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A B S T R A C T

Video deblurring is to restore sharp frames from a blurry sequence. It is a challenging low-level vision task
because the blur caused by camera shake, object motions and depth variations is heterogeneous in both spatial
and temporal dimensions. Traditional methods usually work on a fixed spatiotemporal scale. However, the
spatiotemporal scale of blurs in the video can vastly vary in the real-world situation. To address this challenge,
we propose a Spatiotemporal Pyramid Network (SPN) to dynamically learn different spatiotemporal cues for
video deblurring. Specifically, inside SPN, a spatiotemporal pyramid module is employed to effectively capture
both spatial information and temporal information from the blurry sequence in a pyramid mode. An image
reconstruction module constructs the sharp center frame through the obtained spatiotemporal information.
Additionally, inspired by the statistical image prior and adversarial learning, we extend SPN and propose a
Spatiotemporal Pyramid Generative Adversarial Network (SPGAN), which conducts adversarial discrimination
in the gradient space. It helps the network produce more realistic sharp video frames. Experiments conducted
on benchmarks demonstrate that the proposed methods achieve state-of-the-art results in terms of PSNR, SSIM
and visual quality.
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1. Introduction

Deblurring is a typical problem for low-level vision tasks because of
its importance in both the academic community and industrial appli-
cations. The low-quality image or video causes visually poor quality,
which hampers some high-level vision tasks (Zhang et al., 2020c; Lee
et al., 2011). In general, great progress has been achieved in the
problem of image deblurring, while the problem of video deblurring
has not been well explored because of its relatively complicated set-
tings. Compared with image deblurring, the modeling of temporal
information should be handled appropriately.

Naively, one can apply modern methods of single image deblurring
to each single frame one by one to obtain the results as the deblurred
video frames. However, the independence among the processing of
multiple frames would inevitably introduce artifacts into the resulting
video. To solve this problem, some traditional methods model the
temporal information by explicitly forcing the continuous frames to
be consistent after warping. However, there exist several drawbacks to
these methods. First, forcing continuous frames to be consistent with
warping involves many heuristics. For example, it requires the estima-
tion of motion between continuous frames, which is time-consuming.
And there are occlusion areas even if the motion is estimated correctly.
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Second, this kind of solution is typically very complicated and not end
to end. It is difficult to tune and diagnose.

With the popularity of deep learning, several video deblurring ap-
proaches that using deep neural networks are proposed. For example,
Su et al. (2017) propose a neural network that stacks five successive
frames as inputs to produce the center sharp frame. Hyun Kim et al.
(2017) concatenate the multi-frame features to recover the current
frame by a deep recurrent network. These recent deblurring approaches
often work on a fixed spatiotemporal scale and do not fully use spatial
information from the center blurry frame. However, the spatiotemporal
scale of blurs can vastly vary. This is because that most of the camera
shake blur is short, spatially uniform and temporally uncorrelated (Su
et al., 2017; Xu et al., 2014), while object motion causes long, spatially
localized and temporally smooth blurs (Pan et al., 2016). Therefore,
we propose a spatiotemporal pyramid module to process the input
frames both in spatial and temporal dimensions via a pyramid mode
that taking the advantage of the fact that the spatiotemporal scale of
blurs in a video can vary vastly. The spatiotemporal pyramid module
works on different temporal scales. It first takes the middle frame as
the center, and divides five successive input frames into three different
lengths in pyramid mode. Then it uses 2D convolution to process
the center blurry frame, and captures temporal information from the
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Fig. 1. Exemplar video frames on the DVD dataset (Su et al., 2017) processed by DBN (Su et al., 2017), SPN and SPGAN. The input blurry frames are in the first row. The second
row illustrates the deblurring results of DBN. The third row displays the deblurring results of SPN. The fourth row shows the deblurring results of SPGAN. The values of PSNR
and SSIM are shown at the bottom of each frame. The higher values demonstrate better performance.
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

49

50
i 51
a 52

2 53

54
b 55
o 56
w 57
b 58
o 59
e 60
J 61
2 62
successive subframes via 3D convolution. Finally, it dynamically fuses
the spatiotemporal information to sharpen blurry ones. We put this
module in front of the network to help the network (SPN) not only focus
on the spatial information of the center blurry frame, but also learn the
different scales of temporal information from nearby frames. With the
help of this module, the deblurring performance of SPN is improved,
as Fig. 1 shows.

