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Reconstruction
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Abstract: With the widespread application of facial image-based age estimation technologies in fields
such as marketing, medical aesthetics, and intelligent surveillance, their importance has become
increasingly evident. However, in real-world scenarios, facial images obtained are often incomplete
due to occlusions caused by masks or sunglasses, which obscure the eyes, mouth, or nose to varying
degrees. Such occlusions lead to the loss of critical facial feature information, thereby reducing the
accuracy of age estimation. Although prior research has explored de-occlusion methods for occluded
facial images, there remains a lack of studies focusing on the implicit facial feature information
present in fixed occlusion patterns. To address this issue, this study proposes a novel method for
reconstructing occluded facial features to enhance age estimation accuracy under occlusion conditions.
This study introduces a facial feature reconstruction network based on knowledge distillation and
feature reconstruction. The primary objective is to leverage complete facial information from a teacher
model to guide a student network in fully extracting effective information from the unoccluded regions
of occluded images. Additionally, the proposed method reconstructs feature maps of the occluded
regions through a meticulous, layer-wise feature reconstruction process. The reconstructed network
can then act as a feature encoder to provide more informative features for the age estimation regression
module. Experimental results demonstrate that the proposed approach achieves superior performance
in age estimation with randomly occluded images on the MORPH-2, AFAD, CACD and IMDB-WIKI
datasets, with mean absolute errors (MAE) of 4.27, 4.83, 5.15 and 5.71, respectively. These results
outperform existing occluded facial age estimation methods based on attention mechanisms and
generative facial image reconstruction.

Keywords: knowledge distillation; facial feature reconstruction; age estimation; deep learning

1. Introduction
Facial feature learning plays an essential role in a variety of computer vision tasks, with age

estimation gaining increasing relevance in fields such as statistical marketing analysis tailored to
product preferences of specific age groups, the beauty and telemedicine industries, and age-based
suspect identification in intelligent surveillance systems [1,2]. However, in practical applications, facial
images often present significant challenges due to occlusions, which commonly disrupt the visibility
of critical facial features [3]. Occlusion has been considered a highly challenging one. In real-life
images or videos, facial occlusions can often be observed, e.g. facial accessories including sunglasses,
scarves, and masks[4]. These occlusions not only obscure important facial information but also
undermine the accuracy of age estimation. Given that facial features evolve with age—such as changes
in skin thickness, texture, the sharpening of bone lines, and the development of wrinkles—these
variations differ substantially between individuals [5], making automatic age estimation (AAE) [6–8]
under occlusion conditions a particularly difficult problem. Despite considerable advancements in
age estimation algorithms, data collection, system performance testing, and the establishment of
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rigorous evaluation protocols, improving the accuracy of age estimation continues to be a considerable
challenge.

Age estimation typically involves three key stages: feature representation, feature extraction, and
age prediction. Early approaches primarily relied on handcrafted feature extraction, which required
domain-specific knowledge. However, the effectiveness of such knowledge is often difficult to verify
and can limit the generalizability of the model. In contrast, convolutional neural networks (CNNs)
offer the advantage of automatically extracting distinct and robust facial features, while also learning
age-related information directly from the data [9]. In CNN-based age estimation, convolutional layers
are responsible for extracting and encoding age-related features from facial images, while multi-layer
perceptrons (MLPs) use these features to predict the subject’s age. A loss function measures the
discrepancy between the predicted and true age, and backpropagation is employed to refine the model.
This approach is fully automated and leverages features that are otherwise difficult to capture with
prior knowledge. When compared to traditional techniques, CNN-based models have demonstrated
superior performance in age estimation, and ongoing research continues to explore new methodologies
to further improve their accuracy and effectiveness.

To tackle the challenges posed by occlusions, existing research has explored a variety of solutions,
with a primary focus on local feature learning [10], attention mechanisms [11], and generative models
[1,12]. Local feature learning methods partition the face into different regions and extract relevant
features from the unoccluded areas, enabling age estimation even with partial occlusions. However,
their performance degrades significantly when occlusion is more extensive. Attention mechanism-
based techniques guide the model to concentrate on unoccluded regions while minimizing interference
from occluded regions, though their effectiveness is strongly dependent on the size and shape of the
occlusion. Generative models attempt to reconstruct complete facial information by inferring the
unoccluded features. While these models can handle complex occlusions effectively, the generated
regions often exhibit blurriness or distortion. Although these approaches have enhanced facial feature
reconstruction under occlusion to some degree, they fail to fully exploit the relationships between
occluded and unoccluded regions, which limits their accuracy in high-precision age estimation tasks.
To address these limitations, this study proposes a novel approach combining knowledge distillation
with layer-wise training for high-quality facial feature reconstruction under occlusion conditions. The
approach utilizes a pre-trained age estimation model on unoccluded facial data as a teacher model and
transfers its rich feature knowledge to a student model through knowledge distillation. During the
layer-wise training and global fine-tuning process, the student model progressively learns to extract
robust facial feature representations. Experimental results demonstrate that the proposed method
significantly outperforms existing baseline models in both feature reconstruction quality and age
estimation accuracy across various occlusion scenarios (Figure 1).

The key innovations of this study include:

1. Novel Research Focus: This is the first study to address age estimation in the context of large-scale
occlusions affecting the eyes and mouth regions.

2. New Architecture: The proposed model introduces a knowledge distillation framework that
facilitates the transfer of unoccluded facial feature knowledge from a teacher model to a student
model without the need to compress model parameters.

3. New Training Strategy: The training process integrates layer-wise feature reconstruction and
parameter freezing to ensure accurate reconstruction of occluded facial features. Fine-tuning with
original age labels is then performed to remove any noisy features.
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Figure 1. In a comparison of various mainstream facial age estimation methods on the AFAD, CACD, and
IMDB-WIKI datasets, our method achieved the best performance across multiple datasets. (Note: A higher
Cumulative Score percentage indicates a lower age estimation error rate, and a smaller MAE indicates smaller age
estimation errors.)

