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Research on intervertebral disc image detection algorithm based on
improved CenterNet
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232001, China)

Abstract : Aiming at the problems of high gray value of intervertebral disc image and uneven imaging im-
age,it is difficult to capture spatial information and lack of semantic information. Taking the recognition
of lumbar intervertebral disc in T2 sagittal position by magnetic resonance as the object,this paper pro-
poses an intervertebral disc detection algorithm, TCA_CenterNet (top coordinate attention CenterNet) ,
based on improved CenterNet model, firstly, the coordinate attention (CA) mechanism is added to the
top of the backbone feature extraction network to strengthen the network's attention to the interverte-
bral disc and enhance the sensitivity of the model to the target position; Secondly,deep and shallow fea-
ture fusion is used to enhance the ability of CenterNet to extract effective features,and the generalization
performance of the model is improved through data enhancement. The experimental results show that the
final mean average precision (mAP) of the model is 81. 15% and the average frame rate is 14. 2 frame/
s. Compared with other comparison algorithms, the improved algorithm has better accuracy and robust-
ness.
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Fig. 1 CentrNet thermograph of intervertebral disc target detection: (a) Heatmap of intervertebral disc; (b) Gaussian lable
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Fig.2 Diagram of backbone network structure
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Fig. 3 CenterNet network model integrating coordinate information
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Fig. 6 Classification diagram of intervertebral disc:
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Tab.1 Experimental environment configuration

Parameter Disposition

Operating system Ubuntu 18. 04

CPU Inter Xeon E5-2678 v3

GPU NVIDIA RTX 2080 Ti
Programing language Python
Programming platform Pycharm

CUDA 10.1,cuDNN 7.6
Pytorch 1. 5.0

Graphics environment

ML framework

BRI E JefE PASCALVOC ¥4 % il %k, 15 3]
A EE A AL E S8, T8 ] TCA_CenterNet X} spine-
VocRect 48 4 i 17 1 7 5 > X 8040 48 Bl AL il MR
1026 19 &L R A SR 0 3R A, F 4% 90 %0 1 P b il i
L0 VE R UESE  HRIE IR A FEE ST
9 T BRI i) M R) A P15 HLIEREUE 22 18] BN A
B SRR TR WG 2 3R 0,05,
4.3 WMNIER

AT EAE TCA_CenterNet 875 i) fE 5 1, S2 56
it IR BE 2 20 19 VE A 98 5, b 4 & A AR (Re-
call) K5 (Precision) XS B ¥ {8 (mean average

precision,mAP) ,

HARWRA LT
L TP
Precision TP + P’ (6)
o TP
Recall = TP LEN’ 7

1

mAP — JP(R)dR, (8)

F ", TP (true positives) A 1F B #E 18] 43 45 M 4%, TN
(true negatives) A I K A HME [8] £ Kz W %, FP (false
positives) Jhy ki K (14 ME [A] 546 00 %5, P (R) A #F B2 Fi 4
] 4 28
4.4 ZRBEREDM

ShER 0 EOW 56 F TCA_CenterNet 2 3 g &
PP RIS A K AN TE W R R R ST
YL FR I spineVocRect ¥ 45 4 &8 i 47 Y1l 25 F1
e IR A Hi s 4 L R ek i TCA _Center-
Net [ 28 85 A1 1) G 451 2% pREE 22 k. T 1l 8 Fir s, i
) TCA_CenterNet &7 3% {8 5] 80 4R i, 45 7 (1)
total loss fH ik B R

5.0
45
4.0

3.5

Loss
)
W

20 40 60 80 100
Epoch

B 8 TCA_CenterNet W& 18 Loss B EMET L
Fig. 8 The change of Loss function value

of TCA_CenterNet network model
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Tab. 2 Detection results of Precision,

Recall and mAP of improved TCA_CenterNet

Disc type Precision/ % Recall/ % mAP/ %
L1/L2 90. 00 69. 23 83. 89
L2/L3 91.18 72.09 85.97
L3/14 90. 00 83.72 96. 22
L4/L5 97. 44 88. 37 93.72
L5/S 97. 44 95. 00 99. 37

T9/T10 48. 31 6.51 53.47

T10/T11 50. 00 6. 67 54.91

T11/T12 70.59 72.73 76.44 %
T12/1L1 89. 29 65.79 78. 96

All 80. 47 62. 24 81.15

Class 53.47%=T9_T10 mAP

Class 54.91%=T10_T11 mAP
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B9 TCA_CenterNet § P-R #1£: (a) T9/T10; (b) T10/T11; (c) T11/T12; (d) T12/L1;
(e) L1/L2; (f) L2/L3; (g) L3/L4; (h) L4/L5; (i) L5/S
Fig.9 P-R curve of TCA_CenterNet: (a) T9/T10; (b) T10/T11; (c) T11/T12; (d) T12/L1;
(e) L1/L2; (f) L2/L3; (g) L3/L4; (h) L4/L5; (i) L5/S
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Fig. 10 Training comparison curve of TCA_CenterNet:

(a) Train loss; (b) Train accuracy
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Tab.3 Comparison of detection results under spineVocRect dataset

Processing speed

Algorithm Backbone /(frame = 5 1) mAP/ %
SSD VGG16 12.74 75.2
Faster R-CNN VGG16 7.8 75.55
YOLOv3 Darknet53 18 69. 36
CornerNet Hourglass-104 4.2 75.8
CenterNet Resnet-50 14.7 78.09
TCA_CenterNet Resnet-50+CA 14.2 81.15
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Tab.4 Ablation experiment
Algorithm Ffzitlz;e CA Precision/ % Recall/% mAP/%
CenterNet X X 75.10 61.51 78.09
Improved algorithm 1 N X 75.9 61.82 78.99
Improved algorithm II X N 78.00 61.29 80. 06
TCA_CenterNet N N 80. 47 62.24 81.15
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Tab.5 Comparison of detection results

under different attention mechanisms

Algorithm Parameter/M mAP/ %
ResNet 25.56 78.09
+SE 28.09 79. 69
+CBAM 28.09 79.69
+CA 28. 30 81.15
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Fig. 11
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Detection of intervertebral disc

in magnetic resonance imaging scene
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