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Atlas-Based Segmentation of Abdominal Organs in 3D Ultrasound,
and its Application in Automated Kidney Segmentation

Mahdi Marsousi1, Konstantinos N. Plataniotis2 and Stergios Stergiopoulos3

Abstract— Automated segmentation of abdominal organs in
3D ultrasound images is an important and challenging task to-
ward computer assisted emergency diagnosis. However, speckle
noise, low-contrast organ tissues, intensity-profile inhomogene-
ity, and partial organ visibility are some ultrasound challenges
which limits the utility of the automated diagnosis solutions.
In this paper, an atlas-based method to automatically segment
an organ of interest in abdominal 3D ultrasound images is
proposed. The atlas model contains texture information and
shape knowledge of the organ, which facilitates an accurate
discrimination of organ from non-organ voxels in input 3D
ultrasound images. The proposed method offers a mechanism
to automatically detect the organ, and therefore, it eliminates
the need of manual initialization of organ segmentation. The
proposed method is applied to automatically segment the right
kidney in 3D ultrasound images. The experimental results
indicate that the proposed method provides a higher detection
and segmentation accuracy compared to state-of-the-art.

I. INTRODUCTION
The utility of three-dimensional (3D) ultrasound imaging

has been increased in medical diagnosis, due to quality
improvement and faster image acquisition recently achieved
in 3D ultrasound devices [1]. 3D ultrasound imagery pro-
vides a non-invasive and portable tool to visualize abdominal
organs and blunt trauma. In emergency diagnosis, ultrasound
imaging has advantages over magnetic resonance imaging
(MRI) and computed tomography, since (1) it rapidly ac-
quires abdominal views without imposing any side effect on
the patients, and (2) because of the portability of ultrasound
imaging devices, it eliminates the need of moving an unstable
patient from a resuscitation room to an imaging room [2]. For
computer assisted medical diagnosis, 3D ultrasound imaging
offers advantages compared to 2D ultrasound imaging in
terms of reliability, ease of use and accuracy [2]. A single
3D ultrasound image of a particular abdominal view reduces
viewing-angle dependency that exists in 2D systems, which
facilitates the design of automated medical diagnosis in
emergency applications [3]. Despite the advantages provided
by 3D ultrasound imagery, its excessive data complexity over
2D ultrasound arises an immediate need of computerized
tools to interpret, analyze and visualize volumetric data.

Automated organ segmentation is at the heart of com-
puterized medical diagnosis systems. In order to provide
automated organ segmentation, a robust and accurate organ
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detection module, which eliminates the need of manually
initializing segmentation, is essential. Although the tasks of
abdominal organ detection and segmentation in 3D MRI and
CT images have been extensively investigated [4]–[6], there
are relatively few methods representing organ segmentation
in 3D ultrasound images. This is because processing and
analyzing ultrasound images face the following challenges:

• Ultrasound-specific challenges: speckle noise de-
grades quality of images. Low contrast intensity reduces
separability of an organ from its surrounding, and
inconsistent intensity and discontinuity among organ’s
boundary result in a poor segmentation quality [7].

• Organ-specific difficulties: the location of an organ
and its neighbor tissues with high beam scattering
characteristic may result in partial invisibility of the
organ shape leading to incorrect decisions [8].

• Operator-specific problems: misalignment of the ultra-
sound probe due to operator’s inexperience and limited
training leads to an organ’s partial visibility causing a
mis-characterization of the organ’s shape [8].

The task of abdominal organ segmentation in 3D ultra-
sound images has been addressed in some papers [8]–[11].
Fernandez and Lopez [9] proposed a method to segment
the kidney in 3D ultrasound images by combining Markov
random field and active contours (MRF-AC). The MRF ap-
plies intensity information of neighbor pixels in the contour
evolution process, which reduces the segmentation sensitivity
to noise. The kidney segmentation task is performed in 2D
slices, and then, the segmented contours are concatenated
to build up a 3D kidney shape. This results in shape
discontinuity along the z− axis. Yang et al. [10] proposed
a method based on atlas registration and statistical texture
priors to segment the prostate in trasrectal ultrasound (TRUS)
images. The method in [10] uses a prostate atlas to train SVM
classifiers, and thereby, it does not require initialization of
a shape model. The atlas database is comprised by a set
of TRUS images and ground-truth (masks) data. Each input
image is registered on the atlas images to find deformation
fields. The deformation fileds are applied on the images and
masks in the atlas database, and then, SVM classifiers are
trained to discriminate between prostate and non-prostate
voxels. Finally, the input image is classified into prostate
and non-prostate voxels by the trained SVMs. Since for
each input image, SVM classifiers are required to be trained,
this method burdens with a massive computational load.
Recently, Noll et al. [11] proposed a method to detect
and segment the kidney in 3D ultrasound volumes. In their



