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a b s t r a c t
This paper introduces a model-based approach for a fully automatic delineation of kidney and cortex tissue from contrast-enhanced abdominal CT scans. The proposed framework, named CorteXpert, consists of
two new strategies for kidney tissue delineation: cortex model adaptation and non-uniform graph search.
CorteXpert was validated on a clinical data set of 58 CT scans using the cross-validation evaluation strategy. The experimental results indicated the state-of-the-art segmentation accuracies (as dice coeﬃcient):
97.86% ± 2.41% and 97.48% ± 3.18% for kidney and renal cortex delineations, respectively.

1. Introduction
Kidney cancer is a life-threatening disease with a high mortality rate and poor prognosis all over the world, with 3380 0 0 new
cases diagnosed in 2012 (Ferlay et al., 2013). Renal cell carcinoma,
which arises from the renal cortex, is the most common type of
kidney cancer in adults, responsible for approximately 80% of cases
(Garcia et al., 2009). There is a lot of evidence to show that partial nephrectomy has become the ﬁrst treatment of selective renal tumors, with equivalent oncological cure and better preservation of renal function compared to radical nephrectomy (Russo and
Huang, 2008; Clark et al., 2011; Shao et al., 2012). To achieve the
best resection plan, surgeons need to identify the location of the
kidney portion that would be cut off. Renal transplantation is also
a well-recognized treatment method than hemodialysis. Radiological evaluation of potential kidney donors is required to identify
patients with kidneys that function well (Muto et al., 2011; Yano
et al., 2012; Kato et al., 2011).
Since volumetric kidney and cortex measurements are correlated with the functionality of the kidneys, the pre- and post-
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operation non-invasive measurements of kidney and cortex volumes are clinically important and need a careful evaluation. The
segmentation plays a key role in employing these evaluations, particularly renal cortex volume because it is a better predictor for
determining kidney functionality. However, there are several challenges in kidney and renal cortex segmentation. First, the internal structures of kidneys are complex and diﬃcult to recognize,
as shown in Fig. 1(a). Brieﬂy, kidneys contain four major internal structures: cortex, column, medulla, and pelvis. Renal cortex
is connected with the renal column, and its shape can be considered as complex because its inner boundaries are non-smooth and
locally non-convex. Second, there are several neighboring tissues
or organs, e.g., renal column, muscles, and liver, with similar intensities. This leads to low contrast and blurred boundaries in CT
images between renal cortex and nearby structures. Therefore, renal cortex segmentation using conventional methods such as region growing may easily leak into its neighbors. Third, image artifacts and noise may easily affect the segmentation process. Renal
cortex segmentation can be disturbed by different gray value intervals between renal tissues and artifacts. To address these problems, prior information (in the form of appearance, shape, or hybrid) can be used to separate adjacent organs even with similar
intensities (Chen et al., 2009; 2010a,b; 2012a,b; Li et al., 2012; Xiang et al., 2011; Li et al., 2015; Ju et al., 2015). However, modeling shape of renal cortex is not a trivial task because the anatomy
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Fig. 1. Renal cortex segmentation. (a) A CT Slice; (b) Initial segmented renal cortex; (c) Final segmented renal cortex by our method.

of the renal cortex varies largely in different healthy individuals, both in shape and size. Besides, tumor and other pathologies can change the anatomical structure of renal cortex signiﬁcantly. In this paper, we propose a novel shape model-based segmentation framework to address the aforementioned challenges in
the segmentation module of the renal surgery planning. The proposed framework is a coarse-to-ﬁne segmentation process (CorteXpert) that consists of three parts: model construction (Part I), initialization (Part II), and segmentation (Part III). First, a two-layer
statistical shape model is constructed based on the point distribution model (PDM) for the purpose of integrating shape variation
into the segmentation process as a shape prior. Then, one of the
layers is used to locate the kidney roughly in the CT image. Automatic renal cortex model adaptation is performed progressively
in the space spanned by the eigenvectors computed by principal component analysis (PCA) of the PDM. In the delineation part,
the multi-scale ﬁrst order partial derivative boundary function is
used to deﬁne “true boundaries” of renal cortex integrated with
a non-uniform graph search (NUGS) method by utilizing local intensity distribution. The presented framework improves our initial
approach (Chen et al., 2012a; Li et al., 2012), which can be considered as the state-of-the-art system. Summary of the presented
framework’s steps is the following.
•

•

•

•

First, we use a precise clinical deﬁnition of the renal cortex,
which many studies fail to do. Although the renal column
and the cortex are functionally two different compartments,
they have similar intensity distribution. In our implementation, we use two-layer statistical shape models to separate renal
columns from cortex during the model construction.
Second, we initialize the localization algorithm for the outer
and the inner layers of the renal cortex. In our new initialization algorithm, less number of iteration is required for convergence and the overall initialization system is less sensitive to
perturbations, as shown in Fig. 1(b).
Third, our algorithm is different from the registration/atlasbased methods where registration may likely fail in the local
minimum of the distance function, and the computational cost
is huge. Instead, we develop a purely delineation-based algorithm, which is not only accurate but also extremely eﬃcient.
Fourth, to capture non-uniform intensity distribution that
leads to better delineation performance, we introduce a nonuniform graph search approach. Nodes of the graph are nonequidistantly and adaptively sampled according to the initial
surface and the non-uniform intensity distribution. The multiscale boundary responses of ﬁrst order partial derivatives are
used to compute the weights of nodes for the outer surface
detection. The ﬁltered image is used to compute the weights
of nodes for inner surface detection. Even in low contrast and

slender regions as shown in Fig. 1(c), our proposed algorithm is
still highly accurate and robust in detecting and delineating the
kidney and its compartments.
2. Related work
There are several studies in the literature for kidney and renal
cortex segmentation using CT and MR images, including both semiautomatic (de Priester et al., 2001; Shen et al., 2009; Chevaillier
et al., 2008; Boykov et al., 2001; Rusinek et al., 2007; Sun et al.,
20 04; Song et al., 20 08; Padigala et al., 2009; Chen et al., 2009;
Shim et al., 2009) and fully automatic methods (Ali et al., 2007;
Zöllner et al., 2009; Tang et al., 2010). For kidney segmentation
in dynamic MR images, not only the spatial information but also
the time intensity curves (TIC) were used. Shen et al. (2009) presented a semi-automatic kidney segmentation method based on
the morphological 3D h-maxima transform from MR images. Similarly, Chevaillier et al. (2008) proposed a semi-automated split
and merge method based on TIC. Boykov et al. (2001) and
Rusinek et al. (2007) developed a temporal Markov model to describe the TIC for each pixel followed by the min-cut algorithm. Although the performance was at a clinically acceptable level, specifying the seed points for the kidney segmentation made it impractical due to sensitivity in seed localizations. For registration-based
methods, Sun et al. (2004) presented an image registration algorithm to delineate the renal cortex for dynamic renal perfusion MR
images. Another registration-based approach (Zöllner et al., 2009)
separated the inner compartments of kidney by k-means clustering
after a non-rigid registration. Lately, Song et al. (2008) presented a
4D level set framework for dynamic MR images kidney segmentation. The method combined information from spatial anatomical
structures and temporal dynamics. Despite all the progress in MR
image processing for renal analysis, CT scan is still considered to
be the clinical standard for the quantiﬁcation of renal diseases.
Previous investigations (Shen et al., 2009; Boykov et al., 2001;
Ali et al., 2007; Tang et al., 2010; Zöllner et al., 2009) considered renal cortex and column as a single tissue type in images although they are functionally and anatomically different. To make
a strict deﬁnition of the renal cortex, it would be a good choice
to consider only the out-layer of the kidney as a cortex because the renal columns have anatomical and functional differences (Padigala et al., 2009). Chen et al. (2012a) used a pseudo3D oriented active appearance model method to locate a kidney,
and combined morphologic operations and an iterative shape constrained graph cut method are used to segment the renal cortex.
Li et al. (2012) applied an implicit shape registration method to
roughly initialize the whole kidney and then utilized multiple surface graph searching to detect the renal cortex.
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Fig. 2. The proposed corteXpert framework.

