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Introduction [18F]-Fluorodeoxyglucose PET has become

an essential technique in oncology. Accurate segmentation

is important for treatment planning. With the increasing

number of available methods, it will be useful to establish

a reliable evaluation tool.

Method Five methods for [18F]-fluorodeoxyglucose PET

image segmentation (MIP-based, Fuzzy C-means,

Daisne, Nestle and the 42% threshold-based approach)

were evaluated on non-Hodgkin’s lymphoma lesions by

comparing them with manual delineations performed by a

panel of experts. The results were analyzed using different

similarity measures. Intraoperator and interoperator

variabilities were also studied.

Results The maximum of intensity projection-based

method provided results closest to the manual

delineations set [binary Jaccard index mean (SD) 0.45

(0.15)]. The fuzzy C-means algorithm yielded slightly less

satisfactory results. The application of a 42% threshold-

based approach yielded results furthest from the manual

delineations [binary Jaccard index mean (SD) 0.38 (0.16)];

the Daisne and the Nestle methods yielded intermediate

results. Important intraoperator and interoperator

variabilities were demonstrated.

Conclusion A simple assessment framework based on

comparisons with manual delineations was proposed. The

use of a set of manual delineations performed by five

different experts as the reference seemed to be suitable to

take the intraoperator and the interoperator variabilities

into account. The online distribution of the data set

generated in this study will make it possible to evaluate

any new segmentation method. Nucl Med Commun
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Introduction
[18F]-Fluorodeoxyglucose PET ([18F]-FDG PET) has

become an essential technique in oncology for initial

staging, tumor characterization, treatment planning,

follow-up, and assessment of therapeutic response. Early

assessment of metabolic response after chemotherapy

provides information now enabling individualized treat-

ment decisions and improved prognosis. [18F]-FDG PET

follow-up is based on visual interpretation, mainly taking

into account changes in two factors: the maximum

standardized uptake value (SUV) and the metabolic

or functional tumor volume. Measuring the functional

tumor volume with accuracy and reproducibility is there-

fore essential for objective follow-up in both clinical and

research settings.

The tumor volume assessed by morphological imaging

techniques can differ from the metabolic tumor volume.

For example, atelectasis, often associated with lung

carcinoma, may lead to an overestimation of the tumor

volume on computed tomography scan [1]. In contrast,

posttherapeutic inflammation may cause [18F]-FDG

uptake and can lead to an underestimation of the

therapeutic effectiveness [2–4]. Defining the metabolic

volume is a challenging step in establishing biological

target volumes in radiotherapy, allowing dose painting in

heterogeneous tumors. The transition between healthy

tissue and tumor in PET images is usually gradual and

irregular. This is partially due to the poor spatial

resolution of the technique. Accurate manual delineation

is therefore difficult and poorly reproducible on PET

images. Nevertheless, functional imaging and morpholo-

gical imaging are complementary for tumor volume

segmentation; PET provides information about lesion

characterization (malignancy and aggressiveness), where-

as the second is more accurate for lesion localiza-

tion [5–8]. Moreover, only PET can be used for biological

target volume delineation in radiotherapy. However,

accurate metabolic volume segmentation remains a

limiting step in ‘PET-assisted’ radiotherapy.

Numerous methods for automatic or semiautomatic

volume segmentation on PET images have been inves-

tigated in the literature, [9–12] but none is currently
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used as a reference. Most current methods are based on

region-based segmentation algorithms and involve thresh-

olding operations (all voxels with an intensity above the

threshold value are labeled as belonging to the tumor

volume). The threshold can be fixed or proportional to

the maximum value of tumor concentration or SUV (e.g.

42%). When fixed, the use of a threshold SUV of more

than 2.5 has often been suggested. The threshold can also

be determined as a function of PET scan characteristics,

such as the background noise level, the signal-to-

background ratio, etc. [13–17]. Such methods could

require prior calibration [14–17]. Comparative studies of

some thresholding methods for tumor volume definition

have been proposed [16,18]. Many more sophisticated

methods, including approaches based on image proces-

sing [19,20] or on the possibility theory, [21] can also

be found.

