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Abstract

Accurate tumor segmentation in PET is crucial in many oncology applications. We developed an
adaptive region-growing (ARG) algorithm with a maximum curvature strategy (ARG_MC) for
tumor segmentation in PET. The ARG_MC repeatedly applied a confidence connected region-
growing (CCRG) algorithm with increasing relaxing factor 7 The optimal relaxing factor (ORF)
was then determined at the transition point on the £~volume curve, where the volume just grew
from the tumor into the surrounding normal tissues. The ARG_MC along with five widely used
algorithms were tested on a phantom with 6 spheres at different signal to background ratios and on
two clinic datasets including 20 patients with esophageal cancer and 11 patients with non-Hodgkin
lymphoma (NHL). The ARG_MC did not require any phantom calibration or any a priori
knowledge of the tumor or PET scanner. The identified ORF varied with tumor types (mean ORF
=9.61, 3.78 and 2.55 respectively for the phantom, esophageal cancer, and NHL datasets), and
varied from one tumor to another. For the phantom, the ARG_MC ranked the second in
segmentation accuracy with an average Dice similarity index (DSI) of 0.86, only slightly worse
than Daisne’s adaptive thresholding method (DSI1=0.87), which required phantom calibration. For
both the esophageal cancer dataset and the NHL dataset, the ARG_MC had the highest accuracy
with an average DSI of 0.87 and 0.84, respectively. The ARG_MC was robust to parameter
settings and region of interest selection, and it did not depend on scanners, imaging protocols, or
tumor types. Furthermore, the ARG_MC made no assumption about the tumor size or tumor
uptake distribution, making it suitable for segmenting tumors with heterogeneous FDG uptake. In
conclusion, the ARG_MC was accurate, robust and easy to use, it provides a highly potential tool
for PET tumor segmentation in clinic.
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1. INTRODUCTION

Positron emission tomography (PET) can quantify physiological and biochemical processes
in a highly sensitive non-invasive way, and allows earlier diagnosis and better management

of oncology patients, in contrast to anatomical imaging approaches. PET have been widely

used for fundamental research and clinic applications nowadays[1].

Accurate tumor segmentation in PET plays an important role in many oncology applications,
including diagnosis, prognosis[2], radiation therapy[3, 4], and treatment response
assessment[5-7]. In PET-based intensity-modulated radiation therapy, accurate delineation
of tumor volume can potentially reduce collateral damage to surrounding normal tissues and
ensure the maximum dose delivered to the active disease[8]. Recently, computerized
PET/CT image analysis was proposed to extract various volumetric image features
(radiomics) for the evaluation of tumor response[5, 6, 9, 10]. Such analysis relied on an
accurate delineation of the tumor volume.

PET is typically of low spatial resolution and high noise, which makes accurate tumor
delineation challenging[11, 12]. A number of advanced automatic segmentation methods,
such as variational methods[13], supervised and unsupervised learning[14-16], stochastic
modeling[17, 18], have been adopted for tumor segmentation in PET[19, 20]. For example,
Zeng et al. used an anisotropic diffusion filter to remove image noise and then applied a
hierarchical active surface modeling scheme to segment tumors[14]. Geets et al. proposed a
gradient-based watershed method to segment laryngeal tumors[21]. Hatt et a/. developed a
fuzzy locally adaptive Bayesian (FLAB) algorithm and showed that it was more accurate
than the fuzzy hidden Markov chains (FHMC) and the fuzzy C-Means (FCM)
algorithms[22]. Li et al. proposed a variational method with multiple regularizations for
simultaneous image restoration, tumor segmentation and blur kernel estimation [23].
Although being able to provide high accuracy, these advanced methods can be sensitive to
user inputs and computationally intensive, which make them less attractive in the clinic [19].

Interestingly, the most widely used automatic PET tumor segmentation methods in the clinic
is the simple thresholding method, which is easy to use, objective and shows reasonable
accuracy once an optimal threshold is identified [12]. By contrast, the manual delineation by
experienced physicians in the clinic is typically fastidious and subjective, and suffers from a
high intra- and inter- observer variability [24]. Identification of the optimal threshold has
been intensively investigated[25-32]. For example, Daisne ef a/. proposed an adaptive
thresholding method that computed the optimal threshold as a function of signal to
background ratio (SBR) [25]. Jentzen et al. developed a series of calibrated threshold-
volume curves under different SBAs from phantom studies, and proposed an iterative
method to find the optimal threshold [27]. Prieto et a/. reviewed and implemented a
spectrum of classical automated thresholding algorithms for tumor segmentation in PET[33].
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There are however limitations of thresholding methods — they often fail to segment a tumor
with heterogeneous uptake and they do not maintain spatial connectivity of the segmented
volume. In this study, we proposed and validated a novel automatic method termed adaptive
region-growing with maximum curvature strategy (ARG_MC). This method is easy to
implement and overcomes the aforementioned limitations.

