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ABSTRACT This paper introduces an attentive dropout-based occlusion-adaptive deep network (ADODN)
for robust facial landmark detection under challenging conditions, including occlusions, extreme poses,
and illumination variations. While convolutional neural networks have achieved high accuracy in Facial
Landmark Detection (FLD), their performance often degrades under partial occlusions due to over-
reliance on a few highly discriminative facial regions. ADODN addresses this limitation through three
complementary modules: 1) a geometry-aware module that captures spatial relationships and structural
priors among facial components; 2) an attentive dropout module that stochastically alternates drop masks
and importance maps to encourage balanced feature learning from both dominant and subtle facial cues;
and 3) a low-rank learning module that regularizes the regression representation by exploiting inter-
feature correlations to recover occlusion-missing information. Unlike deterministic reweighting schemes,
the attentive dropout mechanism improves robustness by randomly suppressing prominent responses
during training, which mitigates feature over-dependence and promotes holistic structural inference. The
resulting framework remains end-to-end and does not require auxiliary classifiers or multi-stage training.
Extensive evaluations on challenging benchmarks (300W, COFW) show that ADODN achieves competitive
and consistent performance, especially under occlusion-heavy settings. For example, ADODN attains
2.80 NRMSE on the 300W Common set and 5.81 on the Challenging set, improving upon recent baselines
includingODN,AODN, andRHT-R.We also report parameter efficiency relative to prior ODN-style designs,
supporting efficient training and inference.

INDEX TERMS Attention, facial landmark detection, occlusion, attentive dropout, low-rank regularization.

The associate editor coordinating the review of this manuscript and

approving it for publication was Katherine VanDenburgh .

I. INTRODUCTION
Facial Landmark Detection (FLD) aims to precisely localize
key points on facial components such as eyes, nose, mouth,
and chin, and it serves as a fundamental step in facial analysis
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applications including face recognition, expression analysis,
and 3D face modeling [1]. Despite substantial progress,
accurate landmark localization remains challenging under
real-world conditions involving occlusions, extreme poses,
and illumination variations [2].
Traditional FLD approaches can be broadly catego-

rized into template-based and regression-based methods.
Template-based approaches [3], [4], [5], [6] employ statistical
models such as Active Shape Models (ASM) and Active
Appearance Models (AAM) to represent facial structure,
but they often fail under severe occlusions due to strong
global-shape assumptions. Regression-based methods [7],
[8], [9] learn mappings from image features to landmark
coordinates, yet remain sensitive to spatial distortions and
partially missing facial evidence.

The advent of deep learning, particularly Convolutional
Neural Networks (CNNs), has substantially improved FLD
performance [10]. However, manyCNN-based FLDpipelines
still exhibit a critical limitation: they tend to over-emphasize
a few highly discriminative facial regions, and perfor-
mance degrades when these regions are partially occluded.
Attention-based mechanisms [11], [12], [13], [14] alleviate
this issue by focusing on informative regions, but they
are often deterministic reweighting schemes and may not
sufficiently encourage learning from subtle but structurally
important cues. Moreover, erasing-style designs may intro-
duce additional training complexity (e.g., auxiliary branches
or staged optimization), which can affect reproducibility.

To address these limitations, we propose Attentive
Dropout-based Occlusion-adaptive Deep Network
(ADODN). ADODN builds upon the ODN backbone [10]
but introduces a different occlusion-learning mechanism: a
stochastic attentive dropout strategy that alternates between
drop masks and attention-derived importance maps. This
stochastic suppressionmitigates feature over-dependence and
encourages holistic structural inference under unpredictable
occlusion patterns. As illustrated in Fig. 1, real-world
occlusions exhibit diverse and irregular patterns that require
adaptive handling.

ADODN integrates three modules in a single end-to-
end pipeline. First, a geometry-aware module encodes
structural priors and spatial relations among facial compo-
nents. Second, an attentive dropout module stochastically
balances learning from dominant and non-dominant cues
via drop masks and importance maps. Third, a low-rank
learning module regularizes the regression representation
by exploiting inter-feature correlations to recover occlusion-
missing information. We further report ablations and a
brief sensitivity/stability analysis in Sec. V to support
reproducibility.

