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Abstract
Background. The prostate gland is delineated as the clinical target volume (CTV) in treatment planning of prostate cancer. 
Therefore, an accurate delineation is a prerequisite for efficient treatment. Accurate automated prostate segmentation 
methods facilitate the delineation of the CTV without inter-observer variation. The purpose of this study is to present an 
automated three-dimensional (3D) segmentation of the prostate using an active appearance model. Material and methods. 
Axial T2-weighted magnetic resonance (MR) scans were used to build the active appearance model. The model was based 
on a principal component analysis of shape and texture features with a level-set representation of the prostate shape instead 
of the selection of landmarks in the traditional active appearance model. To achieve a better fit of the model to the target 
image, prior knowledge to predict how to correct the model and pose parameters was incorporated. The segmentation was 
performed as an iterative algorithm to minimize the squared difference between the target and the model image. Results. 
The model was trained using manual delineations from 30 patients and was validated using leave-one-out cross validation 
where the automated segmentations were compared with the manual reference delineations. The mean and median dice 
similarity coefficient was 0.84 and 0.86, respectively. Conclusion. This study demonstrated the feasibility for an automated 
prostate segmentation using an active appearance with results comparable to other studies.

Magnetic resonance (MR) is increasingly used for 
target delineation in treatment of prostate cancer 
using radiotherapy because of the superior soft-tissue 
visualization compared with computed tomography 
(CT). Studies by Hentschel et al. [1] and Rasch et al. 
[2] have investigated target delineation in CT and 
MR for treatment of prostate cancer. They found that 
using MR instead of CT can lead to a volume reduc-
tion of 35–40%, respectively, with a lower inter- and 
intra-observer variance [1,2]. The overestimation of 
the prostate volume can cause higher normal tissue 
toxicity and limit the radiation dose to the prostate.

The clinical practice for target delineation for 
planning radiotherapy of prostate cancer is today 
widely performed using a manual contouring of the 
prostate slice-by-slice using either the axial, coronal, 
sagittal view or a combination of the views. The man-
ual work is a labor-intensive task and is prone to 
inter- and intra-observer variance. Therefore, several 
authors have described semi- or automated methods 

for prostate segmentation in MR. Some studies, e.g. 
[3,4] have used voxel-based segmentations yet while 
incorporating knowledge about the general prostate 
shape. However, most previous studies have focused 
on either atlas- or model-based methods. Atlas-based 
approaches in three dimensions (3D) have been 
studied [5–7] while a model-based approach was 
presented by Pasquier et  al. [8] using a landmark-
based shape model followed by a contour optimiza-
tion to deform the model to the prostate. Statistical 
shape models were presented in [9,10]. Chandra 
et  al. [11] used a deformable model consisting of 
triangulated surface and image feature model trained 
specific to the patient’s MR scan. Chowdhury et al. 
[12] used linked statistical shape models using infor-
mation from both MR and CT in a level-set shape 
representation.

A few methods use a combination of prostate 
shape and intensity information to model and seg-
ment the prostate. Ghose et  al. [13] used active 
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appearance models (AAM) propagated by the 
approximation coefficients of Haar wavelet transform 
in 2D. Recently, Toth and Madabhushi [14] used 
image-derived features in an AAM where the selec-
tion of landmarks were replaced with a level-set rep-
resentation of the shape. The original AAM suggested 
by Cootes et al. [15,16] requires that landmarks at 
the border of the object are selected, which is prone 
to error and time-consuming. Therefore, recent work 
has focused on a re-formulation of the shape model-
ing in a level-set framework of multi-modality MR 
images of the lateral ventricles in the brain [17] and 
segmentation of the vertebrae in CT [18].

In this paper we propose a method that combines 
a level-set shape model and a texture model for prostate 
segmentation. The level-set representation eliminates 
the need for selecting corresponding landmarks in all 
MR scans. In addition prior knowledge learned in the 
training of the model is incorporated to adjust the 
model parameter and guide the 3D segmentation.

