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a b s t r a c t 

2D ultrasound (US) image guidance is used in minimally invasive procedures in the liver to visualize the 

target and the needle. Needle insertion using 2D ultrasound keeping the transducer position to view nee- 

dle and reach target is challenging. Dedicated needle holders attached to the US transducer help to target 

in plane and at a specific angle. A drawback of this is that, the probe is fixed to the needle and cannot 

be rotated to assess the position of the needle in a perpendicular plane. In this study, we propose an 

automatic needle detection and tracking method using 3D US imaging to improve image guidance and 

visualization of the target in the liver with respect to the needle during these interventional procedures. 

The method utilizes a convolutional neural network for detection of the needle in 3D US images. In a 

subsequent step, the output of the convolutional neural network is used to detect needle candidates, 

which are fed into a final tracking step to determine the real needle position. The needle position is used 

to present two perpendicular cross-sectional planes of the 3D US image containing the needle in both 

directions. Performance of the method was evaluated in phantoms and in-vivo data by calculating the 

needle position distance and needle orientation angle between segmented needles and reference ground 

truth needles, which were manually annotated by an observer. The method successfully detects the nee- 

dle position and orientation with mean errors of 1 mm and 2 °, respectively. The proposed method yields 

a robust automatic needle detection and visualization at a frame rate of 3 Hz in 3D ultrasound imaging 

of the liver. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Generally, minimally invasive techniques are used for diagnosis

and treatment. Compared to open surgery, these procedures are

aimed to reduce the risk of surrounding tissues injury and lead

to less trauma and shorter recovery time ( Slakey et al. 2013 ). Per-

cutaneous biopsy in the liver is a minimally invasive procedure

where a needle is used to remove tissue samples for histology-

based diagnosis. Needle insertion is also performed in therapeutic

procedures such as in prostate brachytherapy and in liver tumor

thermal ablation (radiofrequency, microwave or cryo ablation). Im-

age guidance is required for such procedures to visualize both, the

target and the needle. UltraSound (US) image guidance is widely

used in such minimally invasive procedures, as it is relatively safe,

cheap and real-time imaging modality. Conventionally, radiologists

use 2D US to visualize the needle during insertion in the liver
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nd mainly use two techniques for needle insertion: guided and

reehand ( Chapman et al., 2006 ). In the guided needle insertion

pproach, a detachable needle guide is attached onto the 2D US

robe to guide the needle; this only allows needle insertion at a

ew pre-defined planes and angles. In the freehand insertion tech-

ique, the needle is inserted without use of a guide. This provides

reater flexibility in choosing the angle of insertion of the nee-

le. However, the freehand approach is more challenging than the

uided approach as it requires the interventionalist to continuously

lign the US image with the needle for visualization. 3D US has the

otential to address some of the challenges associated with 2D US:

t may allow easier free-hand needle insertion and provide better

mage guidance as the transducer is imaging a large region. One

ould even fix, e.g. by a probe holder device, the transducer such

hat the interventionalist can focus only on the needle insertion.

n addition, a 3D volume allows visualization of the target in mul-

iple directions enabling the interventionalist to hit the target in

he center more easily. This is advantageous, especially in abla-

ive therapies. However, the visualization of the needle trajectory

n 3D US imaging is challenging ( Arif et al., 2017 ), as direct volume

endering is not a good solution. If the needle position in the 3D

https://doi.org/10.1016/j.media.2019.02.002
http://www.ScienceDirect.com
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S image is known, one can generate multi-planar reconstructions

MPR) aligned with the needle. This makes it possible to generate

iews which are conventionally used in 2D US without being lim-

ted to certain introduction angles, and without having to manually

lign the US image with the needle. The purpose of our work is to

evelop and evaluate such a needle tracking approach for 3D US

mages. 

