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Abstract 

Background: Developmental dysplasia of the hip (DDH) is a common pediatric ortho-
pedic condition characterized by varying degrees of acetabular dysplasia and hip dis-
location. Current 2D imaging methods often fail to provide sufficient anatomical detail 
for effective treatment planning, leading to higher rates of misdiagnosis and missed 
diagnoses. MRI, with its advantages of being radiation-free, multi-planar, and contain-
ing more anatomical information, can provide the crucial morphological and volumet-
ric data needed to evaluate DDH. However, manual techniques for measuring param-
eters like the center–edge angle (CEA) and acetabular index (AI) are time-consuming. 
Automating these processes is essential for accurate clinical assessments and personal-
ized treatment strategies.

Methods: This study employed a U-Net-based CNN model to automate the seg-
mentation of hip MRI images in children. The segmentation process was validated 
using a leave-one-out method during training. Subsequently, the segmented hip 
joint images were utilized in clinical settings to perform automated measurements 
of key angles: AI, femoral neck angle (FNA), and CEA. This automated approach aimed 
to replace manual measurements and provide an objective reference for clinical 
assessments.

Results: The U-Net-based network demonstrates high effectiveness in hip segmen-
tation compared to manual radiologist segmentations. In test data, it achieves aver-
age DSC values of 0.9109 (acetabulum) and 0.9244 (proximal femur), with a 91.76% 
segmentation success rate. The average ASD values are 0.3160 mm (acetabulum) 
and 0.6395 mm (proximal femur) in test data, with Ground Truth (GT) edge points 
and predicted segmentation maps having a mean distance of less than 1 mm. Using 
automated segmentation models for clinical hip angle measurements (CEA, AI, FNA) 
shows no statistical difference compared to manual measurements (p > 0.05).
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Conclusion: Utilizing U-Net-based image segmentation and automated measure-
ment of morphological parameters significantly enhances the accuracy and efficiency 
of DDH assessment. These methods improve precision in automatic measurements 
and provide an objective basis for clinical diagnosis and treatment of DDH.

Keywords: Developmental dysplasia of the hip, Magnetic resonance imaging, Image 
segmentation, Convolutional neural network, Morphological quantification

Introduction
Developmental Dysplasia of the Hip (DDH) is a common pediatric orthopedic condition 
characterized primarily by inadequate coverage of the femoral head due to acetabular 
dysplasia, potentially leading to hip joint instability and possible deformities [1]. DDH 
is a major cause of hip pain and functional impairment in children, imposing signifi-
cant economic burdens on families. The unreliable treatment process may contribute to 
high complication rates, such as recurrent dislocation, avascular necrosis of the femoral 
head, and hip joint stiffness [2, 3]. Currently, conventional X-ray imaging remains the 
main diagnostic tool; however, its reliance on two-dimensional images and parameters 
makes it challenging to accurately depict the spatial anatomical details of the hip joint 
[4]. Therefore, achieving quantification of DDH’s three-dimensional anatomical infor-
mation is crucial.

While evidence suggests that computed tomography (CT) with its three-dimensional 
reconstruction technology is valuable for personalized clinical assessment and track-
ing of DDH [5, 6], its use in pediatric imaging is limited due to concerns about radia-
tion exposure. Magnetic resonance imaging (MRI), on the other hand, offers significant 
advantages as it does not involve ionizing radiation and provides detailed visualization 
of soft tissues, making it suitable for assessing hip dysplasia and cartilage conditions [2, 
7, 8]. This has led many researchers to favor MRI for studying hip morphology [9, 10]. 
Central edge angle (CEA), acetabular index (AI), and femoral neck anteversion (FNA) 
are widely recognized morphological parameters for evaluating DDH [11, 12]. However, 
CEA and AI are typically based on manual measurements from two-dimensional radio-
graphs, while FNA relies on measurements from three-dimensional images such as MRI 
or CT. Conventional manual measurement of these parameters is time-consuming and 
highly dependent on experienced clinicians. Therefore, it is essential to develop fully 
automated segmentation methods for the acetabulum and proximal femur, alongside 
reliable measurement of hip joint angles.

