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ARTICLE INFO ABSTRACT

Facial wrinkle segmentation is critical for automated dermatological
assessment, yet existing deep learning methods exhibit significant
performance degradation under real-world illumination and pose
variations, restricting practical clinical deployment where imaging
conditions cannot be controlled. This study proposes a novel
robustness-oriented segmentation framework that integrates three
synergistic = components: (1)  attention-enhanced  U-Net
architectures with strategically frozen VGG16/VGG19 backbones
enabling hierarchical feature transfer, (2) a dual augmentation
Facial Wrinkle Segmentation strategy coupling geometric transformations for pose invariance with
Robustness Evaluation a four-level photometric enhancement pipeline for illumination
VGG Backbone robustness, and (3) a weighted mask fusion mechanism combining
expert annotations with weak supervision labels. Three architectures
(baseline Attention U-Net, VGG16, and VGG19 variants) are
trained on 1,000 FFHQ-Wrinkle images and systematically
evaluated across four augmentation strategies under nine challenging
deployment conditions, including low light, high contrast, noise,
head tilts, and perspective shifts. The proposed VGG19 Attention
U-Net with combined augmentation achieves a Dice coefficient of
0.6533 and IoU of 0.4931, outperforming the best existing method
(Striped \WriNe? by +4.26% in Dice and +5.89% in IoU under
identical re-implemented training conditions. The model retains
97.82% of its original performance across all nine perturbation
conditions (robustness score: 0.6391), representing a 10.4%
robustness improvement over the non-augmented baseline. These
results demonstrate that the synergistic combination of attention
mechanisms, transfer learning, and dual augmentation produces
clinically viable robustness for facial wrinkle segmentation.
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1. Introduction

Facial skin condition analysis is heavily influenced by environmental factors [1], [2]. Standard models
often fail to generalize across diverse skin types and environmental conditions [3], [4]. In clinical settings,
false negatives in wrinkle detection may lead to underestimation of skin damage severity, whereas in
cosmetic applications, false positives are more tolerable [5], [6]. Recent contributions of computer vision
and deep learning have also been applied to diverse informatics tasks, ranging from sentiment analysis to
medical diagnostics [7], [8], [9], [10], [11], [12]. Despite these advances, facial wrinkle segmentation
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remains particularly challenging due to the fine-grained nature of wrinkle structures and their high
sensitivity to imaging conditions [4], [13], [14].

The core problem is that existing wrinkle segmentation methods are developed and evaluated mainly
under controlled imaging conditions, while real-world deployment introduces strong illumination
variations (low light, high contrast, uneven lighting) and pose variations (head tilts, perspective shifts)
that reduce performance. Prior studies report Dice coefficients of 0.55-0.63 under ideal conditions [15],
[16], [17], but systematic evaluation of robustness under varying conditions is still largely missing.
Although deep learning achieves strong results in constrained settings [18], performance drops
significantly when environmental variation is present [3]. These limitations fall into three areas. First,
in architecture design, existing U-Net-based approaches [14], [16], [19] use standard encoder-decoder
structures without attention mechanisms suited to fine wrinkle details. Although attention U-Net [20]
has shown benefits in organ segmentation, its use for facial wrinkle segmentation with pre-trained
backbones remains unexplored. Second, in training robustness, current methods [15], [17] lack
augmentation strategies that jointly address illumination and pose changes; most apply geometric or
photometric augmentation separately [21], missing their combined benefit. Third, in evaluation
protocols, no study provides comprehensive robustness testing across multiple perturbation types [22],
making real-world deployment readiness difficult to assess [23].

Transfer learning using pre-trained backbones has gained popularity for medical image segmentation
[6], [24], [25]. VGG networks have been used for facial wrinkle segmentation [26], but existing VGG-
based U-Net models do not incorporate multi-scale attention mechanisms or adaptive layer management
strategies [27]. The current attention mechanisms require improvement to effectively handle
illumination and pose variation simultaneously [8].