Some external tracking devices ( Barratt et al., 2001; Wei et al.,

004; Fronheiser et al., 2007; De Lorenzo et al., 2011 ) have been

roposed to track the needle in 3D US imaging to improve im-

ge guidance. However, these external guidance systems require

dditional equipment, time to calibrate and specific skills to op-

rate such systems. Image based guidance techniques ( Uhercik

t al., 2013; Zhao et al., 2013; Pourtaherian et al., 2014 ) have also

een developed. Pourtaherian et al. (2014) presented a 3D Gabor

ransformation method for needle detection. They selected nee-

le candidate voxels using directionally-sensitive Gabor wavelet

ransforms and estimated the needle axis. The study was per-

ormed on a limited set (32 3D US images) of data, created by

ipping in x and y directions eight different 3D US images ac-

uired from a chicken breast phantom using an iU22 US sys-

em. Uhercik et al. (2013) used line filtering, voxel classification

nd model fitting techniques to detect a needle in 3D US images.

hao, Cachard et al. (2013) used a combination of RANSAC and a

alman filter to detect and track a needle in 3D US images. In

oth studies high quality simulated US data were used to evalu-

te the performance of the method. In clinical cases, 3D US images

ay not be of such high quality, which may lead to a decreased

obustness and increased processing time for the methods. Image

ased guidance methods do not need any additional external de-

ices, which is an advantage over tracking based methods and it is

he same approach we will pursue in this study. 

Convolutional neural networks (CNN) have recently shown to

e very effective in segmentation of the organs in various medi-

al imaging modalities ( Ronneberger et al., 2015; Milletari et al.,

016 ) and also in US ( Baka et al., 2017 ). Particularly the U-net

nd V-Net architecture and variants thereof have demonstrated

uperior performance compared to traditional, non-deep learning

pproaches in several medical imaging challenges. These biomed-

cal image segmentation networks are composed of several con-

olutional layers and with data augmentation. After brief training,

ata can be generalized well and can predict output as binary seg-

ented images. 

In our approach, we have combined such a convolutional neural

etwork with conventional image processing techniques for auto-

atic detection and tracking of needles in 3D US images of the

iver. The contributions of our work are: (1) a robust approach

or automatic needle detection and tracking in subsequent images,

2) real-time visualization of the tracked needle using 2D cross-

ectional planes of 3D US data and (3) performance evaluation of

he proposed method in phantoms and partially in-vivo. 

. Method 

Fig. 1 shows the block diagram of the proposed method of au-

omatic needle detection in 3D US images. The method consisted

f four main stages. At stage-1, a CNN model was used to get an

nitial needle segmentation from the 3D US image; at stage-2, nee-

le candidates were extracted from this initial segmentation; at

tage-3, needle selection was performed and at stage-4 the result-

ng needle was used to generate 2D cross-sections out of 3D US

ata containing the complete needle for visualization and image

uidance. The CNN model, needle candidate extraction, needle de-

ection and visualization step are described in Fig. 1 . 
.1. CNN model 

The needle is a straight linear structure and in order to accu-

ately and robustly discriminate needle voxels from other similar

chogenic structures such as bones and tissue boundaries in 3D

S images, a CNN approach was used instead of traditional im-

ge based methods ( Zhao et al., 2013; Pourtaherian et al., 2014 ). In

iterature, use of a compressed CNN (a network with fewer convo-

utional layers and fewer features) has shown advantages in pre-

iction time ( Guo et al., 2018 ). Therefore, an adapted compressed

ersion of the V-net ( Ronneberger et al., 2015 ) model was imple-

ented to segment the needle in 3D US images. While in a V-Net,

he network consists of one to three convolutions in each layer,

he network utilized in this paper contains only a single 3D con-

olution with 3 × 3 × 3 kernel size, followed by a Rectified Linear

nit (ReLU). At the 5th and 6th layer of the network, a kernel size

lter of 3 × 3 × 1 was used due to small image size along z -axis.

urthermore, the input of each stage was not added to output of

ast convolutional layer of that stage as described for the V-net to

earn residual function. Batch normalization (BN), was added after

ach 3D convolution to improve convergence speed during train-

ng ( Ioffe and Szegedy, 2015 ). In the up-sampling part, instead of

sing deconvolutions in every step, 3D up-sampling of the feature

ap was used. Additionally, a concatenation with the correspond-

ng computed featured map from down-sampling part, and one 3D

onvolution with a 3 × 3 × 3 kernel size, ReLU and BN were per-

ormed after up-sampling. At the final layer a 3D convolution with

 kernel of 1 × 1 × 1 size was used to predict the needle segmenta-

ion from the computed features. In each convolution appropriate

adding was used. The complete network design is shown in Fig. 2 .

