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ABSTRACT Recent studies have explored image segmentation for landmark detection in computer vision
and medical imaging of the lower limb, showing promising results. However, the proposed methodologies
vary significantly, and a comparison with existing methods is lacking. In the present study, we investigated
image segmentation for landmark detection on full lower-limb X-rays in detail and benchmark it against
conventional landmark detection approaches. We detected eight landmarks in full lower limb X-rays and
investigated methodological aspects to optimize image segmentation performance: network architecture
(U-Net vs. Swin-UNETR), mask size centered at the landmark position to segment, and coordinate
computation technique from the segmentation map. We contrasted image segmentation against optimized
heatmap, coordinate, and segmentation-guided coordinate regression methods. The evaluation assessed the
landmark detection error and phenotype classification accuracy based on lower limb alignment. The optimal
segmentation approach employed a U-Net to segment circular masks (radius = 15 pixels), using probability
thresholding before the centroid computation. Regarding landmark detection accuracy, image segmentation
(median Euclidean distance (interquartile range) = 1.16 mm (1.50 mm)) was more accurate than heatmap
(1.19 mm (1.61 mm)), coordinate (3.11 mm (2.87 mm)), and segmentation-guided coordinate regression
(1.47 mm (1.67 mm)). Image segmentation outperformed heatmap, coordinate, and segmentation-guided
coordinate regression in phenotype classification accuracy, achieving an average F1-score of 0.79, versus
0.72, 0.47, and 0.77, respectively. Our study led to an optimized approach for landmark detection using
image segmentation, outperforming alternative detection approaches tuned and tested on the same data,
highlighting image segmentation’s potential for broader medical imaging research applications.

INDEX TERMS CPAK classification, deep learning, image segmentation, landmark detection, lower limb
X-rays.

I. INTRODUCTION
The process of detecting landmarks, i.e., salient points, for
the localization, quantification, and visualization of objects

The associate editor coordinating the review of this manuscript and
approving it for publication was Gina Tourassi.

of interest in an image is termed landmarking [1]. In medical
imaging, landmarks identify and characterize anatomical
structures from which clinicians perform further analyses,
including diagnosis, treatment planning, and monitoring of
treatment and disease progression [1], [2]. For example,
when measuring lower limb malalignment, the head of the
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FIGURE 1. Measurement of the LDFA and MPTA in a full-leg X-ray and the nine categories distinguished by
the CPAK in terms of the measured aHKA and JLO.

femur, knee notch, and ankle malleolus are typical landmark
detection sites [3].

Owing to the advances in deep learning and the surge
of convolutional neural networks (CNNs), approaches
developed on these have replaced conventional detection
methods based on either multi-scale sliding window and
feature extraction or probabilistic models, such as the
active appearance model [4], [5]. Currently, deep-learning-
based solutions for landmark detection mainly follow two
paradigms: coordinate regression and heatmap regression [5].
In the first approach, the network learns the mapping from
image to pixel coordinates in an end-to-end fashion [6].
In heatmap regression, the network learns to locate the
landmarks by reconstructing heatmaps, which are probability
maps that follow a Gaussian distribution centered on the
targeted image position [7].
Recently, researchers have explored image segmentation

as an alternative to previous landmark detection schemes [3],
[7], [8], [9]. Semantic segmentation is a computer vision task
that aims to classify every pixel of an image, in its simplest
form, as background or foreground. In landmark detection,
the foreground corresponds to the pixel(s) belonging to
a small region centered at the targeted landmark. Recent
literature confirms the potential of image segmentation for
landmark detection in traditional computer vision [7], [8]
and lower limb imaging (see Section I-B). However, the
available studies employ diverse methodologies, hindering
the adoption of image segmentation as a landmark detection
technique.Moreover, a direct comparison of image segmenta-
tion to alternative detection approaches is currently missing,
limiting the insights into its relative strengths and appropriate
use cases.

For this reason, our work aims to explore and benchmark
image segmentation for landmark detection using full lower-
limb X-rays. Our contributions are two-fold. First, we present
a thorough optimization of the segmentation pipeline,
evaluating network architectures, segmentation region sizes,
and coordinate extraction methods. Second, we provide a
comparative analysis between segmentation-based landmark
detection and alternative approaches from the literature to
assess their performance and limitations. This evaluation is
performed at the level of landmark localization accuracy and
within a clinically relevant context: alignment assessment for
arthritic lower limb phenotype classification, a task of critical
importance for clinical decision-making.

