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Abstract 

Objectives: The accurate quantification of hip deformities in medical images presented a significant 
challenge for radiologists. Inaccurate quantifications can lead to misclassification of diseases and 
improper treatment. This study introduced two-stage deep learning (DL) models designed for the 
detection of landmarks in hip X-ray images, aiming to improve the accuracy of deformity quantification.  

Methods: This study employed two two-stage deep learning (DL) models based on VGG16 and ResNet50. The first 
stage aimed to detect the bounding box for each landmark, while the second stage focused on pinpointing the exact 
location of the landmark within the magnified box. The model automatically identified 16 hip landmarks and 
measures 12 specific dimensions on each side. Training, validation, and testing were conducted on a dataset 
comprising 854 3-joint lower limb X-ray images depicting various anomalies. 

Results: The model's measurements were compared with those obtained manually to evaluate performance. The 
resulting average error ranged from 0.56 to 2.33 mm for different landmarks in the ResNet50-based model. The 
most accurate measurements were obtained for the femoral head radius and shaft width, with average errors of 
0.49 mm and 0.64 mm, respectively. Conversely, the least accurate results were observed for the alpha angle, with 
an error of 7.37°. 

Conclusion: This dataset can be valuable for diverse research endeavors related to the hip region. The 2-stage 
model demonstrated a brief learning time due to the small image size loaded in both steps, while also offering high 
precision through the use of a bounding box. 

        Level of evidence: V 

        Keywords: Anatomical landmark detection, Deep learning (DL), Hip abnormalities, Two-stage DL model 

 
 

Introduction

ip joint deformities are among the most complex 
musculoskeletal disorders, requiring 
comprehensive examinations, both radiological and 

clinical, for accurate diagnosis.1 Among the various imaging 
modalities, plain radiography (X-ray) is considered the 
most fundamental and crucial technique for detecting 
structural diseases of the hip, as most deformities occur in 
the coronal plane.2 The orthopedic community has 
identified a set of anatomic features that characterize hip 
abnormalities, which are categorized into angular, length, 
and proportional measurements.2,3 Angular and 

longitudinal metrics are the most commonly used features. 
Angular measurements involve drawing lines between two 
specific anatomical landmarks. In comparison, longitudinal 
measurements determine the distance between two 
landmarks or between a landmark and a line drawn by two 
other landmarks.4 The accurate identification of these 
anatomical landmarks is essential in medical imaging, as 
inaccuracies in hip metrics can lead to variations in surgical 
planning.5 Changes in hip replacement surgery can result 
in leg length inequality, rotation, and misalignment of the 
lower limb, as well as increased pressure on the hip and  
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knee during the gait cycle. 
Currently, orthopedic surgeons commonly manually draw 

and measure specific landmarks, as well as perform various 
radiographic measurements on X-rays.6 This method is 
time-consuming, dependent on the surgeon's experience, 
and may result in variability between different observers.7 
As such, there is a need for an automated approach to 
accurately and efficiently identify anatomical landmarks to 
assess lower extremity alignment. Researchers have 
explored the use of automatic landmark detection, 
including a model developed by Bekkouch et al. (2022) for 
the detection and quantification of pelvic abnormalities. To 
overcome these challenges, experts advocate the use of 
Deep Learning (DL) algorithms to automatically detect 
anatomical landmarks, enabling precise and rapid 
evaluation of lower extremity alignment.8-10 

DL methods can be classified into two categories: 
supervised and unsupervised learning. Unsupervised 
machine learning methods focus on detecting landmarks 
based on rules, such as the structure of bones and borders, 
to identify anatomical landmarks. These methods are 
particularly accurate when applied to healthy geometries. 
In contrast, supervised deep learning (DL) methods are 
commonly used for medical image recognition, 
classification, and landmark detection in abnormal 
geometries, particularly when trained on datasets that 
contain abnormal cases.11-15 

Research on anatomical landmark detection in the hip is 
limited, as most studies focus on detecting dysplasia in 
children, typically using a limited number of landmarks 
and measurements.16,17 Ha et al. identified hip 
abnormalities in adults using a restricted set of metrics, 
focusing on the femoral head center and trochanters.18,19 
Wu et al.'s studies revealed five landmarks on each leg for 
detecting two common abnormalities.20 

Predicting lower limb alignment has been a prominent 
area of research for years, with similarities to the 
detection of hip landmarks. Tack et al., Schock et al., and 
Nguyen et al. developed a combined deep learning (DL) 
model to measure the hip-knee-ankle angle.21-23 Research 
on the hip-knee-ankle angle typically focuses on a limited 
number of landmarks and metrics, meaning that the 
speed of automatic landmark detection is less critical in 
this area. Furthermore, alignment angles are determined 
by four key landmarks, resulting in a minimal impact of 
landmark errors on angular accuracy. 

