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Abstract: In radiation therapy of abdominal targets, opti-
mal tumor irradiation can be challenging due to intrafrac-
tional motion. Current target localization methods are mainly
indirect, surrogate-based and the patient is exposed to addi-
tional radiation due to X-ray imaging. In contrast, 4D ultra-
sound (4DUS) imaging provides volumetric images of soft
tissue tumors in real-time without ionizing radiation, facilitat-
ing a non-invasive, direct tracking method. In this study, the
target was defined by features located in its local neighbor-
hood. Features were extracted using the FAST detector and
the BRISK descriptor, which were extended to 3D. To account
for anatomical variability, a feature library was generated that
contains manually annotated target information and relative
locations of the features. During tracking, features were ex-
tracted from the current 4DUS volume and compared to the
feature library. Recognized features are used to estimate fea-
ture position and shape. The developed method was evaluated
in 4DUS sequences of the liver of three healthy subjects. For
each dataset, a target was defined and manually contoured in
a training and a test sequence. Training was used for library
creation, the test sequence for target tracking. The target esti-
mations are compared to the annotations to quantify a track-
ing error. The results show that binary feature libraries can be
used for robust target localization in 4DUS data of the liver
and could potentially serve as a tracking method less sensitive
to target deformation.
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1 Introduction

In radiation therapy, ionizing radiation is used to destroy tu-
mor cells while healthy tissue is preserved. During treatment,
the tumor moves due to intrafractional motion like breathing.
Translation, rotation and deformation of the tumor pose chal-
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lenges for the optimal dose delivery to the tumor [1]. Current
tracking methods to detect the target motion mainly rely on X-
ray imaging and are invasive because of the use of implanted
markers. The indirect methods depend on correlation models
between the markers and the target [2]. Furthermore, the pa-
tient is exposed to additional radiation due to X-ray imaging.
Using markers is a surrogate to approximate the target mo-
tion because the target cannot be detected directly. Depend-
ing on the marker location, relative motion between target and
markers can be observed [3]. However, with a direct track-
ing method, target motion could be detected without a sur-
rogate. 4D ultrasound (4DUS) provides volumetric images of
soft-tissue tumors in real-time without ionizing radiation. This
imaging method provides the possibility of a non-invasive, di-
rect tracking method without using markers [4].

A segmentation process in an US volume can be time-
consuming and inaccurate due to low resolution. Therefore
finding methods for fast feature tracking is an important re-
search question. Banerjee et al. [5] use block matching to lo-
cate a predefined target in 3D US volumes. In contrast to that,
Royer et al. [6] use a tetrahedral mesh model that describes
the target shape. This model is adapted to a moving target on
the basis of inner and outer transformations. The developed
tracking method in this study uses features in the local neigh-
borhood of the target. Features are fast detectable points in
a volume that contain local volume information. The use of
features has the advantage that the target does not have to be
segmented in each volume of a 4DUS sequence. Thus, a target
tracking method based on 4DUS and features is developed and
evaluated for three in vivo US sequences of the liver of healthy
subjects.

2 Materials and Methods

The developed target tracking method is based on the FAST
feature-detector by Rosten et al. [7] and on the BRISK feature-
descriptor by Leutenegger et al. [8]. Due to the fact that FAST
and BRISK were developed for 2D image data, these methods
need to be extended to 3D volume data to make them usable
for 4DUS. With the help of 3D FAST and BRISK and anno-
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Fig. 1: 3D FAST (a) and BRISK (b) masks define which voxels
nearby the centered keypoint are used in the algorithms.

tated 4DUS training data, a feature library is created that is
used in the tracking process.

2.1 Feature detection and description in
3D US data

The FAST feature-detector detects keypoints by means of a
sampling-mask, which is illustrated in Fig. 1a, and inten-
sity comparisons between the red marked central voxel 𝑝 and
nearby voxels defined by the sampling-mask. In a first step,
keypoint candidates are selected by comparing the intensity of
the central voxel 𝐼𝑝 and the intensities 𝐼𝑝→𝑥 of the six voxels
𝑥 ∈ {1..6} on the mask that lie on the space axes in positive
and negative direction relative to 𝑝. In Fig. 1a, these voxels are
marked green. The comparison is done by

𝑆𝑝→𝑥 =

⎧⎪⎪⎨⎪⎪⎩
𝑑, 𝐼𝑝→𝑥 ≤ 𝐼𝑝 − 𝑡 (darker)

𝑠, 𝐼𝑝 − 𝑡 < 𝐼𝑝→𝑥 < 𝐼𝑝 + 𝑡 (equal)

𝑏, 𝐼𝑝 + 𝑡 ≤ 𝐼𝑝→𝑥 (brighter),

(1)

where 𝑡 is a threshold that defines up to which intensity differ-
ence voxels are considered as "equal". This parameter is deter-
mined empirically for validation and was choosen as 𝑡 = 30.
If at least five voxels are categorized as "darker" or "brighter",
the central voxel is stored as a keypoint candidate. In a second
step, the keypoint candidates are analyzed by executing the
comparison for all nearby voxels defined by the mask. A can-
didate is defined as a keypoint if the majority of nearby voxels
are categorized as "brighter" or "darker" respectively.