A. CPAK CLASSIFICATION SYSTEM
Lower limb malalignment is the loss of collinearity in the
frontal plane of the hip, knee, and ankle [10]. In knee
osteoarthritis, a relationship between lower limb malalign-
ment and its progression has been observed [11]. To provide
a classification system that categorizes the arthritic knee in
terms of the alignment angles and assists in personalizing
pre-operative planning, clinicians have proposed the Coronal
Plane Alignment of the Knee (CPAK) classification sys-
tem [12]. CPAK distinguishes nine classes that depend on the
measured level of alignment quantified via the arithmetic hip-
knee-ankle angle (aHKA) and joint line obliquity (JLO). The
JLO and aHKA are expressed as follows:

aHKA = MPTA − LDFA, (1)

JLO = MPTA + LDFA. (2)

The MPTA corresponds to the medial proximal tibial
angle, and LDFA to the lateral distal femoral angle. CPAK
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FIGURE 2. (a) Annotations performed by the radiologist. (b) Circle masks of different sizes. For practical reasons, the single-pixel masks are not
displayed.

defines neutral alignment when −2◦
≤ aHKA ≤ 2◦, varus

deformity when aHKA < −2◦, and valgus malalignment
when aHKA > 2◦. In parallel, a neutral line obliquity occurs
for 177◦

≤ JLO ≤ 183◦, apex distal occurs if JLO < 177◦,
and apex proximal corresponds to JLO > 183◦. Fig. 1
outlines the required angles for the computation of CPAK and
shows the nine CPAK classes.

From Fig. 1, it is clear that the CPAK classification
depends on accurately measuring the MPTA and LDFA
angles, as even minor measurement errors can lead to
significantmisclassification and result in an incorrect surgical
approach. For instance, misclassifying a subject from class II
to V results in a recommendation for mechanically aligned
surgery instead of anatomically aligned surgery. Manual
measurement of alignment has been shown to be prone to
errors [13], time-consuming [14], and greatly influenced by
clinician expertise [15]. Moreover, given the expected rise
in the number of surgical interventions [16], there is a clear
need for novel and automated solutions that aid clinicians in
assessing lower limb X-rays.

B. LANDMARK DETECTION ON LOWER LIMB X-RAY
IMAGING
Researchers have proposedmultiple approaches for landmark
identification, aiming to automate the measurement of leg
length [17], limb malalignment [3], [9], [18], [19], [20], [21],
[22], [23], [24], [25], and CPAK classification [26], [27].
However, few report their findings at the landmark detection
level, making the comparison and identification of the best
approach challenging.

Tsai [17] employed heatmap regression to detect six lower
limb landmarks, achieving an average localization error of

2.6 mm. Kim et al. [23] used heatmap regression to localize
19 landmarks and measure malalignment. However, no land-
mark detection error values were reported. Meanwhile,
Tack et al. [20] utilized a cascade of coordinate regression
networks to detect three landmarks with an L2 error of up
to 1.94 mm. Conversely, Bonin et al. [22] used multiple
coordinate regression networks to identify 13 landmarks
(with an average error of 24.8 px) in frontal knee X-rays.

Meng et al. [9] detected 20 landmarks via image seg-
mentation using circular masks with an area of 5 mm2,
achieving an overall successful detection rate at 3 mm over
90%. Gai et al. [21] proposed a multi-task approach based
on image segmentation to segment lower limb bones and
detect nine landmarks, yielding a total RMSE of 2.14 mm.
Sanchez et al. [3] investigated the identification of eight
anatomical landmarks through the segmentation of circular
masks, reaching a mean Euclidean distance error of 1.96 mm.
Mika et al. [24] combined a dilation-erosion technique with
a U-Net to detect five landmarks via image segmentation and
achieved an overall RMSE of 2.38 px.

Simon et al. [25] introduced LAMA, a deep learning
software for measuring malalignment (accuracy = 89.2%)
via landmark segmentation. However, landmark detection
errors were not mentioned. LAMA was subsequently used to
analyze X-rays and explore the relationship between CPAK
and gender [28]. Jo et al. [27] utilized image segmentation
to detect 15 anatomical landmarks, achieving normalized
distance errors of 0.88 to 2.92. Their work enabled the
automatic measurement and analysis of CPAK, linking it
to osteoarthritis severity [29]. Steele et al. [26] segmented
regions from which landmarks were derived. Next, CPAK
was computed from the MPTA and LDFA, which were
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FIGURE 3. Architecture of the implemented U-Net: each (blue) Conv box is a convolutional layer. In the encoder, output channels are
shown below the final box. In the decoder, output channels are noted next to each red arrow. A (black) box in the decoder indicates
concatenation between the encoder and corresponding decoder blocks, with input channels specified inside. Each convolution and
transposed convolution is followed by a ReLU operation. Notes: k: kernel size, s: stride, p: padding.

measured from the landmarks, resulting in angular errors
between 0.8◦ and 1.2◦.

II. METHODOLOGY
A. DATA
A private anonymized dataset of 919 full lower limb X-rays
was employed. We retrospectively collected pre- and post-
operative X-rays, and one radiologist manually annotated
the X-rays. First, he placed bounding boxes surrounding the
target joint. Then, he annotated the anatomical landmarks,
as shown in Fig. 2a. To delineate the alignment angles (see
Fig. 2), we defined the LDFA as the lateral angle between
the mechanical axis of the femur (1 → 6) and the tangent to
the femoral condyles (2 → 3). We determined the MPTA
by measuring the medial angle between the mechanical
axis of the tibia (center between 7 and 8 → 6) and the
tangent to the tibial plateaus (4 → 5). Lastly, aHKA and
JLO were measured using (1) and (2), respectively. For
the CPAK calculation, we measured the angles using the
annotated landmarks and compared them with those derived
from the estimated landmark positions obtained through the
investigated landmark detection approaches.

