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Abstract 

Purpose: Accurate tumor segmentation in [18F]-fluorodeoxyglucose positron emission 

tomography is crucial for tumor response assessment and target volume definition in radiation 

therapy. Evaluation of segmentation methods from clinical data without ground truth is 

usually based on physicians’ manual delineations. In this context, the Simultaneous Truth and 

Performance Level Estimation algorithm could be useful to manage the multi-observers 

variability. In this paper, we evaluated how this algorithm could accurately estimate the 

ground truth in PET imaging. 

 

Methods: Complete evaluation study using different criteria was performed on simulated data. 

The STAPLE algorithm was applied to manual and automatic segmentation results. A specific 

configuration of the implementation provided by the Computational Radiology Laboratory 

was used.  

 

Results: Consensus obtained by the STAPLE algorithm from manual delineations appeared to 

be more accurate than manual delineations themselves (80% of overlap). An improvement of 

the accuracy was also observed when applying the STAPLE algorithm to automatic 

segmentations results.  

 

Conclusions: The STAPLE algorithm, with the configuration used in this paper, is more 

appropriate than manual delineations alone or automatic segmentations results alone to 

estimate the ground truth in PET imaging. Therefore, it might be preferred to assess the 

accuracy of tumor segmentation methods in PET imaging. 

 

Keywords 

PET imaging; Tumor segmentation; STAPLE algorithm; Ground truth; Segmentation 

methods; Manual delineations; 
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I. Introduction 
 

The role of [18F]-Fluorodeoxyglucose Positron Emission Tomography ([18F]-FDG PET) in 

oncology is now well established for initial staging, therapy response assessment in 

lymphoma (1)  and solid tumors (2, 3), and for radiation treatment planning (4, 5). 

 

FDG-PET suffers from a limited spatial resolution. A difficult issue is to accurately determine 

metabolically active tumor volume in order to provide a better target volume definition in 

radiation therapy planning and a more reliable assessment of the outcomes. Modern radiation 

therapy techniques such as intensity-modulated radiation therapy (IMRT) or stereotactic 

radiation therapy allow increasingly smaller treatment margins (ranging from 1 to 5 mm 

depending on the localization) and therefore require more accurate target volume definition. 

 

Determination of the metabolic volume in PET imaging remains challenging. The limited 

spatial resolution and image contrast in PET lead to gradual and irregular transition between 

healthy and tumor tissues leading to uncertainties in tumor borders location (6). Accurate 

manual delineation is therefore difficult and poorly reproducible. This issue may be partially 

solved with semi or fully automatic segmentation methods proposed in the literature (7-12). 

 

However, there is no framework to fully assess and compare the performances of these 

methods. Phantom studies allow an accurate comparison between volumes segmented on PET 

images and actual volumes. Results of these comparisons do not really reflect the 

performance observed on clinical data because of more complex images (heterogeneous 

tumors, complex shapes) (13). Alternatively, anatomopathological studies enable volumes 

segmented on PET images to be compared with volumes reconstructed from macroscopic 

surgical specimen after surgery. Such comparisons are tedious due to technical constraints 

related to both the preparation of histological specimens and to the type of tumors. 

Furthermore they are limited to patients undergoing surgery (14-17). For non-surgical 

patients, as no ground truth is available, the volumes segmented on PET images can be 

compared with the volumes segmented on morphological images. It relies on a strong 

hypothesis that anatomical and metabolic tumor volumes are identical, which is not always 

true (18). Another approach is to compare the segmented volume with manually delineated 

volume. In such cases, the Simultaneous Truth and Performance Level Estimation (STAPLE) 
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algorithm (19) might be very useful. This algorithm computes a probabilistic estimate of the 

ground truth from a collection of segmentation results. So far, the STAPLE algorithm has 

been used in the literature in various application domains such as zonal segmentation of 

prostate using multispectral magnetic resonance imaging (MRI) (20), vessel segmentation in 

contrast enhanced CT (21), vessel segmentation from time-of-flight magnetic resonance 

angiography (MRA) (21), ventilation-based segmentation of the lungs using 3He MRI (22), 

lymph node segmentation in CT images (23), hippocampal volume measurement using MRI 

(24), uterine cervix segmentation from digital cervicographic images (cervigrams) (25) to 

estimate unavailable ground truth. 

