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Prior knowledge

Using the fusion of pre-operative MRI and real time intra-procedural transrectal ultrasound (TRUS) to
guide prostate biopsy has been shown as a very promising approach to yield better clinical outcome than
the routinely performed TRUS only guided biopsy. In several situations of the MRI/TRUS fusion guided
biopsy, it is important to know the exact location of the deployed biopsy needle, which is imaged in the
TRUS video. In this paper, we present a method to automatically detect and segment the biopsy needle
in TRUS. To achieve this goal, we propose to combine information from multiple resources, including
ultrasound probe stability, TRUS video background model, and the prior knowledge of needle orientation
and position. The proposed algorithm was tested on TRUS video sequences which have in total more than
25,000 frames. The needle deployments were successfully detected and segmented in the sequences with
high accuracy and low false-positive detection rate.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Prostate cancer affects one in six men in the western world,
and it is the second leading cause of cancer death in American
men [1]. Currently, patients are being diagnosed using a so-called
“blind” transrectal ultrasound (TRUS)-guided systematic biopsy [2].
Ultrasound imaging, however, merely guides the needle to differ-
ent regions of the prostate, and does not visualize prostate cancer
reliably. On the other side, multi-parametric MRI has been shown
to have good sensitivity and specificity in detecting prostate cancer.
Efforts have been made to create image guidance applications that
can fuse real-time TRUS with pre-acquired MRI to guide needles to
diagnostic or therapeutic target sites identified in MRI [3,4].

In MRI/TRUS fusion guided targeted prostate biopsy and ther-
apy, there are several situations in which it is important to know
the exact location of the deployment of the biopsy needle. First,
biopsy needle tip localization plays an important role in retrospec-
tive analysis of the image fusion system. In prostate biopsy, the
biopsy needle is deployed by using a biopsy gun. The needle tip
for tissue sampling may not exactly hit the planned target site.
It would be very useful to find the actual biopsy locations in a
procedure and then map to the MR images. The targets identified
on multi-parametric MR can then be correctly correlated with the
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pathological analysis results. Second, for repeat biopsies, physicians
may either want to re-sample regions with suspicious findings
in earlier biopsies, or may want to specifically avoid re-sampling
regions with benign findings and target areas in between previous
biopsies instead. In both cases, the exact locations of earlier biopsy
samples need to be known. Furthermore, locations of the positive
biopsies are needed in addition to imaging findings for planning
focal therapy.

This paper presents a new method for robustly detecting and
accurately segmenting the biopsy needle from 2D TRUS videos
recorded during the MRI/TRUS fusion guided biopsy procedures.
Since the biopsy needle is setup to be in the imaging plane of the
ultrasound probe, it appears as a tubular structure at the deploy-
ment time. Needle detection and segmentation in TRUS, however,
is a very challenging task for the following reasons. First of all, it is
well known that ultrasound has low signal to noise ratio and the
noise makes the boundary of the needle difficult to define. Second,
the biopsy needle, which appears to be a bright tubular structure in
ultrasound, is often surrounded by other bright anatomical struc-
tures with a similar intensity profile (as shown in Fig. 1). Third, the
possibility of out-of-plane bending of the needle further reduces
the needle visibility in TRUS images. Last but not least, since the
needle is fired by a biopsy gun, it appears in the TRUS images sud-
denly and lasts only several frames. The sudden needle motion plus
the motion caused by the movement of the US probe makes needle
detection even more difficult.