We placed a circular binary mask (foreground = 1)
centered at the desired landmark position to train the image
segmentation networks. These segmentation ground truths
consisted of the same number of channels as the number

of targeted landmarks. To train each network, we cropped
regions of interest from the full lower limb X-rays using the
annotated bounding boxes. Subsequently, we resampled the
extracted images to a fixed size of 512×512 pixels because of
the varying image sizes among the regions of interest (ROIs).
Next, we rescaled the intensities to the range [0, 1] by dividing
them by the maximum intensity level of the image. During
experimentation, we employed 80% of the X-rays for training
and hyperparameter tuning and 20% for testing.

B. NETWORK ARCHITECTURES
We assessed two network architectures commonly employed
for image segmentation, U-Net [30] and Swin-UNETR [31].
Both architectures consist of an encoder that extracts features
at different resolution levels, a decoder that up-samples
the features to the targeted resolution, and a set of skip
connections that transfer the information from the encoder
to the decoder for better localization information. In both
architectures, the encoders were initialized with pretrained
(ImageNet) weights [32], as it has been shown advantageous
for performance [3]. For the U-Net model, this involved
transferring the weights of the convolutional layers from a
pretrained VGG-16 network into the encoder path of the
U-Net. For the Swin-UNETR network, the pretrainedweights
from a Swin-S transformer were transferred to the corre-
sponding encoder layers of the architecture. We modified the
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last convolutional layer to yield masks with the same number
of channels as detected landmarks.

The U-Net was based entirely on convolutional operations
and followed the topology proposed by Shvets et al. [33],
where the encoder relied on a VGG-16 network.1 The
VGG-16 encoder comprises 13 convolutional layers, ReLU
operations, and five max pooling layers, which are utilized to
extract features at various resolution levels. Fig. 3 shows the
arrangement of the employed U-Net.

The Swin-UNETR proposed by Hatamizadeh et al. [31]
incorporates Swin transformer operations on the encoder
and convolutions on the decoder, where both branches are
combined using skip connections. The shiftedwindow (Swin)
transformer [34] extracts feature representation in different
resolutions by retrieving image patches of several sizes.
The Swin-UNETR model employs this approach to generate
non-overlapping patches from the input images and perform
self-attention across various resolutions during the encoder
phase. We used the available MONAI2 implementation of
the Swin-UNETR, and employed a patch size of 4 × 4 and
a feature size of 96. The number of layers in each stage
was 2, 2, 18, and 2, and the number of attention heads
was set as 3, 6, 12, and 24, respectively. We set the
remaining network configuration parameters to the default
values defined by MONAI. These included the dropout rate
and feature normalization approach.

C. MASK SIZE ANALYSIS
Previous studies have approached landmark segmentation
in several ways: using a single pixel as a mask [7], [8] or
employing masks with circular shapes of various sizes [3],
[9], [24], [27]. To investigate how mask size affects image
segmentation performance, we created binary masks for
training, which consisted of a single pixel or circles with
different radii (r) values: 7, 15, 30, and 45 pixels (see Fig. 2b).

D. COMPUTING LANDMARK COORDINATES FROM
SEGMENTATION MAPS
The output of the image segmentation model is a probability
map that assigns a floating-point value between zero and
one to each pixel, indicating the likelihood that it belongs
to the foreground. Since the x-y coordinates of the targeted
landmark can be derived from the probability maps in
multiple ways, we investigated and compared five different
methods.

The first approach, Method 1, computes the centroid of
the output probability map of the segmentation network as
follows:

Cx =

∑
x,y xP(x, y)∑
x,y P(x, y)

, Cy =

∑
x,y yP(x, y)∑
x,y P(x, y)

. (3)

where Cx and Cy are the coordinates of the centroid, x and y
are the corresponding x and y coordinates, and P(x, y) is the

1https://github.com/ternaus/robot-surgery-segmentation
2https://docs.monai.io/en/stable/networks.html

probability at the pixel coordinates (x, y) of belonging to the
landmark class. The second approach, Method 2, replicates
what was proposed by Meng et al. [9] and Gai et al. [21],
where the largest component in the probability map is
determined before applying (3).
Method 3, our proposed methodology, processes the

probability map of each landmark channel. First, we identify
the landmark channel’s minimum and maximum probability
values. Next, the channel is thresholded at the half value
between these two probabilities, retaining only the higher
ones. The largest connected component is then extracted, and
the centroid from the processed image is computed using (3).
Method 4 replicates the methodology implemented by

Sanchez et al. [3] and computes the centroids over a binary
image created using a threshold of 0.5. After thresholding,
a circular (r = 2) binary morphological open filter is
applied to remove small components. Because of the nature
of single-pixel segmentation, we did not use the open filter
after thresholding in this case. Lastly, Method 5 locates the
positions of the landmarks as proposed by Hsu et al. [7],
where the pixel with the maximum probability is regarded
as the landmark position. If a cluster of pixels that shares the
maximumprobability value is present, as is the case formasks
with r ≥ 7, the cluster centroid is computed.