Extensive evaluations on challenging benchmarks show
that ADODN achieves competitive and consistent perfor-
mance, especially on occlusion-heavy settings. For example,
ADODN attains NRMSE scores of 2.80 on the 300W
Common set and 5.81 on the Challenging set, improving

upon recent baselines including ODN, AODN, and RHT-R.
We additionally report parameter efficiency relative to prior
ODN-style designs to support efficient training and inference.

The remainder of this paper is organized as follows:
Section II provides grouped background and related work.
Section III details the proposed ADODN architecture.
Section IV presents the mathematical optimization frame-
work. Section V provides experimental validation with
ablation and discussion, and Section VI concludes with key
findings and future directions.

TABLE 1. Main notation used in ADODN.

II. RELATED BACKGROUND AND CONTEXT
This section reviews closely related work and positions
ADODN with respect to existing occlusion-robust facial
landmark detection methods. For clarity and reproducibility,
we also summarize the main symbols and operators used
throughout the paper in Sec. II-A.

A. NOTATION AND OPERATORS
Table 1 summarizes the key symbols used throughout the
paper. We denote vectors and matrices in bold lowercase and
uppercase letters, respectively. Feature tensors are denoted by
calligraphic letters. The Hadamard product is denoted by ⊙.

B. RELATED WORK AND POSITIONING
Facial landmark detection serves as a cornerstone technology
in computer vision, enabling applications including facial
recognition, expression analysis, affective computing, and
human–computer interaction systems. The primary objective
of FLD is to localize predefined anatomical keypoints
(typically 68 or 29 landmarks) that define facial components
such as eyes, nose, mouth, and contours [2].

Despite substantial advances in deep learning-based
approaches, occlusion remains one of the most challenging
factors in real-world FLD deployment. Occlusions manifest
as external occlusions caused by accessories (glasses, masks)
and objects (hands, hair), and as internal occlusions resulting
from extreme poses, expressions, or self-occlusion. Because
occlusions are irregular and unpredictable, robust FLD
requires learning strategies that do not collapse when a small
set of dominant cues becomes unavailable. As illustrated
in Fig. 1, these effects can significantly degrade landmark
localization accuracy.
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FIGURE 1. Representative occlusion examples from the COFW dataset [15], demonstrating diverse occlusion patterns including hair, hands, accessories,
and external objects. These cases highlight the need for robust occlusion-adaptive learning in facial landmark detection.

1) EXPLICIT OCCLUSION/VISIBILITY MODELING
Early methods addressed occlusion by explicitly estimating
visibility or occlusion patterns and using them to guide
regression. Wu et al. [2], [16] developed a supervised regres-
sion framework that updates landmark visibility probabilities,
while Xing et al. [17] introduced occlusion dictionaries
to represent common occlusion patterns. Liu et al. [18]
combined regression with statistical shape constraints to infer
missing landmarks via geometric consistency. These works
highlight the importance of coupling occlusion reasoning
with structural priors.

2) CNN-BASED FLD AND OCCLUSION-AWARE MODULES
CNNs enabled end-to-end learning of appearance–shape
relationships, but standard CNN features remain vulnera-
ble to occlusion-induced corruption. Zhu et al. proposed
the Occlusion-adaptive Deep Network (ODN) [10], which
introduced an occlusion estimation pathway and a low-
rank learning module for feature recovery. Building on
ODN, AODN [12] incorporated attention mechanisms to
emphasize informative regions, improving robustness under
partial occlusion. However, both ODN and AODN mainly
rely on deterministic reweighting, which can still over-
concentrate learning on highly discriminative regions and
leave the regressor under-trained on subtle but structurally
important cues.

3) ERASING/DROPOUT-STYLE ROBUSTNESS AND
PRACTICALITY
Feature erasing and attention-guided dropping [19], [20]
encourage exploration of alternative evidence, but some
designs rely on auxiliary classifiers or staged optimiza-
tion, which can increase training complexity and affect
reproducibility. This motivates designing occlusion-robust
learning strategies that remain end-to-end and lightweight.

