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Abstract

Spinal clinicians still rely on laborious workloads to conduct comprehensive
assessments of multiple spinal structures in MRIs, in order to detect abnormalities and discover possible pathological factors. The objective of this work is

M

to perform automated segmentation and classification (i.e., normal and abnormal) of intervertebral discs, vertebrae, and neural foramen in MRIs in one shot,
which is called semantic segmentation that is extremely urgent to assist spinal

ED

clinicians in diagnosing neural foraminal stenosis, disc degeneration, and vertebral deformity as well as discovering possible pathological factors. However,

PT

no work has simultaneously achieved the semantic segmentation of intervertebral discs, vertebrae, and neural foramen due to three-fold unusual challenges:
1) Multiple tasks, i.e., simultaneous semantic segmentation of multiple spinal

CE

structures, are more difficult than individual tasks; 2) Multiple targets: average

21 spinal structures per MRI require automated analysis yet have high variety
and variability; 3) Weak spatial correlations and subtle differences between nor-

AC

mal and abnormal structures generate dynamic complexity and indeterminacy.
In this paper, we propose a Recurrent Generative Adversarial Network called
Spine-GAN for resolving above-aforementioned challenges. Firstly, Spine-GAN
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explicitly solves the high variety and variability of complex spinal structures
through an atrous convolution (i.e., convolution with holes) autoencoder module
that is capable of obtaining semantic task-aware representation and preserving
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fine-grained structural information. Secondly, Spine-GAN dynamically models
the spatial pathological correlations between both normal and abnormal structures thanks to a specially designed long short-term memory module. Thirdly,
Spine-GAN obtains reliable performance and efficient generalization by leverag-

ing a discriminative network that is capable of correcting predicted errors and
global-level contiguity. Extensive experiments on MRIs of 253 patients have
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demonstrated that Spine-GAN achieves high pixel accuracy of 96.2%, Dice coefficient of 87.1%, Sensitivity of 89.1% and Specificity of 86.0%, which reveals
its effectiveness and potential as a clinical tool.
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and diagnosis

ED

1. Introduction

Spinal diseases greatly limit body mobility, block nervous system, and dete-

PT

riorate quality of life worldwide. For instance, neural foraminal stenosis (NFS) 1
often causes muscle weakness and body disability, and NFS has attacked about
5

80% of the elderly population (Kaneko et al., 2012; Rajaee et al., 2012). In

CE

another instance, intervertebral disc degeneration (IDD) easily induces chronic
back pain and body functional incapacity, while IDD is responsible for over 90%

AC

of spine surgical procedures (He et al., 2017a). Also, lumbar vertebral deformities (LVD) always goes along with scoliosis and spondylolisthesis and severely
1 Neural

foraminal stenosis refers to a spinal nerve root compressed by a narrowing neural

foramen of the peripheral nervous system, which consists of the nerves and ganglia outside of
the brain and spinal cord, serving as a relay between the brain and spinal cord and the rest
of the body.
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deteriorates the quality of life of children, young athletes and older people (Sun
et al., 2017; Cai et al., 2017). However, clinical diagnosis of these spinal diseases
still relies on laborious workloads and suffers from high inter-observer variations,
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because experienced radiologists make decisions based on their level of expertise
and always get different radiological grading results even according to the same
15

grading criterion (Lee et al., 2010). Mis-grading and inaccuracy clearly affect

the decision of optimal therapeutic planning. Therefore, this work primarily focuses on an automated analysis of NFS, IDD, and LVD at the same time, which
is extremely useful in providing reliable and objective assessment and relieving

AN
US

clinicians from laborious workloads.

Automated semantic segmentation of neural foramen, intervertebral discs,

20

and vertebrae simultaneously have more clinical significance than conventional
spinal segmentation or spinal classification of one spine component solely. In
practice, since NFS, IDD, and LVD have strong pathological correlations (Lee
et al., 2010; Krämer, 1983; McClure, 2000), automated semantic segmentation
of the three structures can significantly promote clinical pathogenesis-based diagnosis

2

M
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of NFS, IDD, and LVD. The specific reason is that each of NFS, IDD,

ED

and LVD is a crucial pathogenic factor of the others as well as a vital predictor
of the others. Specifically, 1) not only could IDD with space collapse lead to
NFS but also indicate that nerve roots in the surrounding neural foramen will
be compressed even when NFS has not occurred (Lee et al., 2010); 2) not only

PT
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could IDD with space collapse cause the surrounding vertebrae to be deformed

CE

but also indicate scoliosis or spondylolisthesis in the future; 3) not only could
LVD compress surrounding intervertebral discs but also restrict the room of
neural foramen to pressure nerve roots. Therefore, this work finally devotes
to semantic segmentation of neural foramen, intervertebral discs, and vertebrae

AC
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2 Pathogenesis-based

diagnosis is a key step to prevent and control spinal diseases in clinic,

where spinal clinicians conduct both early diagnosis and comprehensive assessment by drawing
crucial pathological links between spinal diseases and their pathogenic factors, which are the
biological mechanisms that lead to the diseased state.

4
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simultaneously, which can present their pathogenic factors for assist clinicians
in discovering pathogenesis of them. For instance, if our system accurately predicts that both IDD and NFS occur in the same area of a spine, the system

40
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can present that a pathogenesis of the NFS is the IDD. Our system thereby
has strong sensitivity and objectivity of pathological changes. This work thus

significantly promote early diagnosis when a pathogenic factor is solely occurring. This work also can be helpful for eradicating a spinal disease when its

pathogenic factor is presented, which contributes to building comprehensive

pathological analysis and benefits to clinical surgery planning. In addition, this

work leverages magnetic resonance imaging (MRI) since MRI is widely used in
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clinical diagnosis of spinal diseases as is better to demonstrate spinal anatomy
and is the most appropriate test for imaging neural foramen and intervertebral
discs (Kim et al., 2015).

However, no work has simultaneously achieved the semantic segmentation of
50

neural foramen, intervertebral discs, and vertebrae due to three unusual chal-

M

lenges. Firstly, multiple tasks must be satisfied to ensure a successful system: 1)
simultaneous and pinpoint segmentation of neural foramen, intervertebral discs,

ED

and vertebrae to recognize pathogenic sites (i.e., locations of target diseases);
2) simultaneous and accurate classification of neural foramen, intervertebral
55

discs, and vertebrae to analyze corresponding diseases and present the patho-

PT

logical correlations between them. Secondly, multiple structures are required
to be analyzed since each MRI has on average 21 target structures, which in-

CE

clude seven neural foramen, seven intervertebral discs, and seven vertebrae 3 .
The normal structures or abnormal structures of each disease have high variety
and variability since they do differ with race, sex, and age. For instance, the
heights of normal neural foramen on average range from 0.61 cm to 2.27 cm

AC

60

3 Clinical

MRIs of lumbar spine follow the same imaging standard that each scan comprises

of eight vertebrae from the 11-th thoracic vertebra to the final caudal vertebra. This work excludes the final caudal vertebra and analyzes the seven vertebrae from 11-th thoracic vertebra
to the 5-th lumbar vertebra (L5), which are easiest to get sick following clinical statistics.