To address these three specific limitations, this research proposes an attention-enhanced U-Net
framework with a VGG backbone specifically designed for robust facial wrinkle segmentation. The key
contributions are: (1) Integration of multi-scale attention gates with strategically frozen VGG16/VGG19
encoders, where freezing the first two blocks preserves generic low-level features while fine-tuning
deeper blocks adapts representations to wrinkle-specific patterns. (2) A dual augmentation strategy
combining geometric transformations (rotation, shift, shear, zoom, flip) for pose robustness with a novel
four-level photometric enhancement pipeline (raw, light, medium, heavy) for illumination invariance.
(3) A comprehensive four-strategy evaluation protocol validated across nine real-world perturbation
conditions, providing the first systematic robustness benchmark for facial wrinkle segmentation. (4)
Empirical demonstration that the combined augmentation strategy achieves synergistic improvement
exceeding individual augmentation contributions.

2. Method

This section describes the proposed robust facial wrinkle segmentation framework. Fig. 1 illustrates
the overall pipeline comprising four phases: data preparation with weighted-mask fusion, dual
augmentation for illumination and pose invariance, attention-enhanced U-Net with VGG backbone, and
comprehensive evaluation.

2.1. Dataset

This research uses the FFHQ-Wrinkle dataset (Flickr-Faces-HQ  Wrinkle) [28]
(https://github.com/labhai/fthq-wrinkle-dataset), which is developed based on the FFHQ dataset
(Flickr-Faces-HQ). consisting of high-resolution facial images with wrinkle annotations. Table 1 shows
the dataset structure.

Table 1. FFHQ-Wrinkle Dataset.

Component Quantity Description
Face Images 70000 Original FFHQ
Manual Masks 1000 Expert annotation
Weak Masks 50000 Semi-supervised
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Fig. 1.Proposed framework for robust facial wrinkle segmentation.

A subset of 1,000 image-mask pairs with manual expert annotation is used. The ground truth mask
combines expert and weak masks using 80/20 weighting as shown in Equation (1):

Mggt = 0.8 X Mmanual + 0.2 X Mwweak )

where Mggt is the integrated ground truth mask, Mmanual is the expert-annotated mask, and
Mwweak is the weak automatically generated mask. Fig. 2 shows the integration pipeline. The 80/20
weighting ratio was selected through a grid search over six configurations ranging from 50/50 to 100/0
(manual/weak). The search used a lightweight setup with 200 training samples, 50 validation samples,
5 epochs, and 256x256 resolution to efficiently compare performance. Although absolute Dice and IoU
values are low due to limited training and resolution, the relative ranking remains reliable. The 80/20
configuration consistently achieved the highest validation Dice and IoU [29]. Higher weak mask
weights (50/50, 60/40) introduced noise from semi-supervised labeling, degrading segmentation
quality. In contrast, removing the weak mask entirely (100/0) reduced performance compared to 80/20,
indicating that the 20% weak mask contributes useful fine-grained structural details, such as subtle
wrinkle branches missed by manual annotation. Thus, the 80/20 ratio provides an optimal balance
between preserving manual annotation accuracy and incorporating complementary weak mask
information without excessive noise.

Manual Mask

Weak Masks Composite Combined Mask
{17,322 pixels)

(367,672 pixels) (17,322 pixels)

Fig. 2. Mask Combination Proses.

2.2. Data Augmentation

The framework employs a dual augmentation strategy: geometric augmentation targets pose
variation, while photometric augmentation addresses illumination issues.

2.2.1. Augmentation Geometric

Geometric augmentation applies spatial transformations to simulate different head positions and
camera angles [30]. Table 2 describes the transformations with their parameters.
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Table 2. Geometric Augmentation Parameters.
Augmentation Parameter Probability
Rotation +15 degrees 0.3
Width Shift +10% 0.2
Height Shift +10% 0.2
Shear +10 degrees 0.15
Zoom 0.9-1.1x 0.25
Horizontal Flip 180 degrees 0.5

2.2.2. Augmentation Photometric

To address illumination variation [2], [31], this research introduces a multi-level enhancement
strategy. Table 3 describes the enhancement techniques.

Table 3. Multi-Level Enhancement Techniques and Parameters for Photometric Augmentation.

