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Child Health and Disorders, Ministry of Education Key Laboratory of Child Development and Disorders, Chongqing Key
Laboratory of Pediatrics, Chongqging 400014, China

Abstract: The accurate identification of the hip joint keypoint is vital for diagnosing developmental dysplasia of the
hip. However, in pediatric hip X-ray images, bone regions around key points often exhibit low contrast and blurred
edges, resulting in unclear edge features. Furthermore, down-sampling operations during feature extraction further
weaken edge information. Key structures surrounding the keypoint are highly susceptible to background
interference. Such factors hinder the precise localization of key points. An edge feature and detail-aware integrated
YOLOv8s algorithm was proposed for hip joint key point detection. The algorithm designs an edge feature
enhancement module to capture spatial information around key points and strengthen edge features. A detail-
aware network was designed to integrate and refine multi-level features, enhancing image perception of fine
structures. Experiments used a hip X-ray dataset from the Department of Radiology, Children's Hospital of
Chongging Medical University. Results showed reductions in average keypoint localization and angular errors to
4.2090 pixel and 1.4872°, respectively. These reductions, which are 6.8% and 9.9% compared to those of
YOLOVvS8s, highlight significant improvements in detection accuracy. The algorithm enhances keypoint detection
precision and provides valuable support for clinical diagnosis.

Keywords: developmental dysplasia of the hip; keypoint detection; YOLOvS8s; edge feature enhancement; detail-

aware network
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Fig. 1 Diagnostic reference for developmental dysplasia of the hip
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Table 1 Evaluation index and computational formula

Index Calculation formula
n
PEL, D VTi- Pu] /n
i=1
APE (PELRASM + PELRTCC + PELLTCC + PELLASM) /4
n
EA, [Z ITii - Pki|] /n
i=1
AAE (EAR +EAL) /2
2 2
SDR {i: \/(xrﬁ =xpy) + (v —ye,) < z} x 100%/n
MDR % x 100%

& 2 EFEM A3k A akfo A A0 M H T2t b R B0 45 R
Table 2 The ablation and edge detection operator comparison

experiment results in the EFEM module

EFEM (edge detection operator) BN APE/pixel AAE/(°)
x x 4.5150 1.6504

Sobel x 4.3652 1.5842

Sobel J 4.3459 1.5565

Prewitt V 4.3470 1.5555

Laplacian \ 4.4130 1.6934

% 3 =HF Neck M4 F kst b £ibss £
Table 3 Comparison experiment results of three neck

network algorithms

Neck network APE/pixel AAE/(°) FLOPs/G
YOLOv8s
4.5150 1.6504 28.8
(neck)
YOLOv8s+
4.7150 1.7322 36.9
(small-neck)
YOLOv8s+
4.3281 1.5451 34.8
(DAN)
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A4 TR B AR Sk ) R
Table 4 The influence of different improved modules on the algorithm
Detection algorithm PELgasu/pixel PELgrcc/pixel PEL 1cc/pixel PEL asu/pixel APE/pixel EAR/(°) EA/(°) AAE/(°)
YOLOV8s 4.8476 3.7404 3.4674 6.0045 4.5150 1.6250 1.6757 1.6504
YOLOV8s+EFEM 4.6133 3.7692 3.2258 5.7752 4.3459 1.4886 1.6244 1.5565
YOLOv8s+DAN 4.1284 3.6947 3.3784 6.1110 4.3281 1.2587 1.8315 1.5451
EDA-YOLOv8s 4.2851 3.4870 3.2530 5.8107 4.2090 1.3420  1.6324 1.4872

7E YOLOvSs 1 fii Jf EFEM ¢ Bt J5 , APE Wy
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F YOLOvS8s, 7 APE. AAE Wi EE 4845 4 %
KT 6.8%. 9.9%. 5554593 7 EDA-YOLOVSs
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W 4 19 ) B 2 M AR T Tl R DX, X A X s
A B AR TE ;1 DAN W48 0 Bt A 5o Ak it
SRR DG, JF IR S T, A
K 7(d) AT A, [RIEE0 P2 ) 9 EDA-YOLOVSs
PP R T B TR, I R T R A
TR A AR
4.4.4 APE 5 AAE XML 0T

FARFEAF BN APE 5 AAE 22 Ja] i 5Bk

N7

IR B A S 69 BE X XK B %A A B, (a) YOLOV8s; (b) YOLOV8s+EFEM;

(c) YOLOV8s+DAN; (d) EDA-YOLOV8s

Fig. 7 Heatmaps of hip X-ray image after different improved modules. (a) YOLOv8s; (b) YOLOv8s+EFEM,;
(c) YOLOv8s+DAN; (d) EDA-YOLOv8s
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Fig. 8 The relationship diagram between APE and AAE after using
different improvement modules
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Fig. 9 Experimental results of successful detection rate of keypoint
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Table 5 Comparison experiment results of different keypoint detection algorithms

