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Manual landmark detection in lower limb medical imaging is time-consuming and error-prone. 
Recently, authors have proposed automatic landmark detection methods based on image 
segmentation, coordinate regression, or a combination of both to aid clinicians. While the latter 
approach shows promising results, detailed optimization of its design choices, including the 
integration strategy and hyperparameter tuning, remains unexplored. This study investigates the 
optimal approach to combining image segmentation and coordinate regression, focusing on selecting 
suitable network architectures and optimizing their configurations. We contrasted two methods for 
training the network: end-to-end training and cascading the subnetworks, and assessed the optimal 
architecture for each strategy. For landmark segmentation, we compared U-Net and Swin-UNETR 
models, and for coordinate regression, we assessed VGG-16, ResNet-50, and Swin-B. Performance was 
evaluated in detecting eight landmarks in each leg of a complete lower-limb X-ray and in examining 
their influence on the clinical task of measuring lower-limb malalignment. Swin-UNETR slightly 
outperformed U-Net, with a lower Euclidean distance error (1.74 mm [0.98 mm] versus 1.75 mm [1.06 
mm]) and significantly fewer false positives (160 vs. 502). For coordinate regression, VGG-16 in the end-
to-end configuration achieved the highest accuracy (2.44 mm [2.12 mm]) and proved optimal for lower 
limb alignment assessment, with 97.88% of estimations falling within 1.5◦ of the hip–knee–ankle 
angle ground truth. Combining Swin-UNETR with VGG-16 within an end-to-end framework yields the 
most accurate and robust performance for automated lower-limb landmark detection and alignment 
assessment.
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Recent studies reveal a prevalence of hip (8.55%), knee (24%), and ankle (1%) osteoarthritis worldwide1–3. Lower 
limb alignment plays a crucial role in musculoskeletal health since any coronal malalignment of the lower limb 
is considered a risk factor for osteoarthritis (OA)4. Lower-limb coronal malalignment is commonly described 
as varus or valgus based on the deviation of the mechanical axis of the lower extremity from neutral alignment.

To confirm malalignment, full lower-limb (FLL) radiographs are used, as they are considered the gold 
standard5. On an FLL image, the mechanical axis is defined as the line connecting the center of the femoral 
head to the center of the ankle joint. In varus malalignment, this axis shifts medially relative to the knee joint 
center, resulting in increased load distribution in the medial tibiofemoral compartment. In valgus alignment, the 
mechanical axis shifts laterally, increasing load in the lateral compartment4.

To perform a complete malalignment test6, in addition to the mechanical axis, complementary axes are 
defined over the FLL image. Through them, measurements that allow malalignment assessment are computed 5. 
Figure 1 illustrates the anatomical landmarks and axes definitions used for these measurements.
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Despite technological advances, landmark annotation remains a manual process performed by clinicians. As 
a result, malalignment assessment is time-consuming and prone to variability in alignment-quality evaluation, 
as interpretations can differ with physicians’ expertise7.

Arthroplasty is one of the most common surgical treatments for alleviating pain and restoring function in 
patients with end-stage osteoarthritis of the lower limb8. While pain relief is the primary goal, achieving neutral 
mechanical alignment, typically defined as a hip–knee–ankle (HKA) angle close to 0◦, remains essential, as it 
contributes to the longevity of the prosthesis9,10 and is a significant predictor of the risk of long-term aseptic 
wear and loosening11,12.

Artificial intelligence (AI) applications for assessing and managing lower limb malalignment in orthopedics 
have gained significant attention in recent years due to their potential to enhance healthcare delivery and improve 
diagnostic accuracy13. Recent studies demonstrate the use of AI for the automatic evaluation of lower limb 
alignment14–18. Nguyen et al.14 utilized a cascaded regression approach to locate essential anatomical landmarks 
required for malalignment evaluation. Pei et al.15 employed three independent U-Net-based neural networks to 
segment the hip, knee, and ankle joints from full lower limb (FLL) X-rays to measure the hip-knee-ankle angle.

Moon et al.16 segmented bone regions from full-leg radiographs, enabling automated measurement of 
lower extremity alignment. Sanchez et al.17 introduced an approach that combines image segmentation with 
coordinate regression, enhancing lower limb alignment assessment, which is crucial for orthopedic diagnostics 
and treatment planning. Kim et al.18 designed a ResNet-based deep learning model for automated measurement 
of the hip-knee-ankle (HKA) angle on lower limb radiographs, achieving high accuracy.

