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Abstract
Purpose: Using deep learning and image processing technology, a standardized automatic segmentation
and quantitation network of lumbar disc degeneration based on T2MRI was proposed to help residents
accurately evaluate the intervertebral disc (IVD) degeneration.

Materials and Methods: A semantic segmentation network (BianqueNet) consist of self-attention
mechanism skip connection module and deep feature extraction module was proposed to achieve high-
precision segmentation of IVD related areas. A quantitative method was used to calculate the signal
intensity difference (∆SI) in IVD, average disc height (DH), disc height index (DHI), and disc height-to-
diameter ratio (DHR). Quantitative ranges for these IVD parameters in a larger population was established
among the 1051 MRI images collected from four hospitals around China.

Results: The average dice coe�cients of BianqueNet for vertebral bodies and intervertebral discs
segmentation are 97.04% and 94.76%, respectively. This procedure was suitable for different MRI centers
and different resolution of lumbar spine T2MRI (ICC=.874~.958). These geographic parameters of IVD
degeneration have a signi�cant negative correlation with the modi�ed P�rrmann Grade, while signal
intensity in IVD degeneration had excellent reliability according to the modi�ed P�rrmann Grade
(macroF1=90.63%~92.02%).

Conclusion: we developed a fully automated deep learning-based lumbar spine segmentation network,
which demonstrated strong versatility and high reliability to assist residents on IVD degeneration
evaluating by means of IVD degeneration quantitation.

Implication for Patient Care: Deep learning–based approaches have the potential to maximize diagnostic
performance for detecting disc degeneration and assessing risk of disc herniation while reducing
subjectivity, variability, and errors due to distraction and fatigue associated with human interpretation.

Introduction
The intervertebral disc (IVD) plays an important role in distributing loads and absorbing shock in the
spine, which is comprised of a gel-like nucleus pulposus (NP), collagenous annulus �brosis (AF) layers,
and ring-like cartilaginous endplates (EP). Identifying IVD structural changes, including IVD deformation,
NP dehydration and EP ossi�cation, due to chronic degeneration or acute injury, in patients undergoing
MRI of the lumbar spine has many important clinical implications 1. It has been determined that IVD
degeneration is a consequence of aging. Accumulated compressive overload usually lead to functional
fatigue fractures in endplates and subsequently IVD herniation2–4, which may lead to increased
in�ammation5, nerve compression6 and release of pain factors7. Lifestyle modi�cations and surgical
interventions are likely to be most effective for treating IVD degeneration or herniation, but it is more
important to initiate screening and prevention during the earliest stages of the disease process.
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MRI with morphologic cartilage imaging sequences has been shown to have high speci�city but only
moderate sensitivity for detecting dehydration and deformation within the IVD degeneration2,4.
Diagnostic performance is highly dependent on the level of reader expertise, and only moderate
interobserver agreement between readers has been reported in most studies 2. Quantitative analysis is
e�cient and comprehensive in evaluating IVD degeneration by measuring the signal intensity and
geometric information. Early research on quantitative measurement of intervertebral discs used general
image processing programs for manual measurement8–10. However, there is still no universal automatic
IVD degeneration analysis tool in this �eld. The lack of a universal and widely accepted standard
de�nition of IVD degeneration is one of the main reasons.

There has been much recent interest in using deep learning methods in medical imaging 11. With the
wide-spread application of convolutional neural network classi�ers in medical images, many studies use
the rectangular box surrounding the lumbar IVD as input, and the corresponding degeneration level as the
label to train the classi�er for learning degenerative features by neural network. However, the input
rectangular bounding box of the intervertebral disc needs to be segmented arti�cially or detected
automatically using complex algorithms1,12−17. There are also some studies on the quantitative
measurement of intervertebral discs based on deep learning, which did not use quantitative data to
evaluate intervertebral disc degeneration18,19.