method, the ultrasound volumes are preprocessed to reduce
speckle noise and improve intensity contrast. The method in
[11] starts with placing candidate nodes on some brightest
points on the input volume. Then, a search graph strategy
is employed in which radial rays are emitted on three
coordinate planes to find zero-to-one transitions. Each radial
ray with a zero-to-one transition is labeled as “on”, and
otherwise “off”. A candidate node with more than 80%
of on-rays is selected as the detected kidney center point.
To segment the detected kidney, the on-rays are used to
initialize the fast marching approach [12]. The fast marching
output is then used to create an initial level-set function, and
finally, the edge-based level-set method [13] is applied to
segment the kidney. This method often made false positive
detections by selecting non-kidney regions. In addition, the
edge-based level-set method is highly sensitive to noise and
discontinuities among the kidney’s boundary.

Marsousi et al. [8] proposed a shape-based kidney detec-
tion and segmentation. An input 3D ultrasound volume is
preprocessed to address the ultrasound-specific challenges.
By applying local thresholding on the preprocessed volume,
a binarized volume is obtained that classifies voxels into
kidney and non-kidney candidates. Then, an area-based rigid
registration supporting a translational deformation is applied
to find value and location of the maximum matching of
a kidney shape model and the binarized volume. If the
maximum matching is greater than a threshold, it decides
that the kidney exists in the input ultrasound volume. Then,
the fitted shape is deformed by rigid and elastic deformations
(region-based level-set) to segment the detected kidney. Since
this method utilizes area-based registration, it is not robust
against the organ orientation and scaling.

In this paper, an atlas-based method is presented to seg-
ment abdominal organs in 3D ultrasound images. The atlas
database includes a reference volume, organ shape model
and spatially aligned neural network (SANN) classifiers.
The proposed method consists of training and segmentation
processes. In the training step, a set of training ultrasound
volumes along with their ground-truth data are rigidly regis-
tered on the reference volume. Then, the registered training
volumes are used to generate the atlas database. In the seg-
mentation step, a feature-based rigid registration is applied
to fit the organ shape of the input volume on the organ shape
of the reference volume. Afterward, SANNs are applied to
classify voxels into organ and non-organ candidates based
on texture information, and a binarized volume is obtained.
Then, the organ shape model is rigidly deformed to fit inside
the binarized volume. The fitted shape model is used to
initialize a level-set function. Finally, the region-based level-
set method is applied to segment the organ. Compared to the
method in [8], this paper offers the following contributions:
• Texture information is utilized to classify voxels into

organ and non-organ candidates, instead of using local
thresholding, which reduces false positive detections.

• A feature-based registration is applied to match input
volumes on the organ shape in the reference volume,
which improves the performance of classifying voxels.

• An affine registration based on cross-correlation matrix
is applied to fit the organ shape model on the clas-
sified voxels, and to decide whether the organ exists.
It increases the segmentation robustness against organ
deformations.

The rest of the paper is organized as follows: In section
II, the proposed method including the training and segmen-
tation steps are introduced in details. Then, in section III,
some experiments are represented to evaluate the proposed
solution. Finally, section IV concludes the paper.

II. METHODOLOGY

This paper introduces an approach to segment abdmonial
organs in 3D ultrasound images using an atlas model. The
atlas model is generated through a training process, and
is comprised by organ shape model and SANN classifiers.
Then, the atlas model is used in the segmentation process
which is comprised by classification, rigid and elastic de-
formations. In this section, the training and segmentation
processes are represented.

