
BIOI  2026, Vol 7, 34� 1
https://bio-integration.org  doi: 10.15212/bioi-2026-0075 
© 2026 The Authors. Creative Commons Attribution 4.0 International License
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Highlights

•	 Res-SwinFusion uses a dual-branch encoder to combine local and global 
image representations.

•	 DFG and FIA decrease landmark ambiguity in anatomically similar 
regions.

•	 The method achieved strong performance on cephalometric, hand, and 
pelvic X-ray datasets.

•	 Further validation will be required before transfer of the model to CT, 
MRI, or other modalities.
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In brief

Res-SwinFusion localizes anatomical land-
marks in X-ray images by combining Swin 
Transformer-derived global context with 
ResNet-derived local structural detail.
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Introduction

Anatomical landmark localization is essen-
tial in numerous medical image analysis 
and applications [1], such as image reg-
istration [2], auxiliary diagnosis [3,  4], 
surgery planning [5], clinical parameter  
measurements [6], and quantification of 
various anatomical abnormalities [7]. 
To achieve clinical significance, a con-
siderable number of landmarks must be 
positioned. However, manual annotation 
is time-consuming even for experienced 
practitioners, and discrepancies among 
radiologists with different experience lev-
els and backgrounds (inter-observer var-
iation) must also be considered [8]. The 
main challenge hindering clinical guidance 
is accurate identification of landmarks, 
despite varying equipment imaging quality 

and interindividual anatomical differences 
[9]. An automatic landmark localization 
system that is accurate, robust, and rapid 
would help overcome these issues. In recent 
years, CNN-based deep learning methods 
have markedly advanced the development 
of anatomical landmark automatic detec-
tion. In contrast to conventional methods 
based on prior knowledge [10], template 
matching [11], or random forests [12], 
deep learning methods are more accurate 
and robust [13].

However, current methods have several 
drawbacks. First, because the large sizes of 
medical images may exceed memory lim-
itations, performing direct calculations on 
original images is impractical. Although 
some approaches have proposed a two-
stage framework [14–17], wherein the 
global stage generates candidate regions, 
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Abstract

Background: Accurate localization of anatomical landmarks is crucial for clinical diagnosis and treatment 
assessment. However, existing convolutional neural network (CNN)-based methods may result in global spa-
tial information loss and consequent localization failures in the presence of complex anatomical structures or 
parenchymal abnormalities. Therefore, a method capable of modeling global context while preserving local 
information is needed.
Methods: Leveraging the Transformer’s ability to capture long-range dependencies, we propose a novel 
landmark localization framework, Res-SwinFusion, which integrates a Swin Transformer and a classical 
CNN backbone in parallel. To effectively merge their complementary features, we designed a feature interac-
tive aggregation module that fuses semantic representations from both branches. Additionally, we introduced 
a discrimination feature guidance module to provide pixel-level cues and disambiguate landmark locations. 
We further analyzed the effects of various Gaussian heatmap settings on convergence.
Results: Res-SwinFusion achieved strong performance across three anatomical landmark localization data-
sets. The mean radial errors were 1.04 mm and 1.37 mm on two public cephalogram test sets, 0.63 mm on a 
public hand X-ray dataset, and 1.44 mm on an internal pelvic X-ray dataset. Ablation studies indicated that 
Transformer-based global modeling, feature interactive aggregation, and discrimination feature guidance 
each contributed to improved localization accuracy.
Conclusion: The proposed Res-SwinFusion framework offers a solution for anatomical landmark locali-
zation with enhanced robustness and precision by combining global contextual modeling and local feature 
preservation. Code is publicly available at https://github.com/JZK00/Res-SwinFusion.

Keywords

Anatomical landmarks, automatic localization, deep learning, X-ray.

A Deep Learning System for Automatic 
Localization of Anatomical Landmarks in 
X-rays to Assist in Diagnosis and Surgical 
Planning
Hui Zhang1,2, Tengfei Li3, Ahmad Alenezi4, Xinguo Wang5, Qinsheng Hu1,6,*, Zekun Jiang3,* and Quan Wei2

O
ri

g
in

al
 A

rt
ic

le

mailto:huqs@scu.edu.cn
mailto:zekun_jiang@163.com
mailto:zekun_jiang@163.com
https://bio-integration.org/
https://bio-integration.org/
https://github.com/JZK00/Res-SwinFusion


H. Zhang et al.: DOI: 10.15212/bioi-2026-0075� 3

and the refine stage locates landmarks in the cropped 
high-resolution patches, these methods increase the work-
flow complexity, because additional training on each sepa-
rate landmark is necessary. The characteristics of anatomical 
landmarks, such as generally small scales, high similarity 
biometrics, and specific spatial position information, pose 
additional challenges. CNN-based models extract deep fea-
tures by applying downsampling to facilitate modeling of 
global information, but they may result in spatial informa-
tion loss [18]; consequently, local fine-grained features of 
landmark structures may be discarded. Because structural 
features at different locations may share similar radian, size, 
density, and surrounding tissue information, they might 
be difficult for the model to distinguish. To address these 
issues, we sought to establish an end-to-end model with 
global contextual modeling and better local spatial feature 
representations.

Transformer [19], a sequence transduction model, has 
achieved widespread successes in natural language process-
ing and can calculate the correlation between any positions 
in a sequence [20]. The core concept of Transformer is mod-
eling global dependencies between tokens in a sequence 
through a multi-head self-attention (MSA) mechanism; this 
process can be interpreted as learning the attention weight 
distribution and updating feature maps according to these 
learned weights. Many Transformer-based approaches 
[20–25] have been proposed for numerous medical image 
analysis tasks and have achieved superior performance to 
other CNN-based methods. Therefore, these approaches 
have excellent potential in medical image applications. 
TransUNet [21], using Transformer to establish long-range 
dependence on the deep features extracted by the decoder, 
has demonstrated feasibility in medical image segmen-
tation. SwinUNet [22], using a symmetric hierarchical 
structure with Swin Transformer blocks, has demonstrated 
the superiority of the pure Transformer-based U-shaped 
network. These studies have shown that the constructed 
long-term dependencies are beneficial for medical image 
segmentation [26, 27]. However, the effects of long-term 
dependencies for anatomical landmark localization have not 
been well studied.