4) ROBUSTNESS UNDER REALISTIC CORRUPTION
PIPELINES (CONTEXT)
Some robustness studies focus on real-world distortion
pipelines (e.g., compression, re-recording/screen-shooting)
that can indirectly affect downstream face analysis. For

example, motion cues have been exploited to detect com-
pressed deepfake videos [21], and screen-shooting resistant
watermarking has been studied under severe distribution-
time distortions [22], [23], [24]. While these works do not
perform landmark localization, they reinforce the importance
of robustness-aware modeling under practical corruption
processes. In parallel, structured regularization has been
explored via graph-based objectives such as aligning feature-
and prediction-induced graphs [25]; in contrast, ADODN
targets occlusion-robust landmark regression by combin-
ing intra-face geometry-aware context, stochastic attentive
dropout, and low-rank regularization in a single end-to-end
FLD pipeline.

5) MOTIVATION AND POSITIONING OF ADODN
The key insight motivating ADODN is that effective
occlusion handling requires balanced feature learning across
both dominant and subtle facial regions while maintaining
computational efficiency. Rather than treating occlusion
only as a binary visibility problem, ADODN treats it as
a feature-learning optimization issue: the regressor should
remain effective when dominant regions are suppressed or
missing. Accordingly, ADODN integrates a geometry-aware
module for structural context, a stochastic attentive dropout
module that alternates between dropping and highlighting
responses, and a low-rank learning module for correlation-
driven recovery.

As illustrated in Fig. 2, ADODN maintains end-to-
end training and avoids auxiliary classifiers or multi-
stage optimization. Compared with ODN/AODN, the main
difference is the stochastic attentive dropout mechanism,
which reduces persistent reliance on the same salient regions
and encourages more complete structural utilization under
occlusion. We validate this design using ablations, sensitivity
analysis, and distribution-level evaluation (CED curves) in
the experimental section.

III. DROPOUT-BASED OCCLUSION-AWARE DEEP
NETWORK (ADODN)
This section presents the architectural details of the proposed
Attentive Dropout-based Occlusion-adaptive Deep Network

VOLUME 14, 2026 53011



M. Sadiq et al.: ADODN: Attentive Dropout-Based Occlusion-Aware Deep Network

FIGURE 2. Architecture of the proposed Attentive Dropout-based Occlusion-adaptive Deep Network (ADODN), illustrating
the integration of geometry-aware, attentive dropout, and low-rank learning modules.

(ADODN). As illustrated in Fig. 2, ADODN builds upon a
ResNet-18 backbone and integrates three modules that work
synergistically to improve robustness under occlusion.

A. OVERALL ARCHITECTURE
ADODN processes an input image Ii through a modified
ResNet-18 backbone, where the final residual unit is
replaced by the proposed occlusion-adaptive framework.
The backbone produces feature maps Z ∈ RH×W×C ,
which are fed into two parallel branches: a geometry-aware
branch and an attentive dropout branch. The geometry-aware
branch encodes structural relations among facial components,
while the attentive dropout branch stochastically modulates
feature responses to prevent persistent over-reliance on a
few dominant regions. The outputs from both branches are
concatenated and passed to the low-rank learning module,
which regularizes the regression representation by exploiting
inter-feature correlations for occlusion-missing information
recovery. Finally, a fully connected regression layer outputs
landmark coordinates.

B. GEOMETRY-AWARE MODULE
Inspired by dorsal-stream-like spatial processing, the
Geometry-Aware Module captures long-range dependencies
and structural relationships among facial components.
Conventional convolutions operate with local receptive
fields, which can be insufficient for modeling global
geometric constraints when facial evidence is partially
missing. To address this, we explicitly model pairwise spatial
interactions to encode symmetry, proximity, and structural
priors.

