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Deep learning based automatic multi-classification algorithm for
intervertebral foraminal stenosis

HONG Yanfei'’, WEI Benzheng'?, LIU Chuan’, HAN Zhongyi'?, LI Tianyang'”

(1. College of Science and Technology, Shandong University of Traditional Chinese Medicine, Ji’nan 250355, China; 2. Computa-
tional Medicine Lab, Shandong University of Traditional Chinese Medicine, Ji’'nan 250355, China)

Abstract: Preoperative qualitative diagnosis of intervertebral foraminal stenosis is essential for the formulation of clini-
cian treatment strategies and patients' health recovery. However, there are still many clinical challenges in this aspect
and a lack of relevant research and proven methods to assist clinicians in diagnosis. Therefore, a deep learning-based
automatic classification algorithm is proposed in this study to improve the diagnosis accuracy and the efficiency. First,
we extracted the spinal foramen images from the sagittal spine MRI image, and then these images were preprocessed.
Second, a supervised deep convolutional neural network model was designed to achieve automatic multi-classification
for the datasets of the intervertebral foraminal stenosis. Finally, we used the transfer learning to optimize the overfitting
problem of the deep learning algorithm in the small sample dataset. The experimental results show that the classification
accuracy of this algorithm on the dataset of spinal foramen was 87.5%, and it has good robustness and generalization
performance.

Keywords: intervertebral foraminal stenosis; automatic grade; machine learning; deep learning; feature extraction; su-

pervised training; transfer learning; over fitting
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Fig. 1 Intervertebral foramen structure and stenosis classification diagram
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Table 1 Feature descriptor and feature vector dimension
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ik 1 RPAIE [ AR
LBP 59
LPQ 256
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Table 2 Accuracy of different methods and F; statistics

pgmkm  one ek MR
iR A%
LBP 494 +2.1 51.842.5 0.712
LPQ 63.5+2.7 53.742.7  0.517
1-NN GLCM 653+1.7 53.6+1.6 0.725
ORB 66.1 £3.5 63.743.4  0.764
HOG 51.7+1.3 61.3£0.7 0.768
LBP 69.4 £1.0 51.3£2.1  0.742
LPQ 61.6 +1.8 57.6+2.3 0.76
ELM GLCM 73.6 £2.9 57.3£3.0  0.786
ORB 67.2+1.9 65.4+3.8 0.73
HOG 63.5+2.7 61.4+1.8  0.697
LBP 55.8+4.7 53.442.8  0.711
LPQ 61.4+0.4 55.1+#1.5 0.723
RF GLCM 74.3 £3.6 56.6+£2.8  0.731
ORB 70.1 £2.5 67.6£2.4  0.693
HOG 73.8+5.0 62.0+£1.5 0.665
LBP 50.2 £1.9 52.4+40.4  0.728
LPQ 71.1+6.4 56.242.6  0.694
SVM GLCM 69.3 1.0 54.74£3.8  0.737
ORB 63.5+2.2 64.1£2.4  0.807
HOG 73.4 +0.8 64.7+1.1 0.81
LeNet-5 79.375%=+1.3 785+2.1 0.614
Alex-Net  65.2%+3.8 63.7+0.7 0.739
W)
o GoogLeNet 91.6%+1.1 463+14 0.51
IFS-Net 82.15%=+1.7 812+1.6 0.763
IFS-Net+TL* 87.5%=+2.3 86.375+1.8 0.857
7E: TL* M Transfer Learning
s HOG = ORB = GLCM = LPQ =LBP
SVM —
—
iE .
;T_; ELM = =
1-NN = =
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K
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E3F L

Fig. 3 The classification accuracy of traditional machine
learning algorithm (feature descriptor + classifier)
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Fig. 4 Performance comparison of different depth learn-
ing model algorithms
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Fig. 5 Different training strategy models loss curve fitting
degree comparison chart
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Table3 A hybrid matrix of the classification results of
IFS-Net algorithm

PAEBEGN G, ol G, G, ACC/%
Co 24 0 0 2 92.31
C 4 16 3 3 71.54
G 4 0 21 0 84
G 0 0 3 22 88

3 4FiE
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