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ABSTRACT
Image de-distortion is very important because distortions will de-
grade the image quality significantly. It can benefit many compu-
tational visual media applications that are primarily designed for
high-quality images. In order to address this challenging issue, we
propose a stacked semantically-guided network, which is the first
try on this task. It can capture and restore the distortions around the
humans and the adjacent background effectively with the stacked
network architecture and the semantically-guided scheme. In ad-
dition, a discriminative restoration loss function is proposed to
recover different distorted regions in the images discriminatively.
As another important effort, we construct a large-scale dataset
for image de-distortion. Extensive qualitative and quantitative ex-
periments show that our proposed method achieves a superior
performance compared with the state-of-the-art approaches.

CCS CONCEPTS
• Computing methodologies → Neural networks; Machine
learning algorithms; Image processing.

KEYWORDS
image de-distortion; stacked; semantically; generative adversarial
networks
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1 INTRODUCTION
Image de-distortion is very important for many computation-based
visual media applications, such as photo modification, portrait re-
vision, and intelligent body beautification. Distorted images affect
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Figure 1: An example result of our proposed stacked
semantically-guided network. Left: The raw distorted image.
Right: The output image of our method.

the overall structure significantly, and ruin the beauty of the origi-
nals to a certain extent. If the distorted regions can be found and
removed or alleviated after the image de-distortion, images can
become more natural.

Recently, deep neural networks have achieved impressive per-
formance in image restoration [4, 7], image inpainting [21, 23], and
image super-resolution [8, 20]. These promising results motivate us
to study image de-distortion with the deep neural networks. Specifi-
cally, in light of the remarkable progress in multiple image-to-image
translation with Generative Adversarial Networks (GANs) [10, 24],
we will take full advantage of GANs for image de-distortion.

Despite the importance, we have not found an open study for
image de-distortion. To the best of our knowledge, we are the first
researchers to dedicate for this task. For high-quality image de-
distortion, we propose a Stacked Semantically-Guided Network
(SSGN) that effectively capture and restore the distortions around
the humans and the adjacent background. Taking advantage of the
fact that distorted regions are more perceptible in low resolution
images, we design a stacked network architecture to realize the
gradual recovery from the low resolution to the high resolution. In
addition, with the help of a semantically-guided scheme, we can pay
more attention to the surrounding areas of a human, to enhance the
perception of the network around the human body. What’s more,
to enable the network to restore the different distorted regions
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in the images discriminatively, we also present a discriminative
restoration method which can restore the image at different levels
according to the distortion degree of the local area of the image.
Fig. 1 shows an example of our method.

To more effectively train the network for higher quality image
de-distortion, as an important component of our work, we have
constructed a large-scale dataset for image de-distortion. To the
best of our knowledge, it is the first dataset that is dedicated for
evaluating image de-distortion algorithms.

The contributions of this paper are summarized as follows:

• We propose a novel framework for image de-distortion,
named Stacked Semantically-Guided Network (SSGN),
which stacks multiple semantically guided information to
gradually improve the restoration results.

• We present a new discriminative restoration loss function
to restore the different distorted regions in the images dis-
criminatively.

• We construct a large-scale dataset for image de-distortion
algorithm research and evaluation, which is the first effort
that is dedicated to this task.

• We evaluate the proposed approach with extensive qualita-
tive and quantitative experiments. The experimental analy-
ses show the competing results compared with state-of-the-
art approaches.

The rest of this paper is organized as follows: Section 2 gives a
brief overview of the related works. In Section 3, we introduce our
proposed approach for image de-distortion task in detail. Section 4
describes our constructed dataset for image de-distortion and the
experimental results, followed by a conclusion in Section 5.

2 RELATEDWORK
The generative adversarial networks (GANs) [6] have made in-
credible achievements in multiple image-to-image translation tasks,
which include image inpainting, image restoration, and image super-
resolution, etc. A lot of GAN-based schemes [1, 3, 10, 11, 17, 18] are
proposed by researchers. They are trained with discriminators to
determine whether the generated image is true or false, and can
generate realistic high-resolution images. At the same time, the
discriminators are constantly updated during the training process,
with the overall loss being the combination of L1 loss with the mean
absolute error and GAN loss using the mean square error.

For image restoration, Deng Xin et al. [4] propose a novel and
flexible CNN architecture named Common and Unique informa-
tion splitting network (CU-Net) to address the general multi-modal
image restoration (MIR) and multi-model image fusion (MIF) tasks.
As the network architecture is derived from a new proposed multi-
modal convolutional sparse coding (MCSC) model, each part of
the network becomes interpretable. Yuanbiao Gou et al. [7] de-
sign a multi-resolution search space with three task-flexible and
interpretable modules. Besides, they propose a novel loss function
based on the mean square error (MSE) loss and the binary cross
entropy (BCE) loss, which shows a feasible solution to control the
model complexity and performance that is highly desirable in the
resource-constrained scenarios.

