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Abstract. Facial keypoint detection is relatively easy, but not completely accurate. In practical applications, occlusion, pose
variations, and image noise are obstacles to accuracy. To achieve more accurate and stable keypoint detection, this paper
will address the aforementioned issues by constructing a high-resolution neural network. The network uses a multi-layer
feature fusion structure to extract global facial features and local details at different scales. In order to balance the trade-off

between overall smoothness and high-resolution accuracy in model optimization, a new combined loss function was adopted.

It will be more robust to blurred and occluded samples. 300-W, COFW, and WFLW are public data experimental datasets.
The normalized mean error (NME) on 300-W is 2.89, on COFW is 3.56, and on WFLW is 3.19, all three methods have set new
records. Common interferences such as blur and noise have been better resisted. Ablation experiments demonstrated the
fusion strategy and loss components. Qualitative visualizations and application cases indicate that the system can perform
well in various environments and under different conditions. These two methods are both practical and reliable, and can be
used in many fields, such as mobile health monitoring, biometric authentication, and human-computer interaction.
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Introduction

The facial keypoint detection technology in modern computer vision has rapidly become an important
component of computer vision. Subsequent applications based on this technology include augmented reality,
3D facial modeling, emotion analysis, facial recognition, and medical diagnosis [1]. Eyes, nose, mouth, jawline,
and other important facial locations are designated as reference points. The algorithm can accurately and real-
time identify facial structures [2]. The development of Convolutional Neural Networks (CNNs) has made
significant progress over the past decade, making landmark localization more accurate and stable [3]. These
improvements include applications in various constrained and semi-constrained environments. As digital
platforms become more diverse and interaction patterns more complex, the demand for facial keypoint
detection is also increasing [4]. In the fields of consumer electronics, entertainment, access control, and
telemedicine, landmark detection is now used to create new interaction methods and is also employed for
reliability and security [5]. These advancements are often affected by some issues present in real-world facial
images [6]. These issues include uneven lighting, severe occlusion, various angles of the head and body, and
natural differences between faces. Due to the increasing demand for high-fidelity and low-latency inference on
mobile and embedded devices, more research is needed on model efficiency and the generalization of solutions

[7].

Research and datasets for facial keypoint detection still have numerous issues. Early cascade regression methods
and deep network architectures performed well under controlled conditions, but often underperformed on real-
world data [8]. Several major technical issues with traditional backbone structures are as follows: fine-grained
structural relationship encoding, a small number of nodes, and multiple depths in the network retaining high-
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resolution spatial information [9]. Hourglass networks and stacked architectures can help extract multi-scale
features, but they often fail to retain contextual information about subtle landmarks in cases of severe occlusion
or significant pose changes [10]. It has been recognized that jointly preserving and effectively fusing high-
resolution spatial cues and multi-level data is crucial for enhancing the robustness and accuracy of landmark
localization in heterogeneous facial instances.

This paper proposes a new method to construct an optimized high-resolution network for detecting facial
keypoints, aiming to overcome the aforementioned shortcomings. The new design aims to obtain a large amount
of semantic information and retain spatial positions during the inference process through a multi-branch
structure. It is a general multi-level feature fusion module that can adaptively combine based on the contextual
information of each level of the network. Using advanced loss functions to improve the accuracy of overall facial
alignment and local keypoints. Conduct comprehensive experiments, perform extensive quantitative
benchmarking, and carry out in-depth qualitative analysis of the results using multiple complex public datasets.
High-resolution network strategies can provide a solid foundation for future unconstrained, real-world facial
analysis.

Related Work

Deep Learning-Based Facial Landmark Detection

Facial landmark detection has undergone many changes with the development of deep learning. Now it uses
end-to-end feature learning methods, rather than the previous regression and graphical model methods. The
application of CNNs in constructing hierarchical feature maps has improved the accuracy of localization and
robustness to noise [11]. The cascade convolutional regressor is an early deep learning method that gradually
improved landmark estimation and successfully reduced localization errors in constrained and semi-constrained
datasets [12]. Due to the incorporation of deep architectures, such as the VGG and ResNet series, multi-scale
spatial feature extraction can be achieved, which improves the accuracy of landmark localization [13]. The next
generation improves pose variation, illumination invariance, and partial occlusion detection by using the
aforementioned backbone networks.

