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Abstract
Objective We present a method and a validation study for the
nearly automatic segmentation of liver tumors in CTA scans.
Materials and methods Our method inputs a liver CTA scan
and a small number of user-defined seeds. It first classifies
the liver voxels into tumor and healthy tissue classes with
an SVM classification engine from which a new set of high-
quality seeds is generated. Next, an energy function describ-
ing the propagation of these seeds is defined over the 3D
image. The functional consists of a set of linear equations
that are optimized with the conjugate gradients method. The
result is a continuous segmentation map that is thresholded
to obtain a binary segmentation.
Results A retrospective study on a validated clinical dataset
consisting of 20 tumors from nine patients’ CTA scans from
the MICCAI’08 3D Liver Tumors Segmentation Challenge
Workshop yielded an average aggregate score of 67, an aver-
age symmetric surface distance of 1.76 mm (SD=0.61 mm)
which is better than the 2.0 mm of other methods on the same
database, and a comparable volumetric overlap error (33.8 vs.
32.6%). The advantage of our method is that it requires less
user interaction compared to other methods.

Moti Freiman and Ofir Cooper are equally contributed.

M. Freiman (B) · O. Cooper · D. Lischinski · L. Joskowicz
School of Engineering and Computer Science,
The Hebrew University of Jerusalem, Jerusalem, Israel
e-mail: freiman@cs.huji.ac.il

O. Cooper
e-mail: coopeo@cs.huji.ac.il

D. Lischinski
e-mail: danix@cs.huji.ac.il

L. Joskowicz
e-mail: josko@cs.huji.ac.il

Conclusion Our results indicate that our method is accurate,
efficient, and robust to wide variety of tumor types and is
comparable or superior to other semi-automatic segmenta-
tion methods, with much less user interaction.

Keywords Liver tumors segmentation · Computed
Tomography · Constraint optimization

Introduction

Accurate detection and monitoring of liver tumors is a key
task in many clinical applications. These include hepatomeg-
aly and liver cirrhosis assessment, hepatic volumetry, hepatic
transplantation planning, liver regeneration after hepatec-
tomy, evaluation and planning for resection liver surgery, and
monitoring of liver metastases, among many others. Repeat-
able and reliable detection and quantification of tumor bur-
den and tumor volume is necessary for accurate and timely
decision-making regarding therapy options.

Currently, most radiologists use simple guidelines to esti-
mate tumor volume and response from clinical images. For
2D X-ray images, the 1979 World Health Organization [1]
and the newer RECIST [2] guidelines define the tumor burden
as the product of its maximum diameter—the largest distance
between in-tumor points—and the maximum perpendicular
diameter. This measure provides only a rough approximation
from a single 2D projection image.

When 3D CTA images are available, radiologists estimate
the tumor volume with the three-parameter ellipsoid formula:
max-length × max-depth × max-width × 0.5233 [3]. This
yields reasonable volume estimates for tumors with nearly
spherical or ellipsoid shapes, which occur in specific types
of benign and malignant tumors. However, it is less accurate
for most other tumors, as they usually have irregular borders
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and may have necrotic centers. An additional drawback of
this method is that it quantifies the tumor shape with three
dimensions, which limits its use in quantitative volumetric
comparative studies.

Previous research shows that 3D volumetric measure-
ments provide the best information for tumor progress mon-
itoring [4–6]. The tumor volume can be measured by manual
or semi-automatic tumors contours segmentation on multi-
ple image slices. Volume calculation is then performed by
incorporating the data obtained from each slice [7]. Manual
and semi-automatic contouring, e.g. live wire segmentation
[8], is time-consuming, user dependent, error prone, requires
expert knowledge and produces variable results.

Liver tumor segmentation methods have the potential to
provide fast, robust, user-independent accurate segmenta-
tions, and thus accurate and reliable tumor volume measures.
Ideally, tumor segmentation should be automatic. However,
when this is not feasible, nearly automatic segmentation,
which requires little and intuitive interaction by a non-
technical user, is an acceptable alternative for routine use
in a clinical environment.

