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ABSTRACT

Inspired by classic Generative Adversarial Networks (GAN),
we propose a novel end-to-end adversarial neural network,
called SegAN, for the task of medical image segmentation.
Since image segmentation requires dense, pixel-level label-
ing, the single scalar real/fake output of a classic GAN’s dis-
criminator may be ineffective in producing stable and suffi-
cient gradient feedback to the networks. Instead, we use a
fully convolutional neural network with new activation func-
tion in the last layer as the segmentor to generate segmenta-
tion label maps, and propose a novel adversarial critic net-
work with a multi-scale L1 loss function to force the critic
and segmentor to learn both global and local features that cap-
ture long- and short-range spatial relationships between pix-
els. We show that such a SegAN framework is more effective
in the segmentation task and more stable to train, and it out-
performs current state-of-the-art segmentation methods in the
ISBI International Skin Imaging Collaboration (ISIC) 2017
challenge, Part I Lesion Segmentation.

Index Terms— skin lesion segmentation, deep convolu-
tional neural networks, adversarial training

1. INTRODUCTION

Convolutional Neural Networks (CNNs) have been widely
applied to visual recognition problems in recent years, and
they are shown effective in learning a hierarchy of features at
multiple scales from data. For pixel-wise semantic segmen-
tation, CNNs have also achieved remarkable success. In [1],
Long et al. first proposed a fully convolutional networks
(FCNs) for semantic segmentation. The authors replaced
conventional fully connected layers in CNNs with convolu-
tional layers to obtain a coarse label map, and then upsampled
the label map with deconvolutional layers to get per pixel
classification results. Noh et al. [2] used an encoder-decoder
structure to get more fine details about segmented objects.
With multiple unpooling and deconvolutional layers in their
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architecture, they avoided the coarse-to-fine stage in [1].
However, they still needed to ensemble with FCNs in their
method to capture local dependencies between labels. Lin
et al. [3] combined Conditional Random Fields (CRFs) and
CNNs to better explore spatial correlations between pixels,
but they also needed to implement a dense CRF to refine their
CNN output.

In the field of medical image analysis, deep CNNs have
also been applied with promising results. Esteva et al. [4]
fine-tuned a pre-trained deep CNN on a very large dataset
and achieved higher accuracy than human dermatologists for
skin cancer classification. For segmentation, Ronneberger et
al. [5] presented a FCN, namely U-net, for segmenting neu-
ronal structures in electron microscopic stacks. With the idea
of skip-connection from [1], the U-net achieved very good
performance and has since been applied to many different
tasks such as image translation [6].

Although previous approaches using CNNs for segmen-
tation have achieved promising results, they still have limi-
tations. One challenge is how to learn both local and global
contextual relations between pixels. Most methods utilize a
pixel-wise loss such as cross entropy in the last layer of their
networks and are trained on small image patches, they often
need models such as CRFs [7] as a refinement to enforce spa-
tial contiguity in the output label maps. Instead of training
on patches, current state-of-the-art CNN architectures such as
U-net [5] are trained on whole images or large image patches
and use skip connections to combine hierarchical features for
generating the label map. However, pixel-wise loss functions
still restrict their ability to learn multi-scale spatial constraints
directly in the end-to-end training process.

In this paper, we propose a novel end-to-end Adversar-
ial Network architecture, called SegAN, with a multi-scale
L1 loss function, for semantic segmentation. Inspired by the
original GAN [8], the training procedure for SegAN is similar
to a two-player min-max game in which a segmentor network
(S) and a critic network (C) are trained in an alternating fash-
ion to respectively minimize and maximize an objective func-
tion. The main novel contributions of our proposed SegAN
are three fold.

• We propose a novel multi-scale loss function for both



the segmentor and critic networks. Our critic is trained
to maximize the novel multi-scale L1 objective func-
tion that takes into account CNN feature differences be-
tween the predicted segmentation and the ground truth
segmentation at multiple scales (i.e. at multiple layers).