Moreover, with the emergence of generative adversarial networks,
the problem of video deblurring has been addressed with the help
of generative adversarial networks by existing methods to boost the
realness of the deblurred video. This is conducted by discriminating the
generated videos against the real-world sharp videos via an adversarial
loss. This is effective in some cases, but with only limited improvement.
We suspect that this is partly due to the following reason. The space
of natural images can be hardly covered by the limited number of
training examples for video deblurring. Thus the volume within which
the discrimination between deblurred videos and real-world videos is
conducted in fact is limited in the whole visual image space. To this
end, we propose to alternatively discriminate the generated videos
against real-world videos in the differential space of images. Existing
researches (Chen et al., 2019; Pan et al., 2014) have shown that gradi-
ent images of sharp images and blur images are completely different.
Due to the blurring process, the values of neighboring pixels tend to
be closer to each other. Thus, for sharp images, values in their gradient
images are usually greater than values in the gradient images of blurred
images. In other words, the distribution of gradient images of sharp
images is different from those corresponding to blurred images, and the
blurring effect is well-observed in the gradient of a blurred image. In
this paper, we discriminate the combination of gradient images against
those of the real sharp videos. The insight behind is, the freedom degree
of differential space of image is much smaller than that of the original
visual image space, thus it is easier for the deblurring algorithm to
generate videos with the gradient images sharing the same space with
3

those from sharp videos. We call it as the adversarial gradient prior.
Fig. 1 shows exemplar results.

Our main contributions are threefold. First, we propose a spatiotem-
poral pyramid module as a new tool to model spatiotemporal dynam-
ics within the video for the specific video deblurring task. Second,
we introduce the gradient space of the image into the discriminator
of the generative adversarial network. With the goal of fooling the
discriminator in the differential space of image, it is easier for the
deblurring method to generate sharp videos. Finally, the proposed
methods achieve state-of-the-art results by comparing with the existing
methods on benchmark datasets.

The rest of the paper is organized as follows. Section 2 briefly intro-
duces the related work of deblurring. Section 3 represents the proposed
method. Experimental results are reported in Section 4. Conclusions are
drawn in Section 5.

2. Related work

As the video deblurring problem is closely related to the problem of
mage deblurring, we introduce related work of both image deblurring
nd video deblurring as follows.

.1. Image deblurring

Image deblurring aims at recovering a sharp image 𝑋 given a
lurred image 𝑌 . The blur process is usually modeled by convolution
peration with a kernel 𝐾 plus additive noise 𝐸, i.e., 𝑌 = 𝑋 ∗ 𝐾 + 𝐸,
here ∗ means the convolution operation. The image deblurring can
e classified into blind deblurring and non-blind deblurring depending
n whether the kernel is known (non-blind) (Yuan et al., 2008; Joshi
t al., 2009; Cho et al., 2011; Schuler et al., 2013; Schmidt et al., 2013;
avaran et al., 2017) or not (blind) (Shan et al., 2008; Krishnan et al.,
011; Levin et al., 2011; Babacan et al., 2012; Wang et al., 2018). The
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Fig. 2. The architecture of the proposed SPN. The input is five consecutive blurry frames. The output is the central deblurred image frame. The orange arrow indicates the
short-cut from the input to the output, so that the network focuses on residual learning. Zoom in for better visibility.
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non-blind case is relatively easier compared with the blind case. The
blind case is an ill-posed problem as we have only 𝑌 in hand while
neither the kernel 𝐾 nor 𝑋 is known. In most cases, the deblurring
problem is blind as the blur process is unknown in advance.