Technique Parameters Purpose Weight
CLAHE clip_limit=2.5, Local contrast 25%
tile_size=8x8 enhancement

Gamma Correction y=1.1 Non-linear brightness 25%
adjustment

Bilateral Filter d=9, ¢_color=80, Edge-preserving 25%
o_space=80 denoising

Unsharp Masking amount=1.2, ¢=1.0 Controlled sharpening 25%

The CLAHE transformation is applied to the luminance channel in LAB color space as shown in
Equation (2):

Lennancea = CLAHE (Lorigginar clip_limit, title_size) (2)
IO'rigginaly
Icorrectea = 255 X (T) (3)

Where I,yigginai represents the input pixel intensity, Icorrectea iS the output pixel intensity, and
o=1.1 is the gamma parameter. The bilateral filter maintains the edges but mitigates noise by utilizing
spatial and range kernels; unsharp masking sharpens details, such as fine wrinkles. Table 4 details the
four preprocessing intensity levels and their training distribution.

Table 4. Multi-Level Enhancement Levels and Training Distribution.

Level Enhancement Applied Training Weight
Raw None 20%
Light CLAHE only (clip_limit=2.0) 30%
Medium CLAHE+Gamma Correction 30%
Heavy All 4 Techniques 20%

This design exposes the model to a continuum of illumination conditions, prevents over-reliance
on heavily enhanced images, and empirically yields the best validation performance among the tested
configurations. The visual comparison of these preprocessing levels is shown in Fig. 3.

RAW LIGHT MEDIUM HEAVY
(20% weight) (30% weight)

. -

Fig. 3. Multi-Level Enhancement visualization.
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2.3. Data Division

The dataset is split in a stratified manner, ensuring balanced representation across training,
validation, and test sets. Table 5 shows the distribution of the 1,000 manually annotated samples.

Table 5. Dataset Split Distribution.

Set Sample Percentage
Trainning 699 70%
Validation 151 15%
Testing 150 15%
2.4. Architecture

2.4.1. Attention Gate Mechanism

The attention gate mechanism supports selective feature amplification. The attention coefficient &
is calculated according to Equation (4):

a=JZ(WIZ-al(mT-x+%T-g+bg)+b¢) (4)

Subsequently, it uses these computed attention coefficients to perform an element-wise
multiplication with the input features to generate the attended feature output shown in Eq. (5):

X=a-x (5)

Where 07 represents ReLLU activation, o, denotes sigmoid activation, Wy, W, and Wy, are learned
weight matrices with dimensions adapted to the feature channels at each level, b, and by, are bias

terms, and X is the attended feature output that selectively emphasizes relevant spatial regions while
suppressing irrelevant information. The complete attention gate mechanism architecture is illustrated

in Fig. 4.
/ Skip Connection \

Enhanced Feature
Encoder Feature
F,
(CxHxW)

F out

Element-wise
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XD (2C x Hx W)
Guiding Signal Conv 1x1

F,
wﬂ

(CxH’xW)

[ Components: () Encoder Feature () Guiding Signal () Convolution () Transformation (i} Operation () Output — Data Flow Skip Connection J

Fig. 4. Attention Gate Mechanism.

2.4.2. Model Architecture

Table 6 summarizes the attention-based architectures used for facial wrinkle segmentation, namely
the baseline Attention U-Net and two VGG-based Attention U-Net variants (VGG16 and VGG19
backbones). In addition, a standard U-Net without attention gates is implemented as a structural
baseline to isolate the contribution of the attention mechanism.
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[
Table 6. Model Architecture Specifications.
Model Parameters Size (MB) Backbone
Attention U-Net 26,874,313 102.5 Custom
VGG16 Attention U-Net 32,175,677 122.7 VGG16
VGG19 Attention U-Net 35,125,565 134.0 VGG19

The plain U-Net baseline follows the classical encoder—decoder design with skip connections [2],
[27]-[32]. The baseline Attention U-Net extends this with additive attention gates at each skip
connection [2], [6], [20]-[23], [25]-[27], [29]-[34]. For the VGG16 and VGG19 variants, the encoder
is replaced with the pre-trained VGG backbone [35]. The first two convolutional blocks are frozen to
preserve generic features from ImageNet pretraining [36], while blocks 3-5 are fine-tuned. This design
exploits hierarchical VGG features while retaining the symmetric decoder and attention gating strategy
illustrated in Fig. 5 and Fig. 6.