In this study, a fully automated deep learning-based lumbar spine segmentation network (LSSN) has
been developed at our institution by using a deep convolutional neural network (CNN) with the self-
attention skip connection, deep feature extraction module and the corresponding loss function. According
to IVD degeneration features (water content loss and height decrease) 20, signal intensity difference and
geometric parameters of IVD are calculated and validated with the modi�ed P�rrmann grading system.
Finally, baseline ranges of lumbar IVD parameters among different gender and age and lumbar level was
established based on a large population around China for quantitative and structured report. The diagram
of this study is illustrated in Fig. 1.

Materials And Methods

MRI Data Sets
This study was approved by Institutional Review Board (IRB) in all the participating sites. All retrospective
subject data were obtained with a waiver of consent under IRB approval. The data were anonymized
before being shared.

Data sets for segmentation training (Data set A & B)
Training and validation of the proposed lumbar spine semantic segmentation method was carried out by
performing an institutional review board–approved retrospective analysis of lumbar spine images from
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286 subjects who underwent MR imaging in the Longhua Hospital, Shanghai University of TCM between
January 1, 2019, to December 31, 2020. Among these, there’re 223 subjects using a 1.5-T MRI unit
(MAGNETOM Aera XJ, SIEMENS) and 63 subjects using another 1.5-T MRI unit (MAGNETOM Avanto,
SIEMENS), which were trained two separate segmentation networks for different resolution of 512*512
(Data set A) and 320*320 (Data set B). Mid-sagittal T2 images of different resolution were exported from
Data set A and Data set B respectively, being randomly allocated into each training set or test set (Fig.1).
All images in the segmentation data set were labeled by LabelMe (version 3.3.6, CSAIL, Massachusetts
Institute of Technology) 21. Based on the structural features mentioned in the modi�ed P�rrmann grading
system, the segmentation area of 14 parts, included 5 vertebral bodies (L1-L5), 5 lumbar IVDs (L1/L2-
L5/S1), sacrum (S1), pre-iliac fat area, cerebrospinal �uid area in the spinal canal, and background as
Fig. 2a.

Data set for quantitative analysis (Data set C)
The proposed LSSN was used to extracted 1051 lumbar spine images as Data set C in four hospitals
around China, including Longhua Hospital, Shanghai University of TCM, Guangdong Provincial Hospital
of Chinese Medicine, Shenzhen Pingle Orthopedics Hospital, and Dongzhimen Hospital, Beijing University
of Chinese Medicine between January 1, 2019, and March 30, 2021. The imaging parameters of all sites
are summarized in Table 1.

Table 1 Imaging Parameters for the MRI Sequences in the 4 Sites 



Page 6/21

Site City Strength
of the
Magnet

Company Model Coil

Longhua Hospital, Shanghai
University of TCM

Shanghai 1.5-Tesla SIEMENS MAGNETOM
Aera XJ

 

18-
channel
Spine Tim
4G coil

Guangdong Provincial
Hospital of Chinese Medicine

 

Guangzhou 3-Tesla SIEMENS TIM
Systems

32-
channel
Spine Tim
coil

 

Shenzhen Pingle Orthopedics
Hospital

 

Shenzhen 1.5-Tesla SIEMENS MAGNETOM
Essenza

8-channel
quadrature
body coil

 

Dongzhimen Hospital, Beijing
University of Chinese
Medicine

Beijing 1.5-Tesla SIEMENS MAGNETOM
Amira

24-
channel
quadrature
body coil

 

 

A research team, composed of a 4-year radiology resident (DW Kong), two 8-year orthopedic resident (J
Chen, XF Ma), two 4-year orthopedic resident (YL Sun, YP Lin) and a 2-year orthopedic resident (MC Yin),
discussed together for the �nal segment and P�rrmann grade for each MR image.