To address these limitations, we developed Res-
SwinFusion, a hybrid encoder-decoder framework combin-
ing residual CNN blocks with Swin Transformer blocks. 
The network was designed to preserve local structural 
detail while modeling long-range spatial dependencies 
across high-resolution X-ray images. The framework con-
tains two task-specific modules: the discrimination feature 
guidance (DFG) module, which passes discriminative spa-
tial information across Swin Transformer blocks, and the 
feature interactive aggregation (FIA) module, which inte-
grates global location-related features with local structural 
features before heatmap decoding. The main contributions 
of this framework are threefold. First, the dual encoder 
captures complementary local and global representa-
tions for landmark localization. Second, DFG decreases 
ambiguity among anatomically similar structures. Third, 
FIA strengthens feature fusion and increases localization 
robustness across cephalogram, hand, and pelvic X-ray 
datasets.

Related work

CNN-based methods for landmark 
localization
Deep learning methods have achieved substantial advances 
in the study of anatomical landmark detection over the past 
decade, and can be categorized primarily into direct coor-
dinate estimation and heatmap regression. Several repre-
sentative methods based on CNN architectures are reviewed 
below.

Coordinate-based approaches use CNN-based regression 
models to directly predict coordinates of landmarks, but 
they have intrinsic visual ambiguity and highly nonlinear 
mapping drawbacks [28]. Arik et al. [14] have used CNNs 
to regress landmark positions, then refined them with a 
shape-based model. By treating each landmark position as 
two coordinate variables, Lee et al. [29] have built 38 CNNs 
to predict 19 landmarks in cephalometric images; however, 
this framework markedly increases model complexity and 
is time-consuming. Noothout et al. [30] have used a glob-
al-to-local approach, in which the global FCNN regresses 
the initial locations and the specialized FCNNs refine the 
landmark coordinates. Despite progress in coordinate regres-
sion methods, intrinsic visual ambiguity issues and spatial 
information loss remain major challenges.

Heatmap-based approaches use the spatial heatmaps 
to express the probability of a landmark being in a certain 
location, which can be encoded by a Gaussian function with 
fixed variance. Pixel labels in heatmaps represent pseudopro-
babilities, wherein high responses are considered to provide 
the location information for the target landmark. Payer et al. 
[31] have used an end-to-end CNN-based method to regress 
heatmaps for multiple landmark localization, and addition-
ally have combined a UNet and their Spatial Configuration 
Net [32] to optimize the method. Thaler et al. [33] have 
proposed modeling the annotation uncertainty by learning 
the shape parameters of the landmark heatmaps, and have 
demonstrated that the location distribution can be modeled 
through heatmap regression. Zhong et al. [15] have embed-
ded the Attention-Guide mechanism into their two-stage net-
work, which regressed landmark heatmaps from coarse to 
fine. Chen et al. [34] have fused semantic features with the 
proposed attentive feature pyramid fusion module at various 
levels, and combined offset maps in heatmap regression to 
predict the landmark locations.

Vision transformer

Given the notable success of Transformer [17] in a variety 
of natural language processing tasks, Transformer-based 
models have received substantial interest in computer vision 
and medical image analysis [35]. Dosovitskiy et al. [36] 
first attempted to split and flatten images into a sequence 
of patches, and have achieved outstanding performance after 
pre-training with large-scale data. Swin Transformer [37] 
was proposed as a hierarchical vision transformer based on 
the shifted windowing scheme, which effectively decreases 
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memory consumption and maintains information trans-
mission ability by limiting self-attention computation to 
non-overlapping windows. Therefore, it can serve as a gen-
eral backbone encoder, and it has made remarkable achieve-
ments in downstream tasks, such as semantic segmentation, 
object detection, and image classification.

In the fields of human pose estimation and facial landmark 
detection, several recent studies have used Transformer for 
keypoint localization. TransPose [38] has been used to reveal 
the spatial dependencies between keypoints by attention lay-
ers built in Transformer. TokenPose [39] embeds each key-
point as a token to learn the statistic constraint relationships 
between keypoints. Li et al. [40] have built cascaded deform-
able Transformers to directly regress landmarks.

Various Transformer-based frameworks have been applied 
in medical image analysis. TransFuse [25] combines the two 
architectures in a parallel manner, thus confirming that global 
context modeling of Transformer and low-level feature 
details of CNNs can be integrated and fused. Lin et al. [23] 
have used two Swin Transformer backbones to encode fea-
tures from different scale inputs and designed a Transformer 
Interactive Fusion module to establish interaction between 
coarse and fine-grained information. Cao et al. [22] have 
built a U-shaped network based on Swin Transformer 
blocks and proposed the patch expanding layer to replace 
convolution-based up-sampling operation. NnFormer [24] 
extends the window mechanism to 3D and uses skip atten-
tion to replace the concatenation operations in typical skip 
connections. Zhu et al. [41] have developed a domain-adap-
tive Transformer model to explore the implicit relevance of 
landmarks. Swin-CE [42] combines a Transformer encoder 
and convolutional encoder via skip connections to detect 
cephalometric landmarks; however, their respective advan-
tages have not been explored. Although previous studies 
have demonstrated the complementarity between CNNs and 
Transformers, most existing fusion strategies rely on direct 
concatenation, weighted summation, or attention-guided 
fusion mechanisms to integrate heterogeneous representa-
tions [25, 43]. These approaches focus primarily on enhanc-
ing feature representation capability but pay limited atten-
tion to the unique spatial discrimination requirements of 
anatomical landmark localization. In challenging scenarios 
involving anatomical deformation, tissue overlap, or highly 
similar structures, conventional fusion strategies might still 
lead to localization ambiguity. Therefore, herein, we intro-
duced FIA and DFG modules to strengthen the collaboration 
between global positional modeling and local discriminative 
representation learning.