5
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while the widths range from 0.41 cm to 1.90 cm according to our quantitative
statistics. Thirdly, the normal and abnormal structures of each disease have
subtle differences since they share a high degree of visual similarity. The weak
spatial correlations on MRIs between neural foramen, intervertebral discs, and
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vertebrae lead to dynamic complexity and indeterminacy, which impedes the
presentation of pathogenic factors such that cannot comprehensively analyze
target diseases to prevent the further recurrences of morbidity. The locations
of pathogenic factors on MRIs are always hard to be presented in spine surgery
70

when patients do not feel obvious pain. For example, it is hard to decide that

compressed (Lee et al., 2010).
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the main pathogenic factor of NFS is from which side when a neural foramen is

To overcome the aforementioned challenges, we propose a deep Recurrent
Generative Adversarial Network called Spine-GAN and achieve the automated
75

semantic segmentation of neural foramen, intervertebral discs, and vertebrae
simultaneously. The proposed Spine-GAN comprises a segmentation network

M

and a discriminative network within an integrated end-to-end framework. The
segmentation network contains two modules: an atrous convolution (i.e., convo-

80

ED

lution with holes or dilated convolution) autoencoder module that is capable of
obtaining deep task-aware representation and preserving fine-grained information as well; and a local long short-term memory module (LSTM) that is capable

PT

of modeling the spatial correlations between neural foramen, intervertebral discs,
and vertebrae. The discriminative network effectively smooths and strengthens

CE

the higher-order spatial consistency of semantic segmentation by playing an ad85

versarial role to distinguish its input whether from the segmentation network
or ground truth. The end-to-end training of above three integrated modules

AC

ensures Spine-GAN acquire global information in conforming to the presence of
pathological correlations and pathologies of spinal structures.
1.1. Related work on spinal image analysis

90

To the best of our knowledge, no work has achieved the segmentation and
classification of multiple spinal structures simultaneously. Existing works in6
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clude but are limited to the manual assessments, automated detection or radiological classification of one or two types of spinal structure.
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1.1.1. Manual assessments
Existing manual assessment works of spine demonstrate that (1) manual

95

assessment has inevitable subjectivity, and (2) pathological correlations do exist

among intervertebral discs, neural foramen, and vertebrae. For instance, Lee
et al. (2010); Park et al. (2012); Kim et al. (2015) aimed at evaluating the
reproducibility of different manual grading criteria of neural foramen. Results of

these studies show that experienced radiologists have different assessment results
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even according to the same grading criterion. Cinotti et al. (2002); Panjabi et al.
(2006); Kaneko et al. (2012); Peck et al. (2016) studied the pathogenesis and
treatment of spine diseases about how it is affected by segmental deformities and
anatomical variations. Their results prove that the pathogenesis of spine diseases
105

are from multiple pathogenic factors and can be attributed to the combination of

M

accelerated degeneration of the intervertebral discs, dysplasia of the vertebral
bones, and narrowing of the neural foramen. Although manual works have

and inefficient.

1.1.2. Automated detection

PT

110
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gained on grading criterion and pathogenic factors, they are time-consuming

Existing automated detection of the spine can be attributed to three types.
The first type is the automated localization of one or two types of spinal struc-

CE

ture (Alomari et al., 2011; Corso et al., 2008; Štern et al., 2009; Zhan et al.,
2012; Cai et al., 2015), which are only capable of presenting specific anatomic

115

structure. The second type is automatic segmentation of one or two types of

AC

spinal structure (He et al., 2017b,c; Wang et al., 2015; Yao et al., 2016). The
third type is simultaneous localization and segmentation (Ghosha et al., 2011;
Huang et al., 2009; Klinder et al., 2008; Peng et al., 2006; Shi et al., 2007; Kelm
et al., 2013). Existing detection methods although achieved accurate recogni-

120

tion of one or two types of spinal structure, they cannot achieve the radiological

7
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classification of spinal structures. The proposed method, instead, achieves simultaneously pinpoint segmentation and accurate radiological classification of
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three types of spinal structure.
1.1.3. Radiological classification

A few radiological classification works of spine include but are limited to

125

one type of spinal structure, such as lumbar neural foramen grading (He et al.,

2016), lumbar disc generation grading (He et al., 2017a; RajaS et al., 2011),
spondylolisthesis grading (Cai et al., 2017). Besides, SpineNet proposed by

130
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Jamaludin et al. (2017) has achieved multiple disc diseases grading; however,

it only takes the preprocessed discs’ volume as input so that only analyzes one
type of spinal structure. In this study, not only do we analyze three types of
spinal diseases at three types of spinal structure but also contribute to presenting
spatial pathological links between them.

M

1.2. Related work on deep learning

Atrous convolution was originally developed for the efficient computation of

135

the undecimated wavelet transform (Holschneider et al., 1990) and used before

ED

in semantic segmentation (Chen et al., 2016; Yu and Koltun, 2015; Chen et al.,
2017), object recognition (Sermanet et al., 2013), and image scanning (Giusti

PT

et al., 2013).

LSTM was proposed by Hochreiter and Schmidhuber (1997), and next was

140

extended to language modeling (Sundermeyer et al., 2012), image captioning

CE

(Krause et al., 2017; Johnson et al., 2016; Vedantam et al., 2017; Karpathy and
Fei-Fei, 2015; Xu et al., 2015), scene labeling (Byeon et al., 2015), and semantic

AC

object parsing (Liang et al., 2016b,a). In medical image analysis community,

145

LSTM was used for cardiac assessment (Xue et al., 2017b; Poudel et al., 2016)
by capturing the temporal dependencies between MR sequences.
The novel generative adversarial theory, corresponding to minimax two-

player game, was proposed by Goodfellow et al. (Goodfellow et al., 2014) to
generate virtual samples. The adversarial theory was first extended to super-

8
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vised semantic segmentation task by Luc et al. (2016) and then used for weakly
unsupervised semantic segmentation (Souly et al., 2017), unsupervised video
summarization (Mahasseni et al., 2017), prostate cancer detection (Kohl et al.,
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2017), brain MRI segmentation (Moeskops et al., 2017; Kamnitsas et al., 2017),
and unsupervised anomaly detection (Schlegl et al., 2017). These works have
155

gained different levels of improvements, which demonstrates the effectiveness of
adversarial learning.
1.3. Contributions

AN
US

The primary contributions of this study include:

• For the first time, simultaneous semantic segmentation of multiple spinal
structures are achieved, which is an advance compared to conventional

160

segmentation or classification of spinal structures.

• GAN, local LSTM, and atrous autoencoder are combined in an integrated

M

end-to-end framework. The novel framework is powerful in representation
learning, spatial context learning, and adversarial learning. The integration can be efficiently extended to semantic segmentation, object parsing,

165

ED

and scene labeling.