The advanced model of the stacked hourglass network collects fine-grained local details and large-scale context
by repeatedly downsampling and upsampling feature maps [14]. The hourglass method divides the data into
multiple scales and is relatively robust to large-scale distortions of landmarks. Some frameworks have recently
incorporated attention mechanisms, spatial transformers, and ensemble methods to focus on primary facial
information while ignoring other unnecessary details [15]. With the development of large-scale, richly annotated
facial datasets such as 300-W, AFLW, and WFLW, many new benchmarks and evaluation methods have emerged.
In addition, more model architectures and strong regularization strategies have also been introduced [16]. A
long-standing issue: achieving high accuracy under adverse conditions (such as severe poses, dense occlusions,
and motion blur) is impossible; traditional CNN-based structures often fail in these situations. In order to fully
utilize the large amount of unlabeled data, current research has begun using hybrid models, incorporating
graphical priors or 3D deformable constraints into trainable networks, and employing self-supervised or semi-
supervised training protocols [17].

The sensitivity of deep learning models to complex backgrounds, diverse demographics, and harsh capture
environments remains low, despite some progress in recent years. Research on new architectures and loss
functions is underway, aiming to improve the robustness, efficiency, and interpretability of current systems.
These studies also aim to help the system adapt to new environments and reduce the difficulty of data
annotation [18].

Multi-Scale Feature Extraction Methods

Due to the drawbacks of classic convolutional neural networks (CNNs), such as the reduction in spatial resolution
at deeper layers, multi-scale feature extraction techniques have been proposed. Feature Pyramid Networks (FPN)
are such an example. Combining high-resolution localization signals with low-resolution semantic information
to create a feature hierarchy. The aforementioned structure can effectively identify and distinguish objects of
various sizes [19]. U-Net was initially used for medical image segmentation. Introducing direct skip connections
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and a symmetric encoder-decoder structure helps to recover high-frequency details lost during downsampling
[20]. FPN and U-Net are the foundation of landmark detection models, introduced to address the loss of context
and details in small landmarks.

The Hourglass Network expanded on this concept by using recursive downsampling and upsampling, as well as
multi-scale symmetric data aggregation [21]. Iterations can handle various facial shapes and expressions.
Traditional hourglass networks perform poorly and become easily confused when small facial details are
occluded or lost [22]. Attempt to use parallel multi-branch representation techniques to simultaneously support
multiple resolution streams on the network [23].

HRNet is an innovation in multi-scale learning. HRNet does not use an encoder-decoder structure or pyramids,
but instead continuously exchanges information through a high-resolution stream and parallel low-resolution
streams. It can provide precise descriptors for dense landmark prediction while preserving spatial data at each
stage [24]. The difficulties of multi-branch fusion and how to balance cost and accuracy in practice remain a focal
point of concern [25]. Research focuses on enhancing feature fusion (such as task-adaptive schemes, weighting,
or attention guidance) and reducing model size to improve the model's ability to generalize across different
imaging environments [26].

HRNet in Vision Applications

Semantic segmentation, object recognition, human pose estimation, and fine-grained image analysis are recent
applications of High-Resolution Network (HRNet) in many visual tasks [27]. HRNet is a multi-scale parallel
architecture that provides rich semantic context, addressing the shortcomings of traditional CNN backbone
networks in facial keypoint detection. Deliberately passing information between high to low-resolution streams
at each stage to ensure contextual awareness and precise localization, which is crucial for dense facial keypoint
extraction.

HRNet has been used in multi-task facial analysis pipelines, such as alighment, expression recognition, and 3D
facial reconstruction, proving to be more effective in maintaining structural integrity under unstable visual
conditions [28]. HRNet performs well on complex public datasets and exhibits strong robustness to occlusion,
pose variations, and differences across diverse populations [29]. HRNet always maintains high-resolution
representations, thus outperforming hourglass and pyramid structures in human pose estimation. HRNet is
capable of maintaining pixel-level label fine structure accuracy and semantic segmentation capabilities [30].