2. METHODS AND MATERIALS

2.A. Confidence connected region growing (CCRG)

Region-growing starts from a seed region inside an object and progressively appends the
connected neighboring voxels to the current region if they satisfy certain region membership
criterion [34]. Let A(X) represents the image intensity at X. The region membership criterion
for region-growing can be simply a fixed interval: /X) € [lower threshold, upper threshold],
or a confidence interval[35, 36]:

I(X) € [m = fo,m+fo] (1)

where mand o are, respectively, the mean and standard deviation of the intensities for all
voxels in the current region, and fis a relaxing factor defined by users. The confidence
connected region-growing (CCRG) iteratively considers the statistics of the current region
and therefore is advantageous over the fixed-interval region-growing. However it is
challenging to determine an optimal relaxing factor (ORF) for all objects because a small 7
restricts the inclusion of voxels to only those having very similar intensities to the current
region and thus may result in undergrowth; while a large Frelaxes the inclusion condition
and thus may result in overgrowth to neighboring regions or background.

In a study that applied CCRG for PET tumor segmentation in rectal and anal cancer, Day et
al. determined the ORF using phantom calibrations[35]. They applied the CCRG to the
phantom images and modified fFuntil the resulting volume matched the known phantom
volume. They found that ORF ranged from 2.0 to 2.56 and varied with many factors,
including scanner and reconstruction protocol, tumor properties, seed voxel intensity, and
whether the tumor was close to an area of high uptake[35]. In their method, additional
phantom calibrations would be needed to determine the ORF for different scanners.

2.B. Adaptive region growing (ARG)

We developed an adaptive region-growing (ARG) algorithm to automatically and
specifically determine the ORFfor each tumor. Firstly, a rough rectangular region of interest
(RO/) was manually drawn to enclose the tumor (Fig. 1(a)). Secondly, the CCRG was
repeatedly applied to segment the tumor with a relaxing factor 7selected from the set /= {0,
Af, 2Af, ..., B}, where Afand B are respectively the discretization step and upper bound of £
This generated a set of CCRG-segmented volumes (V). Thirdly, VVwas plotted as a function
of Fand an £volume curve was obtained (Fig. 1(b)). The £volume curve showed that when
fwas increased, Vincreased monotonically and gradually until a sharp increase was
observed before transitioning into a plateau region corresponding to the entire RO/. Because
the surrounding normal tissues or the background of a tumor in PET typically consists of
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large regions with relatively homogeneous uptake/intensity, the sharp increase corresponded
to where the CCRG-segmented volume grew from the tumor into the background. Thus, the
relaxing factor /*just before the sharp increase provided the ORF for segmenting the tumor.
We termed this algorithm adaptive region-growing (ARG) since the ORFwas specifically
determined for each tumor based on its ~volume curve, which depended on the tumor size,
tumor uptake distribution and the uptake difference between the tumor and its background.
In our previous work, the ORFwas determined as one Afbefore the point with the
maximum derivative (MD) on the ~volume curve (Fig. 2(c), ARG_MD) [37]. In PET
images, the tumor boundary is usually blurred because of the low spatial resolution of the
PET scanner, physics of PET, and motion (respiratory, cardiac, and patient motion). As a
result, the ARG_MD method tended to overestimate the tumor volume since the MD point
generally occurred around the middle rather than the beginning of the sharp volume increase
(Fig. 2(c)). A dual-front active contour model had to be used to refine the segmentation
results of the ARG_MD [37]. In addition, the derivative of the £volume curve was noisy
because it was calculated with numerical difference operations on a discrete curve (Fig.
2(c)). Finally, the resulting ORF depended to a certain degree on the discretization step Af.

To overcome these issues, we developed an improved ARG algorithm that (1) smoothed the
original ~volume curves, and (2) automatically determined the ORFwith a maximum
curvature (MC) approach. We observed that there were two transition points on the £volume
curve in Fig. 1(b). The first one was the transition from the gradual-increase part of the
curve to the beginning of the sharp volume increase, and the second one was the transition
from the end of the sharp volume increase to the plateau region where CCRG had enclosed
all voxels within the RO/. Theoretically, these transition points can be identified as points
with local MC. However, the curvature computed from a digital curve is generally unstable
and sensitive to noise, as shown in Fig. 2(e). Therefore, we first fitted the original £volume
curve using a smooth function and then computed the curvature on the smoothed curve. The
fitting function was:

v=a+bx G(cx (f—d), (2)

where G (-) = (I+erf (-)) /2, erf () is the error function, and a, 4, ¢, and dare fitting
parameters.

