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ABSTRACT
Systematic transrectal ultrasound (TRUS)-guided biopsy is the standard method for a definitive diagnosis of prostate
cancer. However, this biopsy approach uses two-dimensional (2D) ultrasound images to guide biopsy and can miss up to
30% of prostate cancers. We are developing a molecular image-directed, three-dimensional (3D) ultrasound imageguided biopsy system for improved detection of prostate cancer. The system consists of a 3D mechanical localization
system and software workstation for image segmentation, registration, and biopsy planning. In order to plan biopsy in a
3D prostate, we developed an automatic segmentation method based wavelet transform. In order to incorporate PET/CT
images into ultrasound-guided biopsy, we developed image registration methods to fuse TRUS and PET/CT images. The
segmentation method was tested in ten patients with a DICE overlap ratio of 92.4% ± 1.1 %. The registration method has
been tested in phantoms. The biopsy system was tested in prostate phantoms and 3D ultrasound images were acquired
from two human patients. We are integrating the system for PET/CT directed, 3D ultrasound-guided, targeted biopsy in
human patients.
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1. INTRODUCTION
Prostate cancer is the second leading cause of cancer mortality in American men [1]. Systematic transrectal ultrasound
(TRUS)-guided prostate biopsy is considered as the standard method for prostate cancer detection. The current biopsy
technique has a significant sampling error and can miss up to 30% of cancers [2]. As a result, a patient may be informed
of a negative biopsy result but may in fact be harboring an occult early-stage cancer. It is a difficult challenge for
physicians to manage patients with false negative biopsies who, in fact, harbor curable prostate cancer as indicated by
biochemical measurements such as rising prostate specific antigen (PSA), as well as patients diagnosed with early-stage
disease. Although ultrasound imaging is a preferred method for image-guided biopsy because it is performed in real time
and because it is portable and cost effective, current ultrasound imaging technology has difficulty to differentiate
carcinoma from benign prostate tissue. Various PET imaging agents have been developed for prostate cancer detection
and staging, these include 11C-choline [3, 4], 18F-fluorocholine [5], 11C-acetate [6], 11C-methionine [7], and other PET
agents. Of particularly, PET imaging with new molecular imaging tracers such as anti-1-amino-3-18F-fluorocyclobutane1-carboxylic acid (18F-FACBC) has shown promising results for detecting and localizing prostate cancer in humans [8,
9]. PET imaging with 18F-FACBC show focal uptake at the tumor and thus can provide location information to direct
targeted biopsy of the prostate. By combining PET/CT with 3D ultrasound images, multimodality image-guided targeted
biopsy may be able to improve the detection of prostate cancer.
In order to use 3D models to guide the biopsy, segmentation of the prostate is a key component of the 3D ultrasound
image-guided biopsy system. However, segmentation of the prostate in ultrasound images can be difficult because of the
shadows from the bladder and because of a low contrast between the prostate and non-prostate tissue. Many methods
were proposed to automatically segment the prostate in ultrasound images [10-28]. Particularly, various shape model
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based methods are used to guide the segmentation. Gong et al. modeled the prostate shape using superellipses with
simple parametric deformations [15]. Ding et al. described a slice-based 3D prostate segmentation method based on a
continuity constraint, implemented as an autoregressive model [13]. Hu et al. used a model-based initialization and mesh
refinement for prostate segmentation [29]. Hodge et al. described 2D active shape models for semi-automatic
segmentation of the prostate and extended the algorithm to 3D segmentation using rotational-based slicing [30]. Tutar et
al. proposed an optimization framework where the segmentation process is to fit the best surface to the underlying
images under shape constraints [21]. Zhan et al. proposed a deformable model for automatic segmentation of the
prostates from 3D ultrasound images using statistical matching of both shape and texture and Gabor support vector
machines [27]. Ghanei et al. proposed a 3D deformable surface model for automatic segmentation of the prostate [14].
Pathak et al. used anisotropic diffusion filter and prior knowledge of the prostate for the segmentation [20]. Others
proposed wavelet-based methods for the segmentation of the prostate. Knoll et al. used snakes with shape restrictions
based on the wavelet transform for outlining the prostate [31]. Chiu et al. introduced a semi-automatic segmentation
algorithm based on the dyadic wavelet transform and the discrete dynamic contour [12]. Zhang et al. improved the
prostate boundary detection system by tree-structured nonlinear filter, directional wavelet transforms and tree-structured
wavelet transform [28]. In this study, we developed a new segmentation method that based on the wavelet support vector
machine (W-SVM) and statistical shape model in order to improve the robustness of the segmentation.
In order to incorporate other images such as PET/CT into the 3D ultrasound-guided biopsy, image registration plays
a key role in combining multimodality images. Various registration methods have been proposed for the prostate [3240]. However, deformable registration of ultrasound and PET/CT images is difficult for the following reasons: (1)
Neither PET nor ultrasound has enough structure information about the prostate for direct intensity-based image
registration; (2) Ultrasound provides only a small field of view that covers just the prostate and surrounding tissue which
is merely a small portion of a PET image that includes the entire pelvic region; (3) The registration should be fast
enough to be practical for biopsy guidance; and (4) The significant prostate deformation caused by the transrectal probe
disqualifies registration algorithms that assume small deformation. In our preliminary study, we used CT images as the
bridge to register PET with TRUS because both PET and CT images are acquired from a combined PET/CT system and
they will be aligned before the biopsy procedure [33]. Although CT and ultrasound image registration has been used for
the prostate using rigid registration methods with the aid from additional tracking device [41], they could not be applied
to this application because of significant deformation at the prostate and rectum during ultrasound imaging. Using an
articulator arm or electromagnetic positioning device, ultrasound-CT registration has been used in radiotherapy [42] and
in radiofrequency ablation [43]. Although deformable CT-ultrasound registration methods have been used in other
applications such as cardiac procedures [44] and computer-aided orthopedic surgery [45], when applying them to the
prostate and the pelvic region, several challenges raise because the abdomen has irregular boundaries, unlike the bone or
head to which registration has been most often applied and because a normal prostate is small. In addition, there are
potential factors such as different patient positions, and rectal and bladder filling that can stress registration.
Furthermore, it is more difficult to evaluate pelvic and/or prostate registration because no external markers are available.
In this study, we developed and evaluate a nonrigid registration method for this particular application.