Automatic and nearly automatic CTA-based liver tumors
segmentation is known to be a very challenging task. The
main difficulties include the ambiguity of the liver and tumors
boundaries, the complexity of the tumors surfaces, the con-
trast variability between the liver parenchyma, the liver ves-
sels, and the tumors, the different tumor sizes and shapes,
and the possible presence of many small metastases.

Previous work

In the past decade, researchers have developed a variety
of methods for semi-automatic and automatic segmentation
and visualization of liver structures. Most of these methods
segment one structure at a time, usually starting with the
liver surface, followed by the vessels and the tumors. The
individual structure segmentation uses various techniques,
such as intensity thresholding, region growing, and level-sets
methods. One approach is to individually segment the liver
surface, vessels, and tumors, and then perform a deformable
model refinement for each [9,10]. Since this method does
not use voxel neighborhood information, it may yield noisy
or erroneous liver surface segmentations, especially when
large tumors are present, as they bias the intensity distribution
function. Metaxas et al. [11] use Markov random field (MRF)
estimation coupled with deformable models for the segmen-
tation of tumors. Peitgen et al. [12] describe an edge-based
segmentation method for the liver contour and an interac-
tive region-growing method for the vessels and tumors. Both
methods require many seeds per CTA slice and are thus of
limited clinical use.

Li et al. [13] use a machine learning technique to classify
the one-dimensional intensity profiles of the liver tumors.

Since the method is biased to blob-like tumors, it is less
accurate for tumors with irregular borders. Grady et al. [14]
propose a random-walk-based 3D liver tumors segmentation
based on a single user-defined seed. The additional seeds
required by the random walker are generated from a 2D
fuzzy-connectedness segmentation of the slice containing
seed. Smeets et al. [15] couple spiral scanning with active
contours-based propagation. These methods require at least
one seed for each tumor, so they are not applicable for tumor
detection and are impractical for livers with numerous metas-
tases. In addition, Smeets et al. [15] require an additional
interactive preprocessing step to cope with both hyper- and
hypo-vascular tumors.

Liver tumor segmentation was the subject of a compre-
hensive dedicated workshop during the 2008 Medical Image
Computing and Computer Aided Interventions (MICCAI)
conference. The 3D Liver Tumors Segmentation Challenge
(LTS08) Workshop Proceedings [16] includes 14 papers
describing interactive, semi-automatic, and automatic liver
tumors segmentation algorithms. The algorithms were tested
on a database of 20 tumors from 9 clinical patient datasets
from which ground-truth segmentations were manually gen-
erated by expert radiologists.

The interactive methods required extensive user interac-
tion and yielded results whose accuracy is limited. For exam-
ple, the best interactive method yields a mean The Volumetric
Overlap Error (VOE) error of about 30%. Most of the semi-
automatic methods used level-sets equations, whose solu-
tion required an initial contour around each individual tumor.
While this initialization is relatively easier and faster for the
user than that of the interactive methods, it is still not appro-
priate for routine clinical use. The automatic methods did
not require any user interaction but had limited accuracy. We
presented a nearly automatic method in which only a couple
of seeds are required to initialize the segmentation algorithm
[17,18]. This user interaction is appropriate for routine clin-
ical use but yielded results with limited accuracy.

Contribution

In this paper, we present a new nearly automatic algorithm
for the segmentation of liver tumors in computed tomography
angiography (CTA) scans. The method requires only a small
number of seeds—at least one for the liver and for each type
of tumor—inside and outside the tumors. The seeds are used
to classify the image voxels with a support vector machine
(SVM) classification engine [19] from which a new set of
high-quality seeds is generated. An energy function describ-
ing the propagation of the classified voxels is defined over
the entire 3D image as a set of linear equations and is then
efficiently solved with an iterative solver.