In recent years, CNN-Transformer hybrid architectures 
have undergone extensive development in medical image 
analysis. Meanwhile, representative studies such as CGD-
TraP, MB-TaylorFormer v2 [44], ESTINet [45], DDMSNet 
[46], and DBLRNet [47] have further highlighted the 
importance of multi-scale contextual modeling and long-
range dependency learning for robust feature representation 
across diverse vision tasks. Representative examples include 
TransFuse, which combines parallel CNN and Transformer 
branches for local-global feature fusion, Swin-UNet, which 
exploits hierarchical Transformer representations to capture 
long-range dependencies, and DS-TransUNet, which further 

investigates multi-scale Transformer feature interactions [22, 
25, 48]. However, these methods were designed primarily 
to improve region-level semantic representation in medical 
image segmentation. In contrast, anatomical landmark local-
ization requires distinguishing structures with highly simi-
lar appearances but different spatial positions. Therefore, 
directly applying existing fusion strategies might not fully 
exploit the complementary characteristics of global contex-
tual information and local structural details.

Motivated by this observation, we propose Res-
SwinFusion. Unlike existing CNN-Transformer fusion 
frameworks, our FIA module introduces branch-specific 
enhancement mechanisms to strengthen positional awareness 
in Transformer features and local structural representations 
in CNN features before feature interaction. Furthermore, 
the DFG module establishes a discriminative feature guid-
ance pathway to reinforce spatial discrimination during 
Transformer encoding, thereby improving the recognition of 
anatomically similar structures.

Materials and methods

Below, we briefly introduce our Res-SwinFusion landmark 
localization framework, then present the details of the net-
work encoder, fusion module, and decoder.

Overview of the architecture

An overview of our approach is illustrated in Figure 1. 
Specifically, inspired by the structures of TransFuse [25] and 
ST-UNet [18], we integrate dual backbones based on ResNet 
and Swin Transformer as the feature encoder, which involves 
one embedding layer, four feature fusion stages, as well as 
the proposed DFG module to further enhance the perfor-
mance of Transformer blocks. Symmetrically, the decoder 
branch is composed of multi-scale features, as well as the 
last prediction layer for making multi-landmark predictions. 
Furthermore, the corresponding features of the encoder and 
decoder are connected in the manner of UNet [49]. To eval-
uate computational efficiency, we report model parameters, 
FLOPs, GPU memory consumption, and inference latency to 
assess the feasibility of our method for clinical deployment 
(Supplementary Table 1).

Encoder

An input 2D X-ray image     3  × ×Χ H W , where H and W rep-
resent the height and width, is first fed into the dual-branch 
encoder. In the CNN branch, the backbone network adopts 
an ImageNet-pretrained ResNet, and the features are pro-
gressively downsampled in a hierarchical manner at multiple 
scales. The feature maps are composed of a series of residual 
block outputs, wherein the resolution of the nth block output 

can be expressed as C
n
 

1
1 1(2 1)    

2 2 
−

+ +× ×n
n n
H WK

 . Here, K1 = 256 and 
varies with the depth of chose ResNet. Then we denote these 
outputs as layers C1, C2, C3, and C4.
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Figure 1  Schematic of Res-SwinFusion (with cephalogram data as the example). The global information and local features are captured 
from the Swin Transformer encoder and the ResNet backbone, respectively. The encoded information is combined and input into the decoder 
to produce the localization results.

In addition, according to the design of Swin Transformer 
architecture, the embedding layer is responsible for dividing 
the input X into flattened uniform non-overlapping patches 

2  (   3)  N p
p

× ×Χ  , where 
2 

HW

p
=N  denotes the number of the 

patch tokens, and p is the patch size. We project these patches 
into the K2 dimensional embedding layer to obtain a high-

dimensional tensor 
× ×

Χ   
    2

H W
K

p p
e

. Here, the size of the 
embedding space K2 is set to 128, and p is 4. Subsequently, 
this tensor is fed into the encoder stacked by Swin 
Transformer blocks. As in the CNN branch, the hierarchical 
feature representations with long-term dependencies are 
captured through four stages, each comprising two blocks. In 
the last three stages, a patch merging layer is set above the 
Transformer blocks. We denote the output of each stage as 
S
n
, where n = 1, 2, 3, 4. Specifically, the Swin Transformer 

block is responsible for feature representation learning, 
whereas the patch merging layer is used to decrease the fea-
ture resolution and increase dimension. Instead of the stand-
ard structure, referring to the design of TransUNet [21], we 
replace the patch merging operation with strided convolution 
downsampling, which has been demonstrated to aid in mod-
eling object concepts at multiple scales. In addition, inspired 
by ST-UNet [18], we use a similar residual design named 
DFG to bridge information between block levels; however, 
our focus is on how to capture more spatial dependencies to 
enhance the discriminative representation of landmark struc-
tures. Hence, the output size of the four stages is expressed 

as 
1 12 2n n

H W
+ +× , and the dimensions are 2n−1 K2. Below, we 

elaborate on the described module.

