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a b s t r a c t 

As a common disease in the elderly, neural foramina stenosis (NFS) brings a significantly negative impact 

on the quality of life due to its symptoms including pain, disability, fall risk and depression. Accurate 

boundary delineation is essential to the clinical diagnosis and treatment of NFS. However, existing clin- 

ical routine is extremely tedious and inefficient due to the requirement of physicians’ intensively man- 

ual delineation. Automated delineation is highly needed but faces big challenges from the complexity 

and variability in neural foramina images. In this paper, we propose a pure image-driven unsupervised 

boundary delineation framework for the automated neural foramina boundary delineation. This frame- 

work is based on a novel multi-feature and adaptive spectral segmentation (MFASS) algorithm. MFASS 

firstly utilizes the combination of region and edge features to generate reliable spectral features with 

a good separation between neural foramina and its surroundings, then estimates an optimal separation 

threshold for each individual image to separate neural foramina from its surroundings. This self-adjusted 

optimal separation threshold, estimated from spectral features, successfully overcome the diverse appear- 

ance and shape variations. With the robustness from the multi-feature fusion and the flexibility from 

the adaptively optimal separation threshold estimation, the proposed framework, based on MFASS, pro- 

vides an automated and accurate boundary delineation. Validation was performed in 280 neural foramina 

MR images from 56 clinical subjects. Our method was benchmarked with manual boundary obtained by 

experienced physicians. Results demonstrate that the proposed method enjoys a high and stable consis- 

tency with experienced physicians (Dice: 90.58% ± 2.79%; SMAD: 0.5657 ± 0.1544 mm). Therefore, the 

proposed framework enables an efficient and accurate clinical tool in the diagnosis of neural foramina 

stenosis. 

© 2016 Elsevier B.V. All rights reserved. 
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1. Introduction 

Neural foramina stenosis (NFS) is defined as the reduced space

of neural foramina ( Fig. 1 (a)), caused by the abnormality of the

spine ( Merckaert et al., 2015; Torun et al., 2008 ). As an extensive

problem in the elderly, its annoying symptoms (e.g., pain, disabil-

ity, fall risk and depression) have a significantly negative impact on

people’s life ( Backstrom et al., 2011 ). Take pain as an example, each

year more than 20 0,0 0 0 patients in the US suffer from lower back

pains ( Barolat et al., 2001; Rajaee et al., 2012 ). Accurate delineation

of neural foramina is essential to clinical diagnosis of NFS ( Attias

et al., 2006; Inufusa et al., 1996; Lee et al., 2010; Stephens et al.,

1991; Bartynski and Lin, 2003 ). However, existing methods, relying

on physicians’ manual delineation, is a highly laborious task and
∗ Corresponding author. 

E-mail addresses: hy.zhang@siat.ac.cn (H. Zhang), slishuo@gmail.com (S. Li). 

t  

r  

g  

http://dx.doi.org/10.1016/j.media.2016.10.009 

1361-8415/© 2016 Elsevier B.V. All rights reserved. 
rone to inter- and intra-user variability. Therefore, an automated

elineation is strongly desirable to improve the efficiency and con-

istency of clinical practice. 

However, the technical implementation of an automatic delin-

ation is extremely challenging for neural foramina images, due to

he following complexity and variability (shown in Fig. 1 (b)–(d)):

1) substantially different shape variability within and across indi-

iduals ( Torun et al., 2006 ); (2) noisy intensity profile disturbance

 Cinotti et al., 2002 ); (3) missing edges ( Stephens et al., 1991 ). 

Each of these characteristics poses a big challenge for conven-

ional segmentation methods: (1) the great variations in bound-

ry shapes make the model-based approaches impractical due to

he huge difficulty in building a suitable common shape model

 Milborrow and Nicolls, 2008; Abd El Munim et al., 2005 ); (2)

he local intensity disturbance from the surroundings makes the

egion-based methods wrongly converge to the surroundings’ re-

ion, not the interested neural foramina region; (3) many gaps in

http://dx.doi.org/10.1016/j.media.2016.10.009
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2016.10.009&domain=pdf
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Fig. 1. The anatomy of neural foramina (a) and the challenges: inter- and intra-subject variations (b), noisy intensity disturbance (c), missing edges (d). 
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eural foramina’s edge make the edge-based methods leak the true

oundary parts ( Elnakib et al., 2011; Kass et al., 1988 ). Most seri-

usly, these characteristics always coexist so that the desired auto-

ated delineation faces much bigger difficulties. 

In this paper, we propose a novel unsupervised delineation

ramework for the automated and accurate neural foramina delin-

ation. Here, the unsupervised term, following the standard defi-

ition of the machine learning community, signifies that the pro-

osed framework removes the reliance on the intensive training

et and preserves the diversity of boundary shapes. Its implemen-

ation is based on a novel multi-feature and adaptive spectral seg-

entation (MFASS) algorithm, which utilizes discriminative spec-

ral features and the estimated optimal segmentation threshold

o separate neural foramina from its surroundings. To be specific,

1) discriminative spectral features, derived from the combination

f region and edge feature embedded in MFASS, provide a good

eparation between neural foramina and its surroundings; (2) the

ptimal segmentation threshold, estimated from a new automatic

luster number estimation algorithm embedded in MFASS, pro-

ides the flexibility in dealing with the diversity of appearance

nd boundary shapes. Hence, neural foramina is separated from

ts surroundings by MFASS so that the desired boundary is natu-

ally delineated, in the automated, accurate, and robust way. With

ur framework, the efficiency in clinically diagnosing NFS can be

reatly improved. 

Our framework includes the following three important advan-

ages: 

 

 

• Fully data-driven way: it directly obtains the delineation of

neural foramina from the input neural foramina images, no

training phase or training sets (composed by a large amount

of manually delineated images) are needed. 
• Robustness: it is robust to disturbances from the unclear

boundary and similar surroundings’ intensity by leveraging the

fusion of region and edge features. 
• Flexibility: it adapts the various boundary shapes within and

across different individuals by automatically estimating an op-

timal cluster number for each input image. 

. Method overview 

The overview consists of three consecutive steps (as shown in

ig. 2 ): 

ROI selection Following the standard clinical protocol ( Poitout,

2004; Pipat, 2012; Attias et al., 2006 ), a simple and highly

repeatable ROI selection procedure (see Fig. 3 ) is utilized to

focus our attention on the interested neural foramina. This

ROI selection includes two steps: 1) two landmarks inputs;

2) automated ROI extraction. Here, these two landmarks are

respectively the middle point of the upper pedicle and the

lower pedicle; the extracted ROI is a square region with

its center in the middle of the selected landmarks, and its

size 1.5 times as large as the distance between landmarks.