For image inpainting, Lei Zhao et al. [23] propose a conditional
image-to-image translation network (UCTGAN) to generate mul-
tiple diverse semantically reasonable and visually realistic results
for image inpainting. UCTGAN realizes the one-to-one mapping
between the instance image space and conditional completion im-
age space, which can significantly improve the diversity of restored
images. Zili Yi et al. [21] train the proposed model on small images
with the resolution 512x512 and perform the inference on 2K, 4K
and 8K high-resolution images, achieving the compelling inpaint-
ing quality. They present a novel contextual residual aggregated
technique that enables more efficient and high-quality inpainting
of ultra-high-resolution images.

To achieve the super resolution of images, Yong Guo et al. [8]
propose an invertible flow network, which operates at multiple scale
levels. Fuzhi Yang el al. [20] use soft attention and hard attention
to find the best matching blocks of the low-resolution (LR) input
image in the high-resolution (HR) reference image, and transfer HR
textures from the reference to LR image. Their proposed network
stacks multiple texture transformers in a cross-scale way with the
cross-scale feature integration module (CSFI).

3 FRAMEWORK
We propose a stacked semantically-guided learning framework to
achieve the discriminative de-distortion of distorted regions in the
image. First, we use a deep convolutional neural networks (DCNN)
module to extract the semantic features of the distorted image
and the original image. Second, the stacked semantically-guided
network (SSGN) is introduced tomainly process the distorted image,
and outputs the restored image. The overall framework is shown
in Fig. 2.

In our proposed framework, we adopt three innovative ideas
for the image de-distortion task. First, we use stacked layers from
LR to HR to gradually strengthen the network’s ability of image
de-distortion. Second, we extract rich semantic features and pro-
pose the semantically-guided loss (SGL) derivation to equip the
network with the capability of rich semantic perception. Third,
we propose the discriminative restoration loss (DRL) derivation to
discriminatively recover different regions in the image.

3.1 Semantic Feature Extraction
Since the deformation operations always deform the local areas of
the image, the areas surrounding the person and the edges in the
image contain rich potential information that can reveal the local
areas where the deformation may occur. The semantic features of
the distorted image 𝑥𝑖 include the mask𝑚𝑖 of the character, the key-
point heatmap 𝑘ℎ

𝑖
of the character, the contour heatmap 𝑐ℎ

𝑖
of the

character, the edge 𝑒𝑖 in the image and the discriminative distorted
regions of the image. To extract these semantic feature information,
we propose a deep convolutional neural networks (DCNN) module
composed of three extractors: the heatmap extractor (HE), the edge
extractor (EE) and the discriminative region extractor (RE).

HE outputs the mask, consisting of the key-point heatmap and
the contour heatmap. For the mask𝑚𝑖 , we apply the U square net
[14], which is designed for salient object detection (SOD), by loading
their pretrained weights for human segmentation. For the key-
point heatmap 𝑘ℎ

𝑖
, we apply the official Openpose network [2] to
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Figure 2: Stacked semantically-guided learning framework. Given a distorted image 𝒙 𝒊 and an original image 𝒚𝒊 , we first use
the DCNN to extract adequate semantic features. Then the inputs 𝒙𝒔𝒊 generated by concatenating 𝒙 𝒊 with mask, key-point
heatmap and contour heatmap, are processed by stacked semantically-guided network (SSGN), whose outputs are 𝒇 𝒔𝒊 and 𝒇𝒆𝒔𝒊 .
Finally, the losses 𝑳𝑮𝑮 , 𝑳𝑮𝑳 , 𝑳𝑮𝑺 and 𝑳𝑮𝑫 are calculated and the weight of SSGN is updated by deriving the losses.

detect the key points of the character in the image and then use the
multidimensional gaussian filter to generate the key-point heatmap.
For the contour heatmap 𝑐ℎ

𝑖
, we extract contours from the mask

𝑚𝑖 using the opencv library and then use the multidimensional
gaussian filter to generate the contour heatmap. With𝑚𝑖 , 𝑘ℎ𝑖 and
𝑐ℎ
𝑖
, we enhance the SSGN ability to recover the surrounding areas

of the character.
Since the background distortion mainly occurs on the edges of

the image such as railings or walls, we use EE, which contains an
accurate edge detector using richer convolutional features (RCF)
[12], to extract the edge information 𝑒𝑖 of the image.