Different methods are proposed to handle the deblurring problem.
For example, the prior of sparsity is employed for the task of deblurring
in Krishnan et al. (2011), Babacan et al. (2012) and Zhang et al.
(2013). Yan et al. (2017) propose an extreme channel prior which
is the joint of a dark channel prior and a bright channel prior for
deblurring. Data fitting term is also considered for image deblurring.
Pan et al. (2017b) learn a data fitting function driven by data to
estimate blur kernels of generic scenes for blind image deblurring. An
algorithm is proposed in Dong et al. (2017) to handle outliers in the
modeling of data fidelity, eliminating the side effect of outliers in the
estimation of blur kernels. A self-paced kernel estimation approach is
proposed by Gong et al. (2017). In the proposed approach, inlier pixels
are gradually detected and incorporated into the process of kernel
estimation. This self-paced approach improves the robustness of the
estimation. Later, multiple images are considered in image deblurring.
Because they provide more information. For instance, a pair of blurred
and noisy images are employed in Yuan et al. (2007). Petschnigg et al.
(2004) use flash and no-flash image pairs to restore a sharp image.
An approach composed of two main components is presented by Bahat
et al. (2017). The above methods assume blurred images are noise-free
and perform unsatisfactorily on blurry images with noise. To handle
noise in image deblurring, Anger et al. (2019) propose an adaptation
of the L0-based kernel estimation method, which uses an improved
blur kernel estimation method to deal with low noise, and a non-blind
deconvolution method to deal with medium and high noise.

In recent years, the deep convolutional neural network (CNN) has
witnessed advances in various kinds of vision problems. It has been
applied to image deblurring (Zhang et al., 2020b; Sun et al., 2015). A
pioneer work is Sun et al. (2015), which estimates the probability of
blur kernel using CNN at the patch level. Nah et al. (2017b) propose
a multi-scale convolutional neural network with a multi-scale loss
function to progressively restore sharp images in multiple scales in an
end-to-end manner. Kupyn et al. (2018) present a conditional GAN
which produces high-quality deblurred images via the Wasserstein loss.
In the literature Ren et al. (2018), a low-rank property is used to
compute a set of blur kernels, which are further used to initialize a net-
work. The information contained in the blur kernels enables the trained
network to handle various kinds of blur artifacts. Tao et al. (2018)
explore what the proper network structure is for using the coarse-to-
fine scheme in image deblurring, and propose a scale-recurrent network
4

for image deblurring. Zhang et al. (2018) use an RNN, within which
the pixel-wise weights of the RNN are learned from a CNN, to model
the spatially varying blur. Zhang et al. (2020a) propose two GAN
(BGAN and DBGAN) models for image deblurring. BGAN learns how
to blur sharp images with unpaired sharp and blurry image sets, and
DBGAN learns to correctly deblur such images. Inspired by spatial
pyramid matching, Zhang et al. (2019a) present a Deep Multi-Path
Hierarchical Network (DMPHN) to deblur blurry images by a fine-to-
coarse hierarchical representation. Zhang et al. (2019a) propose two
neural networks (i.e., DeblurRNN and DeblurMerger), to restore clear
images, which use a pair of noise/blurred images captured in a burst
for end-to-end restoration in a sequential or parallel manner.

2.2. Video deblurring

For video deblurring, temporal information provides additional
lues for deblurring. Early video deblurring methods recover sharp
etails of the current frame by nearby frames via several techniques,
uch as path matching, motion flow and frame alignment. However,
hey cannot deal with large movements. The algorithm by Delbracio
nd Sapiro (2015b) first uses optical flow to warp nearby frames, then
uses them in the Fourier domain to remove blurs in a video. Pan et al.
2017a) propose a single framework to jointly deblur scene videos and
stimate the scene flow. The deblurring performance can benefit from
he scene flow and blur information. Ren et al. (2017) tackle the video
eblurring problem by exploiting the semantic segmentation in each
lurry frame and use different models for optical flow estimation in
mage regions. Hyun Kim and Mu Lee (2015) and Kim et al. (2017)
ropose a segmentation-free dynamic video deblurring method, which
pproximates locally varying blur kernels via bidirectional optical
lows.