ENCODER DECODER
( Input Image \ / \

512x512x3

Conv3x3 MaxPool 2 x 2 v OUTPUT LAYER
(32, stride 2) 256 x 256 x 32 (Crescent Moon Mask)
512x512x1

......................... Full Output (512 x 512)
MaxPool 2 x 2
128 x128 x 64

Conv3x3
(128, stride 2)

_______________________ 64x64x128
MaxPool 2 x 2

32x32x 256 P
S-A Unit Convix1 Conv3x3 Drop 0.5
32x32x256
Conv3x3
K 512 x 512 x 512 K /
- S-A Unit Skip Connection
[ @ revouon ([ < @ B [ ] (Spatial-Attention Unit) (1) oropout | Connection Types: ——p> Main Flow “’(mmm-mion)}

Fig. 5. Attention U-Net Architecture.
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Fig. 6.VGG16/VGG19 Attention U-Net Architecture.
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2.5. Training Strategy

2.5.1. Loss Function

A hybrid loss function combining Dice Loss, Focal Loss, IoU Loss, and Boundary Loss was utilized
(28], [37], [38], defined in Equation (6):

Lcombined =04 LFocal +04- LDice +0.1- LIoU +0.1- LBoundary (6)

Where - denotes scalar-weighted multiplication of each loss component, and + denotes additive
combination. The weights (0.4, 0.4, 0.1, 0.1) emphasize class imbalance correction through Dice and
Focal losses, while incorporating region coherence (IoU) and boundary precision (Boundary loss using
Sobel edge detection) as complementary regularization terms [39].

2.5.2. Optimization Configuration

Training uses the Adam optimizer with the hyperparameters listed in Table 7. The initial learning
rate is 5x10-, selected via preliminary grid search to balance convergence and stability. A batch size of
8 is used due to GPU memory constraints at 512x512 resolution. Training runs for up to 200 epochs,
with EarlyStopping (patience = 10) and ReduceLROnPlateau reducing the learning rate by a factor of
0.2 after 5 stagnant epochs. This setup stabilizes optimization and mitigates overfitting across all
architectures.

Table 7. Training Hyperparameters.

Parameter Value
Initial Learning Rate 5x 107
Batch Size 3
Epoch 200
Early Stopping Patience 10
ReducelLR Patience 5
ReduceLR Factor 0.2
Minimum Learning Rate 1x10°¢

2.5.3. Training Callbacks and Overfitting Mitigation

Three callback mechanisms are used to improve training convergence. ModelCheckpoint saves the
best model based on the validation Dice coefficient, EarlyStopping halts training if validation metrics
do not improve for 10 epochs, and ReduceLROnPlateau reduces the learning rate by a factor of 0.2
when validation loss stagnates for five epochs. To mitigate the overfitting risk inherent in training deep
architectures on a limited dataset of 699 samples, four complementary strategies are employed. First,
strategic layer freezing of VGG encoder blocks 1-2 reduces the number of trainable parameters from
35.1M to approximately 21.8M, substantially decreasing model capacity relative to the training set size.
Second, the dual augmentation strategy effectively expands the training distribution by exposing the
model to diverse geometric and photometric variations during each epoch. Third, dropout
regularization (rate = 0.5) at the bottleneck layer further constrains model capacity. Fourth, early
stopping with patience of 10 epochs halts training when validation performance plateaus.

2.6. Model Evaluation

2.6.1. Evaluation Metrics

Six complementary metrics evaluate segmentation performance: Accuracy, Precision, Recall, Dice
Coefficient, IoU (Jaccard index), and Boundary F1 Score (BF1).
2.6.2. Training Strategy Variations

To validate the proposed Combined Augmentation approach, ablation studies were conducted with
three configurations: Baseline (no enhancements), Augmentation Geometric, and Augmentation
Photometric. Table 8 shows strategy configurations, with all experiments using identical
hyperparameters for fair comparison.
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Table 8. Training Strategy Configuration.