The problem of biopsy needle segmentation from ultrasound has
been investigated recently. Naturally, the majority of the proposed
segmentation algorithms exploit the linear and tubular structure of
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Fig. 1. TRUS image with needle deployment.

the needle to segment it. Wei et al. [5,6] first threshold the image,
and subsequently, fit a line to the points determined by thresh-
olding. Draper et al. [7] follows similar steps and starts from a
thresholded image and apply morphological operations to fill the
gaps, and fits a tubular model using Principal Component Analysis
(PCA). Another choice for detection of needle is the Hough trans-
form, asitis one of the earliest methods to find linear structures. The
performance of these methods highly depends on preprocessing
steps which can have poor results especially in the case of ultra-
sound images. For example, Hough transform was used in the work
of [8-10] after applying morphological operations on the image.
However, similar to line fitting, the nature of the Hough transform
makes these methods prone to the problems mentioned earlier,
especially the out-of-plane bending of the needle and the distrac-
tion from the surrounding bright structures. In addition, all the
existing methods assume presence of biopsy needle in the images.

In this paper, we present a new method to detect the biopsy
needle in TRUS video sequences recorded during actual MRI/TRUS
fusion-guided biopsies. To achieve better robustness and accu-
racy, we propose to combine information from multiple resources,
including ultrasound probe stability, TRUS video background
model, and the prior knowledge of needle orientation and position
for detection. In the proposed method, we first detect the nee-
dle deployment in ultrasound videos. Then for those TRUS frames
where the needle is present, we segment the needle to further verify
its presence. To the best of our knowledge, this is the first method
to detect the biopsy needle deployment from TRUS videos recorded
during the biopsy procedures.

The rest of the paper is organized as follows. Section 2 pro-
vides an overview of the MRI/TRUS fusion guided biopsy system.
The proposed biopsy needle detection method using multi-source
information fusion is presented in Section 3. The prior knowledge
based needle segmentation algorithm is presented in Section 4. In
Section 5, the performance of the proposed detection and segmen-
tation methods is demonstrated on biopsy TRUS video sequences
with quantitative evaluation results. Finally, Section 6 concludes
the paper.

2. MRI/TRUS fusion guidance

A system for fusion of real-time transrectal ultrasound (TRUS)
with pre-acquired 3D images of the prostate was designed and
demonstrated in our previous work [3]. Biopsy guides for endo-
cavity ultrasound transducers were equipped with customized 6
degree-of-freedom (DoF) electromagnetic (EM) tracking sensors,
compatible with the Aurora EM tracking system (Northern Digi-
tal Inc., Waterloo, ON, Canada). The biopsy guides were attached
to an ultrasound probe and calibrated to map ultrasound image
coordinates to EM tracking coordinates.

EM tracking systems are considered an enabling technology for
many image guided procedures since they are not limited by sight
restrictions. With the assistance of EM tracking, a transformation
chain can be constructed for fusing the real-time TRUS and the pre-
acquired MRI as shown in Fig. 2. With those transformations, we
are able to find the 3D world locations of the pixels in a 2D TRUS
frame.

3. Biopsy needle detection

Automatic biopsy needle deployment detection from TRUS
video is a very challenging problem. To deal with the aforemen-
tioned difficulties, we propose to detect biopsy needle deployment
by integrating the multi-source information of ultrasound probe
stability, TRUS video background model, and the prior knowledge
of needle orientation and position. The proposed method consists
of three main steps. First, we use the EM-tracking information from
the ultrasound probe sensor to segment the video into sections in
which the ultrasound probe appears stationary. Second, we high-
light the needle using a filter specifically designed to respond to the
biopsy needle inside an image. Third, we detect the scene changes
with respect to a background model that is maintained throughout
each video segment. By combining all the three steps together, the
presence of the biopsy needle can be detected. The details of each
step are presented as follows.

3.1. Quantifying probe stability

It has been observed that during the biopsy, urologists stabi-
lize the ultrasound probe before they deploy the needle to get a
tissue sample from the prostate. This observation helps us to nar-
row down the search space of the needle deployment time, which
can significantly speed up the detection process and also reduce
the false positive rate. In other words, we consider only the frames
where the ultrasound probe is relatively stationary for the needle
detection and segmentation.