E. COMPARISON TO ALTERNATIVE LANDMARK
DETECTION METHODS
We compared image segmentation with other common
landmarking approaches: (1) heatmap regression, (2) coor-
dinate regression, and (3) segmentation-guided coordinate
regression (SGR). Heatmap regression, which is widely used
in medical imaging [5], followed the same U-Net topology
employed for image segmentation andwas trainedwith Gaus-
sian heatmaps (σ = 15) generated from labeled coordinates
with channels equal to the number of landmarks. Coordinate
regression, also used for landmark localization [18], [20],
[22], was based on a VGG-16 encoder [35] with a fully
connected layer with a total of nodes equal to the landmark
pixel coordinates. Finally, we implemented SGR as described
by Sanchez et al. [3], a methodology that combines image
segmentation with coordinate regression, achieving a balance
between accuracy and robustness.

F. TRAINING AND EVALUATION
We trained an independent network for each joint and
landmark detection approach using the training dataset and
images of size 3 × 512 × 512 (channels, height, and width).
We performed 5-fold cross-validation to identify the optimal
learning rate, batch size, and number of epochs for each
network. Table 1 lists the values we explored.We ensured that
the same fold partitions were utilized during the training for
all the evaluated networks. After cross-validation, we trained
the networks using the optimal hyperparameters and the
complete training set. We selected the final model based on
the lowest loss achieved with the optimal number of epochs.
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TABLE 1. Explored hyperparameters during the 5-fold cross-validation.

Lastly, we ran inference on the hold-out test set once and
computed the final performance metrics.

We employed the mean squared error (MSE) as a
loss function for the regression-based approaches, and a
uniform weighted combination of the Dice and cross-entropy
(Dice-CE) losses for the segmentation approaches. All the
networks had pretrained (ImageNet) weight initialization
for their encoder subparts and utilized the Adam optimizer
combined with layer-wise learning rate decay. The training
of the networks included a data augmentation scheme that
randomly (p = 0.5) applied affine transformations (rotation
(±10◦), scaling (±0.1), and translation (±0.1)) to the images
and masks.

During inference, we remapped the estimated coordinates
from the 512 × 512 coordinate space to the original
coordinate space and converted them to physical points.
We computed the estimated x-y coordinates for the image
segmentation-based models using the methods described
in Section II-D. Meanwhile, we took the maximum pixel
coordinates as the estimated x-y coordinates for the heatmap
networks. The coordinate regression and SGR approaches
directly produce landmark coordinates in their final fully
connected layer.

1) METRICS
We used the Euclidean distance to evaluate the accuracy of
the developed landmark detection networks. The calculation
of the Euclidean distance is:

d(p, q) =

√
(px − qx)2 + (py − qy)2. (4)

where (px , py) and (qx , qy) correspond to the x-y physical
points of the ground truth and estimation, respectively.
After measuring the Euclidean distance error, we computed
the successful detection rate (SDR), which consists of
determining the percentage of detections below a specific
distance threshold:

SDRz =
dz
D

. (5)

In (5), dz represents the detections with an Euclidean
distance error below the z distance threshold, and D is
the total number of detections. For the assessment of
CPAK classification, we employed the median absolute error
(MedAE) to evaluate the error between the angles registered
using the ground truth position of the landmarks and the
estimated detections, and it can be expressed as:

MedAE(v, v̂) = median(|v1 − v̂1|, . . . , |vn − v̂n|). (6)

In (6), n is the number of samples, v are the values
calculated using the ground truth landmark positions, and v̂

are the values obtained via the detected landmark positions.
To assess the classification performance, we used the
precision, recall, and the F1 − score:

PrecisionI =
TPI

TPI + FPI
, (7)

RecallI =
TPI

TPI + FNI
, (8)

F1 − scoreI = 2 ×
PrecisionI × RecallI
PrecisionI + RecallI

. (9)

where TP, FP, and FN are the true positives, false positives,
and false negatives for Class I . The macro-average metrics
for the N number of classes (nine in total) are:

PrecisionMacro-Avg. =

∑N
I PrecisionN

N
, (10)

RecallMacro-Avg. =

∑N
I RecallN
N

, (11)

F1 − scoreMacro-Avg. =

∑N
I F1 − scoreN

N
. (12)

2) INTERPRETABILITY ANALYSIS
We used Seg-Grad-CAM [36], [37] to investigate the image
regions relevant to the networks during the inference process
of landmark segmentation. Seg-Grad-CAM is an extension
of Grad-CAM [38] that employs pixel indexes (typically
those corresponding to the output of the segmentation
network) to highlight the areas that contributed to the
segmentation decision. To fully explore the decision-making
of the networks, we analyzed the outputs of the five decoder
blocks (Dec-5 to Dec-1 in Fig. 3).

3) IMPLEMENTATION
We developed the experiments using Python 3.10.4, PyTorch
1.12.0 [39], Torchvision 0.13.1 [32], and MONAI 1.0.1 [40].
PyTorch and Torchvision are two deep learning frameworks
for developing computer vision models. Meanwhile, MONAI
is a Python package based on PyTorch that specializes in
medical imaging. It includes novel networks, loss functions,
and data augmentation techniques. We used an NVIDIA
A100 GPU to train the networks.