Lumbar Spine Segmentation from MR Images

Convolutional Neural Network (CNN) Training

The critical component of LSSN is an improved deeplabv3+ segmentation network22 with backbone
ResNet-10123, called BianqueNet. The BianqueNet was built on the basis of deep feature extraction to
extract richer semantic information and denser features. An illustration of this semantic segmentation
network is shown in Fig. 2. The entire network consists of a swin transform skip connection (ST-SC)
module and a deep feature extraction (DFE) module. Swin Transform is a hierarchical transform
calculated by shifting the window, which has the advantages of high e�ciency and low complexity 24.
The skip connections structure designed in this study uses two successive Swin-Transformer blocks, with
1*1 convolutional layers in parallel at the same time, and �nally the two output features are spliced.
Through the pyramid pooling module, feature information of different depths through pooling operations
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of different scales can be obtained. By repeating check with feature map of 4096 channels multi-scale
information 25, the network can achieve e�cient features extraction with a dense semantic feature map
of 256 channels.

32-depth BMP images were exported from raw MRI to train the LSSN as input. In the upsampling phase, a
modi�ed upsampling operation with a deconvolution decoder was used to recover more detailed features
of the segmentation target. In the feature extraction phase, the feature maps of different resolutions were
obtained by down-sampling and output to the ST-SC module, which splices images and extracts features
from different resolutions. According to feature pyramid26, feature maps with low-resolution and high-
resolution were integrated to extract more semantic and spatial information, in which a 3*3 double
convolutional layer was used for the fused feature map to improve the feature. Finally, a double
upsampling operation was performed to obtain a dense prediction image.

Weighted Dice Loss Function 
A weighted dice loss function as below was proposed to enhance segmentation performance by
estimating di�clties in difference images with typical or atypical structure, which ensured consistent in
segmentation:

This formula was used in the output of the softmax layer, where the is the probability of voxel (target)
and is the probability of voxel (non-target). So was for and . represents different segmentation areas,
represents the total number of channels, which is taken as 14.  represent the weight of different
segmentation channels. According to the experimental analysis results, channels weight was set to 0.9,
0.8 and 1 for vertebral body, IVD and the other respectively, which may achieve the best segmentation
performance.

For avoiding that the subsequent feature extraction operations are affected, corrosion and expansion
operations were used to remove the burrs (Fig. 2b).

Lumbar IVD Quantitative Analysis

Parameters Calculation based on P�rrmann Grading System

Based on previous studies 18, 25–27, some extraction and calculation methods were modi�ed with
histogram features of IVD. signal intensity difference (∆SI) was obtained to quantify the blurring degree
of boundary between NP and AF, which indicating water content in IVD. Average disc height (DH), disc
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height index (DHI), and disc height-to-diameter ratio (DHR) were obained to quantify structural collapse in
IVD degeneration. Speci�c calculation methods for each parameter are described in the Supplement File
1. 

Versatility Test for Images with Different Origins 
IVD parameters extracted by LSSN in mid-sagittal lumbar MR images with different resolutions were
compared with each other. In the data set B, 46 images with resolution of 320*320 were randomly
selected to be segmented and quanti�ed by model B. Meanwhile, these images were adjusted to 512*512
for segmentation and quantitation by model A. IVD parameters extracted from these two models were
used for versatility test. If IVD parameters from LSSN shows good consistency under different origins of
imaging, LSSN will be used into a larger population (Data set C) with different machines and models to
establish degenerative ranges of IVD parameters in different people.

Quantitation for IVD Degeneration
Relationship between IVD parameters (including ∆SI, DH, DHI, and HDR) and demographic information
(including gender, age, and segment) and correlation between IVD parameters and IVD degeneration
(based on the modi�ed P�rrmann grading system) were analyzed respectively in Data set C. Based on
these results, a baseline of IVD degeneration in larger population was established, which may indicate a
qualitative IVD degeneration in different population with accordance to the modi�ed P�rrmann grading
system. Details in quantitative protocols were shown in the Supplement File 2.

Statistical analysis
The intraclass correlation coe�cient (ICC) was used to analyze the consistency between the IVD
parameters calculated using the original resolution (320*320) from the data set B and the
adjusted resolution (512*512). The macroF1-score and the Kendall correlation coe�cient were used
to test sensitivity and speci�city in IVD degeneration grading performance among deep learning methods
and 3 residents in the two data sets with different resolution according to the modi�ed P�rrmann grading
system. An absolute value of r of 0-0.4 was considered as weak correlation, 0.4-0.6 as moderate
correlation, and greater than 0.6 as strong correlation.