The module contains two pathways (Pathway-A and
Pathway-B). Each pathway is preceded and followed by a
1×1 convolution to increase nonlinearity without expanding
receptive fields. Pathway-A uses a 3 × 3 convolution
and Pathway-B uses a 5 × 5 convolution for multi-scale
feature extraction. Geometric relations are encoded through
a channel-wise outer product:

G = Conv1×1(FA ⊗ FB), (1)

whereFA andFB are features from Pathway-A and Pathway-
B, respectively, ⊗ denotes the channel-wise outer product,
and G is the resulting geometric feature representation.

Computational complexity. Let S = HW be the number
of spatial positions. The outer-product interaction has time
complexity O(CgS2) and memory complexity O(S2), where
Cg is the effective channel width used in the geometry-aware
block. In our implementation, this module is placed at the late
stage of the backbone (smallH ,W ) and uses reduced channel
width, making the overhead tractable while providing global
structural context.

C. ATTENTIVE DROPOUT MODULE
The Attentive Dropout Module addresses a key limitation of
deterministic attention: when attention repeatedly amplifies
a small set of salient regions, the regressor may under-utilize
subtle but structurally important cues, and performance
degrades when the salient regions are occluded. We therefore
introduce a stochastic exploration–exploitation mechanism
that alternates between dropping highly activated regions and
preserving discriminative cues.
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The module contains two complementary sub-networks.
Pathway-C is a lightweight bottleneck structure (1 × 1–3 ×

3–1 × 1) with reduced channels to estimate occlusion-
sensitive responses, while Pathway-D is a residual branch
that stabilizes feature propagation. This design remains
end-to-end and avoids auxiliary classifiers or multi-stage
optimization.

1) ATTENTION MAP
Given input features Z , we compute a single-channel
attention map A ∈ RH×W using channel-wise average
pooling:

A =
1
C

C∑
c=1

|Z:,:,c|. (2)

This map estimates spatial response intensity and is used to
construct both dropping and highlighting masks.

2) DUAL STOCHASTIC STRATEGY
We construct two masks from A and apply one of them at
each training iteration. The drop mask is

Md = I(A > τd ),

which suppresses highly activated regions to encourage
learning from alternative evidence. The importance map is

Mi = σ (A),

which preserves discriminative responses through a smooth
sigmoid mapping. Unlike deterministic reweighting, this
stochastic switching reduces persistent dependence on the
same salient region and improves robustness under unpre-
dictable occlusions.

At each iteration, we sample one mechanism with proba-
bility p:

Fout =

{
Fin ⊙Md , with probability p,
Fin ⊙Mi, with probability 1 − p,

(3)

where ⊙ denotes element-wise multiplication. Unless other-
wise stated, we use p = 0.5 as a balanced default, and we
report a sensitivity study for p and τd in Sec. V. To mitigate
early-stage instability, we enable the drop-mask branch after
a short warm-up period. (See Sec. V.)

3) REGULARIZATION
We apply L1 regularization to the single-channel mapsP ′ and
P ′′:

Lreg = η′
∥P ′

∥1 + η′′
∥P ′′

∥1, (4)

with η′
= η′′

= 1 × 10−6 in our experiments.

D. LOW-RANK LEARNING MODULE
The Low-Rank Learning Module addresses feature incom-
pleteness caused by occlusion and stochastic dropping.
We treat the low-rank constraint as a principled regularizer

that encourages correlated facial attributes to share compact
structure, which helps recover missing evidence for land-
mark regression. Given the concatenated feature vector X ,
we optimize:

min
M,Wfc

1
N

N∑
i=1

∥S̆i −W T
fcM

TXi∥2F + β∥M∥∗ + γ ∥M∥
2
F ,

(5)

where S̆i denotes ground-truth landmarks, Wfc denotes
regression-head parameters, ∥ · ∥∗ is the nuclear norm
enforcing low rank, and β, γ are regularization coefficients.
The optimization and the nuclear-norm subgradient used in
backpropagation are given in Sec. IV.

E. MODULE INTEGRATION AND BIOLOGICAL
INSPIRATION
ADODN is inspired by the dual-stream theory of human
visual processing [26]. The geometry-aware module corre-
sponds to dorsal-stream-like spatial reasoning, the attentive
dropout module corresponds to ventral-stream-like appear-
ance processing, and the low-rank learning module integrates
these cues for robust regression. This analogy is used only
to motivate the design intuition; the technical contribution
is the explicit integration of geometry-aware context with
stochastic attentive dropout and low-rank regularization in a
single end-to-end FLD pipeline.