A. Training Process

The training process is designed to generate an atlas model
which represents shape and texture information of an organ
of interest. Assume, a training set of ultrasound volumes,{
V tri ∈ <Sx×Sy×Sz |i ∈ [1, 2, · · · , Ntr]

}
, exists in which

each volume entirely visualizes the organ shape. Ground-
truth data as binarized masks outlining the organ shapes
are manually generated for each training volume as, {φtri},
where φtri(x, y, z) = 1 for voxels belonging to the organ,
and otherwise, φtri(x, y, z) = −1. We are interested in a sta-
tistical shape model representing an average organ shape and
its variability. A reference shape, φref , is arbitrarily selected
from the training shapes, and all the other training shapes
are rigidly registered on the reference shape via similarity
transformations,

{
M i|i ∈ [1, 2, · · · , Ntr]

}
. The transforma-

tion matrices, M is, are applied on both the training volumes
and masks, {V regi , φregi |i ∈ [1, 2, · · · , Ntr]}. Then, the sta-
tistical shape model is generated as, Φ =

∑Ntr
n=1 φ

regi

Ntr
[8].

Texture information of the organ of interest provides a
mean to discriminate organ from non-organ voxels. The 3D
Gabor filters are recognized as an effective tool to extract
texture information [14], and they are utilized to extract
texture features from the registered training volumes as [14],

g( ~X) = ĝ( ~X).e(2πj(F sin θy cos θzx+F sin θy sin θzy+F cos θyz)), (1)

ĝ(x, y, z) =
1

(2π)
3
2 σ3

.e

(
− (x2+y2+z2)

2σ2

)
, (2)

where F is the radial center frequency, ~X is [x, y, z]T , σ is
the standard deviation which determines the Gaussian scale,
and θy and θz are rotational angles over y- and z- axes,
respectively. A set of Gabor filters with σ ∈ {0.3, 0.6},
θz ∈ {0, π3 ,

2π
3 } and θy ∈ {0, π4 ,

pi
2 } are applied on

the registered training resulting in 18 volumetric features,{
V
regi
gj = V regi ∗ gj |j ∈ [1, 2, · · · , 18]

}
.
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Fig. 1. Displaying processing pipeline of training spatially aligned neural network (SANN) classifiers.

:  Image Domain

Fig. 2. Displaying an arbitrary organ split into Nx = 3 and Ny = 3
rectangular regions. For the ease of understanding, a 2D model is depicted.

The texture features are fed into SANNs classifiers, which

each classifier is trained and applied on a rectangular region

which partially covers the organ of interest. The combination

of the classifiers encompasses the entire organ shape (Fig.

2). Lets define Nx, Ny and Nz as the number of spatially

aligned classifiers over x-, y- and z- axes, respectively.

Also, we consider 50% pixel overlapping for aligning the

rectangular regions. For an organ of size Wx×Wy×Wz and

its top-left corner point coordinated at �B = [Bx, By, Bz]
T ,

boundaries of rectangular region, Φ[kx,ky,kz ], are calculated

as, Bx + Wx(Kx−1)
Nx+1 ≤ x < Bx + Wx(Kx+1)

Nx+1 , By +
Wy(Ky−1)

Ny+1 ≤ y < By +
Wy(Ky+1)

Ny+1 , and Bz +
Wz(Kz−1)

Nz+1 ≤
z < Bz + Wz(Kz+1)

Nz+1 , where kx ∈ [1, 2, · · · , Nx], ky ∈
[1, 2, · · · , Ny] and kz ∈ [1, 2, · · · , Nz]. For each training

volume, sub-volumes from V
regi
gj and φregi are extracted as,

V
regi

gj ,[kx,ky,kz ]
and φ

regi

[kx,ky,kz ]
. In the next step, feature vectors

f
regi

gj ,[kx,ky,kz ]
and label vector l

regi

[kx,ky,kz ]
are obtained by

vectorizing V
regi

gj ,[kx,ky,kz ]
and φ

regi

[kx,ky,kz ]
, respectively. Then, a

feature matrix is formed by concatenating the feature vectors,

as f
regi

[kx,ky,kz ]
. To form the total features matrix, f[kx,ky,kz ], all

the features are then vertically concatenated as, f[kx,ky,kz ] =

[f
reg1

[kx,ky,kz ]
; f

reg2

[kx,ky,kz ]
; · · · ; fregNtr

[kx,ky,kz ]
]. The total labels vec-

tor, l[kx,ky,kz ], is obtained by vertical concatenation of la-

bels as, l[kx,ky,kz ] = [l
reg1

[kx,ky,kz ]
; l

reg2

[kx,ky,kz ]
; · · · ; lregNtr

[kx,ky,kz ]
].

