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Fully Automated Gross Tumor Volume Delineation From PET in
Head and Neck Cancer Using Deep Learning Algorithms
Isaac Shiri, MSc,* Hossein Arabi, PhD,* Amirhossein Sanaat, MSc,* Elnaz Jenabi, MD,†

Minerva Becker, MD,‡ and Habib Zaidi, PhD*§||¶

Purpose: The availability of automated, accurate, and robust gross tumor
volume (GTV) segmentation algorithms is critical for the management of
head and neck cancer (HNC) patients. In this work, we evaluated 3 state-
of-the-art deep learning algorithms combined with 8 different loss functions
for PET image segmentation using a comprehensive training set and evalu-
ated its performance on an external validation set of HNC patients.
Patients and Methods: 18F-FDG PET/CT images of 470 patients present-
ing with HNC on which manually defined GTVs serving as standard of ref-
erence were used for training (340 patients), evaluation (30 patients), and
testing (100 patients from different centers) of these algorithms. PET image
intensity was converted to SUVs and normalized in the range (0–1) using
the SUVmax of the whole data set. PET images were cropped to
12 � 12 � 12 cm3 subvolumes using isotropic voxel spacing of
3 � 3 � 3 mm3 containing the whole tumor and neighboring background
including lymph nodes. We used different approaches for data augmenta-
tion, including rotation (−15 degrees, +15 degrees), scaling (−20%, 20%),
random flipping (3 axes), and elastic deformation (sigma = 1 and proportion
to deform = 0.7) to increase the number of training sets. Three state-of-the-
art networks, including Dense-VNet, NN-UNet, and Res-Net, with 8 differ-
ent loss functions, including Dice, generalized Wasserstein Dice loss, Dice
plus XEnt loss, generalized Dice loss, cross-entropy, sensitivity-specificity,
and Tversky, were used. Overall, 28 different networks were built. Standard
image segmentation metrics, including Dice similarity, image-derived PET
metrics, first-order, and shape radiomic features, were used for performance
assessment of these algorithms.
Results: The best results in terms of Dice coefficient (mean ± SD) were
achieved by cross-entropy for Res-Net (0.86 ± 0.05; 95% confidence inter-
val [CI], 0.85–0.87), Dense-VNet (0.85 ± 0.058; 95% CI, 0.84–0.86), and
Dice plus XEnt for NN-UNet (0.87 ± 0.05; 95% CI, 0.86–0.88). The differ-
ence between the 3 networks was not statistically significant (P > 0.05). The
percent relative error (RE%) of SUVmax quantification was less than 5% in

networks with a Dice coefficient more than 0.84, whereas a lower RE%
(0.41%) was achieved by Res-Net with cross-entropy loss. For maximum
3-dimensional diameter and sphericity shape features, all networks achieved
a RE ≤ 5% and ≤10%, respectively, reflecting a small variability.
Conclusions: Deep learning algorithms exhibited promising performance
for automated GTV delineation on HNC PET images. Different loss func-
tions performed competitively when using different networks and
cross-entropy for Res-Net, Dense-VNet, and Dice plus XEnt for NN-UNet
emerged as reliable networks for GTV delineation. Caution should be
exercised for clinical deployment owing to the occurrence of outliers in deep
learning–based algorithms.

KeyWords: PET, segmentation, head and neck, quantification, deep learning

(Clin Nucl Med 2021;46: 872–883)

P ET using various molecular imaging probles is commonly used
in clinical setting for various tasks in clinical oncology, includ-

ing diagnosis and malignant lesion detection, staging and restaring,
and monitoring of response to treatment.1 Various semiquantitative
and quantitative image-derived PETmetrics are used in clinical and
research settings to complement visual interpretation. This includes
simple indices, such as the SUVand advanced quantitative metrics
extracted from PET images. Quantification of metabolic and phys-
iological processes in vivo provides valuable information for clini-
cal diagnosis/prognosis of disease.2 The delineation of gross
tumor volume (GTV) to calculate the metabolic tumor volume
(MTV) and hence total lesion glycolysis (TLG) or to plan external
beam radiation therapy is highly demanded in clinical setting.3

