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Abstract

In recent years, deep learning has revenue in automated med-
ical landmark detection. Nonetheless, prevailing research in
this field predominantly addresses single-center scenarios or
domain adaptation settings. In practical environments, the ac-
quisition of multi-center data faces privacy concerns, cou-
pled with the time-intensive and costly nature of data collec-
tion and annotation. These challenges substantially impede
the broader application of deep learning-based medical land-
mark detection. To mitigate these issues, we propose a novel
domain-generalized medical landmark detection framework
that relies solely on single-center data for training. Consider-
ing the availability of numerous public medical segmentation
datasets, we design a simple yet effective method that utilizes
single-center segmentation to enhance the domain general-
ization capabilities of the landmark detection task. Specifi-
cally, we introduce a novel boundary-aware pre-training ap-
proach to focus the model on regions pertinent to landmarks.
To further enhance the robustness and generalization capabil-
ities during pre-training, we have derived a mixing loss term
and proved its effectiveness in theory and practice. Exten-
sive experiments conducted on our new domain generaliza-
tion benchmark for medical landmark detection demonstrate
the superiority of our approach.

Code — https://github.com/lhaof/DGMLD

Introduction
Medical landmark detection is pivotal in disease diagno-
sis (Payette et al. 2021; Avisdris et al. 2022) and surgical
planning (Li et al. 2023). For instance, the detection of fe-
tal cerebellar landmarks is crucial for monitoring fetal neu-
rodevelopment (Garel and Garel 2004; Zhou et al. 2021;
Vahedifard et al. 2023), and accurate identification of these
landmarks is essential for assessing the fetal growth trajec-
tory (Garel and Garel 2004; Hughes et al. 2023; Han et al.
2024; Chen et al. 2024). Given that manual labeling is labo-
rious and subjective, numerous studies have employed deep
learning for automate medical landmark detection (Avisdris
et al. 2021; Li et al. 2023; Jin, Che, and Chen 2023; Gong
et al. 2025). Despite the successes of deep-learning-based
algorithms for medical landmark detection, their widespread
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Figure 1: Illustration of medical landmark detection in 3D
MRI scans. The fetal cerebellum, highlighted by the blue
line, is the anatomical structure of interest, with landmarks
indicated by red points. This figure shows that the landmarks
are positioned on the boundary of the anatomical structure.

application is often impeded by the domain gap due to vari-
ations in medical imaging equipment. Previous works (Jin,
Che, and Chen 2023) have addressed this issue under the
unsupervised domain adaptation (UDA) setting, which in-
volves training neural networks using available source do-
main data-label pairs and target domain data. However, due
to privacy concerns, target domain data may not be publicly
available in real-world scenarios. Furthermore, data collec-
tion can also be labor-intensive (Viswanathan, Parmar, and
Madabhushi 2024). In response, this work introduces the do-
main generalization (DG) setting for medical landmark de-
tection, where only source domain data and corresponding
labels are utilized (Zhou et al. 2022; Li et al. 2024b). To the
best of our knowledge, there is no publicly available bench-
mark for the domain-generalized medical landmark detec-
tion task. Therefore, we contribute a benchmark encompass-
ing data from three centers for medical landmark DG.