 

This study aimed to evaluate the ability of the STAPLE algorithm to assess segmentation 

methods in PET imaging. Earlier study introduced by McGurk et al. (26) investigated 

majority vote rule and STAPLE algorithm to combine five segmentation approaches. They 

aimed at reducing the impact of inconsistent performance of the individual methods in 

delineating regions of interest on PET images. Phantom study was achieved using the 

National Electrical Manufacturers Association phantom. Promising results were described 

since both majority vote rule and STAPLE algorithm were found to improve delineation 

performance. In this paper, we aimed at validating the concept of using STAPLE algorithm 

from manually or automatically delineated contours, either to add both accuracy and 

robustness to the segmentation task or to define a relevant gold standard from manual 

delineations when evaluating segmentation methods. Obviously, images with known ground 

truth were expected for STAPLE algorithm assessment which, as above-mentioned, is not 

easily achievable from clinical images unless under very tedious conditions (9). Simulated 

images (13, 27-29) which are designed as close as possible to real life imaging and for which 

the ground truth was actually known appeared to be the most consistent surrogate.  

 

The rest of the manuscript is organized as follows: STAPLE algorithm mechanisms are 

recalled in section III. In section IV, optimization of STAPLE algorithm tuning values is 

achieved and optimized configuration is applied to manual segmentation results and to five 

automatic segmentation results. STAPLE consensuses are compared to actual ground truth in 

Section V. Global performances of the algorithm are discussed and presented in section VI. 

 

II. Material 
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The simulated data set was obtained from patient data using the GATE simulation toolkit (27, 

29, 30). Tumor contours were delineated from CT images and introduced into lungs for 

simulation. Datasets from 5 patients with 16 tumor volumes (Table 1) were considered 

(average volume = 9.25 ml; standard deviation = 14.69 ml; maximum = 56.90 ml; minimum = 

1.09 ml) (Fig. 1). 

For each patient, data was simulated using similar background activity and 2 different 

Standardized Uptake Values (SUV) of 2.5 and 4.5 in the tumor. Tumors were supposed to 

have a uniform activity distribution. Acquisitions from Philips GEMINI GXL PET scanner 

model were simulated. Random coincidences and attenuation were corrected using a delayed 

window and an attenuation coefficient sinogram, respectively. The simulated PET images (87 

slices, matrix 144×144, voxel size of 4×4×4 mm3) were obtained using an OSEM fully 3-D 

algorithm, with 5 iterations and 10 subsets. 

 

  
SUV= 2.5 SUV= 4.5 

Fig. 1 Example of simulated images obtained from simulation with SUV= 2.5 and SUV= 4.5 

(tumor volumes: 56.9 and 1.86 ml) 

 
Table 1: List of the tumor volumes in ml, above a cut-off of 6 ml, tumors were classified as 

“large”, elsewhere they were classified as “small”. 

Index of 
lesions 

Volumes (ml)  

1 1.1 

Small lesions 

2 1.3 
3 1.3 
4 1.4 
4 1.5 
5 1.9 
7 2.0 
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8 2.2 
9 2.8 
10 4.9 
11 6.6 

Large lesions 

12 6.6 
13 11.2 
14 19.3 
15 27.0 
16 56.9 

 

In the next sections, Vr  denotes the volume delineated on CT images and used for PET 

simulations. 

 

III. Methods  
3-1 The STAPLE algorithm 

STAPLE algorithm was proposed in 2004 by Warfield et al. (19) as an instance of the 

expectation-maximization (EM) algorithm. Based on a collection of segmentation results, this 

algorithm computes (1) a probabilistic estimate of the ground truth and (2) a measure of the 

performance level of each input segmentation result. 

In this study, we used the STAPLE implementation of the Computational Radiology 

Laboratory (CRL) in which the STAPLE algorithm was developed. This implementation is 

available via the CRKit software (http://crl.med.harvard.edu/). 

Several parameters may affect the result of CRL STAPLE implementation. In this paragraph, 

sole the parameters that were varied, are described. The other parameters (maximum number 

of iterations, convergence threshold, initial performance level of each input segmentation 

result, below mentioned global prior probability) were set to their default values, assumed to 

be as the optimum values (19). 

- Use of a consensus region 

When this parameter is “On”, all voxels for which all raters agree are assigned and the 

STAPLE algorithm is run only on the region of uncertainty where the raters disagree. 

Elsewhere, all voxels are included in the computation. Both “On” and “Off” 

configurations were evaluated. 

- Selection of a stationary prior weight 

The prior probability of the true segmentation at voxel 𝑖, 𝑓(𝑇!), is defined as a linear 

combination of a global (or identical for all voxels) prior, 𝑔(𝑇), and a spatially 

varying (or voxelwise) prior, 𝑠(𝑇!), (equation 1): 
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𝑓 𝑇! = 𝑤×𝑔 𝑇 + (1− 𝑤)×𝑠(𝑇!) (1) 

 

Where: 

o The stationary prior weight, 𝑤, shows the weight of the global prior. 

o The default value of the global prior probability, 𝑔(𝑇), is defined as the sample 

mean of the relative proportion of each label in the input segmentation results 

(equation 35 of the paper Warfield et al. (19)). 

o According to the spatially varying prior, 𝑠(𝑇!), only majority voting based 

spatially varying prior has, at the moment, been implemented on the CRKit 

software. 