With the emergence of the realistic blur datasets (Nah et al., 2017b;
u et al., 2017), several deep-learning based methods have been pro-
osed for video deblurring. For example, Su et al. (2017) propose
network called DBN. It takes five consecutive blurry frames as an

nput and deblurs a central frame among them. A spatio-temporal
ecurrent network is proposed in Hyun Kim et al. (2017). It adaptively
nforces temporal consistency among successive frames. Chen et al.
2018) propose an optical flow based reblurring step to reconstruct
he blurry input, which is employed to fine-tune deblurring Network
ia self-supervised learning. To overcome the limitation of optical
low estimation, Zhou et al. (2019) propose a Spatio-Temporal Filter
daptive Network (STFAN) that dynamically generates element-wise
lignment and deblurring filters for video deblurring.
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Fig. 3. The SPGAN framework for video deblurring. The generator is SPN, while the discriminator is a VGG-like CNN network with the gradient prior.
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. The proposed models

In this section, we first introduce the proposed network (SPN). Then
e introduce SPGAN with the adversarial gradient prior, which is based
n both SPN and adversarial gradient prior. Finally, the loss functions
re presented.

.1. Spatiotemporal pyramid network

To provide a clear view, the overall architecture of SPN is pre-
ented in Fig. 2. Taking five consecutive blurry frames, SPN aims to
ecover the center sharp frame, i.e., the third frame. SPN consists

of a spatiotemporal pyramid module and an image reconstruction
module. To simplify the training, all input frames are transformed
into 𝑌 𝐶𝑏𝐶𝑟 space. Only the 𝑌 channel of each frame is used like
the work in Zhang et al. (2019b). Then these inputs are fed into the
spatiotemporal pyramid module. The spatiotemporal pyramid module
first processes these inputs to get features in different spatiotemporal
scales by using three different paths, and then fuses these features with
abundant information in different scales. Finally, the output features
of the spatiotemporal pyramid module are processed and reconstructed
by the image reconstruction module to produce the output. Besides, a
short-cut is employed to maintain the color information of the original
center frame. The final center sharp frame is obtained by transforming
the output back to the colored image with the original Cb and Cr
channels. Next, we detail the architecture of SPN.

Spatiotemporal Pyramid Module. Generally, recent video deblur-
ring methods work on a fixed spatiotemporal scale. For example, a fixed
number of blurry frames are stacked as inputs to the model in Su et al.
(2017) and Hyun Kim et al. (2017). However, different types of motions
lead to different spatiotemporal scales of blur in a video. Therefore,
we propose a spatiotemporal pyramid module to simultaneously model
spatial and temporal dynamics among successive frames in real videos,
as shown in Fig. 2. The spatiotemporal pyramid module consists of a
pyramid block and a fusion block. The pyramid block is constructed
by a 2D convolutional layer and two 3D convolutional layers. The 3D
convolution is related to spatiotemporal representation learning (Akilan
et al., 2018). It conducts convolution in both spatial and temporal
domains, whereas 2D convolution carries out convolution in the spatial
domain. The 3D convolution can be formulated as:

𝑉 𝑥𝑦𝑧
𝑖𝑗 = 𝜎(

∑

𝑃𝑖−1
∑

𝑄𝑖−1
∑

𝑅𝑖−1
∑

𝑉 (𝑥+𝑝)(𝑦+𝑞)(𝑧+𝑟)
(𝑖−1)𝑚 ⋅ 𝑔𝑝𝑞𝑟𝑖𝑗𝑚 + 𝑏𝑖𝑗 ), (1)
𝑚 𝑝=0 𝑞=0 𝑟=0 n

5

where 𝑉 𝑥𝑦𝑧
𝑖𝑗 refers to the value in the 𝑗th feature map of the 𝑖th layer,

𝑔𝑝𝑞𝑟𝑖𝑗𝑚 represents the value at (𝑝, 𝑞, 𝑟) of the 3D kernel connected to the
mth feature map from the (𝑖 − 1)th layer, (𝑃𝑖, 𝑄𝑖, 𝑅𝑖) is the size of 3D
convolution kernel, and the 𝜎 represents an activation function such as
𝑒𝐿𝑈 , 𝑇 𝑎𝑛ℎ or 𝑆𝑖𝑔𝑚𝑜𝑖𝑑. The fusion block consists of a concatenation
peration and a convolutional layer.