Existing DG approaches have predominantly focused on
tasks involving natural images (Zhao et al. 2020; Zhou
et al. 2022), addressing challenges in segmentation (Long
et al. 2024; Gu et al. 2024) and classification (Li et al.
2020; Qu et al. 2023), often employing augmentation (Peng,
Zheng, and Chen 2024) or alignment technologies (Long
et al. 2024). However, these approaches face several limi-
tations when applied to DG medical landmark detection: 1.
Medical images typically exhibit low contrast, high noise
levels, and uncertain boundaries compared to natural im-
ages (Xu et al. 2023c), making it challenging to transfer
methodologies developed for natural images directly. 2. The
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landmark detection task, generally formulated as Gaussian
heatmap regression (Li et al. 2023), differs from classifi-
cation or segmentation tasks. Recognizing that most med-
ical landmarks are located on the boundaries of anatomi-
cal structures (Jimenez-del Toro et al. 2016; Avisdris et al.
2022; Li et al. 2023) (as illustrated in Fig. 1), we lever-
age prior knowledge of anatomical structures to pre-train
the neural network, thereby enhancing its ability to gener-
alize to unseen domains. Given the abundance of available
medical segmentation datasets (Gholipour et al. 2017; Wu
et al. 2021; Fidon et al. 2022), we establish a pre-training
pipeline focused on boundary detection using an auxiliary
dataset with voxel-level segmentation masks of landmark-
related structures. While directly using segmentation masks
for pre-training is straightforward, several disparities ex-
ist between segmentation and landmark detection tasks: 1.
Segmentation focuses on regions (Li et al. 2023), whereas
landmark detection targets specific points along boundaries
where foreground and background are more imbalanced. 2.
Segmentation predicts discrete values, whereas landmark
detection typically formulates as heatmap regression with
continuous values derived from a Gaussian distribution (Li
et al. 2023; Jin, Che, and Chen 2023). To bridge these gaps,
we propose a simple yet effective pre-training pipeline by
extracting boundary distance maps from the segmentation
masks and using these maps to pre-train the neural network.
This approach inherently emphasizes corners on a struc-
ture’s boundary, where landmarks are often situated. Fur-
thermore, to enhance the robustness of the pre-trained back-
bone, we employ a mixed term of log-cosh loss and mean
square error loss for pre-training. Our comprehensive exper-
iments across various network backbones and dataset distri-
butions confirm the effectiveness of our pre-training method
in significantly improving the accuracy of medical landmark
detection. The contributions of our work are as follows:

1. We investigate the DG medical landmark detection task
for the first time, exploring the feasibility of using exist-
ing segmentation masks to boost the DG medical land-
mark detection task.

2. We tailor-design a DG framework for medical landmark
detection and introduce a novel boundary-aware pre-
training method designed for this context. We also con-
struct a robust mixing loss function for pre-training and
provide both theoretical and experimental analyses on the
effectiveness of the loss function.

3. We contribute the first benchmark for the DG medical
landmark detection task, which includes data from three
different centers. Extensive experiments conducted with
various network backbones on our benchmark confirm
the effectiveness of our approach.

Related Work
Medical Landmark Detection
With the advent of deep learning, a paradigm shift has oc-
curred for landmark detection in medical imaging (Liu et al.
2020; Juneja et al. 2021). Xu et al. (2019) introduced a 3D
UNet architecture to accurately identify landmarks in fe-

tal joints. Liu et al. (2020) designed an anatomically con-
strained neural network to facilitate preoperative measure-
ments for total hip arthroplasty using 2D X-ray images. Xu
et al. (2020a) employed a conditional generative adversar-
ial network to deduce fetal poses from 3D imaging. Avis-
dris et al. (2021) utilized convolutional neural networks to
detect fetal landmarks within the scope of 2D brain segmen-
tation tasks. Shankar et al. (2022) devised a method that in-
corporates clinically pertinent biometric constraints to mea-
sure fetal brain biometrics from 2D ultrasound images. A
dynamic methodology for determining the orientation of 2D
fetal landmarks using ultrasound was developed by (Avis-
dris et al. 2022). Zhou et al. (2023) innovated a technique to
regularize the predicted heatmap using the Swoosh Activa-
tion Function. Li et al. (2023) proposed a transformer-based
multi-task learning framework for addressing the landmark
detection task. Li et al. (2024b) built a feature decouple and
gated recalibration network for medical landmark detection.
Li et al. (2024a) designed a spatio-temporal graph convo-
lutional network for ultrasound landmark detection. Feng
et al. (2024) devised a Bayesian network for simultaneous
keyframe and landmark detection in ultrasonic.

Nevertheless, previous studies have primarily focused
on single-domain settings, largely overlooking the DG is-
sues inherent in medical landmark detection. While some
work (Avisdris et al. 2022) has employed data augmen-
tation to enhance testing performance, these approaches
have not proven effective in DG settings. To the best of
our knowledge, this is the first study to address domain-
generalized medical landmark detection by incorporating
additional boundary priors.