BRISK is a binary feature-descriptor that builds a feature
vector by intensity comparisons. The voxels to be compared
are defined by a mask, illustrated in Fig. 1b, and a predefined
pair sequence 𝒜. This mask consists of three nested bullets
with the keypoint in the center. The nearby voxels defined by
the mask are numbered. On the basis of these numbered vox-
els, pairs (𝑝𝑗 , 𝑝𝑖) are built and split into shortpairs 𝒮 and long-
pairs ℒ. For this, thresholds define up to which Euclidean Dis-
tance a pair is a shortpair and from which distance a pair is a

Fig. 2: Slices of the annotated 3D targets of all three subjects.

longpair. For validation, these thresholds are determined em-
pirically and were choosen as 𝛿𝑚𝑎𝑥 = 13 and 𝛿𝑚𝑖𝑛 = 15.
Furthermore, the pair-sequence is generated randomly so that
68 longpairs and 198 shortpairs are created. The longpairs are
used to determine a mean orientation by

𝑔 =

⎛⎜⎝𝑔𝑥

𝑔𝑦

𝑔𝑧

⎞⎟⎠ =
1

𝐿
·

∑︁
(𝑝𝑗 ,𝑝𝑖)∈ℒ

𝑔(𝑝𝑗 , 𝑝𝑖), (2)

where 𝐿 is the number of longpairs and 𝑔(𝑝𝑗 , 𝑝𝑖) is the local
gradient of a longpair that is computed as

𝑔(𝑝𝑗 , 𝑝𝑖) = (𝑝𝑗 − 𝑝𝑖) ·
𝐼(𝑝𝑗 , 𝜎𝑗)− 𝐼(𝑝𝑖, 𝜎𝑖)⃦⃦

𝑝𝑗 − 𝑝𝑖
⃦⃦2 . (3)

Here, 𝐼(𝑝𝑗 , 𝜎𝑗) is the Gauss-filtered voxel intensity of 𝑝𝑗 . To
obtain rotational invariance, the mask is rotated corresponding
to this orientation by determining an angle 𝛼 using 𝑎𝑟𝑐𝑡𝑎𝑛2

function. The Gauss-filtered voxel intensities of the rotated
shortpairs 𝐼(𝑝𝛼𝑖 , 𝜎𝑖) are used to build the feature vector by

𝑏 =

{︃
1, 𝐼(𝑝𝛼𝑗 , 𝜎𝑗) > 𝐼(𝑝𝛼𝑖 , 𝜎𝑖)

0, otherwise
∀(𝑝𝛼𝑖 , 𝑝

𝛼
𝑗 ) ∈ 𝒮. (4)

2.2 US data acquisition and target
annotation

Validation of the tracking method is executed with 4DUS se-
quences of the liver of three subjects. The sequences were ac-
quired at an imaging frequency of 3.5 Hz, 4.0 Hz and 4.5 Hz,
respectively, and have a length of 30 min. In each 4DUS se-
quence, a training sequence and a test sequence with a length
of 1:30 min is selected such that a sequence contains about
20 breathing cycles. Training and validation sequence were
11:00 min apart.

The US sequences show parts of the liver of healthy sub-
jects where vessel bifurcations are defined as the target that has
to be tracked. The shape of the 3D targets are annotated man-
ually in every fifth volume in the training and test sequences.
In Fig. 2, a slice of each annotated target is illustrated. The an-
notation was done by setting points at the target boundary in
all slices of the volume covering the target. The resulting point
clouds are converted to binary volumes by defining the space
that is bordered by the point cloud as the target volume.



D. Wulff et al., Tracking of deformable targets in 4DUS 603

Fig. 3: All binary volumes of a feature class are aligned to the
feature and summed. Determining the mean in each voxel results
in the mean-target-volume.

2.3 Feature library generation

The defined 3D target has to be tracked in 4DUS sequences.
For this, features nearby the target are used. These features are
detected in the training sequences and their positions relative
to the annotated target are stored separately in a feature library
for each subject. In all volumes of a training sequence, fea-
tures are detected and compared to each other. If features from
different volumes are similar, these features are sorted into the
same feature class in the feature library. Because binary fea-
tures are used, two features are compared by using the ham-
ming distance. If the hamming distance between two features
is less than an empirically selected threshold, the features lie
in the same anatomical structure in different US volumes so
that they are sorted into the same feature class. Thus, a fea-
ture class contains the same feature out of different volumes
of a 4DUS sequence and the feature library contains several
feature classes.