Curvature reflects the bending degree of a curve. Different methods are available to
approximate the curvature for a digital curve. In this study, we used the Menger curvature to
identify the transition points along the smoothed Fvolume curve. Menger curvature is
defined for a triad of points in /+~dimensional Euclidean space R” as the reciprocal of the
radius of the circle that passes through the three points [38]. In our case, let (%, vy), (5, v),
and (7, 13) be three such adjacent points on the £volume curve. Menger curvature K'is four
times the area of the triangle formed by the three points divided by the product of its three
sides:
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2|(f2 = f1) (v3 —v1) = (fs = f1) (v2 —v1))| .
¢ ((Ff2 = (02 = 00)%) (s = £+ (03 = 00)°) (3 = f)*+(v3 = 02)°)

K=

®3)

Figure 2 displays the original £volume curve vs. the fitted, smoothed £volume curve, along
with their derivative and curvature. The average fitting error (defined as |original curve —
fitted curve|2/[fitted curve|2x100%) was small (at 6%) for all tested datasets. The derivative
and curvature became much more stable with minimal noise after the fitting process. Now
the two transition points were identified as the local MC points with the two largest
curvatures, and the ORFwas identified at the first of the two transition points (Fig. 2(f)).
Using the ORFin the CCRG provided the final PET tumor segmentation. We termed this
algorithm ARG with MC strategy (ARG_MC) and summarized it as below:

Adaptive Region-Growing with Maximum Curvature Strategy (ARG_MC) Algorithm:
V = ARG_MC (I, ROI)
Input:

1 /. PET image;

2 RO a rough rectangular region of interest manually drawn to enclose the tumor.

Set parameters.

1 Set the discretization step Affor the relaxing factor £ Af=0.1;
2 Set the upper bound for the relaxing factor £ B = 20.
lteration:
For f=0: Af B
End Obtain the CCRG-segmented volume at £ \(#) = CCRG(/, £, ROJ);
Determine ORF:
1 Fit the £volume curve using Eq. (2);
2 Compute the curvature of the fitted, smoothed ~volume curve using Eq. (3);
3 Identify the two transition points as the local MC points with the two largest curvatures;
4 Determine ORF as the fat the first of the two transition points.

Output:
Final segmentation V= CCRG(/, ORF, ROI).

Note that the CCRG itself is an iterative process. Our implementation of the CCRG
algorithm is illustrated in the Appendix.

2.C. Validation study

2.C.1. Phantom and patient datasets—This retrospective study was approved by the
University of Maryland Baltimore Institutional Review Board. The validation study was
conducted on a phantom and two clinic datasets with different tumor types and imaged using
different scanners, with a goal of examining whether the proposed method is scanner- or
tumor-type dependent.
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The phantom consisted of a cylindrical container with six spheres of different diameters in it
[37]. The volumes of these six spheres are 20, 16, 12, 6, 1 and 0.5 mL, respectively. The
phantom was scanned using a PET/CT scanner (Biograph-40 True Point/True View
(Siemens Medical Solutions Inc., Knoxville, TN), with a detector ring of 84.2 cm diameter.
All images were acquired in 3D mode (no septa). To generate various SBR5, the spheres
contained 11C (half life =20.38 min) solution as sources, while the cylindrical container
contained 18F-FDG (half life=109.77 min) solution as the background. The initial 11C
activity concentration was 3.627 uCi/ml and the initial 8F-FDG activity concentration was
0.224 pCi/ml. PET images at six SBR levels (16:1, 12:1, 8:1, 6:1, 4:1, and 2:1) were
reconstructed using the iterative Ordered Subset Expectation Maximization algorithm
(OSEM) [39], with a voxel size of 4.1x4.1x2.0 mm3.