Domain Generalization
DG focuses on learning domain-invariant representations
and can be categorized into three primary types (Gong
et al. 2022b,a; Xu et al. 2023b; Long et al. 2024; Peng,
Zheng, and Chen 2024): domain alignment, meta-learning,
and augmentation strategies. In domain alignment, Zhao
et al. (2020) enhances conditional invariance by incorporat-
ing an entropy regularization term to improve classifier gen-
eralization, while Matsuura and Harada (2020) iteratively
segregates samples into latent domains via clustering. Long
et al. (2024) propose a new discriminate learning approach
for landmark detection. Regarding meta-learning, Li et al.
(2018) introduces a model-agnostic training procedure that
simulates domain shifts during training, and Qiao, Zhao, and
Peng (2020) tailors meta-learning to single-domain gener-
alization. For augmentation strategies, Zhao et al. (2020)
innovates a regularization term derived from the informa-
tion bottleneck principle for adversarial data augmentation,
and Zhao et al. (2022) develops a style hallucination module
to generate diversified samples essential for generalization.
Peng, Zheng, and Chen (2024) propose a strong-weak aug-
mentation method in conjunction with adversarial learning
for domain generalization.

Unlike the above works, which mainly focus on natural
images with less noise and high contrast, we take the first
step in detecting DG medical landmarks. The work most
closely related to ours is proposed by (Jin, Che, and Chen
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Figure 2: Overview of the proposed boundary-distance map-
based pre-training pipeline. Stage 1 involves extracting the
boundary distance map from segmentation data to pre-train
the model for subsequent tasks. In Stage 2, the model is fine-
tuned using the pre-trained weights specifically for the land-
mark detection task.

2023) and (Gu et al. 2024). The former (Jin, Che, and Chen
2023) focused on the medical landmark detection under the
unsupervised domain adaptation setting while we focused
on DG. Pre-training has been a popular technology in the
medical domain (Gong et al. 2021; Kang et al. 2023). Gu
et al. (2024) aims to address DG in medical image segmenta-
tion by extracting edge canny features for pre-training, while
our work focuses on using the available high-level segmen-
tation masks to boost the DG capability for the medical land-
mark detection task. Moreover, we first derive and construct
a mixing term of loss functions that aims to obtain better
generalization ability through the pre-training process.

Methodology
We introduce the Boundary-aware Pre-training (BaP) frame-
work for boosting DG medical landmark detection, as il-
lustrated in Fig. 2. The key idea of BaP is the infusion of
structural knowledge into the neural network, thereby en-
couraging the predicted landmarks to align precisely with
the organ’s boundary. This is achieved by pre-training the
network to be aware of the boundary’s position, effectively
priming the network for more accurate landmark localiza-
tion in out-of-domain data.

Pre-training with Boundary Distance Map
We utilize the publicly available Atlas dataset collected
by (Xu et al. 2023c) for the BaP, which provides the land-
mark annotation and organ segmentation masks. The pro-
cess begins with extracting organ boundaries relative to the
dataset’s landmarks, then generating boundary heatmaps for
regression purposes. We deploy specialized convolution op-
erations to accurately extract the landmark boundary from
the segmentation mask M of shape (H,W,D). These are
defined through the expansion function Fexp and the erosion
function Fero. Here, the foreground voxels in M are set to 1,
and the background voxels to 0. We then define the boundary
β as:

β = Fero(Fexp(M))− Fero(1−M), (1)

where 1 represents a matrix of ones of the same shape as
M . Following this, we construct the boundary distance map
Φ(x) from β, assigning weights to voxels that diminish with
increasing distance from the boundary. The distance map Φo

is formed by iteratively applying Fexp to the boundary:

Φo =
1

N

N∑
i=1

(
F i

exp(β)
)
, (2)

where F i
exp(β) represents the i-th iterative expansion of the

boundary β, and N denotes the number of iterations, reflect-
ing the boundary distance range at the voxel level, which is
set to 5 according to the kernel size to generate downstream
heatmap for landmark detection (Li et al. 2023).