Detection algorithm — PELgasw/pixel  PELgrco/pixel  PELrcc/pixel — PEL aswpixel — APE/pixel  EAR/(°) EAJ(°) AAE/(°) MDR/%
YOLOvV8n 5.5012 3.8100 3.2056 5.9099 4.6067 1.4698 1.7188 1.5943 0
YOLOv8s 4.8476 3.7404 3.4674 6.0045 4.5150 1.6250 1.6757 1.6504 0
YOLOvV9s 4.6463 3.7893 3.4716 6.2252 4.5331 1.4878 1.8033 1.6456 0

YOLOv10s 4.6806 3.7820 3.3007 5.9486 4.4280 1.4594 1.8313 1.6454 6.0
PN-UNet 4.5411 3.7115 3.6881 6.2045 45363 1.4384 1.6533 1.5458 0
CircleNet 4.8348 3.7234 3.6113 5.8375 4.5017 1.4988 1.7996 1.6492 0

CBA-YOLOVv5s 4.3828 3.6464 3.5506 6.3773 4.4893 1.3235 1.8488 1.5861 0
EDA-YOLOv8s 4.2851 3.4870 3.2530 5.8107 4.2090 1.3420 1.6324 1.4872 0
- [ > [
o o
25+ 25+
o
o
o
20+ 20+ 8
151 15}
10} 10}
5t 5t

B 10 X4LE (iR £ 5 ATk, (@) YOLOVSs; (b) EDA-YOLOVSs
Fig. 10 Comparison of keypoint localization error distribution. (a) YOLOv8s; (b) EDA-YOLOv8s
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B 12 EDA-YOLOv8s & YOLOv8s X4 % /A AT # st tk, (a) YOLOv8s; (b) EDA-YOLOv8s
Fig. 12 Visualization comparison of keypoint angle between EDA-YOLOv8s and YOLOvVS8s. (a) YOLOvVS8s; (b) EDA-YOLOv8s
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Edge feature and detail-aware network integrated
YOLOvS8s algorithm for hip joint keypoint
detection

Lv Jia"?, Duan Xunlu', Chen Xin**
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Schematic diagram of the key point detection process in EDA-YOLOv8s

Overview: Hip dysplasia is a common orthopedic disease in newborns, and timely and precise diagnosis is critical for
optimal patient outcomes. In clinical diagnosis, specific key points on hip joint X-ray images are typically annotated,
followed by the calculation of the acetabular index through angular measurements based on these points using
goniometric tools. The diagnosis is then determined in combination with the age of the patient. However, manual
annotation of key points in the hip joint not only demands that clinicians possess robust professional expertise and
extensive clinical experience but also renders the process highly time-consuming and susceptible to subjective bias.
Therefore, there is an urgent need for precise and automated key points detection technology to assist doctors in
diagnosis. However, traditional template matching methods exhibit poor robustness and generalization when processing
complex hip X-ray images, especially when faced challenges such as illumination changes, occlusions, and image
rotations. To address these issues, researchers have enhanced the attention mechanism and extracted detailed
information around key points using deep learning techniques, thereby improving the accuracy of key points
localization. Nonetheless, these methods overlook the significance of bone edge information in assisting recognition and
struggle with identifying local neighborhood key structural features, which limits further improvements in localization
accuracy. To resolve these problems, an edge feature and detail-aware network integrated with the YOLOv8s algorithm
for hip joint key points detection is proposed in this paper. This algorithm introduces an edge feature enhancement
module to capture spatial features around key points and enhance the edge features of the bones where they are located.
The module is applied multiple times during the feature extraction process of the network to progressively strengthen
edge features and guide the network to focus on the key points edge areas. In addition, a detail-aware network is
proposed to perform feature fusion and optimization on feature maps at different levels, enhancing the network's ability
to capture important fine structures within the local neighborhood of key points. The algorithm was experimentally
tested on the hip joint X-ray image dataset provided by the Department of Imaging of the Children's Hospital Affiliated
to Chongging Medical University. The results demonstrate that the average localization error and average angular error
for key points have been reduced to 4.2090 pixel and 1.4872°, respectively, representing reductions of 6.8% and 9.9%
compared with YOLOVSs, and significantly outperforms existing methods. The experimental findings confirm that the
proposed algorithm effectively enhances the accuracy of key point detection, offering valuable insights for clinical
diagnosis.

Lv J, Duan X L, Chen X. Edge feature and detail-aware network integrated YOLOv8s algorithm for hip joint keypoint
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