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Abstract

Facial landmark detection (FLD) across multiple datasets remains challenging due to heterogeneous
annotation protocols, data distributions, and inconsistent supervision, which often lead to repre-
sentation bias and gradient conflicts in unified models. In this paper, we propose Frequency-Aware
Gradient Correction for Unified Facial Landmark Detection (FGC-UFLD), a unified framework that
jointly addresses representation learning and optimization conflicts from both frequency and gradient
perspectives. Specifically, we introduce two frequency-aware representation modules: a Diagonal-
Compensated Wavelet Module (DiC-Wave) and a Progressive Frequency-Aligned Module (PFAM),
which together exploit high-frequency information to progressively refine backbone representations
for robust facial structural modeling. In addition, we propose an Anchor-Guided Gradient Correc-
tion (AGGC) strategy that explicitly models inter-dataset gradient interactions, mitigating gradient
conflicts and enabling stable and consistent optimization under mixed-batch multi-dataset training.
Extensive experiments on four widely used benchmarks demonstrate that FGC-UFLD achieves per-
formance comparable to state-of-the-art methods, while relying on a single unified model. The code
is publicly available at: https://github.com/17762682759/FGC-UFLD.

Keywords: Unified Facial Landmark Detection , Heatmap Regression, Frequency Learning , Multi-Dataset
Training, Gradient Correction , Transformer.

1 Introduction

Facial Landmark Detection (FLD), also known
as Face Alignment, aims to accurately localize pre-
defined semantic keypoints (e.g., eye corners, nose
tip, and mouth corners) within a facial image. As
a core task in computer vision, FLD plays a cen-
tral role in downstream applications such as facial
expression classification [1], 3D face reconstruc-
tion [2], and human-computer interaction [3].

Existing deep learning-based FLD methods
are typically categorized into two classes: coordi-
nate regression methods [4] and heatmap regres-
sion methods [5]. The former directly predicts
landmark coordinates with efficient computation.
The latter generates probability heatmaps for
each landmark, enabling stronger spatial con-
sistency and better performance in challenging
environments. Recently, Transformers [6] have
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Fig. 1 (a) Independent Model (IM): separate E-300W, E-
WFLW, and E-COFW. (b) Independent Encoders (ME):
independent encoders per dataset. (c) Unified Model (UM):
shared E-UM and D-UM. (d) FGC-UFLD: frequency-
guided fusion and gradient correction within a unified
framework. (e) Comparison with SOTA FLD methods on
300W, COFW, WFLW, and AFLW.

been adopted for FLD, modeling global rela-
tionships and long-range dependencies to handle
complex facial geometry. However, their high com-
putational cost and reliance on large-scale data
remain challenging.Despite significant progress in
heatmap regression, coordinate regression, and
Transformer-based approaches, performance bot-
tlenecks remain under extreme poses, illumination
variations, and severe occlusions. Key challenges
include: 1) scarcity of high-quality annotated data
due to expensive and subjective manual annota-
tion and limited generalization; 2) difficulty in
structural modeling under complex conditions,
where large pose and illumination variations dis-
rupt local appearance and degrade global geo-
metric consistency. Although datasets annotate
different numbers of landmarks, they share seman-
tically consistent keypoints. Effectively leverag-
ing cross-dataset overlapping landmarks improves
accuracy, while dataset-specific landmarks provide
additional structural cues. Our goal is to learn
unified representations and consistent facial struc-
tures for robust and generalizable FLD.However,
most FLD methods are trained independently on
single datasets (IM), limiting their ability to learn
unified transferable representations across hetero-
geneous data sources (Fig. 1 (a)) [7]. Similar
challenges in other dense prediction tasks have
inspired unified frameworks, such as multi-encoder
shared-decoder architectures and unified models
(Fig. 1 (b)(c)) [8], which rely on implicit fea-
ture routing (e.g., MoE [9]) and fail to explicitly
coordinate gradients across datasets.