Two-step models have been proposed for locating hip 

joint landmarks using full-leg X-rays to assist in hip X-ray 
analysis, employing VGG-16 and ResNet 50 architectures. 
Aghasizade et al. demonstrated that two-step VGG-based 
models are more efficient and accurate in processing 
medical images compared to direct, one-step deep 
learning (DL) models. This is due to their ability to handle 
low-quality images in stages and refine a bounding box in 
the second stage.22 Previous studies on hip anatomical 
landmark detection have primarily focused on detecting 
limited deformities and highlighted the inadequacy of 
landmarks on X-ray images.18,23-26 Clinical reports for hip 
joint replacement surgery typically involve measuring 
various parameters, many of which are not addressed in 
similar artificial intelligence studies, as these studies 
primarily focus on hip dysplasia. Our approach differs 
from previous work by utilizing an optimal number of 
landmarks to calculate comprehensive anatomical 
measurements, enabling the generation of a holistic 
report on hip joint features. Furthermore, our dataset 
includes a diverse range of patients with various hip 
abnormalities, as well as standard cases. We enhance the 
generalizability of the DL model by diversifying and 
increasing the training data, compared to previous 
studies that have used limited datasets from healthy and 
dysplastic patients.17,23 The model's proficiency is 
validated by comparing the landmark annotations and 
measurements to those performed by specialists. 
Consequently, the DL-based approach holds significant 
promise in improving the accuracy and efficiency of hip 
joint deformity diagnosis and treatment by automating 
the process of anatomical landmark detection. 

Materials and Methods 
Material 

This dataset includes anonymized standing X-ray images of 
three joints, taken at a local imaging center during routine 
medical services between May 2020 and December 2021. All 
data were gathered retrospectively from patients with lower 
limb issues. Each patient case includes a radiograph of the 
entire leg, with a total of 430 patients. Three images of poor 
quality were removed, resulting in a dataset of 427 images 
[Figure 1]. Since the size of the final dataset was insufficient 
for training the DL model and most measurements were 
taken from one side, we mirrored the remaining data to 
create an 850-image dataset. The training and validation set 
consists of 85% of the study cases, with the remaining 15% 
randomly assigned to the test set. Demographic data for the 
final cohort can be found in [Table 1]. 

 
 
 
 
 
 
 
 
 
 
 

 
 
Figure 1. The excluded data of the X-ray dataset. Hip area landmarks were indistinguishable in these images. The femoral head is not viable in the 
right one, the femoral head is destroyed in the left one, and a bold image scratch is in the middle one 
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Table 1. Characteristics of the patient database used in this study 

Characteristics Developmental cohort 

Number 854 

Sex  

Female 

Male 

604 

250 

Prosthesis  

Total hip 

Other hip prostheses 

Spine 

4 

4 

22 

Neck shaft angle  

Normal (124-136)  

Coxa vara (Low) 

Coxa valga (High) 

250 

109 

495 

Leg Length Discrepancy  

Lower than 3 mm 

Higher than 3 mm 

96 

758 

Medial proximal femoral angle (°)  

Normal (80-89)  

Low 

High 

249 

144 

457 

Center edge angle (°)  

Normal (25-40) 

Dysplasia (Low) 

Excessive (High) 

444 

316 

94 

 
In the current study, we are examining the lower limbs, 

specifically the ilium, hip joint, and proximal femur. A skilled 
specialist manually annotates 28 anatomical landmarks on 
each image for hip pathology assessment using ImageJ 
software.27 The pixel size of the images is 0.1 mm. The 
average width is 3092 pixels (minimum 2548, maximum 
3359, standard deviation (SD) 44), and the average height is 
8259 pixels (minimum 6993, maximum 10050, SD 558). To 
focus on the hip region, we cropped one-third of the images, 
from 1/30 to 11/30 of the height, while maintaining the full 
width. The average height of the resulting cropped images is 
2753 pixels (minimum 2331, maximum 3350, SD 186). 