Swin transformer block

By substituting a module with two partitioning configura-
tions (the window-based MSA and shifted window-based 
MSA) for the MSA module in the standard Transformer 
block, Swin Transformer builds two consecutive blocks to 
decrease the calculation of global self-attention (Figure 2). 
The SW-MSA, unlike the W-MSA, establishes cross-win-
dow information interaction. Therefore, self-attention can 
be performed in the proposed windows without additional 
computation. On the basis of the shifted window partitioning 
mechanisms, consecutive calculation procedures can be for-
mulated as follows:

	

1 1

1

1 1 1

ˆ MSA(LN( ))
MLP(LN( ))
SW MSA(LN( ))
MLP

ˆ

(LN(

ˆ
ˆ )

ˆ

ˆ)

l l l

l l l

l l l

l l l

s W s s
s s s
s s s
s s s

− −

+

+ + +

= − +

= +

= − +

= +

� (1)

where l denotes the layer index; ŝl and ŝl+1 denote the out-
puts of W-MSA and SW-MSA; MLP denotes the multi-layer 
perceptron; and LN represents layer normalization. Self-
attention is calculated as follows:
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Attention ( ,  ,  ) SoftMax

TQK
Q K V B V

d

 
= + 

 
� (2)

where Q, K, and V denote the query, key, and value matrices, 
respectively; d denotes the size of the query and key; and B 
denotes the relative position encoding.

Discrimination feature guidance module

Swin Transformer block enables multi-scale feature extrac-
tion and effectively decreases memory consumption through 
the window mechanism. However, it does not fully retain the 
global modeling abilities of Transformer [18]. For anatom-
ical structures, some specific radians, positions, and shapes 
must be considered first; however, when viewed at the global 
level, similar information inevitably leads to ambiguity, and 
some spatial representation and pixel-level guidance are 
required to compensate. Therefore, we propose a novel DFG 
module, which bridges the features before and after comput-
ing attention by each Swin Transformer block to deliver the 
shallow representations to depths, and constructs additional 
spatial information on the residual edge to further assist 
global information encoding (Figure 3). Consequently, the 
proportion of target landmarks in the encoding weight is 
improved, so that the model can establish global attention 
with more discriminative features and decrease the occur-
rence of detection ambiguity.

For a given stage n = (1, 2, 3, 4), the input of the W-Trans 
block 2( )   1  hw cls ×−   is first reshaped into 2     c h ws × × , where 

c
2
 = 2n−1 K2, 12n

H
h += , and 1w

2n

W
+= . We apply a dilated con-

volution layer to expand the receptive field and compress the 

channel to c
2
/2. Subsequently, the global average pooling 

function is used to obtain the factor of spatial attention. We 
multiply the above two matrices to balance the sacrifices of 
spatial resolution. Finally, as in SENet [50], a sigmoid func-
tion is used to explicitly model interdependencies among 
features. Specifically, these operations are denoted as 
follows:

	

3 3

1 1

Conv ( )
[Avgpool 

]

( )]
Softmax [ ( )]

Conv sigmoi

[ ]

d [[ ( )]

z

v z

k v z

a k

s R s
s R s
s s R s
s s R s

×

×

=
=
= ⊗

= 

� (3)

Here, R(·) is the reshape function to facilitate size match-
ing, Avgpool is the global average pooling operation, ⊗ 
denotes matrix multiplication, and ʘ denotes the Hadamard 
product.

Finally, we add the spatial attention features s
a
 and the 

output of the second block sl+1 to obtain the stage output 
feature S

n
.

	 1 [   ]l
n aS R s s += ⊕ � (4)

Feature interactive aggregation 
module

The output information from the dual backbone contains 
different encoded features. The CNN-based encoder focuses 
on extracting the local information, and gradually abstracts 
the features with more advanced semantic information from 
shallow to deep. However, when objects share similar distri-
bution patterns, confusion during modeling between channel 
dimensions can lead to large localization errors, because the 

Figure 2  (A) Architecture of the standard Transformer block. (B) Architecture of two cascaded Swin Transformer blocks.
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Figure 3  Detailed illustration of our discrimination feature guidance module.

receptive field restricted by the convolution kernel is small 
in the shallow layer. The Transformer-based encoder focuses 
on capturing global context connection and can model long-
range dependencies; however, the lack of fine-grained infor-
mation also leads to lower fitting efficiency. As stated above, 
we sought to establish an end-to-end model combining 
global context information and local fine-grained features 
to locate landmarks efficiently and precisely, with effective 
feature fusion at the core of information exchange. To retain 
the respective merits of the two branches, we referenced the 
idea of TransFuse [25] and use an FIA module to promote 
channel dependence from global information and enhance 
the spatial coding ability of local features (Figure 4). 
Specifically, the features 1     c h w

nC × ×  and 2     × ×c h w
nS   

from the dual backbones are fed into the FIA module at the 
same level. Consequently we obtain multi-level fused fea-
ture maps F

n
 with output resolutions of    k h w× × , which are 

input into the decoder. In detail, the integrated features are 
obtained through the following steps:

First, for the feature S
n
, we use the adaptive average pool-

ing layer to extract the corresponding spatial feature sta-
tistics in horizontal and vertical directions, respectively, as 
shown in the following equation:

	

1

1

 ( )

 ( )1

1 ,  

,  

i

w
h
n n

j

h

n
j

S S i j
w

snwi S i j
h

=

=

=

=

∑

∑
� (5)

where 2      × ×ih c h w
nS  , 2      × ×iw c h w

nS  . Afterward, we multiply 
these two aggregation tensors to emphasize the spatial posi-
tion information of landmarks, then perform two convolu-
tion operations to model the channel dependence

	
1 1ˆ ( )Conv ×= ⊗i ih w

n n ns S S � (6)

Similarly, the spatial attention map generated from the 
CBAM [51] block is used to promote the spatial coding 
capability for C

n
, which can be denoted as follows:

	

7 7Conv Avgpool ( ),  Maxpool ( )

sigmoid ( )ˆ

spa
n n n

spa
n n n

C C C

C C C

×=

= 

� (7)

where Avgpool (C
n
), 1   Maxpool ( )  × ×h w

nC   denotes dif-
ferent channel information, and ⟨,⟩ is the concatenation 
operation.