The first clinic dataset included 20 patients with esophageal cancer, imaged using a Philips
16-slice Gemini PET/CT scanner (Philips Medical Systems; Cleveland, OH). Following an
institutional standard protocol, patients fasted for a minimum of 4 hours before intravenous
injection of 12-14 mCi 18F-FDG. Whole-body PET and CT imaging began 60 minutes after
injection. PET images were attenuation corrected and reconstructed with a maximum
likelihood algorithm, with a voxel size of 4.0 x 4.0 x 4.0 mm3. The reference tumor volume
was manually delineated by an experienced radiation oncologist using the complementary
visual features of PET and CT following the approach in [40]. A visual interpretation of the
PET image was used to determine the nature of each lesion, and the CT image was used to
determine its anatomical boundary (e.g., outer wall of esophagus, or radial extent of primary
tumor).

The second dataset included 11 patients with non-Hodgkin lymphoma (NHL), imaged using
a GE Advance PET scanner (General Electric Medical Systems; Milwaukee, WI)[41]. Each
patient was scanned 1 hour after the intravenous injection of 10 mCi activity of 18F-FDG,
and whole-body PET images were reconstructed using a maximum likelihood algorithm
with a voxel size of 4.3 x 4.3x4.3 mm3. Tumors in this dataset exhibited large variations in
size, shape, and intensity. Each tumor was manually delineated three times per reviewer by
five experienced nuclear medicine physicians, slice-by-slice, on the coronal PET
images[41]. The reference tumor volume was computed from the 15 manual delineations
using a voting strategy (i.e., a voxel belonged to a tumor if and only if it was considered as a
tumor voxel at least eight times).

2.C.2. Algorithms for comparison—For comparison, three strategies for determining
the ORFin CCRG were tested: ARG_MC (maximum curvature), ARG_MD (maximum
derivative)[37], and CCRG_2.5 (fixed ORF=2.5)[35]. Thresholding with 42% and 50% of
SUV ax in the tumor, Otsu automatic thresholding[42], fuzzy C-mean clustering (FCM)
[43], active contours (AC)[44], geodesic active contours (GAC)[45], and graph cut (GC)[46]
were also tested. 42% Threshold and 50% Threshold are widely used automatic methods for
PET tumor segmentation. Otsu ranked as the best in the twelve thresholding methods tested
in Prieto ef a/[33]. The four advanced methods (FCM, AC, GAC, and GC) are among the
most widely used ones for general image segmentation, and provide decent accuracy once
their parameters are properly selected.
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FCM is a classical image segmentation method based on fuzzy set theory [47]. A two-class
FCM was used in our experiment with the fuzzy exponent set to 0.5. The two-class FCM
segments tumor (foreground) from non-tumor (background) by iteratively comparing the
distance of the uptake of each voxel to two evolving fuzzy cluster centers. AC [44]
simplifies the Mamford-Shah model by assuming that the image is a stepwise function. It is
an area-based level set method that does not depend on image gradient. GAC [45] is an
edge-based level set method. It detects object boundary based on the computation of
geodesic in a Riemannian space. In our experiments, to obtain decent accuracy for both AC
and GAC, an initial contour near the target boundary was manually drawn in the RO/. GC is
a graph-based image segmentation method, which looks for an optimal cut with the smallest
cost to divide the nodes in a graph into two sets: foreground and background. The max-flow
GC algorithm[46] was used in our experiments. The main limitation of these advanced
methods is that the segmentation accuracy is sensitive to both the parameter settings and the
contour initialization. In our experiments, the parameters for each advanced method were
carefully optimized in a manual way.

In the phantom study, Daisne’s adaptive thresholding method [25] and Jenzten’s iterative
thresholding method [27] were also tested for comparison. Daisne method computes the
threshold as 7=a-+b/SBR[25], and Jenzten method computes the threshold as
T=a/V+b/SBR+c where Vis the object volume, and is updated iteratively in the
segmentation process [27]. Both methods are dependent on PET scanners, and phantom
calibrations are required to optimize their parameters &, b or ¢ for different imaging
settings[25, 27]. In our phantom experiment, three PET images with SBR of 12:1, 6:1, and
2:1 were used for calibrating: i.e., determining these parameters using curve fitting methods,
while the other three images with SBR of 16:1, 8:1, and 4:1 were used for testing.

2.C.3. Criteria for validation—Dice similarity index (DSI) was calculated to evaluate the
segmentation accuracy. DSI measures the ratio of the overlapping regions between the
estimated volume Va, obtained by a segmentation method, and the reference volume VWi:

21V, NV,
DSI(V,,V,)="A kL
(Var Vi) Val+1Vel™ (@)

DSl ranges from 0 (no spatial overlap) tol (perfect segmentation).