The rest of this paper is organized as follows: In Section 2 we present the ad-

PT

vantages of Spine-GAN in terms of advanced modules, strategy, and algorithm.
In Section 3 we introduce the details about dataset and experiment settings.
170

In Section 4 we conduct comprehensive performance analysis of Spine-GAN on

CE

this challenging study. In Section 5 we conclude this paper and then discuss the

AC

important influence of this study for other tasks.
2. Spine-GAN
2.1. An overview of Spine-GAN

175

The newly-proposed Spine-GAN has advanced modules (see Section 2.2)

with hybrid learning strategy (see Section 2.3) and dynamic optimization algorithm (see Section 2.4). As illustrated in Fig. 1, Spine-GAN comprises of
9
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Spine-GAN
Discriminative Network

Encoder

Background

Normal
Vertebrae

Local-LSTM
Module

Vertebral
Deformities

CNN

Decoder

Normal
Discs

CNN

Discs
Degeneration

CR
IP
T

Segmentation Network

Normal
Neural Foramen

Neural Foraminal
Stenosis

Figure 1: Spine-GAN directly localizes all target structures, while classifies all target struc-

tures with crucial radiological diagnoses (i.e., normal and abnormal) with pixel-level precision
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(i.e., each pixel has the possibility of seven classes including the background.). The goal of the

segmentation network is to trick the discriminative network while the discriminative network
is to urge the segmentation network to produce higher correct predictions, which efficiently
prompts both accurate and convergence performance.

two newly-designed networks that are constituted of three tightly integrated
modules. Specifically, a segmentation network is designed for segmentation and
radiological classification of neural foramen, intervertebral discs, and vertebrae.

M
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The segmentation network includes a deep atrous convolution autoencoder mod-

ED

ule (ACAE) for spinal image representation and pixel-level classification (i.e.,
each pixel has the possibility of seven classes including the background.), and
a local LSTM (Local-LSTM) based recurrent neural network (RNN) module
for spatial dynamic modeling of spatial pathological correlations between spinal

PT
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structures. Inspired by the GAN theory (Goodfellow et al., 2014), a discriminative network is designed to supervise and encourage the segmentation network

CE

to produce correct predictions. The discriminative network includes a convolutional neural network (CNN) module composed of auxiliary convolutional layers. The proposed hybrid learning strategy and dynamic optimization algorithm

AC
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prevent Spine-Gan from over-fitting and also contribute to a robust generative
adversarial learning.
The primary advantages of Spine-GAN include:
• The ACAE module enables Spine-GAN to not only address the high vari-
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ability and complexity of spinal appearance in MRIs explicitly, but also
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effectively preserve fine-grained differences between normal and abnormal structures. ACAE module can produce deep semantic representation
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with only a few parameters and large receptive fields, avoiding too many
stacked downsampling and up-sampling operations which severely reduce
the feature resolution among low-dimensional manifold.

200

• The Local-LSTM module enables Spine-GAN to model the latent yet

crucial spatial correlations between neighboring structures dynamically.
Local-LSTM module is capable of selectively memorizing and forgetting

AN
US

semantic information of previous spinal structures when transforming the
high-level semantic features into sequential inputs of LSTM units. There-

205

fore, Spine-GAN achieves improved performance through leveraging spatial context from spinal structures’ prior information.

• The discriminative network enables Spine-GAN to correct predicted errors

M

and break through small dataset limitation, so as to achieve continued
gains on global-level contiguity and avoid over-fitting. In addition, the

210

ED

robust learning strategy and flexible optimization algorithm allow SpineGAN to handle the adversarial engagement between the segmentation
network and the discriminative network smoothly during training. Spine-

215

PT

GAN thus obtains efficient convergence and generalization.

2.2. Three advanced modules for two networks

CE

As illustrated in Fig. 1, an ACAE module, and a Local-LSTM module

constitute a segmentation network, while a CNN module constitutes a discrim-

AC

inative network. The segmentation network aims at tricking the discriminative
network by generating true-to-nature pixel-level segmentation maps. On the

220

contrary, the discriminative network makes great efforts to discriminate its inputs whether they are fake maps from segmentation network or real maps from
ground truth. This adversarial process between the two networks practically
corrects higher-order inconsistencies between predicted segmentation maps and
11
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their ground truth. The details of three advanced modules for two networks are
225

as follows.

Segmentation Network

Conv1
7×7@32

Conv2
3×3@64

Atrous1 Atrous2 Atrous3 Atrous4
3×3@128 3×3@128 3×3@128 3×3@128
Rate = 2 Rate = 4 Rate = 8 Rate = 16

Local-LSTM
Module
128×128

512×512

Encoder of ACAE Module
Convolution

Atrous
Convolution

Residual
Connection

Deconv2 Conv3
3×3@128 1×1@64 Conv4
Deconv1 Stride = 2
1×1@7
3×3@128
Stride = 2

256×256
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2.2.1. ACAE module of segmentation network

512×512

Decoder of ACAE Module

Batch
Normalization

ReLU

Maxpooling
2×2, stride =2

Figure 2: The segmentation network aims at generating pixel-level segmentation and radiological classification of multiple spinal structures. The ACAE module does not only preserve

M

fine-grained information but also recovers input spatial dimension and object details. The
Local-LSTM learns spatial pathological correlations between surrounding abnormal spinal

ED

structures.

As illustrated in Fig. 2, the ACAE module comprises atrous convolution
layers as an encoder and deconvolution layers as a decoder. ACAE, therefore,

230

PT

has both advantages of atrous convolution network and traditional convolution
autoencoder (CAE). ACAE module does not only preserve fine-grained infor-

CE

mation with few parameters and suitable receptive fields but also recovers input
spatial dimension and object details. The difference between our ACAE module
and existing CAE method (Masci et al., 2011; Chen et al., 2017; Zeiler et al.,

AC

2010; Ronneberger et al., 2015; Xue et al., 2017a) is that ACAE module ex-

235

tends atrous convolutions as an encoder for efficient expressive presentation and
uses deconvolution as a decoder instead of the common interpolation method
(Chen et al., 2017) with a learning manner to recover input spatial dimension.
Moreover, the reason of using two max-pooling layers and two deconvolution
layers rather than completely using atrous convolutions is to reduce the size of
12
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feature maps and enlarge receptive fields more efficiently, such that Spine-GAN
has faster computational speed and wider receptive fields.
To better understand atrous convolution of ACAE, we consider standard
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two-dimensional convolution layers first. For each location i on the output y
and each kernel k on the weight w and bias b, standard convolutions are applied
over the input feature map x with the stride of 1:
X
y[i] = f (
x[i + k] × w[k] + b[k]).
k

(1)

f denotes the kernel-wise nonlinear transformation of ReLU and batch normal-

r to each kernel k:

AN
US

ization (Ioffe and Szegedy, 2015). The atrous convolution adds an atrous rate
X
y[i] = f (
x[i + r · k] × w[k] + b[k]),
k

(2)

where the r · k is equivalent to convolving the input x with upsampled kernels,
which is produced by inserting r−1 zeros between two consecutive values of each

245

M

kernel along each spatial dimension (Chen et al., 2017). Standard convolution is
a special case of atrous convolution with r = 1. Our ACAE module adopts progressive rates r of {2, 4, 8, 16} after cross-validation, which allows ACAE module