In this study, three cases for the stationary prior weight, 𝑤, were studied. First we set 

𝑤  to 1, so that the prior probability is all global prior. Then, we set 𝑤  to 0 to obtain 

all spatially varying prior. Finally, we set 𝑤 to the middle value 0.5 to generate a 

combined prior. 

- Use of the maximum a posteriori (MAP) formulation of the STAPLE algorithm. 

In 2012, Commowick et al. (31) proposed a new version of the STAPLE algorithm in 

which a MAP estimate of the true segmentation is obtained by considering a beta prior 

probability for the performance levels. The two configurations with and without the 

use of the MAP STAPLE were run. When using the MAP STAPLE, the beta 

distribution parameters were set to the values reported in (31). 

- Use of the Markov random field (MRF) in order to account for spatial homogeneity of 

the true segmentation. 

In the “basic” configuration of the STAPLE algorithm, a voxelwise independence 

assumption (i.e. the probability of the true segmentation at any given voxel is 

independent of the true segmentation of the neighboring or adjacent voxels) was made 

(19). Aware that in practical applications the true segmentation often has an 

underlying spatial homogeneity, the authors proposed to introduce a MRF model for 

incorporating spatial homogeneity. The MRF model was applied on the output of the 

CRL STAPLE implementation with the CRKit software. The application of the MRF 

model requires an homogeneous interaction strength (which is an interaction weight 

between voxels in the prior probability of true segmentations). The larger the 

interaction strength is, the smoother and more spatially homogeneous is the estimated 
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true segmentation. In (19), the authors found satisfactory results with an interaction 

strength of 2.5 for synthetic data with strong uncorrelated random noise in the 

segmentations and strongly homogeneous true segmentation. In this paper, six values 

for the interaction strength below-mentioned as MRF weight were used: 0.01, 0.1, 1, 

2.5, 5 and 10. An additional weight equal to 0 was introduced when the MRF model 

was unused. 

 

 

Table 2: Summary of the parameters evaluated. 

Consensus Region Stationary prior 

weight 

MAP STAPLE MRF weight 

On 0 On 0 

Off 1 Off 0.01 

 0.5  0.1 

   1 

   2.5 

   5 

   10 

 

Finally, 84 configurations for the CRL STAPLE implementation (Table 2) were run using the 

command-line utilities in CRKit software to generate 84 ground truth probabilistic estimates 

(or 84 STAPLE consensuses) from a collection of segmentation results. 

 

3-2 Lesions delineation 

• Manual delinations 
Six qualified physicians manually delineated the 16 lesions. The physicians did not act 

together so that the delineations were conditionally independent given the ground truth and 

the performance level parameters as assumed in (19). Each expert delineated all the lesions 

for SUV= 2.5 (in a given order) before performing the delineation for SUV= 4.5 (in the same 

order). Thus, 6 manual delineations were obtained for each of the 16 lesions and each SUV. 

The physicians had a short training phase on the software used for the delineation. 

• Automatic delineations 

Five semi-automatic segmentation methods were studied: adaptive thresholding methods from 

Daisne et al. (7) and Nestle et al. (11, 12), a possibility theory-based algorithm or MIP based 



9 
 

approach from Dewalle-Vignion et al. (8), a fuzzy C- means clustering algorithm (FCM) (32) 

and a fixed threshold of 42% of the maximum SUV was also considered.  

 

FCM method was used here with two clusters: background and tumor lesion with two 

features: voxel gray level and average gray level calculated in the 3×3×3 voxel neighborhood. 

 

The calibration steps required in the Nestle and the Daisne methods were performed using 

simulated data obtained on a phantom and provided by the authors of (13). 

 

Finally, for a given lesion and SUV, let 𝑉!, respectively 𝑉!"#$%&$,𝑉!"# ,𝑉!"# ,𝑉!"#$%"   and 

𝑉!"#$"%&, be the manually delineated volume defined by the 𝑖!!expert (with  

1 < 𝑖 ≤ 6, respectively the volumes obtained by the automatic methods. 

 

We denote 𝑆!! !!!:!"
 , respectively 𝑆!! !!!:!"

, the 84 STAPLE consensuses generated by 

the application of  the STAPLE configurations to the six manual delineations, respectively to 

the five automatic segmentations results 𝑉!"#$%&$,𝑉!"# ,𝑉!"# ,𝑉!"!"#$ ,𝑉!"#$"%& . 