The main novelties of our method are as follows:
(1) a method for selecting voxel seeds that are with high

123



Int J CARS

Fig. 1 The flowchart of our method

probability inside the tumors and the liver parenchyma based
on a statistical model build from a few user-defined seeds;
(2) the extension of the affinity constraint optimization
framework [20] from 2D to 3D and from using binary
seeds only to handling fuzzy seeds, and; (3) the integration
into an accurate nearly automatic liver tumors segmentation
algorithm.

The experimental evaluation of our algorithm on the
LTS08 database yielded an overall score of 67, which is com-
parable to the interactive algorithms results on this database,
with much less user interaction. These results indicate that
our algorithm produces accurate results for a wide variety of
tumor types and may be practical in clinical use.

Method

Our method is consists of four main steps:

1. Pre-processing: Liver region segmentation and tumor
type seeds selection

2. Automatic voxels classification
3. Affinity constraint propagation
4. Binary thresholding and morphological cleansing

Figure 1 shows the flowchart of our method. We describe
each step in detail next.

Pre-processing

First, the entire liver region is segmented from the CTA image
using a combination of intensity profiles analysis and mor-
phological operators [21]. Next, the user interactively selects
a few seeds in the liver parenchyma (background) and in the
tumors (foreground) on the CTA slices. Unlike other semi-
automatic methods [16], it suffices to have a few sample
tumor seeds—at least one for each type of tumor, e.g., hyper-
vascular or hypo-vascular tumors, regardless of their loca-
tions (Fig. 2a).

Automatic voxels classification

The input to this phase is the liver region image I and the
user-defined voxels S. A patient-specific statistical model
describing the tumors and the liver classes is built using the
support vector machine (SVM) classification engine [19].
The SVM is trained using the given user seeds S.

The training and classification stages proceed as follows.
For each predefined voxel seed, we construct a feature vector
consisting of four values: the mean, the standard deviation,
and the minimum and the maximum intensity values in the
5 × 5 × 5 neighborhood of the voxel. The neighborhood
statistics were selected experimentally as our features since
they performed best when compared to other options such as
the voxel value itself, and the voxel neighborhood gradients
and Laplacian. The neighborhood size was determined by
experimentation.

The SVM classification engine is then trained with these
feature vectors. To separate the voxels that belong to the
tumor class from those that belong to healthy tissues, we use
a radial basis function as the kernel function. We then classify
the rest of the voxels in the tumor according to this model.
The SVM classification produced two fuzzy maps that rep-
resent the probability of each voxel to belong to the liver
and to the tumor classes. To ensure high-quality seeds, we
select only a small number by randomly sampling a portion
(10–25%) of the image voxels and selecting those with a
confidence level above 90%. Figure 2b shows the seeds that
were selected by our method. Note that although the user
marked only one tumor, our method was able to propagate
this seed to the other tumors in the liver.

The resulting voxel classification by itself not sufficiently
accurate for the tumor segmentation, as it does not take into
account global information. such as the smoothness of the
tumor surface. Therefore, additional processing is required.

Affinity constraint propagation

The third step is to propagate the seeds obtained from the
SVM classification to the entire image volume I . The propa-
gation to neighboring voxels is based on the affinity between
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Fig. 2 Illustration of our liver
tumors segmentation method:
a background and tumor
user-defined seeds (tumor seeds
in red and healthy parenchyma
in green); b result of the
SVM-based voxels
classification; c continuous
propagation map, and; d binary
segmentation after thresholding.
Note that although the user
marked only one tumor, our
method generated tumor seed
voxels for the other tumors
as well

neighboring voxels. It is obtained by computing a global opti-
mal propagation map of the seeds. The continuous segmen-
tation map f of liver image I is defined as the minimum
of an energy-like functional with two terms. The first is the
data term that enforces conformance to the input seeds. The
second is the smoothness term that ensures that the segmenta-
tion is as smooth as possible except across significant image
edges. We formally define the energy function as:

f = argmin
f

(∑
x

w(x)( f (x) −g(x))2+λ
∑

x

h(∇ f,∇L)

)

(1)

where g is the function of image I, x is the voxel index over
I, w is a binary indicator function that indicates if voxel x is
a seed voxel, ∇ is the gradient function, L is the logarithm
of the original input image, and λ is a constant that controls
the relative weight of the two terms in the functional.