To address these challenges, we propose
FGC-UFLD, comprising DiC-Wave, PFAM, and
AGGC. The first two modules incorporate
frequency-domain cues to enhance representations
and reinforce structural constraints across scales,

while AGGC explicitly models gradient interac-
tions to mitigate conflicts and stabilize multi-
dataset optimization. By integrating frequency-
aware learning with gradient-level coordination,
FGC-UFLD achieves robust and accurate facial
heatmap regression under challenging conditions.
The main contributions are summarized as fol-
lows:

• We propose Anchor-Guided Gradient Correc-
tion (AGGC) to decouple conflicting gradi-
ents in heterogeneous datasets, achieving stable
multi-task optimization for unified facial land-
mark detection.

• We introduce DiC-Wave and PFAM, two
frequency-aware modules that leverage high-
frequency cues for backbone feature refinement
and progressive multi-scale fusion, enabling
robust facial structure modeling.

• Extensive experiments on four benchmark
datasets, including AFLW [10], WFLW [4],
COFW [11], and 300W [12], demonstrate that
FGC-UFLD achieves performance comparable
to state-of-the-art FLD methods while relying
on a single unified model.

2 Related Work

Early FLD methods, including Active Shape
Models and Active Appearance Models, relied on
statistical modeling and template matching with
limited robustness. With deep learning, FLD has
shifted to coordinate- and heatmap regression-
based approaches, evolving from single-task to
unified multi-task frameworks.

Coordinate Regression. Coordinate-based
regression methods directly predict facial land-
mark coordinates, offering high efficiency and end-
to-end localization. Early methods like PFLD [13]
use lightweight ConvNets with auxiliary pose esti-
mation. Recent approaches adopt Transformers
for long-range modeling: SLPT [14] uses sparse
attention on local patches, while DTLD [15]
employs a dual-branch Transformer for global
propagation. Others, including PicassoNet [16]
and LDDMM [17], focus on network optimiza-
tion and deformation modeling. Despite their effi-
ciency, coordinate-based methods often struggle
with spatial uncertainty and structural consis-
tency under challenging conditions.

Heatmap Regression. Heatmap-based
regression predicts a likelihood map per land-
mark, preserving spatial information and enabling
explicit modeling of facial structure and uncer-
tainty. Classical architectures like Stacked
Hourglass [18] and HRNet [19] employ multi-scale
feature fusion to capture global and local context.
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Fig. 2 FGC-UFLD uses a convolutional backbone to extract base features, enhanced by DiC-Wave for structural awareness
and fused by PFAM with multi-scale high-frequency details, then a heatmap regression head outputs unified landmark
coordinates for cross-dataset detection.

LAB [4] incorporates facial boundary heatmaps
as additional supervision for shape constraints,
while AWing [20] applies an adaptive loss to
balance foreground and background. Several
methods have been proposed to enhance robust-
ness under challenging conditions. LUVLi [21]
models uncertainty to suppress unreliable land-
marks, and ADNet [22] strengthens structural
modeling via anisotropic direction loss and point-
edge heatmaps. Building upon this paradigm,
we incorporate frequency-domain modeling and
explicit structural constraints to further enhance
representation learning and localization accuracy.

Unified and Multi-Task Frameworks.
Recent studies have extended heatmap regression
to unified and multi-task frameworks for handling
multiple datasets or related facial analysis tasks
in a single model. ATF [23] proposes a weakly
supervised paradigm that exploits inter-dataset
commonalities for unified learning across differ-
ent annotation protocols, while FaceXFormer [24]
introduces a unified Transformer architecture sup-
porting ten facial analysis tasks within a single
encoder-decoder framework. From an optimiza-
tion perspective, multi-task learning often suf-
fers from task imbalance and gradient conflicts.
Existing methods such as uncertainty weight-
ing [25], GradNorm [26], and DWA [27] belong
to the category of dynamic loss weighting strate-
gies. Although they can balance task losses, they
fail to explicitly resolve gradient direction con-
flicts, leading to unstable optimization in large-
scale joint training. To address this, we propose
Anchor-Guided Gradient Correction (AGGC),
which explicitly models gradient interactions and

dynamically decouples conflicts in the optimiza-
tion space. Through fine-grained, conflict-aware
updates, AGGC improves training stability and
achieves higher landmark localization accuracy
across heterogeneous datasets.