Let 𝑉! , respectively  𝑉!, be the binary volume obtained by applying the majority vote rule 

to the six manual delineations 𝑉! !!!:!, respectively to the five automatic segmentation 

results, where 1 is assigned to all voxels labeled as “lesion” by a majority; elsewhere 0 is 

assigned. 

 

3-4 Evaluation protocol 

For each lesion and each SUV, 181 estimated volumes of the ground truth were therefore 

obtained: the six manual delineations 𝑉! !!!:!, the five automatic 

segmentations   𝑉!"#$%&$,𝑉!"# ,𝑉!"# ,𝑉!"#$%" ,𝑉!"#$"%& , the 168 STAPLE consensuses 

𝑆!! !!!:!"
, 𝑆!! !!!:!"

, and the two volumes obtained by the majority vote rule 𝑉!,𝑉! ,. 

These volumes were analyzed to determine if the consensus from the CRL STAPLE 

implementation is more accurate. In order to simplify analyses, we first determined the 

optimal configuration of the CRL STAPLE implementation (hereinafter called optimal 

STAPLE), which generates the most accurate STAPLE consensus. Then, we assessed this 

optimal consensus by comparison to the initial segmentations results using the Dice Similarity 



10 
 

Coefficient (DSC). The DSC between an estimated volume, 𝑉!"#$% , and the ground truth, 𝑉!, 

is defined as: 

 

 

𝐷𝑆𝐶 𝑉!"#$%,𝑉! =
2 𝑉!"#$% 𝑉!
𝑉!"#$% + 𝑉!

×100% 

Where 𝑋   represents the size of the set 𝑋 
(2) 

 

For each SUV, 16 DSC (one per lesion) were computed for each of the 181 volume estimation 

methods. 

The absolute volume difference (VD) was also computed to evaluate volume overestimation 

(equation 3) 

𝑉𝐷 =
𝑉!"#$% − 𝑉!

𝑉!
×100% (3) 

 

3-4-1 Determination of the optimal CRL STAPLE configuration 

In order to determine the effect of the four CRL STAPLE implementation parameters (Table 

2) on the variability of the DSC, an analysis of variance (ANOVA) with seven main factors 

was performed using the 5376 DSC related to the STAPLE consensus (168 STAPLE 

consensuses × 2 SUV × 16 lesions): 

• Data type: 2 levels (data from which the STAPLE consensuses were obtained), 

o manual 

o automatic 

• SUV: 2 levels, 

o 2.5 

o 4.5 

• Lesion number: 16 levels 

• STAPLE configuration parameters summarized Table 2:	
  2 x 3 x 2 x 7 levels 

 

The ANOVA model also included 21 terms for the two-way interactions between the main 

factors. The null hypothesis was “there is no effect of the seven main factors and their 

interactions on the mean DSC”, that is, no configuration provided a STAPLE consensus 
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closer to the ground truth than the others. A Tukey’s test for pairwise comparisons of means 

was also performed to rank the different levels for each factor and more particularly for each 

CRL STAPLE implementation parameter. The statistical level of significance was set to 0.05. 

 

3-4-2 Comparison between the optimal CRL STAPLE results and the initial 

segmentations results 

Let 𝑆!"#$!  and 𝑆!"#$!  be the STAPLE consensuses obtained by applying the optimal STAPLE 

configuration to manual and automatic segmentations, respectively. 

 

Differences in the DSC between manual delineations, 𝑉! !!!:!, majority vote rule volume, 

𝑉!, and STAPLE consensus, 𝑆!"#$! , were tested with three-way analysis of variance (three-

way ANOVA) followed by Tukey’s test for pairwise comparisons of means. The three main 

factors were the estimation method (levels: 8 = 6 experts + 1 majority vote rule +1 optimal 

STAPLE configuration), the SUV (2 levels: 2.5 and 4.5) and the lesion number (16 levels). 

The three two-way interactions terms were also included. The null hypothesis was “ there is 

no difference between the means of the DSC obtained from the manual delineations, the 

majority vote volume and the STAPLE consensus”, that is, the experts, the majority vote rule 

and the optimal CRL STAPLE configuration did not provide estimation closer to the ground 

truth than those obtained by the others. The statistical level of significance was set to 0.05. 

The same statistical analysis was then performed for the automatic segmentations, the 

majority vote volume from automatic segmentations and the optimal STAPLE 

consensus,  𝑆!"#$! . 

 

IV. Results 
4-1 Determination of the optimal CRL STAPLE configuration 

• Fisher’s test 

From the ANOVA analysis, we can conclude with confidence that the seven main factors and 

the 21 interaction factors have a significant effect on the variability of the DSC (p<0.0001). 