In recent years, several methods using MRI images for automatic segmentation and 
angle measurement of the hip have been proposed. Researchers has proposed [13] the 
use of multi-atlas and active shape model (ASM) approaches for automatic hip seg-
mentation. However, this method relies on generative models based on prior anatomi-
cal features, necessitating prior anatomical knowledge or templates to generate images, 
which may be limited by the accuracy and completeness of the chosen templates or prior 
knowledge. In contrast, other researchers [14] have suggested random forest classifiers 
for femur segmentation, which belong to a discriminative model. While these classi-
fiers do not require prior anatomical knowledge, they typically involve manual feature 
extraction from images before training. Convolutional neural network (CNN) models, 
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on the other hand, are a promising machine learning-based approach that automatically 
extracts features from images through multiple layers of convolution and pooling opera-
tions [15, 16]. They do not require manual feature design and offer stronger capabilities 
for automatic feature learning and adaptation to complex data distributions compared 
to generative and discriminative models. Some researchers [17] have applied CNNs to 
achieve automatic measurement of critical hip angles, primarily in general healthy popu-
lations. However, their ability to measure angles on MRI images for specific hip joint dis-
eases such as DDH has not been extensively studied. Therefore, this study would utilize 
deep CNN for automatic hip MRI segmentation and further attempt to automatically 
quantify MRI morphological parameters in children with DDH.

The purposes of our study were to: (1) advance the automation of clinical practices 
for DDH, including MRI segmentation of the acetabulum and proximal femur, as well 
as measurement of bone morphological parameters; (2) compare and assess the reliabil-
ity of automated segmentation against manual segmentation; (3) quantitatively evaluate 
the hip joint using MRI three-dimensional models, comparing automatically measured 
angles between normal children and those with DDH. The workflow for MRI segmenta-
tion and morphological quantification of the hip is shown in Fig. 1.

Results
As shown in Fig. 2, it was obvious that the predicted segmentation maps generated by 
the CNN-based network were successfully segmented, as shown by comparison with 
the GT segmentation maps manually segmented by two experienced radiologists. In this 
preliminary study, both the validation data and the testing data were fed into 11 seg-
mentation models trained by the way of leave-one-child-out evaluation to analyze the 
performance of the U-Net-based segmentation. And the results are shown in Table  1 
with the metrics of DSC and ASD values for the comparison of the predicted maps with 
their one-to-one corresponding GT maps. It showed that the average DSC values from 
11 trained models were 0.9178 for the acetabulum and 0.9368 for the proximal femur 
of the validation data and 0.9109 for the acetabulum and 0.9244 for the proximal femur 
of the testing data, respectively, meaning that a success rate of 92.73% for the validation 
data and 91.76% for the testing data was achieved for hip segmentation from a holistic 
perspective. Moreover, the average values of ASD were 0.3595 mm for the acetabulum 
and 0.2902  mm for the proximal femur of the validation data and 0.3160  mm for the 

Fig. 1 Quantitative processes of MRI-based morphological evaluation for children with DDH in this research
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acetabulum and 0.6395 mm for the proximal femur of the testing data, respectively, and 
the average distances between the edge points of the GT maps and the predicted seg-
mentation maps were less than 1 mm. Furthermore, a non-parametric statistical analy-
sis of the Mann–Whitney U test was adopted to comparing the DSC and ASD values 
of two samples. The results showed that the DSC values of the acetabulum were sig-
nificantly lower than those of the proximal femur both for the validation or testing data 
(PValidation = 0.003 < 0.05 and PTesting = 0.000 < 0.05). However, there was no significant 
difference of the average ASD values between of the acetabulum and of the proximal 
femur for the validation data (PValidation = 0.250 > 0.05), but the segmented performance 
of the acetabular edge was better than that of the proximal femur for the testing data 
(PTesting = 0.000 < 0.05).

