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Performance Comparison of VGG16, MobileNetV2, and InceptionV3
Convolutional Neural Networks in Classifying Facial Dermatological
Conditions

Fadilah Karamun Nisaa Nadiyah1, Nayla Nur Alifah1, Sri Nurdiati1, Elis Khatizah1, Mohamad
Khoirun Najib1,∗

1School of Data Science, Mathematics, and Informatics, IPB University, Bogor 16680, Indonesia

ABSTRACT. This study investigates the performance of three convolutional neural network (CNN) architectures
(VGG16, MobileNetV2 and InceptionV3) in classifying two common facial dermatological conditions: acne and dark
spots. A dataset of 235 facial skin images was augmented, then used to train and evaluate each model using standard
classification metrics such as accuracy, precision, recall, and F1-score. The results demonstrate that MobileNetV2
achieved the highest classification accuracy of 93.13% while maintaining a relatively low computational cost. The
model exhibited perfect precision (1.00) for the acne class and a high recall of 0.99 for the dark spots class, indicating its
strong capability in accurately and sensitively identifying both lesion types. All three models demonstrated acceptable
classification performance for both acne and dark spots classes, as evidenced by their precision, recall, and F1-scores
exceeding 70%. This indicates that each model was capable of capturing relevant discriminative features of both lesion
types.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of JJoM: Department of Mathematics, Uni-
versitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction
Facial skin problems, such as acne and dark spots, are two

common conditions that can be identified through visual images
and serve as relevant targets for automated classification [1].
These two conditions exhibit distinct visual characteristics, in-
cluding color, texture, and distribution on the skin surface, which
digital cameras can capture. Given these differences, image-
based classification approaches offer an effective solution for fast
and accurate identification [2].

With the advancement of Artificial Intelligence (AI) technol-
ogy, deep learning methods, particularly CNNs, have been widely
applied in various fields, including medical image classification
and facial skin analysis [3, 4]. CNNs are capable of recognizing
patterns and features in images, making them suitable for the au-
tomated identification and classification of facial skin problems.
Several CNN architectures have been developed to improve effi-
ciency and accuracy in image processing [5].

VGG16, MobileNetV2, and InceptionV3 are three popular
CNN architectures that vary in terms of depth, computational ef-
ficiency, and model complexity [6–8]. VGG16, introduced by Si-
monyan and Zisserman, is known for its deep and uniform archi-
tecture using sequential small 3×3 convolutional filters, which
offers high classification accuracy but requires substantial com-
putational resources and training time [9]. MobileNetV2 is a
lightweight and optimized model for mobile and embedded de-
vices, utilizing inverted residuals and linear bottlenecks to sig-
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nificantly reduce the number of parameters and memory usage
without compromising accuracy [10, 11]. In comparison, Incep-
tionV3, an improved version of GoogLeNet, enhances computa-
tional efficiency and accuracy by combining multiple convolution
filter sizes in a single module, allowing the network to extract
features at various scales simultaneously [12].

Based on these considerations, this study aims to classify
facial skin problems, specifically acne and dark spots, using CNN
methods. The research compares the performance of three differ-
ent CNN architectures: VGG16, MobileNetV2, and InceptionV3.
This study is expected to contribute to the fields of skincare and
dermatological health, particularly in developing AI-based sys-
tems that can help with early diagnosis and provide more accu-
rate skincare recommendations [13, 14].

The research questions addressed in this study are as fol-
lows: (1) How can deep learning technology be utilized to assist
in the classification of facial skin problems? (2) How do differ-
ent deep learning architectures compare in their performance for
classifying facial skin conditions? (3) Which deep learning model
demonstrates the best performance based on classification eval-
uation metrics? To answer these questions, the objectives of this
study are: (1) to implement the CNN method for classifying facial
skin issues, particularly acne and dark spots; (2) to analyze and
compare the performance of three CNN architectures: VGG16,
MobileNetV2, and InceptionV3 based on evaluation metrics such
as accuracy, precision, recall, and F1-score; and (3) to determine
the most optimal CNN architecture for facial skin classification
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based on model testing and evaluation results. This study is ex-
pected to provide several benefits, including expanding knowl-
edge and serving as a reference for future researchers interested
in deep learning applications in medical imaging and dermato-
logical issues, contributing to the development of pattern recog-
nition techniques for facial skin imagery using various CNN ar-
chitectures, and offering a foundation for the development of AI-
based applications in the fields of beauty and dermatology.