HRNet has these advantages, but its model size is very large, and the cost is also very high. Many parallel high-
resolution paths are economically unfeasible in embedded or real-time systems. Research has been conducted
on knowledge distillation methods, lightweight HRNet variants, and hardware-aware optimizations for mobile
deployment. Due to issues of joint and scalability, research has been conducted on attention-guided and
dynamic fusion modules. These modules allow HRNet-based systems to dynamically adjust the information flow
according to various tasks and scenarios. With ongoing research, the application of HRNet has been extended
to other fields and cross-modal issues, while still retaining its core advantages—balanced representation and
spatial accuracy.

Proposed Methodology

Network Architecture Optimization

All other modules rely on a specially designed high-resolution network architecture to address the specific
challenges of high-precision facial keypoint localization. This innovative structure maintains spatial accuracy and
semantic abstraction through the deep integration of multiple high-resolution parallel streams, spatially
adaptive convolutions, and hierarchical context propagation at various levels.

At the beginning of the architecture design, multi-scale features are calculated simultaneously at each network
stage. Unlike traditional encoder-decoder architectures, the deep layers do not reduce the spatial granularity of
the structure while maintaining high-resolution flow. Let X; denote the feature tensor at stage [ with spatial
resolution 7;. The main branch is initialized as:

X; = Convgy3(I) + BN + ReLU Eq.(1)
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where I represents the normalized input and BN denotes batch normalization. Each subsequent branch at level
l is constructed by adaptively sampling and aggregating the outputs of prior branches via a dynamic filter bank:

-1
X, =¢ Z ayi - Downg, o (Xi) + Bii - Uprpor, (Xi) Eq.(2)
k=1
where ¢, implements a non-linear transformation specific to each resolution, and a;, 5, ; are data-adaptive
weighting factors for cross-resolution re-embedding.

At all transition points, the cross-flow modulation module aligns feature statistics through channel weighting
and multi-head attention gates to ensure information consistency and reduce semantic discontinuity. Ensure
that the retention of high-resolution representations is explicit:

YL = g([XL’XL, in]) Eq(3)
where G denotes a hierarchical fusion operator, concatenating or summing the processed streams at the final
stage L, thereby generating dense, structurally consistent outputs.

The resultant output tensor is projected through a dedicated prediction head that simultaneously regresses
coordinates for K facial landmarks. Explicitly, the output module maps the fused representation to landmark
heatmaps using:

a, = J(Conv1x1(YL)),k =12,..,K Eq.(4)
where ¢ is a sigmoid activation tailored for spatial response normalization. This design enables pixel-level
precision even under severe pose or illumination variation.

Figure 1 shows these architectural customizations to provide an overview of parallel multi-stream flow,
resolution-specific fusion points, and the prediction process.
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Figure 1. Customized high-resolution network architecture for facial landmark detection

Multi-Level Feature Fusion

By gradually combining high-level semantic information and low-level spatial details, the first advancement of
the method is a clear multi-level feature fusion design. In order to retain the original features and add more
context, deep convolutions and cross-branch representations are used to adaptively combine feature maps at
each resolution. To optimize landmark localization of complex facial structures in unconstrained scenarios, this
design ensures uniform gradient and information flow across all depths of the network.
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Let F/ denote the feature map at stage [ and stream s, each operating at a distinct spatial resolution. To capture
multi-scale dependencies, intermediate features from all streams are jointly aggregated using an attention-
weighted fusion function:

S
z=w( > wigeya(F) Eq.(5)
s=1

where w, ; represents dynamically learned importance weights and y, ; employs a channel-wise recalibration for
each stream, while ¥ denotes a non-linear activation-enhanced fusion operator.