Material and methods

Materials

The data consisted of T2-weighted 1.5 Tesla MR 
scans (0.5469  0.5469  3 mm3) from 30 patients. 
The patients had all been diagnosed with local or 
locally advanced prostate cancer and referred to  
the Department of Oncology for radiotherapy and 
enrolled in a prior study investigating the feasibility 
using a Ni-Ti prostate stent described in [19]. Each 
patient had a MR scan with a manual delineation of 
the prostate performed for the planning of the radio-
therapy. The prostate size for the 30 patients calcu-
lated from the manual delineations was found to 
range from 17.42 cm3 to 92.94 cm3.

Active Appearance Model

The assumption behind AAM is that changes in the 
shape and the texture of a given object are correlated. 
The AAM presented here is a principal component 
analysis (PCA)-based statistical model where a shape 
and a texture model are combined. In this way, the 
statistical model describes both the object shape and 
the object texture with the same set of parameters. 
The elimination of the need to select landmarks on 
the prostate border was achieved using level-set in 
which the prostate shape was represented as a signed 
distance map. The methodology is derived from Hu 
and Collins [17], Stephansen [18], and Cootes and 
Taylor [20]. For further details see the Supplemen-
tary Appendix (available online at http://informa 
healthcare.com/doi/abs/10.3109/0284186X.2013. 
822099). New images and shapes were synthesized 

using the AAM for the shape j and the image intensi-
ties g by varying the appearance parameters c:
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Where f̂ and ĝ are the mean shape and mean texture, 
respectively. Ps is the principal modes of shape varia-
tion, Ws is the weight matrix to account for difference 
in units between shape and texture. The shape and 
texture parameters were combined into the appear-
ance parameters c. Pcs and Pcg represent the shape 
and texture part of the principal modes of appear-
ance variation, respectively. The appearance param-
eters c values were constrained to the interval of 3 
standard deviations as in [16].

Appearance model-based segmentation

The aim of the segmentation is to find the model 
parameters of the AAM that generate a model image 
that closely corresponds to the target. The matching 
of the model image to the target image is an optimi-
zation problem where the appearance parameters 
were varied to minimize the squared difference 
between the images. The strategy was suggested by 
Cootes and Taylor [20] in which the spatial pattern 
of the difference encodes knowledge about how to 
adjust the model parameters to estimate the prior 
knowledge before segmentation of the target image. 
For each step size tried in the segmentation, new 
parameter values were computed from the estimated 
adjustments and each of the AAM parameters were 
constrained to be within 3 standard deviations to 
ensure that all possible shapes were generated.

Validation method

The validation of AAM was performed as a leave-
one-out cross-validation of all 30 MR data sets.  
The automated segmentations were compared with 
the manual reference segmentations both by a visual 
comparison and by the similarity measures Dice 
similarity coefficient (DSC) [21], the mean surface 
distance and the largest distance between the manual 
and the automated segmentation. The sensitivity and 
specificity were determined to provide an indication 
of a possible trend in under- or over-segmentation of 
the automated method compared with the manual 
reference delineations. The sensitivity and specificity 
were also determined based on the overlap (false-
true positive and false-true negative) between the 
segmentations and a high value was therefore desir-
able. All measures were calculated for each image 
and then averaged to get one value and standard 
deviation for each similarity measure.
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Table I. Results from the comparison of the automated 
segmentation and the manual reference delineation.

Similarity measure Mean  std Median  std Range

DSC 0.84  0.07 0.86  0.07 0.59 – 0.94
Sensitivity 0.99  0.02 0.99  0.02 0.88 – 1.00
Specificity 0.93  0.08 0.96  0.08 0.67 – 1.00
Mean surface 

distance [mm]
1.39  1.00 1.12  1.00 0.43 – 5.38

Largest distance 
[mm]

7.01  2.31 6.62  2.31 3.59 – 11.59



Figure 1. Examples of the prostate segmentation in the axial plane 
(left) and the sagittal plane (right) from three patients. Blue: 
Manual reference segmentation, Green: Automated segmentation, 
Red: Average model. The DSC for the three segmentations was 
0.94 (top), 0.79 (middle), 0.89 (bottom).