In addition to segmentation accuracy, the robustness of each segmentation method to the
ROl selection was evaluated using the interrun variation (z)[24, 48, 49]. For this purpose, a
sufficiently large RO/ (though without including other organs of high uptake) and a
sufficiently small RO/ (merely enclosed the whole tumor) were manually selected for each
tumor. Six other ROk were automatically produced with dimensions equally spaced
between the sufficiently large RO/ and the sufficiently small RO/. In this way, a total of eight
ROk were obtained for each tumor. For any tested method, each tumor was segmented eight
times with different ROJ. The interrun variation in DSI is defined as:
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®)

where Qis the number of ROk (Q=8), ., (k=por g) is the value of DSI of one tested
method on the th image segmented with the Ath RO/, N is the number of images or patients
(A=3, 20, and 11, for the phantom and two clinic datasets, respectively), and 1 < p<q < Q.
The interrun variation denotes the average of all DSI differences among the eight different
ROK for the same segmentation method. A smaller interrun variation (7 > 0) indicates that
the method is more robust to the RO/ selection.

3. RESULTS

3.A. Segmentation accuracy

Figure 3(a) displays the DSI, averaged over all SBR levels (16:1, 8:1, and 4:1) and all sphere
sizes in the phantom study. Among all tested methods, Daisne method [25] had the highest
accuracy (DS1=0.88). Note that both Daisne method [25] and Jenzten method [27] required
previous scanner calibrations. The proposed ARG_MC does not need any previous
calibrations, and still had a high accuracy (DSI=0.87), only slightly worse than the Daisne
method[25]. The 42% Threshold and 50% Threshold had a reasonable accuracy, while
CCRG_2.5 was the least accurate (DS1=0.36).

Figure 3(b) displays the DSI at different SBR levels, averaged over all sphere sizes. SBR can
affect the segmentation accuracy. When the SBR decreased from 16:1 to 4:1, all methods
tended to be less accurate. Nevertheless, the proposed ARG_MC algorithm was among the
best at all SBR levels. Figure 3(c) displays the DSI at different sphere phantom sizes,
averaged over all SBR levels. As we can see, the smaller the sphere was, the less accurate
was a method. The improvement of the proposed ARG_MC algorithm over other methods
was clear, especially for the smallest (0.5 mL) sphere, indicating a stronger ability of the
proposed algorithm in handling the partial volume effect.

Figure 4 displays the DSI averaged over all patients in the esophageal cancer dataset for all
tested algorithms. Note that the Daisne method and the Jentzen method were not tested on
the two clinical datasets due to unavailability of phantom calibrations. ARG_MC had the
highest accuracy (DS1=0.87), and ARG_MD had the lowest accuracy (DS1=0.26).
CCRG_2.5 had a somewhat higher accuracy (DS1=0.57) than ARG_MD. The thresholding
methods (42% Threshold, 50% Threshold, and Otsu) were worse than the advanced methods
(FCM, AC, GAC, and GC). Among all tested methods, the GC ranked the second
(DSI=0.75), and the FCM ranked the third (DSI=0.72).

Figure 5 shows the DSI averaged over all patients in the NHL dataset. Again in this dataset,
ARG_MC had the highest accuracy (DSI=0.84), and ARG_MD had the lowest accuracy
(DSI=0.33). CCRG_2.5 had a somewhat higher accuracy (DSI1=0.48) than ARG_MD. The
thresholding methods (42% Threshold, 50% Threshold, and Otsu) were worse than the
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advanced methods (FCM, AC, GAC, and GC). Among all tested methods, FCM ranked the
second (DSI=0.75).

Figure 6 shows example results using different algorithms for an esophageal cancer patient
for visual comparison. ARG_MC (Fig. 6(b)) had the highest accuracy with DSI=0.77.
CCRG_2.5 (Fig. 6(c)) had the lowest accuracy with DSI = 0.30 and its segmentation was
obviously smaller than that of the reference contour in Fig. 6(a).

Figure 7 shows example results for an NHL patient. The boundary from ARG_MC (Fig.
7(c)) coincided well with the reference contour (Fig. 7(a)), with DSI=0.95, whereas other
algorithms were less accurate than the ARG_MC. In Fig. 7, a hole in the segmentation result
of the 42% Threshold (Fig. 7(e)) indicates that the uptake within this tumor was
heterogeneous, and there was a cold subregion with uptake lower than 0.42 x SUV ;4.
Figure 7(f), a zoom-in view of Fig. 7(e), demonstrates the cold subregion more clearly. Both
42% Threshold (Fig. 7(f)) and FCM (Fig. 7(1)) missed this cold subregion. The ARG_MC
(Figs. 7(c) and 7(d)) successfully included the cold subregion (as did the GC (Fig. 7(i),7(j))),
indicating that it was able to segment tumors with heterogeneous uptake. The CCRG_2.5
method (Figs. 7(g) and 7(h)) only found the hottest parts in the tumor region, indicating that
7=2.5 was too small for segmenting this tumor. By comparison, the ORFby ARG_MC was
9.4 for this tumor (Fig. 7(m) and 7(n)), leading to a very good segmentation result.