ED

to modify kernel’s receptive fields adaptively without stacked downsampling operators. Adaptive receptive fields of ACAE module ensures Spine-Gan acquire

250

PT

global information in conforming the presence of pathology of spines, such as
vertebral morphology and posture.
Deconvolution layers (or transposed convolution) have been widely employed

CE

to recover the spatial resolution (Liu et al., 2015; Mostajabi et al., 2015; Badrinarayanan et al., 2015a; Pinheiro and Collobert, 2014; Papandreou et al., 2015).
Unlike existing methods using stacked deconvolution layers with huge trainable
parameters, our ACAE module only uses two deconvolution layers, which are

AC
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actually the transpose (gradient) of standard convolution layer with stride of 2.
2.2.2. Local-LSTM module of segmentation network
Local-LSTM module is explicitly an LSTM units based RNN and deployed
to model the spatial pathological correlations between neighboring structures,
13
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which efficiently improves the radiological classification accuracy of spinal structures. For instance, in terms of spatial context, current neural foramina has a
high probability of being abnormal when neighboring discs or vertebra are ab-
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normal. The Local-LSTM module, therefore, is able to memorize long-period
spatial pathological correlations from local neighboring structures and avoid the
265

gradient vanishing/exploding problem in traditional RNNs. The difference be-

tween our Local-LSTM module and existing LSTM works is that Local-LSTM
integrates LSTM units into autoencoder module and is for the first time used
for spinal image analysis.

270
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As illustrated in Fig. 3, the newly proposed Local-LSTM module has a topdown structure. Specifically, assuming M ∈ Rn×n×c represents a set of deep
convolutional feature maps generated by the encoder of ACAE module with
widths of n, heights of n , and channels of c. Firstly, the Local-LSTM module
0

n

n

downsamples its input feature maps to M ∈ R i × i ×c , where i is the size of 4
according to the receptive fields of spinal structures. Secondly, the Local-LSTM
0

module patch-wisely unstacks these downsmapled feature maps M to a set of
00

M
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n 2

spatial sequences M ∈ R( i )

×c

. Thirdly, the Local-LSTM recurrently memo-

ED

rizes long-period context information between spatial sequences and generates
n 2

outputs S ∈ R( i )

×c

. Finally, the Local-LSTM module adaptively upsamples
0

the outputs S into S ∈ Rn×n×c using two deconvolution layers. Accordingly,
Local-LSTM module has ( ni )2 LSTM units and c-dimensions cell state.

PT
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As illustrated in Fig. 4, each LSTM unit of the Local-LSTM module contains

CE

peephole connections that are capable of learning the fine distinction between
sequences and generating very stable sequences of high nonlinearity, which is
one popular LSTM variant introduced by Gers and Schmidhuber (2000). Each
LSTM unit also contains an input gate it , an output gate ot , an forget gate ft ,

AC
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and an memory cell mt , which allows the Local-LSTM module to learn when to
forget previous hidden state ct−1 and when to update current hidden states ct .

The connective mechanism of each LSTM unit is shown below:

14
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Local-LSTM Module
LSTM

LSTM
LSTM

…

…

…

…

Feature maps from
ACAE module

LSTM
Downsample

Upsample
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LSTM

Results of
Local-LSTM

Figure 3: Local-LSTM module has a top-down structure that is able to capture the spatial dynamics of neighboring spinal structures and memorize their long-period pathological
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correlations after taking the encoder results of ACAE module as input.

𝒎𝒕

𝒄𝒕−𝟏

𝒇𝒕

Peephole
Connection

σ
𝒙𝒕

ϕ

𝒄𝒕

𝒐𝒕
σ

𝒎𝒕

M

𝒎𝒕−𝟏

𝑖𝑡
σ

ϕ

it = σ(Wix xt + Wim mt−1 + Wic ct−1 + bi ),

(3)

ft = σ(Wf x xt + Wf m mt−1 + Wf c ct−1 + bf ),

(4)

ot = σ(Wox xt + Wom mt−1 + Woc ct−1 + bo ),

(5)

gt = ϕ(Wcx xt + Wcm mt−1 + bc ),

(6)

ct = ft

ct−1 + it

(7)

mt = ot

ϕ(ct ),
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PT

LSTM unit.

ED

Figure 4: An illustration of the various gates and peephole connections (in red color) of an

gt ,

(8)

where σ(·) and ϕ(·) are element-wise logistic sigmoid and hyper-bolic tangent

290

non-linearity functions respectively.

terms are element-wise products. W

terms denote weight matrices (e.g. Wf x is the matrix of weights from the forget
15
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gate to the input), Wic , Wf c , Woc are diagonal weight matrices for peephole
connections. The b terms denote bias vectors (e.g. bf is the forget gate bias
vector). gt is the cell input activation functions using ϕ(·). The equations
of 3, 4 and 5 efficiently do map the current input and previous hidden state
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to the input gate it , the forget gate ft and the output gate ot with peephole
connections. This strategy enables Local-LSTM module to adaptively control

the information flow, so that Local-LSTM module adaptively memorizes and
accesses spatial context of spinal structures in long term.
2.2.3. The CNN module of discriminative network

AN
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Ground truth map
512×512

M

Discriminative Network

ReLU

Conv1
7×7@32

ED

Predicted map
512×512

Conv2
7×7@64 Conv3
7×7@128

Average
Pooling
2×2, stride =2

Dropout
Rate = 0.6

or

Fully
Connection1
1×1@256

Fake or Real?

Fully
Connection2
1×1@1

CNN Module

CE

PT

Batch
Normalization

Figure 5: The CNN module of the discriminative network receives either the predicted maps
or ground truth maps and outputs a single scalar to discriminate it input whether fake or

AC

real. Its adversarial role eagerly boosts the segmentation network to look out mismatches in
a wide range of higher-order statistics, which prompt the global field-of-view and long-range
spatial contiguity.

Our CNN module extensively plays an adversarial role to prompt the global-

level field-of-view, convergence, and generalization of the segmentation network.
The CNN module enforces long-range spatial label contiguity, without adding
16
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complex post-processing (e.g. conditional Markov random fields) used at test
305

time (Luc et al., 2016). Our CNN module differs from existing ones because our
module integrates LSTM and atrous convolution into an end-to-end framework.
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As illustrated in Fig. 5, the CNN module of the discriminative network comprises of three convolutional layers with large kernels, three batch normaliza-

tions, three average pooling layers, and two fully connected layers with dropout.
310

In regard to training, the CNN module first receives either the predicted maps

from the segmentation network or the manual maps from ground truth, then
outputs a single scalar representing whether the input is from segmentation

AN
US

network or ground truth. When strong confrontation occurs, the discriminative
network eagerly prompts the segmentation network to look out mismatches in a
315

wide range of higher-order statistics between predicted segmentation maps and
ground truth.
2.3. Hybrid learning strategy

M

The learning strategy of Spine-GAN empirically has a stable performance
by combining the robust losses of the segmentation network and the discrimi-

ED

native network. To better understand the learning strategy of Spine-GAN, we
consider primary GAN (Goodfellow et al., 2014) first. According to the theory of two-player minimax game, the objective of primary GAN is to minimize

PT

the probability of the samples (generated by the generative network G) to be
recognized while maximizing the probability of the discriminative network D
making a mistake (Mahasseni et al., 2017), which is formulated as the following

CE

minimax optimization:
min max[Ey∼pdata (y) [log D(y)] + Ex∼px (x) [log(1 − D(G(x))]],
D

(9)

AC

G

where y ∼ pdata (y) denotes the true data samples, while D(y) represents the
probability that y came from the true data rather than generated (fake) data.