Quantities of interest 
  A total of 16 anatomical landmarks are marked on each 
image: 14 on the left side and two on the right side [Figure 
2a]. These landmarks are used to calculate 12 lower limb 
quantities of interest. The axes involved in this calculation 
include the head-neck axis, the anatomical axis of the shaft, 
the hip joint orientation axis, the horizontal axis, and the 
head-tangent axis. The horizontal axis, or intra-ischial (IIL) 
line, runs from the most distal part of the ischium on one side 
to the corresponding part on the other side; the vertical axis 
is defined as running perpendicular to the horizontal axis. 
The head-neck axis runs between the center of the femoral 
head and the center of the narrowest part of the femoral 
neck. The anatomical axis of the femur refers to the 
orientation of the mid-shaft. The hip joint orientation axis 
extends from the head of the femur to the most proximal 

point of the greater trochanter. Based on the frontal 
radiographs of the lower limbs, the typical parameters that 
characterize lower limb alignment are determined using the 
following quantities shown in [Figure 2]: 

1- Femoral Head Radius (FHR) defines the radius of the best 
circular fit between points surrounding the femoral head. 
2-Neck-Shaft Angle (NSA) is the angle between the head-
neck axis and the anatomical axis of the shaft. 
3-The Ischium Angle is the angle between the intra-ischial 
(IIL) line and the horizontal axis of the image. 
4-Leg Length Discrepancy (LLD) is the vertical 
(perpendicular to IIL) distance between the most 
prominent parts of the lesser trochanters. 
5- The Center-Edge (CE) Angle is the angle between a line 
containing the femoral head and the most lateral point of 
the acetabulum and the horizontal axis. 
6- Medial Proximal Femoral Angle (MPFA) defines the 
angle between the hip joint orientation and the anatomical 
axes of the shaft. 
7- Acetabular Coverage (AC) defines the horizontal 
distance between the most lateral point of the acetabulum 
and the femur, divided by the distance between the most 
lateral and medial points of the femoral head. 
8-  The Alpha Angle is the angle between the head-neck 
axis and the axis drawn between the femoral head and the 
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first point on the lateral part of the femoral head, whose 
distance from the femoral head exceeds the diameter of the 
femoral head. 
9- Horizontal Offset (HO) is the vertical distance from the 
femoral head to the anatomical axis of the shaft. 
10- Intertrochanteric Distance (ITD) is the distance 

between the most prominent parts of the lesser and 
greater trochanters. 
11- Neck Width (NW) defines the width of the neck at its 
narrowest part. 
12- Shaft Width (SW) refers to the diameter of the shaft 
below the lesser trochanter. 

 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Anatomical landmarks and hip coronal measurements. a) Anatomical landmarks, 1, 2, 3, and 4. The most lateral, proximal, medial, and distal 
points of the circular part of the femoral head. 5 and 6. Lateral and medial points of the femoral neck. 7. Greater trochanter. 8 and 9. The most proximal 
points of the femoral shaft are lateral and medial. 10 and 11. The most distal points of the femoral shaft are lateral and medial. 12. The most lateral 
point of the acetabular curve. 13. Lesser trochanter. 14. The most distal point of the ischium. a, c, d, e, f, and g) All 12 measurements including neck 
width, intertrochanteric distance, shaft width, medial proximal femoral angle (MPFA), center edge angle (CE), alpha angle (α), horizontal offset, 
femoral head radius, neck shaft angle (NSA), leg length discrepancy (LLD), instar-ischial distance, and acetabular coverage (A/(A+B)) 

 
 
However, some of the landmarks used for measuring the 

quantities of interest are not explicitly defined. For instance, 
the position and diameter of the femoral head are 
determined by averaging the centers of four circles, each 
formed by three points corresponding to the four femoral 
head landmarks. In other words, four circles are drawn using 
four sets of three points from the femoral head landmarks, 
and their centers and diameters are then averaged to define 
the final femoral head position. Similarly, the anatomical axis 
of the femoral shaft is represented by four landmarks. Two 
of these landmarks indicate the lateral and medial aspects of 
the femoral shaft at the entrance of the image. In contrast, 
the other two indicate the medial and lateral points at the 
most proximal portion of the femoral shaft. Lastly, the center 
of the narrowest part of the femoral neck is defined by 
averaging the positions of two landmarks located on the 
lateral and medial sides of the narrowest portion. Other 
landmarks, including the most lateral point of the 
acetabulum, the greater and lesser trochanter, and the most 
distal part of the ischium, are directly indicated without the 

need for auxiliary points. 