III. RESULTS
Table 2 shows the optimal hyperparameters after performing
5-fold cross-validation using the U-Net and Swin-UNETR
models. Table 3 presents the results obtained by comparing
the two investigated segmentation architectures using masks
of varying sizes and the methods explored to calculate the
coordinates of the landmarks. In Table 3, the landmarks of
each joint are grouped, and we report the median Euclidean
distance error among the folds of the cross-validation process
and the interquartile range (IQR). Table 3 also indicates the
95th percentile of the Euclidean distance error and the specific
metrics (number of false positives and missed detections) for
Method 4.
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TABLE 2. Optimal hyperparameters for each type of joint using a U-Net and a Swin-UNETR in terms of Euclidean distance error. We report the median and
IQR (in parentheses) from the 5-fold cross-validation scheme. In this case, the x-y landmarks’ coordinates were estimated by computing the centroids of
the masks without post-processing and masks with a radius of r = 15.

TABLE 3. Comparison between network architectures using different landmark centroid computation techniques and masks of different sizes. The radii
values are expressed in pixels. We report the median, IQR (in parentheses), and the 95th percentile of the Euclidean distances of the 5-fold
cross-validation scheme. The bottom shows the average number of false positives and missed detections registered only for Method 4 over the
implemented cross-validation process. Other methods have neither, and always return one set of landmark coordinates.

Table 2 indicates that the U-Net architecture slightly
outperformed the Swin-UNETR in two of the three analyzed
joints. U-Net achieved lower Euclidean errors for the femur
and ankle joints. Conversely, no apparent difference was
noticed between the models for the knee joint. In Table 2,
divergences in the training of the architectures are recognized.
We found that the Swin-based models required more epochs
and larger learning rate values to achieve a performance
equivalent to that obtained using fully CNN-based networks.

When comparing the network architectures (Table 3),
we observe that at smallermask sizes (single pixel and r = 7),
Swin-UNETR leads to a more accurate performance in all
methods except for Method 4. In Method 4, we distinguish

that both architectures fall short in the single-pixel scenario,
and a trade-off between false positives and missed detections
occurs when r ≥ 7. Compared with the Swin-UNETR
model, U-Net yielded fewer false positives but more missed
detections. Meanwhile, Swin-UNETR is more robust in
handling missed detections but produces a higher number
of false positives. When r = 15 or r = 30, the U-Net
model tends to outperform the Swin-UNETR inmost centroid
calculation methodologies. U-Net achieved better metrics
with these radii values than Swin-UNETR at r = 7.
Conversely, there was no marked difference between the
architectures when r = 45, except forMethod 5, whereU-Net
performed better than Swin-UNETR. However, the previous
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FIGURE 4. Successful detection rate at different Euclidean distance threshold levels.

TABLE 4. Comparison between the four different landmark detection techniques in terms of the median Euclidean distance error [mm] and IQR (in
parentheses).

difference is minor compared with the metrics obtained for
smaller radii values.

In terms of mask size, in Table 3, we notice that the
overall accuracy improves as the dimensions of the masks
increase. However, as the mask size increases, the accuracy
stagnates, and the performance declines. For example, in the
U-Net case, we observe an improvement from the single-pixel
approach to the r = 7 and r = 15 instances. However,
at r ≥ 30, the Euclidean distance error increases. In the Swin-
UNETR model, this behavior occurs from the single-pixel
approach to the r = 7 case, and subsequently, the accuracy
levels decline for larger mask sizes.

Regarding landmark coordinate identification methodolo-
gies, computing the centroid of the resultant probability map
is overall more beneficial than binarizing or identifying the
pixel(s) with the highest probability value(s). Regardless of
the network architecture and when r ≥ 15, centroid computa-
tion results in more accurate detections, effectively reducing

erroneous detections. Moreover, adding a post-processing
phase before computing the centroid of the landmarks is
advantageous when r ≥ 15. In Table 3, compared to
the other methodologies, the proposed Method 3 accurately
detected landmarks in the different evaluated scenarios.
Overall,Method 3 leads to more accurate detections in terms
of Euclidean distance error compared to directly calculating
the centroid.

We selected the image segmentation model (U-Net with
mask size r = 15) that performed best in the cross-validation
process and trained it on the entire training dataset. We then
evaluated it, using the proposed Method 3 and the testing
dataset, and compared it to other landmarking approaches
commonly used in the literature. Fig. 4 and Table 4
summarize the results achieved for each landmark detection
methodology using the test set. Table 4 indicates the median
Euclidean distance errors and IQR on the targeted landmarks.
Meanwhile, Fig. 4 groups all the detections and shows
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FIGURE 5. Classification metrics achieved using each landmark detection method. We computed the metrics for each class and then calculated the
macro-average across all classes.

TABLE 5. Comparison between the four different landmark detection techniques to measure the angles involved in the CPAK calculation in terms of the
median absolute error [◦] and IQR (in parentheses).

the SDR of each evaluated approach as a function of the
Euclidean distance cut-off value.