Figure 2. Examples of the prostate segmentation. Left: The reference 
manual segmentation. Right: Automated 3D segmentation.

Results

The appearance model was trained and tested on 30 
MR images of the prostate in a leave-one-out cross 
validation. Table I shows the similarity measures 
from the automated segmentation compared with 
the manual reference delineation.

Figure 1 shows the automated prostate segmenta-
tion compared with the manual delineations and the 
average model. It can be seen that the automated seg-
mentation appears more as a smoother contour but 
also tend to the smaller than the manual delineation.

Figure 2 shows the 3D rendering of the manual 
(left) and the automated (right) segmentation. It can 
be seen that a segmentation based on slice-based 
delineation appeared layered while the 3D segmenta-
tion appeared smooth over the volume.

Both the similarity measures and the visual com-
parison indicated that the outliers in the DSC 
occurred when the model failed to find the correct 
size of the prostate with the largest volume. This was 
supported by the sensitivity and specificity of the 
method indicating cases of under-segmentation.

Discussion

An automated prostate segmentation method has 
been presented for planning prostate cancer radio-
therapy to potentially reduce the inter-observer  
variation in the manual delineation. The prostate  
segmentation was performed using MR as it is 
increasingly used for prostate delineation because of 
the superior soft-tissue visualization compared with 
CT. An accurate and fast automated segmentation of 
the prostate could be used to track the prostate 
before treatment and could decrease the time used 
for clinical target delineation in the planning of 
radiotherapy. This would require that a clinical vali-
dation of the automated method was performed.

The method was based on the AAM originally 
suggested by Cootes et al. [15] and reformulated by 
Hu and Collins [17] with a level-set representation 
of the shape by which the need for selecting land-
marks is eliminated. Prior knowledge about how to 
guide the parameter optimization in the segmenta-
tion algorithm was incorporated in the training of the 
model. The iterative segmentation proposed by 
Cootes et al. [15] to allow for pose changes during 
segmentation was extended to a 3D segmentation.

Other studies report similar results as obtained 
here with a mean and median DSC of 0.84 and 0.86, 
respectively. The range of mean DSC from the previ-
ous studies is 0.84–0.88 [8–10,13,14] and the range 
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for the median DSC is 0.85–0.86 [5,9]. The sensitivity 
of the study by Martin et al. [10] was 0.86 compared 
with ours of 0.99. However, the numbers are difficult 
to compare as a different imaging protocol have been 
used. For example, Toth and Madabhushi [14] used 
MR images acquired using an endorectal coil, which 
makes the prostate boundary easier to detect.

Outliers in the results are cases in which the algo-
rithm fails to determine the correct scale, which is the 
case for the segmentation with the lowest DSC but  
the largest volume. Here the model fails to represent 
the structure, because it is not sufficiently represented 
in the training set. Visually, the method preformed best 
in the central part of the prostate, which could be 
explained by the generally better image support here.

There was a trend in the present study that using 
the automated segmentation method compared with 
the manual segmentation resulted in an under- 
segmentation of the prostate. The manual prostate 
delineations originally used as the clinical target vol-
ume were used for training the AAM and the valida-
tion in the lack of a true gold standard, which can 
explain some of the errors in the automated segmen-
tation. The inter-observer variation of the manual 
delineations was not validated. The 3D rendering of 
the manual and the automated segmentation illus-
trates that a segmentation based on slice contours 
will appear layered in the sagittal and coronal plane. 
The 3D segmentation appears in contrast as a smooth 
segmentation in all image planes.

A fully automated 3D prostate segmentation 
using an AAM was developed and validated for 30 
patients to reduce inter-observer variation in the tar-
get delineation. The performance of the method was 
comparable to other studies with a dice similarity 
coefficient of 0.84 and showed the feasibility for 
automated prostate segmentation in MR using active 
appearance models.
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