RE generates the distortion matrix of 𝑥𝑖 , whose data flow is
shown in Fig. 3. First, we divide the distorted image 𝑥𝑖 and the
original image 𝑦𝑖 into 256 regions. Regions from the same position
of 𝑥𝑖 and 𝑦𝑖 are treated as a region pair. The PSNR and SSIM of
each region pair are calculated. By setting different thresholds, all
regions are divided into different levels according to PSNR or SSIM
values to form the distortion matrix. In particular, we use three
conditions (𝑃𝑆𝑁𝑅 < 30 or 𝑆𝑆𝐼𝑀 < 0.9; 𝑃𝑆𝑁𝑅 < 25 or 𝑆𝑆𝐼𝑀 < 0.8;
𝑃𝑆𝑁𝑅 < 20 or 𝑆𝑆𝐼𝑀 < 0.7) to separate all the regions into four
levels. The final output of the discriminative region generator 𝑦𝑟 𝑠𝑖
indicates the distortion matrix visualized on a different scale of 𝑦𝑖 .

3.2 Stacked Semantically-Guided Network
It is really difficult to directly generate high-resolution well de-
distorted images. To tackle this problem, we propose a stacked
semantically-guided network (SSGN) whose graphical depiction
is shown in Fig. 2. SSGN gradually improves the recovery effect
by stacking from the low-resolution to the high-resolution. At the
same time, the network can be trained step by step for each stack,
reducing the amount of calculation and the required computing
resources during the training process. In addition, we input the
semantic information around the body of the character in the image,
and force the network to detect the edges of the input image. Finally,
SSGN can obtain the ability to perceive the deep semantics of the

Figure 3: Data flow of discriminative region extractor. The
inputs are 𝒙 𝒊 and 𝒚𝒊 , which will be cropped into 256 regions.
Then the cropped regions are compared one by one to get the
PSNR and SSIM values. We use three conditions (𝑷𝑺𝑵𝑹 < 30
or 𝑺𝑺𝑰𝑴 < 0.9; 𝑷𝑺𝑵𝑹 < 25 or 𝑺𝑺𝑰𝑴 < 0.8; 𝑷𝑺𝑵𝑹 < 20 or
𝑺𝑺𝑰𝑴 < 0.7) to separate all the regions into four levels.

image, so as to identify the abnormal edge distortion and provide
an effective recovery.

As shown in Fig. 2, SSGN could be divided into the following
parts: the stacked encoders part, the down-sampling part, the fea-
ture processing part, the up-sampling part and the stacked decoders
part.

The stacked encoders accept and process multiscale inputs and
fuse features of the multiscale inputs. The multiscale inputs first
pass through a scale in block (SIB) to unify the number of channels.
Then the scale of the higher-level feature is reduced into half by
the down-sampling operation, so it can be fused with the feature
at the lower level. Until the features of four levels are all fused,
the output of the last encoder enters the down-sampling part. The
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fusion process of each layer can be formulated as:

𝑓 _𝑒𝑛𝑠𝑖 = 𝐷𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑒 (𝑓 _𝑒𝑛𝑠 ′𝑖 ) + 𝑆𝐼𝐵(𝑥𝑠𝑖 ) (1)

where 𝑆𝐼𝐵 means the scale in block, 𝑓 _𝑒𝑛𝑠𝑖 means the feature of the
current layer and 𝑓 _𝑒𝑛𝑠 ′𝑖 means the feature of the higher layer, 𝑥𝑠

𝑖
means the multiscale input of the current layer.

The down-sampling part compresses the size of the feature as
much as possible, thereby reducing the weight of the feature pro-
cessing part. Through the processing of the down-sampling part,
the feature size is reduced from 64x64 to 16x16 and the output of
the down-sampling part enters the feature processing part.

The feature processing part processes the compressed features
and learns the self-attention of deep features by a Dual Attention
Network (DANet) [5]. DANet includes two modules: Spatial Atten-
tion Module (SAM) and Channel Attention Module (CAM), which
extract the spatial attention and channel attention respectively. Af-
ter passing through the DANet and a convolutional layer, we use
five resnet blocks [9] in the innermost layer to process the features.
The subsequent processing corresponds to the previous processing,
and we also add a dual attention module at the end. The whole
process of the feature processing part can be formulated as:

𝐷𝐴 = 𝐶𝑜𝑛𝑣 (𝐶𝐴𝑀 (𝐶𝑜𝑛𝑣 (𝑓 _𝑖𝑛𝑖 )) + 𝑆𝐴𝑀 (𝐶𝑜𝑛𝑣 (𝑓 _𝑖𝑛𝑖 )))
𝑓 _𝑜𝑢𝑡𝑖 = 𝐷𝐴(𝑅𝑒𝑠 (𝐷𝐴(𝑓 _𝑖𝑛𝑖 )))

(2)

where 𝐷𝐴 is the formulaic representation of DANet while 𝐶𝐴𝑀
and 𝑆𝐴𝑀 are submodules of DANet,𝐶𝑜𝑛𝑣 means the convolutional
operation, 𝑓 _𝑖𝑛𝑖 and 𝑓 _𝑜𝑢𝑡𝑖 mean the input feature and the output
feature.