3. Method
Fig. 2 shows the ﬂowchart of the proposed method. In the
shape model construction part, two surfaces of the renal cortex are
segmented manually in training images, and these shapes are used
to build PDMs. In the initialization part, the renal cortex is localized by applying the generalized Hough transform (GHT) and the
cortex model adaptation method. In the segmentation part, a nonuniform multiple surface graph is constructed to obtain the ﬁnal
renal cortex segmentation. The details of each part are given in the
following sub-sections.
3.1. Part I: Model construction
A priori knowledge can be learned from a representative set of
training images along with different meshes from different subjects. The derived information can then be associated with the
meshes to automatically segment volume of interests. An important issue thus is to establish surface correspondence between
the training meshes. However, adapting two uncalibrated meshes
with some motions such as signiﬁcant rotation and scale changes
still remains a challenging problem. Although semi-automatic or
fully automatic landmark generation methods (Dryden and Mardia, 1998; Davies et al., 2002) can be employed, numerous limitations exist. For these reasons, both the outer and the inner
layers of the renal cortex are manually labeled with two nonoverlapped regions in a slice-by-slice manner. The labeled binary
images are converted into triangulated meshes using the marching
cube algorithm (Lorensen and Cline, 1987) for representing both
the outer and the inner layer surfaces. The minimum description
length (MDL) algorithm by Heimann et al. (2006) is next used to
establish a vertex correspondence between the reference meshes
for both the outer and the inner layers (Fig. 3). In MDL, a conformal parameterization function is used to describe the vertex distribution on the training shapes. Next, vertex positions are modiﬁed
locally without disturbing established correspondences through a
gradient descent optimization employed for minimization of the
MDL cost. To reduce the time complexity of the MDL process, all
meshes are simpliﬁed using the quadric error metric (Hoppe, 1999)
with the same V vertices connected in T triangles as shown in
Fig. 3.
To establish vertex correspondence for both surface layers
of different renal cortex shapes, meshes need to be aligned
in a Cartesian coordinate system via similarity transformation.

Fig. 3. Renal cortex model construction. (a) A manually segmented renal cortex.
(b) A simpliﬁed mesh of a manually segmented renal cortex based on quadric error metric. (c) Aligned renal cortex meshes using the minimum description length
algorithm. (d) The mean shape of the renal cortex.

This also allows analysis of inter-patient and inter-phase shape
variability. The similarity transformation in this case consists
of three translation, three rotation, and one scaling parameter
with a total of seven degrees of freedom in 3-D space (Tx , Ty ,
Tz are the three parameters translated along the three axes,
θ , ϕ , ω are the three angles of rotation about three axes, s
is the scaling parameter). The vertices on two corresponding
meshes of the renal cortex can be expressed as a 1-D vector u =
(uo, ui )T , where, uo = (xo1 , yo1 , zo1 , xo2 , yo2 , zo2 , · · · xoNo , yoNo , zoNo )
are the vertex coordinates of the outer layer, ui =
(xi1 , yi1 , zi1 , xi2 , yi2 , zi2 , · · · xiNi , yiNi , ziNi ) are the vertex coordinates of inner layer, No and Ni are the number of vertices for outer
and inner surfaces respectively (No = Ni ). Although the similarity
transformation is done using the unit quaternion algorithm proposed by Horn (1987), other methods can also be used instead
(Bagci et al., 2012).
Inter-patient and inter-phase shape variability of the outer layers and the inner layers can be learned from the consistent set of
training meshes using PCA. The PDM can be used to describe shape
variability. With the combination of similarity transformation, the
resulting PDM can be expressed as



=T

−1

¯ +


M




λm pm ,

(1)

m=1

where, pm is the principal mode of variation obtained through PCA.
λm is the corresponding weight for each principal mode, T −1 is the
inversion of similarity transformation from registered shape coor-
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Fig. 4. Kidney Localization. (a) The original image; (b) The Gaussian ﬁltered image with the thresholded image Ib ; (c) The resulting GHT image with mean renal cortex shape
model (yellow curves) and translated mean renal cortex (red curves); (d) The original image with mean renal cortex shape model (yellow curves) and translated mean renal
cortex shape model (red curves). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

¯ is the mean
dinate system to the original coordinate system, 
shape of the training set, and M is the number of variation modes.
For the outer layer, the mean shape is computed by

¯o=


No
 
1 
T uko ,
No

(2)

k=1

where, uko is the 1-D vertex coordinate vector of the outer mesh
of the kth training mesh. Similarly, the mean shape for the inner
layer is computed by

¯i=


Ni
 
1 
T uki .
Ni

(3)

k=1

where, uki is the 1-D vertex coordinate vector of the inner mesh
of the kth training mesh. The mean mesh derived from the training set is shown
 in Fig. 3(d). The mean renal cortex shape can be
¯ o, 
¯i .
represented as 
3.2. Part II: Model initialization
Automatic localization of model assembly is not a trivial task
for at least two reasons. (1) The inner surface of the renal cortex may not be simply created from the recognized kidney due to
varying thickness levels of the renal cortex. (2) The number of vertices should not be too high to avoid suboptimal localization and
segmentation.
3.2.1. Image smoothing and kidney localization
Noise is inherent in medical images and needs to be minimized
prior to image analysis tasks as shown in Fig. 4(a). In this study,
we use Gaussian ﬁltering (Whitaker and Xue, 2001). The the intensity range of the output is normalized to [Imin , Imax ] = [0, 255]
as shown in Fig. 4(b).
For localization of model assembly, we use the generalized
Hough transform (GHT) by Khoshelham (2007), which is proved to
be a robust and powerful method for detecting any arbitrary shape
in an image. In the GHT training process, the triangulated mesh
of the average outer mesh is employed as a template shape in order to reduce the dimensionality of the parameter space. The gravity center c is used as the reference point. For each vertex on the
¯ o , the normal orientation can be represented
mean outer mesh 
as the azimuthal and revolution angles (α and β respectively) of
a spherical coordinate system, and the two angles are discretized
as two entries reference table (look-up table) with the corresponding angle steps tα and tβ . The vector rp pointing from the mesh
to the center is indexed by α and β , and stored in the look-up table. For kidney localization, the thresholded image Ib is computed
by [b(Imax − Imin ) + Imin , Imax ]. Since some adjacent tissues are similar to the kidney, morphological opening can be used to remove
those small structures as shown in Fig. 4(b). Then the GHT voting