From the type III Sum of Squares (type III SS) table obtained from the ANOVA analysis, the 

impact significance of each main factor and of each interaction factor was assessed through a 

Fisher’s F statistic. The higher the Fisher’s F statistic corresponding to a given factor is, the 

stronger is the impact of the factor on the variability of the DSC. 
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Tables 3 and 4 summarize the impact significance with the highest value. 

 

Table 3: Summary of the Fisher’s test to evaluate the influence of a given parameters as main 

factor on the DSC value.  

Parameters  Fisher’s F statistic (p-value) 

Consensus 1596.8 (< 0.0001) 

MRF 95.5 (< 0.0001) 

MAP 43.3 (< 0.0001) 

Stationary prior weight 28.5 (< 0.0001) 

 

Table 4: Summary of the Fisher’s test to evaluate the influence of interaction factors on the 

DSC value. 

Parameters interaction Fisher’s F statistic (p-value) 

MAP and consensus 72.7 (< 0.0001) 

MAP and data type 67.2 (< 0.0001) 

MRF weight and data type 64.2 (< 0.0001) 

MAP and prior weight  47.4 (< 0.0001) 

Prior weight and data type 32 (< 0.0001) 

Prior weight and consensus 27.9 (< 0.0001) 

 

• Tukey’s test 

Table 5 summarizes the results on the Tuckey’s test to state if the mean DSC according to the 

parameters values was significantly different and to evaluate how the values of the different 

parameters lead to higher DSC. 

 

Table 5: Summary of the Tuckey’s test. Row 1 contains the different parameters evaluated, 

rows 2 and 3 contain the different values assigned to a given parameter and the corresponding 

mean DSC, row 4 contains the Tuckey’s test value. 

 
Parameters Consensus 

region 
MRF weight MAP 

formulation 
Prior weight 

On Off 0 5 10 On OFF 0 0.5 1 
Mean DSC 79.5

% 
67.4
% 

67
% 

76.2
% 

77.2
% 

72.5
% 

74.5
% 

75.1
% 

72.5
% 

72.5% 

Tuckey’s test P<0.0001 P<0.009 P=0.51 P<0.0001 
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When the consensus region was used, the DSCs were almost always significantly higher 

except for the largest lesion volume (Tukey's tests). These higher DSCs can be explained by 

the segmentation errors occurring mainly at the boundaries due to uncertainties in determining 

tumor borders (Fig. 1). When the consensus region was not used, resulting spatially varying 

distribution of errors was not taken into account and led to an overestimation. Indeed, the 

predictions made in regions where all raters agree induced an overestimation of the certainty 

of the predictions in the smaller regions where the raters disagree. The smaller the lesion 

volume is, the larger are the regions for which all raters agree compared to the regions of 

uncertainty and thus, when the consensus region is not used, the larger is the overestimation 

of the ground truth. Consensus region assignment is therefore advisable particularly for small 

lesions. 

 

The MRF model requires the specification of a MRF weight. Seven MRF weight were tested: 

0, 0.01, 0.1, 1, 2.5 (19), 5 and 10. With a value of 0, the use of the MRF model was disabled. 

This 0-value led to smaller DSCs than the other weights (except for the three largest lesions 

volumes). Among the other six weights, the two higher ones, 5 and 10, leading to the two 

smoothest ground truth estimates, appeared to be more effective. These results can be 

explained by the limited spatial resolution of the PET images and the resulting distribution of 

the metabolic information over voxels, which can be taken into account by efficient MRF 

weight. 

Concerning the stationary prior weight, only three cases were considered in order to limit the 

number of configurations. All the Tukey's tests results included, all spatially varying prior 

(w=0) was found to be equally or more relevant than the two other priors. The stationary prior 

weight should therefore be set to 0 (all spatially varying prior) even if more complex 

combined priors could be further explored to determine the optimal one. 

 

Regarding the last parameter, the use of the MAP formulation did not improve (and even 

sometimes worsen) the DSCs. The beta distribution parameters set to the values reported in 

(31) might not be suitable for our study. We chose to use these parameters values to avoid two 

additional parameters and many other ensuing configurations for the CRL STAPLE 

implementation. Other parameters values could be further investigated.  
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Considering the above-reported factors ranked in descending Fisher's F statistic order (Tables 

3 and 4), the parameters summarized in table 6 should be used. Note, that to avoid a too 

smoother STAPLE consensus with a MRF weight of 10, the value of 5 was preferred.  

 

Table 6: Summary of the parameters found for the optimal STAPLE configuration. 