In contrast to the methodologies that rely on segmenting regions of interest or performing regression to 
estimate the level of malalignment, Sanchez et al.17 proposed a segmentation-guided coordinate regression 
(SGR) architecture to improve the robustness of landmark segmentation. Landmarks are first segmented, and 
the probability segmentation map is processed along with the input image to perform coordinate regression. 
Their proposed network topology compensated for missed or ambiguous segmentations, achieving superior 
accuracy compared to standard coordinate regression. That said, the approach increases the complexity of the 
architecture and training, leaving ample room for hyperparameter optimization that was previously unexplored.

Fig. 1.  Angular and distance measurements used in lower limb alignment assessment. (i) Mechanical lateral 
distal femoral angle (mLDFA): angle between the mechanical axis of the femur, defined by the line connecting 
the femoral head center to the knee center (1 → 2), and the tangent to the distal femoral condyles (3 → 4). 
Mechanical medial proximal tibial angle (mMPTA): angle between the mechanical axis of the tibia, defined 
by the line connecting the knee center to the ankle center (2 → 7∗), and the tangent to the tibial plateau (5 
→ 6). (ii) Hip–knee–ankle angle (HKA): angle between the mechanical axis of the femur (1 → 2) and the 
mechanical axis of the tibia (2 → 7∗). (iii) Mechanical axis deviation (MAD): perpendicular distance from the 
knee center (2) to the mechanical axis of the lower limb, defined by the line connecting the femoral head center 
to the ankle center (1 → 7∗). Here, 7∗ denotes the ankle joint center, computed as the midpoint of two ankle 
landmarks.
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This study builds on the segmentation-guided coordinate regression framework introduced in17 and uses 
the same annotated dataset, while focusing on benchmarking alternative segmentation architectures, regression 
backbones, and training strategies.

In this study, we aimed to enhance landmark detection by systematically analyzing and benchmarking the 
segmentation-guided coordinate regression architecture. Our main contributions are the following. First, we 
evaluated two segmentation architectures to identify the most effective for guiding landmark detection. Second, 
we compared end-to-end training with a cascaded approach, where the segmentation and regression networks 
are trained separately. This analysis helps determine whether joint optimization improves performance or if 
independent training yields comparable accuracy. Third, we investigated various regression architectures 
coupled to each training scheme to understand their impact on localization performance, thereby identifying 
the most suitable topology for refining landmark predictions across diverse anatomical structures and imaging 
scenarios.

Materials and methods
Landmark segmentation
We contrasted two network architectures: the U-Net19 and Swin-UNETR20. U-Net represents a robust and widely 
validated fully convolutional approach, providing a reliable baseline due to its effectiveness in capturing spatial 
features at multiple scales. Swin-UNETR, on the other hand, incorporates transformer blocks into its encoder, 
enabling it to leverage global context through self-attention mechanisms, which may potentially improve 
segmentation accuracy by modeling long-range dependencies. Swin-UNETR was included as a representative 
transformer-based segmentation architecture to enable a controlled comparison with U-Net within the same 
implementation framework, rather than as an exhaustive benchmark against all possible 2D transformer-based 
alternatives.

For both models, we used the implementations available in the Medical Open Network for AI (MONAI) deep 
learning framework, applying them to our 2D X-ray landmark segmentation task and modifying only the input 
and output layers to align with our specific task requirements. In this context, “landmark segmentation” refers 
to the prediction of landmark-centered probability maps rather than delineation of full anatomical structures. 
Each landmark was represented during training by a binary circular mask centered on the annotated point, and 
the predicted masks were later converted into landmark coordinates by thresholding and centroid extraction. 
We trained independent models with randomly initialized weights for each anatomical region of interest, with 
the number of output channels corresponding to the number of landmarks present in the target image. The hip 
model had one channel, the knee model five, and the ankle model two. During evaluation, to derive coordinates 
from the segmentation model outputs, we applied a probability threshold (t) of 0.5 to binarize the predicted 
probability maps. Next, we computed the centroid of each binary mask and took these as the corresponding 
coordinates. Next, we converted pixel coordinates to physical space measured in millimeters, using the DICOM 
pixel spacing values embedded in each radiograph.

Regression head assessment
We investigated three models for the coordinate regression section: VGG-16, ResNet-50, and Swin-B. VGG-1621 
is particularly effective at capturing hierarchical features. Meanwhile, ResNet-5022 was selected for its ability to 
enable the training of deeper architectures through residual connections, which help mitigate vanishing gradient 
issues. Deeper networks can model more complex spatial relationships, potentially improving the accuracy of 
regressing anatomical landmarks from medical images. The Shifted Window (Swin) transformer23 (baseline 
configuration: Swin-B) was included for its ability to capture fine-grained spatial information, which could make 
it effective for landmark detection.