The cross-flow residual gate addresses the issue of semantic drift in high-resolution and low-resolution images
by controlling the exchange of information:

F} = F +p,s(F,Z) Eq.(6)
with p, ¢ parameterizing an attention-guided transformation that corrects for alignment errors and localizes
landmarks consistently.

Fusion cascade uses spatially selective aggregation to locally amplify important facial areas:

A = Z ;02 Eq.(7)
where 1;;; is a spatial attentic:; tensor, and ® denotes pointwise multiplication, focusing model
capacity to salient facial areas such as eyes, mouth corners, and nasal bridge.
The recursive dependency chain represents the multi-level integration of all stages:
0, =0({A,, F7 VI < 1,vs}) Eq.(8)

where O is a context-sensitive compositional operator that hierarchically integrates aggregated features and
corrected residuals, ensuring that each level benefits from all previous multi-scale computations.

Fusion representation extracts the global context vector:

g; = tanh (GlobalAvgPool(0;) + 1;) Eq.(9)
where 7; serves as a learned bias, providing a normalization anchor and stabilizing feature statistics across
minibatches.

Figure 2 shows the multi-layer fusion architecture and local enhancement flow. The network successfully
integrates global and regional cues to perform facial keypoint inference.

_____________________________________________________________________________________________
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Figure 2. Multi-level feature fusion architecture for facial landmark detection
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Loss Function Design and Training Strategy

Choosing the appropriate loss function and training method is to ensure the accuracy and stability of facial
keypoint detection in different environments. Composite loss and adaptive learning pipelines are used for
accurate and stable heatmap regression. In the old model, not every keypoint and pixel has the same weight. By
weighting and considering the contextual structure, dynamically adjust the focus of learning.

The primary loss supervises predicted heatmaps l:lk of each landmark k, enforcing spatial alignment to ground
truth H,, through an adaptive error weighting mechanism:

K
Lpt:EE E o[ — A Eq.(10)
k=1 i,

Here, w is a dynamically updated mask, emphasizing ambiguous or occluded pixels and correcting for local
appearance variations.

()]
k

Due to the low sensitivity of landmark positions, a stable penalty function is used to offset small errors. The
"wing" penalty for regularization is:

@5 _

AN ) [Hg” —al”|
Loing = Ez Z £ (14— Eq.(11)
k=1 75

1
where EIE”) adjusts the penalty scale for each pixel and landmark, while € controls error compression.

In order to improve spatial smoothness and reduce checkerboard artifacts, a Laplacian regularization term is
added to the predicted heatmap:

K
A (1712
Lsmooth = AZ Z |v2H]((lJ)| Eq(12)
k=1 1i,j

where V2 is the discrete Laplacian operator and A regulates smoothing strength.
The total loss used to update the network parameters is a weighted sum:
Liotal = Lpt + 51Lwing + 82 Lsmooth Eq.(13)
with &;, §, determined by validation-driven scheduling.
Optimization is performed using Adam with adaptive moment tracking, where the parameter update at iteration
tis:
)
D) = g _p.
Vv® + ¢,

Here, ¢ denotes model weights, m® and v(® represent first and second moment estimates, and 7 and €, are
learning parameters.

Eq.(14)

During the training process, a curriculum-based scheduler was used to control sampling and loss distribution.
Reliable annotated facial regions are prioritized, and then over time, more difficult or occluded samples are
added. Use stochastic weight averaging to enhance generalization ability, check if the loss is converging, and
stop training when the loss stabilizes. Use the first method mentioned above to achieve fast convergence and
high-precision heatmaps for large-scale, unconstrained data.

Experimental Evaluation and Results Discussion

Datasets and Implementation Details

To rigorously validate the proposed method, three large-scale public datasets will be used; these datasets
include 300-W, COFW, and WFLW, comprehensively covering facial diversity in the real world. The 300-W
dataset contains 3,837 training images and 600 challenging test images, with 68 facial landmarks annotated
under various poses and lighting conditions. For occlusion analysis, COFW contains 1,345 images with dense
occlusions, with 29 key points on each face manually annotated. The WFLW dataset includes up to 7,500 training
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faces and 2,500 test faces, each with 98 available landmarks, covering extreme expressions, side views, and
severe occlusions.

