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GENERAL INFORMATION ABSTRACT  

Received date: 23/03/2024  Facial wrinkle segmentation is essential for various 

applications in dermatology and cosmetology, yet existing 

methods often struggle with accurate delineation due to 

limited dataset diversity and class imbalance. In this paper, we 

propose a novel facial wrinkle segmentation method based on 

the Unet++ model, enhanced with dice and focal loss 

functions. Our approach begins with the construction of an 

enriched wrinkle dataset sourced from the Flickr-Faces-HQ 

dataset, ensuring diversity in wrinkle types and complexities. 

We then introduce a skin region extraction technique to isolate 

relevant facial areas, enhancing segmentation accuracy. The 

Unet++ model is employed for wrinkle segmentation, 

leveraging its encoder-decoder architecture and densely 

nested skip pathways to capture fine wrinkle details. By 

integrating dice and focal loss functions, our method 

effectively addresses class imbalance and improves 

segmentation performance. Experimental results demonstrate 

the superiority of our approach in both qualitative and 

quantitative evaluations, showcasing enhanced wrinkle 

extraction capabilities and superior segmentation accuracy 

compared to existing methods. Overall, our study advances the 

field of facial wrinkle segmentation, offering a robust and 

reliable method for accurate wrinkle delineation in facial 

images. 
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1. INTRODUCTION 

Facial wrinkle segmentation, a crucial task 

in image analysis and dermatology, involves 

delineating fine lines and wrinkles within facial 

images. Accurate segmentation of these 

features facilitates various applications such as 

age estimation, cosmetic surgery planning, and 

skin condition assessment (M. Kim & Lee, 

2021; Zheng et al., 2022). While traditional 

methods have been used for wrinkle 

segmentation, recent advancements in deep 

learning offer promising avenues for more 

precise and automated segmentation techniques. 

However, challenges persist in achieving 

accurate wrinkle segmentation due to limited 

and unbalanced datasets. Existing datasets 
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often lack diversity in wrinkle types and are 

skewed towards non-wrinkle regions, leading 

to suboptimal performance of segmentation 

models. In this context, our paper proposes a 

novel method to address these challenges and 

enhance the accuracy of facial wrinkle 

segmentation (Lboukili et al., 2023; Nader et al., 

2022). 

Our approach comprises several key 

components aimed at improving dataset quality, 

focusing on relevant facial regions, and 

leveraging advanced deep learning techniques. 

Specifically, we introduce a method for 

enhancing wrinkle datasets by augmenting 

existing data with diverse wrinkle types and 

complexities (Mukasheva et al., 2023). 

Additionally, we develop a technique for 

extracting skin regions from facial images, 

allowing segmentation models to focus 

exclusively on wrinkle patterns while 

eliminating noise from non-relevant areas 

(Gowroju et al., 2022; Yoon et al., 2023). 

Central to our method is the adoption of the 

Unet++ architecture, a state-of-the-art deep 

learning model for semantic segmentation tasks. 

We enhance the training process by 

incorporating both dice loss and focal loss 

functions, which effectively address the 

imbalance between wrinkle and non-wrinkle 

data (Dhalla et al., 2023; S. Kim et al., 2023; 

Moon & Lee, 2022). Through comprehensive 

experimentation on our enhanced dataset, we 

demonstrate the superiority of our method in 

accurately segmenting facial wrinkles across 

diverse images. We provide detailed insights 

into each component of our proposed method, 

present experimental results, and discuss 

implications and future directions. Our study 

contributes to advancing the field of facial 

wrinkle segmentation and lays the groundwork 

for more effective and robust segmentation 

techniques in the future (Yang et al., 2024).

 

Figure. 1. illustrates an overview of the proposed facial wrinkle segmentation methodology.

2. METHODOLOGY 

Our methodology for facial wrinkle 

segmentation is structured into several 

interconnected stages, each meticulously 

designed to address specific challenges and 

enhance the accuracy of the segmentation 

process. The first stage involves the 

construction of an enhanced wrinkle dataset. To 

overcome the limitations of existing datasets, 

we annotate wrinkles on images sourced from 

the Flickr-Faces-HQ (FFHQ) dataset. This 

meticulous annotation process ensures the 

inclusion of diverse wrinkle types, sizes, and 

complexities, thereby enhancing the quality and 

representativeness of the training data. 

Following dataset construction, we proceed 

to the skin region extraction stage. Here, we 

develop a method to isolate skin regions within 

facial images, removing extraneous elements 

such as facial landmarks and background 

clutter. This step is crucial for focusing the 

segmentation process exclusively on areas 

prone to wrinkle formation, thereby improving 

segmentation accuracy by reducing noise from 

non-relevant regions. 
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 Central to our methodology is the utilization 

of the Unet++ architecture for deep learning-

based segmentation. The Unet++ model, 

characterized by its encoder-decoder structure 

and densely nested skip pathways, facilitates 

the extraction and reconstruction of wrinkle 

features with high precision. This architecture 

enables our model to capture fine details and 

nuances present in facial wrinkles, leading to 

more accurate segmentation results. 