The data term is designed to handle seeds with multiple
labels and fractional confidence levels. It is defined as:

∑
c∈labels

∑
x

wc(x)( f (x) − gc(x))2 (2)

where gc and wc are the classification and confidence maps
for label type c, respectively [22]. wc ∈ [0, 1] and∑

c

wc(x) = 1 (3)

To segment the liver into healthy parenchyma and tumors, we
define two labels, i.e., labels = {tumor, liver}. The introduc-
tion of the weights wc allows the handling of fuzzy classified
seed. This extends previously published method that handle
only binary weights for the seeds [20].

The smoothness term h is defined as:

h(∇ f,∇L) = | fx |2
|Lx |α + ε

+ | fy |2
|L y |α + ε

+ | fz |2
|Lz |α + ε

(4)

where subscripts x, y, and z denote the spatial differentiation
of functions f and L , the exponent α controls the sensitivity
of the term to the derivatives of the log-input image, and ε is
a small constant whose role is to avoid division by zero and
to reduce the effect of image noise on h [20].

The resulting functional is expressed as set of linear equa-
tions using standard finite differences for the spatial deriva-
tives of f . The quadratic expression in f has a unique global
minimum that is obtained by solving the linear system:
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A f = b

where

Ai j =

⎧⎪⎪⎨
⎪⎪⎩

−λ
(|Li − L j |α + ε

)−1
i, j are neighbors

wi − ∑
k Aik i = j and

i, k are neighbors
0 otherwise

b(i) =
∑

c∈labels

wc(i)gc(i) (5)

where subscripts i and j denote image voxels, and c denotes
a label number.

To obtain a unique solution, we solve the equation sys-
tem once for each label type, in a one vs. all manner. When
solving for label k, vector b is now defined as:

b(i) = wk(i)gk(i) −
∑

c∈labels−{k}
wc(i)gc(i) (6)

The matrix A is very large and would require more memory
than is available in most computing environments. However,
since A is a sparse, symmetric, and positive-definite matrix,
iterative solvers can effectively solve this linear problem. We
refer the reader to the Appendix for the proof that A is a sym-
metric, and positive-definite matrix.

The conjugate gradients algorithm with no preconditioner
[23] efficiently solves the resulting equation system in near
real time. Alternatively, a multi-grid approach such as those
described by Lischinski et al. [20] or by Grady [24] can be
used to speed up the computation.

Binary thresholding and morphological cleansing

We compute a discrete segmentation from the resulting con-
tinuous segmentation map f for each label by direct thres-
holding. In our experiments, we use a constant threshold of
0.5 for the tumor class. To remove small isolated artifacts
and small holes, we apply an erosion operator followed by a
morphological region filling and hole filling [25].

Experimental results

Parameters analysis

The behavior of our algorithm depends mainly on three
parameters: (1) the neighborhood size used for features
extraction during the seeds classification; (2) the value of
λ, which controls the weight of the smoothness term in our
energy functional in Eq. 1, and; (3) the value of the exponent
α, which controls the sensitivity of the term to the derivatives
of the log-input image in Eq. 4. To evaluate their impact on the
algorithm performance, we run the algorithm on the training
images of the 2008 MICCAI 3D Liver Tumors Segmenta-

tion Challenge database (LTS08) [26] and set the algorithm
parameters accordingly.

Figure 3 shows the results obtained using different param-
eters values. The neighborhood sizes were 3×3–9×9, the λ

values varied from 1 to 3, and the α values varied from 10−7

to 10−3. Variations in the neighborhoods sizes from 3 × 3
to 9 × 9 yield inaccurate seeds classification, and therefore
inaccurate segmentation. Small α values cause the algorithm
to be over sensitive to image gradients. Small λ values yield
very conservative segmentation and may miss tumors borders
altogether.