scores are computed according to the gradient of Ib as shown in
Fig. 4(c). The normalized gradient is represented as the azimuthal
and revolution angles (α and β respectively) of a spherical coordinate system, and also the two angles are discretized as two entries
reference table (look-up table) with the corresponding angle steps
tα and tβ . The vector rp pointing from the curve point to the potential center is indexed by α and β . The voting score ofthe po-
¯ o, 
¯i
tential center is increased. The mean renal cortex shape 
is translated to the point with the maximal GHT voting score as
shown in Fig. 4(c).
3.2.2. Model adaptation
In model adaption, we simply deform both layers of the PDM
locally to match into the target boundaries. For this task, we utilize
the idea of shape-constrained deformable models (Ecabert et al.,
2008). Brieﬂy, the two meshes are adapted to the boundaries of the
renal cortex and the initial image from the outer mesh is matched
to the thresholded image Ib in two alternating steps. In each iteration, the ﬁrst step is the deformation of the outer layer mesh
from the initial renal cortex by progressively detecting the candidate kidney boundary along the normal vertices so that the deformed outer layer mesh oτ can be driven to the candidate kidney
boundary t . In the second step, the deformed outer layer mesh
¯
oτ is registered to the mean
 λouter
 layer model o so as to generλ
ate a PDM of renal cortex o , i , and then the PDM of the renal
cortex is considered

 as initial renal cortex and constrains the deformation of oλ , iλ (initially the translated mean outer and inner
layer meshes). This iterative process can be described as minimizing the distance D between the deformed meshes and the target
boundary. The distance function can be deﬁned as

D = Dregion + κ Dsur f ace

(4)

where, Dregion denotes a region term, which measures the distance
between oτ and t in the signed Euclidean distance ﬁeld; t represents the mesh converted from the thresholded image Ib ; Dsurface
denotes a boundary term which measures Euclidean distance between oτ and oλ , t ; v represents the corresponding vertex on
the oτ , oλ and t ; κ controls the balance between the region and
surface constraints.
A. Model Deformation
For each vertex vi on the outer layer mesh oτ , the boundary
candidate is searched along the normal vector ni of the vertex at
discrete positions as

vi j = vi + jδ ni , j = −nm , · · · , −1, 0, 1, · · · , nm

(5)

where δ is the searching step which depends on the size of the
kidney. It is computed according to the average length of edges,
which connects the current vertex and its adjacent vertices. For
vertex vi , the mean length l of adjacent edges is computed, and
then the searching step δ is set l. If vertex vi is inside the kidney (in the foreground of the binary image Ib ) and the vertex vij
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˜
˜ m ; (c) The generated
Fig. 5. Renal cortex model adaptation.
model with − λ
(a) The generated renal cortex shape model with −2 λm ; (b) The generated renal cortex shape

˜ m ; (d) The mean shape model of renal cortex; (e) The generated renal cortex with 0.5 λ
˜ m ; (f) The generated renal cortex shape
renal cortex 
shape model with −0.5 λ

˜ m ; (g) The generated renal cortex shape model with 2 λ
˜ m . (h) The mean shape model of renal cortex in the test image; (i) The renal cortex shape model
model with λ
is moved based on the center of the segmented kidney using the GHT; (j)–(l) The renal cortex shape model is adapted in the test image after the 1st to 4th iterations in
eigen-space; (l) The ﬁnal outer and inner surfaces with model adaptation.

is searched along the normal vector ni and j > nt , and then vi is
updated by vij ; if vertex vi is outside the kidney (in the background of the binary image Ib ) and vertex vij is searched along the
inverse normal vector −ni and |j| > nt , and then vi is updated by
vij . nm is the maximal searching number, nt is a moving threshold
value, describing kidney region detection and small structures can
be neglected in order to improve the robustness to noise and nonkidney structures in the adjacent region. nm depends on the voxel
spacings and the distance between the initial outer layer mesh and
the kidney boundary in the binary image Ib .
After the outer layer mesh oτ is deformed, it is converted into
a binary image Ioτ . The Euclidean distance transformation algorithm
(Meijster et al., 20 0 0) is used to compute the signed Euclidean distance ﬁeld τ for deformed mesh and t for the binary image Ib .
The distance of mesh deformation can be computed by

Dregion =

1 
( τ (q ) −
nr q

t

(q ) )

(6)

where, nr denotes a normalization parameter in the local region. q
represents a coordinate vector of a voxel in Euclidean distance ﬁeld
; In the implementation, the signed Euclidean distance ﬁelds τ
for deformed mesh and t for coarse boundary can be calculated
locally for increased memory eﬃciency and decreased computation
time. nr is a normalization factor.
B. Parametric Adaptation
In the process of mesh deformation, the outer layer mesh oτ
may be far from the kidney boundary t . The desirable boundaries
may be near to surrounding organs; this may contribute to mesh
deformation. To utilize the shape prior, parametric adaptation is
employed to constrain the mesh deformation. In this condition, the
vertex positions are free variables and can be represented

 as mean
shape and shape variability. A renal cortex PDM oλ , iλ is generated based on the mean shape and shape variability obtained from
Eq. (1) and (2). This process can be expressed as




λ

oλ , i = T −1



¯o+

M

m=1

λm po,m , ¯ i +

M




λm pi,m

m=1

where, bm is the weight of the principal mode pm .

(7)

At the beginning of the parametric adaptation, the deformed
outer layer mesh oτ is registered to the mean outer layer
¯ o using the unit quaternion algorithm proposed by
model 
Horn (1987) and get similarity transformation parameters T and
registered mesh T (oτ ). The displacement oτ is computed as
τ

oτ = T (oτ ) − o =

M


bm po,m

(8)

m=1

The weight bm is computed
√ using√the Least Squares method, and
is then truncated bm ∈ [− 3λm , 3λm ]. Examples are shown in
Fig. 5(a)–(g) when the
 weight bm of PDM is changed. The PDM of
renal cortex oλ , iλ is generated according to Eq. (7).
During
 in the
 process of mesh deformation, the PDM of renal
cortex oλ , iλ is also adapted to constrain the deformation of
the outer layer mesh oτ . The task can be accomplished by minimizing the sum of surface distances between oτ and oλ , oτ and
t , which integrate and balance the shape prior and image boundary information. The function to minimize is deﬁned as

1
Dsur f ace (v ) =
Ns
+







ω1 d oτ (v ), oλ (v ) + ω2 d oτ (v ), t (v )

ω3







1/g iλ (v )

(9)

v

where, ns denotes a normalization parameter; ω1 , ω2 and ω3 are
the weights balancing the shape prior and image boundary information; g is gradient magnitude of the smoothed image.
In this phase, the initial outer mesh oτ of the renal cortex is
adapted to the coarse boundary of the kidney in the thresholded
image Ib by using the model adaptation algorithm. The process can
be iteratively employed to search the desirable meshes of the renal
cortex based on the previously adapted meshes of the renal cortex
by model deformation and parametric adaptation successively. The
objective function in Eq. (4) is then computed. The model adaptation algorithm is stopped when the distance difference D between two iterations is lower than a threshold value Dt . The whole
process is illustrated in Fig. 5(j)-(l).
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3.3. Non-uniform graph search
The initialized shapes are assumed to be close to the true
boundaries. The graph search algorithm is used to determine
the new position of the vertices in the initialized renal cortex
(oτ , iτ ). Compared to the previous work by Li et al. (2012),
herein a novel graph is constructed and a new cost function is formulated based on multi-scale boundary detection, allowing detection of the optimal surfaces of renal cortex.
As developed in the LOGISMOS framework by Li et al. (2006),
Garvin et al. (2008), and Yin et al. (2010), optimal surface detection
can be transformed into ﬁnding a minimum-cost closed set in a
corresponding vertex-weighted graph using max-ﬂow/min-cut algorithm (Boykov and Kolmogorov, 2004). Brieﬂy, this involves two
important tasks. First, a 3-D graph for each surface should be properly constructed corresponding to the original image, especially for
those detected surfaces that do not coincide with the intersection
of the z-axis. Second, a cost function should be formulated, since it
measures the unlikeliness that each node in the graph belongs on a
particular surface, and determines the set of feasible surfaces with
the lowest cost. The two important tasks were done independently
by Li et al. (2012), which may not lead to effective multiple surface detection. Therefore, the ﬁrst step of the proposed approach is
the computation of a multi-scale cost function and generation of a
multi-scale sampling space for the test image. Then, a non-uniform
graph is constructed to detect surfaces optimally.