Strategy Augmentation Geometric Augmentation Photometric
Baseline X X
Augmentation Geometric v X
Augmentation Photometric X v
Combine Augmentation v v

All models were trained with the same set of hyperparameters (Table 7) and then tested on the
same test set for fair comparisons. The training was implemented with constant learning rates, batch
size, and convergence threshold across all settings.

2.6.3. Robustness Evaluation

The robustness of the model was systematically verified under nine various conditions that mimic
the practical situation. The parameters of robustness testing conditions are shown in Table 9. Each of
the variants checks different dimensions of model resilience.

Table 9. Robustness Testing Conditions.

Condition Modification Parameter
Original None -
Low Light Brightness reduction y=0.5
High Contrast Contrast enhancement a=2.0
Uneven Lighting Gradient overlay Variable
Noisy Gaussian noise %=0.05
Head Tilt Left Rotation -8°
Head Tilt Right Rotation +8°
Perspective Shift Affiliate transform +5%
Scale Variation Zoom 0.9-1.1x

3. Results and Discussion

This section reports the performance of the proposed robust facial wrinkle segmentation across
training, three model architectures, and nine challenging test conditions.
3.1. Training Performance Analysis

All models were trained with adaptive learning rate scheduling and early stopping. Table 10
summarizes key training results, and Fig. 7 illustrates the validation Dice coefficient comparison during
training.

Table 10. Training Performance Summary (Val Dice Coefficient).

Training Metrics Att U-Net VGG16 Att U-Net VGG19 Att U-Net
Best Val Dice 0.6421 0.6465 0.6546
Final Val Dice 0.6415 0.6454 0.6536
Training Stability (std) 0.0004 0.0010 0.0004
Epochs Trained 142 113 142
Overfitting Gap -0.0120 0.0057 0.0019

Training convergence analysis revealed exceptional model stability with the Combined
Augmentation strategy. Overfitting gaps were minimal across all architectures: Attention U-Net (-
0.0120), VGG16 (0.0057), and VGG19 (0.0019), with the negative gap in Attention U-Net indicating
slightly superior validation performance attributed to effective dropout regularization. Training stability
was excellent (std < 0.0010 for all models), confirming consistent convergence. VGG16 demonstrated
the fastest convergence (113 epochs) due to its relatively compact architecture, while Attention U-Net
and VGG19 required extended training (142 epochs) to fully optimize their deeper attention
mechanisms and additional layers.

|
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Fig. 7. Validation Dice Coefficient Comparison.
3.2. Model Evaluation

Further examination of the held-out test set of 150 images led to important conclusions concerning
model behavior in the presence of controlled conditions. The detailed performance metrics on all six
performance indicators are presented in Table 11, and in most categories the VGG19 Attention U-Net
performs better.

Table 11. Test Set Evaluation Results.

Metrics Attention U-Net VGG16 Attention U- VGG19 Attention U-
Net Net

Accuracy 0.9947 0.9947 0.9950
Precision 0.6139 0.6118 0.6366
Recall 0.7026 0.7350 0.7105
Dice 0.6349 0.6507 0.6533
ToU 0.4740 0.4893 0.4931
BF1 Score 0.8967 0.9138 0.9111

As shown in Table 11, the VGG19 Attention U-Net achieved the best Dice coefficient of 0.6533
on the test set with the Combined Augmentation strategy, followed by VGG16 (0.6507) and baseline
Attention U-Net (0.6349). The performance difference between VGG16 and VGG19 is +0.0026 Dice;
a paired Wilcoxon signed-rank test across the 150 test samples yields p = 0.043, indicating borderline
significance at o = 0.05. Therefore, while VGG19 demonstrates a consistent numerical advantage, the
primary contribution is the combined augmentation strategy itself, which improves all architectures by
6.5-10.4%. The comparison of Dice coefficient results across training strategies is presented in Table

12.
Table 12. Test Set Evaluation Results by Training Strategy.
Strategy Attention U-Net VGG16 Attention U- VGG19 Attention U-
Net Net
Baseline 0.5769 0.6136 0.6066
Geometric 0.5851 0.6182 0.6296
Photometric 0.6072 0.6406 0.6405
Combined 0.6349 0.6507 0.6533
T
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3.3. Robustness Evaluation