All modules are trained end-to-end using backpropagation,
and the total loss comprises landmark regression and
regularization terms. The optimization details are elaborated
in Section IV.

IV. OPTIMIZATION OF PROPOSED METHODOLOGY
This section details the mathematical formulation and
optimization strategy for training the proposed ADODN
framework. We refine the formulation to improve rigor,
particularly for the nuclear-norm term, and we present the
corresponding subgradient computations used in end-to-end
backpropagation.

A. OBJECTIVE FUNCTION FORMULATION
Overall objective. Given training samples {(Ii, S̆i)}Ni=1,
we minimize an empirical regression risk together with
structured regularization that encourages sparsity and low-
rank correlation. The complete objective is:

min
Wc,Wfc,M

1
N

N∑
i=1

( ∥∥∥S̆i − Si
∥∥∥2
F

+ η′
∥∥P ′

i

∥∥
1 + η′′

∥∥P ′′
i

∥∥
1

)
+ β ∥M∥∗ + γ ∥M∥

2
F

+ α ∥Wc∥
2
F + λ

∥∥Wfc
∥∥2
F , (6)

where Si = FADODN(Ii;Wc,Wfc,M) denotes the land-
mark predictions generated by the network, and S̆i =

{s1, s2, . . . , sL} denotes the ground-truth landmarks with
L points per face. Compared with the earlier draft, the
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sparsity terms are explicitly included inside the sample-wise
summation to maintain a consistent empirical-risk form.

B. LOSS TERM INTERPRETATION
The first term in Equation 6 is the landmark regression loss,
which penalizes the Frobenius distance between predicted
and ground-truth landmark coordinates. The attentive dropout
module produces single-channel maps P ′

i and P
′′
i , and the

L1 penalties encourage sparsity to prevent diffuse activation.
The structural matrix M is regularized by the nuclear
norm ∥M∥∗ (promoting low rank) together with ∥M∥

2
F

(stabilizing optimization). Finally, ∥Wc∥
2
F and ∥Wfc∥

2
F apply

standard weight decay to convolutional and regression-head
parameters.

C. GRADIENT COMPUTATION AND OPTIMIZATION
Because the nuclear norm and L1 norm are non-smooth,
ADODN is optimized using subgradient-based backpropaga-
tion.

1) NUCLEAR NORM SUBGRADIENT
Let the singular value decomposition beM = U6V T , and
let r = rank(M) withUr andVr denoting the singular vectors
corresponding to the non-zero singular values. A commonly
used subgradient is:

G∗ ∈ ∂∥M∥∗ with a common choice G∗ = UrV T
r . (7)

More generally, the subdifferential set satisfies:

∂∥M∥∗ =

{
UrV T

r +W : UT
r W = 0, WVr = 0,

∥W∥2 ≤ 1} . (8)

In implementation, we use the SVD-based form in Equation 7
(handled by automatic differentiation) to backpropagate
through the nuclear-norm regularizer.

2) L1 NORM SUBGRADIENT
For the sparsity-inducing L1 term, the element-wise subgra-
dient is:

∂ ∥P∥1

∂Pk
=


+1 Pk > 0,
−1 Pk < 0,
[−1, +1] Pk = 0,

(9)

where Pk is the k-th element of P ∈ {P ′,P ′′
}.

D. END-TO-END TRAINING PROCEDURE
All modules form a directed acyclic computation graph,
allowing gradients from Equation 6 to flow through the
geometry-aware, attentive dropout, and low-rank learning
components. We update {Wc,Wfc,M} jointly using Adam.
Unless otherwise stated, we train with batch size 32 and
an initial learning rate 1 × 10−3, decayed by a factor of
10 when validation error plateaus, with early stopping based
on validation performance. This optimization setup preserves

end-to-end differentiability while ensuring the low-rank and
sparsity regularizers are treated with theoretically correct
subgradient computations.