2. Methods
2.1. Data source and type

The dataset used in this study consists of digital images
representing two types of facial skin conditions: acne and dark
spots. In detail, the dataset comprises a total of 235 images, in-
cluding 140 labeled as acne and 95 labeled as dark spots. The
data were obtained as secondary data from an external source,
namely the Kaggle platform, which provides a variety of open-
access datasets for research and development purposes. All im-
ages underwent manual review to ensure their relevance and vi-
sual clarity for classification tasks. The class imbalance present in
the dataset was also considered during preprocessing and evalu-
ation stages to minimize classification bias. To address the class
imbalance, data augmentation was applied in a balanced manner
to enhance minority class representation. Although augmenta-
tion techniques were applied uniformly, care was taken to gen-
erate a comparable number of samples per class in the training
set. Furthermore, evaluation metrics sensitive to imbalance such
as Precision, Recall, and F1-score reported alongside Accuracy
to provide a more comprehensive assessment of model perfor-
mance.

2.2. Research procedure
This research was conducted through several main stages.

Initially, planning and preparation of the data for classification
were carried out. The data were collected from the external
source Kaggle.

To improve data variation and model generalization, data
augmentation techniques were performed including random ro-
tations (±20 degrees), horizontal flipping, width and height
shifts (up to 10% of the image size), shearing transformations (up
to 0.2 radians), and brightness adjustment within the range of
70% to 130% of the original intensity. These transformations were
implemented using the ImageDataGenerator module in Tensor-
Flow and applied uniformly to all training images to synthetically
increase dataset diversity and mitigate overfitting. An example
of the augmented data shown in Figure 1. The dataset was then
divided into two subsets: training data and testing data, which
were used for model training and evaluation respectively.

Figure 1. Example of augmentation

Table 1. Layer and hyperparameters VGG16

Layer Hyperparameter

Conv2D
64 filters, 3× 3 filter size, ReLU, same padding, input
shape (224, 224, 3)

Conv2D 64 filters, 3× 3 filter size, ReLU, same padding
MaxPool2D 2× 2 pool size, 2 strides
Conv2D 128 filters, 3× 3 filter size, ReLU, same padding
Conv2D 128 filters, 3× 3 filter size, ReLU, same padding
MaxPool2D 2× 2 pool size, 2 strides
Conv2D 256 filters, 3× 3 filter size, ReLU, same padding
Conv2D 256 filters, 3× 3 filter size, ReLU, same padding
Conv2D 256 filters, 3× 3 filter size, ReLU, same padding
MaxPool2D 2× 2 pool size, 2 strides
Conv2D 512 filters, 3× 3 filter size, ReLU, same padding
Conv2D 512 filters, 3× 3 filter size, ReLU, same padding
Conv2D 512 filters, 3× 3 filter size, ReLU, same padding
MaxPool2D 2× 2 pool size, 2 strides
Flatten
Dense 4096 Units, ReLU activation
Dropout 0.5 Neurons
Dense 4096 Units, ReLU activation
Dropout 0.5 Neurons
Dense 1 Units, Sigmoid actiation

VGG16 is a CNN architecture developed by Simonyan and
Zisserman, known for its deep and well-structured design using
repeated 3×3 convolutional layers that allow for increased depth
without significantly raising the number of parameters. The ar-
chitecture proved highly successful in large-scale image classifica-
tion tasks such as ImageNet and has inspired various compression
strategies [9]. In this research, VGG16 contributes as a baseline
network capable of capturing detailed spatial features, despite
its limitations in size and training time. Its integration supports
achieving high classification accuracy with consistent generaliza-
tion in facial skin condition analysis.

Table 1 outlines the layer configuration of the VGG16 archi-
tecture used in this study. VGG16, introduced by Simonyan and
Zisserman, employs a consistent design pattern using repeated
3×3 convolutional layers and 2×2 max-pooling layers [15]. This
architecture increases network depth without significantly ex-
panding the number of parameters [9]. The model is composed
of five convolutional blocks followed by pooling, then three fully
connected layers with dropout to prevent overfitting. VGG16was
selected for its strong ability to extract spatial features, making
it suitable for classifying dermatological images such as acne and
dark spots.

