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ABSTRACT

Accurate lung nodule segmentation from Computed Tomography (CT) images is crucial to the analysis and diagnosis
of lung diseases such as COVID-19 and lung cancer. However, due to the variety of lung nodules and the lack of highquality labeling, accurate lung nodule segmentation is still
a challenging problem. In this paper, we propose a novel
paradigm including an automatic accurate annotation pipeline
and a segmentation network for this task. First, we introduce
a new segmentation mask representation named Soft Mask
which has richer and more accurate edge details description
and better visualization, and we design a universal automatic
Soft Mask annotation pipeline to deal with different datasets.
Besides, we provide a new challenging lung nodules segmentation dataset with traditional binarized masks and our soft
masks for further studies. Second, we propose an effective
network called SoftGAN that includes an improved backbone and an adversarial training framework with Soft Mask,
in order to improve the performance of accurate lung nodules
segmentation. Extensive experiments validate that our SoftGAN outperforms the state-of-the-art methods for accurate
lung nodule segmentation. [Dataset release]
Index Terms— COVID-19, Lung nodules segmentation,
Soft Mask, SoftGAN
1. INTRODUCTION
Since December 2019, the world has suffered a severe health
crisis: COVID-19 pandemic. COVID-19 usually appears as
a ground glass opacity (GGO) lung nodule on computed tomography (CT) images [1]. In addition, these GGO and other
types of lung nodules also potentially cause the risk of lung
cancer, which is the deadliest type of cancer worldwide for
human with a relatively low five-year survival rate of 18% [2].
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Fig. 1. Various types of lung nodules, manual binary masks
and Soft Masks in LIDC dataset. Our Soft Mask even
achieves better segmentation and visual results than human radiologists.
Accurate segmentation of lung nodule is of great significance for automated disease screening, diagnosis, analysis,
and treatment evaluation.
However, accurate lung nodule segmentation is still a
challenging problem due to the following reasons. First, current accurate segmentation of lung nodules lack high-quality
mask annotations, and manually labeling lung nodules mask
is a time-consuming work as well as a highly subjective task
that often influenced by individual bias and clinical experiences. These inconsistencies may cause difficulties in the segmentation network training. Cai et al. [3] proposed an automatic mask generation method using the long and short axis
of RECIST [4] as weakly prior information. This method no
longer requires the radiologist to manually label the mask but
iterative selection. However,it can only get a rough mask by
relying on coarse RECIST marks and GrabCut [5], making it
difficult cope with the task of accurate segmentation of lung
nodules with complex edges. Second, lung nodules have significant heterogeneity, in which such as GGO and juxtapleural

nodules have irregular shapes and tiny edges shown in Fig. 1,
bringing challenges for accurate segmentation, while existing
binary masks cannot describe the edge details of these nodules well.
To address the above issues, we propose a novel paradigm
including an automatic accurate annotation pipeline and a
segmentation network (SoftGAN) with the Soft Mask supervision for accurate lung nodule segmentation. Specifically, we
design an automatic annotation pipeline to derive accurate
Soft Mask from different datasets. Our Soft Mask preserves
rich edge details and smooth transition between lung nodules
and surrounding pathological environments, and has a good
visual effect. We further employ our Soft Mask to supervise
the segmentation of lung nodules via our SoftGAN and obtain a significant performance improvement. In general, our
technical contributions in this work have the following three
aspects: (1) A new advanced mask representation named Soft
Mask and the universal automatic accurate labeling pipeline
are proposed to boost segmentation accuracy and obtain excellent visualization. (2) A novel SoftGAN with an Soft Mask
supervised training framework is present to generate highquality segmentation masks. (3) A new challenging dataset
(LNSM) is provided, containing 1500 well-labeled segmentation nodules. We also implemented comprehensive experiments, validating our method outperform other state-of-theart methods on lung nodule segmentation.
2. RELATED WORK
Lung nodule segmentation: In recent years, deep learning
based methods have gained widespread attention for medical image analysis and processing. Some convolutional neural networks (CNN) [6, 7, 8, 9, 10] have achieved competitive
results on lung nodule segmentation. Besides, other medical
segmentation methods [11, 12, 13, 14] have brought breakthroughs in a variety of medical segmentation tasks. More
recently, some transformer-based models [15, 16] are proposed to improve the medical image segmentation accuracy.
All the above approaches achieves performance improvement
with more complex network architectures such as the attention mechanisms, spatial context, and dense connections. By
contrast, our SoftGAN not only improves the network structure, but also ameliorates the quality and detail of supervised
ground-truth (i.e. rough binary masks) to achieve accurate
lung nodule segmentation with impressive visual results.
Soft labels: Soft labels have recently been applied to brain
lesions segmentation [17, 18] as they are considered to have
a better generalization, faster learning speed, and mitigation
of network over-confidence. Specifically, Kats et al. [17] employed morphological dilation to expand the binary mask and
assigned a fixed probability to all pixels within the expanded
region to generate soft labels. Gros et al. [18] obtained soft labels by bilinear interpolation, while they still lost many edge
details (e.g. small burrs around lung nodules). Both the soft
labels in [17, 18] softened the binary masks, but they are still