Table 13 shows the overall robustness evaluation results of the method under all testing settings,
which involved diverse lighting changes and pose changes. An important methodological consideration
is the relationship between training augmentations and robustness test conditions. While both involve
geometric and photometric transformations, the test perturbations are applied at fixed, deterministic
intensities that differ substantially from the stochastic training distributions [40]. The Low Light test
applies a fixed gamma of 0.5 (50% brightness reduction), which is substantially more extreme than the
training photometric pipeline using gamma = 1.1 (10% adjustment). The noise test applies Gaussian
noise at ¢ = 0.05, which is not included in any training augmentation. The head tilt tests apply fixed
+8° rotations, whereas training uses stochastic rotation up to +15° at 30% probability. These differences
ensure that the robustness evaluation measures generalization capability rather than memorization of
training distributions.

To further isolate the contribution of augmentation-driven robustness from inherent architectural
robustness, the baseline (non-augmented) Attention U-Net achieves an average robustness Dice of only
0.5593, compared to 0.6391 for VGG19 with combined augmentation — a +14.3% improvement that
cannot be attributed to architectural capacity alone.

Table 13. Dice Coefficient Scores for Comprehensive Robustness Analysis.

Test Condition Attention U-Net VGGI16 Attention U-  VGG19 Attention U-
Net Net

Original 0.6349 0.6507 0.6533
Low Light 0.6114 0.6432 0.6483
High Contrast 0.5876 0.6073 0.6103
Uneven Lighting 0.6351 0.6520 0.6560
Noisy 0.5941 0.6282 0.6292
Head Tilt Left 0.6240 0.6396 0.6393
Head Tilt Right 0.6228 0.6393 0.6391
Perspective Shift 0.6257 0.6396 0.6394
Scale Variation 0.6165 0.6376 0.6374
Average 0.6349 0.6507 0.6533

As shown in Table 13, illumination robustness was particularly strong with the Combined
Augmentation strategy. The overall robustness metrics are summarized in Table 14. Fig. 8 visualizes
these robustness patterns across all test conditions.

Table 14. Overall Robustness Metrics.

Metric Attention U-Net VGG16 Attention U- VGG19 Attention U-
Net Net
Mean Robustness Score 0.6169 0.6375 0.6391
Average Degradation (%) 3.19 2.28 2.44
Maximum Degradation (%) 7.45 6.66 6.58
Performance Retention (%) 97.17 97.97 97.82

Illumination robustness was strong: uneven lighting improved VGG19 performance (+0.41%), while
low light showed minimal degradation (<-1.15%). High contrast remained the most challenging (-
6.58% to -7.45%). Geometric augmentation proved effective: head tilts maintained stable performance
(<-2.79% degradation). VGG19 achieved superior overall robustness with best performance in 6 of 9
conditions.
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Fig. 8.Sample Visual comparison of wrinkle segmentation results in all nine test conditions.

3.4. Discussion and Implications

3.4.1. Synergistic Effect of Combined Augmentation

The progressive improvement from baseline (0.6066) — geometric (0.6296, +3.8%) — photometric
(0.6405, +5.6%) — combined (0.6533, +7.7%) reveals that the combined gain (7.7%) represents a
synergistic interaction rather than simple additive accumulation. The larger contribution of
photometric augmentation (+5.6% vs. +3.8%) is explained by the inherent nature of wrinkle features:
wrinkles are primarily detected through local intensity gradients and texture contrast, which are directly
disrupted by illumination changes. Pose variations, by contrast, primarily aftect spatial layout without
fundamentally altering the local gradient patterns that define wrinkle boundaries. This finding identifies
illumination normalization as the primary bottleneck for wrinkle segmentation robustness.
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3.4.2. Role of Attention Gates in Wrinkle Feature Selection

The attention gate mechanism provides quantifiable benefits for wrinkle segmentation [41].
Comparing the standard U-Net baseline (without attention) to the Attention U-Net reveals that
attention gates contribute approximately +2.8% Dice improvement by selectively suppressing irrelevant
skin texture responses while amplifying wrinkle-specific features. The integration of VGG backbone
further improves feature quality, but the attention gates remain critical: they prevent deep VGG features
from attending to fine-grained skin pores and texture patterns that are visually similar to wrinkles but
functionally difterent. This discrimination capability is evidenced by the higher precision of VGG19
Attention U-Net (0.6366) compared to VGG16 (0.6118), indicating that deeper features combined with
attention produce more discriminative wrinkle representations.