2. MATERIALS AND METHODS
2.1 PET-directed, 3D ultrasound-guided biopsy
The protocol for our PET/CT directed, 3D ultrasound-guided biopsy of the prostate is described as follows. (1) Before
undergoing prostate biopsy, the patient undergoes a PET/CT scan with 18F-FACBC as part of the examinations [8, 9].
The anatomic CT images are combined with the PET images for improved localization of the prostate and suspicious
tumors. (2) The patient has a 3D ultrasound scan before the actual biopsy appointment. The ultrasound image is called
“pre-biopsy” image. This scan can be one week before the biopsy or on the same day of the PET/CT scan. (3) The
PET/CT and pre-biopsy ultrasound images are registered offline before biopsy. (4) Immediately before biopsy, another
3D ultrasound image volume is acquired before the biopsy planning. This “intra-biopsy” ultrasound images are
registered with the pre-biopsy ultrasound images. As the pre-biopsy ultrasound image has been registered with the
PET/CT data, in turn, the PET/CT image is also registered with the intra-biopsy ultrasound image for tumor targeting.
Three-dimensional visualization tools are then used to guide the biopsy needle to a suspicious lesion. (5) At the end of
each core biopsy, the position of the needle tip is recorded on real-time ultrasound images during the procedure. The
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location information of biopsy cores is saved and can be restored in a re-biopsy procedure when the patient is followed
up for prostate cancer examination. This allows the physician to re-biopsy the same area and check the possible
progression or regression of a lesion. The location information of the biopsy cores can also be used to guide another
additional biopsy to different locations if the original biopsy was negative.
Figure1 shows the diagram of our molecular image-directed, 3D ultrasound-guided biopsy system. The system uses:
(1) Passive mechanical components for guiding, tracking, and stabilizing the position of a commercially available, endfiring, transrectal ultrasound probe. We use the BK Flex Focus 400 (BK Medical, Peabody, MA) and the Artemis system
(Eigen, Grass Valley, CA). (2) Software components for acquiring, storing, and reconstructing real- time, a series of 2D
TRUS images into a 3D image; and (3) Software that segment the prostate in 3D TRUS images and displays a model of
the 3D scene to guide a biopsy needle in three dimensions. The system allows real-time tracking and recording of the 3D
position and orientation of the biopsy needle as a physician manipulates the ultrasound transducer. (4) An offline
workstation system that is used to register and fuse PET/CT and ultrasound images.