2. Related Works
Facial images contain a wide array of biological information, including ethnicity, gender, age,

environment, and lifestyle characteristics. Buolamwini and Gebru (2018) analyzed the distribution
and mean values of these attributes, proposing a method to assess biases in algorithms and databases
[13]. This work has influenced numerous studies that make use of facial images [14–16].

2.1. Age Estimation

Traditional age estimation methods based on handcrafted features encounter several challenges,
such as the necessity to account for various influencing factors and their reliance on expert knowledge,
the accuracy of which is often unverifiable [17].

The rise of deep learning has led to the widespread adoption of convolutional neural networks
(CNNs), which can automatically extract robust facial features and learn age-related information [9].
Since the introduction of deep learning, most age estimation methods have relied on CNNs. Age
estimation methods are commonly categorized into four types [17]: (1) multi-class classification; (2)
regression-based estimation; (3) deep label distribution learning (DLDL); (4) ranking-based learning.
For example, a model called CNN2ELM was proposed in [18], which combines CNNs with extreme
learning machines (ELMs) for age learning, achieving promising results in the ChaLearn 2016 competi-
tion. Another notable approach is the Deep Expectation of Apparent Age (DEX) system proposed in
[19], which utilizes softmax expectation refinement based on the VGG-16 network. The DEX system
treats age estimation as a classification problem, estimating age by multiplying age labels with the
class probability distribution derived from the softmax output of the final VGG-16 layer. Although the
DEX system performed well on large-scale datasets like IMDB-WIKI and MORPH-2, it did not account
for the ordinal relationships between ages, limiting its ability to model age continuity.

Ranking-based methods improve performance by learning ordinal relationships among ages. For
instance, OR-CNN [20] and Ranking-CNN [21] use multiple binary classifiers to determine whether
the age of an input image exceeds a particular threshold, indirectly estimating age. These approaches
better capture ordinal information but may not fully address the continuity of age. Deep Regression
Forests (DRFs) [22] employ hierarchical decision trees to learn nonlinear features, achieving high
accuracy in age estimation. However, regression-based methods often face performance degradation
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when data for certain age groups is sparse. Table 1 presents various age estimation methods under
each category and their performance across different datasets.

To mitigate these limitations, Cao et al. [23] introduced a novel framework for ordinal regression
tasks such as age estimation, ensuring classifier consistency and substantially enhancing prediction
performance. Likewise, Gao et al. [24] addressed label ambiguity in age estimation by optimizing
feature and classifier learning. Shin et al. [25] employed relative ranking (ρ-rank) with local and global
ρ-regressors, coupled with iterative optimization, to achieve strong results in sequential regression
tasks such as facial age estimation.

Table 1. Summary of Age Estimation Methods

Categories Method Database MAE

Classification of multi-class ages DEX [26]

IMDB-WIKI + LAP2015 3.22
MORPH 2.68
FG-NET 3.09
CACD 6.52

Regression based on metrics

OR-CNN [20] AFAD 3.34
MORPH 3.27

VGG + BridgeNet [27]
MORPH 2.38
FG-NET 2.56
LAP2015 2.98

Learning by the distribution of deep label DLDL-v2 [28]]
LAP2015 3.14
LAP2016 3.45
MORPH 1.97

Ranking Ranking-CNN [21] MORPH 2.96

2.2. Facial Occlusion in Age Estimation

Despite considerable advances in age estimation, several challenges persist in real-world applica-
tions. Facial images in practical scenarios are often impacted by issues such as low resolution, poor
lighting, noise, and occlusions. Key facial regions like the eyes, nose, and mouth are particularly
susceptible to occlusions, which result in the loss of crucial features and hinder the accuracy of age
estimation. Although various studies [29–32] have explored occlusions caused by glasses, hats, scarves,
and mobile devices, these approaches typically overlook the occluded areas, focusing instead on
extracting features from the visible regions or attempting to generate the occluded regions from the
unoccluded parts. However, these methods fail to fully utilize the relationships between occluded and
visible facial features.

Current de-occlusion techniques mainly address partial occlusions. For example, the Attention-
based Partial Face Recognition method [33] combines intermediate feature maps from ResNet with
attention pooling and an independent aggregation module, allowing the model to focus on the
unoccluded facial regions. However, in cases of extensive occlusions (e.g., when both the eyes
and mouth are covered), the attention mechanism is less effective, leading to a significant drop in
performance. Another method proposed by [34] integrates attention mechanisms within a residual
network to highlight key facial regions, such as the unoccluded eyes, and utilizes a mask generator to
detect and clean occluded features. However, the mask generator struggles to generalize well under
complex occlusion conditions, limiting its practical utility.

Additionally, [29] introduced a two-stage occlusion-aware GAN based on the Pix2pix framework,
which aims to remove occlusions by using randomly placed occlusion shapes. While the approach
performs well in controlled scenarios, its applicability to more complex occlusions, such as those
caused by the simultaneous occlusion of the eyes and mouth/nose, remains limited. Similarly, [35]
uses a two-stage GAN to remove medical mask occlusions and reconstruct the occluded facial regions.
While it demonstrates notable improvements, issues such as color consistency and detail accuracy in
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the reconstructed regions persist. Furthermore, some studies [32] employ labeled occluded images for
supervised learning, adding extra channels to detect and remove occluded regions. However, these
methods typically rely on large annotated datasets and struggle to handle cases with regions where
both the eyes and the mouth/nose are simultaneously occluded.

2.3. Knowledge Distillation

Knowledge distillation [36] is a technique in which a teacher network instructs a student network
by aligning the student’s predictions with the teacher’s predictions, while also incorporating the true
labels. The teacher’s output is softened using a temperature parameter, which enhances the quality of
supervision during training. The student network minimizes a loss function that combines traditional
cross-entropy loss with a regularization term that encourages the student to learn from the teacher’s
softened output.

To enhance performance, particularly in deep networks, FitNet [37] extends the concept of knowl-
edge distillation by introducing intermediate layer guidance. This method aligns the intermediate
features of both the teacher and student networks, facilitating the student’s ability to learn more
expressive representations. In the pre-training phase, the student network is trained to match the
teacher’s intermediate features. During the fine-tuning phase, the student further refines its output
while ensuring consistency with both the teacher’s intermediate features and the true labels.