This selection procedure has high repeatability, is very sim-

ple to proceed in the clinical environment, and satisfies the
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Fig. 2. The proposed unsupervised boundary delineation framework. 
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standard clinical protocol ( Poitout, 2004; Pipat, 2012; Attias

et al., 2006 ). 

Optimal region partition by MFASS We propose MFASS (the

dotted box in Fig. 2 ) to achieve an optimal region partition

of the input ROI. MFASS is utilized as the core part of our

unsupervised boundary delineation framework. To separate

neural foramina from ROI, MFASS utilizes the combination

of region and edge cue embedded to enlarge the inter-region

difference between neural foramina and its surroundings, si-

multaneously with a dynamically optimal cluster number to

deal with the diversity of boundary shapes and local inten-

sity disturbance. The detailed implementation of MFASS is

listed in Section 3 . 

Delineation We utilize a simple but efficient delineation algo-

rithm to extract the desired boundary from the partitioning

regions. It includes two steps: 1) use the region label indi-

cated by the central pixel of ROI to extract neural foram-

ina region; 2) use the Moore-Neighbor tracing algorithm

( Berezsky and Bat’ko, 2006; Gonzalez et al., 2004 ) to trace

the desired boundary of the extracted neural foramina re-

gion. Fig. 4 is an illustration of boundary delineation. 

3. Optimal region partition by MFASS 

In the following, we will first present the implementation of

optimal region partition performed by MFASS, and then detail two

creatively technical contributions of MFASS. 
.1. Implementation of optimal region partition 

For an input ROI image I with N pixels, the task of automated

elineation is defined as the problem of partitioning the N pixel set

 = { I 1 , . . . , I N } into disjoint subsets V 1 , . . . , V k . Here, each subset is

alled a cluster in MFASS, and corresponds to one region in image

 . Correspondingly, the value of k simultaneously denotes the clus-

er number of MFASS and the segmentation threshold to separate

eural foramina from its surroundings. 

The objective function, based on the NCut criterion ( Shi and

alik, 20 0 0 ), is defined as: 

max 
 1 , ... ,X k 

k ∑ 

l=1 

(X 

T 
l LX l ) (1)

.t. X l ∈ { 0 , 1 } N , X 

T 
l X l = I, l = 1 , . . . , k 

here, X l ∈ {0, 1} N is a region indicting vector with X l (i ) = 1 if

ixel I i belongs to region V l and 0 otherwise. I is identity ma-

rix, normalized affinity matrix L = D 

− 1 
2 AD 

− 1 
2 is a symmetric ma-

rix, A = (A i j ) measures the likelihood of pixel i and j belonging to

he same image region, and D is a diagonal matrix called degree

atrix where D ii = 

∑ 

j A i j . 

The detailed implementation of Eq. (1) by MFASS is listed by

he pseudocode in Algorithm 1 . It consists of the following three

teps (as shown in the dotted box in Fig. 2 ): 

1. Normalized affinity matrix construction: This step constructs

the normalized affinity matrix L ∈ R N × N of an image I n ×n , (N =
n 2 ) by a newly proposed robust pairwise pixel similarity defini-
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Fig. 3. Automated ROI selection with two anatomical landmarks. (a) choose two landmarks: one is the middle point of the upper pedicle, the other is the middle point of 

the lower pedicle; (b) extract ROI with the central point of these two landmarks as the center. 

Algorithm 1: Optimal region partition by MFASS. 

Input : An image I = { I 1 , . . . , I N } with N pixels 

Output : The partitioning non-overlapping regions 

I = V 1 ∪ V 2 ∪ . . . ∪ V k 
1 Form affinity matrix A ∈ R N×N = (A i j ) for image I,here A i j is 

computed by a new designed pairwise pixels’ similarity 

definition in Section 3.2.1 ; 

2 Compute the diagonal matrix D ii = 

∑ 

j A i j and normalized 

affinity matrix L = D 

− 1 
2 AD 

− 1 
2 ; 

3 Solve a standard eigenvalue problem of LY = λY ; 

4 Estimate the optimal cluster number K using a newly 

proposedestimation algorithm in Section 3.2.2 ; 

5 Select the K eigenvectors Y 1 , . . . , Y K corresponding to the K 

largest eigenvalues, and form the matrix ˆ Y ∈ R N×K containing 

the eigenvectors Y 1 , . . . , Y K as the columns vectors; 

6 Form the matrix T ∈ R N×K from 

ˆ Y by normalizing the rows to 

norm 1, that is set t i j = y i j / ( 
∑ 

j y 
2 
i j 
) 1 / 2 ; 

7 Assign X l (i ) = 1 if and only if the i th row of the matrix T as 

a point in spectral space was assigned to label l by k-means, 

here, X l ∈ { 0 , 1 } N is a indicting vector of region V l ; 

8 Partition pixel I i into region V l if and only if X l (i ) = 1 ; 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tion ( Section 3.2.1 ). L is a symmetric matrix encoding the local

and global similarity of each pixel in image: 1) local similarity:

the element in the i th row and the j th column of L records the
similarity between the i th pixel I i and the j th pixel I j ; 2) global

similarity: the i th row of L depicts which pixels in images is

similar and dissimilar with pixel I i . Hence, L utilizes the similar-

ity among pixels to capture the hidden region feature which is

the sharing feature (called spectral feature) among similar pix-

els. 