The up-sampling part deals with the output of the feature pro-
cessing part and tries to extract and restore the image information
from the compressed features. Through the processing of the up-
sampling part, the feature size is enlarged from 16x16 to 64x64 for
subsequent image restoration.

The stacked decoders part includes an up-sampling operation,
a scaled image output block (SOB) and a scaled edge output block
(EOB). It starts to restore the image from the expanded feature
information coming from the previous part. SOB refines the features
pixel by pixel to restore the images with different scales. EOB
extracts the edge information from features and performs the edge
detection. The process of the outputs could be formulated as:

𝑓 _𝑑𝑒𝑠𝑖 = 𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒 (𝐶𝑎𝑡 (𝑓 _𝑒𝑛𝑠 ′𝑖 , 𝑓 _𝑑𝑒
𝑠 ′
𝑖 ))

𝑓 𝑠𝑖 = 𝑆𝑂𝐵(𝑓 _𝑑𝑒𝑠𝑖 )

𝑓 𝑒𝑠𝑖 = 𝐸𝑂𝐵(𝑓 _𝑑𝑒𝑠𝑖 )

(3)

where𝐶𝑎𝑡 means concatenating the feature of the lower layer in the
stacked encoders part 𝑓 _𝑒𝑛𝑠 ′𝑖 with the feature of the lower layer in
the stacked decoders part 𝑓 _𝑑𝑒𝑠 ′𝑖 , 𝑓

𝑠
𝑖
and 𝑓 𝑒𝑠𝑖 means the multiscale

fake image and the multiscale edge image.
After all the above processing, we unify the multiscale image

outputs 𝑓 𝑠
𝑖
and multiscale edge outputs 𝑓 𝑒𝑠𝑖 to the maximum scale

through the interpolation operation. And finally we choose the
largest scale from 𝑓 𝑠

𝑖
as the final result 𝑓𝑖 .

3.3 Training Loss
3.3.1 𝐺𝐴𝑁 Loss and 𝐿1 Loss. 𝐺𝐴𝑁 constraint is carried out
through the discriminators. First, each discriminator is trained to
identify the authenticity of 𝑦𝑖 and 𝑓𝑖 . Then the generator is trained
to deceive the discriminators to identify the input of 𝑓𝑖 as 𝑇𝑟𝑢𝑒 ,
so that the image generated is more similar to a real image. 𝐿1
constraint is performed by comparing pixel to the pixel error of the
original image and the generated fake image. By reducing the 𝐿1
loss, the difference between the original image and the fake image
is also reduced.

According to our validation experiments, we consider the 𝐿1
constraints with the 𝑙1-norm and the 𝐺𝐴𝑁 constraints with the
𝑙2-norm, which could be expressed as follows:

𝐿1(𝑥𝑖 , 𝑦𝑖 ) =
𝑛∑
𝑖=1

|𝑦𝑖 − 𝑥𝑖 | (4)

𝐺𝐴𝑁 (𝑥𝑖 , 𝑦𝑖 ) =
𝑛∑
𝑖=1

(𝑦𝑖 − 𝑥𝑖 )2 (5)

where 𝑖 indicates sample index.
Taking 𝐿1 and𝐺𝐴𝑁 as the basic loss functions, we adopt various

loss calculation methods to guide our generator and discriminators.
We introduce them from Section 3.3.2 to Section 3.3.4.

3.3.2 Global Loss and Local Loss. The global loss calculates the
overall difference of images, so that the generator can quickly con-
verge to the original image while the local loss is carried out by
randomly dividing each sample image into patches and compar-
ing each patch pair of the original and generated images. We can
formulate them as:

𝐿𝐺𝐺 =
∑
𝑠∈(1,2,4,8)

(
𝐺𝐴𝑁

(
𝐷𝐺

(
𝐶𝑎𝑡

(
𝑥𝑠
𝑖
, 𝑓 𝑠
𝑖

))
, 𝑝𝑇
𝑖

))
∗

𝛼𝐺𝐴𝑁 + 𝐿1
(
𝑓 𝑠
𝑖
, 𝑦𝑠
𝑖

)
∗ 𝛼𝐿1

(6)

𝐿𝐺𝐿 =
∑
𝑠∈(1,2,4,8)

(
𝑝𝑛∑
𝑝=1

(
𝐺𝐴𝑁

(
𝐷𝐿

(
𝐶𝑎𝑡

(
X𝑠
𝑝𝑖
, F𝑠
𝑝𝑖

))
, 𝑝𝑇
𝑖

)2
∗

𝛼𝐺𝐴𝑁 + 𝐿1
(
F𝑠
𝑝𝑖
,Y𝑠

𝑝𝑖

)
∗ 𝛼𝐿1

(7)
where 𝑠 indicates the scale factor and 𝑠 ∈ (1, 2, 4, 8), 𝐷𝐺 and 𝐷𝐿

indicate the global discriminator and the local discriminator, 𝐶𝑎𝑡
indicates the concatenating operation, 𝑥𝑠