The testing data consisting of the hip MRI images of 14 children were available to 
quantify the various changes in hip morphology comparing hip joints with DDH to nor-
mal hip joints. Considering that the segmentation performance of hip image as well as 
the acetabular edge important to carry out further morphological quantification, the 
predicted maps from the sixth model were taken advantage of in the following research 
study. After the predicted maps, a point cloud model of hip was firstly constructed by 3D 
Slicer. Then, the measurements of three parameters in 3D space are shown in Fig. 3, com-
paring seven children with healthy bilateral hips (Fig. 3a) to seven children with DDH 
or post-operation (Fig. 3b). The transverse coordinates were in natural numbers corre-
sponding to the number of hip cases while arranged according to the increasing age. The 
specific ages corresponding to the x-axis in Fig. 3 could be observed in Additional file 1: 
Table S1 (where the green and blue shaded areas labeled 1–7 in Fig. 3, respectively, cor-
respond to ’number 34–40’ and ’number 41–47’ in Additional file 1: Table S1). From the 
curve changes in the results, it was found that the CEA values of normal children with 
bilateral hip joints gradually increased with age, while the AI and FNA values decrease 

Fig. 2 The comparison of manual labels and CNN-based segmentation maps in hip MRI images
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with age. Furthermore, compared to normal hips, the magnitude of three parameters in 
DDH hips showed obvious differences. The CEA values in the affected hips with DDH 
were lower than the normal range and even negative. And it was found that the AI and 
FNA values in DDH hips were higher than those of normal hips. At the same time, the 
measurement could be used to observe the postoperative recovery of DDH hips. The 
CEA values of the operated hips were largely close to those of the healthy hips. However, 
there were higher values of AI and lower values of FNA in the operated hips compared 
to the healthy hips. Finally, to compare the relationship between automatic and manual 
measurements of CEA and AI in 14 children with 28 hips in total, independent sample 
t-test was used to reveal the results of no significant differences between two methods 
( PCEA=0.808 > 0.05, PAI=0.950 > 0.05).

Discussion
We have developed a model for automatic segmentation of the hip joint on MRI and 
automated measurement of critical angles for DDH. Manual segmentation methods 
typically require significant time and effort. Moreover, due to the complexity of tissue 
structures and minimal differences in grayscale values between adjacent tissues, tradi-
tional segmentation methods may struggle to accurately separate targets from raw MRI 

Fig. 3 The measurement of three parameters including CEA, AI and FNA for seven children with bilateral 
healthy hip (left column with green shading) and seven children with DDH or post-operation (right column 
with blue shading). The solid blue (donated as right hip) and orange (donated as left hip) lines represented 
the results with the approach of automatic measurement while the dotted lines represented the results with 
the approach of manual measurement. R and L represented as “Right” and “Left”, respectively. Auto and Manu 
represented as “Automatic” and “Manual”, respectively
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images. Therefore, in this preliminary study, we employed a 2D CNN-based segmenta-
tion approach to automatically segment the acetabulum and proximal femur from hip 
MRI images. Segmentation was performed on 14 new hip joint datasets under two struc-
tural environments, achieving a satisfactory success rate of 91.76%. However, segmenta-
tion of the proximal femur was objectively superior to the acetabulum, mainly due to the 
irregular contour of the acetabulum bone and minimal grayscale differences compared 
to surrounding tissues. Given the relatively small sample size in this study, we utilized 
leave-one-out cross-validation to assess the model’s performance. This approach maxi-
mizes the use of limited sample data and provides an unbiased estimate of model perfor-
mance, ensuring reliability and accuracy in evaluation results. Throughout this process, 
we generated 11 different types of predictive segmentation maps. Following training and 
validation, we selected the best predictive map for automatic measurement of hip joint 
morphological parameters and subsequent evaluation.

The CEA, AI, and FNA are three critical parameters widely recognized for evaluat-
ing DDH. CEA and AI are conventionally measured using 2D X-ray images, while FNA 
involves assessing the degree of anterior tilt of the femoral neck by measuring the angle 
between the femoral neck axis and the femoral shaft axis. Given that these measure-
ments exist in different planes, 3D modeling is essential to mitigate measurement errors 
arising from variations in angles or projection methods in 2D images [18, 19]. Our devel-
oped 3D measurement approach for DDH provides comprehensive spatial anatomical 
information, allowing for personalized assessment of the hip joint across multiple angles 
and planes. This method circumvents the limitations of 2D imaging, facilitating dynamic 
observation of the hip joint and enabling tailored treatment planning based on individ-
ual anatomical structure and developmental conditions.