3 Method

The proposed FGC-UFLD (Fig. 2) adopts X-
Restormer [28] as the backbone, where each Trans-
former block consists of a channel self-attention
branch (TSAB) [28] and a shifted-window self-
attention branch (SSAB) [28] to model channel-
wise semantics and localized spatial structures.

Given an input facial image I ∈ R
H×W×3, a

convolutional backbone extracts multi-scale fea-
tures. In the downsampling encoding stage, fea-
tures are processed by Transformer blocks and
then fed to the Diagonal Compensated Wavelet
Module (DiC-Wave) for encoding spatial and
frequency-domain information. In the upscaling
decoding stage, features are refined by Trans-
former blocks and passed through the Progres-
sive Frequency-Aligned Module (PFAM) for pro-
gressive frequency-gated enhancement and align-
ment. Finally, Anchor-Guided Gradient Correc-
tion (AGGC) is incorporated to alleviate gradi-
ent conflicts from multi-source datasets, enabling
end-to-end joint training for improved FLD. The
detailed designs of DiC-Wave, PFAM, and AGGC
are presented in the following subsections.

Diagonal-Compensated Wavelet Module
(DiC-Wave). High-frequency components in
multi-scale facial representations encode criti-
cal fine-grained cues, such as sharp edges and
local texture variations that are essential for
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Fig. 3 (a) Original image. (b) Vertical sub-band FLH . (c)
Horizontal sub-band FHL. (d) Diagonal sub-band FHH .
(e) Refined diagonal response F

ref
HH

. DiC-Wave uses cross-
directional wavelet attention to enhance sparse textures
and improve high-frequency representations for FLD.

accurate FLD. Subtle structural changes around
key regions (e.g., eye corners, mouth contours,
and nasal boundaries) are predominantly char-
acterized by high-frequency responses. However,
directly incorporating raw high-frequency infor-
mation remains challenging, as such responses are
typically sparse and highly localized, making them
prone to structural inconsistency or optimiza-
tion instability when naively injected into deep
features. To address this, we propose a Diagonal-
Compensated Wavelet Module (DiC-Wave) that
constructs a stable and discriminative high-
frequency representation via cross-directional
wavelet attention to complement global struc-
tural semantics. Let Fin be the input feature to
DiC-Wave from the corresponding encoder Trans-
former block. The discrete wavelet transform
(DWT) is then applied to explicitly disentangle
directional high-frequency components:

[FLH , FHL, FHH ] = DWT(Fin) (1)

where FLH and FHL capture vertical and hor-
izontal edge responses, respectively, while FHH

encodes diagonal textures that are informative
for landmark corners and junctions. Despite its
importance, the diagonal sub-band FHH is inher-
ently sparse and unevenly distributed, making it
difficult to exploit directly and prone to opti-
mization instability or loss of structural detail.
In contrast, the horizontal and vertical sub-
bands provide denser and more reliable directional
cues, serving as natural structural supports for
refining diagonal high-frequency representations.
Motivated by this, DiC-Wave introduces a cross-
attention mechanism that explicitly enhances and
regularizes the diagonal sub-band by leveraging
complementary information from horizontal and
vertical directions. Specifically, DiC-Wave treats
the diagonal component FHH as the query, with
the vertical FLH and horizontal FHL sub-bands
as complementary keys and values, enabling the
model to infer missing or weak diagonal responses
from more stable directional structures. Formally,

the cross-attention operation is defined as:

Q = WqFHH , (2)

K = Wk[FLH , FHL], (3)

V = Wv[FLH , FHL] (4)

F ref
HH = Softmax

(

QK⊤

√
dh

)

V, (5)

where Wq, Wk, and Wv are learnable projec-
tion matrices, dh denotes the channel dimen-
sion, and F ref

HH represents the refined diagonal
high-frequency textures. This enables diagonal
high-frequency responses to be adaptively recon-
structed and enriched using structurally consis-
tent cues from orthogonal directions, alleviating
sparsity-induced instability.