For the BaP loss function, we introduce a robust training
pipeline named generalization all the time. This is based on
the straightforward observation that loss values are typically
larger at the beginning of training and decrease as training
progresses. To leverage this behavior, we employ two dis-
tinct loss functions: one (log-cosh loss) that is more robust
at the beginning of training and another (Mean Squared Er-
ror, MSE) that is more effective towards the end of train-
ing. We have identified that the log-cosh loss function ex-
hibits greater robustness than the MSE loss when dealing
with larger loss values, which typically occur at the start of
the training phase. Conversely, MSE becomes more effec-
tive as the loss values diminish. Let e be the current epoch,
and E be the total epochs; we have developed the following
loss function L to measure the discrepancy between the net-
work’s predicted heatmap and the target boundary distance
map in the pre-training stage:

L =
e

E
MSE(f(x; θ),Φo) +

E − e

E
logcosh (f(x; θ)− Φo) ,

(3)

where e
E is a linearly increasing weight function, facilitating

the transition from logcosh loss, which provides robustness
in the early training stages. The MSE loss is used for robust
training in later stages. This structured approach underscores
the importance of adaptive loss functions in achieving more
robust initialized weight for the downstream landmark de-
tection task. The full theoretical analysis is shown below.

Generalization Ability Between logcosh and MSE
In the pre-training phase, we construct a mixed term com-
bining the commonly used MSE loss and the logcosh
loss function. The primary motivation for this choice is the
demonstrated superior generalization capability of logcosh
compared to MSE, particularly under conditions where the
predictions exhibit a larger gap to the ground truth—a sce-
nario typically encountered at the beginning of training. Un-
like the previous works (Xu et al. 2020b; Saleh and Saleh
2022; Jeendgar et al. 2022; Gong et al. 2023; Chan et al.
2024), we first investigate the logcosh on the generalization
of medical landmark detection task. The comparative anal-
ysis of these loss functions encompasses three key aspects,
which are outlined below:
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A. Robustness Analysis We start with the loss function
itself. For the logcosh, we have

logcosh(δ) ≈

{
log(1 + δ2

2 ) ≈
δ2

2 if δ → 0

log( exp(δ)2 ) = δ − log(2) if δ → ∞,

(4)

where we define δ = |f(x; θ)−Φo|. Hence, it is easy to see
that the logcosh function grows linearly for large errors.
It grows quadratically but at half the rate of MSE for small
errors. Next, the sensitivity to changes can be verified by
examining the gradients of both functions:

∂logcosh(δ)

∂δ
= tanh(δ) ≈

{
δ if δ → 0

1 if δ → ∞,
(5)

and
∂MSE(δ)

∂δ
= 2δ. (6)

This demonstrates that logcosh prevents large errors from
disproportionately influencing the learning process. Finally,
we can also examine the Hessian (curvature) of both func-
tions:

∂2logcosh(δ)

∂δ2
=

∂tanh(δ)

∂δ
= 1− tanh2(δ), (7)

and

∂2MSE(δ)

∂δ2
= 2. (8)

Since tanh2(δ) ∈ [0, 1], logcosh has less curvature than
MSE, implying it penalizes large errors less severely and is
more robust to outliers.

B. Generalization Bound Analysis With the gradient and
Hessian from the previous section, we now focus on the gen-
eralization bound (Sammut and Webb 2011; Akbari et al.
2021), which is defined as

R(fθ) ≤ R̂(fθ) + Complexity Term + Slack Term, (9)

where R(fθ)is the expected loss of the model fθ on unseen
data and R̂(fθ) is the average loss on the training data. These
are defined as follows:

R(fθ) = E(x,Φo)∼P [ℓ(f(x, θ),Φo)] (10)

and

R̂(fθ) =
1

n

n∑
i=1

ℓ(f(x, θ),Φo)). (11)

The Complexity Term is related to the model’s capac-
ity and is often represented by the Rademacher complex-
ity (Bartlett and Mendelson 2002; Yin, Kannan, and Bartlett
2019), which is defined as