Landmark detection algorithm for hip X-ray images 
  The purpose of the developed two-stage deep learning (DL) 
models is to accurately locate anatomical landmarks on X-ray 
images for determining hip measurements. These landmarks 
are located at the edges of the bones, with some situated at 
prominent points (such as the lateral acetabulum, 
trochanters, and two neck landmarks). In contrast, others are 
positioned at the medial, lateral, proximal, and distal edges. 
To achieve accurate landmark localization, the implemented 
two-stage models consist of two deep learning (DL) 
networks connected in series. The models described below 
are based on VGG-16 and ResNet-50, respectively, named 
TSVM (two-stage VGG-based model) and TSRM (two-stage 
ResNet-based model). These methods are implemented 
separately to evaluate their performance on lower limb X-ray 
images. 
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TSVM 
  In the TSVM, two deep learning (DL) models are connected 
in series. The first and second networks are identical, except 
for the input image. The first-stage network in TSVM receives 
a whole, low-quality (512×512) image as input and provides 
an initial estimate for the landmark's X and Y coordinates. 
This preliminary prediction results in a sub-region 
containing the landmark. The sub-region is then used as 
input for the second network. By using a more detailed image 
and avoiding the larger field of view of the entire image, the 
second-stage network produces the final prediction of the 
landmark's position. A detailed description of the model is 
provided in the appendix.28 

TSRM 
  In this study, a two-stage deep learning (DL) model similar 
to TSVM is proposed for precise landmark area estimation. 
The initial stage involves providing an accurate estimate of 
the landmark area by identifying the landmark and assuming 
the surrounding region as the landmark area. The 
subsequent stage focuses on determining the exact position 
of the landmark within the estimated area. The Python code 
for this model has been implemented in Google Colab and is 
publicly available. A detailed description of the model is 
provided in the appendix [Table 2]. 

 
Table 2. Specification of layer type, shape, and number of trainable parameters in two-stage VGG-based model 
(TSVM) and two-stage ResNet-based model (TSRM). This table applies to both DL model stages. 

TSRM TSVM 

Param # Output shape Layer Param # Output shape Layer 

0 (224,224,3) Input 0 (224,224,3) Input 

23000000 (7,7,2048) ResNet50 14714688 (7,7,512) Vgg16 

0 2048 Average Pooling 4719616 (7,7,1024) conv2D 

524544 256 Dense 4719104 (7,7,512) conv2D 

0 256 Dropout 4617 (7,7,9) conv2D 

16448 64 Dense 0 441 Flatten 

0 64 Dropout 0 441 Dropout 

520 8 Dense 56576 128 Dense 

18 2 Dense 0 128 Dropout 

---- ---- ---- 2064 16 Dense 

---- ---- ---- 0 16 Dropout 

---- ---- ---- 153 9 Dense 

---- ---- ---- 20 2 Dense 

 
 

Training 
  For both TSVM and TSRM, 15% of the data is reserved for 
testing, while the remaining 85% is divided into training and 
validation sets. The training/validation set is randomly split 
into five equal groups, with each group serving as the 
validation set in one of the five training loops. The Adam 
optimizer, with a learning rate of 1e-4, is used to optimize 
these two-stage models. Both TSVM and TSRM employ a 
custom loss function in the first stage to calculate the 
proximity to the correct position, as defined in Equation 1, 
thereby achieving the highest similarity in learning 
parameters. In this equation, x sub p  and y sub p  are 
predicted coordinates, and 𝒙𝒂 and 𝒚𝒂 are actual ones. In the 
first stage of learning, where the focus is on identifying the 
landmark region, implementing this loss function helps by 
disregarding nearly found landmarks (assigning them a 
weight of zero) and making a better estimation of the 
landmark area by weighing more distant landmarks. A 
threshold of 6 pixels is defined to find the surrounding box of 
all landmarks by testing the error in landmark annotation by 
the DL models. The loss function in the second stage of 
learning is the mean squared error, used to determine the 
precise location of the landmarks. 

 
 
 
 

  The Python code and the complete dataset, including two 
different qualities, are accessible at 
https://github.com/MahdieAghasi/HipLandmarkDetection.
git  

Results 
The effectiveness of the landmark localization approach 

proposed in TSVM, as well as a comparable single-stage 
VGG-based model (SSVM), was assessed through 
experimental evaluation. This evaluation involved 
comparing the predicted landmarks with those identified 
by specialists. The entire dataset was annotated by a 
radiologist and subsequently by the authors under the 
supervision of a radiology professor. The specialists 
manually marked landmarks for all images using ImageJ 
software. They placed 16 manual landmarks and 
performed 12 measurements based on these landmarks 
for each image. 