3.B. Segmentation robustness

Table I lists the interrun variations of the tested algorithms for assessing segmentation
robustness to RO/ selection. The thresholding methods, by definition, had the smallest
interrun variations close to 0, indicating that the RO/ selection had almost no influence on
them. The RO/ selection affected the accuracy of FCM and AC the most. ARG_MC showed
some variations (z=3.25 and 1.15 respectively), but was more robust or comparable to other
advanced methods. Similar results were observed in the phantom study.

We also examined the robustness of the proposed algorithm to the discretization step Afand
the upper bound B of the relaxing factor. Table I lists the DSI averaged over all SBR levels
and all sphere sizes in the phantom, and over all patients in the two clinic datasets, with A=
0.001, 0.005, 0.01, 0.05, 0.1, 0.2, and 0.5, while fixing Bat 20. The proposed ARG_MC was
insensitive to the change of Af. For example, in the NHL dataset, when Afchanged by 100
times from 0.1 to 0.001, DSI changed only slightly from 0.84 to 0.86. It should be noted that
a finer Afled to a heavier computational burden. For example, the computational time for a
typical patient in the dataset increased 50 times (from around 0.5 to 25 minutes (PC with 3.6
GHz CPU and 16GB RAM)) when Afchanged from 0.1 to 0.001. To balance computational
burden and segmentation accuracy, we set A= 0.1 for all experiments.

The upper bound B can affect the accuracy of the proposed method. If Btakes a value that is
too small, the ~volume curve may not include the entire sharp increase or transition area,
which will make the proposed method fail to find the ORF. For safety, one should select a B
value as large as possible; however, this will increase the computational burden. To evaluate
the robustness of ARG_MC to the choice of B, we computed the DSI, averaged over all
patients in the two clinic datasets, for B= 18, 20, 22, 24, 26, 28, and 30, respectively, while
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fixing Afat 0.1. The DSI remained unchanged for both datasets at all B values, suggesting
that the choice of Bdid not affect the accuracy of ARG_MC as long as it was sufficiently
large. In our experiment, we fixed Bat 20. Similar results were observed in the phantom
study.

4. DISCUSSION

The CCRG algorithm integrates the statistics of the uptake in the tumor area into the
segmentation process. Furthermore, the guaranteed spatial connectivity makes it effective in
handling the complex heterogeneous uptake distribution in PET. It was shown that CCRG
had higher accuracy than thresholding while remaining simple and having high
reproducibility for PET tumor segmentation in clinic[35-37]. However, it is challenging to
determine an ORF for all objects. Clinical factors, such as tumor types and imaging
protocols from different scanners, can affect the ORFin CCRG[35]. Day et al. pointed out
that to determine the ORFfor a different scanner, their phantom calibration need to be re-
performed [35]. In this study, we proposed an ARG_MC algorithm to automatically
determine the ORF for a specific object based on the ~volume curve. It did not depend on
scanners, imaging protocols, or tumor types. The results demonstrated that the ARG_MC
algorithm had high segmentation accuracy for the phantom study and the two clinic datasets,
and was robust to both parameter settings and RO/ selections.

The ARG-MC algorithm made an underlying assumption that the uptake/intensity of the
surrounding normal tissues or background is relatively homogeneous. This assumption is
typically true for PET tumor imaging. In the present study, all objects (phantoms and
patients) showed sharp volume increase on the ~volume curve at the identified ORF (see
Fig. 1(b) for example), supporting the validity of this assumption. The ARG_MC algorithm
made no assumption about the tumor size or tumor uptake distribution, which is advantage
over many other algorithms. As a result, the ARG_MC algorithm can segment tumors with
heterogeneous uptake (see Fig. 7 for an example).