In our study, the CEA values for 4-year-old children were 21.62° ± 6.23°, while for chil-
dren aged 10–14 years, CEA values ranged from 24.54° ± 5.47° to 31.11° ± 6.20°. There 
was an approximate 6° difference in CEA values with increasing age [20]. In a previous 
research [21], the AI values were 26.75° ± 2.57° for children aged 1, 18.22° ± 2.2.26° for 
children aged 4–8, a decrease of 2°–3° for children aged 8 to adolescence and then in 
a dynamic balance. The AI values in our study roughly correspond to the ranges men-
tioned above. In our study, the average FNA values were 27° for newborns and 22° for 
5-year-old children, consistent with previous research findings [22]. Our study also 
found that children with DDH under 4 years old did not show significant differences in 
FNA values compared to healthy hip joints, suggesting that DDH in younger children 
may not always lead to increased FNA [23, 24].

Additionally, in our study, we compared three morphological parameters among chil-
dren with DDH, normal children, and those who underwent hip surgery. Among normal 
children, bilateral hip CEA values increase gradually with age, indicating improved cov-
erage of the femoral head by the acetabulum. AI reflects acetabular morphology, with 
decreasing values indicating deeper and larger acetabula as the hip matures. FNA meas-
ures the angle between the femoral head and neck, which decreases with hip joint matu-
ration and growth, indicating a more mature orientation of the femoral head towards the 
acetabulum [25]. These changes reflect morphological adjustments of the hip joint dur-
ing childhood growth and development. Compared to normal hips, DDH hips exhibit 
significant differences in these parameters. The CEA values of DDH hips are notably 
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below the normal range, often negative, primarily due to complete femoral head disloca-
tion towards the lateral side of the acetabulum. Additionally, AI and FNA values in DDH 
hips are higher than those in normal hips. In DDH, the acetabulum is typically shallow 
and irregularly shaped, resulting in inadequate coverage of the femoral head, hence the 
higher AI values. The increased FNA values reflect a more pronounced anterior tilt of 
the femoral head relative to the femoral neck, possibly due to the directional change 
caused by acetabular deformities [26]. Post-surgical measurements of DDH hips can also 
be used to monitor postoperative recovery. Post-surgical CEA values in the hips gener-
ally approach those of healthy hips, indicating improved acetabular coverage of the fem-
oral head post-surgery. However, post-surgical AI values remain higher, and FNA values 
are lower. This may result from surgical interventions impacting the morphological and 
biomechanical properties of the hip joint. Surgery typically alters acetabular morphol-
ogy to some extent, maintaining higher AI values, while the decreased FNA values may 
reflect partial improvement in hip joint stability post-surgery, though not fully restored 
to normal levels [27]. These measurement outcomes are crucial for assessing postopera-
tive hip joint function and predicting long-term outcomes.

In our study, we also compared the performance of automatic measurements with 
manual measurements. A good correlation was found between manual and automatic 
segmentation based on MRI for the measurement of CEA, AI, and FNA. The automati-
cally measured CEA and AI values in healthy, affected, and post-surgical hips of children 
were roughly equivalent to those manually measured by radiologists. To reduce errors, 
automated measurements in this study involve averaging a series of angles taken along 
the midportion of the acetabular edge [28]. Theoretically, the automatic results should 
be larger than the manual angles on MRI slices, including the maximum hip slice. The 
average value of the automatic measurements compensates to some extent for the errors 
caused by CNN-based segmentation, which explains the high correlation between auto-
matic and manual results. Therefore, the algorithm for measuring these three angles has 
a certain degree of validity.

There are also some limitations in this primary study. This preliminary study has sev-
eral limitations. Firstly, given the lack of newer algorithms, we employed the classic and 
robust U-Net segmentation algorithm due to its previously demonstrated significant 
advantages and success in medical imaging. In the future, more advanced algorithms 
could be designed to segment pediatric hip MRI images, aiming to improve the accu-
racy of hip joint tissue segmentation and the calculation of morphological parameters. 
Secondly, future studies should include a larger sample of children with DDH to further 
investigate the characteristics of the disease. Thirdly, this study only examined the mor-
phology of the hip joint. In subsequent research, the advantages of high-resolution MRI 
in displaying hip cartilage can be utilized to automatically reveal early pathophysiologi-
cal changes in hip diseases such as DDH.