2. Spectral features decomposition: This step uses eigen-

decomposition of the constructed matrix L to relax the NP-hard

optimal problem described in Eq. (1) ( Shi and Malik, 20 0 0;

Kong et al., 2013; Von Luxburg, 2007 ). Specifically, the opti-

mization of Eq. (1) is transformed into finding the k largest

eigenvectors of matrix L , corresponding to the k largest eigen-

values λ1 ≥ · · · ≥ λk : 

max 
Y 1 , ... ,Y k 

k ∑ 

l=1 

(Y T l LY l ) (2) 

s.t. Y l ∈ R 

N , Y T l Y l = I, l = 1 , . . . , k 

As an approximation of normalized affinity matrix L , these k

mutually orthogonal eigenvectors respectively store feature in-

formation from different underlying regions of the image. For

the newly matrix ˆ Y ∈ R N×k with { Y 1 , . . . , Y k } as columns, its

i th row is the spectral feature of the i th pixel. With these

new spectral features, pixels from the same region enjoy the

high cosine similarity, and pixels from different regions have

the lowest cosine similarity owing to their mutual orthogo-

nality. Here, the optimal cluster (region) number k , ensuring

the separation between neural foramina and its surroundings,
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Fig. 4. The illustration of boundary delineation. (a) four ROI images; (b) optimal region partition result (the automatically estimated cluster number k = 5 3 5 7); (c) binary 

mask of region around center; (d) delineation result. 
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a  

t  

t  
is automatically estimated by a newly proposed algorithm in

Section 3.2.2 . 

3. Spectral features clustering: This step uses k-means clustering

of new pixels’ spectral features to partition pixels into k re-

gions. As the standard way of spectral clustering ( Von Luxburg,

20 07; Cour et al., 20 05 ), the goal of this step is to re-convert

the real valued solution { Y 1 , . . . , Y k } in Eq. (2) to a discrete op-

timal partition { X 1 , . . . , X k } in Eq. (1) . 

3.2. Technical contributions of MFASS 

To deal with the complexity and diversity in neural foramina

images, MFASS brings the following two important contributions: 

• A reliable similarity definition combining region and edge fea-

tures ( Section 3.2.1 ): MFASS designs a reliable pairwise pixel

similarity definition combining region and edge feature to deal
with the disturbance from gaps in neural foramina’s edge or lo-

cal intensity noise. 
• An optimal cluster number estimation algorithm

( Section 3.2.2 ): MFASS proposes an optimal cluster num-

ber estimation algorithm for separating neural foramina from

its surroundings and dynamically changing this optimal value

with different input images. The importance of the optimal

cluster number in delineation (shown in Fig. 5 (a)) and the

diversity of this optimal cluster number in different images

(shown in Fig. 5 (b)) clearly verify the necessity of the proposed

estimation algorithm in achieving the optimal region partition. 

.2.1. New pairwise pixels’ similarity definition 

A robust pairwise pixels’ similarity definition is highly desir-

ble to construct normalized affinity matrix, which captures the

rue similarity between pixels and tolerating the large noise dis-

urbance. As shown in Fig. 6 , there are two kinds of disturbances
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Fig. 5. The limitations of manually set cluster number (denoted as k ): (a) wrongly set the value k = 14 leads to over-segmentation of neural foramina; (b) k = 3 correctly 

segments the left image, but causes the under-segmentation of the right image. 
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overing the true similarity among pixels: 1) pixel i and pixel j be-

onging to different regions but have similar intensity (as shown in

ig. 6 (a)); 2) pixel p and pixel q located in each side of the unclear

oundary (as shown in Fig. 6 (b)). 

To capture the true similarity from these disturbances, region

nd edge features are simultaneously integrated into pairwise pix-

ls’ similarity definition. Specifically, this new similarity definition

s based on pairwise intensity difference, spatial distance, and edge

ntervention among pixels: 

 i j = exp(−( 

intensity difference ︷ ︸︸ ︷ 
E 2 inten (i, j) 

σI 

+ 

spatial distance ︷ ︸︸ ︷ 
E 2 spatial (i, j) 

σx ︸ ︷︷ ︸ 
region cue 

+ 

edge intervention ︷ ︸︸ ︷ 
E 2 ESP (i, j) 

σE ︸ ︷︷ ︸ 
edge cue 

)) (3) 

here, σ I , σ x , and σ E denote scale parameters, term E inten and

erm E spatial signifies that closed-by similar pixels has a higher like-

ihood to be grouped into the same region, while E ESP is penalty

ost function developed in Cour et al. (2005) for measuring the

iscontinuity between two pixels and is used to punish pixels from

ifferent regions. Their computations are respectively defined as

ollows: 

 inten (i, j) = || I i − I j || 
 spatial (i, j) = || x i − x j || 
 ESP (i, j) = max x ∈ line (i, j) || Edge (x ) || 2 (4) 
 i , x j are the location of pixels i, j and the I i , I j are their intensi-

ies respectively. line ( i, j ) is a straight line joining two pixels i and

 , and edge ( x ) represents an edge detector(i.e., Canny detector) in

ocation x . 

With Eq. (3) , the true similarity among pixels is accurately en-

oded, and the disturbance is tolerated: 1) the added edge inter-

ention from edge clue greatly lowers the similarity between pixel

 and pixel j , which enables them to be grouped into different re-

ions (as shown in Fig. 6 (a)); 2) the added intensity difference and

patial distance, from region clue, greatly enlarge the difference

etween pixel p and pixel q , which enables them to be grouped

nto different regions (as shown in Fig. 6 (b)). 

As affine matrix represents the similarity of all pairwise pix-

ls, in the ideal case, the similarity of two pixels belonging to the

ame group is much larger than the similarity of those belonging

o different groups ( Kass et al., 1988; Milborrow and Nicolls, 2008;

ham et al., 20 0 0; Cour et al., 20 05 ). Under the constraint of re-

ion and edge information, we can keep this property: 1) use re-

ion cue (similar intensity and close spatial distance) to increase

he similarity of pairwise pixels both in the same region; 2) use

dge cue (edge intervention) to decrease the similarity between

ixels in different regions. Most importantly, such combination of

egion and edge cues can efficiently solve the challenges from in-

ensity noise disturbance and the gaps in neural foramina’s edge.

s shown in Fig. 6 (a), the intensity disturbance from pixel j in the

urrounding regions can be successfully solved by the bigger E ESP 
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Fig. 6. The designed affinity matrix is robust to intensity disturbance and unclear boundary. (a) pixels i, j with the similar intensity but in different regions are successfully 

separated by edge intervention; (b) pixels p, q belonging to two regions lacking unclear boundary are successfully separated by intensity difference and spatial distance. 
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value from edge intervention information, so pixels within neural

foramina region have much larger similarity. As shown in Fig. 6 (b),

the difference between pixels from different regions but with gaps

in the edge can be enlarged by the obvious intensity difference

and large spatial distance, so pixels on both sides still have much

smaller similarity. 

3.2.2. Adapted optimal cluster number estimation 

An adapted cluster number k estimation algorithm is intro-

duced to enable the dynamic optimal region partition in order to

make the algorithm adapt to the diversity in neural foramina im-

ages. Such diversity makes it difficult to manually set the k value,

as many existing methods do, since they have to manually set the

optimal cluster number for each individual image. 