Although it is possible to use the TRUS frames directly to deter-
mine whether the probe is stationary, using images only is not
reliable in our application. The most important reason is that the
TRUS images are in 2D. Any small out-of-plane motion will cause
the image content to be quite different and thus confuse the motion
quantification algorithm. To robustly quantify the stability of the
ultrasound probe, the EM tracking information, which is collected
as a part of the interventional guidance system logging, is used in
our work instead. In our approach, we first pick N points on the
TRUS image plane. Then, we find the world coordinates of these
points through the position and pose of the probe tracked by the
EM tracking system. For each point, we compute the angular dis-
tance between the 3D world position of that point and its 3D world
position at the previous frame. By comparing the 3D coordinates
of the same set of pixels in consecutive frames, we can determine
the motion of the US probe. If none of these N points moves signif-
icantly, we tag the frame as “stationary” and thus make the frame
a candidate for needle detection.

3.2. Enhancing needle structure

Once the TRUS frames which may be captured when the
ultrasound probe being stable are identified, needle detection is
performed in those frames. However, due to the low signal to noise
ratio of TRUS video and other bright structures around the nee-
dle with similar intensity profile, using the intensity values of the
frame directly cannot produce accurate results. To overcome these
problems, we propose to enhance the needle appearance in the
images by convolving the TRUS images with a filter, which is specifi-
cally designed for exploiting the tubular structure of the needle and
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Fig. 2. The MR image and the real-time TRUS are mapped together in the EM tracking coordinates for fusion. With the illustrated transformation chain of the MRI/TRUS
fusion guided biopsy system, pixels in a TRUS frame can be corresponded to the voxels in the MRI volume.

suppressing the imaging noise in the same time. The second order
derivative of Gaussian filter is very suitable for our design. In 2D,
the filter can be formulated as

, 2x2 -1 2y?2-1 x2  y?
G(X»Y)—2<UX+ o exp —;x—;y , (1)

where oy, 0y are the variation in x, y directions, respectively. To
exploit the tubular structure of the needle, the values of ox and
oy are selected in a way that o), >> oy. Fig. 3 shows the shape of
the designed enhancement filter in 3D. The response of the filter is
low on the needle and is high at other places. To increase the filter
response, we also rotate the filter to align its orientation to the nee-
dle guide by multiplying by a 2D rotation matrix. Some response
images of the filter to needles deployed at different times are shown
in Fig. 4. Note that even though the needle signal is weak in the sec-
ond and third examples, a noticeable filter response is still obtained
on the needle.

3.3. Modeling image background

After filtering the candidate TRUS images using the needle
enhancement filter, we move to detect the needle deployment in
the enhanced frames. Since the needle is fired by a biopsy gun, it
appears in the TRUS images suddenly and lasts only several frames.
When the ultrasound probe is stable, the only significant change
happening in the scene is caused by the needle deployment as the
respiratory motion can be ignored compared with the sudden nee-
dle motion. To detect the fired needle in TRUS, we propose to model
the image background and check the difference between the cur-
rentimage and the model. Large difference may indicate the sudden
appearance of the needle.

In our proposed approach, the histogram of the filter response
is used for background modeling, which can represent the filter
response intensity information and is also invariant to the small
respiratory motion. Let H(t) be the standard spatial histogram of
the filter response, aggregated over all the pixels in a fixed region
around the biopsy guide at frame t. In our work, the minimum and
maximum values of the filter response are —255 and +255, respec-
tively. The range is uniformly divided into 100 equally spaced bins
to construct the histograms. For the first frame of the stable video
segment, we model the background directly with its histogram as
B(to)=H(tp). To maintain the background model in the following

frames, the histogram is incrementally updated using a new frame
as

B(t) = aB(t — 1)+ (1 — a)H(1), 2)

where « is the learning rate. Typically, we choose « as 0.9 to main-
tain the continuity of the model but also to quickly learn the new
images.

To detect changes in the scene using the background model, the
distance between the background model B(t — 1) and the histogram
of filter responses H(t) is measured by using £1 norm of their dif-
ference. When the distance is larger than a threshold, the frame ¢
is considered as significantly varying from the background model
and marked as the candidate needle frames.