3. Proposed Methods
3.1. Overview of Suggested Method

The method proposed in this paper is based on the following prior facts: in the problem of facial
occlusion, occluding objects (such as sunglasses, masks, veils, etc.) typically cover specific regions
of the face, primarily the eyes and mouth, and the positions and types of these occluding objects are
usually fixed. As a result, there is a certain regularity between the occluded areas and the position
of the occluding object. When humans see an image of a face with some occlusion, even if part of
the face is occluded, we can still infer or imagine the complete facial image based on the visible
(non-occluded) parts and estimate the apparent age of the person in the image. This indicates that
although the eyes and mouth may be occluded, the human brain can reasonably infer the features
of the occluded parts by observing the non-occluded parts. Furthermore, under the premise that the
occluding object covers fixed positions, there is an implicit mapping relationship between the features
of the occluded and non-occluded parts. Even if some parts are occluded, as long as the features of
the non-occluded parts are known, the features of the occluded parts can be inferred. For example,
based on the forehead, chin, and facial contours, the features of occluded parts like the eyes and
mouth can still be predicted. In traditional methods, the occluded parts are often ignored, and only
the non-occluded parts of the face (such as the non-occluded facial region) are considered. Ignoring
the important visual information of the occluded parts leads to the loss of crucial details in the image.
Moreover, past methods have over-relied on age labels during the training process, while there is a lack
of sufficiently annotated facial datasets with age labels, and obtaining such data is both expensive and
time-consuming. More importantly, existing datasets often do not account for the various occlusion
scenarios that are commonly found in the real world (such as masks, glasses, veils, etc.), which causes
models trained on these datasets to be unable to handle various facial occlusion problems in real-
world scenarios. Based on these considerations, this study proposes a novel, integrated framework
that optimizes the reconstruction of facial features under occlusion conditions specifically for age
estimation tasks, using knowledge distillation and a layer-by-layer training strategy. The core of this
framework lies in utilizing the rich feature representations in a pre-trained teacher model to guide
the student model in learning the mapping relationship between occluded and non-occluded features
across different dimensions, thereby reconstructing high-quality facial features. The layer-by-layer
training strategy allows the model to gradually transition from learning simple low-level features
(such as edges and textures) to more complex high-level features (such as facial contours and details),
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enhancing the model’s ability to recover information in complex scenarios. To reduce over-reliance
on age labels, this method employs a self-supervised training approach during the layer-by-layer
knowledge distillation process, adding various occlusions to the facial images and using the original
image itself as the supervisory signal for training the model. This means that during training, the
model does not need to rely on external age labels. Age labels are only used in the final global
fine-tuning phase to eliminate the noise effects caused by occlusion.

Three robust age estimation models—CORAL, DLDL, and MWR—are chosen as teacher models
based on their complementary strengths: CORAL utilizes ordinal regression to capture age relation-
ships, DLDL incorporates label distribution learning to account for age uncertainty, and MWR predicts
both the mean and variance of age to provide confidence intervals. To ensure consistency between
intermediate feature maps, the student model shares the same encoder architecture as the teacher
models, eliminating the need for model compression.

During the training process, feature reconstruction starts at shallow layers and progressively
advances to deeper layers. The intermediate feature maps of the teacher models serve as supervisory
signals, with an L2 loss function applied to minimize the discrepancies between student and teacher
features. Once a layer’s reconstruction is complete, its parameters are frozen, thereby enforcing
hierarchical learning from low-level textures to high-level semantic features. After the layer-wise
training phase, all parameters of the student model are unfrozen and globally fine-tuned using the
original age labels. This final step removes residual noise introduced during the distillation process
and ensures the alignment of reconstructed features with the ground-truth characteristics. As detailed
in Algorithm 1, the process involves layer-wise distillation with feature alignment and subsequent
fine-tuning.

Algorithm 1 Layer-wise Distillation with Feature Alignment and Fine-tuning
Input: Teacher weights WT , Student weights WS, Number of blocks g
Output: Optimized student weights W∗S

1: for each block l = 1 to g do
2: Extract features: Fl

T (teacher) and Fl
S (student)

3: Align student features: Fl
S ← Fl

S + Conv(Concat(Fl
S, Fl

T))

4: Minimize ∥Fl
T − Fl

S∥2
2 w.r.t. W l

S
5: Freeze {W1

S , . . . , W l
S}

6: end for
7: Unfreeze W∗S ← {W1

S , . . . , Wg
S}

8: Fine-tune W∗S using age labels

As shown in Figure 2, during inference, a binary classification convolutional neural network is
deployed to detect occlusions (e.g., sunglasses or masks). If occlusion is detected, the input is routed to
the student model for feature reconstruction; otherwise, it is directly processed by the teacher model.
The final features from either model are then fed into the age estimation module for prediction.
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Figure 2. The dataset is divided into 50% randomly occluded and 50% non-occluded images. These are fed into a
binary classification convolutional neural network, which labels the images as face and occluded_face. The images
labeled as occluded faces are used as input for the feature reconstruction network to complete the missing features,
while non-occluded images are directly sent to the original age estimation network.

3.2. Feature Alignment

This study introduces a feature reconstruction module based on knowledge distillation, which
facilitates the completion and alignment of occluded region features through a teacher-student model
framework. The teacher model extracts features from full-face images, while the student model
operates on occluded face images. After each residual block, the feature maps of the teacher model
guide the reconstruction of the student model’s feature maps.

Let the input features of the full-face image and the occluded face image be represented as
Fclean ∈ RH×W×C and Focc ∈ RH×W×C, respectively. Both the teacher and student models adopt the
ResNet-34 architecture. The teacher model extracts global features from complete, unoccluded images,
while the student model extracts partial features from occluded images. After each residual block, the
feature map from the teacher model Fl

teacher ∈ RHl×Wl×Cl is aligned with the corresponding feature
map from the student model Fl

student ∈ RHl×Wl×Cl .
At each residual block l, a feature alignment module aligns the student model’s feature map with

the teacher model’s feature map. The aligned features are then passed as inputs to the next network
layer, allowing the student model to capture the complementary relationship between the occluded
and unoccluded regions. The feature alignment process is computed as follows:

Fl
aligned = Fl

student + Conv(Concat(Fl
student, Fl

teacher)),

where Conv represents the convolution operation, and Concat denotes the concatenation of feature
maps along the channel dimension. By fusing feature information from both the teacher and student
models, the aligned feature map Fl

aligned enables the student model to learn the implicit relationships
between occluded and unoccluded regions, thereby facilitating the reconstruction of occluded features.