Figure 2. Evolution of separable convolution blocks [10]
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Table 2. Layer and hyperparameters InceptionV3

Layer Hyperparameter
Conv2D 32 filters, 3× 3 filter size, 2 strides, ReLU activation, valid padding, input shape (224, 224, 3)
Conv2D 32 filters, 3× 3 filter size, ReLU activation, valid padding
Conv2D 64 filters, 3× 3 filter size, ReLU activation, same padding
MaxPool2D 3× 3 pool size, 2 strides
Conv2D 80 filters, 1× 1 filter size, ReLU activation, valid padding
Conv2D 192 filters, 3× 3 filter size, ReLU activation, valid padding
MaxPool2D 3× 3 pool size, 2 strides
Inception block 1
Branch 1× 1 = Conv2D 64 filters, 1× 1 filter size, ReLU activation, same padding
Branch 5× 5 = Conv2D 48 filters, 1× 1 filter size, ReLU activation, same padding
Branch 5× 5 = Conv2D 64 filters, 5× 5 filter size, ReLU activation, same padding
Branch 3× 3db1 = Conv2D 64 filters, 1× 1 filter size, ReLU activation, same padding
Branch 3× 3db1 = Conv2D 96 filters, 3× 3 filter size, ReLU activation, same padding
Branch 3× 3db1 = Conv2D 96 filters, 3× 3 filter size, ReLU activation, same padding
Branch pool = MaxPool2D 3× 3 pool size, 1 strides, same padding
Branch pool = Conv2D 32 filters, 1× 1 filter size, ReLU activation, same padding
GlobalAveragePool2D
Dense 1024 Units, ReLU activation
Dropout 0.2 Neurons
Dense 1 Units, Sigmoid activation

MobileNetV2 is a CNN architecture optimized for high effi-
ciency on mobile devices, introducing the concepts of inverted
residuals and linear bottlenecks, where shortcut connections
link narrow layers and non-linear activations are removed in
critical points to preserve essential information. The model is
lightweight in terms of parameters and computational opera-
tions, making it ideal for resource-constrained environments [10].
In this study, MobileNetV2 is applied as a representation of effi-
cient network design, capable of performing real-time classifica-
tion of facial skin conditions, thereby supporting AI-based solu-
tions deployable on portable or embedded systems.

The architecture of the bottleneck residual block used in
MobileNetV2. The design incorporates depthwise separable con-
volutions and a linear bottleneck structure, where non-linear acti-
vation functions are excluded from the bottleneck output to pre-
serve essential information. This configuration enables efficient
feature extraction while minimizing computational cost and pa-
rameter usage, making it suitable for mobile and embedded ap-
plications [10].

InceptionV3 is an advanced evolution of GoogLeNet, fea-
turing a more complex structure that combines multiple convo-
lutional filter sizes within a single module to capture features
at various scales [16]. The model incorporates several opti-
mization techniques, including factorization, asymmetric con-
volutions, and batch normalization, enhancing both computa-
tional efficiency and classification performance [17]. In this re-
search, InceptionV3 serves as a balanced architecture combin-
ing depth, accuracy, and efficiency, making it suitable for precise
facial skin condition classification without significantly compro-
mising computational performance. All three architectures were
implemented in this study to classify two facial skin conditions—
acne and dark spots—to determine which architecture performs
most optimally.

Table 2 presents the detailed architecture of InceptionV3,
an advanced evolution of GoogLeNet. InceptionV3 introduces
multi-scale processing through the Inception module, which ap-

Figure 3. InceptionV3 architecture [18]

plies multiple convolution filter sizes (1×1, 3×3, and 5×5) in
parallel within each block [17]. This enables the model to cap-
ture features at various scales in a single pass. Additionally, op-
timization techniques such as factorization and batch normaliza-
tion are incorporated to enhance computational efficiency and
training stability. In this study, InceptionV3 was used to eval-
uate the performance of a complex yet efficient architecture in
classifying facial skin conditions [17].

Table 3. Hyperparameter CNN

Hyperparameter Value
Optimizer Adam
Loss function Binary cross entropy
Epoch 30
Batch size 32
Learning rate 0.0001
Callbacks Early stopping with patience 5

Model training was performed with various hyperparam-
eter configurations, as described in Table 3. Adam optimizer
was selected due to its popularity and advantages, particularly
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its usability, computational efficiency and effectiveness in han-
dling large data sets and numerous parameters. The binary cross-
entropy loss function was utilized since the classification task in-
volved two categories: acne and dark spots. Training occurred
for a maximum of 30 epochs; however, an early stopping mecha-
nism with a patience of 5 epochs was implemented to reduce the
potential for overfitting. A model checkpoint was also created to
retain only the model with the best performance. Various batch
sizes (5, 10, 20, and 40) were first tested, with a batch size of 32
yielding themost advantageous results. The learning rate was set
to 0.0001 to ensure fine-grained weight updates during training.
Although smaller values slow down convergence, this rate pro-
vided sufficient stability and prevented overshooting, especially
when fine-tuning deep pre-trained networks on a small dataset.
In the MobilenetV2 architecture, we applied regularization tech-
niques with the objective of mitigating overfitting and improv-
ing generalization capability model’s on unseen validation data.
Regularization serves to prevent the model from excessively fit-
ting the training data, including noise or idiosyncratic patterns,
thereby promoting more robust performance across diverse and
unseen inputs [19].