The comparison between the results of TSVM, SSVM, and 
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the manually marked landmarks is presented in [Figure 3]. 
TSVM refers to the proposed model that comprises two 
sequential predictions. In the second stage, the focus is on 
the landmark bounding box, while SSVM represents the 

first stage of the proposed model. Figure 3 illustrates a 
notable improvement in landmark detection accuracy 
using TSVM compared to SSVM.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. The mean radial error of each landmark applying single-stage and two-stage similar models based on VGG16. The two-stage model achieves 

significantly greater accuracy by focusing on the bounding box around the landmark detected in the single-stage model 

 
 
  Both TSVM and TSRM were tested using the same criteria, 
and the predictive results were used for performance 
evaluation. The error in landmark localization was calculated 
by determining the Euclidean distance between the model's 
prediction and the data provided by the specialist. For the left 
leg, the mean relative error (MRE), standard deviation (SD), 
median error, maximum error, and success detection rate 
(SDR) for 4 mm errors were computed for a total of 14 direct 
and four indirect landmarks [Table 3]. The indirect 
landmarks (denoted by asterisks) include the center of the 
femoral head, the center of the femoral neck, and the 
proximal and distal center points of the femoral shaft. These 

are determined by four femoral head landmarks, two 
femoral neck landmarks, and four associated landmarks on 
the femoral shaft. The average SDR for the landmarks is 
85.4% for TSVM and 92.7% for TSRM, with MRE values of 
2.30 mm and 1.63 mm, respectively. A statistical comparison 
of the metrics is presented in [Table 3 and Figure 2]. 
Additionally, Table 4 provides the mean absolute error 
(MAE), standard deviation (SD), median error, and maximum 
error for all metrics on unseen test data. The measurements 
are categorized into angles (intra-ischial angle, NSA, MPFA, 
alpha angle, CE angle) and lengths (FHR, LLD, ITD, HO, NW, 
SW, A, B), as well as length proportions (AC) [Table 4]. 

 
Table 3. The comparison of predicted quantities of interest with those provided by specialists in 127 unseen test images 

4 mm (SDR %) Maximum (mm) Median (mm) MRE±SD(mm) Landmark 

TSVM / TSRM TSVM / TSRM TSVM / TSRM TSVM / TSRM 

100 90 4.81 17.73 0.84 1.44 1.06 )0.81) 2.10 )2.19) Head center* 

98 90 5.05 12.45 0.87 1.47 1.10 )0.93) 1.99 )1.82) Proximal 

94 83 7.04 9.05 1.67 2.15 1.91 )1.25) 2.58 )1.81) Distal 

87 79 6.48 8.08 1.50 2.14 2.05 )1.51) 2.60 )1.80) Medial 

85 78 7.60 13.75 1.83 2.33 2.30 )1.59) 3.15 )2.72) Lateral 

97 94 7.68 10.66 0.93 1.30 1.17 )1.02) 1.68 )1.54) Neck center* 

97 90 5.92 9.15 1.24 1.62 1.53 )1.07) 2.01 )1.66) Medial 

96 90 8.41 12.74 1.06 1.41 1.42 )1.39) 1.95 )1.85) Lateral 

98 100 4.48 8.67 0.93 0.9 1.12 )0.76) 1.24 )1.26) Shaft proximal* 

92 88 13.51 13.17 1.04 1.62 1.65 )1.95) 2.24 )2.31) Medial 
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Table 3. Continued 

85 71 14.09 15.97 1.83 2.38 2.33 )2.04) 3.35 )3.12) Lateral 

100 99 3.72 4.48 0.43 0.42 0.53 )0.50) 0.66 )0.75) Shaft distal* 

99 96 5.07 15.44 0.41 0.43 0.56 )0.58) 0.93 )2.21) Medial 

99 96 5.19 19.36 0.50 0.40 0.59 )0.55) 0.97 )2.21) Lateral 

94 88 9.57 13.28 1.25 1.78 1.67 )1.48) 2.35 )1.95) Acetabulum lateral 

87 83 7.96 17.74 1.71 2.06 2.26 )1.65) 2.71 )2.63) Lesser trochanter 

91 87 6.61 11.30 1.50 1.67 1.83 )1.25) 2.35 )1.93) Greater trochanter 

94 77 9.28 14.18 1.41 2.32 1.67 )1.39) 3.05 )2.71) Ischium 

*These landmarks are found using four or two other landmarks named below them. Their position is not the model’s 