320

x ∼ px denotes the prior input noise of generative network, while G(x) represents
the newly generated data. However, how to train GANs more stably is an
ongoing question.
17
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In regard to our task, x ∼ px represents the clinical spinal MRIs, which are
the 512 × 512 × 1 matrices. y ∼ py represents the ground truth maps, which
325

have the same size as MRIs. The value of each pixel in ground truth denotes
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its class (seven class including background). When training, the discriminative
network D(·; θd ) simultaneously receives the segmentation maps generated by
the segmentation network S(x; θs ) and ground truth y. Specifically, D(·) denotes the probability of its inputs where are from, while S(x) represents the
330

generated segmentation maps. θs and θd denote the trainable parameters of the
segmentation network and the discriminative network respectively.

AN
US

Since our aim is to generate best segmentation maps and each point of maps

represents a radiological classification, Spine-GAN uses a hybrid loss function
that is a weighted sum of two terms comprising a segmentation loss and GAN
loss (Equation 9). To encourage the segmentation network generating best
segmentation maps and compel the discriminative network making mistakes,
the hybrid loss function L(θs , θd ) is defined as:

N
1 X
Lmcl (S(xn ), yn ) −λ[Lbcl (D(yn ), 1) + Lbcl (D(S(xn )), 0)].
{z
}
{z
}
|
N n=1 |

M

L(θs , θd ) =

Segmentation network

Discriminative network

ED

(10)

λ is set to one in order to maintain the balance of adversarial learning. The seg-

PT

mentation loss (Lmcl ) is a balanced multi-class cross-entropy loss which encourages the segmentation network to predict right pixel-wised class labels. Given a
dataset of N training MRIs xn with dimension of H × W × 1, and corresponding

CE

ground truth maps yn with dimension of H × W × 1 and C classes, the weighted

AC

multi-class cross-entropy loss is
Lmcl = −

H×W
X
i=1

eŷic 
wc yi log PC
,
ŷi·
c=1 e

where ŷ denotes predicted pixel-level results, wc =

PN

n=1 (H

(11)
× W )/Mc denotes

the c-th class’s weight, where Mc is the pixel amounts of the c-th class in training
dataset.

18
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The second term Lbcl is a binary cross-entropy loss which makes it hard for
the discriminative network to recognize whether its input has generated fake
maps or ground truth maps. The binary cross-entropy loss is

335

(12)
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Lbcl = −[z log ẑ + (1 − z) log(1 − ẑ)],

where z is the input labels (fake maps are zeros and ground maps are ones),
while ẑ are the single scalar of the output of the discriminative network.
2.4. Dynamic optimization algorithm

AN
US

Spine-GAN is efficiently optimized by a dynamic minimizing algorithm using

a suboptimal thinking, which stably boosts the convergence and generalization.
340

Specifically, minimizing Equation (10) can be decomposed into two subproblems with respect to optimizing the segmentation network and optimizing the
discriminative network respectively and simultaneously.

M

2.4.1. Optimizing the segmentation network

To trick the discriminative network, the segmentation network should gen-

ED

erate best segmentation maps that can not be distinguished. Therefore, optimizing the segmentation network is equivalent to update θs by
min

(13)

PT

θs

N
1 X
Lmcl (S(xn ), yn ) − Lbcl (D(S(xn )), 0).
N n=1

Following Goodfellow et al. (2014); Radford et al. (2015); Luc et al. (2016),

CE

−Lbcl (D(S(xn )), 0) is replaced by Lbcl (D(S(xn )), 1), which leads to a stronger
gradient signal when the discriminative network accurately predicts xn such

AC

that speeds up training. Therefore, Eq.(13) is changed to
min
θs

N
1 X
Lmcl (S(xn ), yn ) + Lbcl (D(S(xn )), 1),
N n=1

(14)

where yn is after one-hot coding with the dimension of H × W × C consisting

345

of zeros and ones (i.e. true class places are 1, others are 0).
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2.4.2. Optimizing the discriminative network
To guarantee the adversarial strength, optimizing the discriminative network
is equivalent to update θd by

θd

N
1 X
Lbcl (D(yn ), 1) + Lbcl (D(S(xn )), 0),
N n=1
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min

(15)

where yn is after weighted one-hot coding consisting of τ and ones (i.e. true
class places are 1 − τ , the others are τ ). In our task, τ is set to 0.01 after

cross-validation, which can prevent the discriminative network to distinguish
the ground truth maps easily when it detects its input maps consisting of zeros.
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2.4.3. Global optimization of Spine-GAN

To ensure that the discriminative network is functioning, the weights of both
θs and θd are initialized with Xavier initialization (Glorot and Bengio, 2010)
without pre-training. Two types of optimizers are implemented on each net355

work respectively. The first optimizer employed in the segmentation network

M

is RMSProp algorithm (Tieleman and Hinton, 2012) with exponential decay
based learning rate η1 . The second optimizer employed in the discriminative

ED

network is Adam algorithm (Kingma and Ba, 2014) with fixed learning rate η2 .
Considering the task of the segmentation network is harder than the discrimi360

native network, the initial learning rate η1 of RMSProp is set to 0.01, while the

PT

fixed learning rate η2 of Adam is 0.001. Based on these settings, the dynamic

CE

minimizing suboptimal method implementation is shown in Algorithm 1.

3. Data and Experiment

AC

3.1. Data

365

The proposed Spine-GAN has been intensively evaluated on a challenging

dataset which includes 253 multicenter clinical patients. Average years of patient age is 53±38 with 147 females and 106 males. Since these multicenter

patients are examined by different models of vendors, their MRI scans have different parameters. The range of repetition time is from 380 ms to 4,000 ms with
20
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Algorithm 1 Spine-GAN optimization
Input: A dataset of N training MRI x; Ground truth maps y; Class balanced

weights W ; The loss balanced weight λ; Learning rates η1 , η2 ; Mini-batch
size n; Maximum epochs M ;

AN
US

Output: Learned parameters {θs , θd } within checkpoints;
1:

Initialize all parameters {θs , θd } randomly and construct model graph;

2:

for step in

MN
n

do

xn , yn ← fed mini-batch n from shuffled training dataset;

4:

/* The forward propagation of S(xn ): */

5:

en = encoder(xn );

6:

lstmn = Local-LST M (en );

7:

S(xn ) = decoder(lstmn );

8:

/* The forward propagation of D(·): */

9:

D(S(xn )) = CN N (S(xn ));

ED

M

3:

D(yn ) = CN N (yn );

11:

/* The backward propagation for S(xn ): */

12:

+

θs ←
− −η1 O(Lmcl (S(xn ), yn ) + Lbcl (D(S(xn )), 1))
/* The backward propagation for D(·): */