4. Biopsy needle segmentation

The change detection algorithm described in the previous sec-
tion not only marks the frames with needle deployment but
also rejects many false-positive frames, where there is no needle
appearance. After that, the biopsy needle segmentation is carried
out for locating the needle tip and also further eliminating the
remaining false positives by verifying the presence of needle in an
image.

For efficient and accurate segmentation, a two step segmen-
tation algorithm based on minimizing an energy function using
the graph-cuts method is proposed [11-13]. First, the image is
segmented into needle pieces and background using the filter
response. However, this step returns more than one segment for
several reasons. One of the causes is that the out-of-plane bend-
ing of the needle may reduce the needle visibility in some parts.
Another reason is that the bright anatomical structures surround-
ing the needle may also generate weak filter response, which can
be captured by the initial segmentation algorithm. To deal with this
problem, in the second step, these segments are clustered based on
the prior knowledge of the position and orientation of the needle
guide. In addition, the clustering of the pieces that form a tubular
structure is favored. A modified graph-cuts method is used for this
purpose.

Once we have the segmentation of the needle, we can further
eliminate false positives based on the obtained shape, orientation
and its position with respect to the needle guide. This approach
helps us to reliably eliminate a large number of the candidate nee-
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Fig. 3. The 3D shape of the second order derivative Gaussian filter in different views.

dle frames actually without needle deployment. The details of the
proposed method are provided in the following subsections.

4.1. Segmenting images

Consider a needle as foreground and other structures as back-
ground. The problem of segmenting a frame with possibly a needle
inside can be formulated as the minimization of an energy func-
tional

RXp = argmmZDp Xp)+ AZWPq[xp # Xql, (3)

wherex, is the binary label of the pixel p,and p ~ g indicates that the
pixels p and g are neighbors. The first term of the energy functional
Dp(xp) describes the cost of assigning a pixel p to the foreground or
to the background based on its label. The cost of assigning a pixel
to the foreground is chosen as the absolute difference between the
filter response f, at that pixel and the minimum filter response
€ of the image. This cost achieves its minimum value at the pix-
els inside the needle as the filter that enhances the needle gives
its lowest response at those pixels. In a similar way, the cost of
assigning a pixel to the background is chosen as the absolute dif-
ference between the filter response f, at that pixel and the mean
filter response u of the image.

The second term on the right-hand side of the energy func-
tional regularizes the labeling to maintain the smoothness of the
segmentation with the multiplier factor A. When two neighboring

pixels, p and g, have different labels x, and x4, the predication of
[xp # Xq] takes the value of 1 and the weight wpq accumulates to
the energy. Otherwise, it takes the value of 0 and the weight wyq has
no contribution to the total energy. As a natural choice for wpq that
favors the assignment of the same label to the neighboring pixels
with similar filter responses, the similarity measure is chosen to be
Wpq = exp(=Blfp — fy)-

By using the above formulation, an image gets segmented when
the energy functional in (3) is minimized. To find the global mini-
mum, the graph-cuts based minimization is employed as the form
of the energy functional is well suited to be formulated as a graph-
cut problem. Fig. 5 shows the graph constructed corresponding to
the energy functional in (3). The graph can be constructed in three
steps. First, a node is put into the graph for each pixel. Second, as
this is a binary optimization problem, two terminal nodes s and
t representing background and foreground are added. Third, the
terminal node s is connected to each node representing the pixels
using edges with the weight of |f, — €|, and the terminal node ¢ is
connected to each node with the weight of |f, — | to those edges
in a similar way. Finally, edges that connect the nodes representing
neighboring pixels are added and assigned the weight of wpq.

The minimum cut on this graph generates the labeling that glob-
ally minimizes the energy functional in (3). It is worth noting that
the minimal cut can be computed in polynomial time. Therefore it
is computationally an efficient method for energy minimize. Fig. 6
illustrates the segmentation of the needles from the ultrasound
frames with our approach.