Manual delineation of the GTV is time-consuming and prone to
interobserver/intraobserver variability and depend on physician ex-
perience.4,5 In addition, accurate delineation is challenging owing to
the noisy nature, poor spatial resolution, and resulting partial vol-
ume effect in PET images.6–10

Conventional algorithms, including adaptive iterative
thresholding,11–14 active contours,15,16 region-growing,8 k-mean it-
erative clustering,17 fuzzy c-mean iterative clustering,18 Gaussian
mixture model,19 random walk,20 watershed transform,21,22 graph-
based,23,24 and Markov random field (MRF)–based25–27 techniques,
have been developed for PET image segmentation. However, deploy-
ment of these algorithms in clinical setting faces various challenges
as they commonly require user input to define background or fore-
ground of tumors (seed or volume of interest), setting parameters
specific to each patient, and prior knowledge regarding the clinical
indication, scanner performance, and clinical acquisition and pro-
cessing protocols.10 Various strategies have been developed for
GTV delineation from PET images; however, conventional algo-
rithms commonly fail to achieve good outcome owing to the hetero-
geneous anatomical nature of the head and neck region, and the
presence neighboring metabolically active regions, such as lymph
nodes.7,28 Providing an automatic, accurate, and robust GTV seg-
mentation algorithm is highly demanded for effective head and neck
cancer (HNC) patient management.
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FIGURE 1. Flowcharts of the 3 neural network architectures evaluated in this work, including Res-Net, Dense-VNet, and
NN-UNet.
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Deep learning is a subfield of machine learning algorithms
capable of feature extraction, selection, and classification in 1
step.29 Machine/deep learning algorithms have been applied in
PET for various applications,30 including image reconstruction,31

attenuation and scatter correction,32 image denoising,33 reduction
of acquisition time,34 and voxel-based dosimetry.35 Most previous
studies demonstrated that deep learning–based algorithms provide
equivalent or more reliable results compared with conventional al-
gorithms. A number of machine learning algorithms have been de-
veloped for segmentation of medical images.36–39 In the context of
PET image segmentation, K-nearest neighbor,40 decision tree,41

support vector machine,42 and random forest43 machine learning al-
gorithms have been thoroughly investigated. However, these tech-
niques require handcrafted feature extraction and feature selection,
hence limiting their accuracy and robustness.

There is a growing body of literature reporting on the use of
deep learning algorithms for PET image segmentation. Leung et al44

applied a 2-dimensional (2D) U-Net architecture to simulated lung
PET images to fine tune the algorithm for patients’ images. This ap-
proach resulted in better accuracy for small tumors segmentation
and more reliable and generalizable results for multiscanner data
sets. Fu et al45 proposed a multimodal attention module using a

U-Net network backbone to segment lung tumors through
exploiting both physiological and anatomical information. Another
study performed by Zhong et al46 for simultaneous segmentation of
non–small cell lung carcinoma tumors from PETand CT images re-
ported that their proposed 3-dimensional (3D) deep learning algo-
rithms outperformed conventional algorithms. Likewise, other
work focusing on cervical cancer quantification from PET/CT im-
ages using a combination of anatomical prior and deep learning al-
gorithm reported improvement in segmentation accuracy.47

Among the studies focusing mainly on PET images segmen-
tation of HNC malignant lesions, Guo et al48 developed a 3D deep
convolutional network for multimodal (PET and CT) image seg-
mentation targeting potential applications in radiotherapy planning.
Jin et al49 set up a fully automatic segmentation for esophagus GTV
delineation using 2 streams chained deep learning fusion of PET
and CT images. Andrearczyk et al50 investigated automatic HNC
tumors and metastatic lesion segmentation using 2D and 3D
V-Net from PETand CT images separately and also in a multichan-
nel manner of early and late fusion. They reported that multichannel
input improved segmentation accuracy in HNC patients. Afshari
et al51 proposed a weakly supervised convolutional neural network
with significantly improved segmentation performance. Huang

FIGURE 2. Two different 3D views of manual and automated segmentations of malignant lesions using different networks and
loss functions for a clinical study from the HUG database.
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et al52 performed a dual-center study for segmentation from PET/
CT images using a deep learning algorithm, emphasizing efficiency
and generalizability of the segmentation process.