The input of the spatiotemporal pyramid module is five consecutive
lurry video frames. These five frames are first divided into three
arts by the pyramid operation. The three parts are a center frame,
hree consecutive frames, and five consecutive frames, which contain
patiotemporal information with different scales. The pyramid block
aptures spatiotemporal information of different scales by three paths
sing 2D and 3D convolutions together. Each path in this block in-
reases the width (the number of channels) of the input feature to
6, respectively. Due to its designation, this block can also capture
eatures locally (a center frame) and globally (multiple frames). The
utput features of these three convolution operations are concatenated
ogether and processed by a convolutional layer in the fusion block (i.e.,
2D convolution) to further enhance the feature representations. The
idth of the output feature from the fusion block is 64. The spatiotem-
oral pyramid module helps the model simultaneously consider sharp
emporal dependency and different levels of spatially blur in a center
rame at the same time. In addition, the global and local information
f all input frames is utilized. More analysis of this module is presented
n Section 4.
Image Reconstruction Module. As illustrated in Fig. 2, this module

onsists of three blocks. The first block contains two consecutive con-
olutional blocks and each of them has one convolution layer, a batch
ormalization layer and a 𝑅𝑒𝐿𝑈 activation layer. Each convolutional
ayer downsamples the feature maps by half and increases the width
f feature maps by 2 times (i.e., 64 → 128 → 256). The output feature
aps of the first block are fed into the second block, which contains

ix residual blocks with 𝑅𝑒𝐿𝑈 as the activation functions. Finally, the
utput features of the second block are reconstructed by the third block.
t consists of two transposed layers and one convolutional layer with
𝑎𝑛ℎ as the activation function. The feature maps after each transposed

ayer are upsampled by a factor of two and the width of feature maps
s reduced by half (i.e., 256 → 128 → 64). The convolutional layer
econstructs the features into an image frame.

.2. Spatiotemporal pyramid generative adversarial network

𝐺𝐴𝑁 is composed of a generator network 𝐺 and a discriminator

etwork 𝐷. It represents a class of generative models based on a game 80
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theory in which a generator network competes against an adversary.
For the deblurring task, 𝐺 is trained to restore a deblurred image to try
and fool the discriminator, and 𝐷 is to distinguish between sharp and
blurry images.

Typically, the generated results are discriminated from the real-
world samples by the discriminator for tasks of image/video restora-
tion (Zhang et al., 2019b; Kupyn et al., 2018). The discrimination is
usually conducted in the image space. However, this space cannot be
fully covered by the limited number of training examples. We argue
that the discrimination is better achieved using the image gradients
rather than the image intensity values. It is based on the observation
that the blurred image and the sharp image have different uniform
intensity values (i.e. the gradient prior). Figs. 4(b) and 4(e) illustrate
the pixel intensities of a clear image and a blurred image. It can be
seen that the values of neighbor pixels in the blurred image are closer
than those in a sharp image. Figs. 4(c) and 4(f) show the horizontal
gradient histograms of the sharp image and the blurred one. The
values of blurred image gradients change faster than those of sharp
image gradients. The distribution of gradient images of sharp images
is different from that corresponding to blurry images. Therefore, we
propose to use the prior knowledge and improve discriminator with
the gradient image. Specifically, we combine the gradient of an image
𝐼 , which can be formulated as follows:

∇𝐼 =
√

∇𝑣𝐼(∇𝑣𝐼)𝑇 =
√

( 𝜕𝐼
𝜕𝑥

)2 + ( 𝜕𝐼
𝜕𝑦

)2, (2)

where ∇𝑣𝐼 is the gradient of an image 𝐼 , 𝜕𝐼
𝜕𝑥 is the derivative with

respect to 𝑥 (gradient in the 𝑥 direction) and 𝜕𝐼
𝜕𝑦 is the derivative with

espect to 𝑦 (gradient in the 𝑦 direction). Considering images in the gra-
ient space, the discriminator will be more effective in discriminating
etween real-world sharp frames and the generated sharp frames.