Conclusion
The automatic segmentation of the hip joint and automated measurement of mor-
phological parameters based on our developed U-Net neural network have signifi-
cantly enhanced the accuracy and efficiency of evaluating DDH. This advancement 
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allows clinicians to make more informed decisions regarding diagnosis and treatment 
strategies.

Materials and methods
Subjects

From August 2023 to May 2024, 47 cases who underwent hip MRI scanner (GE Dis-
covery MR750, USA) at the Children’s Hospital of Soochow University were enrolled 
into this study. And then 33 cases were used for hip segmentation and 14 cases were 
used for morphological quantification (Table 2). The hip was imaged bilaterally using a 
coronal 3D CUBE T1 sequence and the subject was kept in a supine position with the 
legs in a symmetrical neutral position during a scan. The parameters were set as fol-
lows: field of view (FOV) 380 × 380 mm, slice thickness 0.8 mm, pixel spacing 0.74 mm, 
repetition time 400–650 ms, echo time 10–15 ms, and flip angle 90°. Half an hour before 
MRI examination, all subjects were given 10% chloral hydrate sedative orally at a dose of 
0.5 ml/kg to avoid the influence of some factors such as motion artifacts on image qual-
ity. All parents of children signed informed consent to participate in this study with the 
approval of the hospital institutional review board.

Image annotation and preprocessing

In this paper, serial MRI slices that could reconstruct a geometric hip model were 
selected from each child for spatial morphological quantification. The CNN-based seg-
mentation of the acetabulum and proximal femur is essentially a pixel-based image clas-
sification task, also known as a supervised learning problem. In this environment, the 
pixel labels of hip bones manually annotated by using ITK-SNAP software with the guid-
ance of two experienced radiologists were indispensable for model training. However, 
the area occupied by bone structures in hip MRI slices might be various due to the age, 
and the other tissue information introduced by the large FOV would make segmenta-
tion more challenging. Therefore, the extraction of region of interest (ROI) was imple-
mented in each MRI slice in the pre-processing process. As in Fig.  4, the boundaries 
of the ROI (the yellow rectangular area, width = 2 × height) determined by the largest 
cross-sectional hip MRI image ranged as follows: the upper boundary no lower than the 
outer contour of the acetabular fossa, the lower boundary no higher than the lowermost 

Table 2 Clinical statistics of the subjects

In total, 47 cases were included in this study, with 33 used for training and validation of the automatic hip joint 
segmentation model, and 14 for automated measurement of critical angles post-segmentation

Age MRI data used for hip segmentation model 
(n = 33)

MRI data used for morphological 
quantification (n = 14)

0–5 (n = 13) 6–10 (n = 15) 11–15 (n = 5) 0–5 (n = 5) 6–10 (n = 5) 11–15 (n = 4)

Sex

 Male n = 7 n = 11 n = 3 n = 4 n = 4 n = 2

 Female n = 6 n = 4 n = 2 n = 1 n = 1 n = 2

Health status

 Health n = 13 n = 15 n = 5 n = 3 n = 2 n = 2

 DDH n = 0 n = 0 n = 0 n = 1 n = 1 n = 1

 Surgery n = 0 n = 0 n = 0 n = 1 n = 2 n = 1
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edge of the femoral neck, and the left and right boundaries no smaller than the lateral 
edge of the greater trochanter. The number of available MRI slices in each dataset and 
the corresponding ROI sizes are shown in Additional file 1: Table S1. Furthermore, the 
ROIs were uniformly adjusted to 128 × 256 (height × width) and the signal intensity of 
MRI images after cropped were normalized to the range of [0, 1] to meet the input of the 
neural network.

In the segmentation process, the acetabular bone (white, value = 255) and the proxi-
mal femur (grey, value = 127) were target regions, while other tissues were background 
regions (black, value = 0). It meant that hip segmentation was actually a tri-classification 
problem, while the feature attributes were discrete and unordered. Therefore, in order 
to map the values of the discrete features into Euclidean space to calculate feature simi-
larity, a one-hot coding operation was used for labels with multi-task targets during 
pre-processing, a process where the tri-classified GT map was converted into a matrix 
consisting of only zeros and ones in three layers, which would then be seen as multiple 
binary classification problems.