F ref
HH is then fused with FLH and FHL, refined

through dilated residual blocks and channel-wise
fusion, to produce F ref

HF (as shown in Fig. 3(e)),
which preserves directional consistency across sub-
bands while enriching local details and long-range
structural context. F ref

HF further guides multi-scale
feature aggregation. Following the same cross-
attention formulation, we treat the downsampled
input feature Fin↓ as the query and F ref

HF as
the key–value pair, yielding the frequency-guided
refined feature F ref

in .
In this way, DiC-Wave produces a compact

and expressive high-frequency representation via
cross-directional wavelet attention, which directs
multi-scale Transformer blocks to extract more
informative features and effectively enhances FLD
performance.

Progressive Frequency-Aligned Module
(PFAM). Although DiC-Wave produces multi-
scale and multi-frequency representations, a
vanilla decoder with näıve upsampling often
blurs high-frequency cues, introduces spatial mis-
alignment, and disperses heatmap energy under
complex facial deformations and illumination
variations. To address this, we propose Progres-
sive Frequency-Aligned Module (PFAM), which
performs frequency-aware decoding by explicitly
aligning cross-scale features and progressively
enhancing high-frequency details.

At the l-th decoding stage, the encoder’s high-
resolution feature and the decoder’s low-resolution
feature are projected to a unified channel dimen-
sion via 1 × 1 convolution, yielding F and F .
The content-aware reassembly operator (Carafe
[29]) is denoted as C(X,W,K), which aggre-
gates unfolded patches of X with location-specific
weights W and a kernel size K. ↑ denotes upsam-
pling to the high-resolution.

High-pass enhancement. To recover fine details
suppressed by downsampling, we generate an
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adaptive high-pass kernel Whp from F using an
Adaptive High-Pass Filter (AHPF). The high-pass
response is extracted via content-aware filtering
and reinjected in a residual form:

Fhp = C(F,Whp,Khp),

Fbo = F+
(

F− Fhp

)

.
(6)

This formulation explicitly boosts high-
frequency components while preserving the origi-
nal semantic content, and Fbo denotes the boosted
high-frequency high-resolution features.

Low-pass fusion. In parallel, we extract low-
frequency responses from both branches using an
Adaptive Low-Pass Filter (ALPF) , producing a
low-pass kernel Wlp. We then upsample the low-
resolution low-frequency feature with Wlp and
fuse it with the high-resolution low-frequency cue:

F ′

lp = Flp + C(Flp,Wlp,Klp)↑, (7)

where Flp and Flp are low-pass responses
extracted from Fbo and F , respectively. The fused
low-frequency representation F ′

lp provides a sta-
ble structural reference for subsequent refinement.
Then, using the fused low-pass guidance, we inte-
grate high-frequency cues from both branches to
obtain an initial fused feature:

F′′ = Fhp + C(Fhp,W
′

lp,K
′

lp)↑, (8)

where Fhp and Fhp denote high-pass responses
extracted from F and F , and W′

lp is the low-pass
kernel refined from F′

lp.
Content-adaptive alignment. Directly fusing

high-resolution and upsampled low-resolution fea-
tures may suffer from spatial misalignment. We
therefore predict pixel-wise offsets and resample
the low-resolution feature before fusion:

O =
(

A+PU(A)
)

⊙ σ
(

B +PU(B)
)

+Pinit, (9)

Falgn =
(

C(F ,W′

lp,K
′

lp), O
)

↑ (10)

Fout = F′′

bo + Falgn, (11)

where (A,B) and (A,B) are estimated from
low- and high-resolution features, respectively.
PU(·) denotes pixel unshuffle, and σ(·) is the sig-
moid function. Falgn is the aligned low-frequency
enhanced feature, and F′′

bo is the high-frequency
enhanced feature, whose adaptive high-pass kernel
W is generated from F′′. The final output Fout is
obtained by fusing F′′

bo with Falgn. Through pro-
gressive frequency-gated enhancement and align-
ment, PFAM produces sharper heatmap peaks
and more concentrated energy distributions.