Ĉn(H) = Eσ

[
sup
ℓ∈H

1

n

n∑
i=1

σiℓ(f(x, θ),Φo)

]
, (12)

where σ are i.i.d. Rademacher variables taking values of ±1
and H is the model class. The Slack Term is influenced by

the range of the loss function (VAPNIK 1998) and is derived
from Hoeffding’s Inequality (Mohri, Rostamizadeh, and Tal-
walkar 2018):

Pr
(
|R̂(fθ)−R(fθ)| ≥ s

)
≤ 2 exp

(
− 2nt2

(b− a)2

)
(13)

where n is the number of data points in your training set and
fθ ∈ [a, b]. Now, we assume the probability of the deviation
exceeding t is at most probability p. That is,

2 exp

(
− 2ns2

(b− a)2

)
= p (14)

The equivalent expression for slack term s is

s =

√
(b− a)2

2n
log

(
2

p

)
, (15)

and we can define B = b− a.

Theorem 1. Considering the same model with two different
loss functions, namely logcosh and MSE, assume that the
range of reconstruction using logcosh is smaller than us-
ing MSE, then the upper generalization bound for logcosh
is smaller than that for MSE.

Proof. First, we show that R̂logcosh(fθ) ≤ R̂MSE(fθ).
Consider

R̂logcosh(fθ)− R̂MSE(fθ) (16)

=
1

n

n∑
i=1

(log(cosh(δ))− δ2), (17)

where δi = fθ(xi) − Φo. Define function g(δ) :=
(log(cosh(δ))− δ2). Taking the derivative of g(δ), we get

g′(δ) = tanh(δ)− 2δ. (18)
This derivative indicates that g(δ) increases for δ < 0 and
decreases for δ > 0. Thus,

max
δ

g(δ) = g(0) = 0, (19)

which shows R̂logcosh(fθ) ≤ R̂MSE(fθ) for any model re-
construction fθ.

Second, we show Ĉn(Hlogcosh) < Ĉn(HMSE) when the
model architectures are the same. Consider

Ĉn(Hlogcosh)− Ĉn(HMSE) (20)

= Eσ

[
sup

ℓ∈Hlogcosh

1

n

n∑
i=1

σiℓ(f(x, θ),Φo)

]
(21)

− Eσ

[
sup

ℓ∈HMSE

1

n

n∑
i=1

σiℓ(f(x, θ),Φo)

]
(22)

= Eσ

[
1

n

n∑
i=1

σilogcosh(f(x, θ)− Φo)

]
(23)

− Eσ

[
1

n

n∑
i=1

σiMSE(f(x, θ)− Φo)

]
(24)

= Eσ

[
1

n

n∑
i=1

σi (logcosh(δ)−MSE(δ))

]
(25)

≤ 0, (26)
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the second equal holds because we use different loss
functions but the same model architecture. Therefore,
Ĉn(Hlogcosh) ≤ Ĉn(HMSE) when the model architectures
are the same.

Third, we show slack term slogcosh < sMSE. Let B = b−a
be the range of reconstruction, we have the following

slogcosh − sMSE (27)

=

√
B2

logcosh

2n
log

(
2

p

)
−

√
B2

MSE
2n

log

(
2

p

)
(28)

=

√
1

2n
log(

2

p
) (Blogcosh −BMSE) (29)

< 0. (30)

Since all three terms for logcosh are less than or equal to
those for MSE, it is natural to conclude that MSE will have
a higher upper generalization bound compared to logcosh in
general cases. Thus, we can enhance the model’s general-
ization ability by embedding the logcosh function into the
design of the loss function.

C. Tighter Bounds Analysis Although the previous two
sections have directly demonstrated the superior generaliza-
tion of logcosh, it is still worth measuring performance dif-
ferences using Lipschitz continuity (Hager 1979).

Theorem 2. Consider a model with two loss functions: Log-
cosh and MSE. The Logcosh loss function is 1-Lipschitz
continuous, while the Lipschitz continuity of the MSE de-
pends on the specific data and model.

