Algorithmic evaluation of lower jawbone segmentations
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ABSTRACT

The lower jawbone (or mandible), is due to its exposure to complex biomechanical forces the largest and strongest facial
bone in humans. In this publication, an algorithmic evaluation of lower jawbone segmentation with a cellular automata
algorithm called GrowCut is presented. For an evaluation, the algorithmic segmentation results were compared with
slice-by-slice segmentations from two specialized physicians, which is considered to assess the given ground truth. As a
result, pure manual slice-by-slice outlining took on average 39 minutes (minimum 35 minutes and maximum 46
minutes). This stands in strong contrast to an algorithmic segmentation which needed only about one minute for an
initialization, hence needing just a fraction of the manual contouring time. At the same time, the algorithmic
segmentations could achieve an acceptable Dice Similarity Score (DSC) of nearly ninety percent when compared to the
ground truth slice-by-slice segmentations generated by the physicians. This stands in direct comparison to somewhat
above ninety percent Dice Score between the two manual segmentations of the jawbones. In summary, this contribution
shows that an algorithmic GrowCut segmentation can be an alternative to the very time consuming manual slice-by-slice
outlining in the clinical practice.
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1. DESCRIPTION OF PURPOSE

Facial defects and facial traumata including fractured bone segments are a common form of injury due to violent
crimes, accidents or pathological processes. However, the most common form of facial injury are fractures of the
mandible, which represent about 40% of all facial fractures [1]. Segmentation can provide two or three dimensional
medical image analysis for localizing, quantifying and visualizing biological regions of interest in a great variety of
structures (like the abdomen, the brain, the back) [2]-[25]. In that context, a digital capturing of the bone structures
through (semi-)automatic segmentation can be very important for a better and faster assessment of the biological
structure, morphology, diagnosis, treatment planning and production of patient individual implants [26]. Therefore, an
algorithm supported segmentation is able to significantly shorten the operative planning and treatment time while in
parallel improve the treatment quality [27], [28]. However — due to missing practical stable and inaccurate functions —
automatic segmentations find no use in the daily clinical routine yet.

Others working in the field of (semi-)automatic jawbone segmentation are Barandiaran et al. [29] who presents the
automatic segmentation and reconstruction of mandibular structures from Computed Tomography (CT) data. For the
automatic segmentation process they establish a pipeline consisting of several threshold filters. Amongst others, they
apply the multiple threshold method by Otsu [30]. Harandi et al. [31] introduce upper and lower jaw segmentation in
dental x-ray images using a modified Active Contour [32]. In a first step, they separate the upper and lower jaw,
followed by a modified geodesic active contour and morphological operations. The automatic segmentation of mandibles
in low-dose CT data is demonstrated by Lamecker et al. [33]. For an automatic segmentation in low-dose images, their
work explores the ability of a model-based segmentation using a 3D statistical mandible model. The method consists of a
training and a segmentation phase and includes a deformation strategy for detecting the mandibular bone. A
segmentation approach to extract the trabecular jawbone in cone beam CT (CBCT) data sets is studied by Nackaerts et
al. [34]. In summary, they used adaptive thresholding for the automatic segmentation of upper and lower jaws. For
testing two volumes of interest each jaw were manually delineated and micro-CT images served as high-resolution
ground truth images. Tan et al. [35] present threshold segmentations in 3D reconstructions of mandible CT images. To
obtain an approximate segmentation result they used dilation operations, and a more precise segmentation results was
achieved with the additional help of logical operations and region growing. Kainmueller and colleagues [36] performed
the automatic extraction of mandibular nerve and bone from cone-beam CT data. The fully-automatic method is based
on a combined statistical shape model [37] of the nerve and the bone and a Dijkstra-based [38] optimization procedure.
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Furthermore, Koningsveld [39] presents the automated segmentation of the mandibular nerve canal in CBCT images in
his thesis. The approach begins with a combination of a smoothing and gradient filter to reduce noise and enhance the
edges of the canal, which prepares the image for a fuzzy-connectedness method. Finally, the results are interpolated to
fill in gaps and correct any errors. However, to the best of our knowledge, there is no work that has studied the semi-
automatic segmentation of the lower jawbone in CT images with GrowCut. Moreover, and in contrast to the existing
works, the GrowCut algorithm is publicly available and can be used by other groups without having to re-implement the
algorithm. In this study the accurate function of the semi-automatic algorithm GrowCut is assessed for a practical use in
the clinical routine. In that context the algorithm is objectively compared to a ground truth segmentation of lower jaw
data sets using a prospective randomized study design.