𝑖
, 𝑦𝑠
𝑖
and 𝑓 𝑠

𝑖
indicate the

multiscale inputs for SSGN, the multiscale ground truth and the
multiscale outputs of SSGN respectively, 𝑝𝑇

𝑖
indicates the tensor

variable with the value 𝑇𝑟𝑢𝑒 , 𝑝 indicates the patch index and 𝑝𝑛

indicates the number of patches cropped from the original image
and we set 𝑝𝑛 = 16 or 32, X𝑠

𝑝𝑖
, Y𝑠

𝑝𝑖
and F𝑠

𝑝𝑖
indicate the patches

cropped from the multiscale inputs for SSGN, the multiscale ground
truth and the multiscale outputs of SSGN respectively. 𝛼𝐺𝐴𝑁 and
𝛼𝐿1 are the hyperparameters which control the learning process.

3.3.3 Semantically-Guided Loss. We use semantically-guided loss
(SGL) to enable SSGN to have the multiple semantic perception of
the input image, such as the main human body in the image, the
surrounding areas of the human body, the key points areas of the
human body and the edges in the image. As for the information
of the above areas, we generate it through the DCNN module and
input it to SSGN. In the derivation, we overlay the relevant semantic
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information on the image to enable the network to focus on these
areas. With regard to the edge information, the network senses
spontaneously through the loss derivation between an edge and
the edge ground truth in the training. SGL could be expressed by:

𝑑𝑘 = 𝐷𝐾
(
𝐶𝑎𝑡

(
𝑥𝑠𝑖 ∗ 𝑘

ℎ𝑠
𝑖 , 𝑓 𝑠𝑖 ∗ 𝑘ℎ𝑠𝑖

))
(8)

𝑑𝑐 = 𝐷𝐶
(
𝐶𝑎𝑡

(
𝑥𝑠𝑖 ∗ 𝑐

ℎ𝑠
𝑖 , 𝑓 𝑠𝑖 ∗ 𝑐ℎ𝑠𝑖

))
(9)

𝐿𝐺𝑆 =
∑

𝑠∈(1,2,4,8)

( (
𝐺𝐴𝑁

(
𝑑𝑘, 𝑝𝑇𝑖

)
+𝐺𝐴𝑁

(
𝑑𝑐, 𝑝𝑇𝑖

))
∗ 𝛼𝐺𝐴𝑁

+ 𝐿1
(
𝑓 𝑠𝑖 ∗ 𝑘ℎ𝑠𝑖 , 𝑦𝑠𝑖 ∗ 𝑘

ℎ𝑠
𝑖

)
∗ 𝛼𝐾𝑃 + 𝐿1

(
𝑓 𝑠𝑖 ∗ 𝑐ℎ𝑠𝑖 , 𝑦𝑠𝑖 ∗ 𝑐

ℎ𝑠
𝑖

)
∗ 𝛼𝐶𝑇 + 𝐿1

(
𝑓 𝑒𝑠𝑖 , 𝑒

𝑠
𝑖

)
∗ 𝛼𝐸

)
(10)

where 𝐷𝐾 and 𝐷𝐶 indicate the key-point discriminator and the
contour discriminator, 𝑘ℎ𝑠

𝑖
and 𝑐ℎ𝑠

𝑖
indicate the multiscale key-point

heatmap and the multiscale contour heatmap, 𝑒𝑠
𝑖
and 𝑓 𝑒𝑠𝑖 indicate

the multiscale edge ground truth and the multiscale fake edge
outputs. 𝛼𝐺𝐴𝑁 , 𝛼𝐿1, 𝛼𝐾𝑃 , 𝛼𝐶𝑇 and 𝛼𝐸 are the hyperparameters
which control the learning process.

3.3.4 Discriminative Restoration Loss. We also propose a discrimi-
native restoration loss (DRL) to measure the discriminative regions
of the multiscale fake image 𝑓 𝑠𝑟𝑖 and the multiscale fake edge image
𝑓 𝑒𝑠𝑟𝑖 against the multiscale ground truth𝑦𝑠𝑟𝑖 and the multiscale edge
ground truth 𝑒𝑠𝑟𝑖 , so that SSGN can place different considerations
on regions at different levels, to achieve the discriminative image
de-distortion. DRL uses the extracted distortion matrix to calcu-
late losses separately for regions at different distortion levels, and
sets larger weights to the regions with larger distortion to lead the
network to pay more attention to these regions. DRL is defined as:

𝐿𝐺𝐷 =
∑
𝑠∈(1,2,4,8)

( 3∑
𝑟=0

(
𝐿1

(
𝑓 𝑠𝑟𝑖 , 𝑦

𝑠
𝑟𝑖

)
∗ (𝑟 + 1)

)
∗

𝛼𝐷𝑅− 𝑓 +
3∑
𝑟=0

(
𝐿1

(
𝑓 𝑒𝑠𝑟𝑖 , 𝑒

𝑠
𝑟𝑖

)
∗ (𝑟 + 1)

)
∗ 𝛼𝐷𝑅−𝑒

) (11)

where 𝑟 indicates the region level and 𝑟 ∈ (0, 1, 2, 3), 𝑦𝑟 𝑠𝑖 ,𝑓𝑟
𝑠
𝑖 ,𝑒𝑟

𝑠
𝑖
and

𝑓 𝑒𝑟
𝑠
𝑖 indicate the multiscale discriminative regions of the ground

truth, the fake outputs, the edge ground truth and the fake edge
outputs respectively. 𝛼𝐷𝑅− 𝑓 and 𝛼𝐷𝑅−𝑒 are the hyperparameters
which control the learning process.

Finally, we define the loss of generator with all the above func-
tions as:

𝐿𝐺 = 𝐿𝐺𝐺 + 𝐿𝐺𝐿 + 𝐿𝐺𝑆 + 𝐿𝐺𝐷 (12)

4 EXPRIMENTS
In this section, we start with the discussion of the dataset for the
experiments. Then the training configurations and experimental
settings are described. Finally, the effectiveness of our method is
shown quantitatively and visually by comparing with the state-of-
the-art methods.

4.1 Dataset
At present, the task of the image de-distortion has not attracted
the attention of researchers, and there is no relevant public dataset

Figure 4: Samples of self-built dataset. The first two columns
are the samples while the others are corresponding ex-
tracted semantic features. Images of each column for
each line: 1–Original Image, 2–Distorted Image, 3–Mask,
4–Key_point Heatmap, 5–Contour Heatmap, 6–Edge, 7–
Distortion Matrix.

Table 1: Settings of the hyperparameters

Period 𝛼𝐺𝐴𝑁 𝛼𝐿1 𝛼𝐾𝑃 𝛼𝐶𝑇 𝛼𝐸 𝛼𝐷𝑅− 𝑓 𝛼𝐷𝑅−𝑒

First 3 Epochs 50 1000 50 50 50 0.05 0.05
Rest Epochs 50 0.05 0.05 0.05 0.05 0.02 0.02

available. Therefore, we create an image distortion dataset that
consists of 16080 images. Some samples of our dataset are shown in
Fig. 4. Moreover, we have invited some volunteers to make artificial
deformations to designated images, so as to obtain distorted images
in real-world scenarios.

To create the image distortion dataset, we first crawl more than
sixteen thousand images from the Chictopia website, and then use
the current state-of-the-art methods to supplement the dataset with
the additional information including the character’s key points, the
character’s mask, the character’s key-point heatmap, the charac-
ter’s contour heatmap, and the edges in the image to meet the needs
of our proposed method. The methods used to generate the above
information are introduced in Section 3.1. After that, we design a
deforming process based on Moving Least Squares Deformation
(MLS) [15] to simulate human’s deformation operations. We first
cluster contours and key points of the different body parts to gener-
ate source points and target points and then deform the local areas
of the human body in an original image to obtain the distorted
image. Finally the distortion matrix is computed and extracted to
guide the network during the training process.

After processing and filtering the raw images, we finally obtain
16080 images as our dataset.

4.2 Experimental Details
In our experiment, the training set contains 11474 images and
the test set contains 4606 images. We implement our proposed
method with Pytorch library and train it on an NVIDIA GeForce
RTX 3090 GPU for 30 epochs per stack. Adam optimizer is adopted
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Figure 5: Ambulation results for stacking SSGN. The dis-
torted areas of the first sample are the skirt and the
pillar. The distorted area of the second sample is the
door crack. The images from left to right: 1–Distorted Im-
ages, 2–SSGN_x8, 3–SSGN_x4, 4–SSGN_x2, 5–SSGN_x1, 6–
Ground Truth.

Table 2: Quantitative evaluation results without SGL and
without DRL. SSGN_xŝ (𝒔 ∈ (1, 2, 4, 8)) indicates the highest
layer among stacked ones. It is performed on 4606 images in
the test set.

Stack Layer SSGN_x8 SSGN_x4 SSGN_x2 SSGN_x1
PSNR ↑ 19.17357 20.92960 22.21331 22.44807
SSIM ↑ 0.48705 0.61905 0.73396 0.79395
LPIPS ↓ 0.77061 0.62120 0.38587 0.14839
FID ↓ 265.35268 130.25277 48.67030 9.33168

Table 3: Quantitative evaluation results with SGL and with-
out DRL. It is performed on 4606 images in the test set.