 
Table 4. Statistical comparison between measurements by the model-predicted landmarks and the specialist-annotated 

Maximum (deg) Median (deg) MAE±SD(°) Angles 

TSVM / TSRM TSVM / TSRM TSVM / TSRM  

67.61 7.61 0.39 0.56 1.10 (6.00) 1.07 (1.35) Intra Ischial 

28.07 37.26 1.87 3.07 2.86 (3.65) 4.61 (5.40) NSA 

16.70 28.26 1.31 1.42 1.76 (1.44) 2.29 (6.87) MPFA 

36.18 81.28 6.39 6.55 7.37 (6.07) 9.12 (9.85) Alpha 

67.04 9.25 0.51 0.84 1.31 (5.97) 1.38 (1.61) CE 

Maximum (mm) Median (mm) MAE±SD(mm Lengths 

TSVM / TSRM TSVM / TSRM TSVM / TSRM  

2.20 18.95 0.40 0.43 0.49 (0.41) 0.74 (1.73) FHR 

37.17 26.25 3.94 2.92 5.52 (5.07) 4.03 (2.77) LLD 

7.73 11.33 1.48 1.43 1.98 (1.57) 2.02 (2.06) ITD 

9.64 16.87 0.80 1.14 1.18 (1.40) 1.90 (2.43) HO 

6.10 7.86 0.52 0.71 0.75 (0.91) 1.01 (1.07) NW 

3.73 3.88 0.43 0.67 0.64 (0.65) 0.93 (0.84) SW 

6.49 9.32 1.14 1.36 1.47 (1.26) 1.70 (1.61) A 

8.76 7.35 1.02 1.07 1.47 (1.53) 1.52 (1.56) B 

Maximum (%) Median (%) MAE±SD (%) proportions 

TSVM / TSRM TSVM / TSRM TSVM / TSRM  

23.40 25.06 2.63 3.09 3.97 (4.32) 4.33 (4.57) AC 

 
 
  Figure 4 shows separate plots of specialist-reported ground 
truth and model prediction results for both methods across 
all 12 measurements [Figure 4]. The horizontal axis 
represents the ground truth, while the vertical axis indicates 
the predicted values. The closer the points are to the 45-
degree hypothetical line, the lower the mean relative error 
(MRE), and the closer they are to the trendlines, the lower the 
standard deviation (SD). 

Discussion 
  The current study highlights the effectiveness of TSVM and 
TSRM in accurately locating anatomical landmarks using 
whole-leg radiographs. The proposed models achieved low 

average errors of 2.30 mm for TSVM and 1.63 mm for TSRM, 
demonstrating their potential for precise landmark 
localization. Furthermore, the inclusion of a comprehensive 
dataset containing various anatomical variations, such as 
prostheses, coxa vara and valga, leg length discrepancies, and 
abnormal MPFA and CE angles, enhances the reliability and 
applicability of the models in radiology practice. 
  However, several limitations must be addressed. First, while 
the presence of foreign objects, such as orthopedic fixators, 
was briefly mentioned, their impact on the model's 
performance warrants further investigation. These objects 
can introduce artifacts into radiographs, potentially affecting  
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the accuracy of landmark detection due to the creation of 
white areas and the obstruction of significant portions of the 
X-ray images. Loss of image data means that the model must 
estimate the location of the landmark, which can result in 

decreased accuracy. Future studies should focus on 
quantifying the extent of this effect and exploring methods to 
minimize its impact, such as developing techniques to detect 
and compensate for these artifacts in the dataset.

 
 

 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Scatterplots displaying the amount of each measurement calculated with specialist landmarks and automatically detected landmarks by a 
two-stage VGG-based model (TSVM) and a two-stage ResNet-based model (TSRM), colored in black and orange. Measurements are femoral head 
radius (FHR), neck width (NW), ischium theta, center edge angle (CE), leg length discrepancy (LLD), neck shaft angle (NSA), inter-trochanteric distance 
(ITD), acetabular coverage (AC), medial proximal femoral angle (MPFA), horizontal offset (HO), shaft width (SW), and alpha angle 
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Second, the study noted that AC measurements were 
susceptible to issues arising from the proximity of 
landmarks in low-quality images. This limitation should be 
further investigated, as it could impact the clinical utility of 
the model in cases involving lower-quality radiographs. 
Future work could address this by incorporating advanced 
image enhancement or preprocessing techniques to 
improve the quality of input images, potentially reducing AC 
sensitivity and improving overall accuracy. 