3.3. Feature Distillation Mechanism

To further refine the feature reconstruction process, this study introduces a feature distillation
mechanism. After each residual block, the L2 loss between the feature maps of the teacher and student
models is computed to regularize the student model’s learning process:

Ll
distill =

1
Hl ×Wl × Cl

Hl

∑
i=1

Wl

∑
j=1

Cl

∑
k=1

∥∥∥Fl
teacher(i, j, k)− Fl

student(i, j, k)
∥∥∥2

2
,

where Hl ×Wl × Cl denotes the dimensions of the feature map at layer l. Minimizing the feature
distillation loss allows the student model to learn more effectively from the teacher model’s feature
representations, thereby enhancing the reconstruction accuracy of the occluded regions.
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3.4. Layer-Wise Reconstruction and Global Fine-Tuning

After completing feature distillation for each layer, the parameters of the current layer are frozen
to ensure that the training of subsequent layers does not interfere with the already reconstructed
features. The process then continues with the feature distillation for the next layer until the feature
maps of all layers have been reconstructed.

Once feature distillation is completed for all residual blocks, all layers’ parameters are unfrozen,
and global fine-tuning is performed using the original age labels. The loss function during fine-tuning
remains consistent with the original age regression module’s loss function, further optimizing the
model’s feature representations and improving age estimation accuracy.

 Conv7×7，
3，64，
stride=2,

padding=3

BN relu

MaxPool2d,
3×3,

Stride=2,
Padding=1

Basic Block
×3

Basic Block
×4

Basic Block
×6

Basic Block
×3

112×112 56×56
56×56

28×28
Downshape

14×14
Downshape

7×7
Downshape

 Conv7×7，
3，64，
stride=2,

padding=3

BN relu

MaxPool2d,
3×3,

Stride=2,
Padding=1

Basic Block
×3

Feature Reconstruction

 Conv7×7，
3，64，
stride=2,

padding=3

BN relu

MaxPool2d,
3×3,

Stride=2,
Padding=1

Basic Block
×3

Basic Block
×4

Feature Reconstruction

 Conv7×7，
3，64，
stride=2,

padding=3

BN relu

MaxPool2d,
3×3,

Stride=2,
Padding=1

Basic Block
×3

Basic Block
×4

Basic Block
×6

Feature Reconstruction

 Conv7×7，
3，64，
stride=2,

padding=3

BN relu

MaxPool2d,
3×3,

Stride=2,
Padding=1

Basic Block
×3

Basic Block
×4

Basic Block
×6

Basic Block
×3

Feature Reconstruction

Avg
Regression 
prediction 

module

Out
put

 Conv7×7，
3，64，
stride=2,

padding=3

BN relu

MaxPool2d,
3×3,

Stride=2,
Padding=1

Basic Block
×3

Basic Block
×4

Basic Block
×6

Basic Block
×3

Avg
Regression 
prediction 

module

Out
put

age 
tag

Age estimation loss function

Frozen

Figure 3. Using ResNet-34 as the feature extraction network, the student’s feature maps after each residual block
are trained to match those of the teacher network. Features are extracted from an occluded dataset, where the
teacher network’s feature maps serve as a supervisory signal, guiding the student’s feature reconstruction layer
by layer. After reconstructing the feature map at each residual block, all previous network layers are frozen before
proceeding to the next layer’s training. In the fine-tuning stage, all network layers are unfrozen and fine-tuned
using real age labels to remove residual noise features.

4. Experimental Results
This study evaluates the performance of the proposed method for facial age estimation under

various occlusion conditions through a series of experiments. The primary focus was on assessing
the baseline model’s performance under occlusion, investigating the impact of knowledge distillation
strategies on the student model, analyzing the enhancement of model performance through layer-
wise training, and exploring the contribution of global fine-tuning to further optimize the model.
Additionally, the proposed method is compared with other advanced models for occluded facial age
estimation. The following sections detail the datasets, experimental setup, results, and corresponding
analysis.

4.1. Dataset and Experimental Setup

In this section, we describe the dataset creation, preprocessing, and the configuration of the
experimental setup. To evaluate the influence of various methods on facial age estimation under
occlusion, a dedicated dataset featuring multiple types and degrees of occlusion was created. The
dataset creation process is outlined as follows: four publicly available foundational datasets containing
rich facial image data were selected: CACD [38], AFAD [20], MORPH-2 [39], and IMDB-WIKI [40].
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The MORPH-2 dataset consists of 55,608 facial images and can be accessed at https://www.
faceaginggroup.com/morph/. Age labels in this dataset range from 16 to 70 years. It is a widely used
dataset for age estimation tasks due to its extensive number of images and diversity in age, ethnicity,
and gender. For our experiments, we split the dataset into two independent subsets: 80% for training
and 20% for testing.

The CACD dataset (Chen et al., 2014), available at http://bcsiriuschen.github.io/CARC/, contains
159,449 images with ages ranging from 14 to 62 years. Similar to the MORPH-2 dataset, the faces in the
CACD dataset are centered, with the tip of the nose aligned to the center. This dataset offers a broad
spectrum of images, making it ideal for evaluating age estimation models.

The AFAD dataset (Niu et al., 2016) contains 165,501 images of Asian faces, with ages ranging
from 15 to 40 years, and can be downloaded from https://github.com/afad-dataset/tarball. Since the
faces in this dataset are already centered, no further alignment was necessary. The AFAD dataset is
particularly useful for testing age estimation models on younger age groups, providing an additional
important subset for evaluation.