A number of studies, task groups,9,53 and international medical
imaging contests54 have been undertaken to address the challenges of
PET image segmentation. In this work, we evaluated 3 state-of-
the-art deep learning PET image segmentation algorithms combined
with 8 different loss functions using a large training set and evaluated
their performance on external validation sets of HNC patients.

PATIENTS AND METHODS

PET/CT Data Acquisition and Description
This study was conducted on PET images of HNC patients

obtained from the open-source database (430 patients) of The Can-
cer Imaging Archive (TCIA)55–59 and data gathered at Geneva Uni-
versity Hospital (HUG) (40 patients). Some patients were excluded
from the TCIA data set owing to some technical issues, such as im-
age noise, artifacts, absence of images, and image misregistration.
The acquisition and reconstruction protocols adopted for the TCIA
data sets are given in Prior et al,55 Gevaert et al,56 Clark et al,57 Bakr
et al,58 Vallières et al.59 The following protocol was used for the ac-
quisition of the HUG data set.

The injected 18F-FDG activity was in the range (119–276MBq;
mean, 201 MBq), whereas the time between injection and data ac-
quisition was in the range (37–117 minutes; mean, 88 minutes).
The ordered subset expectation maximization iterative algorithm
with time-of-flight and point spread function modeling was used
for PET image reconstruction. CT-based attenuation and Compton
scatter correction was performed for all PET studies.

Manual Image Segmentation and Preprocessing
All GTVswere manually delineated on PET images by an ex-

perienced nuclear medicine physician using the OSIRIX software.60

PET image intensities were converted to SUV and normalized be-
tween 0 and 1 using the maximum value of the used data sets. To
produce a rotationally invariant data set, preprocessing of PET im-
ages was performed through interpolation to isotropic voxel spacing
of 3 � 3 � 3 mm3. To create uniform data sets in terms of matrix
size and voxel size and to handle computational barriers, we
cropped the PET images to 12� 12� 12 cm subvolumes contain-
ing the whole tumor and background, including the lymph nodes.

Neural Networks
We implemented 3 state-of-the-art deep learning–based seg-

mentation algorithms, including Res-Net,61 Dense-VNet,62 and

FIGURE 3. Two-dimensional views of manual delineation of lesions and automated segmentation output of the different
networks Res-Net (cross entropy), NN-UNET (Dice plus XEnt), and Dense-VNet (cross entropy) for different clinical studies from
TCIA database and our institution.
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NN-UNet.37 The architecture of each network is presented in Figure 1.
Res-Net is composed of 20 layers, including three 6-level layers
with different dilation factors of 0, 2, and 4 to extract the different
image features, where every 2 layers are connected by a residual
connection.61 Dense-VNet is a fully convolutional network with 3
dense feature stack blocks (for information flow and decreasing
the network parameters), downsampled to the next one and having
skip connections with upsample blocks.62 NN-UNet or no-new-U-
Net is a modified standard encoder-decoder network (U-Net
architecture-based63) with skip connections.37

Loss Functions
As loss functions in deep learning algorithms instigate net-

works for the training process, the choice of the loss function is vital
for deep semantic segmentation, which determines the performance
of image segmentation.64 We implemented 8 different well-known
loss functions for each network, including Dice, Dice no-square
(Dice NS), Dice plus XEnt, Cross-Entropy, generalized Dice loss
(GDSC), sensitivity-specificity, Tversky, and generalized Wasser-
stein Dice loss (WGDL). Further details about loss functions are
provided in the Supplemental Material, http://links.lww.com/
CNM/A336.