Anchor-Guided Gradient Correction
(AGGC). In multi-dataset facial landmark
detection with a unified heatmap head, joint opti-
mization across heterogeneous datasets is essential
for learning robust and transferable structural rep-
resentations. However, common strategies such as
alternating updates and sequential training suffer
from inherent limitations—they prevent gradients
from different datasets from being simultane-
ously computed and coordinated, and frequent
task switching leads to discontinuous optimiza-
tion trajectories, causing unbalanced learning
and performance degradation. To address these
issues, we adopt a mixed-batch training strategy.
In each iteration, samples from all datasets are
concatenated into a single batch and forwarded
simultaneously, then partitioned by dataset iden-
tity,with individual heatmap losses computed per
subset. This ensures gradients from all datasets
are jointly available within the same backprop-
agation step, laying the foundation for effective
multi-task gradient analysis and correction.

Problem Formulation. Despite the stability
brought by mixed-batch training, heterogeneity
in annotation protocols, keypoint definitions, and
data distributions inevitably introduces gradient
conflicts during joint optimization, which may
lead to oscillatory updates and negative transfer
between datasets when using a unified prediction
head.

For heatmap-based landmark detection, we
define the regression loss for each dataset Di as:

Li =
1

N

N
∑

n=1

∥Hi(n)−H∗

i (n)∥22 , (12)

where Hi and H∗

i denote the predicted and
ground-truth heatmaps, respectively, N is the
number of landmarks in this dataset. The overall
objective is a weighted combination of all datasets:

Ltotal =

M
∑

i=1

λiLi, (13)

where M denotes the number of datasets, and
λi is a non-negative scalar that controls the rela-
tive contribution of the i-th dataset to the overall
optimization objective.

Let θ denote the network parameters. For a
mixed batch involving M datasets, the gradient
corresponding to the m-th dataset is:

gm = ∇θLm. (14)
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Anchor-Guided Gradient Correction. To
explicitly resolve gradient conflicts under mixed-
batch training, we propose Anchor-Guided
Gradient Correction (AGGC), which performs
pairwise conflict checks (g⊤i gj < 0) to stabi-
lize coordination in heterogeneous settings. At
each backpropagation step, one task is randomly
selected as the anchor with gradient ḡ, serving as
a temporary reference direction that introduces
stochasticity and avoids fixed-task bias. For each
remaining gradient gi, a conflict is detected if
g⊤i ḡ < 0. If conflicted, the component inconsis-
tent with the anchor direction is removed via
orthogonal projection:

gi ← gi −
g⊤i ḡ

∥ḡ∥2 ḡ. (15)

This correction preserves task-specific gradi-
ent information orthogonal to the anchor while
removing destructive interference along the anchor
direction. Using WFLW as the fixed anchor pro-
vides a stable reference, preventing bias toward
other datasets and encouraging consistent align-
ment across tasks.

After correction, the final update direction ĝ is
obtained by averaging all task gradients, and the
model parameters are updated as:

θ ← θ − ηĝ. (16)

Combining mixed-batch training with anchor-
guided gradient correction thus suppresses gra-
dient conflicts and ensures stable convergence in
multi-dataset joint learning.

4 Experiments

Experiments are conducted on four benchmark
datasets—300W [12], COFW [11], WFLW [4], and
AFLW [10]—with comparisons to state-of-the-art
FLD methods. Ablation studies assess individual
network components.

300W (68 landmarks) [12]: Contains 3,148
training and 689 testing images. The training set
comprises AFW, LFPW, and HELEN subsets,
while the test set includes LFPW, HELEN, and
IBUG. Following the standard protocol, the test
set is divided into a common subset (554 images)
and a challenging subset (135 images).

WFLW (98 landmarks) [4]: Contains 10,000
face images annotated with 98 landmarks, split
into 7,500 for training and 2,500 for testing. Pro-
vides multiple attribute labels—occlusion, pose,
expression, illumination, blur, and makeup—for
comprehensive evaluation under diverse condi-
tions.

Table 1 Comparison against SOTA approaches on the
300W dataset, where the normalized mean error (NME) is
measured relative to the inter-ocular distance.