CE

13:

PT

10:

14:

end for

AC

15:

+

θd ←
− −η2 O(Lbcl (D(yn ), 1) + Lbcl (D(S(xn )), 0))

21

ACCEPTED MANUSCRIPT

370

mean of 1,529 ms; echo time from 8.144 ms to 151 ms with mean of 38.35 ms under a magnetic field length of 1.5 T; slice thickness from 0.879 mm to 4 mm with
mean of 3.14 mm; and in-plane pixel spacing from 0.38 mm × 0.38 mm to 0.86
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mm × 0.86 mm with mean of 0.56 mm × 0.56 mm. Among sequential T1/T2weighted MRI scans of each patient, one lumbar middle scan was selected to
375

better present neural foramen, discs, and vertebra simultaneously in the sagittal

direction. So the dataset comprises 253 lumbar scans from 253 patients and no
patient is placed in both sets of training and testing. The dataset has 1779

neural foramen (738 normals, 1041 abnormals), 1818 discs (623 normals, 1195

380

AN
US

abnormals), and 1746 lumbar vertebrae (1058 normals, 678 abnormals). The

segmentation ground truth is labeled by our lab tool according to the clinical
criterion. The ground truth of classification was annotated by extracting from
clinical reports of spinal surgery, which are double-checked by two experienced
spinal radiologists. In regard to neural foramen classification, normal neural
foramen refer to the absence of foraminal stenosis, while abnormal neural foramen refer to mild or severe foraminal stenosis showing perineural fat obliteration

M

385

in vertical and/or transverse directions without or with morphologic changes.

ED

In regard to intervertebral disc classification, normal discs refer the absence of
deformation and degeneration, while abnormal discs refer to the appearance of
either deformation or degeneration; In regard to vertebrae classification, normal vertebrae refer the absence of osteoarthritic changes in the facet joints and

PT

390

cephalad subluxation of the superior articular process of the inferior vertebra,

CE

while abnormal vertebrae refer the appearance of either osteoarthritic changes
in the facet joints or cephalad subluxation of the superior articular process.

AC

3.2. Configuration

395

Standard five-fold cross-validation is employed for performance evaluation

and comparison. Since the number of the dataset is limited, we did not divide
it into training, validation and testing sets directly. Following the standard fivefold cross-validation, the original dataset is randomly partitioned into five equal
size sub-datasets. Of the five sub-datasets, a single sub-dataset is retained as
22
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the testing data for testing the model, and the remaining four sub-datasets are
used as training data. When training five same models, we choose the same
training epochs to save the trained models and which is used to evaluate the
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performance. The five results from the folds can then be averaged to produce a
single result. The advantage of this method is that all observations are used for
405

both training and testing, and each observation is used for testing exactly once.

Spine-GAN directly handles clinical MRIs without any pre/post-processing and
data augmentation. In terms of RMSProp optimizer, decay is 0.9, momentum

is 0.9, and  is 1e-10. In terms of Adam optimizer, β1 is 0.9, β2 is 0.999, and

410
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 is 1e-08. The Spine-GAN is implemented on Python 2.7 and Tensorflow 1.2
library (Abadi et al., 2016). Mini-batch size is 4 and training epochs is 300
using one Nvidia GPU Titan X with cuDNN v5.1 and Intel CPU Xeon(R) E52620@2.5GHz.
3.3. Evaluation criteria

M

Pixel-level accuracy, Dice coefficient, Specificity, and Sensitivity are adopted
for demonstrating the advantages of Spine-GAN. The segmentation and radio-

ED

logical classification of one spinal structure is correct if this structure is pixelwisely segmented and classified correctly. Average pixel-level accuracy is defined

PT

as

Pa =

N
C
1 X X pc
,
N C n=1 n=1 Pc

(16)

where N is the number of testing samples, C is the number of class, pc denotes

CE

the amount of right classified pixels of class c while Pc denotes all pixels of class

AC

c. Dice coefficient of one class c is defined as
Dsc =

2T Pc
,
2T Pc + F Pc + F Nc

(17)

where T Pc is the true positives of class c, while F Pc and F Nc are false posi-

415

tives and false negatives of class c respectively. Dice coefficient, Specificity, and
Sensitivity are standard metrics computed on pixel-level confusion matrix.
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3.4. Experimental design
Extensive experiments are conducted to validate the effectiveness of our
Spine-GAN from the following aspects.
Firstly, comprehensive performance evaluation of Spine-GAN is conducted

CR
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420

on the semantic segmentation of neural foramen, intervertebral discs, and vertebrae with our dataset following the standard five-fold cross-validation protocol.

Secondly, the advantages of the segmentation network and the discriminative
network of Spine-GAN are extensively analyzed with ablation experiments fol425

lowing the same five-fold cross-validation protocol. First, with and without the

AN
US

CNN modules (as ACAE+LSTM) are investigated for demonstrating their important adversarial ability. Second, with and without the Local-LSTM modules
(as ACAE+CNN) are investigated for proving their strengths in spatial pathological correlation modeling ability. Third, both CNN module and Local-LSTM
430

module are removed (as ACAE) for proving the abilities of ACAE module also
the necessity of the end-to-end integration of proposed three modules. When the

M

CNN module is removed, the weighed multi-class cross-entropy loss described
in Eq. 11 is used for the experimental comparisons.

435

ED

Finally, inter-comparisons are conducted to demonstrate the strengths of
Spine-GAN. Four other popular segmentation networks are examined with the
same five-fold cross-validation protocol. The first one is U-Net proposed by Ron-

PT

neberger et al. (2015) for biomedical image segmentation, which has 19 convolution layers, 4 up-convolution layers, and 4 max-pooling layers 4 . The second one

CE

is the Fully convolutional network (FCN) proposed by Shelhamer et al. (2017)
440

for natural image segmentation. Its FCN-VGG16 version is used for comparison
with Spine-GAN. The deconvolution layers of FCN-VGG16 are initialized by bi-

AC

linear upsampling and its weights initialization uses VGG weights as original
paper 5 . The third one is DeepLabv3+ model (Chen et al., 2018), which extends
DeepLabv3 (Chen et al., 2017) by adding a simple yet effective decoder module
4 U-Net:
5 FCN:

https://lmb.informatik.uni-freiburg.de/people/ronneber/u-net/
https://github.com/shelhamer/fcn.berkeleyvision.org
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445

to refine the segmentation results. The forth one is SegNet (Badrinarayanan
et al., 2015b). The four networks are implemented by ourselves on Tensorflow
strictly following the original papers using the same number of training batch
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and training epochs as Spine-GAN.
4. Result and Analysis
4.1. Comprehensive analysis
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Figure 6: Spine-GAN has achieved reliable performance in the semantic segmentation of neural
foramen, intervertebral discs, and vertebrae, which demonstrate it is a great tool for clinical
settings. Color bars represent: 0:background; 1:normal vertebrae; 2:LVD; 3:normal
disc; 4:IDD; 5:Normal foramen; 6:NFS (Best in color).