Training
Altogether, 28 different networks were built by combining 3

networks and 8 loss functions. 18F-FDG PET images of 470 patients
presenting with HNC, on which manually defined (reference)
GTVs were used as training (340 patients from TCIA), evaluation
(30 patients from TCIA), and external validation sets (100 patients
from different centers) for these algorithms. PET images in SUV
units were fed as input to the networks to generate the correspond-
ing binary masks of GTVs.

Data Augmentation
To increase the number of training sets to avoid overfitting

and increase the generalizability of networks, we used different data
augmentation approaches, including rotation (−15 degrees, +15 de-
grees), scaling (−20%, 20%), random flipping (3 axes), and elastic
deformation (sigma = 1 and proportion to deform = 0.7).

Quantitative Evaluation
All evaluations were performed using 100 patients from dif-

ferent centers, referred to as TCIA 1 (30 patients), TCIA 2 (30 pa-
tients), and HUG (40 patients). The evaluation was performed
with respect to the manual delineations considered as standard of

FIGURE 4. Magnified 2D views of manual delineation of lesions and segmentation output of the different networks Res-Net
(cross entropy), N-N-UNET (Dice plus XEnt), and Dense VNet (cross entropy) for different clinical studies shown in Figure 3.
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reference. Standard segmentation metrics, including Dice coeffi-
cient, Jaccard, false-negative rate, false-positive rate, volume simi-
larity, mean, and standard deviation of surface distance, were
calculated (see Supplemental Material for equations, http://links.
lww.com/CNM/A336).

Metabolic Activity Intensity and Shape Analysis
We calculated conventional clinically relevant image-derived

PETmetrics, including SUVmax, SUVmean, and SUVmedian. In addi-
tion to conventional clinical PET quantification parameters, we ex-
tracted first-order radiomic features, including 10 and 90 percentile,
energy, interquartile range, kurtosis, mean absolute deviation, rang,
robust mean absolute deviation, root mean squared, total energy,
and variance. The shape radiomic features include elongation, flat-
ness, least axis length, major axis length, maximum 2D diameter
column, maximum 2D diameter row, maximum 2D diameter slice,
maximum 3D diameter, minor axis length, sphericity, surface area,
and surface volume ratio (see Supplemental Material, http://links.
lww.com/CNM/A336). All feature extractions were performed ac-
cording to the image biomarker standardization initiative.65,66 We

calculated the mean relative error with respect to manual segmenta-
tion using the following formula:

Relative Error %ð Þ ¼
Predicted Segmentation −Manual Segmentationð Þ=
Manual Segmentation� 100%

Statistical Analysis
We compared the different networks using Student t test sta-

tistical analysis and reported the mean ± SD and 95% confidence
interval (CI) for the different metrics. All statistical analyses were
performed using the R software.

RESULTS
Figure 2 presents representative examples of 2 different

views of 3D rendered volumes of GTVs for different networks
and loss functions along with the manual GTV segmentation of
each tumor for a clinical study. Supplemental Figures 1–3, http://

FIGURE 5. Comparison of differentmodels (P values) in terms of Dice coefficient.Manual segmentationwas used as the criterion
standard.
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links.lww.com/CNM/A336, present additional examples of 3D
GTVs of different patients. Figure 3 illustrates 2D axial views of
different patients from the external validation set. Figure 4 depicts
a zoomed version of the GTVs shown in Figure 3. As shown in both
Figures, the segmentations generated by the different networks are
in good agreement with manual segmentations defined on GTVs
of malignant lesions presenting with different size, texture, and con-
trast. Supplemental Figures 4–30, http://links.lww.com/CNM/
A336, illustrated the outcome of segmentations achieved by the var-
ious networks for different patients from the external validation set.

