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A comparative study on keypoint detection for developmental
dysplasia of hip diagnosis using deep learning models in X-ray and
ultrasound images

M3 0|42 OIAIR,2 RIRIS 2 Sl 2 2x|E"

(Sung-Hyun Kim," Kyungsu Lee,? Si-Wook Lee,’ Jin Ho Chang,” Jae Youn Hwang,? and Jihun Kim'")

'ZHiStm ICTERESIE MARSEHE, *HrAS sy e M7 |MAHERESsn, *AF et Sitelzd HaQ|nt

(Received June 30, 2023; accepted September 19, 2023)

a

S i R oo oo 2 &

& B 713 o|3g Al (Developmental Dysplasia of Hip, DDH)-2 &J-3-0} AJA 5
2 50912 PSS A IS AU RS hetol e ol 27]of w715
_L;)__
3

_|_,
N
=2

o
ol
mﬂ.’.
o

ol
ok
rir
ok
o
o

o rlo o>

nﬁ Hu
oy ok
Nl F]r
oy 2

1_;]
Nﬁ
]

ZQ35|t) 7|29 DDH Agh i 0 2= 2R3} X-ray = 2-23; GAF 7|8 1o A o) &
QA=Y 2 l Ak} Ao A|gh 0] EAFRIT £ Ao Xoray 0 %55

WS 43 YU AL SRRl e ol 8300 597 150)
et Eh, FE53t o) R dlolE S ks Wl thfel dlole 57 7-E Al AleaL Bl
%Remdual Network 152(ResNet152) 2 Simple & Complex augmentation 7] 48315
4 HE TS HolFe) o, Xray Aol 4] Hat Object Keypoint Similarity(OKS) 7} 2F95.33 %
OF81.21 % 2z 24| gict o3t Ayks 1138 280t W X-ray FAMA] HEd e
A EXA S0l Tt AT AL FRAFA|Z 2= 9122 W oLt

2T Ro=

SAB0|: G frof A o WA, 28 Xeray, Ao, S A%

© of
ox

oXx O
ol
o

\]
=
Ol
=

N RR o
™

re Mo
oy
2,
RS
o

£

A
oN,
o)
lo

d

J_l.
op
o
o

i of rlo

X ox
92

8 >

T 1l

2

ml

ABSTRACT: Developmental Dysplasia of the Hip (DDH) is a pathological condition commonly occurring
during the growth phase of infants. It acts as one of the factors that can disrupt an infant's growth and trigger
potential complications. Therefore, it is critically important to detect and treat this condition early. The traditional
diagnostic methods for DDH involve palpation techniques and diagnosis methods based on the detection of
keypoints in the hip joint using X-ray or ultrasound imaging. However, there exist limitations in objectivity and
productivity during keypoint detection in the hip joint. This study proposes a deep learning model-based keypoint
detection method using X-ray and ultrasound imaging and analyzes the performance of keypoint detection using
various deep learning models. Additionally, the study introduces and evaluates various data augmentation
techniques to compensate the lack of medical data. This research demonstrated the highest keypoint detection
performance when applying the residual network 152 (ResNet152) model with simple & complex augmentation
techniques, with average Object Keypoint Similarity (OKS) of approximately 95.33 % and 81.21 % in X-ray and
ultrasound images, respectively. These results demonstrate that the application of deep learning models to
ultrasound and X-ray images to detect the keypoints in the hip joint could enhance the objectivity and productivity
in DDH diagnosis.

Keywords: Developmental Dysplasia of Hip (DDH), Ultrasound, X-ray, Deep-learning, Keypoint detection

PACS numbers: 43.80.Qf, 43.80.Vj

‘TCorresponding author: Jihun Kim (jihunk@kangnam.ac.kr)

Division of ICT Convergence Engineering, Major in Electronic Engineering, Kangnam University, Gangnam-ro, 40 Gangnam-ro, Giheung-gu,
Yongin-si, Gyeonggi-do 16979, Republic of Korea

(Tel: 82-31-280-3805, Fax: 82-31-280-3173)

® @ Copyright(©2023 The Acoustical Society of Korea. This is an Open Access article distributed under the terms of the Creative Commons
@ Attribution Non-Commercial License which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided
L the original work is properly cited.