The IMDB-WIKI dataset, which includes over 500,000 facial images with age labels ranging
from 0 to 100 years, covers a wide range of ethnicities, age groups, and facial expressions. It is
divided into two parts: IMDB (460,723 images) and WIKI (62,328 images), and can be accessed at
https://data.vision.ee.ethz.ch/cvl/rrothe/imdb-wiki/.

For preprocessing, we used MTCNN (Multi-task Cascaded Convolutional Networks) [41] for facial
landmark detection. The images were then cropped to center the faces and standardize their sizes. This
preprocessing step ensures that the faces are aligned and their appearances remain consistent across
different datasets. All models were trained on the MORPH-2 dataset, which contains a diverse range
of facial images spanning multiple age groups. The remaining datasets (AFAD, CACD, IMDB-WIKI)
were used to assess the model’s performance across datasets.

All experiments were conducted under the same hardware and software conditions to ensure
comparability and fairness. Specifically, we used an NVIDIA 3080 GPU for computation, and PyTorch
was employed as the deep learning framework. In all experiments, the training process for all models
followed identical hyperparameter settings, including the learning rate, optimizer, and the number of
training epochs.

To comprehensively assess the impact of occlusion on face age estimation, we designed six
different types of occlusion conditions: occlusion of the eye region using various types of sunglasses,
blacking out the eye region, occlusion of the mouth region using different types of masks (including
veils), blacking out the mouth region, simultaneous occlusion of both the eyes and mouth with glasses
and masks, and simultaneous blacking out of both the eye and mouth regions with black blocks.These
occlusion methods cover common facial obstructions in the real world. In real life, facial photos often
lose parts of the image due to sunglasses and masks, while the application of black blocks can directly
test the impact of occlusion on model performance without introducing noise variables.To ensure the
accuracy of model performance analysis by minimizing the impact of the quantified occlusion area, we
control the size of the mask and mouth blocks to cover 30%-35% of the facial image area, and the size of
the sunglasses and eye blocks to cover 15%-20% of the facial image area during the occlusion process.
All images are uniformly resized to 256×256×3. During the training phase, images are randomly
cropped to 224×224×3 to meet the input requirements of ResNet-34, with data augmentation applied.
In the model evaluation phase, the center of the 256×256×3 image is cropped to 224×224×3 as the
model input.ensuring a fair comparison.The MORPH-2 dataset is randomly split into 80% for training
and 20% for testing, with all models being trained on the MORPH-2 dataset., and the dataset division
is shown in Table 2.
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Yellow sunglasses Sunglasses + mask

black sunglasses

Mouth color block

Eye color patches Eye + mouth color block

Figure 4. Examples of partially occluded images are shown. In the actual experiments, 10 different types of
sunglasses and 10 types of face masks were used.

Table 2. In the MORPH-2 dataset used for training, 77% are African, 19% are European, and the remaining 4%
include Hispanic, Asian, Indian, and other ethnicities. The dataset includes 44,692 male images and 10,916 female
images. The dataset is divided into 80% for the training set and 20% for the validation set.

Age Group 16-20 21-25 26-30 31-35 36-40 41-45 46-50 51-55 56-60 61-65 66-70

Training Set 7376 7189 5748 6477 6965 6914 4147 2903 2000 890 288

Testing Set 820 800 650 780 750 790 380 180 70 30 20

Total 8196 7989 6398 7257 7715 7704 4527 3083 2070 920 308

Note: The table shows the distribution of age groups across the training and testing sets.

4.2. Performance Verification Experiment
4.2.1. Neural Network Architectures

In the model design of this paper, we first use an age estimation network pre-trained on an
unoccluded dataset as the teacher model to guide the student model’s learning. The teacher model
selects three models that perform well in the age estimation task: CORAL, DLDL, and MWR:

The CORAL (Cumulative Ordinal Regression) model effectively utilizes the ordinal relationship of
age labels by converting the age estimation task into multiple sequential binary classification problems.
This model divides the age labels into K − 1 binary classification tasks, where the k-th binary task
determines whether the sample’s age reaches or exceeds the threshold rk. For example, for K age
levels, CORAL contains K− 1 binary classifiers, each sharing the same weight parameters but with
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independent bias terms, ensuring consistency and monotonicity of the predictions. The loss function
for CORAL is defined as:

LCORAL = −
N

∑
i=1

K−1

∑
k=1

[
y(k)i log

(
p(k)i

)
+
(

1− y(k)i

)
log
(

1− p(k)i

)]
,

where y(k)i is the true label of sample i in the k-th binary classification task, indicating whether the

sample’s age reaches the threshold rk, and p(k)i is the probability predicted by the model for sample i
in the k-th task, calculated by the Sigmoid function:

p(k)i = σ(g(xi, W) + bk),

where g(xi, W) is the output of the shared weight layer, and bk is the bias for the k-th task. To ensure
ordering consistency, the CORAL model requires:

b1 ≥ b2 ≥ · · · ≥ bK−1,

ensuring that the predicted probabilities for each task satisfy monotonicity:

p(1)i ≥ p(2)i ≥ · · · ≥ p(K−1)
i .

DLDL (Deep Label Distribution Learning) transforms the age estimation task into label distribu-
tion learning by constructing the probability distribution of age labels to capture the uncertainty of
age. The output layer of DLDL contains the probability for each age label, representing the probability
distribution over ages. By predicting a probability distribution instead of a single age value, DLDL
reflects the ambiguity in age estimation, leading to higher robustness when processing real-world data,
especially when age labels are vague or hard to annotate accurately. The label distribution is modeled
using a Gaussian distribution, with the distribution center at the true age µ and standard deviation σ,
defined as follows:

yj =
p(lj|µ, σ)

∑k p(lk|µ, σ)
,

where

p(lj|µ, σ) =
1√
2πσ

exp

(
−
(lj − µ)2

2σ2

)
.

The optimization goal of DLDL is to minimize the Kullback-Leibler (KL) divergence between the
predicted age distribution ŷ and the true label distribution y, so that the predicted distribution is as
close as possible to the true label distribution:

LDLDL =
C

∑
k=1

yk log
(

yk
ŷk

)
,

where yk is the true label distribution probability at age label k, and ŷk is the predicted probability by
the model. By learning the probability distributions between different ages, DLDL better captures the
ambiguity of age, thus improving robustness in the presence of sparse data or imprecise labels.