Fig. 4. Four filter response examples of the needle structure enhancement. For each example, the TRUS image patch is shown on the left and the color-coded enhancement
result is shown on the right. The color scale is from blue to red indicating the values from low to high. The lower response values point out the existence of a tubular structure.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)
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Fig. 5. The constructed graph corresponding to the energy functional in (3).

4.2. Clustering segments

For a clear needle deployment, it is relatively easy to segment
from the filter response image. However, sometimes only part

of the needle is visible in the scene, especially when a needle is
deployed partially out of the imaging plane due to bending. In
that situation, the segmentation algorithm described at the pre-
vious section will return multiple needle fragments as shown in
Fig. 7(b). To overcome this problem, we propose a clustering algo-
rithm using the prior knowledge of the needle shape and the needle
guide, through which the needle is deployed.

To utilize the position and orientation of the needle guide for
a more robust segmentation, first, a confidence map based on the
distance map of the needle guide is computed. The confidence map
indicates the possibility of the presence of the biopsy needle at each
location. An example of the confidence map is shown in Fig. 7(c).
Each pixel p on this confidence has the value ¢y =1 — dp/dmax, where
dp is the distance from the pixel p to the needle guide and dmay is the
maximum distance on the distance map. The closer a pixel to the
needle guide, the higher the confidence value is, and vice versa. To
evaluate the possibility of each fragment being part of the needle,
the confidence value for each segment S is computed by

1
CS = E ZCP, (4)

peS

where |S| is the number of pixels inside S.

Fig. 6. This figure illustrates the segmentation of needles from the ultrasound frames in three different cases. Each image group shows the input image, filter response and

the segmentation of the needle.

Fig. 7. Illustration of the needle segmentation process: (a) the needle appears partially in the image because of the out-of-plane deployment; (b) fragmented segmentation
of the needle obtained by graph-cuts; (¢) confidence map computed based on the distance map around the needle guide; and (d) confidence values on each needle fragment.
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On the other hand, to exploit the tubular shape of the needle and
its orientation, we propose to use the ratio between two principal
axes of segments. The orientation of the principal axes and their
lengths is given as the eigenvectors and eigenvalues of an inertia
matrix

M= mzo My , (5)
myp Me
where
_1 P q
Mpq = E;(Xp — [x) (Yp - ,U«y) s (6)

Xp and y,, are the coordinates of the pixel p, and uy and uy are the
means of x and y coordinates, respectively.

Once the confidence value of each segment is computed, the
segments can be clustered into needle and non-needle parts based
on the minimization of the energy functional

~ . RSQ

Zs = argmin Ks(zs)+ T —=|zs #2901, 7

s = argmir g s(zs) E DSQ[ s #+2q] (7)
SeA S,QeA

where A is the set of segments, z; is the label of segment S,
Ks(zs=1)=1 - Cs is the cost of assigning the segment S as a needle
piece, Ks(zs=0)=Cs is the cost of assigning the segment as non-
needle piece, Rsq is the principal axes ratio when the segments S
and Q are merged, D is the distance between the segments S and
Q, and 7 establishes the balance between the unary and pairwise
terms. To efficiently solve this clustering problem, the graph-cuts
algorithm [11-13] is again used for finding the global minimum of
the energy functional in (7). A graph is constructed by considering
each fragment as a node as shown in Fig. 8. The needle fragment
clustering result is shown in Fig. 7(d).

After clustering the needle fragments, the final step in segmen-
tation is to verify whether the segmented object is a biopsy needle
to eliminate the false positives based on the orientation, shape and
the position of the segmented object. First, we check the principal
axes ratio which is high for tubular structures. The threshold value
for this criteria is 5. Second, we exclude the segmentations who
are far from the needle guide (with the confidence value C5<0.85)
and whose orientation deviates from the guide significantly (more
than 30°). The parameters are chosen empirically and do not vary
throughout our experiments. By thresholding according to these
three factors, the vast majority of segmented frames with no needle
deployments can be reliably eliminated (Fig. 9).