Method Common Challen. Full
LAB (CVPR18) [4] 2.98 5.19 3.49
AWing (ICCV19) [20] 2.72 4.52 3.07
ODN (CVPR19) [30] 3.56 6.67 4.17
DeCaFA (ICCV19) [31] 2.93 5.26 3.39
LUVLi (CVPR20) [21] 2.76 5.16 3.23
SAAT (ICCV21) [32] 2.82 5.03 3.25
ADNet (ICCV21) [22] 2.53 4.58 2.93
PIPNet (IJCV21) [33] 2.78 4.89 3.19
SLPT (CVPR22) [14] 2.75 4.90 3.17
GlomFace (CVPR22) [34] 2.79 4.87 3.20
DTLD (CVPR22) [35] 2.59 4.50 2.96
ATF (TMM22) [23] 2.75 4.89 3.17
PicassoNet (TNNLS23) [16] 3.03 5.81 3.58
Lite-HRNet (ICIP23) [36] 3.97 6.89 4.54
LDDMM-Face (CVPR24) [17] 3.07 5.40 3.53
ORFormer (WACV25) [37] 2.53 4.43 2.90

FGC-UFLD (ours) 2.75 4.56 3.08

COFW (29 landmarks) [11]: Comprises
1,345 training and 507 testing images with 29
landmarks. The training set includes 845 images
from LFPW and 500 additional heavily occluded
images. Test images feature significant occlusions,
large pose variations, and diverse expressions.

AFLW (19 landmarks) [10]: Contains
25,993 annotated faces with 19 landmarks, cover-
ing large head poses with yaw angles from –120° to
+120° and pitch angles from –90° to +90°. AFLW-
Full uses 20,000 images for training and 4,386 for
testing, while AFLW-Frontal selects 1,165 near-
frontal faces from the test subset for frontal-view
evaluation.

Evaluation Metrics: Normalized Mean
Error (NME) is used to assess facial alignment
accuracy. NMEip (inter-pupil distance) is used for
COFW, NMEio (inter-ocular distance) for 300W
and WFLW, and NMEbox (bounding box size) for
AFLW. Failure Rate (FR) [4] is also reported for
COFW. For an image with N landmarks, NME is
defined as:

NME =
1

N

N
∑

i=1

∥pi − p∗i ∥2
d

× 100%, (17)

where pi and p∗i are the predicted and ground-
truth coordinates of the i-th landmark, ∥·∥2 is the
Euclidean norm, and d is the normalization factor.

The Failure Rate (FR) measures the pro-
portion of predictions with NME exceeding a
threshold τ . For a dataset with Ns samples:

FR =
1

Ns

Ns
∑

i=1

I
(

NME(Yi, Ŷi) > τ
)

, (18)
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Table 2 Results on the WFLW subset compared with SOTA methods; NME normalized by inter-ocular distance.
Symbols: ◦ – heatmap regression; ⋄ – coordinate regression (% omitted).

Method Testset Pose Expression Illumination Make-Up Occlusion Blur
◦ LAB(CVPR18) [4] 5.27 10.24 5.51 5.23 5.15 6.79 6.32
◦ Wing(CVPR18) [38] 4.99 8.75 5.36 4.93 5.41 6.37 5.81
◦ DeCaFA(ICCV19) [31] 4.62 8.11 4.65 4.41 4.63 5.74 5.38
◦ HRNet(CVPR19)[19] 4.60 – – – – – –
◦ AWing(ICCV19)[20] 4.36 – – – – – –
⋄ PIPNet(IJCV21)[33] 4.31 – – – – – –
⋄ MMDN(TNNLS22)[39] 4.87 7.71 4.79 4.61 4.72 6.17 5.72
⋄ GlomFace(CVPR22)[34] 4.81 8.71 – – – 5.14 –
⋄ ATF(TMM23)[23] 4.50 7.54 4.65 4.45 4.20 5.30 5.19
⋄ PicassoNet(TNNLS23)[16] 4.82 8.61 5.14 4.73 4.68 5.91 5.56
⋄ HRNet(ICIP23)[36] 5.58 9.79 6.13 5.44 5.87 6.57 6.05
⋄ LDDMM-Face(CVPR24)[17] 4.63 8.21 5.00 4.53 4.31 5.37 5.22
⋄ FGC-UFLD (ours) 4.52 7.62 4.78 4.55 4.45 5.65 5.13

where I(·) is the indicator function. The threshold
is set to τ = 0.10.