300-W uses Normalized Mean Error (NME) to measure fine-grained landmark localization accuracy under
moderate pose variations, WFLW examines spatial robustness in many real-world scenarios, and COFW
investigates failure modes under occlusion. The overly detailed annotations and overly complex images have led
to these issues.

Stricter data partitioning protocols will be implemented. Each dataset uses the official partition, which means
the training set, validation set, and test set do not overlap. All training images undergo the same preprocessing
procedures. These procedures include pixel normalization, resizing the images to 256 x 256, and geometric
augmentation. According to the dataset, the augmentation scheme has been adjusted. Random rotation (£30°),
scaling (£20%), and horizontal flipping. To enhance generalization and robustness, simulated occlusions were
also added to the baseline.

Landmark visibility and category masks further standardize label accuracy; for COFW and WFLW, blurred or
occluded points are also appropriately included in the loss. By subtracting the mean of the entire dataset and
dividing by the standard deviation, the input images are normalized to ensure stable optimization regardless of
when they are acquired.

Using the same hardware configuration of NVIDIA RTX 3090 GPU, Intel Xeon Gold 6226 processor, and 128GB
DDR4 memory for training and testing. By using CUDA and PyTorch 1.12 to accelerate the training model. All
comparative methods were set with hyperparameters, a batch size of 32, an initial learning rate of 0.0007, and
cosine annealing convergence over 140 epochs. Using the Adam optimizer, gradient clipping is set to 8.0, with
default beta values. To help the model learn more evenly, the data loader maintains a relatively balanced
distribution of different difficulty levels within mini-batches.

In order to ensure that the results of all metrics and scenarios presented in the following sections are fair and
reproducible, all experimental environments, augmentations, and preprocessing pipelines have been uniformly
standardized.

Quantitative Results and Benchmark Comparisons

Comprehensive benchmarking tests were conducted on these datasets and various difficulty levels. Normalized
Mean Error (NME), Area Under the Curve (AUC), and subset-specific accuracy are three metrics for evaluating
model performance, which can summarize the strengths and weaknesses of the model.

The proposed method achieves an overall NME of 2.89 on the 300-W dataset, outperforming the state-of-the-
art architectures HRNet (NME=3.09), FAN (NME=3.27), and Stacked Hourglass (NME=3.34). Figure 3(a) shows
the statistical comparison of NME for all the aforementioned methods, with the network achieving better results
on both the normal and difficult subsets. Figure 3(b) shows the detailed accuracy results of typical variation
groups, such as pose, occlusion, and expression. In cases of high occlusion and significant pose variation, the
aforementioned method is more robust, reducing the number of erroneous landmark predictions by 2.1% on
the COFW dataset.

Figure 3(c) shows the average NME values for the 300-W, COFW, and WFLW multi-dataset evaluations. Due to
its stability and generalization across all datasets and data complexities, there is no need to adjust
hyperparameters for specific datasets. The AUC distribution shown in Figure 3(d) indicates that the model is
stable. On WFLW, it achieved an AUC of 0.547, which is significantly higher than previous top models, and it
performed excellently on 300-W and COFW. The aforementioned advantages can be applied to indoor and
outdoor images, as well as challenging expressions and side cases; they have practical applications in facial
analysis systems.
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(a) Overall NME comparison (lower is better) (b) Subsetwise accuracy
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Figure 3. Quantitative results of facial landmark detection methods: (a) Overall NME comparison; (b) Subsetwise accuracy; (c) multi-
dataset results; (d) AUC comparison

Ablation Study of Model Components

Ablation analysis has been conducted to determine the extent to which the core algorithms and architecture
affect the overall system performance. The multi-level feature fusion module, loss function settings, and data
augmentation strategies are the main topics of this paper, as well as the roles these components play in
controlled experiments.