This new estimation algorithm is based on the following main

idea (as shown in Fig. 7 (a)): For a top-down region partition of an

ROI image, simulated by the increasing k value, each iteration (at

fixed k value) chooses one region with the largest inhomogeneity

for sub-region partition. According to our newly proposed similar-

ity definition in Section 3.2.1 , the difference between neural foram-

ina and its surroundings is enlarged by edge invention, intensity

difference, and spatial distance. Such enlarged difference enables

neural foramina to be correctly separated from its surroundings at

some certain scale, most importantly, this separation state is robust

to the slight intensity difference inside neural foramina and would

keep stable for a period. This is because, compared to the slight in-

homogeneity within neural foramina, its surroundings, composed

by different types of anatomical structure, have much bigger in-

homogeneity, which enjoys the higher priority in sub-region par-

tition than the interior of neural foramina. To intuitively illustrate
t, we take Fig. 7 (a) as an example: at scale k = 5 , neural foramina

s correctly separated from its surroundings, then the segmented

eural foramina region keeps unchanged and the inhomogeneous

urroundings begin the iterative sub-region split until k = 9 . So

e could estimate the optimal cluster number k , which starts the

table state of neural foramina, by observing the area change of

he segmented region centering around neural foramina in vary-

ng k value starting from k = 2 . By leveraging our newly proposed

ffinity matrix and a top-down region partition strategy, the esti-

ated cluster number k enjoys two advantages: 1) flexibility: op-

imal cluster number k is automatically estimated and dynamically

hanges with each individual image (as shown in Fig. 7 (b)); 2)

obustness: the inhomogeneous disturbance from neural foramina

nterior can be tolerated due to the much bigger inhomogeneity of

ts surroundings (as shown in Figs. 1 (c) and 7 (b)). 

The implementation of this new estimation algorithm, de-

cribed in Fig. 8 , involves two main steps: 1) compute the number

f pixels similar to the central pixel of ROI as a region indicator of

eural foramina; 2) assign the desired optimal cluster number the

rst c value, which firstly keeps the unchanged state of the parti-

ioned neural foramina region. Details are listed as follows: 

(1) For each fixed c value starting from c = 2 , the area of the re-

gion including neural foramina T c is computed by searching

the number of pixels similar to the central pixel I mid of ROI.

Here, the central pixel of ROI, as the midpoint of two land-

marks, is inside of neural foramina region. The computation

includes the following three parts: 
• Eigen-decomposing normalized affinity matrix L : Use Eq.

(2) to obtain the eigenvectors Y l , l = 1 , . . . , c and eigen-

values λ , l = 1 , . . . , c, and initializing cluster number
l 
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Fig. 7. Examples of the optimal cluster number estimation algorithm. (a) an example to illustrate the optimal cluster number is automatically estimated; (b) the optimal 

estimated cluster number is adapted according to each individual image. T c denotes the size of neural foramina region when the image is partition into c regions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

c = 2 . Here, we employ the assumption that the num-

ber of clusters equals the number of eigenvectors used

( Von Luxburg, 2007 ). 
• Constructing new feature space ˆ Y = { Y 1 , . . . , Y c } for pix-

els using the c eigenvectors corresponding the c largest

eigenvalues λ1 ≥ · · · ≥ λc ; 

ˆ Y = 

⎛ 

⎜ ⎜ ⎝ 

y 11 y 12 . . . y 1 c 
y 21 y 22 . . . y 2 c 
. . . . . . 

. . . . . . 

y N1 y N2 . . . y Nc 

⎞ 

⎟ ⎟ ⎠ 

(5) 

where, ˆ Y is called spectral space spanning with the C

largest and orthogonal eigenvectors, which are spectral

bases, and each row of ˆ Y corresponds to a new repre-

sentation of pixel I i in spectral space ˆ Y . 
• Computing the number of pixels similar to the center

pixel I mid and labeling the number as T c : 

As X l ∈ {0, 1} N is an indicting vector with X l (i ) = 1

if pixel i belongs to region V l and 0 otherwise, the

columns of ˆ Y as the continuous version of indicting vec-

tors also encode feature information about different re-

gions ( Von Luxburg, 2007 ). To be specific, for pixel I i ∈
V l , the l − th position in its new representation p i is 1,

and the other positions are 0 due to the orthogonality

of spectral bases. Hence, for two pixels I i , I j belong-

ing to different regions, their new representations p =
i 
[ y i 1 y i 2 . . . y ic ] and p j = [ y j1 y j2 . . . y jc ] are mu-

tually orthogonal; while for two pixels I i , I j belonging to

the same region, their new representations p i and p j in

spectral space are in the same orientation. To reflect this

characteristic, the cosine similarity ( Liu et al., 2014 ) as a

measurement of orientation is used: 

cos (p i , p j ) = 

| p T 
i 

p j | 
|| p i |||| p j || = { 1 I i ∈ V t 

∧ 

I j ∈ V t 

0 I i ∈ V t 

∧ 

I j / ∈ V t 
(6)

Then the number of pixels similar to the center pixel I mid 

is denoted as T c and computed using Eqs. (7) and (8) : 

V NF = { I i | cos (p i , p mid ) = 1 } (7)

T c = | V NF | (8) 

where, V NF denotes the pixel set similar to I mid , p mid is

the new representation of the center pixel I mid , p i is the

new representation of the i th pixel I i , and | · | is to com-

pute the size of the set. 

(2) For all computed T c sequence, the optimal cluster number

K is estimated by finding the fixed value of c satisfying the

first unchanged state of the segmented neural foramina re-

gion, which corresponds to the correct segmentation of neu-

ral foramina and is robust to the local intensity difference

inside neural foramina. To achieve it, we check the first sta-

ble T k among the T c sequence via Eq. (9) : 

K = arg{ T k −1 > T k = T k +1 = . . . = T k + δ > T k + δ+1 } (9)
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Fig. 8. The implementation of the optimal cluster number estimation algorithm. 
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Eq. (9) indicates that the segmented neural foramina re-

gion keeps unchanged during the period from c = k to k + δ.