too rough to obtain accurate lung nodule segmentation with
good visual effects. In contrast, the pixels of our Soft Mask
are not discrete but continuous, meaning that our Soft Mask
has richer and more accurate edge detail expression which
can reduce the impact of imprecise boundary annotation. Our
Soft Mask can be obtained from various datasets. In particular,
the RECIST marks in the current hospital picture and archiving systems (PACS) can be utilized for quickly generation of
large-scale and high-quality Soft Masks.
3. PROPOSED METHOD
In this section, we provide a complete paradigm for accurate
lung nodule segmentation. We introduce the Soft Mask and
design a pipeline to label it automatically in Sec. 3.1. Then,
we give a novel SoftGAN with a Soft Mask based adversarial
training framework in Sec. 3.2.
3.1. Soft Mask
In previous methods, lung nodules are usually labeled and
segmented in the form of a binary mask. However, there
are many disadvantages to using only binary masks in accurately segmenting lung nodules. On the one hand, it does
not clearly describe the edge and morphological details of
the lung nodules, which may cause anatomical information in
these marginal regions to be ignored. On the other hand, the
labeling is extremely unbalanced since most of the regions
are labeled as non-lesion in the binary mask [17], and this imbalance impairs the training of the segmentation network. To
overcome the weakness of the binary mask, we introduce a
new accurate labeling from the Soft Mask of lung nodules.
Definition: Every pixel of Soft Mask Mi of the i-th pixel is a
linear combination of the lesion label Li (the value is 1) and
non-lesion background label Bi (the value is 0):
Mi = αi Li + (1 − αi )Bi

(1)

where α means the extent of belonging to the lung nodules
region, and we employ a close-form-matting algorithm [19]
to solve α. The solution of α is a closed form through linear
assumptions and the labeling of known pixels (trimaps), making high-quality trimaps generation be crucial. We refer the
readers to [19] for more details.
Labeling of Soft Mask: We design an automatic Soft Mask
labeling pipeline to deal with priors from different datasets.
First, we initialize these different prior information into
trimaps composed of lesion region, background region and
the uncertain region as shown in Fig. 2 (b). Specifically, we
design the following three strategies for trimap initialization:
(1) Trimaps generation from normal binary masks: We
use morphological operations to process the binary masks.
Specifically, The lesion region is obtained by the erosion operation, the non-lesion background region is obtained by the
dilation operation, and the uncertain region is in the middle.

