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A Study on Lumbar Vertebrae Landmark Detection
using Convolutional Neural Networks
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Abstract

In this study, a detection method based on convolutional neural networks is proposed to extract the
lumbar vertebrae landmarks. Vertebrae landmark detection is the most fundamental part to derive various
clinical indices such as Cobb angle, vertebral lordosis, and vertebral dislocation. For landmark detection, we
present a two-stage network structure of a coarse-to-fine approach. The first stage network focused on
robustly detecting all lumbar landmarks, and the second stage network was learned to increase the accuracy
of the locations of landmarks for each vertebra. Both networks were designed as regression models that can
directly output coordinates of landmarks by modifying ResNet-50. In order to confirm the performance of
the proposed detection structure, an experiment was performed using 1,000 lumbar lateral X-ray images. As
the result, the success rate of detection was 99.7%, and the position error of the landmarks was 4.54 +
3.00. The proposed landmark detection method can be applied to other previous vertebral analysis studies,
and contribute to improving the performance of the entire system.
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[Fig. 1] Definition of lumbar vertebrae landmarks
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[Fig. 3] Proposed two-stage network for lumbar vertebrae landmark detection
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[Table 1] Parameters for network training

batch size 4
learning rate 10° ~ 10°
momentum 0.9
number of epoch 100
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[Fig. 4] Examples of coarse landmark detection result using Network 1

[:]_Fé! 5] Network 2E OlQ.oI- X‘lI-”E| EXI™ H= 71—I|- O:"Al

oL © oo m=E

[Fig. 5] Examples of refined landmark detection result using Network 2

® @ © 2020 The Authors. Published by NCISS.
@ This is an open access article licensed under the Creative Commons Attribution-NonCommercial 4.0 International License
BY NG 1

To view a copy of this license, visit http://creativecommons.org/licenses/by-nc/4.0/.

269



I

[ 510 LIEFLHRACE Network 1

=

=

1t Of|A|

=

A
DE 204 x 224 ST 7|FQ| HAd H2|0|LC},

L

—

of M d=
Ct. 2%t

S

Bonf L5 7t 2 At 541 + 338 7F HEE[ACE MK
Lt

b Network 2

o
o
—

=

=

I MA| EXAE K| Ko B U BEE
454 £ 300 2 LIE}

=

]
L

—

2F

QK 3.89 + 248
X @A

s

4

HIAE HO[Ho Cf
of 27| d& ZMEL X ==} ML=

A Study on Lumbar Vertebrae Landmark Detection using Convolutional Neural Networks
P

o
-
o
T

R 2K
[Table 2] Position errors of landmarks

Ka
KO
ur

x

I

L
o

—

=]

|

A

454 £ 3.00
R A0 AM

FRLCE O|2{%t coarse-to-fine T

L5
541 + 338

toh AR B HEQRNME 27

L4

425 + 2.61
SRIEQ Cobb 20| B0 =S FOlot

(e]
[=]

F=E ResNet-50 7|Ho] 2|7 RH=Z HAZCH R HRY

L3
422 + 248

R™ A
oo T

1% (refined detection)= 2T

7
(=}

L2
3.89 + 2.48
3

<]
=

Q=% FHo| £
o

~al

L

—

L1
4.94 + 3.60

20 A

=

CHAOME TH s7Hel /F fIXIE
AZ(coarse detection)

=9 F&of Chol

Hoj At

H

g N5

(seed point)

b AE H

o
o
—

2g 9

]

(©) 2020 NCISS

270



Journal of Next-generation Convergence Information Services Technology
Vol.9, No.3, September (2020)

References

[1] M. Kim, J. Yun, Y. Cho, K. Shin, R. Jang, H. J. Bae, N. Kim, “Deep learning in medical imaging”,
Neurospine, vol. 16, no. 4, December 2019, pp. 657-668, doi: 10.14245/ns.1938396.198.

[2] C. Qin, D. Yao, Y. Shi Z. Song, “Computer-aided detection in chest radiography based on artificial
intelligence: a survey”, BioMedical Engineering OnLine, vol. 17. no. 113, August 2018, doi:
10.1186/s12938-018-0544-y.

[3] H. Wu, C. Bailey, P. Rasoulinejad, S. Li, “Automatic landmark estimation for adolescent idiopathic scoliosis
assessment using boostNet”, Proceedings of the Medical Image Computing and Computer Assisted
Intervention (MICCAI), September 11-13, 2017, Quebec City, Quebec, Canada, pp. 127-135, doi:
10.1007/978-3-319-66182-7_15.