Each regression model had pretrained (ImageNet) weights. Additionally, we modified the input layer of each 
network to accept the concatenation of 3-channel X-rays and the probability maps generated by the segmentation 
models, where the number of probability map channels corresponds to the number of landmarks in each region. 
Thus, the network took four input channels for the hip, eight for the knee, and five for the ankle. The output of 
each network corresponded to the total x- and y-coordinates to be estimated. Similar to image segmentation, on 
inference, we converted the estimated pixel coordinates to physical points.

Since the pretrained backbones were originally designed for RGB natural images, each grayscale X-ray was 
replicated across three identical channels before concatenation with the segmentation probability maps; the 
radiographs were therefore not treated as true RGB images.

End-to-end versus Cascade networks
We compared two training strategies to identify the most effective one for landmark detection. The first was 
the end-to-end strategy proposed by Sanchez et al.17, termed segmentation-guided coordinate regression. 
In this strategy, a segmentation model initially estimates landmark positions by generating probability maps 
centered on the target location. The previous output is concatenated with the original X-ray image and input 
to a regression network to estimate the x- and y-coordinates of the landmarks. In the strategy proposed by 
Sanchez et al., both models are trained end-to-end, meaning that the entire network architecture is optimized 
simultaneously; see Fig. 2.

On the other hand, the cascade strategy integrates a separately trained segmentation with a regression model 
(see Fig. 3). In a first phase, a network is trained to detect the desired landmarks by segmenting masks centered 
at the desired position. Once the segmentation network is trained, probability maps are generated for each X-ray. 
In a second phase, X-rays are concatenated with the inferred probability maps, and a coordinate regression 
network is independently trained.
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To provide a controlled and reproducible comparison between the assessed strategies, we trained all the 
described networks for 100 epochs using the Adam optimizer with a constant learning rate of 10−5. This unified 
training setup was adopted to provide a controlled comparison across architectures and training strategies, 
although it may not represent the optimal hyperparameter configuration for every model family. For the end-to-
end training strategy, the total loss is expressed as follows:

	 Ltotal = LSgm + LReg.� (1)

For the segmentation branch of the end-to-end strategy (LSgm) and the segmentation network of the cascade 
approach, we employed a uniform weighted combination of Dice (LDsc) and Cross-entropy (LCE) as the loss 
function24:

	 LDsc-CE = LDsc + LCE,� (2)

	
LDsc = 1 − 2T P

2T P + F P + F N
,� (3)

	 LCE = − (y log(ŷ) + (1 − y) log(1 − ŷ)) .� (4)

where TP, FP, and FN correspond to the true positive, false positive, and false negative classified pixels, 
respectively. For LCE, ŷ and y represent the predicted and ground truth value, respectively. Meanwhile, for the 
regression branch of the end-to-end scheme (LReg) and the coordinate regression of the cascade, we utilized the 
mean squared error (MSE) loss function:

	
LMSE = 1

n

n∑
i=1

∥pi − p̂i∥
2
2� (5)

where n is the number of samples, pi denotes the ground-truth landmark coordinates, and p̂i denotes the 
estimated landmark coordinates.

Training and network implementations were performed in Python 3.8.6 using PyTorch 1.7.1, with MONAI 
0.7.0 integrated for medical imaging tasks. The training was conducted on Google Colab using the embedded 
Nvidia Tesla P100 GPU.

Fig. 3.  Graphical representation of the cascade approach. In the first phase, an image segmentation model (e.g 
a Swin-UNETR) is trained to detect a set of landmarks. Then, probability maps indicating the possible location 
of the landmarks are generated using the X-rays. In the second phase, the probability maps are concatenated 
with the X-ray images and used to train a regression network.