Implementation Details: Input images are
256 × 256 × 3. Data augmentation includes: (1)
random scaling (1.0–1.25), (2) in-plane rotation
(−30◦ to +30◦, 60% samples), and (3) horizontal
flipping (0.5 probability). FGC-UFLD is trained
for 200k iterations on a single NVIDIA RTX 4090
GPU. The initial learning rate is 1.0 × 10−4,
decayed by 0.5 every 40k iterations.

4.1 Normal Condition Evaluations

Under standard imaging conditions (no signifi-
cant occlusion, extreme pose, illumination vari-
ation, or motion blur), we evaluate FGC-UFLD
on the 300W-Common and 300W-Full subsets.
As reported in Table 1, FGC-UFLD achieves
NMEio of 2.75% on Common and 3.08% on
Full, comparable to state-of-the-art heatmap- and
coordinate-regression methods. This demonstrates
the effectiveness of unified landmark mapping
in learning consistent structural representations
across heterogeneous datasets.

4.2 Occlusion Robustness Evaluation

Occlusion remains a major challenge in facial
landmark detection, as partially occluded regions
disrupt the continuity of semantic features and
hinder accurate inference of complete facial struc-
tures. To evaluate the robustness of FGC-UFLD
under different conditions, we conduct experi-
ments on the occlusion subsets of the WFLW
dataset and the COFW dataset, where facial
regions experience significant occlusion or chal-
lenging pose/illumination variations. As reported
in Table 3, on the COFW dataset, FGC-UFLD
achieves an NMEip of 4.82% and an FR10ip of
0.39%, demonstrating strong robustness under
severe occlusion. On the occlusion subset of
WFLW (Table 2), the proposed approach attains

Table 3 Comparisons with state-of-the-art methods on
the COFW dataset. The normalized mean error (NME) is
computed with respect to the inter-pupil distance. (%
omitted)

Method NMEip FR
ODN (CVPR19) [30] 5.30 –
AWing (ICCV19) [20] 4.94 0.99
MMDN (TNNLS22) [39] 5.01 1.78
SLPT (CVPR22) [14] 4.79 1.18
STAR (CVPR23) [40] 4.62 0.79
DSLPT-R50 (TPAMI23) [41] 4.81 1.18
CIT-v2 (IJCV24) [15] 4.93 1.58
LDDMM-Face (CVPR24) [17] 4.54 1.58
ORFormer (WACV25) [37] 4.46 -
FGC-UFLD (ours) 4.82 0.39

Table 4 Comparison with state-of-the-art (SOTA)
methods on the AFLW dataset. The normalized mean
error (NME) is computed relative to face size.

Method Testset
◦ LAB (CVPR18) [4] 1.85
◦ HRNet (CVPR19) [19] 1.57
◦ AWing (ICCV19) [20] 1.53
◦ LUVLi (CVPR20) [21] 2.28
⋄ PIPNet (IJCV21) [33] 1.48
⋄ DTLD (CVPR22) [35] 1.38
⋄ ATF (TMM23) [23] 1.55
⋄ PicassoNet (TNNLS23) [16] 1.59

⋄ FGC-UFLD (ours) 1.69

an NMEio of 5.65%, reflecting reliable landmark
localization performance in the presence of par-
tial occlusion. Overall, these results suggest that
FGC-UFLD maintains stable and accurate facial
landmark detection across diverse and challenging
scenarios involving occlusion.