For building our 𝐺𝐴𝑁 module, the trained SPN is used as a gen-
rator, and the network which has the same structure as the VGG
etwork (Simonyan and Zisserman, 2014) is applied as a discriminator.
he discriminator contains 14 convolutional layers, and the number of
hannels changes from 64 to 512. At last, it uses a soft-max function
t the last layer of the network to obtain the probability that the
enerated image is real. Table 1 shows the whole architecture of the
iscriminator. The whole framework of the proposed SPGAN is shown
n Fig. 3.

.3. Loss function

To optimize the proposed SPN and SPGAN, we utilize two different
oss functions, namely content loss and adversarial loss.
6

able 1
he structure of the discriminator in SPGAN. BN means batch normalization and ReLU
efers to the activation function.
Layers 1–2 3–5 6–9 10–14 15–16 17

kernel 3 × 3 3 × 3 3 × 3 3 × 3 FC FC
channels 64 128 256 512 4096 2
BN BN BN BN BN – –
ReLU ReLU ReLU ReLU ReLU – –

Content Loss. In the deblurring task, the mean squared error (MSE)
s the commonly used content loss function. On the basis of MSE, the
ontent loss is:

𝑐𝑜𝑛𝑡 =
1

𝑊𝐻

𝑊
∑

𝑥=1

𝐻
∑

𝑦=1
(𝐼𝑠ℎ𝑎𝑟𝑝𝑥,𝑦 − 𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦)𝑥,𝑦)2, (3)

where 𝑊 and 𝐻 are the width and height of an image frame, 𝐼𝑠ℎ𝑎𝑟𝑝𝑥,𝑦 is
he value of sharp image frame at location (𝑥, 𝑦), and 𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦)𝑥,𝑦 cor-

responds to the value of the deblurred image frame which is generated
from the proposed network.

Adversarial Loss.We apply the adversarial loss of 𝐺𝐴𝑁 . The model
𝐺 is initialized to recover the video frames, while the model 𝐷 is to
istinguish samples in gradient images. The model 𝐷 drives model 𝐺
o recover more realistic sharp image frames. The gradient adversarial
oss is formulated as:

𝑎𝑑𝑣 = log(1 −𝐷(∇𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦))), (4)

where 𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦) is a deblurred image frame by 𝐺, ∇𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦) is the
radient of 𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦), and 𝐷(∇𝐺(𝐼𝑏𝑙𝑢𝑟𝑟𝑦)) is the probability that the
radient image is real.
Total Loss. In order to optimize SPGAN, we combine two loss

unctions above to form the total loss :

 = 𝑐𝑜𝑛𝑡 + 𝜆 ⋅ 𝑎𝑑𝑣 . (5)

The content loss 𝑐𝑜𝑛𝑡, and the gradient adversarial loss 𝑎𝑑𝑣 are fused
in a weighted fashion. The adversarial loss together with the content
loss is used to make the 𝐺𝐴𝑁 module learn the spatial and temporal
nformation and recover the original frame details. To balance these
wo different losses, the weight 𝜆 is set as a value between 0 and 1.

In the experiments, we train different models by controlling the value
of 𝜆. When 𝜆 = 0, the total loss degenerates into content loss, and the
model refers to SPN.
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PSDEBLUR, WFA (Delbracio and Sapiro, 2015a), DeblurGAN (Kupyn et al., 2018), DBN (Su et al., 2017), SPN, and SPGAN. Zoom in for better visibility.
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4. Experimental results

We evaluate the proposed method on standard benchmark datasets
to demonstrate the effectiveness of the proposed methods for video
deblurring. The dataset introduction and evaluation metrics are given
in Section 4.1. Experiment details are reported in Section 4.2. In
order to prove the validity of the proposed model, we carry out an
ablation study to demonstrate the effectiveness of the spatiotemporal
pyramid module and adversarial gradient prior, which is presented
in Section 4.3. Furthermore, we compare the proposed model with
several state-of-the-art methods, including MSCNN (Nah et al., 2017a),
PSDEBLUR, WFA (Delbracio and Sapiro, 2015a), DBN (Su et al., 2017),
DeblurGAN (Kupyn et al., 2018), STFAN (Zhou et al., 2019), and
DMPHN (Zhang et al., 2019a) in Section 4.4.