Tables 1 and 2 summarize PET image segmentation perfor-
mance metrics (mean ± SD and 95% CI) for different networks
and loss functions. A comparison between the various networks in
terms of Dice coefficient is illustrated in Figure 5. It can be seen
from the results reported in Tables 1 and 2 that the cross-entropy
loss function yielded the highest Dice coefficient (mean ± SD)
(0.85 ± 0.05; 95% CI, 0.84–0.86) and Jaccard index (0.75 ± 0.08;
95% CI, 0.73–0.76) and lowest surface distances. Tversky loss pro-
vided almost the same results with Dice coefficient of (0.85 ± 0.06;
95% CI, 0.84–0.86) and Jaccard index (0.75 ± 0.09; 95% CI,
0.73–0.77). There is no proof of statistically significant difference

between cross-entropy and Tversky (P = 0.70), and these 2 loss
functions are significantly outperformed by others for the
Dens-VNet network (P < 0.05).

For Res-Net network, cross-entropy loss resulted in the
highest performance in term of Dice coefficient (0.86 ± 0.05;
95% CI, 0.85–0.87) and Jaccard index (0.76 ± 0.08; 95% CI,
0.75–0.78). In Res-Net, all loss functions had almost similar perfor-
mance with no proof of statistically significant difference between
them, except the sensitivity-specificity loss function, which showed
the most unsatisfactory results (0.72 ± 0.09; 95% CI, 0.70–0.74). It
can be seen from Tables 1 and 2 that, for NN-UNet, the Dice plus
XEnt loss function yielded the highest Dice coefficient
(0.87 ± 0.05; 95% CI, 0.86–0.88) and Jaccard index (0.77 ± 0.07;
95% CI, 0.75–0.78) followed by Tversky with a Dice coefficient
of 0.86 ± 0.06 (95% CI, 0.85–0.87) and Jaccard index of
0.76 ± 0.08 (95% CI, 0.74–0.78). There is no proof of statistically
significant difference between the 2 loss functions (P = 0.48). Ex-
cept the sensitivity-specificity loss function, the remaining loss
functions achieved the same level of accuracy.

It was observed that the sensitivity-specificity loss function
resulted in the lowest performance for the different networks.67

FIGURE 6. Mean relative error (MRE %) of radiomic features for the different networks and loss functions.
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The different loss functions performed competitively for the differ-
ent networks. The best results were achieved by cross-entropy for
Res-Net and Dense-VNet and Dice plus XEnt for NN-UNet, where the
differences between the 3 networks were not statistically significant.

The results of conventional image-derived PET metrics and
first-order and shape features percent relative error for different net-
works and loss functions are depicted in Figure 6. This reveals that
almost all networks correctly segmented the region contains the
maximum value of GTVas RE for SUVmax is less than 1%. The per-
cent relative error of SUVmax was less than 5% in networks with
Dice coefficients more than 0.84. A low RE% (0.41%) was
achieved by Res-Net with cross-entropy loss. For shape features,
maximum 3D diameter and sphericity achieved REs ≤5% and
≤10%, respectively, which is considered very small with small var-
iability in typical radiomics studies.

Figure 7 presents representative outliers where the investi-
gated networks failed to segment properly the GTVs. As shown
in this figure, the low uptake of tumors, high uptake in the back-
ground, and irregular and sparse shape of the GTVs led to

outliers. The frequency of outliers’ occurrence in less than 5%
(4 cases) of the total number of cases. Additional examples of
outliers are presented in Supplemental Figures 31–57, http://
links.lww.com/CNM/A336.

DISCUSSION
This work set out to assess the potential of fully automated

GTV delineation from PET images in HNC patients using deep
learning algorithms. The present study was designed to assess 3
state-of-the-art image segmentation algorithms combined with var-
ious popular loss functions and evaluate their performance on exter-
nal validation data sets using well-established metrics. The results
of this study indicated that the different loss functions performed
competitively for the different networks. The best results were also
achieved by cross-entropy for Res-Net and Dense-VNet and Dice
plus XEnt for NN-UNet. The differences between the 3 networks
were not statistically significant.