Given the number of methods that already exist and also

those being developed for volume segmentation on PET

images, a clear framework to assess and compare the

performance needs to be defined. In this study, a simple

assessment framework based on comparisons with manual

delineations is proposed. It was performed on clinical data

by a panel of experts, and was applied to five methods. It

allowed the method that provided results closest to the

manual delineations set to be determined.

Methods
Clinical data

Lymphomas are the most common hematological malig-

nancies and the sixth most common cancer type in

Europe and in the United States. [18F]-FDG PET is

known as a valuable tool in patient management [22–24].

The [18F]-FDG-PET data were acquired on a GE

Advance PET tomograph (General Electric Medical

Systems, Milwaukee, Wisconsin, USA) from 20 patients

with non-Hodgkin’s lymphoma who had been treated by

radio-immunotherapy. The therapeutic response was

assessed through [18F]-FDG-PET at 6 weeks, 12 weeks,

and 6 months compared with the baseline scans. The

spatial system resolution was measured according to the

National Electrical Manufacturers Association protocol

using the standard acquisition parameters. Transaxial

resolution in the 2D mode was 4.2 mm (5.5 and 7.4 mm,

respectively) at the center of the field of view (at 10 and

20 cm, respectively). A whole-body image scan was

started 1 h after the injection of a 370 MBq activity of

[18F]-FDG. A 5-min emission scan and a 2-min transmis-

sion scan (external source of germanium) were performed

at each bed position. Iterative reconstruction was

performed (OSEM: two iterations, 28 subsets, matrix

128� 128), including a scatter correction (convolution-

subtraction) and a decay correction. For each patient, 202

slices (slice thickness, 4.3 mm; pixel size, 4.3� 4.3 mm2)

were obtained. For each of the 20 patients, one tumor was

selected from the PET images. This selection was made

to ensure easy lesion identification and to exhibit

variability in size, shape, and intensity.

Gold standard

The usual method to evaluate segmentation methods is

to compare the results they provide with the ground

truth. In the case of clinical data, as no ground truth is

available, we chose to use a set of manual delineations

performed by five different experts as the reference for

comparison. This choice allowed us to take both the

intraoperator and the interoperator variabilities into

account for the determination of the reference. The

experts were all qualified nuclear medicine physicians.

The 20 lesions selected were manually delineated three

times by each expert. Manual delineations were per-

formed, slice by slice, on axial PET images. Consistency

in contours drawn on consecutive slices was checked

visually. No prior segmentation training was given. Each

expert delineated all the 20 lesions one after another first

before performing the second and then the third

delineation. Thus, 15 manual delineations were carried

out for each of the 20 lesions.

Given a lesion:

Let vol be the volume of size X� Y�Z to be segmented,

and voxels¼ x; y; zð Þ 1 � x � X ; 1 � y � Y ; 1 � z � Zjf g,
the set of voxels belonging to vol is illustrated in Fig. 1.

Let V j
i denote the jth manually delineated volume (with

1r jr 3) defined by the ith expert (with 1r ir 5) and

in which each voxel A voxels is assigned a binary value: 1 if

voxel is labeled as belonging to the lesion and 0 otherwise:

8voxel 2 voxels;

V j
i ðvoxelÞ¼ 1 if voxel is labeled as belonging to the lesion;

0 otherwise;

�

ð1Þ

where V j
i ðvoxelÞ is the value of voxel A voxels in the

volume V j
i .

For each lesion, a binary mean volume, �V , was determined

from the 15 manual delineations through Eq. (2). Each

voxel A voxels was labeled as belonging to the lesion if it

was included in more than 50% of the 15 expert’s

delineations:

8 voxel belonging to V ; V ðvoxelÞ

¼ 1 if

P
i¼ 1 : 5

P
j¼ 1 : 3

V j
i
ðvoxelÞ

15
� 0:5

0 otherwise:

8<
: ; ð2Þ

All below-mentioned analyses were performed using a

variation of the Jaccard index. Recall that the Jaccard

index of two volumes, A and B, measures the similarity
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between A and B and is defined as the size of the

intersection divided by the size of the union of A and B

(Fig. 2).