Finally for each sub-volume, a neural network classifier,

NET[kx,ky,kz ], are trained with the total features matrix,

f[kx,ky,kz ], and total labels vector, l[kx,ky,kz ]. This architec-

ture, shown in Fig. 1, provides two advantages:

• Texture information highly vary throughout the entire

organ shape, and training a single classifier leads to

poor sensitivity of detecting voxels of the organ of in-

terest. Thus, using multiple spatially aligned classifiers

improves the segmentation sensitivity [15].

• By spatially aligning the classifiers, irrelevant voxels,

which are placed out of spatial range of the classifiers,

are not entered into classification, resulting in less false

positive detections.

B. Segmentation Process

In this sub-section, we introduce how the generated atlas

database is applied to automatically segment the abdominal

organ in input 3D ultrasound images (Fig. 3). In order to

achieve an automated segmentation method, an organ detec-

tion process is needed that (1) decides whether the organ

exists in the input 3D image, and (2) finds the alignment of

the detected organ respect to the reference shape. Assume

V in is an input 3D ultrasound image. First, voxels of V in

are classified into organ and non-organ candidates using

the trained SANN classifiers, NET[kx,ky,kz ], and V cl is

achieved. Then, the generated shape model, Φ, is rigidly

registered on V cl using an affine transformation, and Φreg

is achieved. If the maximum cross-correlation, Γ, is greater

than a threshold level, Γth, then the organ detection process

decides that the organ of interest exists in V in. Then, Φreg is

used to initialize a level-set function, and finally, the level-

set function is propagated using the region-based level-set

approach until the organ of interest is segmented [8].

1) Organ Detection: The organ detection process starts

with denoising V in by a 3D Gaussian-Hamming finite

impulse response (FIR) filter introduced in [8], and V dn

is obtained. Before applying SANN classifiers, an existing

organ of interest in V in should be correctly aligned within

the boundaries of SANNs, otherwise its voxels are not

correctly classified. Hence, a feature-based registration based

on an affine transformation is applied to align the organ (if

exists) in V in on φref . First, we need to select some featured

points on the reference shape, and then extract features

of the selected points. The featured points are selected

on φref as
{
[xk, yk, zk]

T |φref (xk, yk, zk) > 0
}

where k ∈
[1, 2, · · · , Nfe]. Nfe featured points are selected on φref

with equal distances from each other. Then, for each feature

point, its feature is extracted as fek = {V ref (n,m, l)|xk −



wfe ≤ n ≤ xk+wfe, yk−wfe ≤ m ≤ yk+wfe, zk−wfe ≤
l ≤ zk + wfe} where wfe is the half-width of the features.
Afterward, for each extracted feature, fek, we search for
a corresponding point on V dn based on a maximum cross-
correlation metric, [x̂k, ŷk, ẑk]T . Having the pairs of points,
the feature-based registration problem is formulated as,

min
~paff

Nfe∑
k=1

∥∥∥∥∥∥
 xk
yk
zk

− T~paff

 x̂k
ŷk
ẑk

∥∥∥∥∥∥
2

, (3)

T~paff =


 sx · r11 r12 r13

r21 sy · r22 r23

r31 r32 sz · r33

  tx
ty
tz


~0T 1


Rθx ·Rθy ·Rθz =

 r11 r12 r13

r21 r22 r23

r31 r32 r33

 ,
(4)

where ~paff = [tx, ty, tz, sx, sy, sz, θx, θy, θz] is the parame-
ters’ vector of the affine transformation, {tx, ty, tz} are trans-
lation parameters, {sx, sy, sz} are the scaling parameters,
and {θx, θy, θz} are the orientation parameters. Rθx , Rθy ,
and Rθz are 3D rotation matrices along x-, y− and z- axes,
respectively. The equation (3) is solved using the proposed
method by Horn [16]. The calculated affine transformation
is then applied on V dn to align its organ (if exists) on the
reference shape, and V reg is obtained.