• We use a fully convolutional neural network with resid-
ual blocks/skip connections and new activation func-
tion as the segmentor S, which is trained with only gra-
dients flowing through the critic, and with the objective
of minimizing the same loss function as for the critic.

• Our SegAN is an end-to-end architecture trained on
whole images, with no requirements for patches, or in-
puts of multiple resolutions, or further smoothing of the
predicted label maps such as using CRFs.

Extensive experimental results demonstrate that the pro-
posed SegAN achieves better results than other state-of-the-
art CNN-based architectures, on the ISIC 2017 sub-challenge
on skin lesion segmentation. The rest of this paper is orga-
nized as follows. Section 2 introduces our SegAN architec-
ture and methodology. Experimental results are presented in
Section 3. Finally, we conclude this paper in Section 4.

2. METHODOLOGY

As illustrated in Figure 1, the proposed SegAN consists of
two parts: the segmentor network S and the critic network C.
The segmentor is a fully convolutional encoder-decoder net-
work that generates probability label maps from input images.
The task for the segmentor S is to generate the segmentation
mask corresponding to an input image; the task for the critic
network C is to distinguish two types of inputs: original im-
ages masked by ground truth label maps, and original images
masked by predicted label maps from S. During an adversar-
ial training process, the critic forces the segmentor to learn
to generate more accurate segmentation results for training
images. During testing, only the segmentor S is utilized to
generate the predicted label map for a test image.

The S and C networks are alternately trained by back-
propagation in an adversarial fashion: the training of S aims
to minimize our proposed multi-scale L1 loss, while the train-
ing of C aims to maximize the same loss function. More
specifically, we first fix S and train C for one step using gradi-
ents computed from the loss function, and then fix C and train
S for another step using gradients computed from the same
loss function passed from C to S. As training progresses,
both S and C become more and more powerful. And even-
tually, the segmentor will be able to produce predicted label
maps that are very close to the ground truth.

2.1. The multi-scale L1 loss

In our proposed SegAN, given a dataset with N training im-
ages xn and corresponding ground truth label maps yn, the

multi-scale objective loss function L is defined as:

min
θS

max
θC

L(θS , θC) =

1

N

N∑
n=1

`mae(fC(xn ◦ S(xn)), fC(xn ◦ yn)) ,
(1)

where `mae is the Mean Absolute Error (MAE) or L1 dis-
tance; xn ◦ S(xn) is the input image masked by segmentor-
predicted label map (i.e., pixel-wise multiplication of pre-
dicted label map and original image); xn ◦ yn is the input
image masked by its ground truth label map (i.e., pixel-
wise multiplication of ground truth label map and origi-
nal image); and fC(x) represents the hierarchical features
extracted from image x by the critic network. More specifi-
cally, the `mae function is defined as:

`mae(fC(x), fC(x
′)) =

1

L

L∑
i=1

||f i
C(x)− f i

C(x
′)||1 , (2)

where L is the total number of layers (i.e. scales) in the critic
network, and f i

C(x) is the extracted feature map of image x
at the ith layer of C.

To make it harder for the critic to distinguish between pre-
dicted label maps and ground truth label maps, we want the
output of segmentor S to be as close to discrete 0/1 output as
possible. To this end, we replace the conventionally used sig-
moid/softmax activation in the segmentor’s last layer with an
adaptive logistic activation function, which provides a smooth
approximation to the hard step function:

f(z) =
1

1 + e−z/k
, (3)

where k controls the steepness of the curve. The initial value
for k is set to be 1 which makes it equivalent to the sig-
moid function to provide sufficient gradient information. As
it becomes smaller, this logistic function becomes sharper and
more closely approximates the unit step function to generate
0/1 like output.