JI ¼ A \ Bj j
A [ Bj j : ð3Þ

Most calculations involved in this study were performed

using the ARTiView software (Aquilab SAS, Lille, France),

which is a complete multimodality imaging, contouring,

and evaluation software platform for radiotherapy.

Segmentation methods

The aim of the study was to evaluate the following five

segmentation methods:

(1) The application of a threshold of 42% of the maximum

SUV (the so-called 42% threshold-based approach), as

it is still commonly used in daily practice,

(2) The contrast-oriented method proposed by Nestle

et al. [16,25] in which the threshold depends linearly

on the lesion and background activity:

Threshold¼ a � SUV 70 % þ b � BG; ð4Þ

where SUV 70 % is calculated as the mean SUV in the

region of interest (ROI) obtained by applying a

threshold of 70% of the maximum lesion SUV. BG is

calculated as the mean SUV in circular ROIs placed

into the relevant background at a distance of at least

5 mm from the lesion. a and b are two regression

parameters obtained from prior calibration. In this

study, the calibration was performed using an in-

house phantom enclosing three different spheres

with volumes of 2.03, 8.16, and 23.1 ml.

(3) The method proposed by Daisne et al. [14] based on a

relationship between the source-to-background ratio

and the iso-activity level, is to be used:

Threshold ðexpressed as a percentage of ImaxÞ

¼ aþ b � Ibg

Imax

; ð5Þ

where Imax is defined as the average SUV of the nine

voxels surrounding the hottest voxel of the lesion. Ibg

was calculated from the average SUV in ROIs

delineated in the phantom outside the spheres. a and

b are two regression parameters obtained from prior

calibration. In this study, the calibration was performed

using an in-house phantom enclosing three different

spheres with volumes of 2.03, 8.16, and 23.1 ml.

(4) The maximum of intensity projections (MIP)-based

method proposed by Dewalle-Vignion et al. [21] in

which the MIP algorithm is used, enables the usually

poor PET image contrast to be overcome, whereas

the use of the possibility theory [26] enables a

gradual transition between the healthy tissue and the

lesion to be taken into account,

(5) Application of the fuzzy C-means algorithm (FCM

3D) [27,28]. This simple clustering technique

segments data by grouping elements with similar

features into clusters using an iterative minimization

of a cost function. Here, two clusters were used:

the background as the low-contrast area and the

tumor lesion as the high-contrast area. The classifica-

tion features were the voxel gray level and the

average gray level calculated in the 3� 3� 3 voxel

neighborhood.

All five methods were applied to the manually defined

volumes of interest recorded for each of the 20 lesions.

Fig. 2

Contour A

Contour B

A∪B

A∩B

The Jaccard index, which measures similarity between sets, is defined
as the size of the intersection divided by the size of the union of
the sets.

Fig. 1

y

z  

x
vol

Lesion

Representation of the volume vol of size X�Y�Z with its associated
lesion.
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Intraoperator and interoperator variability analyses

Quantitative analyses were performed to assess the

intraoperator and the interoperator variabilities.

The intraoperator variability was assessed using the

intraexpert Jaccard index defined for the ith expert (with

1r ir 5) in Eq. (6). For a given lesion and a given

expert, the intraexpert Jaccard index is the number of

voxels included in all the three delineations divided by

the number of voxels included in at least one of the

delineations:

eJIi ¼

T
j¼ 1 : 3

V j
i

�����
�����

S
j¼ 1 : 3

V j
i

�����
�����
; ð6Þ

where Xj j represents the number of voxels defining the

volume X.

The interexpert Jaccard index was used for interoperator

variability assessment. This index was defined for a given

lesion as the number of voxels included in all the 15

manually delineated volumes divided by the number of

voxels included in at least one of these volumes:

meJI ¼

T
i¼ 1 : 5

T
j¼ 1 : 3

V j
i

�����
�����

S
i¼ 1 : 5

S
j¼ 1 : 3

V j
i

�����
�����
: ð7Þ

Finally, 100 intraexpert Jaccard indexes (one intraexpert

Jaccard index per lesion and per expert� 20 lesions� five

experts) and 20 interexpert Jaccard indexes (one inter-

expert Jaccard index per lesion� 20 lesions) were

computed.