Consensus Region On 

Stationary prior 

weight  

0 

MAP STAPLE Off 

MRF weight 5 

 

Fig. 2 shows the mean DSCs, all SUVs included, obtained from the manual delineations by all 

the CRL STAPLE implementation configurations that correspond to a MRF weight of 5 

(black bars) among which the optimal configuration (shaded gray bar). The gray bars 

represent the results provided by the configurations that correspond to a MRF weight of 0 

(i.e., without the use of the MRF model). Fig. 3 shows the results obtained from the automatic 

segmentations. 

 

Fig. 2: Means of the DSCs obtained from the manual delineations by 12 CRL STAPLE 

configurations, error bars represent the mean, plus or minus one standard deviation. 
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Fig. 3: Means of the DSCs obtained from the automatic segmentations by 12 CRL STAPLE 

configurations, error bars represent the mean, plus or minus one standard deviation. 

Figs. 2 and 3 illustrate the above-mentioned highest impacts of both the consensus region 

assignment and the MRF model use.  

4-2 Comparison between optimal STAPLE configuration and the initial segmentations 

results 

4-2.1 Manual delineations 

Fig. 4 shows an example of lesion with associated manual delineations. 

𝑉! PET volume used for segmentation 

    

𝑉! (84.5%) 𝑉! (76.4%) 𝑉! (67.1%) 𝑉! (73.0%) 𝑉! (76.9%) 𝑉! (67.1%) 
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𝑆!"#$!  (85.9%) 𝑉! (72.9%) 

   

Fig. 4: Ground truth (row 1, column 1) of a given lesion (volume = 11.2 ml) and its 

associated simulated PET images (row 1, column 2) from which the manual delineations 

𝑉! !!!:! (row 2) were performed. The optimal STAPLE consensus, 𝑆!"#$! , and the majority 

vote volume 𝑉! are displayed on row 3, column 1 and column 2, respectively. The 

corresponding Dice coefficients computed by comparison to 𝑉! , the volume delineated on CT 

images, are indicated in brackets. 

 

Fig. 5 gives an overview of all results as a function of the lesion size for SUV= 2.5 and for 

SUV= 4.5. 
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Fig. 5: Overview of the results as a function of the lesion size (in ml) for SUV= 2.5 (row 1) 

and SUV= 4.5 (row 2). The first column shows the results for the 10 smallest volumes and the 

second one for the sixth largest ones.  

 

Fig. 5 confirms a systematic overestimation of lesion volumes by experts as already reported 

in an earlier study (15). This overestimation was more important for SUV= 4.5 than for SUV= 

2.5. 

 

An overestimation of lesion volumes was mostly obtained for SUV= 4.5, even with the 

optimal STAPLE result obtained from manual delineations (Fig. 5). Nonetheless, the optimal 

STAPLE result was still closer to the actual volume than the best manually delineated volume 

(Table 7). 

 

Table 7: Summary of the mean absolute volume differences for optimal STAPLE consensus, 

majority vote volume and the best manual delineation. 

 Optimal STAPLE 

configuration 

MV volume Best manual 

delineation  

SUV = 2.5 30.3% 129.6% 46.4% 

SUV = 4.5 31.4% 111% 40.7% 
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Fig. 6 and table 8 illustrate the results of the DSC when applying the optimal STAPLE 

configuration to manually delineated lesions. 

 
Fig. 6: Overview of the DSC means obtained between ground truth and manual delineations 

(first six bars), optimal STAPLE consensuses (seventh set of bars) and majority vote volumes 

(eighth set of bars). The error bars represent the mean, plus or minus one standard deviation. 

 

Table 8: Summary of the Tuckey’s test achieved (all SUV included) to compare optimal 

STAPLE consensus with overall manual delineation, best manual delineation and majority 

vote (MV) volume according to the mean of DSC (standard deviation). The p –value from the 

Tuckey’s test is given to state if optimal STAPLE configuration gives significantly higher 

DSC than others methods. 

 

Optimal 

STAPLE 

configuration 

Overall manual 

delineation p<0.0001 

80.88% 

(7.87%) 

66.44% (13.55%) 

Best manual 

delineation p=0.001 

77.1% (9.59%) 

MV volume 
p<0.0001 

65.18% (10.65%) 
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The overall mean DSC suggests a low accuracy of manual delineations (Table 8). Moreover, a 

high disparity in delineation accuracy was observed on Fig. 6 between the experts. 

 

The mean value for DSC obtained with the optimal STAPLE configuration gave higher 

results than all the experts. Furthermore, analyses using Tukey's test suggested that the DSCs 

obtained with the optimal STAPLE consensuses were significantly higher than those obtained 

by the six manual delineations (Tukey's tests: p<0.0001 except for expert 2 for which p=0.01) 

and by the majority vote volume (Tukey's test: p<0.0001) (Table 8).  