(2) Trimaps generation from binary masks of different
doctors: In order to improve the quality and reliability of labeling, some datasets are repeatedly labeled by different doctors. In LIDC dataset [20], the mask for each lung nodule is
marked by four different doctors, as shown in Fig. 1 (b). We
set the intersection of these different masks labeled by doctors as the lesion region, the complement of the union of these
masks as the background region, and all the other pixels as the
uncertain region.
(3) Trimaps generation from RECIST marks: RECIST
marks [4] are commonly found in current hospital picture and
archiving systems (PACS) despite their coarseness, and converting these massive data into accurate masks will have great
application value and potential. As shown in Fig. 2 (a), RECIST marks have a long axis and a short axis to mark the
diameters of the lesion. First, we use the regions marked on
the long axis and the short axis as the prior information of the
GrabCut [5] to obtain the initial rough binary masks, then apply the processing of trimaps generation from normal binary
masks to obtain the final trimaps.
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Fig. 2. (a) Lung nodules with RECIST marks in DeepLesion.
The red line is the long axis and the blue line is the short axis.
(b) Trimaps. White pixels mean the lesion region. Black pixels mean the background region. Gray pixels mean the uncertain region. (c) Soft Masks. (d) Binarized Soft Masks. The
Soft Mask preserves edge details of lung nodules effectively.

3.2. SoftGAN for Lung Nodes Segmentation
Improved Backbone: The backbone of our SoftGAN improves the classic UNet [11] to adapt to the accurate segmentation of lung nodules shown in Fig. 3, including basic blocks,
down-sampling blocks, and up-sampling blocks. The CBAM
block [22] is employed as the basic block of the backbone,
which uses both channel attention and spatial attention to enhance the expressive ability of feature maps and thus stimulate the performance of segmentation. In addition, the shortcut
connection of ResNet is also utilized to ensure the propagation of detailed information and gradients. In order to reduce
the loss of detail caused by down-sampling, we use 4 × 4
convolution with stride = 2, padding = 1 and Relu as the
down-sampling block instead of pooling, since the resolution
of the input images is usually low. The up-sampling block of
the decoder consists of 4 × 4 ConvTranspose and Relu. Besides, the skip connection of UNet [11] is still used to recover
detailed information.
Segmentation Head: After a 3 × 3 Conv layer,the predicted
segmentation mask is output and accepts the joint supervision
of the binary mask (after Sigmod) and the Soft Mask (after
Tanh which normalizes the result to [-1,1]). We also normalize the ground truth of Soft Mask to the same range via the
normalization function in Pytorch.
Adversarial training framework with Soft Mask:
Our framework supervises the SoftGAN through the joint
original binary mask and the Soft Mask obtained in Sec. 3.1.
(1) Segmentation Loss is used for the supervision of groundtruth binary masks. We use DICE loss as the segmentation
loss:
LSeg = 1 −

2|Xbin ∩ Ybin |
|Xbin | + |Ybin |

where Xbin and Ybin denote ground-truth binary mask and
predicted binary mask respectively, and | · | denotes the number of pixels.
(2) Soft Mask Loss is used to make the predicted soft mask
has the same distribution as the ground-truth soft mask:
LSof t = ||Xsof t − Ysof t ||L1

After getting reliable trimaps, we use close-form-matting
algorithm [19] to generate Soft Masks shown in Fig. 2 (c). In
addition, our pipeline is efficient as it only takes 20 ms (trimap
5 ms, close-form-matting 15ms) for a 256 × 256 image to
obtain a high-quality Soft Mask label.
Based on above automated pipeline, we label the lung
nodules in the DeepLesion datasets [21] with RECIST marks
to get Soft Masks. Then, we further binarize (with 0.5 as
the threshold) these Soft Masks to get accurate binary mask
(Fig. 2 (d)) for lung nodules segmentation task. In summary,
we form a new dataset containing 1500 lung nodules named
Lung Nodules with Soft Masks dataset (LNSM).

(2)

(3)

where Xsof t and Ysof t denote ground-truth soft mask and
predicted soft mask respectively, and || · ||L1 denotes the L1
distance.
(3) GAN Loss is used to further improve the quality of the
predicted soft mask by conditional generative adversarial supervision. As shown in Fig 4, a pixel-wise discriminator is
designed to provide the adversarial GAN loss for SoftGAN.
Pixel-level discrimination is used to obtain an accurate pixelwise adversarial loss. The overall objective function is:
G∗ = arg min max LGAN (S, D),
S