In order to classify voxels of the registered volume, V reg,
into organ and non-organ candidates, its texture features
are required to be extracted using equation (1) with σ ∈
{0.3, 0.6}, θz ∈ {0, π3 ,

2π
3 } and θy ∈ {0, π4 ,

pi
2 }, result-

ing in 18 volumetric features,
{
V reggj |j ∈ [1, 2, · · · , 18]

}
.

Then, all the sub-volumes are extracted and vectorized to
form feature vectors, f[kx,ky,kz ], where kx ∈ [1, 2, · · · , Nx],
ky ∈ [1, 2, · · · , Ny] and kz ∈ [1, 2, · · · , Nz]. Afterward, the
feature vectors are fed into their corresponding classifiers,
NET[kx,ky,kz ], and label vectors, l[kx,ky,kz ], are achieved.
Then, the label vectors are reshaped to form sub-volumes,
Y[kx,ky,kz ], and by combining sub-volumes, adding over-
lapped sub-volumes, and dividing the result by 8, the classi-
fied volume is obtained, V cl, where 0 ≤ V cl(x, y, z) ≤ 1.

The organ detection process is finalized by performing
an area-based registration to fit the shape model on V cl.
It searches for an affine transform, T~pST , that maximizes
the cross-correlation between V cl and transformed shape
model, Φ(T ′~paff [x, y, z]T ), where T ′ and ~paff are defined
in equation (3). This registration problem is formulated as,

~paff , ~Xc,Γ = max
~paff

max
~Xc∈Ω

∑
~Y ∈ΩΦ

V cl( ~Xc + ~Y )Φ(T ′~paff
~Y )

, (5)

where Γ is the maximum cross-correlation of V cl and
deformed Φ, and ~Xc = [xc, yc, zc]

T is the candidate or-
gan shape center. Ω and ΩΦ are domains of the input
ultrasound volume and organ shape model, respectively.
In order to accept the fitted shape model as a detected
organ, the maximum cross-correlation should be higher than
the threshold value , Γ > Γmin. The Gradient Descent
method is used to solve equation (5), in which 12 up-
dating vectors are utilized to iteratively update ~paff to

move toward a sub-optimal solution. The updating vectors
are ~e1,2 = [±δsx, 0, 0, 0, 0, 0], ~e3,4 = [0,±δsy, 0, 0, 0, 0],
~e5,6 = [0, 0,±δsz, 0, 0, 0], ~e7,8 = [0, 0, 0, 0,±δθx, 0, 0],
~e9,10 = [0, 0, 0, 0,±δθy, 0] and ~e11,12 = [0, 0, 0, 0, 0,±δθz].
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Fig. 3. Displaying block diagram of the proposed organ segmentation.

III. EXPERIMENTS AND RESULTS
The proposed method is applied to automatically segment

the right kidney in abdominal 3D ultrasound images. We
setup experiments to evaluate accuracy of the proposed
approach, compared to the existing 3D kidney segmentation
methods including MRF-AC [9], Marsousi et al.-EMBC14
[8], and Noll et al. [11]. The proposed approach is im-
plemented using parallel processing in MATLAB R2014b
(parfor) on a processor with 8 cores (3MHz). All the other
methods are also developed in MATLAB. A set of ultrasound
volumes are used including 36 volumes acquired by a GE
Voluson e ultrasound machine from 8 healthy male and
female volunteers, in which each volume has a size of
178 × 250 × 178px3. 21 volumes are acquired from the
right upper quadrant view of the eFAST exam [17], which
each of them visualizes the right kidney, “with-kidney”. The
other volumes are randomly acquired from other abdominal
ultrasound views, “without-kidney”. We split the volumes
into training and evaluation sets. The training set contains
6 volumes to create the atlas database. The evaluation set
consists of 30 volumes in which 15 volumes are with-kidney
and the other 15 volumes are without-kidney. For each with-
kidney volume, a ground-truth, GT , as a 3D binarized mask
is manually drawn using Turtle-seg [18].