.2. Needle candidate extraction 

The CNN model generates an image where voxels that belong

o a needle having high values. The purpose of next step was

o extract needle candidates from the CNN output. Therefore, in

his step, we used a connected component labeling to obtain all

onnected segments S i (1 < i ≤ N seg ), where N seg is number of seg-

ents. All segments with size (number of voxels, v n ) smaller than

 threshold T seg were assumed to be false detections and ignored

n further processing. Subsequently, Principle Component Analysis

PCA) was applied to determine the direction vector � u i (eigenvector

or largest eigenvalue) of the remaining segments, and the center

f mass M i of each segment was determined. 

�
  i = P CA ( N i ) (1) 

 i = 

1 

N i 

n ∑ 

i =1 

v n (2) 

In a last step, we created a straight needle model by group-

ng the segments belonging to one straight line. To this end, seg-

ents were first sorted out on the basis of size. Starting from the

ongest segment S l , the shortest distance between the line through

he longest segment and center of mass of each remaining seg-

ent S j was calculated and all remaining segments with a distance

maller than d belonged to one group. 

roup ( S l ) = 

{
S j | distance 

(
S l , S j 

)
< d 

}
(3) 

here, 

istance 
(
S l , S j 

)
= 

∣∣( M l − M j ) −
[((

M l − M j 

)
. ̂ u l 

)̂ u l 

]∣∣ (4) 

ith 

̂ u l the normalized eigenvector belonging to the largest eigen-

alue of S l . This process was iterated until all segments were

ssigned a group, giving groups G k , ( k = 1 , 2 , 3 , . . . k ) . For each

roup a needle model was obtained by fitting a line through all
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Fig. 1. Block diagram of automatic needle detection in 3D US images method. 
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Fig. 2. A schematic representation of our convolutional neural network (CNN) model in the V-net architecture. The number of channels is mentioned in each 3D volume 

and corresponds to a multi-channel feature map. 
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voxels of all segments in group k . Distal and proximal end points

( D k , P k ) were determined from the needle voxels that projected

onto the extreme ends of these lines. 

2.3. Needle tracking 

The needle candidate extraction results in N needle candidates.

Purpose of the needle tracking step was to select the real needle

from these candidates, using information from the previous time

step. To that end, a needle tracking step was used, where the nee-

dle extraction result was combined with result from the previous

time step. Assuming that the needle only moved forward or back-

ward in the image, a needle selection algorithm was used to cal-

culate distance between the current position ( N t ) and the previous

position ( N t−1 ) of the needle: 

Dist _ needle = D ( N t−1 , N t ) 

/ 

( � n t−1 . � n t ) 

( | � n t−1 | . | � n t | ) (5)
ere D ( N t−1 , N t ) is Euclidean distance, calculated as the average

oint-line distance between two end points of the initial and new

ositions of the needle. In Eq. (5) , the denominator part is used

o calculate geometric (orientation) distance between two needle

ositions. For parallel needles geometric distance approaches to 1

nd the distance between the needles at two temporal positions

epends on the Euclidean distance only. For diverging needles, the

uclidean distance is scaled with a value that becomes larger as a

unction of the angle between the needles. At the end, needle with

he shortest distance was selected. 

The assumption of linear needle motion was invalid in case of

ransducer motion (translation or rotation) and it may have af-

ected accuracy of needle selection. To compensate motion effect

elative transformation between current image and previous image

as determined using a fast and robust rigid image registration for

D US images ( Banerjeeet al., 2015 ) and was used to transformed

he needle position of the current image to the previous image be-

ore calculating the shortest distance. 
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Table 1 

Data sets of 3D US images used in experiments. 