Moreover, during model training, we 

employ a combination of dice loss and focal 

loss functions to effectively address the 

challenge of class imbalance. The dice loss 

function penalizes incorrect predictions and 

encourages accurate boundary delineation, 

while the focal loss function assigns higher 

weights to challenging wrinkle regions, thereby 

improving the model's ability to capture fine 

wrinkle details. 

By integrating these components into a 

cohesive framework, our methodology enables 

accurate and robust segmentation of facial 

wrinkles across diverse images. In the 

subsequent sections of the paper, we provide 

detailed implementation details, experimental 

results, and discussions on the efficacy and 

implications of our methodology. 

3. FINDINGS AND DISCUSSION 

3.1 Facial wrinkle segmentation model 

Our segmentation model is based on the 

Unet++ architecture, renowned for its 

effectiveness in semantic segmentation tasks. 

The Unet++ model comprises an encoder, 

decoder, and subnetworks interconnected 

through densely nested skip pathways. During 

the segmentation process, the encoder 

downsamples skin region images to extract 

wrinkle feature maps enriched with contextual 

information. These downsampled wrinkle 

feature maps are then propagated to 

corresponding layers of sub-networks through 

densely nested skip pathways. Subsequently, 

the decoder upsamples features from the 

corresponding sub-network layers to generate 

wrinkle masks, effectively delineating wrinkle 

regions within facial images. 

In addition to the model architecture, we 

employ two loss functions to enhance 

segmentation performance: dice loss and focal 

loss. The dice loss function measures the 

similarity between the predicted segmentation 

mask and the ground truth mask, emphasizing 

overlapping regions. By penalizing false 

predictions, dice loss effectively mitigates the 

challenge of class imbalance inherent in 

wrinkle segmentation tasks. Mathematically, 

the dice loss is defined by Eq. (1),  

 

where p and q represent the predicted mask 

and ground truth, respectively, and H and W 

denote the height and width of the input image. 

On the other hand, focal loss is utilized to 

address class imbalance by assigning lower 

weights to non-wrinkle elements and higher 

weights to wrinkle elements during training. 

This reshaped loss function is particularly 

beneficial in scenarios where non-wrinkle 

facial elements are easily distinguishable, while 

wrinkles pose a greater challenge for 

identification. In our study, we set the 

weighting factor α to 0.75 and the focusing 

parameter γ to 2, based on empirical 

observations. Mathematically, focal loss is 

defined by Eq. (2), where pt represents the 

predicted probability of the correct class. 

 

𝐿𝐷(𝑝, 𝑞) = 1 − 
2 ∑ 𝑝𝑖𝑞𝑖

𝐻×𝑊
𝑖=1

∑ 𝑝𝑖
2 + ∑ 𝑞𝑖

2  𝐻×𝑊
𝑖=1

𝐻×𝑊
𝑖=1  

    (1) 

 

𝐹(𝑝𝑡) = {
−𝑎(1 − 𝑝𝑡)𝑦 log(𝑝𝑡) ,      𝑦 = 1

−(1 − 𝑎)𝑝𝑡
𝑦

log(1 − 𝑝𝑡) , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (2) 



 75 JOURNAL OF SCIENCE AND TECHNOLOGY DONG NAI TECHNOLOGY UNIVERSITY Special Issue 

Together, the Unet++ architecture and the 

combination of dice loss and focal loss 

contribute to the robustness and accuracy of our 

facial wrinkle segmentation model. In Fig. 2, 

we provide qualitative comparisons of facial 

wrinkle segmentation methods, demonstrating 

the effectiveness of our approach in accurately 

delineating wrinkle regions while minimizing 

false predictions.

 

Figure 2. presents qualitative comparisons between different facial wrinkle segmentation methods.

3.2 Experiments 

The qualitative assessment conducted in 

this experiment offers valuable insights into the 

visual performance of our proposed wrinkle 

segmentation method compared to a previous 

deep learning approach [1]. Fig. 2 presents a 

side-by-side comparison of the segmentation 

results obtained from both methods. Upon 

closer examination, it becomes evident that our 

method excels in accurately capturing and 

delineating wrinkles while effectively 

excluding non-wrinkle elements. Notably, the 

segmentation output produced by our model 

closely aligns with the ground truth, 

demonstrating a high level of fidelity in 

reproducing intricate wrinkle patterns. This 

superior performance is attributed to the robust 

learning capabilities of our model, which 

effectively leverages contextual information 

and intricate feature representations to 

distinguish wrinkles from background noise. 

Overall, the qualitative evaluation reaffirms the 

efficacy and reliability of our proposed method 

in achieving precise and faithful wrinkle 

segmentation results. 

We delve into a comprehensive quantitative 

analysis to further elucidate the performance of 

various wrinkle segmentation methods, 

including our proposed approach. Three key 

performance metrics—F1 score, Intersection 

over Union (IoU), and pixel accuracy—are 

employed to provide a detailed assessment of 

segmentation quality. 