Day et al. used CCRG for PET tumor segmentation in rectal and anal cancer and found that
the ORFranged from 2.0 to 2.56 based on phantom calibrations[35]. When the spatial
distribution of the tumor uptake is strictly Gaussian, it can be shown that CCRG encloses
98.8% of all tumor voxels when setting = 2.5. In our experiments, the CCRG_2.5 strategy
was much less accurate than the ARG_MC for the phantom study and both clinic datasets
(Figs. 3-5). Figure 8 shows the histograms of the ORF obtained by ARG_MC. The three
histograms demonstrated different distribution patterns, with average relaxing factors of
9.61+8.50 for the phantom study, 3.78+1.90 for esophageal cancer and 2.55+2.49 for NHL.
These results indicated that the ORF varied not only with tumor types, but also from one
tumor to another.

Figures 9 and 10 illustrate the difference of the obtained ORF between the ARG_MD and
ARG_MC methods. The ORF determined with the MD method corresponded to the fastest
volume increase and located around the middle of the sharp volume increase (Figs. 9(b) and
10(b)). On the other hand, the ORF determined with the MC method corresponded to the
first transition point where the gradual-increase part of the (original) £volume curve
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transited to the beginning of the sharp volume increase (Figs. 9(c) and 10(c)). As a result,
the ARG_MD included the intermediate (blurring) voxels between the tumors and the
background, and thus overestimated both tumor volumes (Figs. 9(d) and 10(d)), yielding low
DSls (0.31 and 0.38). The ARG_MC segmented both tumors more accurately by excluding
the intermediate voxels (Figs. 9(f) and 10(f)), yielding much higher DSIs (0.92 and 0.89).
Note that the uptake was heterogeneous within the esophageal tumor in Fig. 10.

There are many methods for smoothing a curve and for calculating the curvature of a curve.
We used Eqg. (2) to smooth the original £volume curve. Eg. (2) was constructed using the
errorfunction, which is smooth and of good mathematic behavior. The curve of Eq. (2) had
a very similar shape as the original £volume curve, which made the fitting process converge
quickly and resulted in a small fitting error (6% for all tested datasets on average). We used
the Menger curvature (Eq (3)) to detect the transition point along the ~volume curve. The
Menger curvature is defined using only the first-order derivatives, while the classical mean
curvature is defined using both the first-order and the second-order derivatives, which is
more sensitive to noise. The calculation of the Menger curvature is thus more stable and
computationally effective.

We fixed the upper bound Bto 20 and found that the ARG_MC was insensitive to the
selection of Bas long as it is sufficiently large. A better approach is to set Bautomatically
and adaptively for each tumor. We could have set Bto be twice the value of fwhere the
CCRG-segmented volume reaches the volume of the entire RO/. This would guarantee that
Bis sufficiently large and allow a stable curve fitting using Eq. (2).

In this study, the segmentation of each tumor was conducted in a manually drawn rough
ROI. It would be more preferable to automatically select the ROl or detect a tumor in a fully
automatic way. However, the automated detection of a tumor from a whole-body PET
volume is challenging and is out of the scope of this work. Manually drawing rough ROl is
the only step requiring user interaction. We considered this is a reliable and reasonably
efficient pre-processing step for the ARG_MC algorithm.

The ARG_MC algorithm was designed for segmenting only one lesion within one ROI. We
demonstrated that it worked for lesions with heterogeneous uptake (Figs. 7 and 10),
including lesion with a cold island in the center (Fig. 7). For multiple lesions (that are
clearly disconnected) within an ROI, the algorithm will need modification to select multiple
seeds, run multiple CCRGs from each seed for each lesion, and take the sum of all CCRG-
segmented volumes as the volume V/for each £ Since the ARG_MC algorithm was based
only on the assumption of a relatively homogeneous background without any assumptions
about the tumors, this modification might likely work. This will be our future work.

The proposed method used only PET image for tumor segmentation. Recently multimodality
PET/CT and PET/MR segmentation methods have been proposed[53]. These methods
combined the functional information of PET and the anatomical information of CT and
MRI[20, 54, 55] in the segmentation process. These studies revealed benefits of
simultaneous usage of CT/MRI and PET images for tumor segmentation. Integrating
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anatomical information from CT and MRI into the proposed algorithm might potentially
improve the segmentation accuracy, which is under investigation by our group.

5. CONCLUSIONS

We proposed a novel maximum curvature strategy to automatically identify the optimal
relaxing factor in CCRG for tumor segmentation in PET. The results demonstrated that the
ARG_MC algorithm outperformed several widely used segmentation methods, and other
strategies to select the relaxing factor, for a phantom and two clinic datasets. Moreover, the
ARG_MC was robust to parameter settings and RO/ selection, and did not depend on
scanners, imaging protocols, or tumor types. It provides an attractive alternative to the most
widely used thresholding method for PET tumor segmentation in the clinic.
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APPENDIX: Confidence Connected Region Growing (CCRG) Algorithm

V(f) = CCRG(l, f, ROI)

Input:
1 /. PET image;
2 f. relaxing factor
3 RO a rough rectangular region of interest manually drawn to enclose the tumor.