Evaluation of segmentation methods

In order to determine which method yielded the results

closest to the set of manual delineations, the five

methods were assessed on the basis of the two following

quantitative criteria:

(1) the pairwise Jaccard index, which provides a pairwise

comparison between the volumes, Vk (1 � k � 5),

obtained by the five segmentation methods and each

of the manual delineations V j
i :

pJI Vk; V j
i

� �
¼

V j
i \ Vk

��� ���
V j

i [ Vk

��� ��� ; ð8Þ

(2) the binary Jaccard index, which provides a compar-

ison between the volumes, Vk (1r kr 5), obtained

by the five segmentation methods, and the binary

mean volume, �V :

bJI Vkð Þ¼
�V \ Vk

�� ��
�V [ Vk

�� �� : ð9Þ

For each method, 300 pairwise Jaccard indexes (one

pairwise Jaccard index per manual delineation� three

manual delineations per expert and per lesion� 20

lesions� five experts) and 20 binary Jaccard indexes

(one binary Jaccard index per lesion� 20 lesions) were

computed.

To assess differences between the various methods,

statistical analyses were performed on the pairwise and

the binary Jaccard indexes using the nonparametric

Wilcoxon test for paired samples. The null hypothesis

was that there is no difference between the indexes

obtained from the five segmentation methods; that is, no

method provides results closer to the set of manual

delineations than those obtained by the other methods.

The significance level was fixed at 0.05.

Results
Results from manual delineations

The mean (SD) of the 20 binary mean volume �V was

found to be 40.34 ml (50.39 ml). The smallest binary

mean volume was 3.57 ml; the largest was 216.42 ml.

Figure 3 gives an example of the three delineations

performed by each of the five experts on the same lesion

image, with the associated intraexpert Jaccard indexes.

Intraoperator and interoperator variability analyses

The means of the 20 intraexpert Jaccard indexes obtained

from each expert are shown in Fig. 4.

From Fig. 4, none of the mean values for the intraexpert

Jaccard index exceeded 0.67: the highest mean value

(SD), that of expert 2, was 0.67 (0.12). The overall mean

(SD) for the 100 intraexpert Jaccard indexes was 0.62

(0.13). These low values indicate a moderate intraopera-

tor variability.

The evolution of the interexpert Jaccard index according

to the lesion size is shown in Fig. 5.

The mean interexpert Jaccard index (SD) was 0.28

(0.14), with a range from 0.09 to 0.57, highlighting a

strong interoperator variability. Figure 6 illustrates the

interoperator variability: the corresponding interexpert

Jaccard index was 0.17.

Evaluation of segmentation methods

Using the pairwise Jaccard index

A first analysis was carried out on the pairwise Jaccard index

defined in Eq. (8). For each method, the mean and SD of

the 300 pairwise Jaccard indexes were calculated (Fig. 7).
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Fig. 3

1

Expert First delineation Second delineation Third delineation
Intraexpert

Jaccard
index

0.72

2 0.82

3 0.74

4 0.75

5 0.80

Columns 2 to 4 show examples of delineations performed by the five experts for a given lesion of 73.94 ml. Column 5 gives the associated intraexpert
Jaccard indexes. The corresponding interexpert Jaccard index was 0.46.
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Results from statistical analysis using the nonparametric

Wilcoxon test for paired samples test are displayed

in Table 1.

According to Fig. 7 and Table 1, the MIP-based and the

FCM 3D methods seemed to provide the results closest

to the manual delineations: the pairwise Jaccard index

means (SD) for these methods were 0.42 (0.13) and 0.42

(0.19), respectively.

The Daisne and the Nestle approaches provided quite

similar results, which were further from the manual

delineations than the MIP-based method and the FCM

3D: the pairwise Jaccard index means (SD) for these

approaches were 0.39 (0.12) and 0.39 (0.13), respectively.

Fig. 4
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Expert 5Expert 3Expert 1

Delineations performed by three of the five experts on the same lesion
image and which reflect the interoperator variability. The interexpert
Jaccard index as defined in Eq. (3) was 0.17.