We found that the best values were α = 10−5, α = 2, and
neighborhood size of 5 × 5.

Tumors segmentation

We conducted a retrospective study on the LTS08 database
[26]. This database consists of nine clinical CTA images
with a total of 20 tumors from which ground-truth tumor
segmentations were manually generated by expert radiol-
ogists. The datasets cover a wide range of patients and
pathologies, including hepato-cellular carcinomas, heman-
giomas, and metastases. The datasets were divided into two
groups: The first group consists of 10 tumors from 4 CTAs
and used for algorithm training and fine-tuning. The second
group consists of 10 tumors from 5 CTAs and is used to
evaluate the segmentation algorithms. To keep the objec-
tiveness of the evaluation, the ground truth of the test
datasets is not available to the users. The results are submitted
to the database maintainer who evaluate their segmentation
results and provides the relevant measurements and scores.

We compare our segmentation results with the ground
truth with five metrics: (1) volumetric overlap error; (2) rela-
tive absolute volume difference; (3) average symmetric abso-
lute surface distance; (4) symmetric RMS surface distance,
and; (5) maximum symmetric absolute surface distance.

Table 1 summarizes the results. Our algorithm was able
to detect tumors for which an initial seed was not provided.
The best results were obtained for small tumors with strong
edge gradients and for tumors surrounded by homogeneous
liver tissue. Large tumors near the liver outer contour and
tumors with weak gradients yielded lower scores. Tumors
with a high gradient and a small amount of surrounding liver
tissue yielded average scores.

We compared our results with those of the 14 meth-
ods in the MICCAI’08 workshop on the LTS08 data-
base [16]. Our average symmetric surface distance of
1.76 mm (SD = 0.61 mm) is better than the previously pub-
lished result of 2.0 mm on the same database [15], while
our volumetric overlap error is comparable with theirs (33.8
vs. 32.6%). The advantage of our method is that it does
not require at least one seed for each tumor. Our aver-
age aggregate score of 67 is comparable to that of other
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Fig. 3 Parameters values
evaluation: a CTA slice with
ground-truth segmentation;
b result obtained using different
neighborhood size (3 × 3–9 × 9)
for the seeds classification
phase; c results obtained using
different α values
(10e−3–10e−7), and; d results
obtained using different λ values
(1–3). The blue contour is
the ground-truth segmentation,
the red contour is the result
with the lowest parameter value,
and the green contour is the
result with the highest parameter
value

Table 1 Comparison metrics and scores results

Dataset Overlap error Volume diff. Avg. dist. RMS dist. Max. dist. Total
score

(%) Score (%) Score (mm) Score (mm) Score (mm) score

IMG05_L1 28.19 78 23.90 75 2.01 49 2.95 59 12.00 70 66

IMG05_L2 37.72 71 5.42 94 1.39 66 1.79 75 6.33 84 78

IMG05_L3 36.72 72 21.51 78 1.54 70 2.27 68 9.26 77 71

IMG06_L1 61.45 53 56.57 41 1.89 79 2.27 68 5.75 86 60

IMG06_L2 43.01 67 37.91 61 1.04 42 1.45 80 6.21 84 73

IMG07_L1 17.68 86 5.89 94 2.63 33 4.59 36 37.06 7 51

IMG07_L2 27.61 79 12.28 87 1.56 77 2.89 60 22.78 43 66

IMG08_L1 21.38 83 11.75 88 2.32 54 3.26 55 20.85 48 63

IMG09_L1 48.33 63 37.35 61 2.44 83 3.64 49 11.84 70 56

IMG10_L1 15.95 88 13.78 86 0.79 69 1.13 84 5.25 87 85

Average 33.80 74 22.64 77 1.76 62 2.62 63 13.73 66 67

The first column indicates the dataset name. The following five columns show the measure and the score for each dataset. The last column shows
the combined score. The bottom line shows the average for each measure

semi-automatic methods, with the advantage that our method
requires much less user interaction. The mean computation
time for each tumor was 8:35 mins (SD = 5:13 mins) on an