Proof. The proof is straightforward. The Lipschitz constant
for MSE is not fixed but depends on δ:

LMSE = sup
δ∈[δmin,δmax]

∣∣∣∣∂MSE(δ)
∂δ

∣∣∣∣ = 2δmax, (31)

where δ represents the difference between the reconstruction
and the true data, which can be a very large number in the
presence of outliers. In contrast, the Lipschitz constant for
logcosh is

Llogcosh = sup
δ∈R

∣∣∣∣∂logcosh(δ)
∂δ

∣∣∣∣ = sup
δ∈R

|tanh(δ)| = 1. (32)

This indicates better stability and robustness of logcosh.
Consequently, logcosh is generally better at generalizing to
unseen data under the condition that δ > 1/2.

Overall, as the loss function for the pre-training model,
logcosh is more generalized than MSE loss when the train-
ing is at the beginning, and thus we embed the logcosh to
MSE loss in the pre-training stage as shown in Equation.3,
making the weight more robust for the downstream land-
mark detection task.

Transfer the Weights for Landmark Detection Task
After the pre-training phase, we use a weight transfer strat-
egy to adapt the network for the downstream landmark de-
tection task. This adaptation involves the reloading of the

pre-trained weights across the network. We construct the
Gaussian heatmaps ygt for ground truth landmarks during
the fine-tuning stage by following Li et al. (2023). The fine-
tuned network for landmark detection, denoted by F(x, θ),
is trained with a loss function Llandmark defined by the
MSE loss:

Llandmark = MSE(F(x, θ), ygt), (33)

where F(x, θ) yields the predicted heatmaps for input x
with the network parameters θ, and ygt is the vector of
ground truth heatmaps for the landmarks. This fine-tuning
process harnesses the discriminatory features learned during
pre-training to increase the out-domain generalization abil-
ity for landmark detection tasks.

Atlas LFC FeTA
Split Training Validation Testing Testing

Number 40 60 120 55
Segmask 40 - - -

Table 1: Detail of our DGMLD benchmark.

Experiment
Dataset and Implementation
In this work, we build the Domain Generalized Medical
Landmarks Detection (DGMLD) benchmark, which aims to
advance the field of medical imaging by focusing on the de-
tection of anatomical landmarks across various datasets, as
detailed in Table 1. The benchmark incorporates multiple
datasets tailored for specific medical imaging aspects. The
Atlas dataset (Gholipour et al. 2017; Wu et al. 2021; Fi-
don et al. 2022), used for training, includes 40 cases with
segmentation masks, facilitating model development under
varying imaging conditions and anatomical variations. The
LFC dataset, which we construct to fill the gap in 3D MR
benchmarks for fetal cerebellum landmark detection, com-
prises 180 annotated MR images, split into 60 validation and
120 testing cases, without segmentation masks, annotated at
a high-precision resolution of 0.6 × 0.6 × 0.6 mm3 using
the NeSVOR technique (Xu et al. 2022a, 2023a). Addition-
ally, the FeTA benchmark (Payette et al. 2021, 2023), used
for external out-of-domain testing, includes 55 testing cases
without segmentation masks. We adhere strictly to ethical
standards by the Declaration of Helsinki (Goodyear, Krleza-
Jeric, and Lemmens 2007). The data splits are also shown in
Table 1. We use the following biometric annotations (Garel
and Garel 2004) related to the fetal cerebellum: Transverse
Cerebellar Diameter (TCD), Height Diameter of the Vermis
(HDV), and Anteroposterior Diameter of the Vermis (ADV).
In total, the dataset includes six landmarks, with two land-
marks for each biometric measure. Initially, we invite the
expert to remove the cases with unrecognized landmarks.
After that, a clinician labels the data, followed by a review
and necessary modifications by an additional senior expert
to ensure accuracy and consensus.