Specifically, neural foramina region is marked out at c = k

due to the bigger inter-region difference between neural

foramina and its surroundings, after that, its region state

keeps unchanged while its highly inhomogeneous surround-

ings own the much higher priority to begin the iterative sub-

region partition until c = k + δ + 1 . If such T k exists, then the

algorithm ends, else c = c + 1 , then go to step 1). 

4. Experiments 

The proposed unsupervised delineation approach has been ex-

tensively evaluated on 280 neural foramina MR images from 56

randomly chosen clinical subjects covering the technical challenges

(as shown in Figs. 9 and 10 ) from various boundary shapes, noisy

intensity disturbance, and gaps in edge. Results of the proposed

approach are compared with the manual ground-truth delineation

by one experienced physician. The achieved high Dice (90.58%) and

low SMAD (0.5657 mm) demonstrated that our proposed delin-

eation framework has the high consistency with the experienced

physician, and this consistency still preserve even in segment-

ing neural foramina with different boundary shapes, complex sur-

roundings, and unclear boundary. Hence, our framework enables a

reliable clinical tool to improve the efficiency of clinical diagnosis

of NFS. 
.1. Dataset 

280 neural foramina midsagittal MR images were collected from

6 clinical subjects for testing the proposed method. Each image

as acquired using a sagittal T1-weighted MRI under a magnetic

eld of 1.5 T. The scans cover the lumbar spine with the in-plane

esolution between 0.3125 mm and 0.5859 mm. 

Manual delineations of these images, carefully performed by

ne experienced physician, serve as the benchmark. 

.2. Quantitative metrics for evaluation 

Dice coefficient and the Symmetric Mean Absolute surface

istance (SMAD) are used to evaluate the delineation accuracy

 Babalola et al., 2009 ). The manual delineation result is denoted

s G and the automated delineation result as A . Dice and SMAD

re respectively defined as: 

1) Dice: 

Dice = 

2 | A ∩ G | 
| A | + | G | × 100% (10)

Dice is one of a number of measures of the extent of spatial

overlap between two binary images. Its values range between

0% (no overlap) and 100% (perfect agreement). 

2) SMAD: 

SMAD = 

1 

n a + n b 

( ∑ 

i =1 

n a | d ag 
i 

| + 

∑ 

i =1 

n g | d ga 
i 

| 
) 

(11)
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Fig. 9. Visualization of the delineation results in the intra- and inter-subject boundary shape variability. One column represents one subject. Each automated delineation is 

represented as a red contour, and its corresponding ground truth is represented as a blue contour. (For interpretation of the references to colour in this figure legend, the 

reader is referred to the web version of this article.) 

Table 1 

The performance of the proposed delineation approach in 

two metrics of Dice and SMAD. The mean and standard de- 

viation are reported. 

Dice(%) SMAD (mm) 

Mean 90 .58 0 .5657 

Std 2 .79 0 .1544 
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where, d 
ag 
i 

is defined as the distance of the i th surface pixel on

A to the closest pixel on G , a sign convention can be adopted,

such as assigning negative values if a particular pixel in A is

within the surface defined by G , and positive values otherwise.

The range is [0, ∞ ] for SMAD , which indicates from the best

match to the worst match. 

.3. Experiment 1: accuracy and robustness evaluation 

The robust and accurate delineation result without users’

ias can be automatically produced by our proposed approach:

1) as shown in Figs. 9 and 10 , our delineation approach suc-

essfully achieves robust results in images even with different

hape changes and the disturbance from the complex surroundings

e.g., similar surroundings’ intensity and unclear boundary); (2) as

hown in Table 1 , our delineation approach achieves highly consis-

ent delineation result with human experts’ delineation with high

ean dice metric 90.58% and low mean SMAD metric 0.5657 mm;

3) as in Figs. 11 and 12 , our delineation approach successfully tol-

rates the intra- and inter-user variability in ROI selection with a
uch lower standard variation (Std) 1.80% in Dice and 0.1025 mm

n SMAD. Hence, with our segmentation approach, the efficiency

n the clinical diagnosis of neural foramina stenosis can be signifi-

antly improved. 

.3.1. Accuracy evaluation 

Table 1 demonstrates high mean Dice metric (90.58%) and low

ean SMAD metric (0.5657 mm) achieved in 280 neural foram-

na MR images. In addition, this superior accuracy keeps stable

mong different images, merely with the very smaller standard de-

iation (2.79% in Dice and 0.1544 mm in SMAD). To further demon-

trate the superiority of our delineation approach, Fig. 9 demon-

trates that accurate delineation results have been achieved in im-

ges with the presence of various boundary shapes no matter for

ne specific subject or among different subjects, and Fig. 10 illus-

rates that the desired boundaries have been accurately delineated

n images with the noisy intensity disturbance ( Fig. 10 (e)) and gaps

n edge ( Fig. 10 (d)). 

.3.2. Robustness evaluation 

We test the delineation performance in the intra- and inter-user

ariability when selecting the same ROI. To simulate the intra- and

nter-user variability, we use 20 different ways to select ROIs with

ifferent sizes and positions (as shown in Fig. 11 ). 

The remarkable robustness of our delineation approach is re-

orted by Figs. 11 and 12 . High Dice > 86% and low SMAD <

.8 mm have been achieved in 20 different ROI selections. In ad-

ition, the performance keeps stable among different ROI selec-

ions, merely with very small standard variation (1.80% in Dice
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Fig. 10. Visualization of accurate delineation results in 12 typical test images with the disturbance of similar surroundings’ intensity and unclear boundary. (a)12 typical 

test images; (b) region partition results by MFASS; (c) delineation result; (d) the challenge from some missing boundary’s parts; (e) the challenge from noisy intensity 

disturbance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

The comparison in different feature information. 

Feature Dice(%) SMAD (mm) 

MFASS 90 .58 ± 2.79 0 .5657 ± 0.1544 

Region 65 .74 ± 27.73 1 .4834 ± 1.2744 

Edge 79 .13 ± 12.78 1 .1318 ± 1.0803 

Table 3 

Comparison between automated estimation and manual set 

in setting optimal cluster number. 

Method Dice (%) SMAD (mm) 

MFASS 90 .58 ± 2.79 0 .5657 ± 0.1544 

Manual set(k = 6) 84 .70 ± 11.43 1 .2055 ± 1.1245 

d  

b  

b  

c  

t  

t

4

 

i  

n  

g  

c  
and 0.1025 mm in SMAD). The small standard variation reflects

the robustness of a slight difference among different users in ROI

selection. This is achieved by the automatic estimation of an op-

timal cluster number (as shown in Fig. 13 ), which dynamically

varies with different input images and provides an optimal re-

gion partition for each input image to separate neural foramina

from its complex surroundings. Here, the optimal region partition

of each individual image is derived from the newly defined sim-

ilarity, which combines region and edge cues to capture the true

difference between neural foramina and its surroundings. 