Molecular Imaging with PET/CT

3D Visualization

PET/CT
Deformable Registration
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Real-time 3D Ultrasound-guided Biopsy

3D Ultrasound

Needle planning

Figure 1. Molecular image-directed, 3D ultrasound-guided biopsy. Top: The PET/CT images with 18FFACBC were acquired from a prostate patient at our institution. PET/CT images show a focal lesion within the
prostate (white arrow). The 3D visualization of the pelvis and the prostate can be used to aid the insertion of the
biopsy needle into a suspicious tumor target. Bottom: During biopsy, a mechanically assisted navigation device
was used to acquire 3D TRUS images from patients. The prostate boundaries on TRUS images were segmented
from each slice and were used to generate a 3D model of the prostate. The 3D prostate model and real-time
TRUS images are used to guide the biopsy in human patients.

2.2 3D segmentation of the prostate in TRUS images
In order to build a 3D model for biopsy guidance, we developed a 3D segmentation method to segment the prostate in
3D TRUS images. This method utilizes Wavelet-based texture extraction technique followed by support vector machines
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(SVMs) to adaptively collect texture priors of prostates and non-prostate tissues and classify tissues in different subregions around the prostate boundary by statistically analyzing their textures using wavelet features.
Figure 2 shows the flowchart of the segmentation method. The segmentation method has three main components.
(1) Each Wavelet support vector machine (W-SVM) consists of two elements, i.e. Wavelet filter collection and SVM.
The Wavelet filter collection is utilized to extract and characterize texture features in TRUS images. The Wavelet filter
collection has Wavelet filters at multi-scales and multi-orientations. Therefore, it has the ability to characterize textures
with different dominant sizes and orientations from noisy TRUS images. The wavelet transforms are applied to 3D
transrectal ultrasound images in three planes. The wavelet is used in 2D sagittal, coronal, and transverse images. (2) The
SVMs have been trained by a set of 3D TRUS image samples in the coronal, sagittal, and transverse planes and at each
sub-region to label the voxels based on the captured Wavelet texture features. Each voxel is labeled by three subregional SVMs in three planes separately. Each voxel in each plane is labeled by a real value between 0 and 1 that
represents the likelihood of a voxel belonging to the prostate tissue. (3) A statistical prostate shape model (Figure 3) is
incorporated in the segmentation process. Therefore, each voxel has a label of the statistical shape model and three labels
for the SVM in three planes. After applying the weight functions that were defined in the SVM training step, the
segmented prostate is used for registering the probability model. After defining special weight for each label at each
region, each voxel tentatively labeled as prostate or non-prostate voxel. Consequently, the surfaces of the prostate are
modified based on the intensity profiles of the model. To improve the robustness of the method a manual intervention
was employed. This step was performed through defining a bounding box for the prostate in one middle slice or two
orthogonal slices. The probability model was scaled to the size of the box. The segmented prostate is updated and
compared to the shape model. The modification and update steps are repeated until the algorithm converges.
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Figure 2. Flowchart of the wavelet support vector machine (W-SVM) based segmentation method.