Set parameters:

1 Set the number of iterations: /= 8;
Initialization:
1 Identify the seed point Xj as the voxel with the maximum intensity in the RO/,
2 Compute the initial mean (/1) and standard deviation (std) (op) of the intensity for all voxels in the
3x3x3 window centered at Xj;
3 Let current region R={Xq}.
lteration:
For i=1:J

MEMi-1; OF 015

Begin
1. For each neighbor X of all voxels in R,
2, If xerol, X ¢ Rand (X) € [m;- fo; mi+ fo], add Xinto R
3. If no more X can be added, break;

End

Update the mean and standard deviation of 7 m= mean[/AR)]; o= std[AR)];

End

Output:
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V(#) = Volume of current region R.
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FIG. 1.
(@) An esophageal tumor (bright yellow) with a manually drawn RO/ (red square) in a fused

PET/CT image; and (b) its #volume curve
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(a, ¢, e): £volume curve for an esophageal tumor, its derivative, and its Menger curvature,
respectively; (b, d, f): the fitted £volume curve (blue line), its derivative, and its Menger
curvature, respectively.
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(a). DSI averaged over all SBR levels and all object sizes; (b). DSI at different SBR levels,
averaged over all sphere sizes; (c). DSI at different sphere phantom sizes, averaged over all
SBR levels
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DSl averaged over all patients with esophageal cancer.
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DSl averaged over all patients with non-Hodgkin lymphoma.
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(a) (c)

(d) (0
FIG. 6.
Visual comparison (axial PET/CT) for a patient with esophageal cancer: (a) manual contour;
(b) ARG_MC (DSI=0.77); (c) CCRG_2.5 (DSI=0.30); (d) 42% Threshold (DS1=0.41); (e)

Otsu (DSI=0.34); and (f) FCM (DSI=0.57). Closed blue contours represent the resulting
tumor boundaries of different methods.

(b)

(e)
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FIG. 7.

Visual comparison (coronal view for PET only) for a patient with non-Hodgkin lymphoma.

(a) manual contour, (c) ARG_MC (DSI =0.95), (e) 42% Threshold (DSI = 0.59), (g)

CCRG_2.5 (DSI=0.32), (i) GC (DSI = 0.82), and (k) FCM (DSI = 0.72). Zoom-in views of
the tumor region for: (b) manual contour, (d) ARG_MC, (f) 42% Threshold, (h) CCRG_2.5,
(j) GC, and (l) FCM. Closed blue contours represent the resulting tumor boundaries of
different methods. In ARG_MC: (m) the original and fitted £volume curve, and (n) the

Menger curve of the fitted #volume curve.
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FIG. 8.
Histogram of the optimal relaxing factor (ORF) obtained using the maximum curvature

strategy in:(a) phantom; (b) the esophageal cancer dataset; and (c) the non-Hodgkin
lymphoma dataset. The bin width for all histograms was set to 0.5.
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FIG. 9.
Comparison of the ORF obtained by the ARG_MD and ARG_MC methods for a patient

with non-Hodgkin lymphoma. (a, c, e): the ~volume curve (red line) and the fitted #volume
curve (blue line), its derivative, and its Menger curvature, respectively; (b, d, f) coronal PET
view: manual contour, segmentation results using ARG_MD (DSI=0.31) and ARG_MC
(DSI=0.92), respectively.
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Comparison of the ORF obtained by ARG_MC and ARG_MD for a patient with esophageal
cancer. (a, ¢, €): the £volume curve (red line) and the fitted £volume curve (blue line), its
derivative, and its Menger curvature, respectively; (b, d, f) axial PET/CT view: manual
contour, segmentation results obtained by the ARG_MD method (DSI=0.38) and ARG_MC
method (DS1=0.89), respectively.
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Table |

Interrun variation of segmentation algorithms to ROI selection

Algorithm Type Algorithms Esophageal cancer  Non-Hodgkin lymphoma

ARG_MC 3.25 1.15
Region Growing ARG_MD 19.17 29.66
CCRG_25 1.06 0.02

50% Threshold 0.16 0

Thresholding 42% Threshold 0.47 0
Otsu 0.16 0.02
FCM 13.05 12.25
AC 12.91 11.25

Advanced Methods

GAC 211 1.99
GC 2.01 271
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