4.4. Experiment 2: method advantages analysis 

In this subsection, we investigate two contributions embedded

in MFASS: one is the impact of combining region and edge feature;

the other is the impact of the proposed optimal cluster number

estimation algorithm. 

4.4.1. The superiority of combining region and edge features 

The superiority of combining region and edge feature has been

demonstrated in Table 2 . Compared with single region informa-

tion, the combination of region and edge cue has achieved approx-

imately a 25% increase in Dice and a 20 mm reduction in SMAD;

compared with single edge information, the increase in Dice is

about 11%, with an obvious reduction about 10 mm in SMAD.

Such great improvement is because the combined cues fully uti-

lize their complementary advantages to generate a more reliable

similarity, which successfully copes with the local noisy intensity

disturbance and gaps in the edge. For instance, the noisy intensity
isturbance, challenging region-based methods, can be weakened

y inter-cluster difference from edge information, and the weak

oundary, challenging edge information, can be enhanced by intra-

luster similarity from regional information. Hence, a good separa-

ion between neural foramina and its surroundings is captured by

he combination of region and edge features. 

.4.2. The influence of adaptive optimal cluster number 

The more accurate and stable delineation results demonstrated

n Table 3 have been achieved by our proposed optimal cluster

umber estimation algorithm. Specifically, the mean accuracy was

reatly improved, with 6% Dice increase and 0.7 mm SMAD de-

rease, and the standard deviations significantly dropped nearly
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Fig. 11. Delineation results of 20 different ROI selections, with a greater overlap with manual delineation. Each automated delineation is represented as a red contour, and 

its corresponding ground truth is represented as a blue contour. These ROIs are with different sizes and locations. (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.) 
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Table 4 

Segmentation accuracies of four different image segmenta- 

tion methods. 

Method Accuracy 

Mean Std Max Min 

MFASS 90 .58% 2 .79% 93 .37% 87 .79% 

Level set 68 .14% 14 .13% 82 .27% 54 .01% 

Active contour 58 .12% 17 .75% 75 .87% 40 .37% 

Graph cut 36 .81% 16 .15% 78 .18% 20 .63% 
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s

0% (from 11.43% to 2.79% in Dice; and 1.1245 mm to 0.1544 mm in

MAD), compared with conventional cluster number set by manual

etup. Here, to be fair, the comparison is based on the best delin-

ation results of conventional manual setup (as shown in Fig. 14 ),

btained by setting different values as the optimal cluster num-

er k . It is worth noting that the greatly reduction in standard

eviation signifies the superior stability in performance, which is

n appealing characteristic but is very difficult to be obtained for

xisting manual setup, especially in images with the great diver-

ity. With such stability, the highly accurate delineation can be ob-

ained in each individual image. Specifically, the proposed optimal

luster number estimation algorithm produces the optimal separa-

ion threshold for segmenting neural foramina from its surround-

ngs and this optimal threshold is adaptively adjusted for different

mages. Therefore, based on such flexible optimal cluster number,

ur proposed delineation framework enables the desired boundary

f neural foramina in an accurate and unsupervised way. 

.5. Experiment 3: method comparison 

Table 4 demonstrates that much higher and more stable seg-

entation accuracy ( Mean 90.58%, Std 2.79%) has been achieved

y the proposed method MFASS, compared with existing classical

mage segmentation methods, i.e., the level set technique ( Li et al.,

005 ), the active contour method ( Kass et al., 1988 ), and the graph

ut method ( Boykov et al., 2001 ). 
Here, for a fair comparison, only the best performance of the

ompared methods was reported in Table 4 . To achieve the best

erformance, the appropriate values of the input parameters for

ach compared method were experimentally or empirically de-

ermined. Specifically, for level set method, two different ini-

ial shapes inside and outside of neural foramina (as shown in

ig. 15 (a) and (b)) were considered, and only the results achieved

y the evolution of the inside initialization were chosen for com-

arison (as shown in Fig. 16 ); for active contour method, the ap-

ropriate parameter of the initial shape was empirically deter-

ined by the popular PCA mean shape( Kim et al., 2007; Lui et al.,

014 ) (as shown in Fig. 15 (c)); for graph cut method, parameter

directly controls under/over segmentation of an image, the best 

esult achieved on the appropriate value of λ were experimentally

etermined by varying λ in the range from of 0.1 to 1 with a step

ize of 0.1 (as shown in Fig. 17 ). 
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Fig. 12. Examination of the influence of different ROI selections on the proposed approach using two metrics of Dice and SMAD. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

s  

w  

a  

a  

t  

a  

g  

w  

a  

l  

s

4

 

a  

b  

g  

s  

i  

a  

t  

i  

e  

i  

b  

1  

(

 

a  

a  

h  
Although these existing methods have been widely used in var-

ious areas and made a great success, they all face formidable chal-

lenges from the extreme complexity and diversity of neural foram-

ina images, which leads to their unreliable and unstable segmen-

tation results ( Mean < 69%, Std > 12%). In comparison, these chal-

lenges are successfully solved by our MFASS where the newly de-

signed pixel similarity measure and the newly proposed optimal

cluster estimation algorithm ensure an optimal and self-tuning re-

gion partition for separating neural foramina from its surround-

ings. 

Fig. 18 provides an intuitive demonstration to illustrate the su-

periority of our method and the infeasibility of the other three seg-

mentation methods. Specifically, it demonstrates segmentation re-

sults of 12 typical ROIs, which includes diverse boundary shapes,

gaps in neural foramina’s edge, and local intensity noise dis-

turbance (as shown in Fig. 18 (a)). These segmentation results

(as shown in Fig. 18 (c)–(f)), respectively achieved by performing

the mentioned four different segmentation methods, were com-

pared with the ground truth delineated by physician (as shown in

Fig. 18 (b)). 

The superiority of the proposed method MFASS, in coping with

these formidable challenges, has been demonstrated by the ob-

tained delineation results (the second row in Fig. 18 (c)). To achieve

it, MFASS automatically estimates the optimal cluster number (the

first row in Fig. 18 (c)) for each ROI images to produce the optimal

region partition between neural foramina and its surroundings. 