Inspired by the design of BiFusion [25], we also apply the 
convolutional layers with small convolution kernels to adjust 
two different encoding features to the same dimension. We 
then implement element-level multiplication to integrate 
both fine-grained features, formulated as follows

	
3 3 1 1 1 1 [ ( ) ( )]Conv Conv Convn n nb C S× × ×=  � (8)

Finally, the refined features are concatenated, and the out-
put feature F

n
 is formed via a Residual operation:

	  ˆResidual ,  ,ˆ  n n n nF C s b= � (9)

Decoder

As in UNet, we place each F
n
 into the upsampling layer to 

expand the resolution by a factor of 2 and merge them with 
the representations from the encoder via skip connection at 
the same level. After the last concatenation of the encoder 
and decoder features, we apply linear interpolation upsam-

pling and obtain the output F with a resolution of 
2 2
H W
× . 

Notably, to obtain a precise representation of shallow fea-
tures, we build the cascaded blocks with strided convolution 
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to downsample the input image, then obtain the low-level 
feature with the same resolution of F. After another skip con-
nection and upsampling, the peer features with the same size 
of H × W are calculated by the last feature restoration layer 
to obtain the final prediction.

Experiments

In this section, we briefly introduce the three benchmark 
datasets used herein. We then provide detailed experimental 
settings, post-processing of predicted outputs, and metrics 
used to evaluate our model’s performance.

Datasets

Public cephalogram dataset 

A total of 400 cephalometric X-ray images were provided 
by the ISBI 2015 Grand Challenge [52]. As advised by 
the organization, the data are divided into three subsets: a 
training set with 150 images, a Test1 set with 150 images, 
and a Test2 set with 100 images. Each cephalogram has a 
resolution of 1935 × 2400 and a pixel spacing of 0.1 mm 
along both dimensions, and includes 19 landmarks annotated 
by two experienced specialists. According to the challenge 
protocol, the meaning of two annotations was used as the 
ground truth. Furthermore, we rescaled the original images 
to a size of 768 × 768 and kept the fixed aspect ratio corre-
sponding to its original scale by zero padding.

Public hand dataset 

The hand X-ray dataset [31] contains 910 annotated images 
with an average size of 1563 × 2169. A total of 37 land-
marks have been manually annotated on bone joints and 
fingertips. To unify the pixel distance, we followed the pro-
cess described by Payer et al. [32], assuming a wrist width 

of 50 mm, as determined from the two annotated endpoints 
p and q (the first and fifth points, respectively) at the wrist. 
Therefore, physical distance can be expressed by multipli-

cation of the pixel spacing by 
2

50
p q−

. We normalized the 

image size to 512 × 512 and used the setup described by Zhu 
et al. [53]. We divided the data into 610 training and 300 
testing images.

Internal pelvic dataset 

This retrospective imaging data acquisition was reviewed and 
approved by the Ethics Committee of West China Hospital, 
Sichuan University (No. 2023–1975), with the requirement for 
written informed consent waived. All patient-related imaging 
data underwent strict de-identification procedures to remove 
any personally identifiable information. The original data 
remained within the hospital’s secure server system and were 
not transferred outside the institution. This dataset consists of 
326 postoperative coronal pelvic X-rays from patients who 
received total hip arthroplasty, and has an average resolution 
of 4000 × 3200 and a pixel distance of 0.1 mm. Ten land-
marks have been annotated by a radiologist and an orthopedic 
surgeon from the West China Hospital. We used the first 200 
images for training and the others as the test set. Notably, some 
patients’ conditions were too complicated (163 cases of oste-
oarthritis, 54 cases of fracture, and 108 cases of femoral head 
necrosis) to label and detect. We resized all data to 768 × 768.

Implementation details

Experimental setup 

The experiments were conducted on a server with Tesla 
V100 SXM3-32GB GPUs. We trained all models for 30 
epochs by using the Adam optimizer with a batch size of 2. 
The initial learning rate was set to 0.0001 and was stepped 
down by a factor of 0.85 every five epochs. No data aug-
mentation was implemented except for resizing, because we 

Figure 4  Illustration of our feature interactive aggregation module.
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sought to explore the potential of our framework. A total of 
45 minutes was required to complete the training procedure. 
We used Smooth L1 Loss to train the network. The formula-
tion is defined as follows:

	

, , , ,
1 1 1

2

2

1Loss Smooth 1 ( ,  )

1 ( ) ,  ,
2Smooth 1 ( ,  )

1 ,  

ˆ

ˆ ˆ
ˆ

ˆ ˆ
2

  

b

b b b

= = =

=

 − − <= 
 − − − ≥
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∑ ∑ ∑
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i j l i j l
i j l

L x x
HWL

x x x x
L x x

x x x x

� (10)

where x
i,j,l

 and , ,ˆi j lx  are the pixel intensities of corresponding 
positions in the ground truth and predicted heatmap, respec-
tively, and β is a threshold value, which we set to 1.5.

Heatmap regression 

For landmark localization, heatmap regression has been 
demonstrated to be a superior method [32]. The coordinate of 
the target landmark is usually marked by the Gaussian distribu-
tion and is formally defined as follows:

	

2 2

2
( )ˆ ˆ( )( ,  )

2
x x y yH x y exp

s
 − + −

= − 
   

� (11)

where ( )ˆ ˆ,x y  denotes the ground-truth coordinate of a 
landmark, and σ is used to control the size of the Gaussian 
distribution. Previous studies have reported the effects of 
various settings of the parameter σ on experimental results, 
thus demonstrating that appropriate selection is neces-
sary. Herein, we improved the ground-truth heatmaps from 
another perspective.