Table 4 demonstrates the improved performance of the
image segmentation and heatmap regression approaches
compared with the other methods. Heatmap regression most
accurately identifies the femoral head landmark. Meanwhile,
image segmentation excels in detecting knee landmarks
compared with other approaches. Heatmap regression and
the SGR approach are the most accurate techniques for
identifying ankle landmarks. We found image segmentation
to be the most accurate, with an overall median distance
error of 1.16 mm (1.50), mainly due to substantially
lower errors for landmarks in the knee joint. Heatmap
regression closely followed the image segmentation method-
ology. SGR and coordinate regression were sub-optimal
compared with image segmentation and heatmap regression,
with coordinate regression being the inferior landmarking
technique.

From Fig. 4, we can see that image segmentation performs
better than the alternative methods, closely followed by
heatmap regression. At 1 mm, the image segmentation
achieved an SDR1mm = 44.02%. Meanwhile, heatmap
regression yielded an SDR1mm = 43.61%. This difference
was more pronounced at 3 mm, as image segmentation
yielded SDR3mm = 86.72% and heatmap regression achieved
SDR3mm = 84.68%. Compared to SGR, the heatmap regres-
sion approach at lower thresholds had higher SDR values.
However, as the threshold value increased, SGR (SDR5mm =

94.80%) achieved detection rates comparable to those of the
heatmap (SDR5mm = 95.55%). Fig. 4 confirms the inferior
performance of the coordinate regression approach.

We evaluated the landmark detection approaches in the
CPAK classification task to provide deeper insight into
their differences. Table 5 and Fig. 5 compare the detection
methodologies in terms of their alignment measurement
errors and classification metrics, respectively. Table 5 shows
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FIGURE 6. Interpretability analysis applying Seg-Grad-CAM to knee images and the decoder sections. Image with (a) landmark detection errors under
1 mm and (b) over 1 mm. Ground-truth positions are highlighted using a circle. Please refer to the online version for a better visualization.
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how accurately detecting landmarks translates to lower
errors when measuring alignment, since image segmentation
performs better in the four addressed angles than the other
detection strategies. Image segmentation is followed by
heatmap regression and SGR, where the latter achieves better
metrics in measuring mLDFA and aHKA than heatmap
regression. Coordinate regression remains the suboptimal
approach.

Fig. 5 shows that lower alignment errors lead to deter-
mining the correct CPAK class. Since image segmenta-
tion achieved the lowest errors in the alignment metrics,
it registered better classification metrics. In Fig. 5, image
segmentation consistently outperformed the other methods
regarding precision, recall, and F1-score in four of the nine
classes (classes II, IV, V, and VI). In the remaining classes,
nomethod is superior.What we observe is a trade-off between
metrics. For instance, SGR leads in recall and F1-score for
class III, as well as precision and F1-score for class VII.
Image segmentation yields higher precision and F1-score
values for class VIII, whereas heatmap regression is the most
effective methodology for class IX. For class I, no consistent
method is observed. Overall, image segmentation and SGR
had the highest macro-average precision (0.78), followed by
the heatmap (0.72) and coordinate regression (0.49). Image
segmentation yielded the highest recall (0.82) and F1-score
(0.79), followed by SGR (0.77 for both), heatmap regression
(0.76 recall and 0.72 F1-score), and coordinate regression
(0.5 recall and 0.47 F1-score).
For each leg side and type of joint image in our test

set, we applied Seg-Grad-CAM and analyzed the multiple
decoder blocks of the proposed U-Net. We computed the
global average for each ROI and observed the overall
performance across the analyzed joint and decoder blocks.
Subsequently, we randomly selected 50 joints from each
leg side, visually inspected the interpretability maps for
recurring patterns, and compared them with the global
average performance.

Fig. 6 shows two representative knee joint cases where
Seg-Grad-CAM was applied on multiple decoder sections:
one where the landmark detection errors were approximately
1 mm and a second where the errors exceeded 1 mm. First,
we observe that for landmarkswith errors of around 1mm, the
network identifies correct locations in earlier decoder stages,
as the heatmap is more noticeable around the desired position
(see Dec-5 for the right femur condyle and tibial plateau).
This is not the case for landmarks with higher detection
errors, where, in early decoder blocks, the heatmaps pinpoint
broader areas and their positioning is refined in later decoder
layers.

Additionally, from Fig. 6, we observe how the landmark
detection refinement process occurs at various decoder levels.
For instance, the right femur condyle and tibial plateau
landmarks display highlighted areas surrounding the target
locations onDec-5, shifting towards expected positions closer
to Dec-1. We can also observe that the center of the knee is
easily detected, as the network already identifies it in Dec-5.

Meanwhile, landmarks on the left side of the knee (from
the patient’s perspective) exhibit a pattern where, in Dec-5,
the network fails to focus on relevant features or highlights
features from the opposite side. It is not until Dec-1 that the
correct left landmark positioning is shown.