To evaluate the performance of the classification models,
four commonly used evaluation metrics were employed, namely:
Accuracy, Precision, Recall, and F1-Score. These metrics are es-
sential for assessing the model’s ability to correctly classify facial
acne conditions, especially in the presence of class imbalance.
The definitions and formulas of each metric are provided below
[20]:
• Accuracy measures the proportion of total correct predic-
tions:

Accuracy =
TP + TN

TP + TN + FP + FN
.

• Precision indicates the proportion of true positives among
all predicted positives:

Precision =
TP

TP + FP
.

• Recall (also known as Sensitivity) reflects the proportion of
actual positives that were correctly identified:

Recall =
TP

TP + FN
.

• F1-Score is the harmonic mean of Precision and Recall:

F1-Score = 2× Precision× Recall
Precision+ Recall

.

3. Results and Discussion
All CNN architectures were trained and tested on Google

Collab and Python 3, with Tesla T4 GPU as hardware accelerator.
The accuracy of the CNN architectures is shown in Table 4. The ef-
fectiveness of the three CNNmodels was assessed using accuracy,
precision, recall, and F1-score, as detailed in Table 4–Table 5.

The VGG16 model showed a quick yet variable increase
in training accuracy. Training was stopped at epoch 18 based
on early stopping criteria to avoid overfitting show in Figure 4.
However, the validation performance showed significant insta-
bility, indicating the model’s limited generalization capability on

Table 4. Comparison accuracy and loss model

Model Accuracy (%) Loss
VGG16 80.90 0.3961
MobilenetV2 93.13 0.4536
InceptionV3 79.18 0.4250

Table 5. Metric report

Precision Recall F1-Score Support
VGG16
Acne 0.88 0.79 0.83 276
Dark spots 0.73 0.84 0.78 190
MobilenetV2
Acne 1.00 0.89 0.94 276
Dark spots 0.86 0.99 0.92 190
InceptionV3
Acne 0.82 0.83 0.82 276
Dark spots 0.75 0.74 0.74 190

Figure 4. Accuracy and loss VGG16

Figure 5. Example prediction VGG16

unseen data. This was further supported by the divergence be-
tween training and validation loss curves, where the validation
loss increased while training loss continued to decrease, high-
lighting overfitting tendencies. In Table The performance met-
rics reveal that the model achieved higher precision and F1-score
for the acne class, while the darkspot class yielded a higher re-
call value shown in Table 5. This suggests that while the model
was more accurate and consistent in predicting acne, it was rela-
tively more sensitive in detecting darkspot lesions, albeit with a
trade-off in prediction precision. This is further evidenced by the
confusion matrix in Figure 10, where the model correctly clas-
sified 218 out of 276 acne images and 159 out of 190 darkspot
images. This is further supported by the prediction examples
in Figure 5, where the model shows greater accuracy in classify-
ing acne images compared to darkspot. Correct predictions are
more frequent for acne, while darkspot cases are often misclassi-
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fied, aligning with the higher precision and F1-score for acne and
higher recall for darkspot.

In contrast, MobileNetV2 exhibited the most robust and
stable performance among the evaluated models shown in Fig-
ure 6. The training and validation accuracy curves demonstrated
consistent convergence with minimal fluctuations, indicating ef-
fective learning and strong generalization capability. Although
slight fluctuations in training loss were observed, the validation
loss remained stable throughout the training process, suggesting
resilience to overfitting. The final test accuracy in Table 4 reached
93.13%, the highest among all models tested, accompanied by
highest validation loss (0.4536). These results are reinforced by
superior precision, recall, and F1-score values across both classes,
confirming the model’s balanced performance in both sensitivity
and specificity shown in Table 5. The confusion matrix in Fig-
ure 10 further highlights the model’s predictive precision, with
244 out of 276 acne images and 190 out of 190 darkspot images
correctly classified. This show also in Figure 7, where all example
images are accurate with confidence almost 1.00 for both classes.