[4] S. Ebrahimi, L. Gajny, W. Skalli, E. Angelini, “Vertebral corners detection on sagittal X-rays based on
shape modelling, random forest classifiers and dedicated visual features”, Computer Methods in
Biomechanics and Biomedical Engineering Imaging & Visualization, vol. 7, no. 2, May 2018, pp. 132-144,
doi: 10.1080/21681163.2018.1463174.

[5] S. Al-Arif, K. Knapp, G. Slabaugh, “Fully automatic cervical vertebrac segmentation framework for X-ray
images”, Computer Methods and Programs in Biomedicine, vol. 157, April 2018, pp. 95-111, doi:
10.1016/j.cmpb.2018.01.006.

[6] M. H. Beak, J. G. Jeong, Y. J. Kim, K. G. Kim, J. Y. Jeon, “An Automated Vertebra Segmentation model
based on Deep learning and an Application to Cobb angle Measurement based on Spine X-ray”, Journal of
Next-generation Convergence Information Services Technology, vol. 9, no.l, March 2020, pp. 1-9, doi:
10.29056/jncist.2020.03.01.

[71 H. Wu, C. Bailey, P. Rasoulinejad, S. Li, “Automated comprehensive adolescent idiopathic scoliosis
assessment using MVC-net”, Medical Image Analysis, vol. 48, May 2018, pp. 1-11, doi
10.1016/j.media.2018.05.005.

[8] L. Wang, Q. Xu, S. Leung, J. Chung, Bo Chen, S. Li, “Accurate automated Cobb angles estimation using
multi-view extrapolation net”’, Medical Image Analysis, vol. 58 December 2019, 101542, doi:
10.1016/j.media.2019.101542.

[9] K. C. Kim, H. S. Yun, S. Kim, J. K. Seo, “Automation of Spine Curve Assessment in Frontal Radiographs
Using Deep Learning of Vertebral-Tilt Vector”, IEEE Access, vol. 8, May 2020, pp. 84618-84630, doi:
10.1109/ACCESS.2020.2992081.

[10] H. Anitha, G. K. Prabhu, “Automatic quantification of spinal curvature in scoliotic radiograph using image
processing”, Journal of Medical Systems, vol. 36, no. 3, June 2012, pp. 1943-1951, doi:
0.1007/s10916-011-9654-9.

[11] B. H. Cho, D. Kaji, Z. B. Cheung, I. B. Ye, R. Tang, A. Ahn, O. Carrillo, J. T. Schwartz, A. A.
Valliani, E. K. Oermann, V. Arvind, D. Ranti, L. Sun, J. S. Kim, S. K. Cho, “Automated Measurement of
Lumbar Lordosis on Radiographs Using Machine Learning and Computer Vision”, Global Spine Journal, vol.
10, no. 5, August 2020, pp. 611-618. doi: 10.1177/2192568219868190.

@ @ © 2020 The Authors. Published by NCISS.
@ This is an open access article licensed under the Creative Commons Attribution-NonCommercial 4.0 International License.
BY NC

To view a copy of this license, visit http:/creativecommons.org/licenses/by-nc/4.0/. 271



A Study on Lumbar Vertebrae Landmark Detection using Convolutional Neural Networks

[12] K. He, X. Zhang, S. Ren, J. Sun, “Deep Residual Learning for Image Recognition”, Proceedings of the
IEEE International Conference on Computer Vision and Pattern Recognition, June 26-July 1, 2016, Las
Vegas, Nevada, USA, pp. 770-778, doi: 10.1109/CVPR.2016.90.

[13] J. R. R. Uijlings, K. E. A. van de Sande, T. Gevers, A. W. M. Smeulders, “Selective search for object
recognition”, International Journal of Computer Vision, vol. 104, no. 2, April 2013, pp. 154-171, doi:
10.1007/s11263-013-0620-5.

[14] Z. Karel, “Contrast Limited Adaptive Histogram Equalization”, in Graphic Gems IV, P. S. Heckbert, Eds.,
San Diego, CA, USA: Academic Press Professional, 1994, 474-485.

[15] National Library of Medicine, “Download Digitized NHANES II X-ray Films”, nlm.nih.gov,
https://www.nlm.nih.gov/databases/download/nhanes.html, (accessed December 11, 2018).

[16] Z. Xue, S. Rajaraman, R. Long, S. Antani, G. Thoma, “Gender Detection from Spine X-Ray Images Using
Deep Learning”, 2018 IEEE 31st International Symposium on Computer-Based Medical Systems (CBMS),
June 18-21, 2018, Karlstad, Sweden, pp. 54-58, doi: 10.1109/CBMS.2018.00017.

272 (© 2020 NCISS



