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Developmental dysplasia of the hip (DDH) and cerebral palsy
(CP) related hip migration are two of the most common orthopaedic diseases in children, each aecting around 1-2 in 1000 children. For both of
these conditions, early detection is a key factor in long term outcomes
for patients. However, early signs of the disease are often missed and
manual monitoring of routinely collected radiographs is time-consuming
and susceptible to inconsistent measurement. We propose an automatic
system for calculating acetabular index (AcI) and Reimer's migration
percentage (RMP) from paediatric hip radiographs. The system applies
Random Forest regression-voting to fully automatically locate the landmark points necessary for the calculation of the clinical metrics. We show
that the fully automatically obtained AcI and RMP measurements are in
agreement with manual measurements obtained by clinical experts, and
have replicated these ndings in a clinical dataset. Such a system allows
for the reliable and consistent monitoring of DDH and CP patients, aiming to improve patient outcomes through hip surveillance programmes.
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Introduction

This work is concerned with the automatic derivation of clinically applicable
metrics on paediatric hip radiographs, specically acetabular index (AcI) and
Reimer's migration percentage (RMP). These metrics are commonly used in the
diagnosis of developmental dysplasia of the hip (DDH) and monitoring cerebral
palsy (CP) related hip migration. AcI attempts to characterise the dysplasia of
the joint by estimating the angle of the acetabular roof, and RMP estimates the
proportion of the femoral head that is not covered by the acetabulum.
AcI is a long-standing metric in the determination of hip dysplasia and is
considered the most useful for children under the age of 8 years old [3, 15]. The
value of AcI for a healthy hip is expected to decrease signicantly in the rst
few years of life, typically falling below 20° by 2 years of age, with 30° sometimes
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used as a rough upper bound for a healthy hip [20]. The reliability of the metric
has been called into question, with small variations in the orientation of the
pelvis [2] and the interpretation of the relevant anatomical features [9] having
been identied as signicant sources of error. However, AcI remains the preferred
radiographic metric for assessing hip dysplasia in children.
RMP is considered a reliable and repeatable metric for assessing the severity
of CP related hip migration [18]. Values greater than 33% are usually used to
distinguish cases of subluxation, with 100% to distinguish dislocation [20, 19].
RMP is monitored over time to assess the progression of hip migration [7].
There exist many techniques for detecting landmarks in medical images. Several contributions have used Random Forest based techniques [8], sometimes in
combination with Markov random elds (MRF) [5, 21]. More recently, convolutional neural networks (CNN) have been applied to the problem. These approaches often attempt to directly regress on the landmark coordinates and are
generally improved by the inclusion of a model capable of representing shape constraints, such as SSMs [1], coupled shape models [23], or a graphical component
in the CNN itself [11]. Another common CNN approach is to use fully-connected
networks to predict heatmaps [16], displacement-maps [24] or both [4].
We use the Random Forest Regression-Voting Constrained Local Models
(RFRV-CLM) framework [14, 12] to automatically locate landmark points which
are used to calculate AcI and RMP. RFRV-CLM has been used successfully and
achieved state-of-the-art performance in several domains of medical imaging,
including bone segmentation [13], automatic cephalometry [22], and wrist fracture detection [6]. Studies of the feet and paediatric hips demonstrated that the
technology outperforms deep learning networks on smaller datasets [10, 4].
Pham et al. [17] used CNNs to directly regress landmark coordinates in hip
radiographs and used those landmarks to calculate RMP. This is the most closely
related work to ours, insofar as automatically located points are used to calculate
RMP, and is, to our knowledge, the only prior work that performs this task.
Contributions: We present a fully automated system to calculate AcI and
RMP from hip radiographs. To the best of our knowledge, this is the rst system
to automatically calculate AcI while also achieving state-of-the-art results for
calculating RMP. The system obtains measurements in agreement with clinical
experts and has been validated on an independent clinical dataset of 200 images.
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2.1

Methods
Images

The initial dataset consisted of 450 pelvic radiographs of children aged 2-18 yearsold enrolled in the Outcomes Research in Children's Hip Disease (ORCHID)
study (IRAS 227197). This was a challenging dataset containing occlusions and
cases of severe disease. One third of cases had DDH, one third had no pathological condition, and one third had Perthes disease. Of the 450 images, 50 were
randomly selected to be manually measured by 9 clinicians (8 trainee and 1 senior). Of these 50 cases, 30 had DDH, 10 no condition, and 10 Perthes. Of the
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remaining 400 images, one was excluded for image quality reasons (parts of the
pelvis cropped). One hip per image was used for each image in DataI.
A replication dataset (DataR) was also produced, consisting of 200 DDH
cases of varying severity. The children were aged 2-18 years and one image per
child was collected from Alder Hey Children's Hospital. These images were each
measured by 5 clinicians. For DataR, both hips in each image were used, resulting
in a dataset of 400 hips.