MWR (Moving Window Regression) is an innovative ordinal regression algorithm that achieves
precise estimation of ordered data by predicting relative ranks (ρ-rank). Traditional ordinal regression
typically predicts the absolute value of the target, whereas MWR uses the concept of ρ-rank, trans-
forming the prediction task into estimating the relative position with respect to reference points. The
definition of ρ-rank is as follows:

ρ(x, y1, y2) =
θ(x)− µ(y1, y2)

τ(y1, y2)
,
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where θ(x) is the absolute rank of the input instance x, µ(y1, y2) = θ(y1)+θ(y2)
2 is the mean rank of

reference points y1 and y2, and τ(y1, y2) =
θ(y2)−θ(y1)

2 is half the difference in their ranks. By predicting
the ρ-rank, the model can reconstruct the absolute rank of the input using the following formula:

θ(x) = ρ(x, y1, y2) · τ(y1, y2) + µ(y1, y2).

The MWR algorithm first selects several reference points using a nearest-neighbor approach and
calculates their average rank as the initial estimate. Then, using this initial estimate as the center,
it forms a search window by iteratively selecting two reference points, optimizing the ρ-rank, and
progressively approaching the target value. In the t-th iteration, the update rule is:

θt(x) = ρt(x, y1, y2) · τ + θt−1(x),

where ρt is the predicted ρ-rank in the t-th iteration, and τ is the window size. This optimization
process continues until the predicted value converges or the maximum number of iterations is reached.

The loss function for MWR is defined as the squared error of the ρ-rank:

Lρ =
1
N

N

∑
i=1

(ρi − ρ̂i)
2,

where ρ̂i is the predicted ρ-rank by the model, and ρi is the true value.

4.2.2. Implementation Details

The architectures of the three age estimation models consist of an encoder and a regression
prediction module. To avoid introducing empirical bias by designing our own CNN architecture for
comparing ordinal regression methods, we unify the encoders of all three models as the standard
architecture ResNet-34[42] and retain the original regression module structure and loss function to
train the teacher network. During training, we use a batch size of 128, train for 50 epochs, and optimize
with the Adam optimizer, with an initial learning rate of 10−4, which is gradually reduced based on the
validation set performance. In the backpropagation process, we freeze the feature extraction network
parameters for the first 20 epochs, optimizing only the output layer for the age estimation task; after
20 epochs, we unfreeze the feature extraction network parameters and globally optimize the entire
network, allowing the model to learn features useful for the output layer’s age estimation, with the
best model selected based on MAE performance on the validation set.

In the training of the student model, the student model extracts features from a dataset with
occlusions, while the feature maps from each layer of the teacher model are used as supervisory signals
to guide the student model in optimizing the same layer of the network. Since the core task of this
study is to reconstruct the features of occluded images rather than model compression, we maintain the
structural consistency between the student and teacher networks during training. The training process
follows a layer-wise learning approach: first, the parameters of the student model’s current layer
are frozen, and the next layer is gradually learned until all hidden layers’ features are reconstructed.
Initially, only the student model’s bottom feature layer (layer1) is unfrozen, with the remaining three
residual blocks frozen. L2 loss is used to bring the student model’s low-level feature map closer to
that of the teacher model, trained for 40 epochs with a learning rate of 10−4. Next, the second feature
layer (layer2) is unfrozen, while the others remain frozen, and L2 loss is used to optimize feature
differences, trained for 40 epochs with a learning rate of 5× 10−5. Then, the middle (layer3) and high
layers (layer4) are sequentially unfrozen, each trained for 40 epochs, continuing to optimize feature
differences with L2 loss, with the learning rate gradually reduced to 1× 10−5 and 5× 10−6. Through
this sequential unfreezing and training approach, the student model can approximate the teacher
model’s feature expression in a layer-wise learning process, starting with simple low-level features
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and gradually building up to complex high-level features, ultimately achieving high-quality feature
reconstruction.

However, features reconstructed through this method may still retain some meaningless or even
harmful noisy features. Therefore, the final step of training involves unfreezing all network layers and
performing global fine-tuning for 50 epochs using the original age labels to further eliminate noisy
features and retain valuable ones. During the global fine-tuning process, the loss function should
remain consistent with the teacher model’s loss function during pre-training to ensure the student
model learns the teacher model’s feature expression to the greatest extent.

4.2.3. Ablation Study

As presented in Equation (1), we employed the mean absolute error (MAE), which is the most
commonly used metric[43,44], to assess the accuracy of age estimation. A lower MAE value indicates a
higher accuracy in age estimation performance. where N is the total number of samples, yi represents
the actual age, and ŷi denotes the predicted age. A lower MAE value indicates better performance in
age estimation.

MAE =
1
N

N

∑
i=1
|yi − ŷi| (1)

The MAE values for the CORAL, DLDL, and MWR models, when directly tested on the unoccluded
dataset, were 3.12, 3.23, and 3.39, respectively. However, upon testing on a dataset with 50% randomly
occluded images, the MAE values increased to 5.62, 5.82, and 5.89, respectively. While all three
models exhibited strong performance on the unoccluded dataset, the tests on the dataset with random
occlusions revealed a substantial increase in the MAE for all models, indicating that facial occlusion
significantly impairs the models’ ability to estimate age accurately. Figure 5 visually illustrates the
extent of the effect of random occlusion on model performance.
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Figure 5. The performance of the three baseline models on the original dataset and the occluded dataset.