 

Fig. 2.  End-to-end landmark detection approach. This methodology combines an image segmentation model 
(e.g., a Swin-UNETR) and a regression network to estimate landmark coordinates. In this approach, both 
models are trained jointly.
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Dataset
A single radiologist annotated a dataset of 919 X-rays, including pre-operative and post-operative scans 
retrospectively obtained. The dataset was randomly selected from the Hip and Knee Unit clinic at AZ Maria 
Middelares Hospital, representing a single-center cohort. All subjects had previously signed an informed consent 
form authorizing the collection and use of their data for research purposes. All radiographs were acquired 
using a Siemens Luminos dRF Max fluoroscopy system. During acquisition, subjects were positioned 1.50 m 
from the X-ray source, with collimation set to 41.8 cm × 41.8 cm and tube voltage set to 90 kV. The system 
automatically adjusted exposure parameters for patients with larger body mass to ensure adequate image quality. 
In post-processing, up to four individual images were stitched to generate the final full lower limb radiograph. 
The demographic and radiographic characteristics of the dataset are summarized in Table  1, including age, 
sex distribution, presence of external devices, laterality markers, and Kellgren–Lawrence grades (KL). These 
bounding boxes were manually defined to extract regions of interest (ROIs) around each joint, ensuring 
consistent anatomical coverage while reducing irrelevant background and enabling standardized preprocessing 
prior to model training, as shown in Fig. 4. These landmarks correspond to anatomically defined points at the 
hip, knee, and ankle that are used to derive the lower-limb alignment measurements described in Section “Lower 
limb malalignment evaluation”. The dataset and landmark annotation protocol used in this study are the same as 
those introduced in17. We cropped the images using the annotated bounding boxes and used 80% of the images 
for training and validation, and 20% for testing. During training and validation, we employed a batch size of 8 
for all models, with images being resampled to a fixed size of 512 × 512 pixels.

For the segmentation task, we generated binary circular masks with a radius of 15 pixels, centered on the 
desired landmark positions. This value was selected as a moderate mask size to provide sufficient spatial support 
for the segmentation-guided regression pipeline while preserving localized supervision around each landmark. 

Fig. 4.  Bounding boxes were placed to define and crop the hip, knee, and ankle regions. A total of eight 
landmarks were annotated on each leg side of each FLL X-ray and were considered the ground-truth positions.

 

Variable Category Value

Gender

Male [%] 34.06

Female [%] 56.47

Unknown [%] 9.47

Age Years [median (IQR)] 64 (18)

Presence of external devices

Hip (one side) [%] 10.01

Hip (both sides) [%] 4.13

Knee (one side) [%] 35.15

Knee (both sides) [%] 13.93

Ankle (one side) [%] 2.39

Ankle (both sides) [%] 0.11

Presence of “R” marker Obstructing marker [%] 7.73

KL grade

0 [%] 44.29

1 [%] 33.02

2 [%] 10.88

3 [%] 6.80

4 [%] 5.01

Table 1.  Descriptive characteristics of the dataset. Continuous variables are reported as median (IQR), and 
categorical variables as percentages.
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In our framework, the segmentation output serves as an intermediate probability map that guides the regression 
network rather than directly defining the final landmark coordinates.

The selected radius of 15 pixels was based on prior work25, in which multiple mask sizes were evaluated 
and medium-sized masks were found to provide the best trade-off between segmentation learnability and 
localization precision.

Lower limb malalignment evaluation
To evaluate the clinical relevance of precise landmark detection, we measured four lower-limb alignment 
metrics (MAD, mLDFA, mMPTA, and HKA) using the annotated landmarks and compare these measurements 
with those obtained using the examined landmark-detection methods. In our implementation, see Figs.  1 
and 4, the mechanical axis deviation (MAD)26 is the distance between the lower extremity’s mechanical axis 
(1 → center between 7 and 8) and the knee joint’s center (2).

The deviation from the normal of the lower extremity alignment was evaluated by the joint orientation 
angles: the mechanical proximal tibial angle (mMPTA) and lateral distal femoral angle (mLDFA)26. The mMPTA 
was defined as the angle formed between the mechanical axis of the tibia (center between 7 and 8 → 2) and 
the tibial plateau line (5 → 6). Meanwhile, the mLDFA was defined as the angle between the mechanical axis of 
the femur (1 → 2) and the femur chondyle line (3 → 4). Additionally, we measured the hip-knee-ankle angle 
(HKA), which is defined as the angle between the mechanical axes of the femur and tibia in the coronal plane. 
In this study, the evaluation focuses on the absolute error between predicted and reference HKA values rather 
than on directional classification. Although varus and valgus alignment can be defined clinically based on the 
direction of mechanical axis deviation, such a sign convention was not explicitly incorporated in this work.