Third, the retrospective nature of this study may introduce 
biases in dataset selection, such as an overrepresentation of 
certain conditions or imaging types. Retrospective studies 
often face challenges in ensuring a balanced dataset, which 
could affect the model's generalizability. Future research 
should aim to include a more diverse and balanced dataset, 
comprising a larger proportion of normal cases and a 
broader range of abnormalities, to more effectively evaluate 
the model's performance across a wider variety of clinical 
scenarios. 

A notable strength of this study is the use of auxiliary 
markers on the femoral head, neck, and shaft peripheries to 
infer the center and orientation of these anatomical 
structures. This approach yielded promising results in 
predicting measurements, demonstrating its potential for 
clinical applications. The evaluation of hip measurement 
parameters revealed high accuracy, with minimal 
divergence from measurements taken by orthopedic 
specialists. Despite slightly higher errors associated with 
proximal landmarks on the femoral shaft, the overall 
trajectory of the femoral shaft was accurately identified, 
leading to reliable predictions. 

The comparison of the two methodologies for landmark 
detection highlighted the superiority of TSRM, while also 
demonstrating the acceptable performance of TSVM [Figure 
5]. The inclusion of multiple auxiliary landmarks 
contributed to improved accuracy, as evidenced by the 
lower errors associated with the additional landmarks. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. The result of hip landmark locating and related measurements by each method for one randomly selected hip X-ray image. The results 
presented for the model predicted (red lines and smaller radius arc) and specialist ground truth (green lines and larger radius arc) (a) All 14 direct 
and three indirect landmarks, (b) Femoral head circle, femoral head radius, shaft anatomical axis, and horizontal offset, (c) intra-ischial length and 
leg length discrepancy, (d) neck width, shaft width and inter-trochanteric distance, (e) acetabular coverage (A/(A+B)) and the related parameters (A 
and B), (f) neck shaft angle, (g) medial proximal femoral angle, (h) alpha angle, and (i) center edge 
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In conclusion, the study highlights the potential of the 
proposed model for accurate landmark localization and 
measurement prediction using whole-leg radiographs, with 
significant implications for enhancing diagnostic accuracy in 
clinical practice. However, the limitations discussed should 
be addressed in future work. Exploring methods to mitigate 
the impact of artifacts, improving sensitivity to AC, and 
enhancing dataset diversity will contribute to refining and 
advancing this model for broader clinical applicability. 
Furthermore, additional investigation into the integration of 
auxiliary landmarks could further improve the accuracy of 
landmark detection and measurement prediction in medical 
imaging. 

We conducted a comparative analysis of the mean error in 
identifying hip landmarks across our models, referencing 
methods outlined in nine other publications.18,21,23-26,29-31 

While there have been limited efforts to detect hip 
landmarks, some studies have focused on knee or alignment 
detection.32-36 Additionally, some publications that 
concentrate on the hip do not cover as many landmarks as 
our study.18,19,30,32 Nevertheless, similar studies have 
presented comparable landmarks and measurements.6,23,37 
In Table 5, we present the results from other research 
studies alongside those from our proposed method, based 
on 127 unseen data points. Our two-stage ResNet50-based 
model demonstrates a lower average error in pinpointing 
the femoral head center, lateral point of the head, femoral 
neck center, FHR, ITD, and HO when compared to other 
models. However, the comparative accuracy for AC is 
notably lower than the best result [Table 5]. 

 
Table 5. Comparison between our proposed methods and existing methods for AC (Acetabular Coverage), the 2D position of the center of the 
femoral head, the most lateral point of the femoral head, the middle of the narrowest part of the femoral neck, the most lateral point of the 
acetabulum, FHR (Femoral Head Radius), ITD (Intertrochanteric Distance), HO (Horizontal Offset), SW (Shaft Width), NW (Neck Width), NSA (Neck 
Shaft Angle), and CE (Center Edge). The mentioned parameters regarding MRE for landmarks and metrics. Errors indicate the discrepancy between 
the predicted landmark position/metrics and the manual ground truth. 