4.1. Datasets and metrics

(1) Datasets: Deep Video Deblurring (DVD) dataset (Su et al., 2017)
is the most popular benchmark for video deblurring algorithms. DVD
dataset consists of two subsets: the qualitative subset and the quan-
titative subset. Both the qualitative and the quantitative subsets are
captured by various devices such as Canon 7D, GoPro Hero 4 Black
and iPhone 6s. Each video in the two subsets includes approximately
100 frames of size 1280 × 720 (Su et al., 2017). The qualitative subset
has 22 different scenes. However, it does not provide the corresponding
ground truth data. For the quantitative subset, there are 6708 synthetic
blurry frames with corresponding ground truth from 71 different videos.
So we only use the quantitative subset for training our models. We
divide the dataset into a training set and a testing set following the
previous method (Su et al., 2017), and compare the proposed model
with the state-of-the-art methods on the testing set in terms of both the
objective measurement and the visual quality. Besides, we conduct tests
on the qualitative subset to further illustrate the effects of the proposed

models. s

7

(2) Metrics: To evaluate the performance of the proposed methods,
two metrics are used in this paper: the Peak Signal to Noise Ratio
(RSNR) and the Structural Similarity index (SSIM). At the same time,
we also use visual quality to further evaluate the video deblurring
performance.

4.2. Implementation details

When training the proposed network, the weights of the network are
nitialized from a Gaussian distribution  (0, 0.01). We adopt an ADAM

optimizer with a batch of 4, and the exponential decay rate is set as
(𝛽1, 𝛽2) = (0.5, 0.999). The input size is 128 × 128, which is cropped
andomly from any location of the 1280 × 720 image. In this way, there

are at least 712,193 possible samples per frame on DVD dataset (Su
et al., 2017), greatly increasing the number of training samples in the
training stage. We update the weights of SPN in each mini-batch. The
learning rate is initialized to 0.0001 for all layers. When the training
loss does not change significantly, we reduce the learning rate of the
network to its one-tenth and continue the training to further improve
the performance.

In the training of SPGAN, the hyper-parameter 𝜆 in the loss function
is empirically set as 0.00001 to achieve the best performance. There are
several benefits by doing so. First, SPGAN is not trained from scratch,
we use the trained SPN directly as a generator and fine-tune SPGAN.
So when training SPGAN, at first it produces PSNR as high as the
SPN. Second, the adversarial loss with the content loss is used to make
SPGAN learn the global information and recover the original frame
more efficiently. The hyper-parameter 𝜆 is set as 0.00001, which is
relatively small. In the end, we keep the learning rate at 0.00001, so
the result of PSNR does not change dramatically. When the PNSR starts
to decrease, we finish training for SPGAN.

4.3. Ablation study

To better validate the effectiveness of different components of the
roposed models, we perform an ablation study by individually con-

idering different factors. Specifically, three factors are considered, 64
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Table 2
Performance comparisons in terms of PSNR with MSCNN (Nah et al., 2017a), PSDEBLUR, WFA (Delbracio and Sapiro, 2015a), DBN (SINGLE), DBN (NOALIGN), DBN (FLOW) (Su
et al., 2017), DeblurGAN (Kupyn et al., 2018), STFAN (Zhou et al., 2019), DMPHN (Zhang et al., 2019a), SPN and SPGAN on the DVD dataset (Su et al., 2017). All the results
are quoted from the corresponding publications. ‘–’ means not reported by the original publications.