Set 1 Set 2 

Seq1 + Seq2 (Abdominal Phantom) Seq4 + Seq5 (Abdominal Phantom) 

Seq3 (PVA Phantom) Seq6 (PVA Phantom) 

Patient (Images = 8) Patient (Images = 9) 

Total 3D US image = 80 Total 3D US image = 69 
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.4. Needle visualization 

The needle model that resulted from previous steps, allowed

n effective visualization of the 3D US imaging data. Inspired by

onventional visualization using 2D US, two perpendicular cross-

ectional planes (parallel and perpendicular to transducer) of the

D US image containing full-length needle were displayed using

osition of the tracked needle in 3D US image. Tracked needle po-

ition was shown by two planes in three dimensions with respect

o target and provided better view of collateral structures such

s vessels. Two plane visualization of the needle and anatomical

tructures is comparatively easy to interpret for the radiologist and

ould improve image guidance ( Chapman et al., 2006 ). 

. Experiments and results 

We have performed two experiments. In the 1st experiment we

ave evaluated the needle segmentation approach (stage-1), and

ssessed effect of the compressed CNN on the performance of the

ethod. In the 2nd experiment we have applied the method on

wo 3D US sequences and investigated tracking performance of the

ethod. 

Details of the data used and the evaluation criteria will be ad-

ressed first and then the experiments and results will be de-

cribed. 

.1. Data 

Six sequences of 3D US images at frame rate of 6 Hz were

cquired using an US system (iU22, Philips Healthcare, Nether-

ands) with a 3D transducer (X6-1), when puncturing phantoms

ith a commercially available ablation needle (HS-14 G, 20 cm,

S Hospital Services S.P.A, Aprilia Italy). The ablation needle had

eflon coating. From those six sequences, four sequences were ac-

uired in a triple modality 3D abdominal phantom, Model 057A

CIRS, Norfolk, Virginia, USA), while two were acquired from a

oft-tissue (liver) mimicking PolyVinyl Alcohol (PVA) phantom

 Pluymen, 2016; Arif et al., 2017 ). The phantom was made from

 5% aqueous solution of polyvinyl alcohol (PVA). Silica gel parti-

les (1%) were added to the solution to act as US scatters. The size

f the PVA phantom was 30 cm x 15 cm x 16 cm. Each 3D US im-

ge had a dimension of 192 × 256 × 128 voxels, with voxel size

.144 mm x 0.594 mm x 1.193 mm. During acquisition of these se-

uences, the needle was punctured using the free-hand method at

ifferent angles ranging from 25 ° to 50 °. After needle insertion, the

ransducer was moved translationally and rotationally with respect

o needle. We also acquired seventeen 3D US liver biopsy images

378 × 512 × 22 voxels) from ten patients who underwent a diag-

ostic liver biopsy. A commercially available biopsy needles with-

ut any special coating (HS-18 G, 20 cm, HS Hospital Services S.P.A,

prilia Italy) was used during the procedures. Patient’s biopsy im-

ges were down-sampled to 192 × 256 × 128 voxels to have the

ame size as that of phantom data. Informed consent was obtained

nd the Institutional Review Board (IRB) of the Erasmus MC stated

hat IRB approval was not required for this study. In liver biopsy

rocedure, guided needle insertion technique was used. 

.2. Reference standard 

During the puncturing procedure of phantoms, needle move-

ent was not very fast and there was no tangible change in

eedle position between sequential frames. Whereas during the

ransducer motion, the apparent change in needle position was

ubstantial between sequential frames. Therefore, every 8th image

as selected during the puncturing procedure of needle and ev-

ry 2nd image was selected during transducer motion from the
D sequences. These selected images were associated with their

round truth, i.e. a binary image (mask) where the needle voxels

ad value of 1 and the background pixel value 0 for training of

etwork. The ground truth (mask) of the needle was annotated by

n experienced US observer, having six years of US imaging and

rocessing experience. The annotation was done by clicking (visi-

le) distal and proximal end of needle, which defined the line of

eedle in the 3D US image. For training of the network, a binary

ask was created from line between these two points, which was

ubsequently dilated with a 5 × 5 × 5 kernel. Seventeen 3D US liver

iopsy images from five patients were also used for experiments.

D US images were divided into two sets (Set1, Set2) as described

n Table 1 and used in experiments. 

The performance of the method was evaluated in terms of nee-

le detection time, needle position distance (E np ) and needle ori-

ntation angle (E θ ). The needle position distance was calculated as

he average point-line distances between the points on the man-

ally annotated needle (reference ground truth) axis and the au-

omatically detected needle axis. The needle orientation angle was

alculated between the direction vectors of the reference ground

ruth and the automatically segmented needle. 