In order to analyze the specific impact of different occlusion methods on model accuracy, we
evaluated the performance of the three pre-trained baseline models under various occlusion conditions.
The results demonstrated that the MAE values of the CORAL, DLDL, and MWR models, under differ-
ent occlusion scenarios, reflect the varying effects of different occlusion types on model performance.
For single occlusions, the MAE values when wearing a mask were 5.51 (CORAL), 5.72 (DLDL), and
6.44 (MWR); and when wearing sunglasses, the MAE values were 6.21 (CORAL), 6.44 (DLDL), and
6.32 (MWR). When both a mask and sunglasses were simultaneously worn, the MAE values increased
to 7.52 (CORAL), 7.71 (DLDL), and 7.82 (MWR). It was observed that occlusion of the eyes had a more
pronounced impact on model performance compared to the occlusion of the mouth and nose. When
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both types of occlusion were present, the performance of the models declined markedly. Figure 6
presents the impact of various occlusion methods on model performance. Furthermore, we examined
the effect of using color blocks as a direct occlusion technique instead of physical occlusion objects.
The experimental results indicated that the use of color block occlusion also led to a reduction in model
accuracy, although the impact was slightly less severe compared to using physical occlusion objects.
Our analysis suggests that the color block occlusion method introduces less complexity, whereas the
use of diverse physical occlusion objects, with varying colors, textures, and shapes, introduces greater
uncertainty, thereby introducing more complex noise to the model. Table 3 provides a comparison of
the impact of all occlusion methods on model performance.
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Figure 6. We tested the impact of various occlusion types, including masks, sunglasses, and masks + glasses, on
the age estimation model. The figure shows the MAE performance of the CORAL, DLDL, and MWR models
under different occlusion conditions.

Table 3. Comparison of MAE under different occlusion types.

Occlusion Type MAE

CORAL DLDL MWR

Mask 5.51 5.72 6.44
Sunglasses 6.21 6.44 6.32
Mask + Sunglasses 7.52 7.71 7.82
Mouth Color Block 4.96 4.85 5.57
Eyes Color Block 5.09 5.22 5.98
Mouth + Eyes Color Block 6.62 6.31 7.02

To validate the impact of layer-wise feature reconstruction on the performance of age estimation
models, we tested the MAE values of three baseline models on the MORPH-2 dataset with 100%
random occlusion. The experimental results show that after layer-wise feature reconstruction, all three
models achieved varying degrees of MAE reduction. This demonstrates that reconstructing occluded
features provides age estimation models with more informative facial features, thereby effectively
improving the accuracy of age estimation. Table 4 shows the effect of feature reconstruction on model
accuracy.

To further validate the impact of using original age labels on the accuracy of age estimation
models, we compared the accuracy of three baseline models after layer-wise feature reconstruction,
both before and after fine-tuning with age labels. Table 5 presents the MAE values of the models after
global fine-tuning. The results indicate that all three models achieved further accuracy improvements,
demonstrating that fine-grained tuning better adapts to the age distribution within the dataset, enabling
the models to provide more accurate estimations across different age groups.
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Table 4. MAE of the models with and without layer-wise feature reconstruction on the MORPH-2 dataset with
random occlusion.

Model MAE

Baseline Layer-wise Feature Reconstruction

CORAL 6.62 4.59 ↓ 2.03
DLDL 6.88 4.91 ↓ 1.97
MWR 6.85 5.08 ↓ 1.77

Note: Lower MAE values indicate higher accuracy in age estimation. The red arrows show the reduction in MAE after layer-wise feature
reconstruction.

Although feature reconstruction enhances the model’s capability, it still retains some noisy features.
By incorporating age labels for global fine-tuning, the models effectively eliminate these noise features,
resulting in more precise final estimations. Therefore, the fine-tuning process not only improves model
performance but also significantly enhances the model’s adaptability to complex data characteristics,
thereby boosting overall model accuracy.

Table 5. MAE of the models before and after global fine-tuning with original age labels.

Model
MAE

Layer-wise Feature Reconstruction Layer-wise Feature Reconstruction + Age
Label Fine-tuning

CORAL 4.59 4.27 ↓ 0.32
DLDL 4.91 4.43 ↓ 0.48
MWR 5.08 4.87 ↓ 0.21

Note: Lower MAE values indicate higher accuracy in age estimation. The red arrows show the reduction in MAE after fine-tuning with age
labels.

4.2.4. Comparison Experiment

To test the impact of different backbone networks on model performance, we tested six backbone
networks: ResNet-34, ResNet-50, ResNet-101, VGG16[45], EfficientNet-B0 [46], and InceptionV4 [47],
evaluating their performance after layer-wise feature reconstruction and age label fine-tuning, as
shown in Table 6. EfficientNet employs a compound scaling method. By simultaneously adjusting the
network’s width, depth, and resolution, it balances model accuracy and computational efficiency. The
design goal of EfficientNet is to achieve more efficient utilization of parameters and computational
resources, so it generally delivers better performance with lower computational resources compared to
the ResNet series architectures. However, when computational resources are abundant, ResNet net-
works can achieve better performance as the network depth increases. Although VGG16 performs well
in traditional classification tasks, age estimation is a regression task rather than a simple classification
task. Its relatively simple structure may not be sufficient to capture the complex features needed, and
the excessive number of fully connected layers makes the VGG16 network parameter-heavy, resulting
in lower computational efficiency and requiring more computational resources during training. Figure
7 visually demonstrates the impact of different backbone networks on the performance of the age
estimation task.

To fully demonstrate the effectiveness of the layer-by-layer distillation approach, we directly
trained and fine-tuned three baseline models on the MORPH-2 dataset with multiple occlusion types.
The occlusion types in the dataset are shown in Table 7, and we compare the experimental results with
those of our student model.

The results in Table 8 show that the layer-wise feature reconstruction combined with fine-tuning
significantly outperforms the baseline model trained directly on the occluded dataset. This is because
the model trained directly on the occluded dataset relies solely on visible features, failing to fully exploit
the relationship between the occluded and unoccluded regions, which results in suboptimal feature
representations. Additionally, the model learns a substantial amount of noise features introduced by
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occlusions, further degrading its performance. In contrast, layer-wise feature reconstruction allows
the model to progressively reconstruct features from low-level to high-level, ensuring that it can learn
more informative and accurate facial features while gradually mitigating the impact of noise features.

Table 6. Comparison of Models with Parameters, Layers, and MAE under different regression methods.