Quantitative performance assessment of the method was done by comparing the results with the corresponding gold
standard from manual segmentation. The Dice similarity was employed as a performance assessment metric for the
prostate segmentation algorithm [46, 47]. Sensitivity represents the proportion of the segmented prostate volume, S, that
is correctly overlapped with the gold standard (G), i.e. Sensitivity = TP/G × 100%, where TP is the true positive volume
and represents the overlapped volume of the segmented prostate and the gold standard.
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Figure 3. The 3D probability model in two orthogonal orientations. A white voxel has a probability of 1
as being a prostate voxel while a black voxel has the probability of 0 as a prostate voxel.

2.3 Image registration of TRUS and PET/CT images
Our nonrigid registration method was previously described [33]. Briefly, the registration method is a hybrid approach
that simultaneously optimizes the similarities from point-based registration and volume matching methods. The 3D
registration is obtained by minimizing the distances of corresponding points at the surface and within the prostate and by
maximizing the overlap ratio of the bladder neck on both images. The hybrid approach not only capture deformation at
the prostate surface and internal landmarks but also the deformation at the bladder neck regions. The registration uses a
soft assignment and deterministic annealing process. The correspondences are iteratively established in a fuzzy-todeterministic approach. B-splines are used to generate a smooth non-rigid spatial transformation. The similarity function
includes three terms: (1) surface landmark matching, (2) internal landmark matching, (3) volume overlap matching. The
transformation between CT and TRUS images are represented by a general function, which can be modeled by various
function basis. In our study, we choose B-splines as the transformation basis.

3. RESULTS
We developed a PET-directed, 3D ultrasound-guided biopsy system for the prostate. The biopsy system has been tested
in prostate phantoms. The proposed 3D segmentation method was applied to 10 TRUS image volumes from 10 human
patients. The size of the images was 448×448×350 voxels. The prostate was manually segmented on individual image
slices. The experimental data for segmentation differed from the data set for the SVM training. Table 1 shows the
quantitative evaluation results from 10 image volumes. The DICE overlap ratios were 92.4% ± 1.1 % and the sensitivity
was 93.2% ± 2.6 %.
Table 1. Quantitative evaluation of four segmentation method.

Patient#
DICE

1

2

3

4

5

6

7

8

9

10

Mean ± STD

92.3% 91.5% 93.2% 91.8% 92.0% 93.9% 90.5% 92.7% 92.6% 94.0% 92.4% ± 1.1%

Sensitivity 90.4% 91.2% 96.6% 90.8% 92.9% 96.9% 91.4% 95.2% 91.2% 95.5% 93.2% ± 2.6%
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Our nonrigid registration method was tested with pre- and post-biopsy TRUS data of five patients. We used prebiopsy images as the reference images and registered the post-biopsy images of the same patient. For five sets of patient
data, the target registration error (TRE) was 0.88±0.16 mm and the maximum TRE is 1.08 ± 0.21 mm.

4. DISCUSSION AND CONCLUSION
We developed a molecular image-directed, 3D ultrasound-guided biopsy system for the prostate. In order to include
other imaging modality such as PET/CT into 3D ultrasound-guided biopsy, we developed a 3D non-rigid registration
method that combines point-based registration and volume overlap matching methods. The registration method was
evaluated for TRUS and MR images. The registration method was also used to register 3D TRUS images acquired at
different time points and thus can be used for potential use in TRUS-guided prostate re-biopsy. Our next step is to apply
this registration method to CT and TRUS images and then incorporate PET/CT images into ultrasound image-guided
targeted biopsy of the prostate in human patients. In order to build a 3D model of the prostate, a set of Wavelet-based
support vector machines and a shape model are developed and evaluated for automatic segmentation of the prostate
TRUS images. Wavelet transform was employed for prostate texture extraction. A probability prostate model was
incorporated into the approach to improve the robustness of the segmentation. With the model, even if the prostate has
diverse appearance in different parts and weak boundary near bladder or rectum, the method is able to produce a
relatively accurate segmentation in 3-D TRUS images.
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