 

Note that for almost all volumes below 20 ml, some manual delineations with SUV= 2.5 were 

actually closer to the ground truth than those obtained with SUV= 4.5 (Figs. 5 and 6). Partial 

volume effect may be more important for small lesions than for higher contrast levels. The 

impact of the partial volume effect is reduced for larger lesions and the contrast enhancement 

results in an improvement of the manual delineation accuracy. 

 

 

4-2.2 Automatic segmentations 

 

The results as a function of the lesion size are shown in Fig. 7 for SUV= 2.5 and SUV 4.5 

Due to large volume overestimation, results from FCM method and 42% threshold-based 

were not plotted in order to make the graphs clearer. 
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Fig. 7: Overview of the results for SUV= 2.5 (row 1) and SUV= 4.5 (row 2) as a function of 

the lesion size (in ml) indicated by the height of the bar, in column 1 and in column 2 for the 

10 smallest volumes and the six largest ones, respectively. 

 

Fig. 8 and table 9 represent the results in term of DSC when applying the optimal STAPLE 

configuration to the segmentation methods results. 

 

Table 9: Summary of the Tuckey’s test achieved (all SUV included) to compare optimal 

STAPLE consensuses with automatic segmentation results and majority vote volume (MV) 

according to the mean of DSC (standard deviation). The p –value from the Tuckey’s test is 
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given to state if optimal STAPLE configuration gives significantly higher DSC than 

automatic methods. 

 

 
Optimal STAPLE 

configuration 

Daisne p=0.02 

83.82% (15.86%) 

78.2% (16.46%) 

FCM p<0.0001 

67.69% (20.56%) 

MIP-Based p=0.915 

82.27% (13.7%) 

Nestle p=0.33 

80.88% (16.53%) 

42 Percent p<0.0001 

73.59% (21.79%) 

MV volume p=0.007 

78.84% (17.73%) 
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Fig.8: The means of the DSC obtained with the five automatic methods (first five sets of 

bars), by the optimal CRL STAPLE configuration (sixth set of bars) and by the majority vote 

rule (seventh set of bars). The error bars represent the mean, plus or minus one standard 

deviation. 

 

The mean DSC obtained with the optimal STAPLE consensuses was 78.3% for SUV= 2.5 and 

89.3% for SUV= 4.5 (Fig. 9). These high mean values, higher than those obtained with all the 

five automatic methods, indicated the reliability of the optimal STAPLE configuration. For 

eight (respectively, nine) of the 16 lesions with SUV= 2.5 (respectively, SUV= 4.5), at least 

one of the five DSCs obtained with the automatic methods (mainly with the MIP-based and 

the Nestle methods) was higher than the one obtained with the optimal STAPLE consensuses. 

For SUV= 2.5, no particular distribution of these eight lesions was observed while for SUV= 

4.5, the nine lesions were among the 10 largest ones. 

 

Tukey's test indicated that the DSCs obtained from optimal STAPLE configuration were not 

significantly different from those obtained with the MIP-based method and the Nestle method 

but were significantly higher than those obtained by the FCM method, the percent method, the 

Daisne method and the majority vote rule (Table 9). 

 

V. Discussion 

 

In this paper, we studied whether using the STAPLE algorithm would provide a reliable 

solution to assess the accuracy of tumor volume estimate in PET imaging. The STAPLE 

algorithm computes a probabilistic estimate of the ground truth from a set of (automatic or 

manual) segmentations results. The evaluation was performed using simulated data with 

ground truth, allowing comparison of STAPLE consensus with the actual ground truth. A 

wide range of lesion sizes was explored (Figs. 5 and 6). 

 

Due to the large number of possible configurations for the CRL STAPLE implementation, a 

preliminary stage to determine the optimal configuration in PET imaging was performed 

using DSC. From this preliminary stage, the use of the consensus region and the MRF were 

found to have a high effect on the variability of the DSC. 
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For the second stage consisting of the evaluation of the optimal configuration for the CRL 

STAPLE implementation, we are aware that it would have been preferably performed on data 

other than those used for its determination. Nonetheless, due to the time consumption for 

generating simulated PET data and performing the manual delineations, the same data were 

used. 

 

The evaluation of the optimal STAPLE was then conducted in two steps. First, the STAPLE 

algorithm was applied on manual delineations performed by a panel of six experts. Then, the 

STAPLE algorithm was applied to five automatic segmentation results (7, 8, 11, 12, 32). In 

each case, the resulting STAPLE consensus was compared to the ground truth using DSC. 

The question was whether the STAPLE consensus provided a more accurate estimate of the 

ground truth than those obtained by the experts or using the automatic segmentation methods. 