3.3.1. Multi-scale boundary detection
The multi-scale boundary function measures surface likeliness
by evaluating boundary information in a scale-space approach. The
gradient magnitude of the input image is used to compute the
weight of the node in graph and uniformly-spaced sample the
node may lead to false detection of the outer surface as shown
in Fig. 6(a) and (d). In the Hessian scale space, using a too small
scale for the computation of the boundary information may not
detect weak boundaries like in the inner surface of the renal cortex
as shown in Fig. 6(e). On the other hand, a large scale may result
in false responses and undesired fusion of nearby strong boundaries (Fig. 6(b)). Furthermore, the Hessian matrix for a voxel in
an image is computed by the convolution with multi-scale second
order partial derivatives of 3D Gaussian functions (Li et al., 2012;
Frangi et al., 1998) (shown in Fig. 6(b)), and boundary responses go
away from the true boundaries of an object as the scale is increasing (shown in Fig. 6(b) and (e)). To address this problem, another
scale-space by the ﬁrst order partial derivatives is used to compute
the boundary information, non-uniformly sample the node and deﬁne the boundary in the scale-space,

B(x, y, z ) =

max

σmin ≤σs ≤σmax




σsγ ∇ Iσs (x, y, z ) ,

(10)

where σ s denotes the standard deviation of Gaussian functions,
which are a discretized value between σ min and σ max using a linear scale,  ·  is the computation of gradient magnitude, γ is the
scale adapted parameter, ∇ Iσ (x, y, z) is the computation of gradient
based on the ﬁrst order partial derivatives of Gaussian functions,
i.e.,

⎧
x
x
⎪
⎨∇ Iσs (x, y, z ) = I (x, y, z ) ∗ Gσs (x, y, z )
y
∇ Iσs (x, y, z ) = ∇ Iσs (x, y, z ) = I (x, y, z ) ∗ Gyσs (x, y, z ).
⎪
⎩∇ Iz x, y, z = I x, y, z ∗ Gz x, y, z
) (
) σs (
)
σs (

y

(11)

where, ∗ is the convolution operation; Gxσs (x, y, z ), Gσs (x, y, z ) and
Gzσs (x, y, z ) are the ﬁrst order partial derivatives of Gaussian functions.

3.3.2. Non-uniform graph construction
The multi-scale boundary responses are obtained by selecting
the maximum response over the range of all scales (Eq. (10)). The
scale at which the response is maximal is further used to estimate
the sampling steps for subsequent graph construction as shown
in Fig. 7(b). A weighted and directed graph G is constructed in a
narrowband around the initialized PDM (oτ , iτ ). Note that the
graph G corresponding to the outer or inner surface of the initialized renal cortex, respectively. As Fig. 7(a) illustrates, each node of
a column in Go for the outer surface or Gi for the inner surface
is sampled along the gradient direction in Euclidean distance ﬁeld
of an initial kidney oτ . This procedure is designed in an adaptive
fashion to detect optimal surface and avoid incorrect local surface
propagation (Li et al., 2012). The sampling steps for the kth vertex
vk on the outer or inner surface are computed along the gradient direction gk (pik ) by using the distance to the desirable surface:
the smaller step size for the neighboring region of the desirable
surface while the larger step size for the regions far from the desirable surface. To address this, the intra-column sampling step is
computed by

dkintra (pk ) = fd (B(pk ) ),

(12)

where pk indicates the coordinate of the kth vertex on the outer or
inner surface along the gradient direction gk (pik ) (or the opposite
direction −gk (pik )), and fd is a linear function mapping boundary
information into a step size, i.e., high value to small step size and
vice versa. Once the sampled points are obtained to generate the
columns, the cost can be computed for each node in the graph G.
Computation of coordinates is heavy; therefore, herein coordinates
for each sampled point are recursively computed from the initialized mesh of the outer surface as

pk =

⎧ i
pk = pik−1 +
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎨














intra


j−1



dkintra pk i−1 · gk pik−1
·dkintra pik−1 ,

pkj = pkj−1 −



dkintra pkj−1 · gk pkj−1

⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎩

·dk

pk

,

pik = pkj = vk = (xk , yk , zk ),



1 ≤ i ≤ Nu ;



(13)
1 ≤ j ≤ Nb ;
i = j = 0.

where pki is coordinate of the ith sampled point along the gradient
direction gk (pik−1 ) (i = 1, · · · , Nu ), pk is coordinate of the jth samj

j−1

pled point along the gradient direction gk (pk ) ( j = 1, · · · , Nb),
and Nu and Nb are the number of sampled points along and opposite the normal direction, respectively.
After all nodes are obtained for the outer or inner surface,
nodes in graph G can be connected with three types of weighted
and directed arcs: the intra-column arc E intra , the inter-column arc
E inter , and the terminal arc E terminal . The intra-column arc E intra
connects two neighboring nodes in a column from up to bottom as
shown in Fig. 7(b) (the green arrows). The inter-column arc E inter
connects two neighboring nodes in two neighboring columns from
up to bottom as shown in Fig. 7(b) (the black arrows). The terminal
arc E terminal connects all nodes in G to two terminal nodes S or T,
if the weight is positive then the node is connected to the terminal
node S; otherwise, the node is connected to the terminal node T.
For the kth column in a graph, a node can be denoted as Vklv for
the graph G (lv = 1, 2, · · · , Nu + Nb + 1). The node in the neighboring k th column can be denoted as Vklv . Mathematically, the three
types of arcs can be written as,





E intra = Vklv , Vklv −1 ,



l −μ

E inter = Vklv , Vkv



(14)
,

(15)
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Fig. 6. Boundary computation in multi-scale space. (a) The gradient magnitude image is used as the cost image for the reﬁnement of the outer surface (the red curve); (b)
Hessian-based image (σs = 3.0) is used as the cost image for the reﬁnement of the inner surface (the red curve); (c) The original image, the reﬁned outer and inner surfaces
(the red curves) using the method proposed by Li et al. (2012); (d) The gradient magnitude image is used as the cost image for the reﬁnement of the outer surface (the red
curve), and graph search is applied iteratively; (e) Hessian-based image (σs = 1.0) is used as the cost image for the reﬁnement of the inner surface (the red curve); (f) The
original image and the reﬁned outer and inner surfaces (the red curves) using the method proposed by Li et al. (2012); (g) The boundary responses in multiple scale space
by the ﬁrst order partial derivatives is used as the cost image for the reﬁnement of the outer surface by using the proposed non-uniform graph search (the red curve); (h)
The ﬁltered image is used as the cost image for the reﬁnement of the inner surface (the red curve) by using the proposed non-uniform graph search (the red curve); (i)
The original image, the reﬁned outer and inner surfaces (the red curves) using by using the proposed non-uniform graph search (the red curves). (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