D

(4)
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Fig. 3. Overview of our SoftGAN. Our SoftGAN is composed of Segmenter (Improved Backbone and Segmentation Head) and
Pixel-wise Discriminator. We use adversarial training framework with Soft Mask to optimize our SoftGAN.
LGAN = logD(x, y) + log(1 − D(x, S(x))

(5)

In SoftGAN, the Segmenter (as shown in Fig . 3) S tries to
minimize this objective function against an adversarial Discriminator (as shown in Fig . 4) D that tries to maximize it.
x denotes lung nodules image (condition), y denotes real soft
mask (ground-truth), and S(x) denotes the fake soft mask (predicted soft mask). In adversarial training framework, the Segmenter and the Discriminator are trained alternately.
Real Soft Mask
(Ground Truth)

Table 1. Evaluation results on our LNSM dataset.
Sigmod

Conv×
3 3

Leaky ReLU

BN

Conv×
3 3

OR

Leaky ReLU

Conv×
3 3

+

method. Metrics DICE similarity (DICE), sensitivity (SEN)
and positive predictive value (PPV) are employed for evaluP
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ate method: DICE = 2×T P2×T
+F P +F N ; SEN = T P +F N ;
P
P P V = T PT+F
P , where TP for true positive, TN for true negative, FP for false positive, FN for false negative. Comparison
methods include UNet [11], CF-CNN [6], DB-ResNet [8],
UNet++ [12], INFNet [14], and MedT [15]. The prediction
masks of all methods are normalized to [0,1] and then binarized with 0.5 as the threshold to calculate the above metrics.
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Fig. 4. The details of the Pixel-wise Discriminator.
3.3. Implementation
The total loss function of SoftGAN can be defined as :
Ltotal = λ1 LSeg + λ2 LSof t + λ3 LGAN

(6)

where λ1 ,λ2 ,λ3 are empirically set to 0.5, 100, 1. The Adam
optimizer with poly learning rate policy is used to optimize
the network with the batch size set to 2. The learning rate is set
to 0.0002, and iterations is set to 60 epochs. All experiments
are performed on an NVIDIA Titan V GPU.
4. EXPERIMENTS
We have conducted comprehensive experiments on our LNSM
and LIDC [20] datasets to validate the effectiveness of our

Methods
UNet [11]
CF-CNN [6]
DB-ResNet [8]
UNet++ [12]
INFNet [14]
MedT [15]
SoftGAN (our)

DICE (%)
87.88 ± 1.1
88.98 ± 2.5
89.21 ± 2.2
88.57 ± 2.7
90.05 ± 1.8
90.13 ± 2.6
91.63 ± 3.2

SEN (%)
86.62 ± 3.2
87.20 ± 3.2
88.22 ± 1.6
89.24 ± 0.5
88.17 ± 2.3
89.56 ± 3.1
89.76 ± 1.2

PPV (%)
89.04 ± 5.7
89.60 ± 2.3
90.04 ± 1.8
91.86 ± 3.7
93.41 ± 3.7
92.41 ± 1.2
94.12 ± 2.6

Comparison on our LNSM: We first use our released LNSM
dataset constructed in Sec. 3.1 for comparative experiments.
We randomly divide the dataset into training set (1,000), test
set (400) and validation set (100). All methods use the same
dataset division. In test, all methods use the same binary mask
in LNSM as ground truth to calculation metrics for fair comparison. Table 1 shows a quantitative comparison of some
advanced methods on LNSM dataset. The outputs are in “
mean ± standard deviation” format, while our method significantly exceeds these methods include recent transformer
based MedT [15], especially on DICE and PPV.
Comparison on LIDC: We use public lung nodules CT
dataset from LIDC [20] for further comparison. In this study,
we studied 986 nodule samples annotated by four radiologists. Due to the differences in labeling between the four radiologists, the 50 % consensus criterion was used to generate
the binary ground-truth masks following previous works [6,

Table 2. Evaluation results on the LIDC dataset.
Methods
UNet [11]
CF-CNN [6]
DB-ResNet [8]
UNet++ [12]
INFNet [14]
MedT [15]
SoftGAN (our)