PC with Intel Core2 Quad 2.4 GHz and 3GB of memory.
The user time for the initial seeds selection was only a few
seconds.
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Fig. 4 Liver tumors segmentation representative results: a–c results on
the training datasets. The resulting segmentation contour (red) and the
ground-truth contour (green) are overlaid on the original CTA image.

d–i Results on the test datasets. The resulting segmentation contour
(red) is overlaid on the original CTA image

Figure 4 shows representative results of our method.
Unlike other semi-automatic methods, e.g. [15], our method
does not assume that the tissue surrounding the tumors is
homogeneous, which makes our method more robust to dif-
ferent tumors locations.

Conclusion

We have presented a new method and validation study for
the nearly automatic segmentation of liver tumors. The tumor
segmentation method described in this paper includes a novel
method for voxel seeds selection that are with high proba-
bility inside the tumors and the liver parenchyma based on
a statistical model build from a few user-defined seeds. The
seeds are then used in an extended affinity constraint optimi-

zation framework that incorporates multiple labels with frac-
tional confidence levels. The main advantages of our method
are that it yields accurate results for a wide variety of tumor
types with easy and fast user interaction. It does not require
the identification of all tumors, as a few sample tumor seeds
(at least one seed for each tumor type), regardless of their
locations, are sufficient for the initialization. Our experimen-
tal results on the LTS08 database [26] show that our method
is accurate, efficient, and robust when compared to manually
generated ground-truth segmentation. It has a comparable
or better performance than existing semi-automatic methods
with substantially less user interaction.

Integrating nearly automatic methods into the daily
clinical setup is expected to define new standards for volu-
metric liver tumor quantification. It will enable a better under-
standing of individual tumor natural history, help define the
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treatment timing, and help improve the evaluation of therapy
response. We are currently developing an integrated software
package for the visualization and quantitative analysis of the
liver to support diagnosis and surgical planning.
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Appendix

We prove in this Appendix that the matrix A is positive def-
inite. Let W and K be two matrices such that A = W + K ,
where W = diag(w1, w2, . . . , wn) is a diagonal matrix with
diagonal vector w, and K is a non-homogeneous Laplacian
matrix.

Consider now the quadratic expression xT Ax . To prove
that A is positive definite, we show that ∀x �= 0, xT Ax > 0.
We decompose this term into two parts:

xT Ax = xT (W + K )x = xT W x + xT K x > 0 (7)

We examine each term individually next. Let i and j be image
voxels, and let i ∼ j denote spatial proximity between voxels
i and j . Then

xT W x =
∑
i, j

xi Wi j x j =
∑

i

wi x2
i ≥ 0 (8)

The inequality holds because each term of the summation
is non-negative. Similarly,

xT K x =
∑
i, j

xi x j Ki j =
∑

i

x2
i Kii +

∑
i, j∼i

xi x j Ki j

=
∑

i

∑
j∼i

−x2
i Ki j +

∑
i, j∼i

xi x j Ki j

=
∑
i, j∼i

−x2
i Ki j + xi x j Ki j

=
∑

i, j∼i, j>i

xi x j Ki j + x j xi K ji − x2
i Ki j − x2

j K ji

=
∑

i, j∼i, j>i

−Ki j (x2
i + x2

j − 2xi x j )

=
∑

i, j∼i, j>i

−Ki j (xi − x j )
2 ≥ 0 (9)

Once again, the inequality holds because each term of the
summation is non-negative.

Now we claim that Eq. (7) holds because the terms in
Eqs. (8), (9) cannot be simultaneously equal to zero. We
prove this by contradiction. Assume that xT K x = 0. This
implies that xi = x j for all voxels i, j which are neighbors.
So x is a constant non-zero vector, as every voxel value equals
that of its neighbors. In this case, xT W x > 0 because there
must be at least one wi �= 0. If all wi ’s are zero, this means

that no seed voxels have been chosen, which is not allowed.
Thus, A is a positive-definite matrix.
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