Our framework was developed using PyTorch version
2.1.2 with Python 3.9.16 and trained on an NVIDIA A100
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Data Type Method TCD1 TCD2 HDV1 HDV2 ADV1 ADV2 Average

LFC

UNet

Baseline 3.43±0.39 3.94±0.33 2.26±0.09 2.44±0.07 2.68±0.19 2.52±0.34 2.88±0.14

AugDG 3.64±0.36 4.00±0.21 2.45±0.33 2.43±0.06 2.54±0.21 2.15±0.38 2.87±0.23

EdgeDG 3.99±0.85 4.30±0.57 2.22±0.23 2.31±0.06 2.89±0.43 2.20±0.38 2.99±0.13

SegDG 3.32±0.24 3.81±0.14 2.74±0.41 2.53±0.26 2.84±0.22 2.08±0.13 2.88±0.11

BaPDG 3.09±0.02 3.99±0.25 2.19±0.12 2.32±0.15 2.50±0.38 1.96±0.08 2.67±0.09

ViTPose

Baseline 4.52±0.60 5.87±1.31 3.61±0.42 2.79±0.15 3.50±0.68 2.41±0.11 3.78±0.46

AugDG 5.02±0.84 5.45±0.31 3.40±0.30 2.76±0.02 3.09±0.71 2.63±0.19 3.72±0.34

EdgeDG 4.97±1.12 4.99±0.08 3.46±0.13 2.66±0.14 3.33±0.48 2.29±0.20 3.62±0.31

SegDG 4.97±0.19 6.01±0.97 3.50±0.26 2.80±0.16 3.34±0.82 2.31±0.08 3.82±0.26

BaPDG 4.05±0.43 4.59±0.33 2.91±0.14 2.61±0.06 2.88±0.09 2.21±0.08 3.21±0.12

FeTA

UNet

Baseline 5.07±2.81 4.48±1.22 6.47±2.14 5.13±1.86 7.28±3.46 9.19±3.01 6.27±1.49

AugDG 3.40±0.44 3.27±0.33 3.58±1.00 2.48±0.45 3.60±0.29 3.32±1.46 3.28±0.49

EdgeDG 11.36±4.45 7.35±1.07 3.79±2.16 3.61±2.51 6.63±3.73 3.75±1.37 6.08±2.41

SegDG 4.54±1.92 3.48±1.11 2.84±0.38 2.21±0.34 3.53±0.40 2.28±0.41 3.15±0.38

BaPDG 2.25±0.33 4.60±1.97 2.45±0.09 1.78±0.12 3.28±0.68 2.15±0.54 2.75±0.48

ViTPose

Baseline 15.54±10.81 14.61±8.41 6.56±3.56 2.45±0.34 6.31±2.22 3.49±0.89 8.16±4.29

AugDG 8.29±3.20 10.29±1.99 6.28±0.60 2.53±0.28 6.32±1.19 3.94±0.52 6.28±1.00

EdgeDG 19.38±3.65 17.19±5.74 6.09±0.87 5.68±5.76 5.55±0.88 3.73±0.97 9.60±2.15

SegDG 12.54±5.30 16.58±0.61 5.67±1.32 2.43±0.25 5.25±1.13 3.63±0.48 7.68±0.84

BaPDG 6.81±1.84 11.39±1.65 4.71±0.65 2.53±0.13 3.77±0.26 3.08±0.02 5.38±0.75

Table 2: Comparison of state-of-the-art methods on DGMLD testset. The “UNet” model (Ronneberger, Fischer, and Brox 2015)
employs a ResNet backbone (He et al. 2016), and “ViTPose” is adapted from (Xu et al. 2022b). “AugDG” (Avisdris et al. 2022),
utilizes a specific data augmentation strategy. “EdgeDG” (Gu et al. 2024) incorporates edge features extracted via the Canny
operator for pre-training. “SegDG” uses segmentation mask for pre-training. Results are aggregated from three seeds, with
values and subscripts indicating means and standard deviations. The best results and our method are highlighted in bold.

GPU with 40 GB memory, driver version 525.85.12, and
CUDA 12.0. The CPU is an AMD EPYC 7742. We utilized
the Adam optimizer for pre-training and fine-tuning phases,
with a batch size of 4, a learning rate of 0.001, and 50 train-
ing epochs. For evaluation, we adopted the Mean Radial Er-
ror (MRE) and Successful Detection Rate (SDR) as the met-
rics, as outlined by (Li et al. 2023). All the results are ob-
tained by averaging the results of three different seeds.