Feature fusion requires simultaneously obtaining a large amount of background data and fine-grained spatial
details. As shown in Figure 4(a), the multi-level fusion module is included, with an average NME of 2.89 for 300-
W, but it increases to 3.33 when not included. For challenging facial shapes, higher levels of context should be
included. In cases of off-axis poses and partial occlusion, this module is necessary.

Choose a loss function to improve localization accuracy and outlier sensitivity. Figure 4(b) shows a direct
comparison between the robust wing loss, the standard mean squared error (MSE), and the custom composite
loss proposed in this paper. The NME for the MSE-based configuration is 3.15, while the wing loss is reduced to
2.99. The proposed composite loss introduces spatial adaptability and robust penalties, thereby achieving the
best result (2.89 NME) by adjusting small displacements and large errors.

In order to expand the generalization of the unconstrained test domain, data augmentation is also necessary.
When evaluating the difficult subsets of WFLW and COFW with high occlusion and expression variations, models
trained without data augmentation strategies showed a significant drop in performance, as shown in Figure 4(c).
Data augmentation improved the model's robustness and reduced the anomaly rate of difficult samples. NME
decreased from 3.41 (without data augmentation) to 2.89 (with the complete data augmentation process).

The results of the ablation experiments are shown in Figure 4 and are more clearly presented in the subset and
error distribution. By integrating methods of architecture optimization, algorithm optimization, and data
distribution changes, high-performance facial keypoint detection can be achieved.
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(a) Multi-Level Fusion Module (b) Loss Function
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Figure 4. Ablation study of principal model components: (a) feature fusion module; (b) loss function comparison; (c) data augmentation
strategies

Qualitative Visualization

Selected some representative test cases and plotted the predicted landmarks on the real annotations to
demonstrate the accuracy and stability of the proposed model in the real world. These visualizations highlight
the pixel-level alignment and generalization capabilities.

As shown in Figure 5(a), many common frontal face examples in the 300-W and WFLW datasets almost perfectly
align with the predicted and annotated landmarks. The model is spatially consistent with facial features and
other semantic points, and it performs excellently in clean and controlled environments.

Figure 5(b) shows a series of challenging cases, including severe occlusions (such as hands, masks, and
sunglasses), extreme head poses, and exaggerated facial expressions. The model is still able to identify key points
on faces that are damaged or partially obscured. In cases where the actual annotations are irregular or missing,
reasonable inferences are made using the system's context and symmetry.

Figure 5(c) shows that the predictions of HRNet, FAN, and Stacked Hourglass networks on the same complex
samples are more accurate than the proposed method. Baseline methods often show deviations in expression
and occlusion areas. The proposed system consistently achieves the most anatomically accurate distribution
around the eye sockets and contour landmarks. Landmark collapse and lateral displacement are other methods
to identify these failure areas; they are less noticeable in non-frontal and occluded profiles.

Figure 5(d) shows many test cases, each of which can be presented under different backgrounds and lighting
conditions. In practice, the network has already adapted to non-standard and low-contrast samples,
demonstrating its versatility and accuracy.
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Figure 5. Qualitative visualization for facial landmark detection: (a) standard cases; (b) challenging examples; (c) comparison with other
methods; (d) diverse application scenario montage

Error and Robustness Analysis

The landmark positioning errors were subjected to overall statistics and spatial analysis to identify shortcomings
and evaluate the practical application of the model. Calculate the resistance to typical visual interference and
the distribution and concentration of errors.

Figure 6(a) shows the histogram of all localization errors in the benchmark test. Most test samples have sub-
pixel errors, and the distribution of these errors is highly concentrated within the 0-2% range of the inter-eye
distance. Only a few outliers exceeded the 4% error limit, and these anomalies were mainly due to side photos
or severe occlusions. The long tail phenomenon refers to prioritizing more rare or difficult-to-handle cases.

As shown in Figure 6(b), there are multiple local spatial error areas on the chin, jawline, and the outer side of
the eyebrow tail. These areas are more likely to be occluded, which may result in uneven or truncated hair. Due
to the persistent small errors in the core facial areas (such as the eyes, mouth, and tip of the nose), the model's
geometric features remain consistent with the core semantic features. To correct the issues in the current
situation, the dataset needs to be expanded or targeted adjustment methods should be used.