Stack Layer SSGN_x8 SSGN_x4 SSGN_x2 SSGN_x1
PSNR ↑ 19.43544 21.29471 23.44948 24.54741
SSIM ↑ 0.49051 0.62565 0.74741 0.82081
LPIPS ↓ 0.77140 0.62785 0.39383 0.17410
FID ↓ 266.49394 132.53859 51.54481 13.28765

to optimize SSGN with lr=0.0002. The following are other details in
our experiments.

4.2.1 Settings of the Hyperparameters. We study the learning per-
formance of the network during the training process under different
hyperparameter settings and select more appropriate values shown
in Table 1, so that our SSGN can not only consider the clarity and
overall texture of the image, but also consider the distortion and
recovery of image details.

During the first 3 epochs, we specify the reduction of loss func-
tions using 𝛼𝐺𝐴𝑁 , 𝛼𝐿1, 𝛼𝐾𝑃 , 𝛼𝐶𝑇 , 𝛼𝐸 as the𝑚𝑒𝑎𝑛 mode and loss
functions using 𝛼𝐷𝑅− 𝑓 , 𝛼𝐷𝑅−𝑒 as the 𝑠𝑢𝑚 mode, aiming to train the
network to converge on the whole image.

During the rest of epochs, we specify the reduction of the loss
function using 𝛼𝐺𝐴𝑁 as the𝑚𝑒𝑎𝑛 mode and loss functions using
𝛼𝐿1, 𝛼𝐾𝑃 , 𝛼𝐶𝑇 , 𝛼𝐸 , 𝛼𝐷𝑅− 𝑓 , 𝛼𝐷𝑅−𝑒 as the 𝑠𝑢𝑚 mode, aiming to avoid

Figure 6: Ambulation results for SGL and DRL derivation.
The distorted areas of the first sample are the skirt and
the door. The distorted areas of the second sample are the
skirt, legs and the signboard. “wo/w" means “without/with".
The images from left to right: 1–Distorted Images, 2–SSGN
woSGL and woDRL, 3–SSGN wSGL and woDRL, 4–SSGN
wSGL and wDRL, 5–Ground Truth.

Table 4: Quantitative evaluation results with SGL and with
DRL. It is performed on 4606 images in the test set.

Stack Layer SSGN_x8 SSGN_x4 SSGN_x2 SSGN_x1
PSNR ↑ 20.05408 22.31067 24.85824 27.48422
SSIM ↑ 0.49785 0.64138 0.78092 0.87983
LPIPS ↓ 0.76363 0.61425 0.37629 0.13240
FID ↓ 265.79623 129.74353 47.40154 8.21665

Table 5: Quantitative evaluation results between different
methods. In each column, the value with bold red indicates
ranking the first place while the value with blue is the sec-
ond place. It is performed on 4606 images in the test set.

Methods PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓
pix2pix [10] 22.63999 0.75516 0.28270 28.42515
BicycleGAN [24] 23.88368 0.79708 0.24464 17.66958
pix2pixHD [18] 21.88848 0.79637 0.16365 11.38608
HRNet [17] 21.81392 0.76958 0.19294 12.03030
VQ–VAE [13] 19.21819 0.65698 0.39245 68.80679
SSGN (Ours) 27.48422 0.87983 0.13240 8.21665

the weakening of the local deviation caused by the global mean op-
eration, which allows the network to converge on the local regions
in image and recover the distortion more accurately.

4.2.2 Stacking Process of SSGN. SSGN is trained stack by stack for
four times, saving the computing resources needed in each training.
At first, we train SSGN_x8 layer along with the internal network
structures. And then we freeze the trained network weights to train
SSGN_x4 layer. The same operations are performed on SSGN_x2
and SSGN_x1 layer, respectively. Each stack is trained for 30 epochs
and all the outputs of different layers in SSGN can be observed.
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Figure 7: Visual quality comparison results between differentmethods on the test images from our dataset. The distorted areas
of the images in each row from top to bottom: 1–wall, 2–railing, 3–bridge pillar. The images in each column from left to right:
1–Distorted Images, 2–pix2pix [10], 3–BicycleGAN [24], 4–pix2pixHD [18], 5–HRNet [17], 6–VQ_VAE [13], 7–SSGN(Ours), 8–
Ground Truth.

Note that the output resolution of each layer is gradually 128x128,
256x256, 512x512 and 1024x1024.

4.2.3 Quality Measures. The following measures are used to eval-
uate the performance of different methods: the Peak Signal to
Noise Ratio (PSNR), the Structural Similarity Index (SSIM) [19],
the Learned Perceptual Image Patch Similarity (LPIPS) [22] and the
Fréchet Inception Distance (FID) [16]. The higher PSNR and SSIM
values represent the better image quality, while the lower LPIPS
and FID values represent the better image quality.