Metrics
Landmark detection accuracy of each approach was assessed using the Euclidean distance, which is calculated 
as follows:

	 Distance(pi, p̂i) =
√

(pi,x − p̂i,x)2 + (pi,y − p̂i,y)2.� (6)

where (pi,x, pi,y) and (p̂i,x, p̂i,y) correspond to the ground-truth and estimated x-y coordinates of landmark 
i, respectively. Additionally, we compared the approaches by counting the number of detections above 10 mm, 
which we considered erroneous. This threshold was used as an operational criterion to identify large localization 
failures and quantify outlier detections, rather than as a strict clinical cutoff. To complement this analysis, we 
also report Successful Detection Rate (SDR) values across multiple thresholds. In parallel, we evaluated the 
proposed methods using the Successful Detection Rate (SDR), which is the ratio of estimated landmarks that fall 
within a reference threshold. SDR is computed as follows:

	
SDRz = nd

n
× 100%� (7)

In (7), nd denotes the number of landmarks whose Euclidean distance error is below the threshold z and n 
denotes the total number of evaluated landmarks. Regarding the alignment evaluation, we quantified the error 
between the ground truth values and those derived from the estimated landmark positions via the mean absolute 
error (MAE):

	
MAE = 1

n

n∑
i=1

|m̂i − mi|� (8)

where m̂i represents the alignment metric value computed from the estimated landmark positions, mi denotes 
the corresponding value computed from the ground-truth annotated landmarks, and n is the number of test 
samples.

Results
First, we compared the performance of the U-Net and Swin-UNETR models. Table  2 shows the achieved 
median Euclidean distance error and interquartile range (IQR) for each network type. From Table 2, we observe 
a superior performance from the Swin-UNETR model after the exclusion of false positives. In terms of the 
distance error, the difference between the Swin-UNETR network and the U-Net is marginal (1.74  mm and 
1.75 mm, respectively). However, the Swin-UNETR yields significantly fewer false positives (160 vs. 502). Given 
the superior results achieved with the Swin-UNETR architecture, we employed this network in the end-to-end 
vs. cascade comparison.

Network Euclidean distance [mm] Missed detection False positives

U-Net 1.75 (1.06) 4 502

Swin-UNETR 1.74 (0.98) 4 160

Table 2.  Metrics for each image segmentation network for landmark detection. We report the median 
Euclidean distance, IQR, missed detections, and false positives.
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Figure  5 and Table  3 group the results over the eight targeted landmarks and show the distribution and 
numerical values of the Euclidean distance for the two training strategies using different regression heads. 
Figure 5 shows the distribution of the Euclidean distance, where the detections above 10 mm have been filtered 
and are displayed independently. Conversely, Table 3 describes the results obtained from the complete test data. 
From Fig. 5, we observe that VGG-16 is the optimal regression network. Regardless of the training modality 
(end-to-end or cascade), VGG-16 achieves lower Euclidean distance errors, leading to fewer detections above 
10 mm. For ResNet-50 and Swin-B, a trade-off occurs in terms of median Euclidean distance error. Although 
ResNet-50 in the cascade configuration outperforms Swin-B, in the end-to-end approach, Swin-B surpasses 
ResNet-50. Altogether, the end-to-end approach performs better than the cascade one.

Regarding detections above 10 mm, Fig.  5 shows a notable performance difference between the training 
schemes and regression networks. Out of 2944 landmarks, we observe that VGG-16, in the end-to-end approach, 
yielded fewer (31) of this type of detection than the cascade approach (61). Meanwhile, the ResNet-50 produced 
150 on the end-to-end configuration and 1046 on the cascade mode. The Swin-B architecture achieved 171 
detections above 10 mm using the end-to-end approach and 2132 using the cascade. Table 3 confirms that 
the VGG-16 had the best performance compared to ResNet-50 and Swin-B since a significantly lower median 
Euclidean distance error (Wilcoxon test α = 0.05) was achieved with this configuration.

To complement the quantitative evaluation, Fig. 6 provides a qualitative comparison of landmark localization 
performance across different backbone networks and training strategies. Consistent with the quantitative 
results, the end-to-end configuration produces predictions that are more closely aligned with the ground-truth 
landmarks than the cascade approach. Among the evaluated backbones, VGG-16 shows more consistent and 
accurate landmark localization, particularly in challenging cases such as prosthetic joints and low-contrast 
anatomical regions.