Figure 6(c) shows the perturbation and degradation of the image. The errors from downsampling, blurring, and
simulated noise methods only slightly increase, and the initial error is also quite large, making it suitable for
general cases. Even in the presence of 30% Gaussian noise or strong motion blur, the average error of the system
remains relatively small, which is feasible in practice.
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(a) Localization Error Histogram b) Spatial Error Heatmap
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Figure 6. Error and robustness analysis: (a) landmark error distribution histogram; (b) facial error heatmap; (c) robustness under visual
disturbances

Application Scenario & Case Analysis

Through in-depth research on extreme cases and actual data, the scope and limitations of the application have
been expanded. A quantitative analysis of the existing model's shortcomings was conducted, and a roadmap for
future algorithm improvements and applications was proposed.

Figure 7(a) shows typical scenes in complex environments, including blurry motion capture, low-light nightlife
areas, and crowded group photos. Even in cases of cluttered backgrounds, diverse light sources, or damaged
images, the model can still accurately locate objects. In low-light and high-motion environments, the spatial
consistency between the mouth and eyes will disappear. High dynamic range and low compression formats are
suitable for surveillance cameras and mobile recorders. To evaluate the robustness of this method, group scenes
containing partially occluded and overlapping faces. Able to accurately identify and locate landmarks without
being squeezed by others in the crowded foreground.

Figure 7(b) shows the most common errors and lists rare failures and exceptional cases. The issues are usually
severe occlusions (e.g., masks or hands), extreme expressions, or ultra-low resolution; in these cases, the
landmarks may be significantly off or clustered near the edges of the face. These failures usually occur in the
long-tail distribution areas identified by error analysis, most likely due to non-deterministic occlusion or labeling
uncertainty. The aforementioned method established new reliability standards, but highly complex rare events
still require further research. These results demonstrate the readiness of the method before its actual large-
scale deployment and indicate that, in certain cases, targeted architectural or data-driven improvements may
bring further robustness enhancements.
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(a) Application: Low-light, Motion, Group Scenes (b) Failure/Challenging Cases
°
= ®
®
° > ¢
®
®
° c@ o ° °
L] e ( 1 (]
[}
® ® o o ®
([ ]
® °
° ® . o
® : &» ° ®
o %
®
e
°

Figure 7. Real-world application and failure case gallery: (a) typical and extreme scenarios; (b) failure and challenging sample analysis

Conclusion

This study proposes a high-resolution architecture for identifying facial keypoints. It also advances state-of-the-
art technology by integrating multiple features, designing context-adaptive loss, and standardizing evaluations
across the three most challenging benchmarks in the field. Proposed a structural innovation to address
performance deficiencies in severely occluded environments and large-angle poses. This structure maintains a
parallel, hierarchical integration of feature streams. According to the extensive ablation studies and cross-
dataset experiments mentioned above, the architecture and algorithms improve accuracy stability and
generalization capabilities. The reduced NME, enhanced AUC, and outlier handling capabilities demonstrate this.

The issue of uneven sample distribution and feature alignment during ULP-Net training can be addressed by
using a new loss function that assigns different weights to each element. It can avoid small-scale outlier errors
and many real-world distortions, such as noise, blurriness, and resolution changes, while maintaining spatial
consistency. According to qualitative visualization, this method can achieve semantically accurate landmark
localization in application-driven, unconstrained scenarios, and reach or exceed human-level reliability in
challenging environments.

The aforementioned research has made some progress, but still encountered severe occlusions, rare composite
interferences, and ambiguous annotations. The next phase of research will focus on special attention
mechanisms, enhancing the synthesis of samples for uncommon configurations, and improving cross-view or
temporal consistency. In downstream analysis platforms, such as security, human-computer interaction, and
mobile health, the proposed system's scalability and stability. It also provides a reference for the subsequent
development of facial recognition technology.
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