Fig. 7
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The means of the pairwise Jaccard index for the five different methods;
the error bars represent the mean ± 1 SD. MIP, maximum of intensity
projections. FCM 3D, fuzzy C-means algorithm.

Evaluation of PET volume segmentation methods Dewalle-Vignion et al. 39

Copyright © Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.



The so-called 42% threshold-based approach yielded

results furthest from the manual delineations: the

pairwise Jaccard index mean (SD) was 0.36 (0.15).

Moreover, we noted that when all methods were taken

into account, the pairwise Jaccard index mean yielded

moderately acceptable results, which were partially

explained by the intraoperator and the interoperator

variabilities.

Using the binary Jaccard index

In Fig. 8, the mean and SD are given for each method,

calculated on the 20 binary Jaccard indexes [Eq. (9)].

Table 2 summarizes the results from statistical analysis

using the nonparametric Wilcoxon test for paired

samples test.

As seen in Fig. 8, the method that provided results closest

to the binary mean volume seems to be the MIP-based

method, followed by FCM 3D: the binary Jaccard index

means (SD) for these two methods were 0.45 (0.15) and

0.43 (0.18), respectively. As with our findings with the

pairwise Jaccard index, the results obtained with the

Daisne and the Nestle approaches were similar, being

somewhat further from the binary mean volume. The

mean (SD) results were 0.41 (0.12), and 0.42 (0.14),

respectively. The 42% threshold-based approach yielded

the smallest binary Jaccard index, with a mean (SD) of

0.38 (0.16), reflecting results furthest from the binary

mean volume.

From statistical tests, the binary Jaccard indexes obtained

by the MIP-base method were therefore equal or superior

to those obtained by the other four methods. In contrast,

the binary Jaccard indexes obtained by the 42% thresh-

old-based approach were equal or significantly inferior to

those obtained by the other four methods.

Discussion
In this study, we have proposed a simple assessment

framework for PET volume segmentation methods. This

evaluation, based on comparisons with manual delinea-

tions performed by a panel of five experts, was applied to

five methods. Each expert made three delineations per

lesion. The main objective was to determine which

method provided results closest to the set of manual

delineations. This seems clinically relevant, as, although

some of these semiautomatic methods are already used in

clinical practice, there is no agreement as to which one is

the most suitable.

To our knowledge, no evaluation of PET volume

segmentation methods was performed on the clinical

data by comparison with expert manual delineations. For

instance, in Nestle et al. [16], the performance of various

methods were analyzed on clinical images but without a

similarity index from manual delineations. In Tylski

et al. [18], different methods were assessed without

clinical images but only using phantom and simulated

data by comparison with the ground truth.

A large number of other interesting methods, such as the

Markov Random Field approaches [29,30], could have

been evaluated in this study. Unfortunately, we could not

have implemented such methods and we therefore

focused on well-known methods: the commonly used

42% threshold-based approach, the Nestle method, which

is increasingly mentioned in studies related to volume

segmentation of PET images [16,18], the Daisne method

for its validation with surgical specimens [31], and the

widely used fuzzy C-means clustering algorithm. The in-

house MIP-based method was also analyzed.

As all five methods tested perform lesion segmentation

using PET images alone, the manual delineations were

Table 1 Results of the nonparametric Wilcoxon tests performed on the 300 pairwise Jaccard indexes

MIP-based FCM 3D Daisne Nestle 42%

MIP-based – = (P = 0.395) > (P = 0.001) > (P < 0.0001) > (P < 0.0001)
FCM 3D – – > (P = 0.005) > (P = 0.001) > (P < 0.0001)
Daisne – – – = (P = 0.345) > (P < 0.0001)
Nestle – – – – > (P < 0.0001)
42% – – – – –

The symbol ‘ > ’ means that the method shown in the left column yielded significantly higher index values than the method appearing in the top line, whereas the symbol
‘ = ’ means that there was no significant difference between the two methods. P values obtained are shown in brackets.
FCM 3D, fuzzy C-means algorithm; MIP, maximum of intensity projections.

Fig. 8
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also restricted to PET images. In addition, although our

study was carried out on patients with non-Hodgkin’s

lymphoma, further evaluation on other neoplastic dis-

eases could be envisaged.