	

( , ) ,  ( ,  ) 0,
( ,  )

          0,  ( ,  ) 0.

H x y H x y
G x y
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a >

= 
≤

� (12)

Specifically, we added an exponential weight to the 
Gaussian distribution during the training phase, thus 
enhancing the importance of landmark pixels. The back-
ground pixels were considered invalid, and the exponen-
tial increase in target probability values made the network 
focus on losses from pixels near landmarks. As described 
in Section V-D.4, the convergence and generalization of the 
model were improved. Through experimental comparison, 
we set σ to 12.5 and α to 40 for optimal performance.

Post-processing 

During the test phase, we sought to devise a reliable method 
to identify the most credible coordinate values from the pre-
dicted probability maps. To calculate landmark coordinates, 
we first omitted the heatmap pixels smaller than 0.25 of the 
maxima, then preserved only the largest connected compo-
nent and removed the isolated regions, such as noise, thus 
eliminating some interference. Finally, the averages of posi-
tions where the pixel values exceed 0.88 times the maximum 
value were considered the predicted landmark coordinates.

Evaluation metrics

We used two frequently used metrics to evaluate localization 
performance: mean radial error (MRE) and successful detec-
tion rate (SDR). MRE is defined as the average Euclidean 
distance between the ground truth and the predicted loca-
tions, whereas SDR is the percentage of the predicted land-
marks with an MRE less than a given threshold. For the test 
set with N images and M landmarks, these metrics are cal-
culated as follows:

	

, , 2
  1   1

, 2
  1   1

, , 2  

1
MRE =  

1
MRE

 1 

{( , )  }
100

ˆ

SD

ˆ
SDR

N M

n m n m
n m

N M

n m
n m

n m n m

x x
NM

x
NM

n m x x r

NM

= =

= =

−

−
−

−
=

≤

=

×

∑ ∑

∑∑ � (13)

where x
n,m

, , ˆn mx  are the ground truth and estimated location, 
respectively, and r denotes a certain margin of error, such as 
2 mm, 4 mm, or 10 mm.

Results

All experiments were repeated ten times to decrease the 
influence of training randomness. We report the average 
performance for quantitative comparisons with current rep-
resentative methods. For public release of code and check-
points, we selected the model run with an MRE closest 
to the repeated-run average. Ablation experiments were 
then used to quantify the contribution of each component. 
Representative results from the three datasets are shown in 
Figure 5.

Cephalogram dataset

To verify the efficacy of our algorithm, we present the 
experimental results on two test datasets and quantitative 
analysis with the two metrics MRE and SDR. To ensure a 
fair and unbiased evaluation, we implemented, trained, and 
tested all comparative baseline models under exactly the 
same experimental conditions, with identical dataset splits, 
data preprocessing pipelines, and hardware environments. 
Our approach clearly outperformed all described methods 
according to the MRE evaluation criterion and achieved 
SOTA SDR performance with respect to the other meth-
ods (Table 1). Specifically, we obtained distance errors of 
1.04 mm and 1.37 mm on the two test sets, and correspond-
ing standard deviations of 0.90 and 1.23. Furthermore, we 
determined the precision ranges with the above thresh-
olds based on the SDR concerning the distance criteria, 
i.e., 2.0, 2.5, 3.0, and 4.0 mm. On Test1, we achieved the 
highest SDRs (88.56%, 93.16%, 96.04%, and 98.67%) and 
obtained equally superior results on Test2 (77.05%, 84.68%, 
89.79%, and 95.26%), thereby confirming the reliability of 
our approach in terms of overall performance. Notably, with 
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respect to Thaler et al. [33]’s method, we obtained 1.19% 
and 1.94% improvements in SDR within 2.0 mm on Test1 
and Test2, respectively.

Hand dataset

On this dataset, our method performed well, with an MRE 
of 0.63 and a 2 mm range SDR of 96.24% and 4 mm of 
99.71%. Payer et al. [32] incorporated spatial configuration 
inside their network and achieved an excellent accuracy of 
99.99% within 10 mm and a greatly improved MRE with 
respect to that of previous methods (Table 2). Furthermore, 
Thaler et al. [33] achieved a best MRE of 0.61 mm through 
modeling the shape of the target heatmap. With an MRE of 
0.63 mm and SDR values of 96.24% (2 mm) and 99.71% (4 
mm), our method demonstrates competitive mean error and 
superior success rates compared with prior approaches.

Internal pelvic dataset

To demonstrate the strengths of our method more objectively, 
we quantitatively compared it with open-source methods  

and the typical UNet. Our method achieved an MRE of 1.43 
mm and outperformed other methods, according to all met-
rics (Table 3). Notably, with respect to the classic UNet, the 
improvements in the marked SDRs with our model were 
18.84%, 17.96%, 15.53%, and 12.66%, respectively. Moreover, 
given the inherent complexities of landmark structures, no com-
parator methods achieved the desired detection performance. 
In contrast, 96.52% of the landmarks were identified within 
the error range of 4 mm with our method. Consequently, our 
method provides advantages even for difficult tasks. However, 
the localization performance of our approach indicated a mar-
gin some distance away from the clinical target. Therefore, in 
future work, we plan to focus on complex tasks and increase 
the robustness of the landmark localization system.

Ablation studies

We implemented a set of ablation experiments on the 
Test1 cephalogram dataset to confirm the contributions of 
each component. For simplicity, we applied UNet with a 
ResNet-101 encoder as the baseline network. Furthermore, 
we used the Swin Transformer backbone with the “base” 
configuration [37].