.3. Implementation 

The training of the network was implemented in Keras (ver-

ion 2.0.2) with Tensor Flow (version 1.0.1) as backend in Python

version 3.5.3). During training, each 3D US image was divided

nto two volume patches (192 × 256 × 64 voxels). The training

as performed on a GPU (GeForce GTX 980Ti). Prediction using

rained network was performed on a GeForce GTX TITAN Xp GPU

The Titan Xp used for this research was donated by NVIDIA Cor-

oration). The loss function during training was the Dice overlap

etric calculated between the ground truth masks and the out-

ut segmented image of the model ( Milletariet al., 2016 ). The loss

unction of CCN model was optimized using the Adam optimizer

 Kingma and Ba, 2014 ) with a learning rate of 0.001. To prevent

verfitting, we added dropout in the last three layers in down-

ampling part of the network ( Srivastava et al., 2014 ). As the num-

er of annotated data was limited, we implemented data augmen-

ation; rotation (0–15 °, along x,y,z -axes), flipping (along x,y -axes)

ith rigid transformation with 50% probability to augment each

mage during training. This allowed the network to learn invari-

nce to such deformations and also helped to prevent overfitting

nd generalize better. The output images from the trained model

ontained voxel values from 0 to 1, where each predicted needle

oxel had a value closer to 1. 

We used a threshold (T seg ) of 5 voxels on the output images

rom the CNN to remove smaller segments and a small distance (d)

f 10 mm, to group the segments as described in needle candidate

xtraction. In the needle tracking process, the initial needle posi-

ion N t was chosen by selecting the largest segmented part of the

eedle from a 3D US image I t . For subsequent images I t+1 offline

egistration was performed between each pair of images ( I t , I t+1 ) . 

.4. Experiment 1: optimization and evaluation of the method 

In this experiment we investigated the effect of compression

nd the depth of the CNN on the performance of the method. A
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Table 2 

Performance of the method at different CNN depth. 

Proposed network Feature channels in 1st 

layer 

Needle detection time per 

image (msec) 

Average needle position distance 

( E np mm) 

Average needle orientation angle 

( E θ ) 

Set 1 Set 2 Set 1 Set 2 

CNN4_2 2 165 2.01 2.50 2.34 ° 6.04 °
CNN4_4 4 180 1.56 1.14 1.59 ° 2.24 °
CNN5_2 2 165 1.07 1.16 1.61 ° 2.58 °
CNN5_4 4 180 0.99 1.11 1.56 ° 2.07 °
CNN6_2 2 165 0.87 1.06 1.49 ° 2.32 °
CNN6_4 4 180 0.78 0.90 1.29 ° 1.79 °

Fig. 3. (a) Needle position distance (mm) from reference ground truth to detected needle axis for two data sets. (b) Needle orientation angle between reference ground 

truth and detected needle axis. 
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shallow and compressed CNN may a segment needle in less time

and make needle tracking faster, but potentially at the expense

of the needle detection accuracy, as a deeper network with more

convolutions can learn more features ( Ba and Caruana, 2014 ). We

therefore evaluated networks of three different depths (4, 5 and 6)

named CNN4, CNN5 and CNN6 to find out optimal depth and two

settings for number of features in first layer (2 and 4) as described

in Table 2 . 

The network was trained and the method was evaluated in a

two-fold cross-validation setup using data as described in Table 1 .

The evaluation results on the two sets in Table 2 show that the

needle detection time per image is slightly better in networks with

fewer features at the 1st layer. They also show that the addition

of layers in the network does not effectively change computation

time. The needle position and orientation accuracy decreases with

fewer features in 1st layer, and also with the depth of network. As

the difference in timings is minor, a six layers deep CNN model

with 4 feature channels at the 1st layer (CNN6_4) was selected for

our proposed method in our next experiments. The needle posi-

tion distances and orientation angles for this final network with 6

layers are shown in Fig. 3 . 