FIGURE 7. Two-dimensional views of manual and automated segmentations achieved by the different networks for different
cases where failure was observed resulting in outliers.
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The Medical Image Computing and Computer Assisted In-
tervention challenge54 has been conducted to address the potential
of automated PET image segmentation algorithms. In this chal-
lenge, the guidelines suggested by the American Association of
Physicists in Medicine task group 211 were cautiously followed.9

This study included 176 PET images of simulated, experimental
phantom, and clinical studies that were divided into 17 training
and 157 test data sets. Various strategies were evaluated under this
framework where convolutional neural network–based algorithms
yielded the highest performance (Dice = 0.80) significantly
outperforming conventional techniques (9 of 12), including
K-means (Dice = 0.79), Gaussian mixture model (Dice = 0.78),
and fuzzy C-means (Dice = 0.73) algorithms.

Afshari et al51 designed a new loss function that dynamically
combines supervised and unsupervised components inspired from
previous segmentation techniques.68 The results achieved by this al-
gorithm demonstrated improvement of the Dice index by 30% com-
pared with the weakly supervised algorithm trained by only
bounding boxes. Andrearczyk et al50 evaluated 2D and 3D V-Net
on PET and CT images separately and in a multichannel approach
on 202 HNC patients from 4 centers and evaluated their perfor-
mance using the one-leave-center-out method. They reported Dice
coefficients of 0.48 and 0.58 for CT and PET-only images, respec-
tively, which improved to 0.59 and 0.60 for late fusion approaches
for 2D and 3DV-Net algorithms, respectively.

Huang et al52 designed a dual-center study for lesion segmen-
tation fromPET/CT images of HNCpatients using aU-Net architecture.
The training and evaluation involved 22 patients with one-leave-out
approach using 2-channel input comprising PET and CT images
simultaneously. They reported a Dice coefficient of 0.73 for
GTV delineation. Guo et al48 came up with a 3D multimodality
dense net for PETand CT image segmentation using 140/35 clinical
studies for training/validation with further testing on an additional
external set consisting of 75 HNC patients. They reported a Dice
of 0.73 for the proposed architecture, thus outperforming
3D-UNet (Dice = 0.71) when using multimodality images, whereas
the Dice was 0.32 and 0.67 when using only CT and PET images,
respectively. Our work took advantage of the dense block imple-
mented in Dense-VNet architectures to achieve a high Dice value
compared with previous PET-only studies. Jin et al49 developed a
deep learning–based fully automated GTV segmentation of esoph-
agus cancer using 2 streams chained fusion of PETand CT images.
Their method was implemented using 110 clinical studies and eval-
uated using a 5-fold cross-validation scheme. They achieved a Dice
of 0.76 ± 0.13, thus outperforming 3D Dense UNet (0.74 ± 0.16).
Previous studies highlighted the complementary contribution of in-
formation from CT images to correctly delineate the GTVs.48,49,52

In this work, we evaluated different network architectures and
loss functions trained on an augmented data set and evaluated on
unseen external validation data set of HNC patients gathered from
open-access database and from our center. We achieved the
highest Dice coefficient (0.87) for PET-only images in the external
validation set. Despite this high Dice score, we observed some
outliers where the networks failed to properly delineate the GTVs
owing to the black-box nature of deep learning algorithms. This is
mainly caused by the low uptake of tumors, high uptake in the
background, and irregular/sparse shape of tumors. In some outlier
cases, the predicted segmentation was extended to the back-
ground, which could be handled by semiautomated approaches.
We also developed different networks, which achieved various de-
grees of success and variable performance for different patients.
We plan to use STAPLE or voting algorithms to provide more ro-
bust segmentation algorithms. Another limitation of this study was
the use of PET-only images. Further work should focus on the

incorporation of anatomical/structural information available from
concurrent CT or MR images.

CONCLUSIONS
We assessed the performance of various deep neural net-

works for GTV delineation from PET images in HNC patients.
Deep learning algorithms exhibited promising performance for au-
tomated GTV delineation on HNCPET images. The results demon-
strated that the different loss functions performed competitively for
the different networks, where cross-entropy for Res-Net and
Dense-VNet and Dice plus XEnt for NN-UNet emerged as the most
promising for GTV delineation. However, caution is recommended
when considering deployment in the clinic of deep learning–based
segmentation algorithms owing to the presence of outliers.
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