This contribution is organized as follows: Section 2 introduces details of the methods, Section 3 presents
experimental results and Section 4 concludes the paper and gives an outlook on future work.

2. METHODS

For this study, twenty high-resolution (512x512) Computed Tomography (CT) data sets with physiologic, complete,
mandibular bone structures without teeth have been selected. However, incomplete data sets consisting of mandibular
structures altered by iatrogenic or pathological factors or fractured mandibles were excluded from the study. All data sets
were acquired within a nine month period in the clinical routine out of diagnosis and treatment reasons. Furthermore, ten
data sets were selected in a randomization process by a computer program (Randomizer®; https://www.randomizer.at).
To provide an objective and clear bone structure assessment for the manual segmentation (ground truth), physiologic
non-altered mandibles were used for this trial. For an algorithm supported segmentation, the user had to initialize the
GrowCut [40] approach by marking parts of the mandibular bone and the background in axial, sagittal and coronal
slices, respectively. This course of action is similar to previous studies for glioblastoma multiforme (GBM) and pituitary
adenomas (PA) [41], [42]. However, in the previous works, the tumors could be segmented by initializing on three slices
only, however, for an acceptable automatic segmentation of the lower jawbone, six slices had to be initialized for a
satisfying segmentation result. Like shown in Figure 1, for three slices the fore- (green) and background (yellow) had to
be initialized in an axial, sagittal and coronal slice around the anterior mandible (symphysis / para-symphysis). And like
shown in Figure 2, another fore- (green) and background (yellow) initialization of GrowCut had to be performed in an
axial, sagittal and coronal slice around parts of the cranial mandible (condyle and processus). Nevertheless, a user
trained in this initialization task was still able to perform it in around one minute and afterwards the user had just to
trigger the algorithmic segmentation process. Finally, the automatic segmentation results could be saved by the user as a
3D mask, which was used for statistical analysis in comparison to the manual generated ground truth segmentations done
by two specialized physicians. To generate the ground truth segmentations, we set up a prototype with simple slice-by-
slice contouring capabilities under MeVisLab [43]. This software was used by two physicians to outline the mandibular
bones in the patients CT data in axial directions. Besides, the times were measured, starting with loading a dataset and
ending with saving the single contours as one binary 3D mask.
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Fig. 1: Fore- (green) and background (yellow) initialization of GrowCut in the lower jawbone in an axial, sagittal and coronal slice
around the anterior mandible (symphysis / para-symphysis).

Proc. of SPIE Vol. 10137 101370C-2

Downloaded From: http://proceedings.spiedigitallibrary.or g/pdfaccess.ashx?ur|=/data/confer ences/spiep/91959/ on 03/14/2017 Terms of Use: http://spiedigitallibrary.org/ss'term



806 3D Slicer 4.4.0

ta £a |modues: -, [ Edtor

@ 3DSlicer

UndofRedo: \Z‘ v

Active Tool: PaintEffect
Label: bone |2
¥ Paint Over
Threshold Paint
Radius: [1.1a8mm B ex |23 ][4 ][5][10][20] [+

v Data Probe

Sice Annotations: | {8 |

| Green RAS:(-17.4,222.0,-205.1) Reformat Sp:0.4

L Pat2-label (330, 278, 38) background (0)
F None
BPat2 (330, 278, 38) 112

"0

Fig. 2: Fore- (green) and background (yellow) initialization of GrowCut in the lower jawbone in an axial, sagittal and coronal slice
around parts of the mandible.

3. RESULTS

Overall, the goal of this study was to investigate the feasibility of an algorithm-supported jawbone segmentation for the
clinical practice. In doing so, two metrics were used for an in-depth evaluation of the GrowCut algorithm: the agreement
between two segmentations (manual/manual and manual/algorithmic), expressed as Dice Score [44], and the
segmentation times (manual and algorithmic). As result, the agreement between two manual segmentations yielded to a
Dice Score of 93.61+0.98% and the agreement between a manual and an automatic segmentation yielded to a Dice Score
of 85.46+3.38%. Table 1 depicts the summary of the results, consisting of the minimum (Min.), the maximum, (Max.)
the mean g and the standard deviation o for all lower jawbone segmentations (manual and algorithmic).