Four examples showing 2D view of the needle are presented in

Fig. 4 . The needle was segmented correctly in PVA, abdominal and

patient data. 
.5. Experiment 2: evaluation of the method on sequence 

In experiment 1, we have investigated some of the hyper-

arameters with respect to the needle detection accuracy and

omputational timings in phantoms and in clinical 3D US liver

iopsy images acquired from patients. In this experiment, we in-

estigated the method of choice resulting from the previous ex-

eriment for real-time needle tracking in 3D US sequence. We

rained our network using images from Set1 and tested it on two

equences (4 and 6) acquired in an abdominal and PVA phantom

rom Set 2. 3D US sequences from patients were not available. 

The needle detection (segmentation) and tracking frame rate,

ncluding the candidate extraction time in two sequences, is 3

rames per second (See Table 3 ). The needle visualization process

f these two sequences is shown in attached videos. In two videos

Video 1 & Video 2), needle is shown in two planes extracted from

riginal 3D US image based on measured the needle coordinates.

his implementation, with the post-processing of results imple-

ented in Python, runs at 3 frames per second (320 ms/frame).

lightly more than half of the time is spend in segmentation

180 ms), and the remaining time in tracking (140 ms). Seg-

entation time is not much effected by image size, whereas

ost-processing and tracking depends. We therefore additionally

xperimented adding a down-sampling step to the network (av-
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Fig. 4. (a–d) 2D view of 3D US images acquired from PVA, abdominal phantoms and patients. (e–h) Ground truth needle manually annotated by an observer. (i–l) Binary 

image segmentation of the needle. 

Table 3 

Needle segmentation and post-processing (candidate extraction and tracking) time for two sequences. 

Proposed network Needle segmentation time 

per image 

Needle tracking time 

per image 

Total time per 

image 

E np E θ

CNN6_4 180 ms 140 ms 320 ms 0.86 mm 1.72 °
(Output = 192 × 256 × 128) 

CNN6_4 172 ms 18 ms 190 ms 1.47 mm 1.85 °
(Output = 96 × 128 × 64) 
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i  
rage pooling layer), which allowed to run the same algorithm

t 5 Hz ( Table 3 ). From both sequences 42 images out of 224

mages, with different needle position and orientation, were se-

ected by using the reference standard criteria (as described in

ection 3.2 ). Performance of the method was evaluated with origi-

al image size (192 × 256 × 128 voxels) and down-sampled image

ize (96 × 128 × 64 voxels) by calculating the average needle po-

ition (E np ) and orientation (E θ ) accuracy. The results showed that,

y down-sampling image size, needle position accuracy decreases

ore as compared to orientation accuracy. 

. Discussion 

Ultrasound image guidance is commonly used for minimally

nvasive procedures. However, the procedure of needle insertion

sing 2D US keeping the transducer position to view the nee-

le and reach the target is challenging. Automatic needle detec-

ion in 3D US could overcome these limitations and ease image

uidance procedures. The objective of this study was to develop

 robust needle detection and tracking method in 3D US imag-

ng with high precision and accuracy. We used a CNN as a pre-

rocessing step to obtain an initial needle segmentation in 3D

S images; the network is a compressed version of the V-net

 Milletari et al., 2016 ). In a subsequent post-processing, the nee-

le was extracted and tracked in each 3D US image. The aver-

ge method run time per image was 320 ms (CNN6_4 = 180 ms

 tracking = 140 ms) i.e. the method runs at 3 Hz, making it pos-

ible to use the algorithm for needle visualization during interven-
ional procedures. Our US system produces 3D US images at 6 Hz,

hus the needle position could be updated with this system every

ther frame. Further improvement in computation time was inves-

igated by down-sampling the output from the CNN. Table 3 shows

hat by decreasing the image size to half in each dimension, the

eedle tracking time decreased from 140 ms to 18 ms, which

eads to an average needle detection time of 190 ms with E np =
 . 59 mm & E θ = 1 . 74 0 , which is approximately 5 Hz. Another ap-

roach to reduce computational time could be obtained by running

he needle detection in a localized region (close to the needle posi-

ion in the previous frame), combined with an image-based correc-

ion for transducer motion. Alternatively, a setup where the nee-

le position is updated every n th frame and the position is copied

also possibly adapted by an image-based correction of trans-

ucer motion) to in between frames may provide a working so-

ution for 3D imaging rates of 6–10 Hz with same needle detection

ccuracy. 