In comparison, the infeasibility of the other three existing

methods in our problem has been indicated by their unsatisfied

segmentation results ( as shown in Fig. 18 (d)–(f)). This stems from

the fact that their performance is greatly affected by the men-

tioned formidable challenges (e.g., the diverse boundary shapes,

gaps in neural foramina’s edge, and local intensity disturbance). As
hown in Fig. 18 (d), for the level set method, extracted boundaries

rongly stop at the false edge due to the gaps in the true edge

nd the local intensity disturbance. As shown in Fig. 18 (e), for the

ctive contour method, extracted boundaries wrongly evolve due

o the great diversity of boundary shapes, gaps in the true edge,

nd the local false edge disturbance. As shown in Fig. 18 (f), for the

raph cut method, the obtained neural foramina region, marked in

hite, wrongly contains many pixels in the surrounding regions

nd neglects some pixels belonging to neural foramina, due to the

ack of a robust pixel similarity measure for tolerating local inten-

ity noise disturbance. 

.6. Experiment 4: clinical application 

Based on the proposed segmentation method, an accurate and

utomated diagnostic tool for neural foramina stenosis (NFS) can

e developed. As shown in Fig. 19 (a), unlike conventional image-

uided diagnosis, this automated diagnostic tool creatively utilizes

egmentation-guided diagnosis, which replaces the original ROI

mage with binary segmentation image, achieved by our MFASS,

s the input of the diagnostic classifier. Specifically, the segmenta-

ion results produced by our MFASS are normalized in size and fed

nto the classical SVM (Support Vector Machine) classifier ( Chaves

t al., 2012; Xi et al., 2015 ) for diagnosis. This binary segmentation

mage is denoted as O = [ O 1 , . . . , O N ] where O i ∈ {0, 1} is the la-

el assigned to the i th pixel and i ∈ { 1 , . . . , N} . The two labels {0,

} correspond to “background (dark region) ” and “neural foramina

white region)”. 

Table 5 and Fig. 20 demonstrate that the binary object im-

ge, obtained from MFASS, enables the diagnostic classifier to

chieve much better diagnosis performance, indicated by the much

igher accuracy 98.93%, sensitivity 96.51%, specificity 99.86% and
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Fig. 13. Optimal partition results produced by MFASS in 20 different ROI selections. 

Table 5 

The comparison in diagnosis performance among four kinds of diagnostic classifier’s feature 

inputs: the object shape feature directly obtained from the obtained segmentation, and three 

kinds of image features computed from ROI image. 

Feature Accuracy Sensitivity Specificity F-measure 

Object shape (achieved by MFASS) 98 .93% 96 .51% 99 .86% 98 .22% 

ROI-Wsift 77 .86% 58 .41% 86 .60% 61 .73% 

ROI-Hog 76 .43% 33 .72% 95 .36% 46 .77% 

ROI-Gist 75 .71% 54 .65% 85 .05% 58 .02% 

F  

R  

i  

t  

(  

2  

t  

t  

r  

2  

o  

m  

t  

i  

s  

a  

s

5

 

f  

i  

n  

a  

c  

d  

t  

t

 

d  

F  

0  

i  

i  
-measure 98.22%. In comparison, the infeasibility of directly using

OI images in diagnosing NFS has clearly been demonstrated by

ts very unsatisfied results ( Accuracy < 78%), which have been ob-

ained by respectively feeding three kinds of ROI images features

 Dalal and Triggs, 2005; Oliva and Torralba, 2001; Badino et al.,

012 ) into the diagnostic classifier. This is because ROI images con-

ain lots of noise or redundant background information and cover

he most relevant shape feature, which is considered as the most

elevant information to diagnose NFS for physicians ( Attias et al.,

0 06; Torun et al., 20 08 ). It further brings the serious inter-class

verlapping problem (as shown in Fig. 19 (b)) so that the perfor-

ance of the diagnostic classifier is greatly suppressed. While, for

he newly embedded binary segmentation image, the irrelevant

nformation in ROI has been eliminated by our MFASS, and only

hape information of neural foramina is preserved. Hence, the di-

gnostic accuracy, based on the segmentation results of MFASS, is

ignificantly improved. 
I  

t  
. Discussion and conclusion 

In this paper, we developed and validated an unsupervised

ramework for enabling clinical delineation of spinal neural foram-

na in the automated and accurate fashion. It is built on a

ovel multi-feature and adaptive spectral segmentation (MFASS) to

chieve the accurate, robust, and stable delineation result. Specifi-

ally, the advantages of MFASS include: 1) reliable spectral features

ecomposed from the creative combination of region and edge fea-

ures; 2) dynamic optimal segmentation threshold estimated by

he innovative optimal cluster number estimation algorithm. 

Its superior performance in delineation has been clearly

emonstrated in Table 1 and Figs. 9–12 . As shown in Table 1 and

ig. 9 > , the high and stable accuracy (Dice: 90.58% ± 2.79%; SMAD:

.5657 ± 0.1544 mm) is achieved in all tested neural foramina

mages, even with the great boundary shape variations, large gap

n neural foramina’s edge, and local intensity noise disturbance.

n addition, the newly proposed optimal cluster number estima-

ion algorithm (as shown in Fig. 13 ) provides the robustness to
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Fig. 14. The best result of manual set is achieved in k = 6 . 
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cope with the intra- and inter- user difference in ROI selection (as

shown in Figs. 11 and 12 ). These experimental results fully demon-

strate that the proposed framework is a reliable and efficient clin-

ical tool for delineating neural foramina. Hence, with the help of

this clinical tool, radiologists could be free from the laborious task

and pay more attention to high-level clinical issues. 
Fig. 15. Initial shape setting for level set and active contour. (a)Initialization1 of level s

contour outside of neural foramina); (c)Initialization of active contour by PCA mean shap
This superiority is derived from two novel components of

FASS: a robust similarity definition and a flexible optimal clus-

er number estimation. Table 2 demonstrates the newly defined

ixel similarity, based on the combination of region and edge cue,

s more reliable and robust than independently using region or

dge cue. This is because the combination of region and edge in-

ormation could utilize their complementary discriminative ability

o overcome the disturbances from edge’s gaps and local noisy in-

ensity. Here, the edge’s gap, disturbing the edge cue, is success-
et (initial contour inside of neural foramina); (b)Initialization2 of level set (initial 

e. 
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Fig. 17. The best result of graph cut, achieved in the appropriate parameter setting 