E

terminal

=









S, Vklv ,

Vklv , T

,

 
ω Vklv > 0;
 
ω Vklv ≤ 0;

inner surface is deﬁned as

(16)

where μ is the inter-column smoothness constraint for the outer
or inner surface. ω is the weight of a node Vklv . For the ﬁrst two

types of arcs E intra and E inter , the cost is set to inﬁnity. The cost of
terminal arcs can be deﬁned as the absolute value of the weight
of the corresponding node. The weight of a node for the outer or

⎧  
 


⎪
⎪
ω Voklv = −B plokv + B plokv −1 ,
⎪
⎪
⎪
 
⎨  lv 
ω Vok = −B plokv ,
 
  

⎪
⎪
ω Viklv = −I plikv + I plikv −1 ,
⎪
⎪
⎪
 
⎩  lv 
ω Vik = −I plikv ,

lv = 2, 3, · · · ,
Nu + Nb + 1;
lv = 1;
lv = 2, 3, · · · ,
Nu + Nb + 1;
lv = 1,

(17)
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Fig. 7. Graph Construction. (a) The initialized outer and inner surfaces; (b) The proposed non-uniform graph for optimal surface detection; (c) The reﬁned outer and inner
surfaces by using the proposed non-uniform graph for optimal surface detection.

Fig. 8. Final renal cortex generation. (a) The binary images of the outer and inner surfaces; (b) The coarse renal cortex; (c) The reﬁned renal cortex.

lv
where, ω (Vok
) is the weight of the node in the graph Go for

lv
the outer surface, B(pok
) is the boundary information in multi-

lv
scale space for the node Vok
in the graph Go for the outer surface,
lv
lv
pok
computed by Eq. (13) is the coordinate of the node Vok
in the

boundary image; ω (Viklv ) is the weight of the node in the graph Gi

for the inner surface, I (piklv ) is the ﬁltered image intensity for the

node Viklv in the graph Gi for the inner surface, piklv is also the co-

ordinate of the node Viklv in the boundary image and computed as
Eq. (13). There are two reasons why the weights of nodes for the
inner surface is computed according to the ﬁltered image intensity. First, the second order partial derivatives of images may lead
to boundary deviation as illustrated in Fig. 6; second, the inner
boundary is much weaker than the outer boundary, and the ﬁrst
order partial derivative is small, the under-segmentation or oversegmentation of the inner surface may result. The outer and inner
surfaces are converted into binary images as shown in Fig. 8(a).
The coarse renal cortex is then obtained by subtracting the inner binary image from the outer binary image. A simple thresholding method is applied to the ﬁltered image combined with the
coarse renal cortex as shown in Fig. 8(b). For each slice in axial view as shown in Fig. 8(b), the run length encoding method
(Ibanez et al., 2005) is used to label the connected components
and represent the binary objects. The connected component with
the largest number of pixels is kept in the binary label image in order to remove small regions such as renal arteries and renal veins
as shown in Fig. 8(c).
4. Parameter selection for reproducible research
1) Renal Cortex Model Construction
In creating statistical shape of renal cortex, the kidneys and
closed inner regions including medulla and pelvis were manually

traced for each original volume. The binary volume of kidneys and
closed inner regions were subsequently transformed into outer surfaces and inner surfaces, respectively. The two types of surfaces
were simpliﬁed as triangle meshes with 30 0 0 vertices. After obtaining the corresponding relationship and parameters of similarity
transformation, the amount of shape variance of outer and inner
surfaces were truncated at 98% of the total variation present in the
training set.
2) Renal Cortex Initialization
The variance of the Gaussian smoothing ﬁlter was set to 1, and
its kernel width was set to 9. The corresponding angle steps tα and
tβ were both set to 9°. A threshold value b = 0.4 was used to obtain a rough contour of the kidney. A morphological opening with
spherical structuring elements (radius was set to 2) was used to
remove small structures. κ = 25 typically can control the balance
between region and surface constraints. In our experiments, the
voxel spacing range is 0.5 mm to 5.0 mm; nt = 5 were appropriate to eﬃciently deform the initial surface. For the consideration
of memory usage, the number of sampling points nm was set to
20. The bounding box is computed for the outer layer mesh and
is broadened with 20 voxels in the six end points so as to obtain
a local binary image and compute the signed Euclidean distance
ﬁelds. In the implementation of renal cortex model adaptation, the
mean shape model of renal cortex
in the eigen-space
 was adapted