In the SupplementaryMaterial, Figures 1 and 2 display two
representative cases of the hip and ankle joints: one case with
correct (approximately 1 mm error) landmark detection and a
second with detections exceeding 1mm. For the femoral head
landmark, accurate detections are paired with outputs from
Seg-Grad-CAM that indicate an early focus (Dec-5) in the
desired region. In contrast, detections with higher landmark
detection errors are associated with outputs where the correct
location appears only in the later sections of the decoder.
A performance comparable to that of the left-placed knee
landmarks is observed for the ankle landmarks. At the earlier
stages of the decoder (Dec-5), Seg-Grad-CAM highlights
features from the opposite side, with subsequent correction
and refinement occurring.

IV. DISCUSSION
A key finding from our work arises from comparing the
fully CNN-basedU-Netmodel with the Swin-UNETR,which
incorporates Swin transformers on the encoder path. The
current literature on medical imaging has revealed a growing
interest in transformer-based deep learning architectures [41].
However, evidence indicates that CNN-based networks can
achieve superior results compared to transformers [42]. In this
work, our findings reveal that Swin-UNETR outperforms
U-Net at lower mask sizes (single pixel and r = 7), whereas
U-Net is superior for r = 15 or r = 30. At r = 45,
we observed an equivalent performance.

In Method 4 and r ≥ 7, we observed that Swin-UNETR
was more robust to missed detections, but false positives
hampered its performance. U-Net exhibited the opposite
behavior: fewer false positives at the cost of more missed
detections. We theorize that the multi-head attention layer,
which enables transformers to model dependencies and
contextual relationships between pixels [43], contributes to
the Swin-UNETR being more robust at lower mask sizes
and achieving better metrics. As the mask size increases,
it becomes easier for the CNN to learn the features required
to segment circular masks from an image. These results
encourage further exploration of the best deep learning
architecture. A CNN could be a first option if resources
are limited, since transformers require more training time
and data [44]. In our case, the best performance was
found by CNNs, so we selected this architecture for further
experiments.

A second finding stems from analyzing the impact of
the mask size. We observed that smaller masks, particularly
the single-pixel ones, yielded less accurate detections. This
finding contradicts those reported by He et al. [8] and
Hsu et al. [7]. Nonetheless, He et al. employed an output
resolution of 56×56, andHsu et al. of 224×224, significantly
reducing the search space. In our case, the output resolution
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was 512 × 512, making it challenging to segment smaller
masks. Additionally, in the case of Hsu et al., their objective
was to segment 64 facial landmarks. This condition facilitates
segmentation, as the network learns to segment multiple
single-pixel regions instead of just one, as observed in the
case of the femoral head landmark.

Furthermore, we observed that as the size of the
masks increased, the detection accuracy improved. However,
beyond a certain point, the accuracy plateaus and then begins
to decrease. We theorize that when the masks are too small,
the networks struggle to learn the mapping from the X-ray
to the mask, primarily because of the 512 × 512 output
resolution. Conversely, when the masks are oversized, the
network fails to correctly learn to differentiate between
anatomical landmarks, resulting in segmentations that are
not centered in the correct location. Therefore, using a
medium-size mask (r = 15) generally leads to accurate
detections.

As a third finding, we observed that determining the
centroid from the probability map resulted in accurate
detections. Employing the maximum probability (Method 5)
to determine the landmark’s positions was sub-optimal, likely
due to the fact that it bases its estimate on a single pixel,
and is more sensitive to noise. Computing the centroid
avoids such behavior because it captures the average position,
resulting in a less sensitive and more accurate estimation.
Due to the binarization of the probability maps usingMethod
4, we encountered missed detections and false positives.
Methods 1 to 3 avoid erroneous detections because they
compute the centroid directly from the probabilitymap, rather
than from a binary mask.

Overall, adding a post-processing scheme, eitherMethod 2
orMethod 3, translates to more accurate detections compared
with directly calculating the centroid from the probability
map. Only in the U-Net with r = 7 did Method 1
result in a more accurate approach. We theorize that in this
particular case, the application of a post-processing step
leads to the selection of an erroneous component, resulting
in inaccurate detections. For values of r ≥ 30, the pro-
posed centroid computation method achieved better accuracy
metrics.

Equivalent to what was done by Hsu et al. [7] in the facial
landmark recognition domain, we considered it necessary to
compare landmarking approaches to help authors in future
lower-limb X-ray imaging research. In the literature on
whole lower limb X-ray imaging, solutions based on either
image segmentation, heatmap, or coordinate regression can
be found; see Section I-B. In our study, image segmentation,
on average, and specifically for landmarks located in the
knee, proved to be the most accurate approach. Regression-
based approaches achieved better metrics for landmarks
placed on the head of the femur and ankle.

Since image segmentation accurately detected the knee
landmarks, the mLDFA and mMPTA angles were precisely
measured, ensuring the proper calculation of the aHKA and

JLO. This situation led to the correct classification of each
lower limb compared to other landmark detection approaches
on average, as well as for four of the CPAK classes.
Conversely, coordinate regression performed inferiorly in
detecting landmarks of the lower limb, resulting in erro-
neous alignment measurements and incorrect classifications.
Hence, there is a relationship between accurate landmark
detection and the correct classification of the lower limbs
using the CPAK system.