2.2. SegAN architecture

Segmentor. We use a fully convolutional encoder-decoder
structure for the segmentor S network. The general princi-
ples of designing the segmentor in SegAN are: use a deep
enough encoder to extract sufficient features from the input;
use a decoder with relatively large convolution kernel to get
a larger reception field and incorporate more spatial informa-
tion; add skip connections such as residual blocks and con-
catenation between encoder and decoder to connect different
level of features as well as overcome overfitting.

In the encoder, we use the convolutional layer with ker-
nel size 7, 5, 4 and stride 2 for downsampling to extract fea-
tures from the input images. In the decoder, we perform up-
sampling by image resize layer with a factor of 2 and global
convolutional layer [9] with kernel size 11, 9, 7 and stride 1
to construct segmentation mask from features extracted by
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Fig. 1. The architecture of the proposed SegAN with segmentor and critic networks. For kernel size greater than 7, we
use global convolution instead of normal convolution. We use bilinear image resize with a factor of 2 in each upsampling
block for decoding. Masked images are calculated by pixel-wise multiplication of a label map and (multiple channels of) the
corresponding input image. Note that, although only one label map (binary segmentation mask) is illustrated here, multiple
label maps (i.e., multi-class labels) can be generated by the segmentor in one path. Best viewed in color.

encoder. We also add a residual block after each upsam-
pling/downsampling block which consists of one 1× 1 conv,
one 3× 3 conv, then followed by another 1× 1 conv. Same as
the U-net [5], we add skip connections between correspond-
ing layers in the encoder and the decoder. The last layer in S
is our proposed adaptive logistic activation function.
Critic. The critic C also uses global convolution to get a
larger reception field with fewer parameters. It has the similar
structure as the decoder in S, but with direction in reverse and
without residual blocks. Hierarchical features are extracted
from multiple layers of C and used to compute the multi-scale
L1 loss. This loss can capture long- and short-range spatial
relations between pixels by using these hierarchical features,
i.e., pixel-level features, low-level (e.g. superpixels) features,
and middle-level (e.g. patches) features.

Note that batch normalizations are used in all blocks af-
ter convolution except the first downsampling block in both S
and C; leaky ReLU is used in all downsampling blocks and
regular ReLU is used in upsampling blocks after batch nor-
malization. More details can be found in Figure 1.

2.3. Comparison with related Adversarial Networks
To the best of our knowledge, our proposed SegAN is the
first adversarial training framework adapted specifically for

the segmentation task that produces superior segmentation ac-
curacy. While conventional GANs as widely used adversarial
networks have been successfully applied to many unsuper-
vised learning tasks (e.g., image synthesis [10]) and semi-
supervised classification [11], there are very few works that
apply adversarial learning to semantic segmentation. One
such work that we found by Luc et al. [12] used both the
conventional adversarial loss of GAN and pixel-wise cross
entropy loss against ground truth. However, it is well known
that the adversarial training can be “massively unstable” [13].
We also tried conventional GAN loss in segmentation and the
training was indeed very unstable. We believe that the main
reason contributing to the potential unstable training of pre-
vious frameworks is that: the conventional adversarial loss is
based on a single scalar output by the discriminator (critic in
our paper) that classifies a whole input image into real or fake
category. When inputs to the discriminator are generated vs.
ground truth dense pixel-wise label maps as in the segmenta-
tion task, the real/fake classification task is too easy for the
discriminator and a trivial solution is found quickly. As a re-
sult, no sufficient gradients can flow through the discriminator
to improve the training of generator (segmentor in our paper).

In comparison, our SegAN uses a multi-scale feature loss



along with an adaptive logistic activation that measures the
difference between generated segmentation and ground truth
segmentation at multiple layers in the critic, forcing both the
segmentor and critic to learn hierarchical features that cap-
ture long- and short-range spatial relationships between pix-
els. Using the same loss function for both S and C, the train-
ing of SegAN is end-to-end and stable. The proof for the
stability of our SegAN can be found in [14].