 

Our results suggest that the consensus obtained from the optimal STAPLE configuration 

provides a more accurate estimate of the lesion volume than initial manual delineations or 

automatic segmentations. Although the overlap between the ground truth and the optimal 

STAPLE consensus is not perfect, the optimal STAPLE configuration can therefore be useful 

to assess tumor segmentation methods in PET imaging and can be preferred to the more 

common majority vote rule. Nevertheless, we can underline that the optimal STAPLE 

configuration applied to manual delineations leads to DSC values above 80%. This cut-off 

value is generally admitted to reflect an “almost perfect agreement” between ground truth and 

estimates (33-35). 

 

From these promising results, different issues might be investigated. Simulated PET images 

used for this study exhibit insufficient heterogeneity to appear clinically realistic. More 

realistic images will be investigated such as database described in Papadimitrioulas et al. (36) 

where authors introduced heterogeneity models.  

 

Similarly to experts, FCM and 42% threshold-based methods led to a systematic lesion 

volume overestimation. FCM method appeared to be the least effective automatic method 

(Fig. 8, Table 9). Partially due to its dependence to SUV, 42% threshold-based method that 

yielded about as unsatisfactory results as FCM method for SUV= 2.5, gave relevant results for 

SUV=4.5. With more conclusive results than FCM and 42% threshold-based methods, Daisne 

method however was less efficient than Nestle method and MIP based approach.  
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Moreover, if optimal STAPLE configuration clearly improved the manual delineations, this 

was less clear-cut for automatic segmentation methods. Optimal STAPLE consensus was not 

significantly more accurate than MIP-based volume or Nestle volume for instance. Indeed, 

STAPLE estimate can be viewed as an underlying weighting average of the initial 

segmentations results, as a result it might be outperformed by some of these initial 

segmentation results with higher accuracy. Thus, when excluding segmentation results with 

lower accuracy a better consensus might be expected. Nevertheless, this is not identifiable for 

clinical data of unknown ground truth and similar results we obtained on DSC of the high 

accuracy methods and the STAPLE CRL reveal the robustness of the STAPLE consensus 

result. Furthermore, when excluding segmentations results, new performance levels and new 

weights would be obtained such that the new STAPLE consensus might or might not be more 

accurate. In that context, the use of other recent segmentation methods (37-40) should be also 

explored to better evaluate the robustness of the approach. Last, regression without truth 

methods could also be explored to determine whether they are adapted to assess the accuracy 

of tumor segmentation methods in PET (41). 

 

Use of consensus region included in the STAPLE algorithm should also be further explored 

since Van Leemput et al. (42) demonstrated the impact of the number of raters on the final 

result. High number of segmentations approaches or of raters could lead to a consensus result 

that may not reflect the individual (approach or manual rater) performances. We observed that 

using the consensus region assignment yielded to very small influence of the stationary prior 

weight. Obviously, when the consensus region is assigned, the STAPLE algorithm is run only 

on the region of uncertainty where the raters disagree. The influence of the stationary prior 

weight thus concerns only this region of uncertainty, which is much too small compared to the 

entire volume to significantly impact the DSCs (computed on the entire volume). 

 
Finally, the results described in this paper were in good agreement with the study from 

McGurk et al. (26). Indeed, optimal CRL STAPLE configuration improved the segmentation 

results and, in clinical routine, might provide I) a reliable PET-volume segmented combining 

different segmentation results and II) a consistent ground truth out of the manual delineation 

by different experts. With respect to previous work (26), added values of our study mainly 

rely on the methodology applied where an optimization of the “tuning” values of STAPLE 

algorithm was achieved. Manual delineations were also used as input data. Thus more than 
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segmentation process, the ability of optimal STAPLE configuration to provide a relevant 

surrogate from manual delineations was estimated. Furthermore, the optimal configuration of 

STAPLE CRL achieved in this paper was a preliminary stage in a multicentric study 

dedicated to radiation oncology planning from PET/CT images and is being applied for 

segmentation purpose. Results of this multicentric study will be the subject of a further 

clinical oriented paper. 

 

VI. Conclusion 

In this paper, we have evaluated the ability of the STAPLE algorithm (19) to yield an accurate 

estimate of tumor volumes based on several estimates in PET imaging. The evaluation, which 

was performed using simulated data with known ground truth (29), involved a particular 

configuration of the STAPLE implementation of the Computational Radiology Laboratory 

(CRL) (31). When using the results from 6 manual segmentations as an input, the STAPLE 

algorithm succeeded in providing a better estimate of the tumor volumes than the initial 

manual delineations. This result was also obtained for the 5 considered automatic 

segmentation methods.  

Based on these results, we conclude that the particular configuration used in this paper is an 

appropriate tool to assess the accuracy of tumor segmentation in PET. 
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