Fig. 8. The graph constructed corresponding to the energy functional (7) for clus-
tering the needle segments.

5. Quantitative experiments

Our proposed algorithm has been tested on three TRUS video
sequences recorded during the prostate biopsies for patients com-
ing for prostate cancer diagnosis. Ultrasound images used in the
experiments were obtained by using an iU22 scanner (Philips
Healthcare, Andover, MA). Ultrasound video frames were grabbed
by using a video card. Each image has the size of 640 x 480 pix-
els. The pixel sizes of the frame-grabbed images are 0.1493 mm,
0.1798 mm, and 0.2098 mm for 4cm, 5cm, and 6cm depth set-
tings, respectively. These three video contains more than 25,000
frames, whose details are given in Table 1. The needle deployments
identified by a radiologist were considered as the ground truth for
evaluation.

Since our main objective is to help the physician to quickly locate
the needle deployments for reviewing purpose, a basic require-
ment is not to miss any needle deployment. For this purpose, we
grouped individual needle detections based on temporal coherency
and labeled each group as one needle deployment. In the evaluation
of our algorithm, we mainly focused on three statistics: the num-

-4
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Fig.9. This figure illustrates the clustering of fragments into one needle segment. The fragments presented with the blue boundary form the needle segment. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of the article.)
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Table 1

The number of frames, number of needle deployments, number of frames with nee-
dle presence, and number of frames without needle presence in the three TRUS video
sequences for testing.

Numbers Sequence-1 Sequence-2 Sequence-3

Frames 2359 12676 10020

Needle deployment 12 16 16

Frames with needle 142 235 243

Frames w/o needle 2217 12441 9777
Table 2

This table presents some statistics achieved on Sequence-1, Sequence-2 and
Sequence-3 with the proposed algorithm.

Dataset-1 Dataset-2 Dataset-3
Needle missed 0 0 0
True positives (#) 100 158 130
True positives (%) 70 67 53
False positives (#) 30 327 169
False positives (%) 1.3 2.6 1.7

ber of the missed needles, the percentage of true positives to the
number of frames where the needle appears, and the percentage of
false positive detections to the number of frames where there is no
needle.

Table 2 shows the statistics related to all the three sequences
and the performance of the proposed method on them. From the
results, we can see that we have achieved the goal of detection of
all the needle deployments and no needle deployment was missed.

Even though not all the frames with needle were marked as
positive at a needle deployment (the true positive percentage is
70% and 67% for first and second dataset, and 53% for the third
one), we were able to detect needle appearance in at least one of
the frames during a needle deployment. On the other hand, the
false detection rate is very low considering the fact that the needle
appears only in a very small percentage of the frames through-
out the video. In addition, our investigation showed that the main
cause of the false alarms is the needle traces left after needle is
fully retracted. Overall, our method has 97% accuracy in classifi-
cation of the frames into the classes “with needle” and “without
needle”.

6. Conclusions

This paper presents an algorithm capable of detecting biopsy
needle deployments from TRUS videos with up to 100% needle

deployment detection rate and 97% frame classification accuracy.
Prior knowledge of needle deployment geometry and EM-tracked
US probe motion helped to reduce the number of false positives dra-
matically. The algorithm can be used to reliably eliminate the vast
majority of frames without needle deployments and thus greatly
accelerate the review of the video sequences.

In our future work, we will try to further reduce the false positive
rate for the needle detection. By analyzing our current results, it was
noticed that the false positives were largely due to either the needle
traces left in the prostate after that the needle was withdrawn or
the motion artifacts of the prostate. The former may be addressed
by checking the tracked US probe position, since the same location
should not be biopsied twice in a procedure. The latter may be han-
dled by incorporating motion compensation to remove the global
motion effects from the TRUS video.
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