Figure 5  Examples of the qualitative results on cephalogram, hand, and pelvis datasets. Blue points represent the ground truth, and green 
points represent the predicted landmarks. The MRE of the selected image is marked at the upper left corner.
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Effects of the dual backbone encoder 

To examine only the effects of introducing the Swin 
Transformer, we fused the two encoded features via skip 
connection. The baseline U-Net had the worst performance; 
however, after aggregation of the global features from 
Swin Transformer, the performance effectively improved 
(Table  4). Specifically, analysis of the numerical values 
of all metrics indicated that this structure substantially 
decreased the MRE, by 0.72. Meanwhile, the SDR within 
2.0 mm improved to 72.90%. Therefore, the dual encoder 
achieved enhanced feature expression by extracting the 
semantic information with different emphases, even using 
the simplest connection. For convenience, we use “Swin-U” 
to denote this network structure.

Effects of the feature interactive 
aggregation module 

Replacing skip connection with our FIA module markedly 
increased the detection accuracy: the MRE decreased to 
1.16 mm, and the SDR in 2.0 mm improved by 13.61%. In 
addition, we performed a comparison with BiFusion [25], 
the original motivation underlying this module, to confirm 
that our fusion model could receive a broader attempt. Our 
improvements in FIA led to outperformance over BiFusion 
in all metrics (Table 4). Therefore, embedding more global 
context information and retaining the dual features’ respec-
tive advantages enabled the characteristic information of ana-
tomical structures to be accurately and effectively learned by 
the network.
We further examined failure cases from single-backbone 
models to clarify the roles of the dual encoder and FIA mod-
ule. When only the CNN backbone was used, similar local 
structures often distracted the model and produced large 
errors (Figure 6A). This problem became more pronounced 
in images with poor quality or abnormal anatomy, where 
the predicted probability map could collapse. When only 
the Swin Transformer backbone was used, the response was 
more concentrated but sometimes shifted away from the true 
landmark (Figure 6B). The fusion model decreased both 

Table 2  Localization Results on the Hand X-ray Dataset 
and Quantitative Comparison of our Method with Existing 
Methods

Methods MRE ±± SD SDR (%)
2 mm 4 mm 10 mm

Lindner et al. [9] 0.85 ± 1.01 93.68 98.95 99.94

Urschler et al. [65] 0.80 ± 0.93 92.19 98.46 99.95

Zhu et al. [53]a 0.84 95.4 99.35 99.75

Payer et al. [32]a 0.66 ± 0.74 94.99 99.27 99.99

Thaler et al. [33]a 0.61 ± 0.67 95.93 99.54 -

Ours 0.63 ± 0.62 96.24b 99.71 99.99

- Indicates no corresponding experimental results in the original 
article.
aRepresents open source approaches and indicates no correspon-
ding experimental results in the original article.
bIndicates P < 0.05.

The best results are marked in bold.
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failure patterns by combining local structural details with 
global contextual information.

Effects of the discrimination feature 
guidance module

Similar anatomical structures can mislead the network when 
full medical images are analyzed. Structures near the target 
landmark shared similar curvature and surrounding context 
(Figure 7A). Without DFG, these regions had misleading 
confidence responses, although the target location remained 
the maximal response (Figure 7B). Adding DFG to the 

Swin Transformer backbone improved the SDR at 2 mm by 
2.05% and decreased the MRE to 1.04 mm. Visualization 
(Figure 7D) indicated that DFG suppressed false responses 
and sharpened the landmark heatmap.

Effects of heatmap ground truth 

We conducted an ablation study to examine the heatmap set-
tings. A comparison with the results using the original Gaussian 
distribution indicated that, when training for only 30 epochs, 
we achieved enhanced performance (MRE of 1.04; SDR at 2 
mm of 88.56%; Figure 8). We also analyzed the effect of the 

Table 3  Comparison of Experimental Results on our Internal Pelvic Dataset

Methods MRE ±± SD SDR (%)
2 mm 2.5 mm 3 mm 4 mm

Unet [49] 3.14 ± 2.79 59.55 65.18 74.56 83.86

Zhu et al. [53]a 2.24 ± 1.89 66.64 70.32 80.18 88.5

Payer et al. [32]a 2.05 ± 1.77 68.28 72.10 83.07 89.35

Ours 1.44 ± 1.29 78.39b 83.14b 90.09b 96.52b

aRepresents open source approaches and indicates no corresponding experimental results in the original article.
bIndicates P < 0.05.

Note: All baseline models listed in this table were evaluated under exactly the same experimental conditions and dataset splits, to ensure a 
fair comparison.
The best results are marked in bold.

Table 4  Ablation Experiments of Each Module in our Method on the Test1 Dataset

Models MRE ±± SD SDR (%)
2 mm 2.5 mm 3 mm 4 mm

Baseline Unet 2.47 ± 1.90 67.72 74.84 79.43 85.89

Swin-U 1.75 ± 1.59 72.90 78.73 84.29 91.98

Swin-U + BiFusion 1.28 ± 1.44 84.18 90.71 94.01 97.35

Swin-U + FIA 1.16 ± 0.99 86.51 92.15 95.01 98.10

Swin-U + DFG 1.40 ± 1.21 83.27 85.07 90.86 97.34

Swin-U + BiFusion + DFG 1.10 ± 0.97 87.90 92.18 95.42 98.17

Swin-U + FIA + DFG 1.04 ± 0.90 88.56 93.16 96.04 98.67

The best results are marked in bold.

Figure 6  Visualization results of various backbone networks. From left to right: (A) results when the backbone network is only CNNs; (B) 
results when the backbone network is only Swin Transformer; and (C) results generated by the fusion model.
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setting of α on the network generalization performance and 
convergence rate. After use of an exponential weight, the MRE 
decreased more quickly, and the best results were achieved 
with α = 40. Therefore, the network achieved accelerated 
learning of the unique characteristics of anatomical structures 
by imposing a guide strategy on the landmark pixels.