The results showed that for computational time, number of fea-

ures in first layer was more relevant than the depth of network.

he computational time for needle segmentation did not increase

y adding extra convolutional layers to the network. The reason

ould be that at deeper layers, convolution with smaller image

izes is not computationally expensive as compared to the initial

etwork layers. However, number of feature channels extracted at

nitial layers can affect com putation time. Therefore, the needle de-

ection time was improved slightly by learning fewer features at

nitial layers, but accuracy decreased simultaneously. By selecting
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comparatively less deep network, the results became unsatisfac-

tory. The performance of the method was improved by addition of

extra layers; however, the image size at the deepest (sixth) layer

(6 × 8 × 2 voxels) was very small. Further addition of layers would

not improve the results. 

The results in Table 2 also showed that the proposed CNN could

be used to achieve an accuracy similar to other methods employing

conventional techniques ( Pourtaherian et al., 2014, 2015 ). The pro-

posed method was evaluated on several 3D US images acquired in

two types of phantoms (PVA and Abdominal) and also on patient

data. Average needle position and orientation accuracy achieved

were 0.86 mm and 1.54 ° respectively. In ( Pourtaherian et al., 2017 ),

a method based on orthogonal-plane convolutional network was

used to detect needles in 3D images. The authors achieved a com-

putation time of 2.2 s on average for needle detection in 3D US im-

age using GeForce GTX TITAN X GPU. The method presented runs

approximately six-times faster on the same hardware. The needle

position and orientation results of both approaches are in the same

range (less than 1 mm and 2 °) ( Pourtaherian et al., 2015 ). Thus,

the method presented, using a data driven approach, seems to be

as good as a more conventional image processing approach, but

runs at a higher speed, an observation which is common for data

driven segmentation approaches. Note that data used is obtained

from different sources, i.e. 3D US images acquired in two types

of phantoms (PVA and Abdominal) and patient data, whereas in

( Pourtaherian et al., 2017 ) chicken breast phantom data was used.

One should, hence, be careful in the drawing strong conclusions

from this comparison. 

In our experiment with needle tracking, the transformation be-

tween two subsequent image frames was computed offline us-

ing a rigid image registration ( Banerjee et al., 2015 ). However,

the authors ( Banerjee et al., 2015 ) have reported that registration

could be implemented at 8 Hz on a GPU. Therefore, by perform-

ing the registration process parallel to needle segmentation on an-

other GPU, the needle detection and tracking process should not

take more time than reported on a dual-GPU system. The purpose

of image registration was to automatically compensate transducer

motion, which would be required for free hand needle insertion.

The needle detection and tracking after registration can be viewed

in two attached videos. The videos show that the transducer mo-

tion was compensated correctly and that the needle was tracked

accurately. For visualization, exact needle tip location is not rele-

vant, as it can be deduced by observer automatically. Correct loca-

tion of needle plane is of more importance using 3D US for image

guidance procedures. 

Our study has some limitations. First, we only had a limited

data set for training of the network, among which 17 patient’s im-

ages were used. By using data augmentation, we were able to train

the network such that it was able to detect the needle with suffi-

cient accuracy. Retraining with more images may further improve

segmentation results and may possibly supersede subsequent nee-

dle detection. Secondly, we did not evaluate complete tracking on

patient live image sequences, as these were not available. How-

ever, we perceived that similar results could be obtained with live

data provided that transducer and needle motion was similar to

the motion in our experiment. Main reason for this was that the

needle segmentation, which was the first crucial step, was evalu-

ated on patient data. 

5. Conclusion 

We have presented a robust approach for automatic needle de-

tection, tracking and visualization using 3D US for image guid-

ance during interventional procedures in the liver. The method

uses a combination of a convolutional neural network and a post-

processing step to track the needle in 3D US images. The eval-
ation of the method shows that technique detects the needle

osition and orientation with mean errors of 1 mm and 2 ° respec-

ively. Needle tracking with original 3D US volumes (192 × 256 ×
28 voxels) and down-sampled 3D US volumes (96 × 128 × 64 vox-

ls) is achieved at a rate of 3 Hz and 5 Hz respectively. 
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