Table 1 presents a summary of the quantitative 

comparison results obtained from our 

experiments. 

Table 1. Provides a quantitative comparison of 

various wrinkle segmentation methods. 

Segmentation 

Methods 
F1 score ↑ IoU ↑ 

Pixel 

acc. ↑ 

Sanchez et al. 0.4925 0.3317 0.9919 

Ours 0.5949 0.4275 0.9929 

Upon analysis of the results, it is evident 

that our proposed method consistently 

outperforms the previous approach across all 

evaluated metrics. The higher F1 score, IoU, 

and pixel accuracy achieved by our method 

underscore its superior ability to accurately 

segment diverse wrinkle patterns present in 

facial images. This enhanced performance can 

be attributed to the robust architecture of our 

segmentation model, coupled with the effective 

utilization of dice loss and focal loss functions 

during training. By striking a balance between 

precision and recall, our method successfully 
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captures subtle wrinkle details while 

minimizing false positives and negatives. The 

quantitative evaluation provides compelling 

evidence of the efficacy and reliability of our 

proposed method in achieving high-quality 

wrinkle segmentation results. These findings 

not only validate the superiority of our 

approach but also highlight its potential for 

practical applications in various domains, 

including dermatology, cosmetology, and age 

estimation. 

3.3. Discussion 

The discussion section provides insights 

into the implications of our experimental 

findings and further elaborates on the strengths 

and limitations of our proposed facial wrinkle 

segmentation method. Firstly, our qualitative 

evaluation revealed the superior performance of 

our method in accurately delineating wrinkles 

while minimizing false positives. This suggests 

that our model effectively learns intricate 

wrinkle patterns and demonstrates robustness in 

handling variations in wrinkle appearance 

across diverse facial images. The qualitative 

analysis also highlighted the importance of 

contextual information and feature 

representation in achieving precise wrinkle 

segmentation. 

Moreover, our quantitative evaluation 

reaffirmed the effectiveness of our method, 

showcasing higher scores in F1 score, 

Intersection over Union (IoU), and pixel 

accuracy compared to the baseline approach. 

The consistent improvement across all metrics 

underscores the robustness and reliability of our 

proposed method in accurately capturing 

diverse wrinkle patterns present in facial 

images. Additionally, the successful integration 

of dice loss and focal loss functions contributed 

to mitigating the challenges posed by class 

imbalance, leading to enhanced segmentation 

performance. 

However, despite the promising results, our 

method may still have certain limitations. For 

instance, the performance of the segmentation 

model could be influenced by factors such as 

lighting conditions, image quality, and 

variations in skin texture. Additionally, while 

our method demonstrates efficacy in 

segmenting wrinkles, further validation on 

larger and more diverse datasets would be 

beneficial to assess its generalization capability 

across different demographic groups and skin 

types. To better illustrate the advantages of our 

method, it is essential to compare it with a 

variety of advanced facial wrinkle 

segmentation techniques. For instance, 

traditional methods such as thresholding-based 

segmentation or edge-detection techniques 

often struggle with the intricacies of wrinkle 

patterns, particularly when dealing with fine or 

subtle wrinkles. These approaches generally 

lack the capability to handle complex texture 

variations and may produce suboptimal results 

in the presence of noise or varying lighting 

conditions. 

The recent deep learning-based methods, 

such as those using different versions of the 

Unet architecture or other convolutional neural 

networks (CNNs), have shown improved 

performance due to their ability to learn 

hierarchical feature representations. However, 

many of these methods face challenges related 

to class imbalance and require extensive data 

augmentation or complex loss functions to 

achieve accurate segmentation. For example, 

some techniques rely heavily on data 

augmentation to mitigate class imbalance, 

which can be computationally intensive and 

may not fully address the problem. 

4. CONCLUSION 

We have presented a novel facial wrinkle 

segmentation method that leverages deep 

learning techniques to achieve accurate and 
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robust segmentation results. Through a 

combination of qualitative and quantitative 

evaluations, we have demonstrated the superior 

performance of our proposed method compared 

to existing approaches. Our method effectively 

captures diverse wrinkle patterns, minimizing 

false positives and negatives, and showcases 

remarkable robustness in handling variations in 

wrinkle appearance. 

The successful integration of dice loss and focal 

loss functions, along with the utilization of the 

Unet++ architecture, has contributed to the 

enhanced performance of our segmentation 

model. These findings underscore the potential 

of our method for various practical applications 

in dermatology, cosmetology, and age 

estimation. 

In future work, we aim to further validate our 

method on larger and more diverse datasets, as 

well as explore avenues for improving 

computational efficiency and scalability. 

Additionally, incorporating additional 

contextual information and exploring novel loss 

functions could further enhance the 

performance and generalization capability of 

our proposed method. Overall, our study lays 

the groundwork for advancements in facial 

wrinkle segmentation and opens up avenues for 

future research in this domain. 
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