As shown in Fig. 6 and Table 1, the effectiveness, and advantages of SpineGAN have been demonstrated. Spine-GAN has simultaneously achieved accu25
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Table 1: Spine-GAN (ACAE+LSTM+CNN) has superior segmentation and radiological classification effectiveness demonstrated by inter-comparisons and intra-comparisons.

Dice coefficient

Specificity

Sensitivity

FCN

0.917±0.004

0.754±0.033

0.754±0.035

0.712±0.032

SegNet

0.945±0.002

0.760±0.032

0.795±0.043

0.719±0.024

DeepLab v3+

0.953±0.001

0.812±0.021

0.799±0.035

0.827±0.017

U-Net

0.920±0.004

0.797±0.013

0.816±0.027

0.770±0.026

ACAE

0.958±0.002

0.841±0.013

0.862±0.018

0.823±0.024

ACAE+LSTM

0.959±0.002

0.848±0.009

0.865±0.021

0.837±0.025

ACAE+CNN

0.960±0.004

0.863±0.006

0.873±0.015

0.855±0.027

Spine-GAN

0.962±0.003

0.871±0.004

0.891±0.017

0.860±0.025
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Pixel accuracy
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Method

rate segmentation, precise radiological classification of neural foramen, intervertebral discs, and vertebrae. This is beneficial to clinical treatment processes
455

such as therapeutic schedules, surgery plans and etc. For instance in Fig. 6(b),
Spine-GAN automatically presents that the pathogenic factors of the abnormal

M

neural foramina (NFS) between L4-L5 are its surrounding L5 vertebra (LVD),
L4-L5 intervertebral disc (IDD). Also in Fig. 6(c), Spine-GAN rightly presents

460

ED

that the abnormal L5 vertebra is the pathogenic factor of the L4-L5 IDD and
the L4-L5 NFS. In terms of the prediction and prevention of spinal diseases, as
shown in Fig. 6(a), Spine-GAN precisely presents that the intervertebral discs at

PT

T12-L1, T11-L2, and T10-T11 not only caused deformed vertebra but also indicate that scoliosis or spondylolisthesis may occur in the future. Even both the

CE

weak spatial correlations between three diseases and various spine structures
465

lead to unusual difficulties, Spine-GAN obtains accurate performance which
demonstrates its strengths in addressing the spatial pathological correlations

AC

and high structures variability.
4.2. Modules analysis by intra-comparison

470

As shown in Fig. 7 and Table 1, 2, 3 (from 4th row to 7th row), the three

modules endow Spine-GAN a superior performance for the segmentation and
radiological classification of intervertebral discs, neural foramen, and verte26
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Figure 7: Spine-GAN shows superior performance in the semantic segmentation when compared with its ablated versions after removing Local-LSTM modules or/and CNN modules.

brae. As a baseline, Spine-GAN on average achieves 96.02%±0.3 pixel accuracy, 87.01%±1.00 Dice coefficient, 89.10%±1.70 Specificity, and 86.00%±1.70
Sensitivity. After only preserving the ACAE module, pixel accuracy and Dice
coefficient are 95.8%±0.2 and 84.1%±1.3 decreased by 0.4% and 3.0% respec-

M

475

tively. This not only demonstrates the effectiveness of Local-LSTM module,
CNN module but also proves that the ACAE module is capable of obtain-

ED

ing deep semantic representation and preserving fine-grained detailed differences between normal and abnormal structures. Then, after removing the CNN
module without generative adversarial training, pixel accuracy and Dice coeffi-

PT
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cient are 95.9%±0.2 and 84.8%±0.9, a decrease of 0.3% and 2.3% respectively,
which demonstrates the CNN module can effectively correct the errors of se-

CE

mantic segmentation. Finally, after removing Local-LSTM module, Specificity
and Sensitivity are 87.3%±0.02 and 85.5%±0.03, a decrease of 1.8% and 0.5%
respectively, which demonstrates the capability of Local-LSTM module in mod-

AC
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eling spatial pathological correlations between surrounding abnormal structures.
Representative feature maps in Fig. 8 is better to demonstrate the ability of
the Local-LSTM module intuitively. Moreover, in regard to radiological classification, Spine-GAN also achieves higher Specificity and Sensitivity than its

490

ablated versions. Therefore, the combination of ACAE module, Local-LSTM
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module, and CNN module makes Spine-Gan an efficient and reliable resolution
for the semantic segmentation of multiple spinal structures.
Regard to the Local-LSTM module, since it is true that the output of en-

495

CR
IP
T

coder network is divided into smaller parts and fed into LSTM sequentially, the
order and the size of parts will affect the performance on the semantic segmentation of multiple spinal structures. We, therefore, conducted several compared
experiments in terms of different orders and sizes. Firstly, the order of the part
of our final network is from top left to bottom right (top-down) as illustrated in

Fig.3. The reason for determining this order is that spinal structures inherently
have the top-down spatial correlation, which can be used for LSTM to learn the

AN
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500

prior knowledge to improve the semantic segmentation performance. We have
conducted three compared experiments in terms of top-down, down-top, and
bidirectional orders. The result has demonstrated that the top-down achieved
the best performance as shown in Table 4. Secondly, the size of each part is 4×4.
505

The reason of determining the size is that We find that 4×4 is most suitable

M

to the size of receptive fields of each filter of the convolutional layer at the former of Local-LSTM module, after we made a statistics of the real size of spinal

ED

structures on MR image, and computed the receptive field of each filter of the
former convolutional layer. We have conducted three compared experiments in
510

the size of 2×2, 4×4, and 8×8. The result has demonstrated that the 4×4 size

PT

achieved the best performance as shown in Table 4.
Table 2: Spine-GAN shows superior segmentation effectiveness demonstrated by the pixel-

CE

level Dice coefficient of normal and abnormal spinal structures from inter-comparisons and
intra-comparisons.

AC

Method

Dice coefficient
Normal vertebrae

LVD

Normal disc

IDD

Normal foramen

NFS

FCN

0.870±0.017

0.701±0.046

0.730±0.055

0.725±0.070

0.785±0.039

0.711±0.018

SegNet

0.889±0.009

0.760±0.023

0.695±0.019

0.776±0.014

0.756±0.037

0.684±0.021

DeepLabv3+

0.895±0.012

0.765±0.036

0.746±0.035

0.824±0.060

0.833±0.042

0.808±0.013

U-Net

0.878±0.007

0.726±0.036

0.772±0.025

0.803±0.020

0.821±0.017

0.782±0.010

ACAE

0.917±0.009

0.799±0.026

0.809±0.028

0.839±0.011

0.863±0.029

0.815±0.019

ACAE+LSTM

0.918±0.010

0.803±0.015

0.817±0.012

0.845±0.013

0.868±0.022

0.825±0.020

ACAE+CNN

0.929±0.010

0.807±0.015

0.835±0.021

0.857±0.015

0.887±0.009

0.854±0.014

Spine-GAN

0.930±0.011

0.810±0.016

0.840±0.026

0.873±0.011

0.900±0.011

0.870±0.018
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Table 3: Spine-GAN shows superior radiological classification effectiveness demonstrated by
the pixel-level Specificity and Sensitivity of three spinal diseases from inter-comparisons and
intra-comparisons.
Method