Comparison with State-of-the-Art Methods
Table 2 illustrates the comparison of our proposed method
with state-of-the-art techniques. Across different back-
bone networks and various out-of-distribution test sets, our
method consistently demonstrated the strongest average
MRE. In Figure 3, we present the SDR curves for differ-
ent methods. It is evident from the curves that our proposed
method’s curve is closest to the upper left corner, further val-
idating the effectiveness of our approach. Simultaneously,
our method exhibits more stable results (indicated by the
smaller light-shaded areas), further substantiating our DG
strategy’s efficacy. Unlike direct supervision with segmen-
tation masks, our proposed method based on distance maps
better focuses the model on the critical boundaries where
landmarks are located, thereby achieving superior perfor-
mance. We present our visualization results in Figure 4.

We conducted additional experiments on 2D cephalomet-
ric landmark detection using X-ray images in Table 3. We
used the ISBI-15 (Wang et al. 2016) training data (150 cases)

ISBI-15 (In domain) PKU (Out of domain)
MRE SDR 3mm SDR 4mm MRE SDR 3mm SDR 4mm

Baseline 2.43 82.52 88.59 3.02 74.09 81.26
EdgeDG 1.98 84.77 90.94 2.73 72.91 83.07

Ours 1.95 85.19 91.26 2.66 74.25 83.33

Table 3: Results on 2D cephalometric landmark detection.

as the source domain, testing data 2 (100 cases) for vali-
dation, testing data 1 (150 cases) as the in-domain test set,
and the PKU (Zeng et al. 2021) (102 cases) as the out-of-
domain test set. Since segmentation masks were not avail-
able in these datasets, we applied the MuGE (Zhou et al.
2024) to extract boundaries and generate distance maps.

LFC Validation SegDG MSE MSE+logcosh

MRE 2.14±0.05 2.05±0.07 1.97±0.14

Table 4: Ablation study. “SegDG” directly uses the seg-
mentation mask for pre-training, “MSE” first extracts the
boundary distance map, then uses MSE loss to regress.
“MSE+logcosh” uses the method in Eq.3 for pre-training.

Ablation Study
Table 4 compares MRE across different models on the vali-
dation set, formatted to emphasize precision and variability.
Methods based on edge heatmap regression yield superior
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Figure 3: Visualization of the SDR curves. A distinct colored line and the surrounded shaded areas depicts each method and
their standard deviation, respectively. Curves that approach the upper left corner demonstrate superior performance.

UNet FeTA-26

Baseline

UNet FeTA-26

EdgeDG

UNet FeTA-26

BaPDG (Ours)

Figure 4: Qualitative analysis of our method and other state-of-the-art methods. Closer proximity between red and green sym-
bols indicates superior accuracy. Our proposed BaPDG method achieves the best prediction accuracy on average.

results. Building on this, the further utilization of the mixed
loss function derived in this paper significantly enhances
the robustness of the model during the pre-training phase.
This mixed loss function integrates multiple error metrics to
better cater to the intricate variations in medical imaging,
thereby improving the model’s ability to generalize from
training to real-world scenarios. In addition, this approach
mitigates overfitting, contributing to more consistent perfor-
mance across diverse datasets and conditions.

Conclusion
This work introduces a novel framework explicitly designed
for DG medical landmark detection that leverages train-
ing solely on single-center data. Our approach significantly
improves domain generalization capabilities for landmark
detection tasks by using publicly available medical seg-
mentation datasets. This enhancement is primarily achieved
through a boundary-aware pre-training strategy that metic-
ulously directs the model’s focus to critical regions essen-
tial for accurate landmark detection, coupled with a mixed
loss function that substantially improves model robustness
and generalization across diverse datasets. Extensive experi-
ments conducted on our newly developed DG medical land-
mark detection benchmark demonstrate the unequivocal su-

periority of our method. The results clearly illustrate its po-
tential to facilitate more generalized and robust solutions in
the field of medical landmark detection, thereby addressing
substantial gaps in existing research methodologies.
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