V. EXPERIMENTAL DETAILS
This section presents an evaluation of the proposed ADODN
framework across benchmark datasets and experimental set-
tings. We report results under standard conditions and under
occlusions/large pose variations, and we include ablation,
sensitivity, and stability analyses to support reproducibility.

A. DATASETS AND EVALUATION PROTOCOL
We conduct experiments on two widely adopted facial
landmark detection benchmarks.

1) 300W DATASET
The 300W dataset [27] comprises 3,837 facial images
annotated with 68 landmarks, compiled from AFW, HELEN,
and LFPW. We follow the standard protocol using 3,148
images for training and 689 for testing. The test set is
partitioned into the Common subset (554 images), the
Challenging subset (135 images from IBUG), and the Full
set (689 images). We use these splits to separately analyze
performance on moderate versus difficult conditions.

2) COFW DATASET
TheCaltechOccluded Faces in theWild (COFW) dataset [15]
focuses on occlusion, containing 1,345 training and 507 test-
ing images. We adopt the 68-landmark re-annotation strategy
from [28] for consistency with 300W evaluation.

3) CROSS-DATASET EVALUATION
To assess generalization, we employ a cross-dataset protocol
where models are trained on 300W and tested on COFW
without fine-tuning, following [10], [12]. This setting evalu-
ates robustness to unseen occlusion patterns and dataset bias.

B. IMPLEMENTATION DETAILS
1) TRAINING CONFIGURATION
All models are implemented in PyTorch and trained on
NVIDIARTX 3090GPUs.We use Adamwith initial learning
rate 1× 10−3, reduced by a factor of 10 when validation loss
plateaus. Training employs batch size 32 and early stopping
with patience of 50 epochs. To reduce training instability for
attentive dropout, we enable the drop-mask branch after a
short warm-up periodwhile keeping other settings unchanged
across baselines for fairness.

2) DATA AUGMENTATION
We apply standard augmentation including random rota-
tion (±30◦), scaling (0.8× to 1.2×), translation (±10%),
horizontal flipping (50% probability), and color jittering
(brightness, contrast, saturation). All images are resized to
224 × 224 pixels.
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3) HYPERPARAMETER SETTINGS
Critical hyperparameters are selected via grid search. We set
the reduction ratio r = 8 for attention modules, low-rank
regularization β = 1 × 10−6, weight decay factors α = γ =

λ = 1× 10−5, and sparsity coefficients η′
= η′′

= 1× 10−6.
For attentive dropout, we use p = 0.5 as the default switching
probability and evaluate sensitivity to p and τd in the ablation
subsection.

4) EVALUATION METRICS
We use two standard evaluation metrics. To avoid overstating
small margins, we interpret mean NRMSE together with
distribution-level evidence from CED curves.

(i) Normalized Root Mean Square Error (NRMSE):

NRMSE =
1
N

N∑
i=1

∥∥∥S̆i − Si
∥∥∥
2

L · �i
, (10)

where �i is inter-ocular distance for normalization.
(ii) Cumulative Error Distribution (CED): plots the

percentage of test images against normalized error.

TABLE 2. Comparison of NRMSE (×10−2) on 300W Challenging subset.

TABLE 3. Comparison of NRMSE (×10−2) on 300W Common and Full sets.

Statistical validation. In addition to average NRMSE,
we compute per-image NRMSE and apply paired bootstrap
confidence intervals and a paired permutation test against
the strongest baseline to assess whether small differences
are statistically reliable. These tests are paired because all
methods are evaluated on the same fixed test set.

C. COMPARATIVE ANALYSIS
1) PERFORMANCE ON 300W DATASET
Table 3 reports NRMSE on the 300W Common and Full sets.
ADODN achieves competitive performance and improves
upon recent strong baselines on these splits. We rely on both
the mean NRMSE and CED curves to characterize overall
behavior.

FIGURE 3. Cross-dataset evaluation on COFW (train on 300W, test on
COFW without fine-tuning). Lower NRMSE indicates stronger
generalization to unseen occlusion patterns.