DICE (%)
77.84 ± 21.7
78.55 ± 12.5
82.74 ± 10.2
80.54 ± 12.9
81.01 ± 14.1
81.34 ± 7.9
83.21 ± 7.0

SEN (%)
77.98 ± 24.5
86.01 ± 15.2
89.05 ± 11.8
87.96 ± 17.2
88.33 ± 13.7
87.96 ± 11.4
89.14 ± 11.4

PPV (%)
82.52 ± 21.5
75.79 ± 14.7
79.64 ± 13.5
79.18 ± 15.1
75.58 ± 17.6
80.14 ± 15.3
83.16 ± 12.1

8]. 50 % consensus criterion means merge at least 50 %
of doctors’ labeled regions. Then, we randomly divide these
nodules into three subsets for training, validation, and testing
with the number of nodules contained in each subset was 387,
55, and 544, respectively. We use the strategy (2) of labeling
Soft Mask mentioned in Sec. 3.1 to obtain ground-truth Soft
Masks for the training phase. In the test, we fairly used the
same 50 % consensus binary mask as the ground truth of the
calculation metrics for all methods. We compared our SoftGAN with some advanced segmentation methods as in Tab. 2.
The result showed that our method outperforms other reported
methods in all metrics. Besides, the visual comparison between our SoftGAN and these methods on LIDC dataset is
shown in Fig 5.
Table 3. We report the DICE score for different variants of
the SoftGAN in ablation study.
Method
Variants
UNet
(Baseline)
+ Improve
Backbone
+ Soft Mask
Loss
+ GAN Loss
(our SoftGAN)

LNSM
DICE (%)

LIDC
DICE (%)

87.88 ± 1.1

77.84 ± 21.7

89.57 ± 1.3

79.32 ± 25.3

91.12 ± 4.4

82.55 ± 12.2

91.63 ± 3.2

83.21 ± 7.0

Ablation study: To justify the effectiveness of our proposed
modules and strategies, we conduct the following ablation
studies on both LNSM and LIDC datasets. The ablation study
is reported in Tab. 3. We use the classic UNet [11] trained
with DICE loss as the baseline. After replacing with the improved backbone, the performance is significantly improved,
which implies that the network structure is still crucial to lung
nodule segmentation. Note that the segmentation accuracy is
significantly improved after applying the soft mask supervision by only Soft Mask Loss. Finally, SoftGAN achieves the
best performance after applying adversarial training.
In addition, Tab. 4 reports the comparison between our
Soft Mask and other soft labels [17, 18]. Specifically, we use
them to supervise the training of SoftGAN under the same
conditions, respectively. The results demonstrate that our Soft
Mask is significantly better than other soft labels due to the
more accurate edge representation of our Soft Mask can re-

Table 4. Comparison of different soft labels.
Soft Labels
LNSM DICE(%) LIDC DICE(%)
w/o. Soft label supervision
89.57 ± 1.3
79.32 ± 25.3
Soft label in [17]
88.85 ± 2.4
79.96 ± 10.7
Soft label in [18]
90.56 ± 2.9
82.55 ± 11.3
Our Soft Mask
91.63 ± 3.2
83.21 ± 7.0

duce the impact of imprecise boundary annotation.

Lung nodules

SoftGAN Ground truth DB-ResNet

INFNet

MedT

Fig. 5. Visual comparison between our SoftGAN and advanced methods on LIDC [20] dataset. Thanks to the Soft
Mask supervision, our SoftGAN has an amazing visual effects that even exceeds binary ground-truth (50 % consensus). See Support Materials for more visualization results.

5. CONCLUSION
In this work, we propose a novel paradigm for accurate
lung nodule segmentation, including the Soft Mask labeling
pipeline, the novel SoftGAN and a released accurate lung
nodule segmentation dataset LNSM. Our method not only improves the network structure, but also enhances the quality
of supervision signal label, and achieves the performance of
state-of-the-art in both LNSM and LIDC lung nodules segmentation datasets. Besides, our method also has the great
potential to segment other objects with complex edges accurately with impressive visual effects.
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