˜ m to 3λ
˜ m of the eigenvalues
with the truncation between − 3λ
computed by PCA. Renal cortex initialization is stopped as the distance difference D is lower than the threshold value Dt = 0.01.
3) Renal Cortex Segmentation
After obtaining the initial renal cortex, a local rectangular region extending the bounding box by 50 pixels was used to detect the outer and inner surface. The local image was linearly interpolated higher resolutions with voxel spacings 0.25 mm × 0.25
mm × 0.25 mm. In this study, we used the curvature anisotropic
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diffusion ﬁltering (Whitaker and Xue, 2001), which enhances
the renal cortex boundaries while minimizing the noise. When
smoothing by this ﬁlter, the conductance parameter λa was set to
3, the time step ta was 0.06, the number of iterations na was typically set to 10. In terms of computing the multi-scale boundary,
the scales σ s were set as 1.0, 1.5 and 2.0, respectively, and the scale
adapted parameter γ = 0.6. Based on the minimal and the maxiintra (p ) was linearly
mal scales, the intra-column sampling step dok
ok
intra
mapped to [0.01 mm, 0.6 mm] and dik (pik ) was linearly mapped
to [0.1 mm, 0.5 mm] according to Eq. (12). The number of sampled
points Nu and Nb was 15. The smoothness constraint μ was set
to 1.
5. Experiments
5.1. Subject data
The proposed method was tested on a clinical CT data set
consisting of 58 abdominal volume datasets acquired during preoperative screening and containing contrast-enhanced images acquired from two different types of CT scanners (GE Medical systems, LightSpeed Ultra; and Philips, Mx80 0 0 IDT 16). The pixel size
varied from 0.63 to 1 mm, slice thickness from 0.5 to 5 mm and
slice numbers from 54 to 525. The reference delineation was provided by experienced experts.
5.2. Evaluation metrics and comparisons
Eight surface- and volume-based segmentation metrics were
used to evaluate the results of the proposed approach (Heimann
et al., 2009; Li et al., 2012): Average Symmetric Surface Distance
(in mm) (ASSD), Average Symmetric Root Mean Square Surface Distance (in mm) (ASRMSSD), Signed Relative Volume Difference (%)
(SRVD), Volume Overlap Error (%) (VOE), True Positive Fraction (%)
(TPF), False Positive Fraction (%) (FPF), and Dice Similarity Coeﬃcient (%) (DSC). Paired t-tests were used to compare the segmentation errors in DSC and a p-value less than 0.05 was considered
statistically signiﬁcant.
To quantitatively evaluate the performance of our method, we
compared the segmentation results to previously established methods: the graph cut based method (Chen et al., 2012a), Traditional
Graph Search method (TGS), Iterative Traditional Graph Search
method (ITGS), the Hessian based graph search method (Li et al.,
2012), the random forest based method (Jin et al., 2016), and our
proposed Non-Uniform Graph Search (NUGS). We used the crossvalidation evaluation strategy, one data set consists of 36 CT scans
and the other contains 22 CT scans. Two renal cortex shape models were trained for cross-initialization for TGS and NUGS, and two
random forest classiﬁers were also trained for renal cortex segmentation for the random forest based method. Our method was
implemented in C++ and tested on a 64-bit desktop PC (3.1 GHz
Core (TM) i5-3450 CPU and 16 GB RAM).
5.3. Experimental results
5.3.1. Kidney segmentation
We compared our approach with the closely related methods:
Chen et al. (2012a), Jin et al. (2016), TGS, ITGS and Li et al. (2012).
To make a fair comparison to the most closely related method:
TGS and ITGS, the same kidney segmentation framework is used
in these graph search based methods, i.e., the same shape correspondence establishment, shape initialization strategy and postprocessing. The only difference is the graph search optimization
method used to reﬁne the kidney surface. In TGS and ITGS, the
weight of the node was computed according to the gradient magnitude of the ﬁltered images to compute the weights of nodes and
detect the ﬁnal outer surface.
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Fig. 9 compares one kidney segmentation case between initialization, the random forest based method (Jin et al., 2016), TGS,
ITGS and our NUGS method in a challenging case where the contrast between renal cortex and renal medulla is the similar as that
between renal cortex and background. One original image slice was
shown in Fig. 9(a). The 3D visualization of reference segmentation in two view points was shown in Fig. 9(b). As can be seen
in Fig. 9(c), the initial outer surface was coarsely detected by using
the model adaptation procedure; however, one part of the surface
stopped at the boundary between renal cortex and renal medulla
since the intensity value is very low and close to the background
near the liver. Thus, surface distance between the initialized outer
surface and reference segmentation achieved to 10.1mm as shown
in Fig. 9(d). Fig. 9(g) shows the gradient magnitude image was
used to compute the weight of the node for TGS, and the detected outer surface still stopped at the boundary between renal
cortex and renal medulla. Even though the ITGS method was employed, the detected outer surface did not still moved to the outer
boundary of the kidney as shown in Fig. 9(j)-(k). As can be seen
in Fig. 9(m)-(n), the multi-scale boundary image was used to compute the weight of the node and the proposed non-uniform graph
search method successfully made the initial outer surface move to
the outer boundary of the kidney. By contrast, surface distance was
much smaller between the outer surface by using the proposed
non-uniform graph search method and reference segmentation as
shown in Fig. 9(o).
Fig. 10 compares one kidney segmentation case between initialization, the random forest based method (Jin et al., 2016), TGS,
ITGS and our NUGS method in a challenging case where one pole
of the kidney is slender. One original image slice in coronal view
was shown in Fig. 10(a). The 3D visualization of reference segmentation in two view points was shown in Fig. 10(b). In the
model adaptation step, the initial outer surface was far from the
pole of the kidney as shown in Fig. 10(c). The reason is that in
model adaptation process, there was a large renal medulla loculus and morphological operations can not ﬁll this region. Similarly
in both TGS method and ITGS method, the detected outer surface did not still moved to the outer boundary of the kidney as
shown in Fig. 10(g)–(l). The TGS methods tended to produce undersegmentation as pointed by Li et al. (2012). By contrast, in our
method these under-segmented regions were effectively extracted
as shown in Fig. 10(n). These experimental results demonstrated
the robustness of our method against under-segmentation of the
kidney.
Segmentation evaluation is shown in Table 1. As can be seen
in the 1st and 2nd columns of Table 1, distances between the detected outer surface and the reference kidney segmentation were
0.41 ± 0.51 mm in ASSD and 1.04 ± 1.00 mm in ASRMSSD, which
were slightly larger than the results reported by Li et al. (2012).
In the paper of Li et al. (2012), authors used only 17 CT images to test their method. In the 3rd column of Table 1, volume difference SRVD was negative and much smaller than zero
in the initialization step (−16.09 ± 10.52%), TGS method (−10.09 ±
8.55%), random forest based method (−11.17 ± 6.91%) and ITGS
method (−9.18 ± 8.10%). This measure showed that these methods produce under-segmentation of the kidneys. Specially, performance of the ITGS method was slightly improved compared to
that of TGS (Paired t-tests in DSC, p = 6.97 × 10−4 ). In the paper of Chen et al. (2012a), authors used a voxel labeling method,
an iterative shape-constrained graph cut, to segment the kidney.
The TPF and FPF for the kidney segmentation were 96.32 ± 6.12%
and 0.29 ± 0.05%, respectively. The FPF was larger than the other
method. The TPF was smaller than the proposed NUGS method.
The DSC was 97.86 ± 2.41%, which showed the proposed NUGS
method outperformed (Li et al., 2012).
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Fig. 9. Kidney segmentation (the green curve is reference segmentation and the red curve is the detected kidney). (a) The original image in axial view; (b) The 3D visualization of reference segmentation; (c) The initialized outer surface; (d) The 3D visualization of surface distance between the initialized outer surface and reference
segmentation; (e) The outer surface by using the random forest based method (Jin et al., 2016); (f) The 3D visualization of surface distance between the outer surface by
using the random forest based method (Jin et al., 2016) and reference segmentation; (g) The gradient magnitude image and the detected outer surface by using traditional
graph search method; (h) The original image and the detected outer surface by using traditional graph search method; (i) The 3D visualization of surface distance between
the outer surface by using traditional graph search method and reference segmentation; (j) The gradient magnitude image and the detected outer surface by using iterative
traditional graph search method; (k) The original image and the detected outer surface by using traditional iterative graph search method; (l) The 3D visualization of surface
distance between the outer surface by using traditional iterative graph search method and reference segmentation; (m) The multi-scale boundary image and the detected
outer surface by using the proposed non-uniform graph search method; (n) The original image and the detected outer surface by using the proposed non-uniform graph
search method; (o) The 3D visualization of surface distance between the outer surface by using the proposed non-uniform graph search method and reference segmentation.
(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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Fig. 10. Kidney segmentation (the green curve is reference segmentation and the red curve is the detected kidney). (a) The original image in coronal view; (b) The 3D
visualization of reference segmentation; (c) The initialized outer surface; (d) The 3D visualization of surface distance between the initialized outer surface and reference
segmentation; (e) The outer surface by using the random forest based method (Jin et al., 2016); (f) The 3D visualization of surface distance between the outer surface by
using the random forest based method (Jin et al., 2016) and reference segmentation; (g) The gradient magnitude image and the detected outer surface by using traditional
graph search method; (h) The original image and the detected outer surface by using traditional graph search method; (i) The 3D visualization of surface distance between
the outer surface by using traditional graph search method and reference segmentation; (j) The gradient magnitude image and the detected outer surface by using traditional
iterative graph search method; (k) The original image and the detected outer surface by using traditional iterative graph search method; (l) The 3D visualization of surface
distance between the outer surface by using traditional iterative graph search method and reference segmentation; (m) The multi-scale boundary image and the detected
outer surface by using the proposed non-uniform graph search method; (n) The original image and the detected outer surface by using the proposed non-uniform graph
search method; (o) The 3D visualization of surface distance between the outer surface by using the proposed non-uniform graph search method and reference segmentation.
(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 1
Quantitative results and comparative performance evaluation for kidney segmentation (mean standard deviation). The bold numbers
identify the best results.
Method

ASSD[mm]

ASRMSSD[mm]

SRVD[%]

VOE[%]

TPF[%]