3. EXPERIMENTS

We evaluated our system on the ISIC dataset for ISBI 2017
Challenge on Skin Lesion Analysis Towards Melanoma De-
tection [15]. Since SegAN is a segmentation framework, we
only focus on the Skin Lesion Segmentation sub-challenge.
Specifically, we trained and validated our models using the
fully annotated ISIC 2017 training dataset, which consists
of 2000 dermoscopic images and the corresponding lesion
masks. Since these training images have various sizes but
most of them have an aspect ratio of roughly 4/3 , we first
resize an input image to size 180(width)×135(height). Then
we further randomly crop the input to size 128 × 128 during
training for the purpose of data augmentation. We also ran-
domly flip the input images horizontally and vertically with
probability 0.5. ColorJitter including randomly changing the
brightness, contrast, saturation and hue values of the input
image is also applied for data augmentation. We did our final
evaluation and comparison on the ISIC 2017 test set, which
contains 600 dermoscopic images, using the evaluation met-
rics Accuracy, Dice and Jaccard.

We choose the input size to be 128 × 128 for the consid-
eration of training speed and memory usage. With a smaller
image size, we could have a larger batch size and faster con-
vergence rate. We did not add drop-out during the training
since the residual blocks in our segmentor have already sup-
pressed over-fitting by having lots of weight sharing among
multiple sub-networks for different levels of features [16].

We train all networks using the Adam optimizer[17] with
batch size 25. The initial learning rate is set to 0.003, and a
linear learning rate schedule is implemented. After each it-
eration for training C, the weights of our critic network are
clamped to some certain range (e.g., [0.05, 0.05] for all di-
mensions of parameter, refer to [14] for more details). Recall
that k is the steepness of our logistic function, k is annealed
by a decay rate of 0.9 every 25 epochs until it reaches a cer-
tain value. We apply a thresholding to generate the final bi-
nary segmentation mask. We used a grid search method to
select the optimal values for the final k and threshold value,
which is 0.3 and 0.4, respectively. Replacing sigmoid with
our proposed logistic function makes training converge faster
and brings us more than 1% improvement in Jaccard score.
The final result is generated by the ensemble of three SegANs
and no further post-processing is applied.

Fig. 2. Example results of our SegAN (right) with corre-
sponding input (left) and ground truth (middle) on ISIC 2017
test set.

3.1. Comparison to state-of-the-art
In this subsection, we compare the proposed SegAN model,
with other state-of-the-art methods on the ISIC 2017 Leader-
board. Table 1 gives all comparison results. Note that the
ranking in the leaderboard is based on Jarccard index and we
list top 3 of the leaderboard. From the table, one can see that
our SegAN outperforms all previous state-of-the-art methods
and boosts the highest Jarccard index from 76.5 to 78.5. Con-
sidering the small gap between these previous top 3 meth-
ods and the fact that they have produced very good segmenta-
tions, our SegAN method shows improvement by a significant
margin. Another important observation is that the SegAN-
produced label maps have very smooth boundary. Figure 2
illustrates some example results of our SegAN. We can see
that although input images are noisy, SegAN still provides
impressive segmentation results.

Table 1. Comparison to top 3 methods on ISIC 2017 leader-
board

Methods Accuracy Jaccard Dice
Bi et al. [18] 93.4 76.0 84.4
Berseth [19] 93.2 76.2 84.7
Yuan [20] 93.4 76.5 84.9

SegAN 94.1 78.5 86.7

4. CONCLUSIONS
In this paper, we propose a novel end-to-end Adversarial Net-
work architecture, namely SegAN, with a new multi-scale
loss for semantic segmentation. Experimental evaluation on
the ISIC skin lesion segmentation dataset shows that the pro-
posed multi-scale loss in an adversarial training framework is
very effective and leads to more superior performance when
compared with other methods. Further, SegAN not only im-
proves segmentation accuracy, it but also does not suffer from
unstable training like other adversarial learning frameworks.
In our future work, we plan to investigate the potential of
SegAN for other semantic segmentation tasks.
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