Parameter Unit Proposed method   21 32 34 26 27 18 25 33 28 

TSRM TSVM 

AC % 3.97 4.33 
   

L:2.0/R:2.0 
  

5.1 
  

Femoral head center  

 

 

mm 

1.06 2.10 1.72 L:3.0/R:5.0 3.09   1.41    

Head lateral 2.30 3.15      3.6    

Femoral neck 1.17 1.68     2.00 1.68    

Acetabulum lateral 1.67 2.35     3.43 1.17    

FHR 0.49 0.74     1.3    0.8 

ITD 1.98 2.02 
    

2.5 
    

HO 1.18 1.90 
    

3.1 
    

SW 0.64 0.93 
    

0.6 
    

NW 0.75 1.01 
    

0.5 
    

NSA 
degree 

2.86 4.61 
    

3.55 
 

2.6 
 

5.7 

CE 1.31 1.38 
   

L:1.55/R:1.79 1.63 2.6 1.2 4.1 1.1 

Conclusion 
In this study, we introduced two two-stage deep learning 

(DL) methods designed to identify 14 anatomical landmarks 
in the hip region, which are crucial for calculating various hip 
measurements, including angles (NSA, MPFA, alpha, and CE), 
distances (FHR, ITD, HO, and LLD), and proportions (AC). 
The first method utilized the pretrained VGG16 model, while 
the second method was based on the pretrained ResNet50 
model. Both methods followed a two-stage approach: in the 
first stage, a landmark is detected, and in the second stage, 
the area around the detected landmark is used for more 
accurate localization. Both models outperformed manual 
annotations. 

The TSRM achieved more accurate landmark detection 
than the TSVM. A comparison of our results with those from 
other studies demonstrated superior accuracy in 
measurements for the TSRM in most cases. Furthermore, the 

study emphasizes that two-stage deep learning (DL) models 
significantly enhance landmark detection accuracy 
compared to single-stage models. 

The novelty of this work lies in improving hip landmark 
detection accuracy through a hybrid deep learning 
architecture that is capable of simultaneously detecting all 
critical and auxiliary hip landmarks. While some 
measurements exhibited acceptable errors, AC proved to be 
more sensitive to issues arising from the proximity of 
landmarks in low-quality images. Our findings also suggest 
that considering four landmarks for head center prediction, 
rather than just one, significantly improves prediction 
accuracy, highlighting the importance of incorporating 
additional landmarks for more accurate diagnosis and 
treatment planning. 

Ultimately, our study highlights the importance of 
expanding research beyond specific conditions, such as hip 
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dysplasia, to ensure clinical applicability across a broader 
range of cases. The identified landmarks are versatile in 
evaluating a range of features, such as angles, lengths, and 
proportions, making the proposed method well-suited for 
diagnosing various hip deformities when applied to diverse 
datasets. 
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Appendix 
 
 

TSVM details:  
 
As previously mentioned, the two networks share similarities. We implemented a Python code in Google Colab to promote a 
two-stage VGG-based DL method. Each stage includes a VGG-16. ^28 backbone (frozen with weights pre-trained on 
ImageNet),28 followed by three convolutional layers and four fully connected (FC) layers. The kernel sizes of the first and 
second convolutional layers are 3×3, while the third is 1×1. The convolution layers have 1024, 512, and 9 channels, 
respectively. The activation function for the first two convolutions is Rectified Linear Unit (ReLU), and the third is Sigmoid. 
Before the first three of the four FC layers, a dropout of 0.2 is applied. These FC layers have 128, 16, 9, and 2 neurons, 
respectively, all of which utilize the ReLU activation function. The input images are reshaped to 224×224 pixels since the 
input of the VGG network is a 224×224×3 image. The output consists of two numbers, which show the X and Y components 
of the landmark in the input image. Table 2 lists the type, size, and number of trainable parameters for each layer. 

TSRM details: 
 
Both the first and second stages of the DL model share the same architecture, with a detailed explanation provided for one 
of the stages. The input image, sized 224×224, is fed into a ResNet 50 model pre-trained on ImageNet weights. The output 
undergoes global average pooling before being processed by a fully connected (FC) layer with 256 neurons. Subsequently, a 
dropout rate of 0.2 is employed to reduce the computational load and prevent overfitting, followed by another fully 
connected (FC) layer with 64 neurons. After a dropout of 0.1, the last FC layer with eight neurons is utilized, and the final FC 
layer with two neurons indicates the X and Y coordinates of the landmark. The activation function for the first three fully 
connected (FC) layers is ReLU, while the last layer employs a linear function. Detailed information on these stages is provided 
in Table 2. 

 
 
 
 
 
 
 
 
 