In each feature class, a mean target volume (MTV) is de-
termined so a mean relation between the features and the target
is computed. In all feature classes an annotated binary target
volume for each detected feature is stored. As illustrated in
Fig. 3, these target volumes are aligned on the basis of the
corresponding features. In each voxel the mean is determined
over all binary volumes. With the feature library, it is possible
to estimate the target position and shape.

During tracking in a new US volume, features are detected
and classified into the feature library. The classification is done
by a basic random forest classifier (RFC) that is created with
the feature vectors stored in the feature library. It consists of 10
decision trees and is implemented in Matlab. Due to the auto-
matic feature library generation the numbers of feature classes
and features per class are variable. However, a feature class
contains several features so the RFC is generated by using the
binary feature vectors for training. Features that are recognized
by the feature library using the RFC are used to generate a tar-

get estimation. The mean feature target relations stored in the
feature library are used to estimate the target by averaging the
MTVs of all recognized features in the US volume.

2.4 Validation

The 4DUS training sequences are used to generate subject spe-
cific feature libraries. These are used to track the targets in
the annotated test sequences. For each annotated volume of
the test sequences, target estimations are determined and com-
pared with the annotations. Both a 3D position error as the
Euclidean Distance between the centers of the annotated vol-
ume and the target estimation and the dice coefficient are de-
termined to quantify the accuracy of position and shape of the
estimation.

3 Results

Before evaluating the tracking method by tracking the target
in the test sequences of the three subjects, the motion of the
annotations in these sequences are analyzed. The target center
is defined as the current target position. The motion range of
the annotated target in the test sequence as well as the mean
shift of the target between the training and test sequence are
presented in Tab. 1. In the test sequence, the target moves in

Tab. 1: Range of the target motion in the test sequence and the
target position shift between training and test sequence.

subject motion range (x,y,z) / mm shift / mm

A 3.06 9.46 16.41 2.14
B 12.09 23.82 35.77 10.01
C 5.40 9.48 14.23 4.56

differing magnitudes, depending on the direction. Due to the
temporal separation of training and test sequence the target had
the potential to shift.

In each volume of the test sequence, the target is tracked
and a target estimation is determined. For all volumes in the
test sequence, a target estimation could be determined, so there
were no tracking failures. As illustrated in Fig. 4, there are dif-
ferences between the annotation and the estimation. The mean
position error and dice coefficient for all subjects are deter-
mined and presented in Tab. 2. A smaller position error in-
dicates a more accurate position estimation on average and a
high dice coefficient indicates a higher similarity between an-
notation and estimation. The used feature library of subject A
had 92 feature classes (B: 105, C: 46). On average, with this
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Fig. 4: Comparison of the annotated boundary (green) and the
estimated boundary (blue) of the target in a slice of a US volume.

Tab. 2: Mean position and volumetric error between target estima-
tion and annotation of subjects A, B and C.

subject position error / mm dice coefficient / %

A 1.38 ± 0.67 82.7 ± 3.7
B 2.42 ± 0.87 78.1 ± 3.7
C 2.35 ± 0.95 75.9 ± 7.6

Average 2.05 78.9

library in the test sequence of subject A, 24 features were de-
tected (B: 24, C: 14). The mean position error over all subjects
is 2.05 mm, the mean dice coefficient is 78.9 %. The error in
subject B is larger than the errors of A and C. However, the
target shift and motion amplitude also are higher compared to
A and C (Tab. 1).

4 Discussion

The aim of this study was to analyze if features in 4DUS can be
used to track deformable targets in the liver during free breath-
ing. Using a feature library, the target could be detected even
if there is a time span of 11:00 min between the training and
test phase. Relating to radiation therapy, this time span is real-
istic, because the acquisition of training data can be done days
or weeks before treatment. Furthermore, a large target shift of
10 mm could be measured, so errors in patient positioning on
the treatment table of this magnitude could be compensated.
Though the target moves 35.77 mm at maximum in the test
sequence, the target position could be estimated with an error
between 1.35 mm and 1.42 mm. In comparison to the results
of [5] and [6], the results in this study are in the same order
of magnitude. Additionally, it was shown that it is possible to
generate a 3D target estimation based on the detected features.
A high correspondence between the estimation and annotation
of the target was observed. In contrast, [5] and [6] only evalu-

ated the position of landmarks with position of the target esti-
mation. The results in our study indicate that translation, rota-
tion and deformation of a moving target can be detected by the
use of features in 4DUS data, making it a promising method
for robust target localization in 4DUS data.

However, there is still potential to improve the method.
Parameters that were chosen empirically need to be analyzed
to possibly determine them automatically. Furthermore, so far
only the feature library is used to localize the target. Tissue
variations that did not occur in the training sequence can lead
to errors or detection loss during the tracking process. This
could be addressed by inserting an online component that han-
dles unknown tissue variations.
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