λ = 0 . 2 , is used for comparison. 
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ully overcome by its complementary region cue (e.g., intensity

ifference and spatial distance); the local noisy intensity, disturb-

ng the region cue, is solved by its complementary edge cue (e.g.,
ig. 18. Examples of segmentation results. (a) 12 ROI images; (b) ground truth neural for

lgorithm MFASS; (d) results of the level set algorithm ( Li et al., 2005 ); (e) results of t

 Boykov et al., 2001 ). (For interpretation of the references to colour in this figure legend, 
dge intervention). Table 3 exhibits the contribution of our opti-

al cluster number estimation algorithm: higher accuracy (Mean

ice: 0.9058; Mean SMAD: 0.5657 mm) and smaller standard de-

iation (Std Dice: 2.79%; Std SMAD: 0.1544 mm). These two indica-

ors signify the newly proposed estimation algorithm still enables

he proposed framework for the stable and high accuracy, even in

eural foramina images with diverse boundary shapes. To achieve

his appealing characteristic, the proposed estimation method not

nly produces an optimal cluster number for each individual im-

ge to separate neural foramina from its surrounding, but also dra-

atically varies this optimal value with different input images to

dapt the diversity among images, which leads to the infeasibil-

ty of conventional manual setup method. Hence, with this flexible

ptimal cluster number estimation algorithm, a dynamic optimal

egion partition is produced for each input image to obtain the de-

ired delineation. 

Benefiting from the mentioned two technical contributions, the

roposed framework enjoys much higher and stable accuracy, com-

ared with conventional segmentation methods ( Li et al., 2005;

ass et al., 1988; Boykov et al., 2001 ) (as shown in Table 4 ). This

s because that the challenges (e.g., diverse boundary shapes, lo-

al noisy intensity, and the edge’s gaps), leading to the infeasibil-

ty of conventional segmentation methods (as shown in Fig. 18 (d)–
amina region (contoured with blue line); (c) results of the proposed segmentation 

he active contour method ( Kass et al., 1988 ); (f) results of the graph cut method 

the reader is referred to the web version of this article.) 
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Fig. 19. The application of MFASS in computer-aided diagnosis of NFS and its advantages. (a) MFASS generates binary object image instead of the original ROI image as the 

input of the diagnostic classifier; (b) MFASS provides a highly discriminative feature space for classifier, which enables accurate diagnosis of NFS. 
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(f)), are successfully solved by our method (as shown in Fig. 18 (c)).

For example, the local noisy intensity disturbance and the gaps in

neural foramina’s edge, are the main causes of the failures (e.g.,

the leak in true edge and the wrong convergence to false edge)

for level set method (as shown in Fig. 18 (d)). To solve the distur-

bance from edge’s gaps, the region cue, combined with the newly

defined similarity definition, introduces spatial distance and inten-

sity difference to provide a separation for the missing edges. For

the local noisy intensity disturbance, the newly proposed cluster

number estimation algorithm produces an optimal cluster number,

based on the far larger inhomogeneity of the surroundings than

the neural foramina interior. In other words, this optimal cluster

number is obtained before performing the sub-region partition of

the extremely inhomogeneous surroundings so that it is robust to

the comparatively smaller inhomogeneity of neural foramina inte-

rior caused by local noisy intensity disturbance. Hence, the pro-

posed framework could produce an automated and reliable delin-

eation of neural foramina (as shown in Fig. 18 (c)). 

Furthermore, its clinical contribution for accurate and auto-

mated diagnosis of NFS has been clearly demonstrated by the high

precision 98.93% (as shown in Table 5 ). It is done by embedding

the segmentation results of our MFASS into the computer-aided di-

agnosis as the new inputs of the diagnostic classifier. These new
nputs highlight the most relevant shape information, considered

s an important indicator for clinical diagnosis of NFS ( Attias et al.,

0 06; Torun et al., 20 08 ), and eliminates most of the irrelevant

nformation in ROI images ( Oliva and Torralba, 2001; Dalal and

riggs, 2005; Badino et al., 2012 ). Hence, it successfully solves the

hallenging inter-class overlapping problem in conventional ROI-

uided method (as shown in Fig. 19 (b)), which greatly suppresses

he accuracy of the used diagnostic classifier (as shown in Fig. 20 ).

ith more discriminative object shape space provided by MFASS,

he diagnostic accuracy is naturally improved. 

As future work, we are now extending the proposed method in

he following points: (1) although the focus of our work is to au-

omated delineation of neural foramina in the localized ROIs, its

urther combination with a fully automated localization of ROI is

ore appealing, and one possible solution would be the use of a

achine learning approach to automated prediction of two input

andmarks for automated localization; (2) although our delineation

ethod is designed for the boundary delineation of neural foram-

na task, its basic principles (e.g., reliable pixel similarity and flexi-

le optimal cluster number), can be easily generalized to other or-

ans’ applications with the common technical challenges. 

In summary, we presented a multi-feature and adaptive spec-

ral segmentation, called MFASS, for boundary delineation of neu-



X. He et al. / Medical Image Analysis 36 (2017) 22–40 39 

Fig. 20. Examples of diagnostic results. (a) 10 test images, true labels (normal or stenosed) as benchmark, and the region partition results achieved by MFASS; (b) only the 

use of binary object shape image correctly captures the true relationship among images from normal and stenosed classes. 

r  

t  

i  

a  

f  

f  

u  

w  

c  

a  

w  

t  

t

R

A  

 

A  

 

B  

 

 

B  

B  

 

B  

 

B  

 

B  

 

B  

C  

 

C  

C  

 

D  

 

E  

 

al foramina in an automated, reliable, and accurate fashion. With

he combination of a reliable pixel similarity definition and a flex-

ble optimal cluster estimation, our method enjoys the inherent

dvantage of optimal and adaptive separation of neural foramina

rom its complex surroundings. Experimental results on 280 neural

oramina MR images from 56 subjects suggest that the proposed

nsupervised delineation method can achieve a high consistency

ith human experts’ in the presence of different boundary shape

hange, the intensity disturbance from the surrounding structure,

nd the unclear boundary. With our boundary delineation frame-

ork, an efficient and accurate clinical diagnostic tool can be ob-

ained for freeing physicians from the tediousness and bringing the

imely diagnosis of NFS for patients. 
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