Analyses carried out on the manual delineations set

indicated important intraoperator variability [intraexpert

Jaccard index: mean (SD) of 0.62 (0.13)], and strong

interoperator variability [interexpert Jaccard index mean

(SD) of 0.28 (0.14)]. Training the experts in segmenta-

tion might have reduced the interoperator variability.

The application of a threshold of 42% of the maximum

SUV is very easy to implement and to use, but we found

that it provided results furthest from the manual

delineations (Figs 7 and 8, Tables 1 and 2). This is

partially because the maximum SUV depends on several

parameters, such as lesion size, partial volume effect,

physiological movement, etc [32]. Moreover, the thresh-

old level needs to be adjusted according to the patho-

logy [33].

The Daisne and the Nestle methods provided results

somewhat closer to the manual delineations than did the

42% threshold-based approach. Unfortunately, the im-

plementation of these two methods is not straightfor-

ward, as a preliminary calibration in each PET facility is

required [14,16]. Furthermore, these methods involve

some user interaction in order to select background

regions of interest.

The MIP-based method (which incorporates both the

uncertainty and inaccuracy inherent in the image using

membership degrees instead of the more commonly used

binary values) [21] seemed to provide results closest to

the set of manual delineations. Results a little less close

to the manual delineations were obtained by FCM 3D.

These two methods are easy to use; they require neither

a preliminary calibration nor a background regions of

interest selection.

The results presented in this study are obtained for a

given reconstruction parameters configuration. The

effects of these parameters should be further explored

to propose a more complete evaluation of PET volume

segmentation methods.

Concerning the reference used for evaluation, the set of

manual delineations seemed to be suitable to take the

intraoperator and the interoperator variabilities into

account. However, we are aware that the use of this set

was not optimal. In the near future, we plan to apply the

simultaneous truth and performance level estimation

(STAPLE) algorithm [34] in addition. This expectation

maximization algorithm computes a probabilistic esti-

mate of the true segmentation from a collection of

segmentations. By applying this algorithm to the 15

manual delineations set, a ground truth could be

generated.

The data set generated for this study included for each

lesion:

(1) The 15 manual delineations, and the semiautomatic

delineations obtained by

(2) the 42% threshold-based approach;

(3) the Nestle et al. contrast-oriented method [16,25];

(4) the Daisne et al. method [14];

(5) the MIP-based method [21];

(6) the application of the FCM 3D [27,28];

The application of the STAPLE algorithm [34] to the 15

manual delineations set will thus complete a 21-delinea-

tion data set.

Our ultimate goal is to distribute this data set online for

community use and to help simplify the evaluation of any

new method of segmentation.

Conclusion
We evaluated five methods of volume segmentation on

PET images by comparing the results with manual

delineations performed by a panel of experts. The MIP-

based method [21] produced results closest to the set of

manual delineations, followed by the FCM 3D [27,28].

The 42% threshold-based approach produced results

furthest from the manual delineations, whereas the

Daisne et al. [14] and Nestle et al. [16,25] methods

yielded intermediate results. The online distribution of

the data set generated in this study will make it possible

to evaluate any new segmentation method by comparison

with the five methods we tested. We suggest that the

reference used be the delineation obtained by application

of the STAPLE algorithm [34] to the set of 15 manual

delineations.

Table 2 Results of the nonparametric Wilcoxon tests performed on the 20 binary Jaccard indexes

MIP-based FCM 3D Daisne Nestle 42%

MIP-based – = (P = 0.869) = (P = 0.304) > (P = 0.018) > (P < 0.0001)
FCM 3D – – = (P = 0.674) = (P = 0.648) = (P = 0.294)
Daisne – – – = (P = 0.869) > (P = 0.022)
Nestle – – – – > (P = 0.007)
42% – – – – –

The symbol ‘ > ’ means that the method shown in the left column yielded significantly higher index values than the method appearing in the top line, whereas the symbol
‘ = ’ means that there was no significant difference between the two methods. P values obtained are shown in brackets.
FCM 3D, fuzzy C-means algorithm; MIP, maximum of intensity projections.
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