Spearman rank correlation coe�cient between IVD signal intensity and grading score has been
calculated via SPSS (version 26, IBM, USA). Multiple regression analysis was performed on IVD
quantitative parameters (, DH, DHI, HDR) and baseline information (including gender, age, segment) to
describe some characters in larger population via Stata (version 15.1, USA).

Results
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Segmentation Performance
The BianqueNet provided good segmentation performance of IVD-related areas. The mean Dice
coe�cients (mDice) and mean intersection over Union (mIoU) were 94.45% and 89.88% for whole lumbar
spine, 96.71% and 93.66% for vertebral body, 94.38% and 89.43% for IVD. Based on deeplabv3+, Adding
the three modules of DFE, ST-SC and FPN improved segmentation signi�cantly as shown in Table 2. The
average training time for BianqueNet was 10 hours in each data set. Segmentation of vertebral bodies
and IVDs on the mid-sagittal MRI image for a patient took approximately 1 seconds with the trained
network. 

Table 2 BianqueNet shows superior segmentation effectiveness demonstrated by the pixel-level Dice and
IoU coe�cient

Versatility test for different resolution
A total of 230 IVDS and 276 vertebral bodies of 46 subjects were segmented after resolution of MRI-
exported images had been adjusted from 320*320 to 512*512. The results showed a good consistency in
using different parameter calculation algorithms for different resolution of MRI-exported images. Among
them, the measurement of intervertebral disc geometric parameters DHI and DWR have extremely high
ICC values, which are 0.958 (p=0.000) and 0.956 (p=0.000), respectively, and the ICC value of the ΔSI is
0.874 (p=0.000), as shown in Table 3.

Table 3 Consistency analysis of intervertebral disc parameters calculated by MRI of different sizes

Measure Intraclass Correlationb

ICCa 95%CI

ΔSI .874*** .840 .902

DHI .958*** .943 .968

HDR .956*** .886 .978
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Two-way mixed effects model where people effects are random and measures effects are �xed. ICC,
intraclass correlation coe�cient; 95% CI, 95% con�dence interval;

a.The estimator is the same, whether the interaction effect is present or not.

b.Type A intraclass correlation coe�cients using an absolute agreement de�nition.

Characteristics of IVD Parameters in a Larger Population
After screening 1508 MRI images in 4 sites around China, a total of 1051 individuals were collected, in
which there’re 144 excluded for imaging quality and 313 excluded for irregular structures (especially in
vertebral bodies). The demographic information (including age and gender) distributed evenly as shown
in Table 4, which were integrated to conduct correlation analysis with IVD parameters. 

Table 4 Included Patient Demographic Information from the Four Sites around China

Site Number Age(F/M)

20-29 30-39 40-49 50-59 60-69 70-89

Longhua Hospital, Shanghai
University of TCM

 

433 32/21 52/51 49/45 34/35 53/39 12/10

Shenzhen Pingle Orthopedics
Hospital

 

222 16/18 20/20 19/20 18/21 13/23 9/25

Guangdong Provincial
Hospital of Chinese Medicine

 

246 19/24 20/15 23/17 22/17 18/15 22/34

Dongzhimen Hospital,
Beijing University of Chinese
Medicine

 

150 7/8 13/18 21/17 13/8 12/11 8/14

Total 1051 74/71 105/104 112/99 87/81 96/88 51/83

 

Supplement Figure (1-4) and Table 5 shows comprehensive distribution of IVD parameters in a larger
population and multiple regression analysis result among IVD parameters and each demographic
information respectively. ΔSI in IVDs decreased with age, while DH, DHI and DHR of IVDs increased with
age, reaching peak at the age of 50-60 (P<0.01). There’re no signi�cant different between male and
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female in  in IVDs, while DH, DHI and DHR of IVDs were signi�cantly higher in males than those in
females (P<0.01). In additions, DH, DHI and DHR were signi�cantly higher in lower segmental IVDs (L3-L4,
L4-L5 and L5-S1) than upper ones (L1-L2 and L2-L3), and disc height of L4-L5 IVDs was
highest(P<0.01). In the further analysis of all the IVD height parameters, the in�uence of segments on the
parameters is greater than those of age. For the IVD height, the in�uence of gender is greater than age.
For DHI and HDR, gender and age have similar effects.