Model architecture and segmentation implementation

One problem focused on this article was 2D bone segmentation of the acetabulum and 
proximal femur in hip MRI images, which was solved by means of a CNN model based 
on the U-Net architecture [29]. U-Net is one of the deep learning architectures based on 
encoder-decoder for the segmentation of the anatomical tissues in medical images, and 
it has also been proved to achieve a promising results even though the size of the sample 
is small [30]. In the training process of the constructed U-Net-based CNN structure, 
MRI images of size 128 × 256 with the corresponded pixel labels were input to CNN. In 
this way, the visualization process for training the CNN model was shown in Fig. 5. In 
the training block, the optimal model parameters obtained from the training were saved, 
and then the saved model was loaded to segment new MRI images to generate predic-
tion maps in the segmentation block.

In this paper, consecutive MRI slices were selected from each child’s volumetric 
images and a child independent based evaluation approach was adopted to train the 
constructed network. For this purpose, 33 children data were divided into 11 groups 
(Table 3) and an approach called Leave-One-Out Cross-Validation [31, 32] was applied 
for this small sample, which is deterministic in the classification of samples and has 
the highest utilization of samples. In this way, 10 groups were taken advantage of for 

Fig. 4 The ROI applied to one hip MRI slice and its corresponding GT segmentation map
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network training and the remaining one was used for the validation at a training process, 
which means that 11 distinct segmentation models would be obtained through 11 cycles 
of training stages. For each training process, the specific parameters were set as follows: 
the epochs = 30, the batch size = 4, and the initial learning rate = 1e−4. Moreover, the 
optimizer was Adam, the loss function was DiceLoss, and the weight decay term was 
selected as the value of 1e−5 to reduce overfitting. The detailed grouping information 
and the leave-one-out model training method are provided in Additional file 1: Fig. S1. 
Each sample consisting of ten training datasets and one validation dataset.

Fig. 5 The training process of U-Net architecture for hip MRI images segmentation

Table 3 The groups of hip MRI images and the information about age and slice numbers of each 
group

MRI slices from 33 children were used with Leave-One-Out Cross-Validation (LOOCV). Data were divided into 11 groups, 
training 11 models, with 10 groups for training and 1 for validation to maximize sample utilization

Groups Serial number 
combination

Age corresponding to 
serial number

Number of slices in 
validation data

Number of slices 
in training data

Group-1 1 + 15 + 26 12, 1, 7 124 1260

Group-2 2 + 3 + 29 6, 3, 11 121 1263

Group-3 4 + 12 + 24 1, 8, 12 129 1255

Group-4 5 + 25 + 28 4, 10, 5 126 1258

Group-5 6 + 16 + 30 1, 11, 8 122 1262

Group-6 7 + 13 + 14 9, 2, 8 122 1262

Group-7 8 + 11 + 23 6, 10, 4 128 1256

Group-8 9 + 10 + 32 9, 3, 8 129 1255

Group-9 17 + 19 + 22 5, 9, 5 125 1259

Group-10 18 + 27 + 33 7, 8, 2 121 1263

Group-11 20 + 21 + 31 7, 13, 3 137 1247
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Evaluation metrics

To evaluate the performance of these segmentation models, two metrics with regard 
to dice similarity coefficient (DSC) [33, 34] and average surface distance (ASD) [35, 
36] were given in this paper. DSC is a commonly quantitative index for segmentation 
performance in medical image analysis, which characterizes the information about the 
overlapping area of two sample regions by measuring the ratio of the intersection to 
the concatenated area. ASD is a distance index, which mainly assess the segmentation 
performance of image edge by measuring the average distances of all edge points from 
both two sample regions. And both metrics could be respectively calculated by means of 
Eq. (1) and Eq. (2).

where SA is the GT segmentation map, SP is the predicted segmentation map, and BSA
 

and BSP are all the edge points of the GT map and predicted map respectively. The value 
of DSC is in the range of [0, 1]. If the DSC value is close to 1, the predicted map is larger 
similar to the GT map indicating that the segmentation is more successful. But for ASD, 
the smaller the value, the better the segmented performance.