FPF[%]

DSC[%]

Initialization
TGS
Jin et al.
ITGS
Chen et al.
Li et al.
NUGS

2.01 ± 1.35
1.43 ± 1.08
1.28 ± 0.87
1.35 ± 1.00
/
0.14 ± 0.09
0.41 ± 0.51

2.99 ± 1.99
2.51 ± 1.72
2.20 ± 1.50
2.37 ± 1.67
/
0.66 ± 0.61
1.04 ± 1.00

−16.09 ± 10.52
−10.09 ± 8.55
−11.17 ± 6.91
−9.18 ± 8.10
/
1.42 ± 2.44
1.23 ± 5.29

18.92 ± 8.87
13.66 ± 7.30
13.27 ± 6.32
13.16 ± 6.69
/
2.43 ± 2.22
4.09 ± 4.41

82.32 ± 9.08
87.97 ± 7.39
87.71 ± 6.55
88.67 ± 6.82
96.32 ± 6.12
/
98.44 ± 2.84

0.01 ± 0.03
0.01 ± 0.03
0.01 ± 0.01
0.01 ± 0.03
0.29 ± 0.05
/
0.02 ± 0.03

89.26 ± 5.96
92.49 ± 4.60
92.77 ± 3.81
92.80 ± 4.16

5.3.2. Renal cortex segmentation
The single scale Hessian based cost function (σs = 1.0, 3.0) was
used to detect the inner surface for IGS method. In our experiments, the inner surface was detected by graph search methods
from the same initialized surfaces so as to compare the performance of these methods.
Fig. 11 compares one renal cortex segmentation case (the same
image as in Fig. 9) between initialization, the random forest based
method (Jin et al., 2016), Hessian-based (σs = 3.0) TGS, Hessianbased (σs = 1.0) TGS and our NUGS method. Fig. 11(a) shows the
original image in axial view. Fig. 11(b) shows the 3D visualization
of reference segmentation. The initialized renal cortex was undersegmented as shown in Fig. 11(c). However, the random forest
based method tended to produce over-segmentation as shown in
Fig. 11(e) since thickness and intensity range of the renal column
was similar as those of the renal cortex. Surface distance between
the inner surface and reference annotation was mostly large as
shown in Fig. 11(f). Fig. 11(g) shows the Hessian-based image (σs =
3.0) and the inner surface was detected by using traditional graph
search method. The inner surface stopped at the boundary of the
sheet structures computed according to a single scale second order
partial derivative (also Hessian matrix based); however, the boundary was far from the true boundary between renal cortex and renal medulla as shown in Fig. 11(h). Due to the under-segmentation
of the kidney in this case, renal cortex was under-segmented as
shown in Fig. 11(i). The inner surface was much closer for the
smaller scale (σs = 1.0) as shown in Fig. 11(j); however, renal cortex was also under-segmented as shown in Fig. 11(k)-(l). Fig. 11(m)
shows the ﬁltered image was used for the proposed non-uniform
graph search method to successfully detect the inner surface.
Fig. 12 compares one renal cortex segmentation case (the same
image as Fig. 10) between initialization, the random forest based
method (Jin et al., 2016), Hessian-based (σs = 3.0) TGS, Hessianbased (σs = 1.0) TGS and our NUGS method. Fig. 12(a) shows the
original image in coronal view. Fig. 12(b) shows the 3D visualization of reference segmentation. As can be seen in Fig. 12(c)-(d), initial renal cortex was falsely detected at the pole of the kidney due
to the under-segmentation of the kidney. The random forest based
method tended to produce over-segmentation of renal cortex and
contain renal column and rib as shown in Fig. Fig. 12(e)-(f). Surface distance between the inner surface and reference annotation
was also mostly large as shown in Fig. 12(f). The Hessian-based
methods for both σs = 3.0 and σs = 1.0 produced severe undersegmentation of renal cortex as shown in Fig. 11(g)–(l). As can be
seen in Fig. 12(n)-(o), renal cortex was accurately segmented except for a few structures.
Segmentation evaluation for renal cortex is shown in Table 2.
As can be depicted in the 1st and 2nd column of Table 2, surface distances between the detected renal cortex to the reference renal cortex segmentation were 0.12 ± 0.17 mm in ASSD and
0.61 ± 0.44 mm in ASRMSSD. The overall surface distance illustrated that the proposed NUGS outperformed the other methods.
SRVD was −13.01 ± 15.33%. It means the inner and outer surfaces

96.55 ± 1.77
97.86 ± 2.41

initially produced under-segmentation using the proposed model
adaptation method. SRVD was 15.68 ± 22.47% for the Hessianbased method (σs = 3.0), and SRVD was 33.31 ± 15.52% for the random forest based method (Jin et al., 2016). It means these two
methods produced over-segmentation on the whole. Compared
to the Hessian-based method with a larger single scale second
order partial derivative, renal cortex segmentation performance
was improved to the Hessian-based method with a smaller single scale second order partial derivative as can be seen in the
2nd row and the 4th row of Table 2 (Paired t-tests in DSC, p =
3.51 × 10−11 ). The TPF and FPF for the renal cortex segmentation
by using iterative shape-constrained graph cut (Chen et al., 2012a)
were 90.15 ± 3.11% and 0.85 ± 0.05%, respectively. By contrast, the
TPF and FPF for the renal cortex segmentation by using NUGS
were 98.71 ± 3.47% and 0.01 ± 0.01%, respectively. The overall DSC
of NUGS was 97.48 ± 3.18%. p values were 1.32 × 10−32 (NUGS vs
the Hessian-based method (σs = 3.0)), 1.80 × 10−25 (NUGS vs the
Hessian-based method (σs = 1.0)), 1.31 × 10−28 (NUGS vs the random forest based method) in paired t-tests. The total running time
of the proposed approach was approximately 5 minutes.
6. Conclusion and future work
In this paper, we present a novel framework, named CorteXpert, that improves the performance of the renal cortex quantiﬁcation. The proposed method was tested on 58 clinical CT images. An
overall segmentation accuracy of 97.86% ± 2.41% and 97.48% ± 3.18%
for kidney and cortex segmentation, respectively. First, the statistical shape model of the renal cortex is established so that we can
automatically initialize the outer surface and the inner surface of
the renal cortex in a test image. Second, renal cortex initialization
can provide approximate inner and outer surfaces of the kidney
and make it much easier to detect the weak boundary of the inner layer and remove the renal column. Third, we introduce a nonuniform graph search algorithm to detect the optimal boundary of
the renal cortex. Compared to the traditional multi-surface graph
search method, a new cost function is formulated based on multiscale boundary detection and a non-uniform graph is constructed.
Nodes are non-equidistantly sampled according to the initial surface. Sample points are denser in the regional candidate boundaries while they are sparser further from candidate boundaries.
The presented graph search algorithm can improve accuracy for renal cortex segmentation since we can control sampling steps.
Despite all signiﬁcant improvements in renal cortex segmentation, several limitations of the proposed segmentation method
exist. Renal cortex segmentation may still be imperfect in certain
cases where anatomical and pathology induced variations are not
captured by the model. As can be seen in Fig. 13, kidney anatomy
in this example is unexpectedly different: Fig. 13(a)-(b) shows 180°
rotation with respect to the conventional positioning of the normal
kidneys. Moreover, part of the renal cortex is missing. Renal veins
and arteries are highly enhanced with contrast agent such that the
boundaries between the renal cortex and renal veins and/or arteries are not clear, contributing to segmentation errors. One may
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Fig. 11. Renal cortex segmentation (the green curve is reference segmentation and the red curve is the detected surface). (a) The original image in axial view; (b) The
3D visualization of reference segmentation; (c) The initialized renal cortex; (d) The 3D visualization of surface distance between the initialized renal cortex and reference
segmentation; (e) The renal cortex by using the random forest based method (Jin et al., 2016); (f) The 3D visualization of surface distance between the detected renal cortex
by using the random forest based method (Jin et al., 2016) and reference segmentation; (g) The Hessian-based image (σs = 3.0) and the inner surface by using traditional
graph search method; (h) The original image and the detected renal cortex by using traditional graph search method; (i) The 3D visualization of surface distance between
the detected renal cortex by using traditional graph search method and reference segmentation; (j) The Hessian-based image (σs = 1.0) and the detected inner surface by
using traditional graph search method; (k) The original image and the detected renal cortex by using traditional graph search method; (l) The 3D visualization of surface
distance between the renal cortex by using traditional graph search method and reference segmentation; (m) The ﬁltered image and the detected inner surface by using
the proposed non-uniform graph search method; (n) The original image and the detected renal cortex by using the proposed non-uniform graph search method; (o) The 3D
visualization of surface distance between the renal cortex by using the proposed non-uniform graph search method and reference segmentation. (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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Fig. 12. Renal cortex segmentation (the green curve is reference segmentation and the red curve is the detected surface). (a) The original image in coronal view; (b) The
3D visualization of reference segmentation; (c) The initialized renal cortex; (d) The 3D visualization of surface distance between the initialized renal cortex and reference
segmentation; (e) The renal cortex by using the random forest based method (Jin et al., 2016); (f) The 3D visualization of surface distance between the detected renal cortex
by using the random forest based method (Jin et al., 2016) and reference segmentation; (g) The Hessian-based image (σs = 3.0) and the inner surface by using traditional
graph search method; (h) The original image and the detected renal cortex by using traditional graph search method; (i) The 3D visualization of surface distance between
the detected renal cortex by using traditional graph search method and reference segmentation; (j) The Hessian-based image (σs = 1.0) and the detected inner surface by
using traditional graph search method; (k) The original image and the detected renal cortex by using traditional graph search method; (l) The 3D visualization of surface
distance between the renal cortex by using traditional graph search method and reference segmentation; (m) The ﬁltered image and the detected inner surface by using
the proposed non-uniform graph search method; (n) The original image and the detected renal cortex by using the proposed non-uniform graph search method; (o) The 3D
visualization of surface distance between the renal cortex by using the proposed non-uniform graph search method and reference segmentation. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