460



461

Hilgenreiner’s line

H

SRR

[

HHE P ) vl e

H

A

Acetabular

[e)
=)

e
goleh. 12t

A5

M, 5 AleAY 2 o A4

|8

roof angle

Sts
o] dofupw, v} HiEEF

w0 Zof

9

Fig. 1. (Color available online) Pediatric radiographic
screening based on the angles measured between
hilgenreinger’s line and the slope of the acetabular

roof,
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Fig. 2. (Color available online) Incidence of a plane
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Fig. 3. (Color available online) Keypoint labelling on
the acetabular cup via (a) CVAT program for X—ray
images, and (b) a custom program for ultrasound
images.
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used for the keypoint detection.
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Table 1, Average training OKS with confidence
interval at 95 % for each deep learning model in
keypoint detection,

Average training OKS (95 % CI)

Models
X-ray Ultrasound
AlexNet 7.04 +£2.58 17.13+£3.42
VGG16Net 3.96 +1.41 543+1.52
ResNet50 29.74 £ 4.06 4391 +£6.63

Table 2, Average training OKS with confidence in—
terval at 95 % for a combination of different layers
of ResNet with simple augmentation in keypoint
detection,

Models with Simple Average training OKS (95 % CI)
augmentation X-ray Ultrasound
ResNet18 44.47 £+ 6.00 70.62 + 6.83
ResNet34 54.82+8.24 75.23 +6.35
ResNet50 63.78+7.71 75.11 £ 6.34
ResNet101 57.58 +9.41 75.46 +5.36
ResNet152 67.73+£10.12 77.88 +6.00

VGGI16Net©] 3 <F OKS+= 2123.96+ 141,543 +1.52
2 =7 =31t} ResNet502] i OKS+= 2+2}+29.74 +
4.06,43.91 £6.632 714 A 2Ty EAE A
2 A58 A 7] 7] 9] 5] ResNet 1 E 2] layer 27
A tlolE 4 712 2-8-5HAH

Table 2= Xeray %) -8} 93411 T 2t ResNet 7.2
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o) Ad = 57.58i9.410]U:1,ResNet152% it
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+6.83, ResNet32 2] H 4 OKS+= 75.23 £6.35, ResNet50
o] %7 OKS=75.11£6.34, ResNet101 ¢ 7 OKS=
75.46 + 5.360] 1, ResNet152= H o+ OKS7} 77.88 +
6.002 =A% Qlc) £3|, ResNet12= th2 Rd &

._4



Table 3. Average training OKS with confidence interval
at 95 % for a combination of different complex aug—
mentation techniques with ResNet152 in keypoint
detection,

ResNet152 with Average training OKS (95 % CI)
Complex
augmentation X-ray Ultrasound
Standard 67.23+0.1012 77.88 £6.00
+GN 67.92+12.31 76.80 £ 6.16
+RBC 73.09+9.92 80.20 £5.82
+ET 86.54+£5.18 80.26 £ 5.60
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Fig. 6. (Color available online) Keypoints detection
in (a) X—ray and (b) Ultrasound images. The enlarged
images shows the detected keypoints (red cross)
overlaid on the ground truth (blue dot).

Table 4. Average training OKS with confidence
interval at 95 % for a different type of images in
keypoint detection using the proposed method.

Type of hip joint image | Average training OKS (95 % CI)

X-ray 95.33+2.64
Ultrasound 81.21+£6.07
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Fig. 7. (Color available online) Angle estimation in
(a—b) X-ray and (c—d) Ultrasound images. The
angles in (a) and (c) were measured based on the
ground truth, while the angles (b) and (d) were
measured based on the detected keypoints by the
proposed method.
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