Specificity

Sensitivity

IDD

NFS

LVD

IDD

NFS

FCN

0.875±0.025

0.638±0.072

0.745±0.041

0.737±0.085

0.726±0.039

0.672±0.029

SegNet

0.906±0.002

0.731±0.012

0.746±0.015

0.738±0.017

0.755±0.032

0.662±0.022

DeepLabv3+

0.894±0.010

0.717±0.027

0.786±0.035

0.761±0.020

0.852±0.025

0.865±0.012

U-Net

0.889±0.042

0.746±0.031

0.814±0.057

0.729±0.079

0.811±0.049

0.769±0.060

ACAE

0.907±0.027

0.810±0.039

0.867±0.032

0.817±0.070

0.844±0.027

0.821±0.027

ACAE+LSTM

0.909±0.027

0.818±0.055

0.870±0.032

0.822±0.079

0.854±0.025

0.829±0.026

ACAE+CNN

0.918±0.019

0.804±0.028

0.893±0.020

0.830±0.080

0.869±0.029

0.856±0.039

Spine-GAN

0.921±0.020

0.844±0.063

0.907±0.047

0.831±0.084

0.871±0.029

0.876±0.029
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LVD

4.3. Superior analysis by inter-comparison

The inter-comparison results in Table 1, 2, 3 (from 2nd row to 3rd row) reveal the great advantages of Spine-GAN as well as its hybrid learning strategy
515

and dynamic optimization algorithm. When compared with existing segmenta-

M

tion network as shown in Fig. 9, Spine-GAN significantly outperforms the FCN
network by 4.5% pixel accuracy and 11.7% average Dice coefficient. FCN gets

ED

91.7%±0.4 pixel accuracy and 75.4%±3.3 average Dice coefficient. Also, SpineGAN outperforms the U-Net network by 4.2% pixel accuracy and 7.4% average
520

Dice coefficient. U-Net obtains 92.0%±0.4 pixel accuracy and 79.7%±1.3 aver-

PT

age Dice coefficient. In regard to radiological classification, Spine-GAN achieves
more higher Specificity and Sensitivity than U-Net and FCN. Spine-GAN also
has fewer parameters than FCN and U-Net, which effectively decreases the test

CE

time in practice. Specifically, Spine-GAN only has 104M parameters, while FCN

525

has 134M parameters and U-Net has 268M parameters. Therefore, Spine-GAN

AC

enjoys strong superiority of prediction performance and application ability in
the computer-aided diagnosis of spinal diseases.
5. Conclusion and Discussion
Automated semantic segmentation of multiple spinal diseases in one shot
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has been achieved by the innovative Recurrent Generative Adversarial Network
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Figure 8: The feature maps generated after the Local-LSTM module shows the superior

ED

representative ability of the Local-LSTM for modeling spatial correlations between vertebrae,
intervertebral disc, and neural foramen when compared with feature maps generated without
Local-LSTM module and before Local-LSTM module, respectively. These feature maps are

PT

randomly selected from the same channels and comparable layers.

Spine-GAN, which is helpful for clinical pathogenesis-based diagnosis of spinal

CE

diseases. Spine-GAN combines the advantages of the powerful atrous convolution and autoencoder for semantic fine-grained representation, leverages the specialty of LSTM for modeling spatial pathological relationship among abnormal
spinal structures, and also depends on an auxiliary CNN module for correcting

AC
535

predicted errors. When validated on spinal MR images of 253 patients, SpineGAN achieved accurate segmentation, radiological classification, and pathological correlations representation of three types of spinal diseases. Specifically,
Spine-GAN has achieved the pixel accuracy of 96.2 %, which demonstrates that
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Figure 9: Spine-GAN shows the best performance for the segmentation and radiological classification of intervertebral discs, neural foramen, and vertebrae when compared with popular
segmentation networks FCN and U-Net.

Table 4: The inter-comparison at different parameters of the Local-LSTM module.

down-top

0.959±0.008

Dice coefficient

Specificity

Sensitivity

0.861±0.004

0.888±0.015

0.846±0.024

bidirectional

0.961±0.002

0.855±0.004

0.888±0.015

0.848±0.024

top-down

0.962±0.003

0.871±0.004

0.891±0.017

0.860±0.025

2×2

0.959±0.003

0.867±0.002

0.876±0.018

0.853±0.023

8×8

0.960±0.003

0.867±0.003

0.886±0.015

0.852±0.024

4×4

0.962±0.003

0.871±0.004

0.891±0.017

0.860±0.025
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Pixel accuracy

ED

Order

Method

M

parameter

our system can provide a very visual presentation for clinical application. Spine-

CE

GAN has also achieved 89.1 % specificity and 86 % sensitivity on both three
types of spinal structures simultaneously, which demonstrates that our system
is capable of assisting clinicians to improve the diagnosis efficiency. This newly-

AC

proposed automated framework has paved a great way for automated spinal
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disease’s computer-aided diagnosis and can be adapted to other organs’ semantic segmentation.
The limitations of our work have mainly two aspects: 1) this task only
achieves segmentation and classification of spinal structures, which cannot real-
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ize the human understanding of MR images. One future work accordingly is to
550

realize clinical radiological report generation to directly help clinicians to improve their diagnosis efficiency. 2) The method of this paper has certain space

framework, which should be another future work.
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Krämer, G., 1983. Whiplash injuries of the cervical spine. pathogenesis of cerebral involvement and persistent post-traumatic disorders. Die Medizinische
Welt 34, 1134–1140.

36

ACCEPTED MANUSCRIPT

685

Krause, J., Johnson, J., Krishna, R., Fei-Fei, L., 2017. A hierarchical approach
for generating descriptive image paragraphs, in: The IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).

CR
IP
T

Lee, S., Lee, J.W., Yeom, J.S., Kim, K.J., Kim, H.J., Chung, S.K., Kang, H.S.,
2010. A practical mri grading system for lumbar foraminal stenosis. American
Journal of Roentgenology 194, 1095–1098.

690

Liang, X., Shen, X., Feng, J., Lin, L., Yan, S., 2016a. Semantic object parsing

with graph lstm, in: European Conference on Computer Vision, Springer. pp.

AN
US

125–143.

Liang, X., Shen, X., Xiang, D., Feng, J., Lin, L., Yan, S., 2016b. Semantic
object parsing with local-global long short-term memory, in: Proceedings

695

of the IEEE Conference on Computer Vision and Pattern Recognition, pp.
3185–3193.

M

Liu, W., Rabinovich, A., Berg, A.C., 2015. Parsenet: Looking wider to see
better. arXiv preprint arXiv:1506.04579 .
Luc, P., Couprie, C., Chintala, S., Verbeek, J., 2016. Semantic segmentation

ED

700

using adversarial networks. arXiv preprint arXiv:1611.08408 .
Mahasseni, B., Lam, M., Todorovic, S., 2017. Unsupervised video summariza-

PT

tion with adversarial lstm networks, in: The IEEE Conference on Computer
Vision and Pattern Recognition (CVPR).
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