Volumes of the Lower Jawbones (cm’) Dice Scores (%) Manual Segmentation Times in Minutes
Physiciana | Physician b Algorithmic Physician a/ Algorithmic Physician a Physician b
Min. 17.33 17.73 16.55 80.73 36 35
Max. 46.51 47.51 52.09 90.33 46 42
HEo [3128410.69|31.35£10.59] 32,18+ 13.02 85.46 1 3.38 38.6£3.31 38.4+%227

Tab. 1: Summary of segmentation results: Min., Max., mean x and standard deviation o for ten lower jawbones.

For visual inspection, Figure 3 presents the results of two manual segmentations (blue and green) and a manual
segmentation superimposed into a patient’s 3D visualization (white and orange). Figure 4 on the other hand, presents the
results of a manual (white) and an automatic (gold) segmentation. Moreover, the automatic segmentation result has been
superimposed into a 3D visualization of the patient’s skull (gold and grayg on the right side of Figure 4. Note that some
initial results have been presented and discussed as a talk [45] at the 20™ Annual Congress of the Austrian Society of
Oral and Maxillofacial Surgery (OGMKG), in Bad Hofgastein, Salzburg, Austria, and as a late breaking research poster
[46] at the 38™ Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC) in
Orlando, FL, USA. However, at the OGMKG congress we showed only some first outcomes of the segmentation results
and at the EMBC we presented only a one page summarized description of the algorithm. All statistical results and a
precise description of the methods are only presented in full details within this contribution.
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Fig. 3: Manual/Manual segmentation results for visual inspection. The segmentation results of two manual segmentations (blue and
green) are shown, including a superimposed visualization of the automatic segmentation (white) into a patient’s 3D visualization
(orange).

Fig. 4: Manual/Algorithmic segmentation results for visual inspection. A manual (white) and automatic (gold) segmentation result is
presented, including a superimposed visualization of the automatic segmentation (gold) into a 3D visualization of the patient’s skull

(gray).

4. CONCLUSIONS

In this contribution, the algorithmic segmentation of the lower jawbone with a semi-automatic cellular automata
algorithm called GrowCut has been studied for clinical evaluation and was set in comparison to a slice by slice generated
ground truth. For the semi-automatic segmentation the user marked parts of the mandibular bone and the background in
axial, sagittal and coronal slices, similar as it was already performed for a GrowCut-based segmentation on other
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anatomical structures in earlier investigations [41], [42]. A trained user could achieve this initialization in approximately
a minute, which was followed by the successfully performed automatic segmentation process of the algorithm. Finally,
the results were saved as 3D mask for further statistical analysis with the ground truth segmentations from two
physicians. In a nutshell, satisfying qualitative and quantitative segmentation results could be achieved with the
algorithmic support in a much shorter time. High Dice Score values were achieved when comparing the semi-automatic
to the manual slice by slice segmentation which means that the cellular automata algorithm provides a quite high
accuracy in the segmentation process. Hence, the results of this study demonstrated a more efficient alternative course of
action in lower jawbone volumetry compared to the very time consuming pure manual slice-by-slice outlining. Due to its
stable, accurate and time saving function in the practical use the semi-automatic segmentation method investigated in
this study could be used in the clinical routine and support e.g. the planning of operations or the creation of 3D models in
maxillofacial surgery for a higher quality in the further operative treatment. Further, the used algorithm is due to its open
source basis available to the public and gives herewith the opportunity for a further development by other groups without
the disadvantages of limiting monetary aspects or license agreements.

There are several areas for future work, in particular the evaluation of this algorithm with a greater amount of data
and with other facial bones as also the comparison with other freely available segmentation methods like the robust
statistics segmentation (RSS) algorithm. Moreover, using the segmentation results to support computer-aided
reconstruction of facial defects [47], including a surgical template design for oral implantology [48] and furthermore
importing the results into a surgical navigation system based on augmented reality (AR) [49], [50]
(www.augmentedrealitybook.org) using an optical see-through head-mounted display [51]. Finally, applying the
algorithm to other medical data and structures like the aorta [52]-[54] and use the segmentation result to calculate the
centerline of the vessel [55] and simulate a stent [56]-[58].
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