2.2

Manual measurements

Both AcI and RMP require a horizontal pelvis line, the Hilgenreiner line, to be
found in the image. The Hilgenreiner line passes through the triradiate cartilage
on both sides of the pelvis (see Figure 1). AcI is dened as the angle between
the Hilgenreiner line and the acetabular roof. Perkin's line is perpendicular to
the Hilgenreiner line and is drawn from the end of the acetabular roof. RMP is
dened as the proportion of the projection of the femoral head onto the Hilgenreiner line that is on the lateral side of the Perkin's line.

Fig. 1: Diagram showing measurement of AcI and RMP. Line H is the Hilgenreiner line, line P is Perkin's line. AcI is the angle shown on the left. RMP is
distance A divided by distance B. Best viewed in colour.

We report the intraclass correlation coecient type 2 (ICC2; considering both
the images and the observers as random eects) and the proportion of variance
explained by the dierences between observers (PoV) to assess the manual interobserver agreement for the AcI and RMP measurements.
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Automatic search models

Our technique uses the RFRV-CLM framework [14, 12] which allows landmark
points to be automatically located in images, taking into account both local
image features and global shape. We develop two RFRV-CLM based fully automatic search models, one outlining the proximal femur and the other outlining
parts of the pelvis. The models are dened as a set of points, where some points
represent localised features in the image, while others are evenly spaced between
localised feature points. Both search models are applied in parallel.
The femur model included 42 points along the boundary of the proximal
femur, ignoring the trochanters as their shape is not relevant in this study.
Since in young children the femoral head is separated from the femoral neck,
xed points were placed on either side of the epiphysis gap and connected by a
continuous curve. In older children, the gap disappears and the curve follows the
contour of the femoral head. This way, the same model can be used across the
range of ages despite the change in topology of the visible bone. Figure 2 shows
the femur model as applied to (a) a 2-year-old patient, for whom the femoral
head is separated and (b) an 18-year-old patient, for whom it is connected.
The pelvis model included 60 points in total and was dened to outline
at least the regions of the pelvis relevant to measuring AcI and RMP, i.e. the
acetabular roof and triradiate cartilage. Other distinctive features of the pelvis
were also included to provide more context to the shape model (as part of the
RFRV-CLM framework). The impact of including these extraneous features is
demonstrated in Section 3.2. The pelvis model is shown in Figure 2c.

(a)

(b)

(c)

Fig. 2: The femur model for (a) a 2-year-old and (b) an 18-year-old subject, and
(c) the pelvis model. Localised feature points are shown in red and labelled with
their index. The indices of the evenly spaced points are consecutive to these.

For each of the 449 images in DataI, we manually placed point positions
as shown in Figure 2 to create the ground truth. Based on the latter, we ran
three-fold cross-validation experiments (using randomised folds) to assess the
performance of the search models.
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Two separate models were used to represent the femur and pelvis because the
position of an extremely migrated proximal femur is highly variable, and thus
the statistical modes of shape variation of a single model may not be sucient
to capture the range of position in these outlying cases. A comparison of the
performance of two separate models with a single model is given in Section 3.2.
The performance of the search models was assessed using the point-to-point
and point-to-curve errors between the manual ground truth annotations and the
automatically located point positions.
2.4

Automatic Measurements

The automatic point positions used to calculate AcI and RMP for DataI were
obtained from the three-fold cross-validation experiments. To also automatically
calculate AcI and RMP for the replication dataset DataR, we retrained the proximal femur and pelvis search models using all images and manual annotations
from DataI. We then ran these models over all images in DataR, and calculated
AcI and RMP based on the automatically located point positions.
As per Figure 2c, points 9 and 39 were used to dene the Hilgenreiner line,
points 5 and 8 to dene the acetabular roof, and point 3 to dene the Perkin's
line. The bounds of the femoral head were taken to be the points of maximum
separation in points 31-41 in Figures 2a and 2b when projected onto the Hilgenreiner line. AcI and RMP were then calculated as described in Section 2.2.