Figure 7 displays the SDR for each training and architecture setup, where all targeted landmarks are grouped 
together. The VGG-16 shows superior performance, achieving the highest SDR at all distances. At 3 mm, both 
VGG-16-based methods already achieve an SDR above 60%, a condition not observed for the ResNet-50 and 
Swin-B approaches. Additionally, at 6  mm, VGG-16 models reach SDR values of around 90%, a level that 
ResNet-50 and Swin-B cannot match even at 10 mm. Overall, in terms of SDR, VGG-16 is the best network, 
followed by Swin-B and ResNet-50, both on the end-to-end configuration.

In addition to previous findings, Fig. 7 shows a clear difference between end-to-end and cascade training 
for the ResNet-50 and Swin-B approaches. End-to-end training consistently outperforms cascade training at 

Method End-to-end Cascade

VGG-16 2.44 (2.12)∗+ 2.45 (2.31)

ResNet-50 4.17 (3.51) 7.95 (6.68)

Swin-B 3.76 (3.52) 17.81 (21.11)

Table 3.  Landmark detection accuracy achieved for each training strategy combined with different regression 
heads. We report the median Euclidean distance error [mm] and IQR. Bold numbers indicate statistically 
significant differences (Wilcoxon test, α = 0.05) between the end-to-end and cascade methods. Within the 
end-to-end approaches: ∗ indicates statistically significant differences for VGG-16 vs. ResNet-50 (Wilcoxon 
test, α = 0.016 after Bonferroni correction). + indicates statistically significant differences for VGG-16 vs. 
Swin-B (Wilcoxon test, α = 0.016 after Bonferroni correction)

 

Fig. 5.  Euclidean distances and detections above 10 mm for the end-to-end and cascade approaches using 
different regression heads.
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Fig. 7.  The successful detection rate for the investigated training schemes and regression models.

 

Fig. 6.  Qualitative comparison of landmark predictions using end-to-end and cascade approaches. Example 
X-ray images from the hip, knee, and ankle are shown with overlaid landmark predictions from different 
backbone networks (VGG-16, ResNet-50, and Swin-B) together with the ground-truth annotations. The 
examples include both native and prosthetic joints and illustrate the visual differences in landmark localization 
between the two approaches.
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all evaluated threshold levels. However, for the VGG-16 architecture, this difference is almost negligible and 
varies with the threshold level. Below 4 mm, cascade training yields higher SDR values compared to end-to-end 
training. Conversely, above a 4 mm threshold, end-to-end training achieves higher SDR values than the cascade 
approach.

To better understand landmark-dependent performance, we also conducted a landmark-wise analysis. 
Although Fig. 7 aggregates all landmarks, landmark-wise errors reveal a clear dependence on landmark type 
(Supplementary Table S2). For the best-performing configuration (VGG-16 end-to-end), the femoral landmark 
(HoF) achieved the lowest mean localization error (1.50 ± 1.02 mm), while the knee joint-line landmarks (Right/
Left-FC and Right/Left-TP) exhibited higher mean errors (3.89–3.95 mm) with larger variability. In general, the 
cascade strategy amplified errors for the most challenging landmark types; for example, Swin-B in cascade mode 
produced markedly larger errors for several knee-related landmarks (e.g., Left-FC 30.54 ± 6.73 mm and Left-
TP 34.70 ± 8.14 mm), indicating that these landmarks are more sensitive to error propagation and are harder 
to localize reliably. Overall, consistently higher mean errors and larger SDs for these landmarks indicate lower 
localization reliability and a higher likelihood of large-error outliers compared with more distinctive landmarks 
such as HoF.

In addition to continuous error measures, we report the percentage of cases with HKA error below 1.5◦ as 
an interpretable indicator of agreement with the reference measurements. This threshold was used as a practical 
tolerance to reflect small angular deviations and to facilitate comparison across models, rather than as a strict 
clinical decision boundary. Table 4 shows the mean absolute error achieved on the alignment metrics between the 
metrics computed using the ground truth landmarks and those achieved by employing the estimated landmark 
positions. Table  4 indicates that accurate landmark detection leads to correct alignment measurements, as 
evidenced by the VGG-16 model, which achieves lower error across all evaluated metrics. As shown in Table 4, 
we observe a trade-off in the alignment metrics’ accuracy. The end-to-end approach using the VGG-16 network 
achieves the best results for MAD, HKA, and percentage of HKA measurements below 1.5◦. However, the cascade 
training scheme is superior for measuring mLDFA and mMPTA. The performance of VGG-16 is followed by 
that of Swin-B and ResNet-50, both in the end-to-end configuration. However, both are suboptimal, as errors 
in specific metrics are twice those of the VGG-16 network. This difference is more apparent in the percentage 
of HKA errors below 1.5◦, where the gap compared to Swin-B is 8.05%, and compared to ResNet-50 is 25.46%. 
From a clinical perspective, these results indicate that improvements in landmark localization are meaningful 
insofar as they translate into more reliable lower-limb alignment measurements, including MAD, mLDFA, 
mMPTA, and HKA. Because these measurements are routinely used in deformity assessment and preoperative 
planning, the proposed automation may support clinical workflow by reducing manual measurement burden 
and improving consistency across evaluations.