Model Parameters (Millions) Layers MAE

CORAL DLDL MWR

ResNet-34 21.8 34 4.27 4.43 4.87
ResNet-50 25.6 50 4.12 4.28 4.75

ResNet-101 44.5 101 3.95 4.07 4.62
VGG16[45] 138.0 16 4.30 4.47 4.84

EfficientNet-B0 [46] 5.3 237 4.01 4.15 4.68
InceptionV4 [47] 42.5 48 4.10 4.22 4.71
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Figure 7. Performance comparison of six backbone networks—ResNet-34, ResNet-50, ResNet-101, VGG16,
EfficientNet-B0, and InceptionV4—on three age estimation tasks: CORAL, DLDL, and MWR.

Table 7. Proportion of Six Occlusion Types in the MORPH-2 Dataset

Occlusion Type Proportion (%)

Mask 15%
Sunglasses 15%
Mask + Sunglasses 20%
Mouth Color Block 15%
Eyes Color Block 15%
Mouth + Eyes Color Block 20%

Table 8. MAE of the models before and after global fine-tuning with original age labels.

Model
MAE

Occlusion Dataset Direct Training Layer-wise Feature Reconstruction + Age
Label Fine-tuning

CORAL 5.61 4.27
DLDL 5.91 4.43
MWR 5.98 4.87
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4.2.5. Cross-Dataset Comparison with Multiple Advanced Models

To ensure the model can correctly route the images, we trained a binary classification convolutional
neural network for occlusion detection. The model’s class labels were set to “face” and “occluded_face”
to allow the model to effectively distinguish between faces with and without occlusions. In the network
architecture, the input layer accepts color face images of size 224x224 pixels. Features are then extracted
through multiple convolutional and pooling layers, followed by a global average pooling layer that
converts the feature map into a one-dimensional vector. The output layer contains two neurons, using
the Sigmoid activation function to output the probability for each class.

During training, binary cross-entropy was used as the loss function to optimize the model’s ability
to distinguish between the two classes. The optimizer was Adam with an initial learning rate of 0.001,
a training batch size of 32, and 50 epochs. To enhance the model’s generalization ability, we applied
various data augmentations, including random rotations, flips, and color jittering. The performance
on the validation set was monitored during training, and an early stopping strategy was applied to
prevent overfitting. In this way, the trained detector was able to accurately identify whether the face
region in the input image had occlusion, achieving good classification results.

To validate the cross-dataset performance of the model, we conducted random occlusion tests on
the AFAD, CACD, and IMDB-WIKI datasets, comparing the results with several mainstream occluded
face age estimation models. A group of human workers, who manually estimated ages from occluded
facial images, served as the baseline for the age regression task. We compared the performance of
human workers, DLP-CNN [48], Pix2Pix [49], DeepFill v2 [50], LCA-GAN [1], MCGRL[6], and our
methods (using CORAL, DLDL, and MWR as the underlying models) for occlusion-aware facial age
estimation in terms of MAE and CS(%).All comparison models were retrained on the MORPH-2
dataset, with the occlusion types divided according to Table 7, ensuring consistency in the training
conditions.For all methods, we performed tests on different datasets where the test set randomly
applied various mixed occlusions to 50% of the facial images, while the other 50% remained unchanged.

Table 9 shows that the KD-CORAL model, using CORAL as the age regressor, achieves the
best performance in our experiments across multiple datasets. Additionally, we observed significant
differences in MAE and CS performance among the various models across the three datasets. For all
methods, the overall performance on different datasets follows the order: AFAD > CACD > IMDB-
WIKI. We attribute this to the fact that the CACD dataset includes some low-quality images (e.g., 20×20
pixels) and has a wide age range (14-62 years), requiring the model to consider a broader age span.
The IMDB-WIKI dataset, on the other hand, uses an automated labeling process, resulting in lower
annotation quality and significant label noise. We found many photos where the apparent age did not
match the labeled age, and some images even lacked faces. Additionally, there is a data imbalance
issue, with a severe lack of images in younger age groups. As a result, the model performance showed
a noticeable decline when tested on this dataset.Due to LCA-GAN employing a more complex attention
mechanism for pixel-level de-occlusion reconstruction, it exhibited the best performance on the high-
quality AFAD dataset. However, its performance showed significant degradation on the lower-quality
CACD and IMDB-WIKI datasets. Experimental results show that our method still performs well under
lower image quality, as the layer-by-layer detailed feature reconstruction allows the model to focus on
different feature dimensions of the image, which maximizes the model’s robustness.
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Table 9. Cross-dataset evaluation method to verify the generalization performance of the model (Training data:
MORPH-2). We count cumulative scores for age errors within a 5-year range.

Method AFAD CACD IMDB-WIKI Average

MAE CS(%) MAE CS(%) MAE CS(%) MAE CS(%)

Human workers 8.53 48.26 8.95 46.18 9.58 44.37 9.02 46.27
DLP-CNN [48] 7.86 56.58 7.98 52.33 8.92 49.37 8.25 52.76

Pix2Pix [49] 6.18 65.22 6.33 63.36 6.81 61.62 6.44 63.40
DeepFill v2 [50] 5.92 69.39 6.06 67.86 6.61 63.83 6.20 67.03
LCA-GAN [1] 4.72 79.69 5.21 75.25 5.98 70.83 5.30 75.26

MCGRL[6] 5.11 78.86 5.48 74.22 5.81 71.09 5.47 74.72
KD-CORAL (ours) 4.83 77.11 5.15 74.29 5.71 72.16 5.23 74.52
KD-DLDL (ours) 5.04 75.59 5.59 73.33 6.04 70.97 5.56 73.30
KD-MWR (ours) 5.28 74.68 5.66 72.85 6.37 70.03 5.77 72.52

Note: The best performance is highlighted in bold.

5. Conclusions
This paper proposes a knowledge distillation-based framework for facial feature reconstruction,

effectively recovering critical features lost due to occlusion. Experimental results show that the
method significantly enhances the robustness of age estimation models under various occlusion
conditions. Future work will focus on reducing data biases, handling more complex occlusion patterns,
and extending the framework to tasks such as facial expression recognition and pose estimation.
Additionally, developing a more representative occlusion dataset will be key to improving practical
applications.
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