FIGURE 4. CED curve on the 300W Challenging subset. A curve closer to
the upper-left indicates that a larger fraction of test images achieves
lower normalized error.

FIGURE 5. CED curve on the 300W Full set. The curve complements mean
NRMSE results reported in Table 3.

2) ROBUSTNESS UNDER SEVERE OCCLUSIONS
Table 2 reports results on the 300W Challenging subset. The
improvements are modest in absolute value but align with
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FIGURE 6. Qualitative results on 300W. Ground truth (blue) and predictions (yellow) are shown under occlusions, extreme poses, and
lighting variations.

our design goal: improved robustness when discriminative
regions are partially unavailable. Figure 4 shows the CED
curve; the curve-level improvement indicates that gains are
not limited to only a small subset of easy samples.

3) CROSS-DATASET GENERALIZATION
Figure 3 presents cross-dataset results on COFW. When
trained on 300W and tested on COFW without fine-
tuning, ADODN maintains strong generalization, suggesting
improved robustness to unseen occlusion patterns.

D. ABLATION STUDIES
We conduct ablation studies on the 300W Challenging
subset to quantify the contribution of each module. Table 4
reports results for different module combinations. Over-
all, geometry-aware modeling and low-rank regularization
improve robustness, and attentive dropout further strengthens
performance under occlusion by reducing over-dependence
on dominant regions.
Sensitivity and stability of attentive dropout. We vary the
switching probability p and the drop threshold τd around
the default setting to assess sensitivity. Across a reasonable
range of values, performance trends remain stable, and we
use p = 0.5 as a balanced choice. To mitigate instability,
we enable the drop-mask branch after a short warm-up and
keep the importance-map branch active throughout training.

1) REDUCTION RATIO ANALYSIS
We analyze the channel reduction ratio r in the attention
modules. The setting r = 8 provides the best balance between
efficiency and representation capacity, while larger r values
over-compress channels and reduce accuracy.

E. QUALITATIVE ANALYSIS
Figure 6 shows qualitative results on challenging samples.
ADODN preserves geometric consistency under large pose
variations and remains robust when salient regions are
partially occluded, which is consistent with the quantitative

TABLE 4. Ablation study on 300W Challenging subset (NRMSE ×10−2).

improvements on the Challenging split and the distribution-
level trends in the CED curves.

VI. CONCLUSION
This paper presented ADODN, an attentive dropout-based
occlusion-adaptive deep network for facial landmark detec-
tion under occlusions, extreme poses, and illumination
variations. The central idea is to improve robustness by
encouraging balanced feature learning from both dominant
and subtle facial cues while maintaining an end-to-end
trainable pipeline. ADODN combines geometry-aware mod-
eling for structural context, a stochastic attentive dropout
mechanism that alternates between dropping and highlighting
responses during training, and low-rank regularization to
exploit inter-feature correlations for feature recovery.

On challenging benchmarks, ADODN achieves NRMSE
scores of 2.80 on the 300W Common set, 5.81 on the
Challenging set, and 3.35 on the Full set, outperforming
recent baselines including ODN,AODN, RHT-R, and POPos.
We intentionally avoid overstating modest margins and
instead support the conclusions using both mean errors
and distribution-level evidence from CED curves, together
with paired statistical validation on per-image errors. The
ablation results further indicate that each module contributes
complementary benefits and that the full integration provides
the strongest robustness on occlusion-heavy settings.

Limitations and future work. The current implementa-
tion relies on a ResNet-18 backbone, and scaling to larger
backbones or transformer-based encoders may yield addi-
tional gains. Although attentive dropout improves robustness,
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it can introduce training instability if applied too aggres-
sively; we mitigate this with a warm-up strategy and provide
sensitivity analysis for key hyperparameters. Future work
will explore (i) extending ADODN to video-based FLD with
temporal consistency, (ii) multi-task learning with related
facial analysis tasks, (iii) further efficiency optimization via
compression and acceleration for mobile/embedded deploy-
ment, and (iv) domain adaptation to improve robustness
under larger distribution shifts (e.g., artistic renderings, low-
resolution inputs, and extreme lighting).
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