Table 5 The results of multiple regression analysis of signal intensity peak difference, DH, DHI, HDR and
gender, different ages, and different disc positions

N 1651 ΔSI DH DHI HDR

female -.0279 -.2541*** -.1121*** .1115***

male 0.000 0.000 0.000 0.000

20-30 0.000 0.000 0.000 0.000

30-40 -.1669*** .0796*** .0557* .1100***

40-50 -.3802*** .1110*** .0927*** .0980***

50-60 -.4826*** .1612*** .1577*** .0440

60-70 -.6002*** .1427*** .1687*** .0099

70-90 -.5137*** .0328 .0806*** -.0674***

L1-L2 .2800*** -.7181*** -.6708*** -.4932***

L2-L3 .1719*** -.3832*** -.4155*** -.2912***

L3-L4 .0907*** -.1593*** -.1942*** -.1122***

L4-L5 0.000 0.000 0.000 0.000

L5-S1 .1526*** -.0520** -.0312 .1105***

*** p<0.01 ** p<0.05 * p<0.1

Correlation with IVD Degeneration Grading 
Considering structural collapse with IVD degeneration according to the modi�ed P�rrmann grading
system, a regression analysis was conducted to investigate correlation between its certain grading (For
analyzing the correlation between degeneration segments and ΔSI, the corresponding grading were 1, 2, 3,
4, and (5-8). For analyzing the correlation between the degeneration segments and geometric parameters,
the corresponding grading are (1-5), 6, 7, 8)) and IVD parameters in different age, gender and segments.
As shown in Table 6, IVD parameters showed a good accordance to the modi�ed P�rrmann grade.
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Table 6 Correlations between IVD Parameters and Modi�ed P�rrmann Grading

lumbar level ΔSI DH DHI HDR

-.966*** female male female male female male

L1/L2 -.421*** -.296*** -.304*** -.235*** -.473*** -.397***

L2/L3 -.481*** -.417*** -.354*** -.398*** -.575*** -.455***

L3/L4 -.639*** -.470*** -.530*** -.443*** -.626*** -.539***

L4/L5 -.656*** -.696*** -.560*** -.665*** -.709*** -.758***

L5/S1 -.701*** -.687*** -.641*** -.664*** -.744*** -.778***

*** p<0.01 ** p<0.05 * p<0.1

r, Spearman rank correlation coe�cients

 

Regarding water content loss with IVD degeneration, result from a further regression analysis showed a
stronger correlation between the modi�ed P�rrmann grade (1, 2, 3, 4, and (5-8)) and ΔSI (R=-0.966,
P=0.000). Speci�c ranges of according to the modi�ed P�rrmann grade (1, 2, 3, 4, and (5-8)) were
calculated and listed in Table 7.

Table 7 Quantitative ranges of ΔSI according to the modi�ed P�rrmann Grade (1-8)

modi�ed P�rrmann Grade 1 2 3 4 5-8

Number

 

154 1130 1622 1315 1034

 

(mean±SD)

121.97±9.96 95.34±7.20 72.34±7.81 44.63±8.49 20.60±9.28

 

According to the results of multiple regression analysis, gender and segements have signi�cant
correlations with ΔSI, while age, gender and segments have signi�cant correlations with geometric
parameters. Fig.3 and Supplement Table (1-4) showed comprehensive distribution of IVD parameters in a
larger population.

Discussion
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Our study described a fully automated deep learning–based lumbar IVD quantitative system utilizing a
CNN with the self-attention skip connection, deep feature extraction module and the corresponding loss
function for segmenting IVD-related areas to extract geometric and signal parameters. The proposed
deep learning approach achieved high accuracy for segmentation and measurement. More speci�cally,
our method showed high consistency with the modi�ed P�rrmann grading system.