D. Xiang et al. / Medical Image Analysis 42 (2017) 257–273

271

Table 2
Quantitative results and comparative performance evaluation for renal cortex segmentation (mean ± standard deviation). The bold
numbers identify the best results.
Method

ASSD[mm]

ASRMSSD[mm]

SRVD[%]

VOE[%]

TPF[%]

FPF[%]

DSC[%]

Initialization
TGS(σs = 3.0)
Jin et al.
TGS(σs = 1.0)
Chen et al.
Li et al.
NUGS

1.45 ± 0.80
1.43 ± 0.60
0.94 ± 0.31
0.86 ± 0.39
/
0.18 ± 0.11
0.12 ± 0.17

2.37 ± 1.37
2.46 ± 1.31
1.83 ± 0.62
1.83 ± 0.82
/
0.80 ± 0.64
0.61 ± 0.44

−13.01 ± 15.33
15.68 ± 22.47
33.31 ± 15.52
0.31 ± 16.16
/
2.37 ± 1.72
2.52 ± 4.76

49.78 ± 11.32
42.75 ± 7.87
31.20 ± 6.37
30.74 ± 7.72
/
4.38 ± 3.93
4.74 ± 5.61

62.04 ± 12.34
78.32 ± 11.21
94.65 ± 4.85
81.82 ± 9.15
90.15 ± 3.11
/
98.71 ± 3.47

0.06 ± 0.03
0.10 ± 0.06
0.09 ± 0.03
0.05 ± 0.03
0.85 ± 0.05
/
0.01 ± 0.01

66.06 ± 10.66
72.48 ± 6.57
81.34 ± 4.63
81.59 ± 5.44
/
90.50 ± 1.19
97.48 ± 3.18

Fig. 13. A diﬃcult case with large morphological change (the green curve is reference segmentation and the red curve is the detected surface). (a) Original image in axial
view; (b) 3D visualization of the reference segmentation; (c) Initialized renal cortex; (d) 3D visualization of surface distances between the initialized renal cortex and
reference segmentation; (e) Renal cortex by obtained using the random forest based method (Jin et al., 2016); (f) 3D visualization of surface distance between the renal
cortex detected using the random forest based method (Jin et al., 2016) and the reference segmentation; (g) Original image and the detected renal cortex obtained using
traditional graph search method (σs = 3.0); (h) 3D visualization of surface distance between the renal cortex detected using traditional graph search method and reference
segmentation (σs = 3.0); (i) Original image and the renal cortex detected using traditional graph search method (σs = 1.0); (j) 3D visualization of surface distance between
the detected renal cortex by using traditional graph search method and the reference segmentation (σs = 1.0); (k) Original image and the renal cortex detected using the
proposed non-uniform graph search method; (l) 3D visualization of surface distances between the renal cortex obtained using the proposed non-uniform graph search
method and the reference segmentation. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

think that incorporating more parameters into the model may be
a solution to address some of these problems. However, it is not a
viable solution because including more parameter helping in such
rare cases will unnecessarily increase the model complexity and
cause over-ﬁtting. Hence, in the current effort, the proposed system has a manual interaction tool for handling inaccurately segmented cases by allowing the users to correct the incorrect portion
of the boundaries.
Recently, deep learning has attracted substantial attention of
many researchers in medical image analysis due to its power-

ful learning representation of features at the low, mid, and highlevels. Although we are not aware of any particular deep learning
scheme developed for renal cortex segmentation, we strongly believe that a convolutional neural network (CNN) carefully trained
on a large number of image samples could reveal highly accurate and eﬃcient segmentation results. However, it is important
to note the current limitations of the deep learning methodologies in pixel-wise classiﬁcation (i.e., segmentation) problems. The
data augmentation and/or transfer learning are necessary to obtain reliable training of the CNN (Buty et al., 2016; Hussein et al.,
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2017). Fine tuning with transfer learning maybe an option to address some of these diﬃculties pertaining to deep learning networks but ﬁne-tuning, designing a suitable transfer learning, and
completely 3D implementation of all these are not straightforward.
Unlike well established computer vision tasks (i.e., ImageNET classiﬁcation (Deng et al., 2009)), obtaining suﬃciently large numbers
of radiology images is not easy. This is indeed the case in our speciﬁc task.
Although we have presented a fair amount of data for evaluating our proposed method, it is highly desirable to further increase
the numbers of available images for at least he following reasons:
Creating a better model – this requirement is vital particularly if
deep learning methods are to be considered. Unfortunately, contrast enhanced CT images for kidney diseases are not available in
publicly available data sets. One major reason is that CT require
ionizing radiation. Subsequently, it is diﬃcult to form large-enough
datasets of normal controls. Another reason is that the kidney disease prevalence in association with renal cortex is low. As a result,
imaging data availability is limited.
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