Discussion
In terms of image segmentation network performance, our results show that Swin-UNETR can detect anatomical 
landmarks as reliably as the traditional U-Net, while yielding fewer false positives. This outcome is particularly 
interesting given that transformer-based models such as Swin-UNETR are generally considered to require large-
scale pretraining or extensive datasets to achieve optimal performance20,27.

In our experiments, Swin-UNETR achieved nearly identical Euclidean distance errors to U-Net, but 
generated substantially fewer false positives (see Supplementary Table S1). This indicates that Swin-UNETR not 
only detects landmarks accurately but also focuses its predicted probability maps more precisely around the true 
anatomical locations. These results are consistent with reports by Hatamizadeh et al.20, Dosovitskiy et al.28, and 
Chen et al.29 that the hierarchical Swin Transformer encoder, which utilizes shifted window-based self-attention, 
can effectively integrate local details and global context, thereby improving discrimination between true and 
false detections in medical image segmentation tasks.

When evaluating the coordinate regression architectures paired with the training modalities, VGG-16 
proved to be the most accurate. In terms of Euclidean distance error, SDR, and alignment assessment, VGG-
16 outperformed ResNet-50 and Swin-B. We hypothesize that the metrics achieved by VGG-16 result from its 
architecture, the choice of hyperparameters, and the nature of the task: estimating landmark coordinates. Both 
VGG-16 and ResNet-50 consist of stacked convolutional layers; however, VGG-16 includes three FC layers at 

Method MAD [mm] mLDFA [◦] mMPTA [◦] HKA value [◦] HKA error [◦] < 1.5◦

End-to-end

 VGG-16 1.88 ± 1.47 1.91 ± 1.39 1.10 ± 1.31 0.47 ± 0.37 97.88

 ResNet-50 4.11 ± 2.90 2.57 ± 1.72 1.37 ± 1.35 1.1 ± 0.77 72.42

 Swin-B 2.74 ± 2.18 2.34 ± 1.61 1.23 ± 1.33 0.71 ± 0.55 89.83

Cascade

 VGG-16 2.21 ± 1.93 1.78 ± 1.24 0.94 ± 1.09 0.56 ± 0.48 94.49

 ResNet-50 6.13 ± 4.75 2.32 ± 1.63 1.73 ± 1.43 1.77 ± 1.28 47.03

 Swin-B 7.37 ± 5.33 2.68 ± 1.90 1.81 ± 1.58 2.29 ± 1.53 35.16

Table 4.  Mean absolute error values for each of the assessed alignment metrics. Bold numbers represent the 
approaches with the best performance.
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the end of the network that can be employed to learn the mapping from encoded image features to landmark 
coordinates better. Conversely, ResNet-50 has only one FC layer after the final convolutional block, which might 
not be sufficient to learn a pixel-coordinate representation. Furthermore, the VGG-16 architecture processes the 
entire region of interest, whereas Swin-B analyzes patches of the same image. This patch-wise approach could be 
hindering the Swin-B network from properly learning the mapping from image to coordinates.

Regarding the evaluation of end-to-end versus the cascade training scheme, we found that end-to-end 
algorithms generally outperformed their cascade counterparts, except for the VGG-16 model, where the 
difference was marginal. We theorize this superior performance arises from two main reasons: (1) the end-
to-end architecture includes more parameters in its design and (2) the simultaneous optimization of both 
segmentation and regression models. Having more parameters enables the end-to-end method to learn the 
mapping from images to coordinates better. Additionally, due to the concurrent optimization, segmentation 
errors can be corrected. This does not occur in the cascade approach, where previously (erroneously) inferred 
segmentations could mislead the regression network and hamper optimal landmark detection.