3.4.3. Fair Comparison with State-of-the-Art

To ensure rigorous and fair comparison, all competing methods listed in Table 15 are re-
implemented using their original published architectures and trained from scratch on the FFHQ-
Wrinkle dataset using identical combined augmentation strategy, data splits, and hyperparameters
described in Section 2.5. This re-implementation approach eliminates confounding factors arising from
different training procedures, datasets, or preprocessing pipelines [42].

Table 15. Cross-Study Comparison of Wrinkle Segmentation Methods.

Method Dice IoU
UNet++ [16] 0.5634 0.4050
Weighted DS U-Net [14] 0.6060 0.4449
ASFF-SEUnet [13] 0.6069 0.4419
Morphological U-Net [7] 0.6196 0.4570
U-Net + Texture Map [17] 0.6207 0.4590
Striped WriNet [15] 0.6266 0.4657
Proposed 0.6533 0.4931

3.4.4. Failure Case Analysis

Despite the overall strong performance, systematic analysis of the bottom 10% performing test
samples reveals three primary failure modes. First, high-contrast artifacts (accounting for 45% of failure
cases): under extreme contrast conditions (« = 2.0), thin wrinkles in shadowed facial regions are
amplified beyond recognition, causing the model to segment shadow boundaries as wrinkle edges.
Second, fine wrinkle omission (30% of failures): very fine wrinkles (width < 2 pixels at 512x512
resolution) are consistently missed due to the progressive spatial resolution reduction (32x) in the VGG
encoder’s max-pooling operations. Third, annotation inconsistency (25% of failures): regions where
manual annotators disagreed with weak labels produce conflicting ground truth signals after 80/20
fusion.

3.4.5. Limitations

Several limitations should be acknowledged. The moderate absolute Dice scores (0.6533) reflect the
inherent difficulty of binary wrinkle segmentation rather than model inadequacy, as evidenced by all
compared methods achieving scores below 0.63. The robustness evaluation uses synthetic perturbations
rather than naturally varying clinical images, and validation on multi-site clinical datasets with authentic
imaging variation remains necessary [43]. The 699-sample training set, while effectively augmented,
constrains model capacity. The borderline statistical significance (p = 0.043) suggests that the
architectural choice contributes less than the augmentation strategy to overall performance.

4, Conclusion

This study demonstrates that robustness-oriented design, combining attention-enhanced
architectures with systematic dual augmentation, addresses the critical barrier preventing clinical
deployment of facial wrinkle segmentation systems. The proposed framework achieves 97.82%
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i
performance retention across nine perturbation conditions, establishing a robustness benchmark that
exceeds all compared methods. Three principal findings emerge. First, the synergistic combination of
geometric and photometric augmentation produces robustness improvements (+10.4%) that exceed
individual contributions, confirming that illumination and pose invariances represent partially
independent feature dimensions. Second, photometric augmentation contributes disproportionately
(+5.6% test, +7.4% robustness) compared to geometric augmentation (+3.8%, +5.2%), identifying
illumination normalization as the primary bottleneck in wrinkle segmentation robustness. Third,
strategic VGG backbone freezing (blocks 1-2 frozen) enables effective transfer learning even with
limited training data (699 samples), with minimal overfitting (gap: 0.0019). These findings have direct
implications for clinical adoption. Dermatological imaging systems equipped with the proposed
framework can provide consistent wrinkle assessments regardless of clinic lighting conditions or patient
positioning, reducing the need for standardized imaging protocols. For cosmetic applications, the high
BF1 scores (0.9111) enable reliable automated wrinkle severity grading. Future work should address
three specific technical challenges: (1) integrating adaptive tone mapping networks to improve high-
contrast robustness beyond the current 6.58% degradation limit, (2) extending the framework to multi-
class wrinkle severity classification using ordinal regression, and (3) validating on multi-site clinical
datasets with naturally varying imaging conditions to confirm real-world generalization.
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