
Introduction
Ultrasound (US) is the most commonly used liver imaging modality worldwide. It

plays an important role in follow-up of cancer patients with liver metastases. We

present an interactive segmentation approach for liver tumors in US acquisitions.

Due to the low image quality and the low contrast between the tumors and the

surrounding tissue in US images, the segmentation is very challenging. Thus, the

clinical practice still relies on manual measurement and outlining of the tumors in

the US images. We target this problem by applying an interactive segmentation

algorithm to the US data, allowing the user to get real-time feedback of the

segmentation results. The algorithm has been developed and tested hand-in-hand

by physicians and computer scientists to make sure a future practical usage in a

clinical setting is feasible. To cover typical acquisitions from the clinical routine, the

approach has been evaluated with dozens of datasets where the tumors are

hyperechoic (brighter), hypoechoic (darker) or isoechoic (similar) in comparison to

the surrounding liver tissue. Due to the interactive real-time behavior of the

approach, it was possible even in difficult cases to find satisfying segmentations of

the tumors within seconds and without parameter settings, and the average tumor

deviation was only 1.4mm compared with manual measurements. However, the

long term goal is to ease the volumetric acquisition of liver tumors in order to

evaluate for treatment response. Additional aim is the registration of intraoperative

US images via the interactive segmentations to the patient's pre-interventional CT

acquisitions.

Methods

Results

Conclusions
In this study, we present the results of an interactive segmentation approach for

liver tumors in US acquisitions. This is a very challenging problem and still under

active research, because of the low image quality and the low contrast between

the tumors and the surrounding liver tissue in US images. As a consequence, in

clinical practice, the tumors are still outlined and measured purely manual, which

leads to poor inter-observer agreement regarding the tumor size. We supported

the manual segmentation task by applying an interactive segmentation algorithm

to the US data, so the user gets real-time feedback of the segmentation results.

To ensure a future practical usage in a clinical setting, the approach was

developed and tested hand-in-hand by physicians and computer scientists. To

cover typical acquisitions from the clinical routine, the approach was tested with

data where the tumors are hyperechoic (brighter), hypoechoic (darker) or have a

nearly isoechoic (similar) appearance to the surrounding liver tissue. The

approach’s interactive real-time performance enabled satisfying segmentations

within a few seconds even for difficult cases and without new parameter settings.
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The algorithm presented here belongs to the class of graph-based approaches,

where an image is interpreted as a graph, consisting of nodes and edges1-5. The

overall workflow of the presented approach for interactive detection and

segmentation of liver tumors is presented in Figure 1. The left image of Figure 1

shows a circular template that is used for the underlying graph. The second image

of Figure 1 represents the principle of the graph construction that is based on the

underlying circular template. Rays are sent out radially from the center point of the

circle and along these rays, the nodes for the graph are sampled. The inter- and

intra-edges are constructed between the nodes, whereby the construction of the

inter-edges depends on the delta value Δr. The third image of Figure 1 shows a

complete graph (green) that is constructed in an ultrasound image (note: in

general, the graph is not displayed to the user, rather the segmentation result is

directly shown). The position of the graph depends on the interactive placement of

the mouse cursor (center point of the circle/graph) by the user6,7. The rightmost

image of Figure 1 presents the segmentation result (red) displayed to the user

based on the current center point of the circle/graph, the seed point (white).

Ultrasound examinations were performed using a multifrequency curved probe,

which allows ultrasound acquisitions with a bandwith of 1 to 6 MHz (LOGIQ

E9/GE Healthcare, Milwaukee, Il, USA, and Toshiba Aplio 80, Otawara, Japan).

Using the digital picture archive of our ultrasound unit we retrospectively selected

images of liver masses examined by Dr. Hann in the year 2013 that fulfilled the

following criterion to ease the segmentation: The main criterion consisted of the

echogenicity class of the lesion (hypo-, hyper and isoechoic). During the selection

process, we excluded cystic or marked calcified masses, so that the chosen

lesions appeared relatively homogenous. Pictures with visible marker or text

overlaying the target lesion were excluded. After identifying one lesion per

echogenicity class, the selection process was stopped, patient information was

removed from the image and the anonymized picture was subsequently

processed by the segmentation algorithm. For evaluation, algorithmic

segmentations have been compared with the manual segmentations from a

physician, which lead to an average deviation of 1.4mm. Figure 2 presents a

direct side-by-side comparison of the interactively achieved segmentation results

(right side) and a manual expert measurement (left side) for two liver metastases.

The presented approach was realized in C++ within the medical prototyping

platform MeVisLab8-12.

Figure 1 – Overall workflow of the presented approach for interactive detection and

segmentation of liver tumors.

Figure 2 – Side-by-side comparison of manual (left) and interactive (right) segmentation

results for the two liver metastases.