3
3.1

Results
Manual measurements

The agreement of the manual measurements is given in Table 1. The ICC2
scores for AcI suggest good agreement on DataI and moderate agreement on
DataR. For RMP, the ICC2 scores suggest good agreement for both DataI and
DataR. Similarly, the PoV explained by the dierence between observers suggests
good agreement between observers in all experiments. Overall, the manual interobserver agreement was slightly better on DataI compared to DataR.
Table 1: Inter-observer agreement metrics for the manual measurements. (AcI
= acetabular index; RMP = Reimer's migration percentage; ICC2 = intraclass
correlation coecient type 2; PoV = proportion of variance explained by the
dierences between observers).
Dataset
DataI
DataR

ICC2
0.77
0.66

AcI
PoV (%)
3.6
9.4

ICC2
0.88
0.83

RMP
PoV (%)
4.1
5.7
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3.2

Landmark detection

The results of the three-fold cross-validation experiments to assess the landmark
detection performance of the search models are shown in Table 2.
Table 2: Performance of the automatic landmark detection, including all femur
and pelvis points (based on applying both search models in parallel).
Measure
Point-to-curve (mm)
Point-to-point (mm)

Mean
1.02
2.72

Median
0.81
2.29

95th %ile
1.83
4.93

99th %ile
2.98
7.24

The performance of the landmark detection when two separate models were
used for the femur and pelvis, compared to using a single model incorporating
all femur and pelvis points, is shown in Figure 3a. It can be seen that the
two separate models signicantly outperform the combined model. Figure 3b
compares the results of the complete pelvis model including all points, as shown
in Figure 2c, with a reduced pelvis model including only the parts of the pelvis
relevant to measuring AcI and RMP (points 3-12 and 33-42 as in Figure 2c).
For a fair comparison, only the points in the reduced model were included when
analysing the results for the complete model in Figure 3b. The results show that
the complete pelvis model has a slight but consistent advantage over the reduced
pelvis model.
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Fig. 3: Cumulative distribution functions (CDFs) showing the point-to-curve results comparing (a) two separate to a single combined model, and (b) the complete pelvis model to a reduced version including only a minimal set of points.
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Automatic measurements

Table 3 gives the results of comparing the fully automatically obtained measurements to those made manually by the clinical experts. These show good agreement between the automatic results and the manual measurements for both AcI
and RMP across the original and replication datasets. The linear mixed-eects
model results demonstrate that the automatic measurements give an unbiased
estimate of the manual measurements (given the p-values are not signicant),
and are thus in agreement with the clinicians.
Table 3: Comparison of automatic and manual measurements showing the type 2
intraclass correlation coecient (ICC2), percentage-in-range (PiR), and bias estimates with associated p-values based on a linear mixed-eects model.
Dataset
DataI
DataR

PiR
84
77

AcI
ICC2 Bias
0.86 -0.70
0.86
0.03

p
0.46
0.97

PiR
86
82

RMP
ICC2 Bias
0.92 -0.66
0.90 -1.57

p
0.71
0.26

Figure 4 shows scatter plots of the automatic measurements for DataI and
DataR alongside all of the manual measurements, demonstrating the agreement
between the manual and automatic measurements for both AcI and RMP.
Pham et al. [17] report RMP mean absolute errors of 4.5±4.3 and 4.9±3.9
percentage points between their automatic RMP measurement system and their
two raters. The equivalent values for our system are comparable, being 4.5±6.5
on DataI and 3.3±3.7 on DataR, indicating similar performance. However, these
values are not directly comparable as the mean absolute error metric also depends on the distribution of RMP values for each of the datasets.
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Discussion and conclusions

We have presented an automatic system to calculate AcI and RMP, two radiographic measurements that are considered among the most important in the
diagnosis and monitoring of hip diseases in children. This system is the rst to
automatically calculate AcI and performs comparably to the only previously reported system to automatically calculate RMP. For both AcI and RMP, we have
replicated our ndings in an independent dataset and demonstrated that our automatically obtained measurements are in agreement with clinical experts. The
system could also be used to derive other common radiographic measurements,
such as acetabular depth ratio, Wilberg's angle, and neck shaft angle.
The system was developed and evaluated using a challenging dataset containing (i) occlusions; (ii) cases of severe DDH and Perthes disease; and (iii) a range
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Fig. 4: Plots showing the automatic measurements in the context of all manual
measurements for each dataset, sorted by the mean manual measurement.

of ages with a large variation in anatomy. The initial dataset also contained a
number of post-operative cases in which the appearance of the acetabular roof
was ambiguous. These cases account for the largest dierences in AcI between
the automatic and manual measurements, including the outlier in Figure 4a.
A limitation of this work is that, although RMP is primarily used to monitor
the progression of CP, the dataset did not include any CP patients. Being able to
automatically measure RMP has important implications for national surveillance
systems of hip subluxation in patients with CP. The application of our system
to images of children with CP is an important direction for future work. A more
general problem is the fairly large spread in the manual measurements. This
makes the evaluation of an automatic system challenging but also highlights the
need for a more consistent method of making these radiographic measurements.
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