Case study 

Although the model was robust to most complicated anatomic 
structures, some cases showed large errors. We identified 
l1 failure cases (radial error of 10 mm) in the cephalogram 
dataset (Figure 9). By analyzing the output probability maps 
of these cases, we identified several possible sources of 
error. First, similar radians remained a major cause of ambi-
guity (e.g., b). Second, some structural changes obscured the 
landmarks (e.g., a and c); consequently, the network faced 
difficulty in inferring these special structures from past nor-
mal learning. Furthermore, some adjacent landmarks and 
structures interacted (e.g., the teeth in d). To transcend qual-
itative observation and rigorously benchmark the model’s 
resilience, we further implemented a quantitative subgroup 
analysis under these challenging scenarios, categorized into 
abnormal anatomy, low contrast/quality, and ambiguous 
landmarks (Supplementary Table 2).

Comparison with existing CNN- 
transformer fusion methods
Unlike TransFuse, which uses the BiFusion module to 
directly integrate CNN and Transformer representations 
through attention-guided feature fusion, our FIA module 
adopts branch-specific enhancement strategies before fea-
ture interaction. Specifically, global Transformer features are 
refined by using positional statistics extracted along horizon-
tal and vertical directions, and CNN features are enhanced 
through spatial attention to preserve local structural details. 
This design explicitly addresses the localization ambiguity 
frequently encountered in anatomical landmark detection.

Furthermore, our DFG module differs from conventional 
attention mechanisms by introducing an additional discrimina-
tive guidance pathway across Swin Transformer blocks. Rather 
than simply recalibrating feature responses, DFG continually 
propagates shallow spatial information to deeper representa-
tions and supplements Transformer features with enlarged 
receptive-field information via dilated convolution. As demon-
strated in the ablation study, this design increased localization 
accuracy in regions containing anatomically similar structures 
and contributed to the overall robustness of the framework.

Discussion

Recent literature has indicated that anatomical landmark 
localization is moving beyond conventional CNN heatmap 
regression. Studies have reported high-resolution X-ray 
Transformer regression networks, direct-coordinate vision 
Transformer approaches, and broader evidence syntheses for 

AI-assisted cephalometric analysis [54–56], thus supporting 
the field’s shift toward models that preserve spatial precision 
while using global context to resolve ambiguous anatomy.

This context clarifies the role of Res-SwinFusion. The 
model does not simply replace CNNs with a Transformer 
branch. Instead, it keeps local structural features from 
ResNet, obtains broader contextual information from Swin 
Transformer blocks, and then aligns both streams through 
FIA and DFG. Recent work on explicit anatomical priors 
and 3D cephalometric localization has also emphasized that 
anatomical geometry should be built into the model design 
rather than left to implicit feature learning alone [57, 58]. 
Our results were consistent with that direction, because the 
largest gains occurred in cases in which similar local struc-
tures otherwise confused the probability maps.

Our model is nevertheless limited by its imaging scope. 
All experiments used two-dimensional X-ray images, 
including cephalometric, hand, and postoperative pelvic 
radiographs. Therefore, the method should not be assumed 
to be directly transferable to CT, cone-beam CT, MRI, ultra-
sound, or dynamic fluoroscopy images. CBCT and CT land-
mark studies require volumetric reasoning, slice-to-volume 
consistency, anisotropic voxel handling, and different anno-
tation protocols [59–61]. MRI applications add further chal-
lenges, because tissue contrast, acquisition planes, motion, 
and sequence-dependent intensity profiles substantially dif-
fer from those of radiographs [62]. Cross-modality transfer 
is likely to require modality-specific pretraining, 2.5D or 3D 
backbones, uncertainty estimation, and external validation 
rather than direct reuse of the current X-ray model.

A second limitation is that the internal pelvic dataset was 
retrospective and relatively small. Although it included dif-
ficult postoperative cases, it came from a single institutional 
workflow. Future studies should therefore test the model on 
multi-center datasets with different scanners, acquisition 
protocols, disease distributions, implants, and image qual-
ity levels. Generalist medical foundation models and 2D/3D 
localization frameworks provide promising tools for such 
adaptation, but they still require task-specific calibration and 
clinical validation before deployment [63, 64].

Finally, clinical utility depends on more aspects than 
landmark error alone. Prospective studies should measure 
whether automated localization decreases annotation time, 
improves inter-observer consistency, and changes down-
stream diagnostic or surgical planning decisions. The model 
should also report uncertainty for low-quality images, unu-
sual anatomy, and landmarks near overlapping structures. 
These safeguards will be important before the framework 
can be used as a decision-support tool in routine practice.

Conclusion

This study presents Res-SwinFusion, a landmark locali-
zation network integrating a ResNet branch with a Swin 
Transformer branch. The model combines local structural 
detail with long-range contextual modeling, thus improv-
ing discrimination between anatomically similar land-
marks. The DFG module strengthens spatial guidance 
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Figure 9  Illustration of detected landmarks with large MREs. Red points indicate the ground truth, and the predicted coordinates are repre-
sented by green points. Similarly, the probability maps are shown with the examples.

Figure 8  (A) Relationship curves between MRE and epochs on the cephalometric Test1 dataset. Differently colored lines represent different 
settings of α. (B) Detected probability maps when the training epoch is 5. Top: without α. Bottom: α = 40.

Figure 7  Qualitative analysis and visualization before and after use of DFG. From left to right: (A) the ground truth of the example landmark; 
(B, C) results without use of DFG; (D, E) results with use of DFG. Additionally, (B) and (D) show the visualization image of the probability maps 
in the selected region; (C) and (E) present the corresponding output heatmaps.
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across Transformer blocks, whereas the FIA module fuses 
local and global representations before heatmap decoding. 
Experiments on cephalometric, hand, and pelvic X-ray data-
sets supported the effectiveness of this design. Future work 
should validate the method prospectively, test it across addi-
tional imaging modalities, and quantify its effects on clinical 
measurement and planning workflows.
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