4.3 Large Pose Robustness Evaluation

Large pose variations and exaggerated facial
expressions introduce significant geometric dis-
tortions and semantic ambiguities, challenging
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facial landmark detection. To evaluate robust-
ness, we test on AFLW full test set, WFLW
pose/expression subsets, and 300W Challenge. On
300W Challenge, FGC-UFLD achieves NMEio of
4.56%, ranking second among compared meth-
ods [16, 36]. On WFLW subsets, our model attains
NMEio of 7.62 and 4.78, surpassing most prior
approaches [16, 36, 42]. On AFLW full set, FGC-
UFLD achieves NMEdiag of 1.69%, comparable to
representative methods [4, 21]. The strong per-
formance stems from frequency-aware structural
modeling and anchor-guided gradient correction,
enhancing pose-robust representation and sta-
bilizing multi-dataset optimization under severe
geometric variations.

4.4 Blur Robustness Evaluation

Facial images captured under low-light or blurry
conditions often suffer from a severe loss of visual
details, posing significant challenges for landmark
detection. To evaluate the robustness of FGC-
UFLD under such adverse scenarios, we conduct
experiments on the illumination and blur subsets
of the WFLW dataset. As shown in Table 2, FGC-
UFLD achieves an NMEio of 4.55 on the WFLW
illumination subset and 5.13 on the blur subset,
outperforming most current methods [4, 16, 36,
38, 39]. These results indicate that FGC-UFLD
can maintain accurate landmark localization even
when visual quality is severely degraded. This
robustness stems from the model’s frequency-
guided feature fusion, which enhances fine-grained
structural details while preserving global semantic
consistency under challenging imaging conditions.

4.5 Ablation Study

The ablation studies are conducted to evaluate the
contributions of individual components in FGC-
UFLD, including the Diagonal-Compensated
Wavelet Module (DiC-Wave), the Progressive
Frequency-Aligned Module (PFAM), and Anchor-
Guided Gradient Correction (AGGC), as well as
the effects of multi-dataset joint training.

Impact of DiC-Wave, PFAM and
AGGC. To evaluate the contribution of
each module, we conduct ablation experi-
ments on the baseline Transformer (Trans) by
incorporating DiC-Wave, PFAM, and AGGC
individually and jointly, yielding (Trans+DiC-
Wave), (Trans+DiC-Wave+PFAM), and
(Trans+DiC-Wave+PFAM+AGGC). All mod-
els are evaluated on challenging subsets across
multiple datasets. As reported in Table 5,
(Trans+DiC-Wave+PFAM+AGGC) achieves the
highest accuracy, confirming the complementary

Table 5 Ablation study of DiC-Wave, PFAM, and AGGC
on the 300W Challenging Subset.

Method BaseDiC-WavePFAMLAGGC NMEio

Trans (baseline) ✓ 4.72
Trans+ LAGGC ✓ ✓ 4.63

Trans+DiC-Wave ✓ ✓ 4.65
Trans+DiC-Wave+PFAM ✓ ✓ ✓ 4.60

FGC-UFLD(ours) ✓ ✓ ✓ ✓ 4.56

effects of the three modules. DiC-Wave injects
high-frequency structural information to enhance
feature representations and improve adaptability
to diverse facial geometries. PFAM progressively
fuses multi-scale features to capture fine-grained
details. AGGC mitigates inter-task gradient con-
flicts for stable and consistent learning. Their
combined integration yields the most accurate
FLD performance across datasets.

5 Conclusion

We present FGC-UFLD, a unified facial land-
mark detection framework designed to han-
dle diverse facial variations and challenging
imaging conditions. By integrating DiC-Wave
and PFAM for high-frequency refinement with
Anchor-Guided Gradient Correction (AGGC), the
model preserves critical structural cues while
ensuring stable learning across datasets with dif-
ferent annotation protocols. DiC-Wave and PFAM
strengthen fine-grained representations by captur-
ing and enhancing high-frequency details, improv-
ing landmark localization under extreme poses,
occlusions, and blur. AGGC mitigates hetero-
geneous gradient conflicts, maintaining global
geometric consistency during training. Exten-
sive experiments on 300W, AFLW, COFW, and
WFLW demonstrate robust and accurate perfor-
mance across diverse conditions, highlighting its
generalization and practical applicability.
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