
slight accuracy increase, from 63.89% to 65.48%, when using the enhanced dataset. This suggests that
DenseNet121 may already have strong feature extraction capabilities, making the enhancement process less
impactful.

Table 4. The evaluation results of the MobileNet

Testing Evaluation Normal Image Filtering Imgae
Parameters 1072 10+ 10 10 10+ 106
Precision 0.80 0.86 0.39 0.84 0.88 0.89
Recall 0.80 0.87 0.38 0.82 0.88 0.89
F1-Score 0.80 0.86 0.37 0.82 0.88 0.89
Accuracy 0.81 0.87 0.38 0.82 0.88 0.89
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Table 5. The evaluation results of the InceptionV3

Testing Evaluation Normal Image Filtering Image
Parameters 102 104 106 102 104 106
Precision 0.76 0.73 0.56 0.78 0.75 0.60
Recall 0.71 0.72 0.56 0.77 0.75 0.59
F1-Score 0.72 0.72 0.56 0.77 0.75 0.58
Accuracy 0.71 0.72 0.56 0.77 0.75 0.59

Table 6. The evaluation results of the DenseNet121

Testing Evaluation Normal Image Filtering Image
Parameters 102 10 106 10 10+ 10°¢
Precision 0.65 0.64 0.22 0.66 0.67 0.22
Recall 0.64 0.63 0.20 0.64 0.63 0.21
F1-Score 0.64 0.63 0.19 0.63 0.63 0.21
Accuracy 0.64 0.63 0.20 0.65 0.65 0.22

Table 7. Performance Comparison of the Models

Accuracy of

Model Learning Rate  Accuracy of Normal Dataset Enhanced Dataset
MobileNet 10°¢ 38.09% 88.88 %
InceptionV3 10+ 71.03 % 78.17 %
DenseNet121 102 63.89% 65.48 %

Although Homomorphic filtering is adequate to improve visual quality and model accuracy, the filtering
technique may lead to increased computational load due to complexity in Fourier Transformation. Fourier
Transformation requires significant computational time for a large dataset particularly. To address this issue,
the utilization of GPU or parallel implementation is required to reduce overhear. Additionally, the risk of over-
fitting occurs in DenseNet121 as this architecture has high number parameter and requires more diverse data.
Limited data augmentation or variation makes it difficult for the model to recognize patterns under different
conditions. Over-fitting can be reduce through data augmentation technique. In addition, hyperparameter
sensitivity, particularly parameters like low, high, and dO, impact final results, requiring further testing to
determine optimal values for various datasets. Overall, the results show that image enhancement significantly
benefit complex architectures like Inceptionv3, which excels in capturing detailed features. However, the
enhancements for MobileNet and DenseNetl121 are more limited, indicating that image enhancement effects
are not always directly proportional to model performance.

5.  CONCLUSION

This research aims to explore the impact of image quality enhancement using homomorphic filtering and
sharpening to improve accuracy and support the performance of facial emotion recognition based on deep
learning. Image quality enhancement is used to improve the quality of input images, allowing the classification
model to focus on relevant expression features. The testing was conducted using MobileNet, InceptionV3, and
DenseNet121 architectures. The study demonstrates that image quality enhancement significantly improves
facial emotion recognition performance. The three architectures tested—MobileNet, InceptionV3, and
DenseNetl21—showed an increase in accuracy. MobileNet emerged as the most stable model, with an
accuracy increase of 1-2%, achieving the best result of 89% at learning rate 107. The consistency of this model
in maintaining accuracy across various learning rates highlights MobileNet's ability to handle enhanced quality
images. InceptionV3 also showed positive results, with a more significant accuracy improvement of 5-7%,
reaching the highest accuracy of 78.17% at learning rate 102 Although its performance was lower with normal
images, applying filtering to the input images substantially improved its performance, especially at lower
learning rates. DenseNetl121 also experienced an accuracy increase of 1-3%, but it still lagged behind the
performance of the other two models, particularly at learning rate 10°%, where its accuracy dropped
significantly. Overall, the results of this study emphasize the importance of image quality enhancement in
improving the accuracy of expression classification systems. Models trained with enhanced images proved to
be more effective than those trained with non-enhanced images. Therefore, image enhancement techniques
such as homomorphic filtering and image sharpening can be relied upon to improve image quality and support
the development of more accurate and reliable classification systems, particularly in applications involving
low-quality images. While challenges remain, these results offer a strong basis for advancing more reliable and
efficient expression classification systems in the future. To further improve, extensive testing with datasets
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featuring diverse resolutions and expressions, along with real-world scenarios involving varied lighting and
angles, is essential.
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