Such a relationship is worth further analysis, as a trade-
off between aHKA and JLO was observed when comparing
heatmap regression to SGR, despite heatmap regression
yielding more accurate landmark detections than SGR. The
positioning of the detected landmarks could explain this
situation. Although closer to the ground-truth positions, the
detections from the heatmap regression approach could be ill-
positioned, resulting in deviations in the delineation of the
axes and, consequently, in the measurement of alignment.
Such minor deviations, combined with the nature of the
hard thresholds defined on CPAK, could explain the better
performance of SGR over heatmap regression in the CPAK
classification.

Although the original implementation of Seg-Grad-
CAM [36] proposed examining layers closer to the network’s
bottleneck, Hasany et al. [45] pointed out that analyzing
layers in the decoder section is more informative since the
refinement of the final segmentation can be observed. In the
cases we examined, this process was observed for most
landmarks, and we also noted the impact of the detection
error. For landmarks with higher distance errors, we found
that the model was unable to identify the targeted regions in
the earlier decoder layers, and landmark identification was
refined in subsequent layers.

Our interpretability analysis also revealed that specific
landmarks seemed easier to detect. For example, the knee
center and femoral head appeared early in the decoder,
whereas landmarks lateral or medial to the joint center
appeared later. For some of the latter landmarks, the network
appears uncertain during the earlier layers about whether to
focus on the right or left side of the image. We theorize
that the specifics of our landmark definition and network
training played a role. Landmarks are typically defined
anatomically, considering the medial and lateral sides.
Meanwhile, our processing of the regions corresponding
to both limbs considered landmarks placed on the right
or left side of the image. We did not perform image
mirroring [20] or use images from a single leg side [27] to
align the anatomical and image points of view during network
training, which we theorized has hindered the early iden-
tification of landmark locations and should be investigated
further.

To shed some light on the quality of the achieved
results, we compared image segmentation, where possible,
with the results presented in the literature for equivalent
landmarks in lower limb X-rays. Interpretation should be
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TABLE 6. Landmark localization accuracy comparison between our proposed methods against what is reported in the literature in terms of mean
Euclidean distance error [mm] and ± standard deviation. A direct comparison is impractical due to the differences in the datasets employed between
methods. Hence, we only show the localization error of equivalent landmarks to observe possible trends.

conducted carefully, as a direct and objective comparison is
not possible due to the different data employed in each work.
Consequently, the following findings focus on the observed
trends. Table 6 shows that image segmentation outperformed
heatmap regression [17] in all the landmarks. Compared to us,
no detection framework was employed to identify the regions
of interest to detect the landmarks, affecting the estimation of
the coordinates.

Compared with SGR [3] and cascade coordinate regres-
sion [20], image segmentation is more accurate for knee
landmarks. SGR is more accurate than image segmentation
for the femoral head landmark, but image segmentation
is superior to cascade regression. Meanwhile, the SGR
and cascade coordinate regression better localize the ankle
landmarks. This analysis indicates a relationship between the
nature of the detected landmarks and the performance of
image segmentation.

We believe that the previous interpretation is worth
exploring, as we observed a decreased performance in
the ankle joint compared to landmarks in other joints.
After visual inspection, the results revealed that image
segmentation performed suboptimally when the ankle was
poorly imaged. Under this condition, image segmentation
produces elongated outputs that affect the computation of
the centroid. Since SGR and cascade regression learn to
output pixel coordinates directly, these calculations are not
hampered as in the case of image segmentation. A solution
to such a condition could be to redefine the ankle landmarks,
for example, as done by Tack et al. [20] and Tsai [17], where
a single landmark at the center of the tibio-talar joint was
employed.

In line with the comparison with regression-based
methodologies, we contrasted our findings with those of
Meng et al. [9], who also employed image segmentation as a
detection technique. As mentioned above, we report general
findings. Compared with ours, Meng et al. achieved better
detection rates for equivalent landmarks in terms of SDR3mm.
This condition could be due to the network architecture
employed (VB-Net) or the use of independent networks for
the right- and left-leg images. Similar to our results, the

results achieved by Meng et al. highlight the advantageous
use of image segmentation as a landmark detection technique.

A. LIMITATIONS AND FUTURE WORK
Several limitations should be mentioned. In this study,
we used a dataset from a single institution. Moreover,
we evaluated image segmentation for landmark detection
using lower-limb X-rays. Whether our findings hold when
using other imagingmodalities, such as CT orMRI, or images
from other anatomic regions, such as the chest or brain,
remains to be examined. Finally, we performed a qualitative
interpretability analysis through manual inspection of a
subset of the test set. Future work should include a
more formal and quantitative interpretability analysis, and
independently validate the performance of the developed
methodology.

V. CONCLUSION
Image segmentation leads to superior results in terms of
landmark detection (Mdn. 1.16 mm (1.50)) and CPAK
classification (F1-scoreMacro-Avg. = 0.79) accuracy compared
to alternative detection approaches tuned and tested on the
same data, and comparable results with respect to methods
recently reported in the literature, highlighting its potential
as a landmark detection technique.
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