Quantitative measurement methods of morphological parameters

For the special measurement of morphological parameters, 3D Slicer 4.13.0 (https:// 
www. slicer. org), a free and open-source medical image processing software, was first 
used to perform a 3D hip reconstruction after a set of consecutive predicted segmen-
tation maps, belonging to a single child, was transformed into a NiFti (*.nii) file as the 
input. Then, a geometric model of the hip was created by assigning a value of 255 to 
the acetabulum and a value of 127 to the proximal femur in the "Segment Editor" mod-
ule (Additional file 1: Fig. S2). Finally, hip model was exported into a point cloud model 
(*.ply) with relatively denser points to accurately measure the angular values of morpho-
logical parameters.

In a point cloud model of the hip, each point corresponds to a unique coordinate in a 
3D coordinate system. To facilitate this, approaches for the automatic measurement of 
morphological parameters, including CEA, AI, and FNA, were developed in MATLAB. 
CEA is defined as the angle between a line from the center of the femoral head to the 
lateral edge of the acetabulum and a vertical line through the femoral head’s center. It 
measures the lateral coverage of the femoral head by the acetabulum, crucial for assess-
ing acetabular coverage depth and diagnosing conditions like developmental dysplasia of 
the hip (DDH). AI measures the angle between a line through the triradiate cartilage and 
another line through the lateral margin of the acetabulum. It indicates the orientation 
and depth of the acetabulum. AI helps in evaluating the development of the acetabulum, 
particularly in conditions where acetabular dysplasia may lead to hip instability. FNA 
measures the angle between the axis of the femoral neck and a line perpendicular to 

(1)DSC(SA, SP) =
2 · |SA ∩ SP|

|SA| + |SP|

(2)ASD(SA, SP) =
1

|BSP
|

∑

xǫbSP

d
(

x,BSA

)

https://www.slicer.org
https://www.slicer.org


Page 13 of 16Zhang et al. BioMedical Engineering OnLine           (2024) 23:98  

the femoral head axis. It indicates the rotational orientation of the femoral neck rela-
tive to the femoral head, which is crucial for understanding hip function and stability. 
FNA helps doctors assess hip joint development and identify any abnormal anteversion. 
According to the schematic definitions of these three parameters provided in Fig. 1, the 
outer edge points and the central point of the acetabulum, as well as the central points 
of the femoral head and femoral neck, are crucial for measuring morphological angles.

In Fig. 6, we primarily employ a three-step approach to determine the positions of 
key anatomical points: First, Acetabular Outer Edge Points and Central Point Deter-
mination [39]: Based on the acetabular bone’s growth pattern, which initially extends 
medially and then laterally along the ilium, specific parameters are constrained to 
pinpoint outer edge points (marked in green). The central point coincides with the 
intersection of the Y-shaped cartilage and acetabular bone, typically the lowest point 
of the V-shaped bone. Second, Femoral Head Central Point Determination: The fem-
oral head, situated atop the femur and crucial for connecting to the acetabulum, is 
approximated using a spherical Hough transform (SHT) [37] to identify the center of 
the nearest 2/3 spherical shape. Third, Femoral Neck Central Point Determination: 

Fig. 6 Steps to determine key points: the determination of the outer edge points and the central point of 
the acetabular bone (a). The detection of the optimal sphere fitting to the femoral head (b). The fitting of the 
point cloud intercepted from the femoral neck (c)
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The central point of the femoral neck is determined by fitting a hyperboloid model, 
tailored to the femoral neck’s morphology, using a spatial quadratic surface least-
squares fitting algorithm [38, 39]. This involves optimizing parameters through mini-
mizing the sum of squared errors, derived from fitting the model to a set of points 
representing the femoral neck. These methods integrate anatomical knowledge with 
mathematical modeling techniques to accurately define crucial landmarks of the 
acetabulum and femur, providing essential data for medical research and diagnostic 
applications. The detailed determination process of key points and the mathematical 
modeling methods can be found in the Additional file 1.

The measurement of CEA, AI and FNA would be transformed to solve the angle 
between two lines or between one line and one plane on the spatial coordinate sys-
tem. According to the above corresponding key points and the definition of the above 
three parameters, the results showed as in Fig. 7.
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