4.3 Ablation Study
In this section, we conduct experiments to show the effectiveness
of our three innovative ideas for image de-distortion task: (1) four
layers stacked from LR to HR; (2) semantically-guiding loss (SGL)
derivation; (3) discriminative restoration loss (DRL) derivation. The
visual results are shown in Fig. 5 and Fig. 6 and the quantitative
results are shown in Table 2, Table 3 and Table 4.

In Fig. 5, we can see that the restoration ability is better when
SSGN is stacked higher as the edge and content details of the dis-
torted regions become clearer and more accurate. The same result
can be obtained by comparing different columns in each table.

In Fig. 6, if we do not use SGL and DRL, the result looks almost
the same as the distorted input and SSGN can’t learn any of the de-
destortion ability.Whenwe add the SGL derivation, the result shows

that SSGN can perceive the correct shape of the skirt, but cannot
restore the door or the tree in the background, which indicates
the limited ability of the network. Finally, by utilizing SGL and
DRL derivation, the network could effectively restore the distortion
regions of the input, reaching the level that the naked eye cannot
perceive. By comparing the same columns of Table 2, Table 3 and
Table 4, we can see the effectiveness of SGL and DRL.

4.4 Comparisons with State-of-the-Arts
We adopt several recent state-of-the-art methods with GANs as
our baseline models: pix2pix [10], BicycleGAN [24], pix2pixHD
[18], HRNet [17] and VQ-VAE [13]. As there are no existing works
dedicated to image de-distortion currently, the above approaches
that also belong to the field of image generation are the most related
to our work.

Because there is no available public dataset in the field of image
de-distortion, we use the self-built dataset to fit the relevant codes
of these papers and train their networks. To ensure all networks
converge asmuch as possible, we train each network for no less than
30 epochs and measure the qualities of the outputs on 4 indicators
mentioned in Section 4.2.3.

As shown in Fig. 7 and Table 5, all of these advanced methods
cannot complete the task of high-resolution image de-distortion
and our method has achieved the best not only in quantification
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Figure 8: Visual quality comparison results between different methods in the real-world scenarios. The distorted areas of the
images in each row from top to bottom: 1–wall, 2–wall, 3–road pile. The images in each column from left to right: 1–Distorted
Images, 2–pix2pix [10], 3–BicycleGAN [24], 4–pix2pixHD [18], 5–HRNet [17], 6–VQ_VAE [13], 7–SSGN(Ours).

but also in visual effect. Pix2pix [10] and BicycleGAN [24] can only
slightly recover the distorted regions. Besides, their processing
resolution for outputs is much smaller than the others. It can be
seen visually that pix2pixHD and HRNet both have abnormal spots
in local areas, which shows the difficulty of directly generating the
high-resolution well de-distorted images. It confirms the validity
of our proposed stacking network structure. It should be pointed
out that as VQ-VAE [13] belongs to the field of image inpainting,
and it loses much information when processing images, resulting
in unsatisfactory results.

4.5 Results in Real-world Scenarios
To assess the generalization of the proposed method, we create a
dataset of 50 high-resolution distorted images. First, we download
images from the Internet. Then we invite several volunteers, all of
whom have the experience of editing images, and let them mod-
ify the images artificially to obtain a number of distorted images.
Finally we evaluate the proposed method and state-of-the-art meth-
ods that can be leveraged to alleviate the image distortion. Since
the deformed images carry the subjective willingness to correct the
images, they cannot be compared with the original ones. Therefore,
we show the visual results before and after network restoration. The
visual results are shown in Fig. 8 and the proposed method achieves
the best visual quality compared with the state-of-the-art methods.
We can clearly see that pix2pix [10] tends to exacerbate the object
boundary sawtooth. Although BicycleGAN [24] and HRNet [17]

restore more smoothly and naturally, they fail to restore the distor-
tion. Besides, both pix2pixHD [18] and VQ-VAE [13] damage the
images instead. Only the proposed method can restore real-world
distorted images while keeping texture and structure details.

5 CONCLUSION
In this paper, we propose a stacked semantically-guided learning
network (SSGN) with multiple stacked layers to achieve the discrim-
inative de-distortion of distorted regions in the image, with the aim
of effectively dealing with the distortion of images caused by the lo-
cal deformation operations. During the training process, we utilize
semantically-guided loss (SGL) and discriminative restoration loss
(DRL) to derive, which guides SSGN to perceive multiple semantics
and provide discriminative restoration in regions. As there is no
related research before, we construct a large distorted image dataset
and use it to train several classical and state-of-the-art networks to
demonstrate the effectiveness of our proposed method.
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