Compared with previously reported conventional image processing methods for lumbar spine MRI, our
method is focus on quantitative measurement other than degeneration grade classi�cation. Standard
and accurate ranges of  in IVD was established to quantify IVD degeneration, which has strong
applicability and accuracy for grading IVD degeneration (macroF1: 92.02% and 90.63% in two data sets)
as shown in Table 8.

Table 8 Accuracy of IVD degeneration grading with ΔSI in IVD

Modi�ed P�rrmann
Grade

1 2 3 4 5-8 macro-
average (%)

macroF1(%)

Data set
A

Precision
(%)

60.76 97.28 99.40 97.89 89.08 88.89 92.02

Recall (%) 100 90.96 97.84 90.05 98.15 95.40

Data set
B

Precision
(%)

/ 81.82 93.55 100 85.71 90.27 90.63

Recall (%) / 90.00 90.63 83.33 100 90.99

 

By means of LSSN, all the IVD parameters will be extracted and quanti�ed from MR images in about half
of second, which may describe water content loss and structural collapse in IVD, indicating degeneration
process. Fig.4 shows a potential application for structural MRI report output from the IVD degeneration
quantitative analysis.

P�rrmann grading system, as the most used IVD imaging grading method, was designed based on
symptomatic patients with an average age of about 40 years old 15. Therefore, its reliability for early IVD
degeneration or IVD degeneration in the elderly people may be unsatis�ed. This study proposed an
automatic quantitative method for IVD degeneration assessment in asymptomatic patients of different
ages. In addition, multiple quantitative sequences in imaging are generally used together to accurately
evaluate IVD degeneration or lesions, which are too time-consuming to popularize MR imaging
quantitative analysis in IVD. Our LSSN may meet both patients’ affordability and clinical diagnosis needs.

Our study has limitations. First, we only included MR images with relatively regular outline in IVD-related
areas, most of which were accurately segmented by LSSN. Second, accuracy of LSSN is dependent on
the depth of BMP exported from MR imaging system. Third, the subjects included in this study did not
take symptoms (such as low back pain) into account, lacking clinical validation on IVD degeneration.
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Finally, as a retrospective study, IVD parameters extracted from Data set C did not exactly represent the
real-world setting. Further research is needed to determine the applicability of this LSSN in a prospective
multi-institutional study in patients with low back pain.

In conclusion, we developed a fully automated deep learning-based lumbar spine segmentation network,
which demonstrated strong versatility and high reliability to assist residents on IVD degeneration grading
by means of IVD degeneration quantitation.
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Figure 1

The �owchart of the study process
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Figure 2

The fully automatic IVD quantitative analysis system based on semantic segmentation network. The
proposed method consisted of segmentation CNNs with SW-SC module and DFE module, histogram-
based signal intensity quantitation, and area-based fully automated geometric measurement. (a)
Segmentation label of lumbar spine related area, (b) Each image channel output by the model
corresponds to a segmentation area, (c) The outline of the segmented area is displayed on the original
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image. Signal intensity histogram calculation (d) Cerebrospinal �uid area, (e) Presacral fat area, (f) L3L4
intervertebral disc area. (g) Intervertebral disc parameter calculation, (h) Vertebral body corner detection
result (red point) and feature point calculation result (green point), (i) 80% area extraction result of the
intervertebral disc center.

Figure 3

Characteristics of IVD Parameters ( (a) The mean and standard deviation (σ) of the ∆SI of each the
Modi�ed P�rrmann Grading System (level 1, 2, 3, 4, 5), ∆SI (b), DH (c), DHI (d) and HDR (e)) in different
age, gender, and segments
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Figure 4

Quantitative analysis results of typical cases. (a) 23-year-old male(Longhua Hospital); (b) 49-year-old
female(Dongzhimen Hospital, Beijing University of Chinese Medicine); (c) 63-year-old male(Guangdong
Provincial Hospital of Chinese Medicine); (d) 81-year-old male(Shenzhen Pingle Orthopedics Hospital).
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