As mentioned earlier, the performance of the VGG-16 configuration varied with the training scheme and the 
threshold used in the SDR analysis. We hypothesize that this threshold-dependent behavior may be related to the 
quality of segmentation produced during the initial phase of the cascade approach. If these segmentation maps 
are well-centered, they can provide strong spatial cues for precise regression. However, if segmentation deviates 
from the true landmark, the regression stage lacks a mechanism to correct it, since both stages are optimized 
independently. These findings emphasize the benefit of joint optimization when combining segmentation and 
regression tasks. Particularly in challenging clinical scenarios with noisy or ambiguous landmarks, end-to-end 
configurations appear to offer more resilience and consistency in final predictions.

Finally, the landmark-wise analysis in Supplementary Table S2 suggests that localization difficulty is 
landmark-dependent, with the knee joint-line landmarks (FC and TP) exhibiting higher mean errors and 
greater variability than the femoral landmark (HoF) and the ankle malleoli in most settings. This pattern likely 
reflects anatomical and projection-related differences across regions. The femoral head is a relatively large and 
distinctive structure, which may facilitate more stable localization. In contrast, the femoral condyles and tibial 
plateaus are defined along more complex and overlapping bony contours on AP full-length radiographs, making 
the corresponding knee landmarks more sensitive to small deviations in localization. Although ankle landmarks 
are often more sharply delineated, the malleoli can still be sensitive to the selected architecture and training 
scheme, as reflected by increased errors in certain configurations (Supplementary Table S2). These findings 
indicate that the observed performance differences are not only architecture-dependent, but also related to the 
anatomical distinctiveness and radiographic appearance of the target landmarks.

From a clinical perspective, the reported Euclidean and angular errors suggest that the best-performing 
configuration can provide lower-limb alignment measurements that are generally close to the reference 
annotations. In particular, the low HKA, MAD, mLDFA, and mMPTA errors indicate that improved landmark 
localization translates into more reliable alignment assessment, which is relevant for deformity evaluation 
and preoperative planning. However, even small landmark-localization errors may propagate to the derived 
measurements, and therefore the clinical significance of these deviations should be interpreted with caution. 
In addition, although the achieved SDR values indicate robust overall localization performance, clinical 
applicability depends not only on high average accuracy but also on reliability in difficult cases such as low-
contrast regions, overlapping anatomy, and prosthetic joints. Finally, because all annotations were performed by 
a single radiologist, the present results reflect consistency relative to one expert reference rather than inter- or 
intra-observer variability. Future work should therefore include reproducibility analysis across multiple raters, as 
well as methodological refinements beyond architecture choice, such as stronger data augmentation, improved 
hyperparameter optimization, and validation on broader external datasets.

In summary, this study highlights several observations. First, within the landmark-segmentation framework, 
the Swin-UNETR architecture demonstrated improved performance relative to U-Net, as reflected by a lower 
incidence of failure detections. Second, end-to-end training showed advantages over the cascade approach, 
potentially because joint optimization allows partial mitigation of segmentation-related errors that would 
otherwise propagate through a sequential pipeline. Finally, among the evaluated regression heads, VGG-16 
yielded the most favorable results, suggesting that its feature extraction characteristics may be well suited to this 
task. Overall, these findings provide insight into how training strategy and regression-head selection influence 
the performance of segmentation-guided landmark detection pipelines for lower-limb radiographic analysis.

Limitations & future work
The study’s limitations include the dataset’s size and diversity, which affect its generalizability. Annotation 
accuracy also impacts performance, making inter-annotator agreement analysis important. In addition, real-
world validation in clinical settings is needed, along with further optimization of model efficiency.

A further limitation of this study is that all compared architectures were trained under the same 
hyperparameter configuration in order to maintain a controlled and reproducible evaluation protocol. Although 
this choice facilitates direct comparison across model families and training strategies, it may not reflect the 
optimal training regime for each architecture, particularly for transformer-based and residual models, which may 
require architecture-specific learning rates, schedules, regularization strategies, or longer training. Therefore, 
the reported results should be interpreted as comparative performance under a unified experimental setup 
rather than as the best achievable performance of each individual model. Future work should include systematic 
hyperparameter optimization tailored to each architecture and should also evaluate additional models while 
extending the analysis to broader anatomical regions beyond the hip, knee, and ankle to improve generalizability.

Future work should also include external validation on publicly available datasets, such as OAI or MOST, to 
improve reproducibility and enable broader comparison with previously published methods.
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Conclusion
Accurate landmark detection (median error of 2.44 mm with an IQR of 2.12 mm) and lower limb alignment 
assessment are obtained when combining a Swin-UNETR model and a VGG-16 network following an end-to-
end optimization. This arrangement demonstrated better performance than its cascade counterpart, even when 
paired with other models in the regression phase.
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