Figure 6. Accuracy and loss MobilenetV2

Figure 7. Example prediction MobilenetV2

In the InceptionV3 model, the training accuracy showed a
rapid increase during the initial epochs and stopped at epoch
10, followed by a relatively stable trend with low fluctuations,
suggesting that the model continuously adapted to the training
data. Both training and validation loss curves remained close and
stable, indicating good convergence behavior and generalization
capacity. Architecture successfully minimized training errors, as
shown in Figure 8. According to Table 5 it attained more bal-
anced metrics for acne and for dark spots. These results are in
alignment with confusion matrix in Figure 10, showing that the
model correctly classified 228 out of 276 acne images and 141 out
of 190 darkspot images. This pattern is consistent with the clas-
sification metrics, where higher precision, recall, and F1-scores
were observed for the acne class compared to darkspot, demon-
strating that the model was more confident and accurate in iden-

tifying acne than darkspot. It show in Figure 9, where the model
accurately classified the images with different confidence level,
although some misclassifications were present.

Figure 8. Accuracy and loss InceptionV3

Figure 9. Example prediction InceptionV3

Figure 10. Confusion matrix architectures CNN

From a computational efficiency perspective, the three
models present distinct characteristics in terms of parameter size
and resource requirements shown in Table 6. VGG16 had the
highest computational cost, consisting of approximately 134 mil-
lion parameters and a model size of 527 MB. This extensive ar-
chitecture demands substantial memory and processing power,
rendering it less suitable for deployment in real-time or edge-
based applications, particularly on mobile or embedded devices
[21].

Table 6. Comparison parameters VGG16, MobilenetV2 and
InceptionV3

Architectures Total Parameters Size
VGG16 134,264,641 512.18 MB
MobilenetV2 2.427.713 9.26 MB
InceptionV3 691,905 2.64 MB

MobileNetV2 was designed with computational efficiency
as a primary objective. With only 2.4 million parameters and a
compact size of 9.26 MB, it achieves significantly reduced mem-
ory usage without compromising classification performance.

JJoM | Jambura J. Math Volume 7 | Issue 2 | August 2025



F. K. N. Nadiyah, N. N. Alifah, S. Nurdiati, E. Khatizah, and M. K. Najib – Performance Comparison of VGG16, MobileNetV2, and InceptionV3… 149

This efficiency is made possible through the use of depthwise
separable convolutions and inverted residual connections, which
drastically reduce the number of operations required for infer-
ence [22]. MobileNetV2 not only achieved the highest accuracy
in this study but also demonstrated superior scalability for de-
ployment in resource-constrained environments.

InceptionV3, presents an intermediate profile with respect
to both performance and complexity. Although it contains fewer
parameters than VGG16, and a notably smaller model size (2.64
MB), its performance was inconsistent in this study. Despite its
theoretical strength in capturing multi-scale features via incep-
tion modules [23], the model struggled to generalize well on
this specific dataset. This suggests that architectural complex-
ity alone does not guarantee superior performance, particularly
when dealing with specialized medical image data.

These findings underscore the importance of balancing
model complexity and computational cost, especially for medical
imaging applications where real-time processing, storage limita-
tions, and deployment on portable devices are critical consider-
ations [24, 25]. In this regard, MobileNetV2 emerges as the most
favorable model, offering a practical trade-off between accuracy
and efficiency.

4. Conclusion
This study has evaluated and compared the perfor-

mance of three CNN architectures—VGG16, MobileNetV2, and
InceptionV3—for the classification of skin lesion images, specif-
ically acne and dark spots. Among the trained models, Mo-
bileNetV2 outperformed the others in terms of accuracy, stabil-
ity, and computational efficiency, achieving a classification accu-
racy of 93.13% with precision, recall, f-1 score highetst for acne
class an dark spots class. That ability to generalize well across
both types of lesion was evident in the confusion matrix and per-
formance metrics.

VGG16, despite its deeper architecture, showed moderate
accuracy and higher computational cost, making it less practi-
cal for real-time applications. InceptionV3, although lightweight,
showed less consistent performance and struggled with general-
ization in validation data. These findings highlight the critical
importance of selecting models that strike a balance between ac-
curacy and resource efficiency, particularly for mobile or embed-
ded medical diagnostic tools.

Future work may explore the integration of attention
mechanisms, ensemble methods, or fine-tuned transfer learning
strategies to further enhance classification performance in more
complex and imbalanced datasets.
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