To evaluate the kidney detection methods, we use the
accuracy measure as AccKD = 100% NTP+NTN

NTP+NTN+NFP+NFN
where NTP , NTN , NFP and NFN are numbers of true pos-
itive, true negative, false positive and false negative kidney
detections, respectively. To evaluate the kidney segmentation
methods, we use Dice’s coefficient DSC = 2TP

2TP+FN+FP ,
accuracy measure ACC = (100%). TP+TN

TP+TN+FP+FN , and
mean distance MD = 1

|AS|
∫
p′∈AS e(p

′, GT )dp′ where
e(p,GT ) is the minimum L-2 norm of a voxel p to GT . TP ,
TN , FP and FN are true positive, true negative, false pos-
itive and false negative segmentation regions, respectively.

We applied the evaluation set to assess the kidney de-
tection accuracy of the proposed method, Marsousi et al-
EMBC14 and Noll et al.. The results are shown in Table
I. Accordingly, the proposed method provides the highest
detection accuracy, without any FP detection. The kidney



segmentation results of the proposed methods, MRF-AC,
Marsousi et al.-EMBC14, and Noll et al. for the 15 with-
kidney volumes in the evaluation set are demonstrated in
Table II. Accordingly, the proposed method provides the
highest dice’s coefficient, DSC = 0.51±0.17, highest accu-
racy, ACC(%) = 94.01± 1.93, and the least mean distance
error, MD = 3.84± 2.12. Compared to Marsousi et al., the
proposed method provides a higher segmentation accuracy
due to the use of SANN classifiers and affine registration of
the shape model on V cl. Fig. 4 shows segmentation results
of a volume in the evaluation set.

TABLE I
COMPARING ACCURACY OF THE PROPOSED KIDNEY DETECTION

METHOD WITH MARSOUSI et al.-EMBC14 AND NOLL et al. [11].

Method NTP NTN NFP NFN ACCKD(%)
Noll et al. 8 11 3 8 63.33

Marsousi et al. 11 14 4 1 83.33
Proposed Method 12 14 0 4 86.67

TABLE II
COMPARING µ AND σ OF THE DSC AND ACC, AND MD METRICES OF

THE SEGMENTATION METHODS: THE PROPOSED METHOD, MARSOUSI et

al.-EMBC14, NOLL et al. AND MRF-AC.

DSC ACC(%) MD
µ σ µ σ µ σ

Marsousi et al. 0.41 0.08 93.71 1.35 4.21 2.80
Noll et al. 0.34 0.07 88.07 0.02 13.99 3.25
MRF-AC 0.48 0.16 92.93 2.45 6.15 5.04

Proposed Method 0.51 0.17 94.01 1.93 3.84 2.12

Marsousi et al.:  𝐷𝑆𝐶 = 0.48

Noll et al.: 𝐷𝑆𝐶 = 0.47 MRF-AC: 𝐷𝑆𝐶 = 0.62

Proposed Method:  𝐷𝑆𝐶 = 0.50

Fig. 4. Displaying kidney segmentation results. The green, red and yellow
regions show ground truth, automated segmentation and overlap regions.

IV. CONCLUSION

This paper introduces an automated organ segmentation
method in abdominal 3D ultrasound images. The atlas
database represents both shape and texture knowledge of an
organ of interest. The proposed method consists of training
and segmentation processes. In the training process, an organ
shape model is generated based on manually segmented
shapes. Then, texture features are extracted using 3D Gabor
filters, and SANN classifiers are trained to discriminate
organ and non-organ voxels. In the segmentation process,
an input volume is first registered on the reference volume
using a feature-based registration method. Then, features are

extracted with 3D Gabor filters, and the trained classifiers are
applied to separate organ from non-organ voxels. Then, the
shape model is rigidly registered on the classified volume,
and it decides whether the organ exists. Finally, an elastic
deformation using the region-based level-set method is ap-
plied to segment the organ. The proposed method is applied
on kidney segmentation in abdominal 3D ultrasound images.
The accuracy of the proposed method is compared to state-
of-the-art, and the reported results confirm the superiority of
the proposed method in this paper. As a direction for future
research, we investigate the utility of learnt-based filters.
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