Method 1 2 3 4 5 6 7 8 9 10 Average (PSNR)

INPUT 24.14 30.52 28.38 27.31 22.60 29.31 27.74 23.86 30.59 26.98 27.14
MSCNN 26.84 31.56 29.29 29.46 24.19 29.94 28.50 25.18 32.07 27.89 28.49
PSDEBLUR 24.42 28.77 25.15 27.77 22.02 25.74 26.11 19.71 26.48 24.62 25.08
WFA 25.89 32.33 28.97 28.36 23.99 31.09 28.58 24.78 31.30 28.20 28.35
DBN (single) 25.75 31.15 29.30 28.38 23.63 30.70 29.23 25.62 31.92 28.06 28.37
DBN (noalign) 27.83 33.11 31.29 29.73 25.12 32.52 30.80 27.28 33.32 29.51 30.05
DBN (flow) 28.31 33.14 30.92 29.99 25.58 32.39 30.56 27.15 32.95 29.53 30.05
DeblurGAN – – – – – – – – – – 30.16
STFAN 28.83 34.46 32.56 31.60 26.13 33.32 31.00 27.86 35.36 30.30 31.24
DMPHN 30.48 34.41 32.25 32.10 26.74 33.12 30.86 27.55 35.25 30.60 31.43

SPN 29.53 36.14 32.51 32.58 26.48 34.18 32.24 29.46 37.54 31.27 32.19
SPGAN 29.66 36.21 32.62 32.68 26.53 34.32 32.37 29.58 37.69 31.37 32.30
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Table 3
Performance comparison between different variants with
different components on the DVD dataset (Su et al., 2017).

Models PSNR SSIM

SPN(1) 29.98 0.897
SPN(5) 31.43 0.920
SPN(1-3) 31.72 0.920
SPN(3-5) 31.64 0.924
SPN(1-3-5-7) 31.97 0.929

SPN 32.19 0.930
SPGAN-plain 32.13 0.929
SPGAN 32.30 0.940

including different spatiotemporal scales, 𝐺𝐴𝑁 , and adversarial gra-
dient prior. We use different combinations of components to construct
the following variant models: (1) SPN(1): a model constructed by the
spatiotemporal pyramid module with only one path of one frame; (2)
SPN(5): a model constructed by the spatiotemporal pyramid module
with only one path of five frames; (3) SPN(1-3): the spatiotemporal
pyramid module with two paths of one frame and three frames is put
in front of the feature extraction and image reconstruction module (the
base model); (4) SPN (3-5): Only spatiotemporal pyramid module with
two paths of three frames and five frames is constructed in front of the
base model; (5) SPN: a model constructed with spatiotemporal pyramid
module with three paths of one frame, three frames and five frames; (6)
SPN(1-3-5-7): a variant that constructed with spatiotemporal pyramid
module with four paths of one frame, three frames, five frames, and
seven frames; (7) SPGAN-plain: SPN with a discriminator that considers
original image visual space; (8) SPGAN: SPN with a discriminator that
considers image gradient space.

All these variants are trained in the same way as before and tested
on the same testing dataset from the DVD dataset. The comparison
results are shown in Table 3. It demonstrates that the proposed SPN
and SPGAN achieve better performance of video deblurring in terms
of both PSNR and SSIM. By changing the input path of the spa-
tiotemporal pyramid module, it is clear that considering both spatial
information of center frame and spatiotemporal information from suc-
cessive frames leads to higher average PSNR and SSIM values (SPN(1),
SPN(5), SPN(1-3), SPN(3-5)). Meanwhile, the results (SPN(1), SPN(1-
3), SPN, SPN(1-3-5-7)) show that increasing spatiotemporal scales of
input frames will not result in better performance, which suggests that
choosing the right spatiotemporal scales of input frames is important
for information gathering to conduct deblur. Moreover, SPGAN outper-
forms SPN in terms of both PSNR and SSIM, while the SPGAN-plain

does not. It demonstrates that the employed gradient prior helps the

8

Fig. 6. Deblurring results of frames from the DVD dataset (Su et al., 2017). (a) Blurring
frames with full resolution. (b) Input noisy frames. (c) Input blurry frames. (d) Results
of the proposed SPGAN with noisy inputs. (e) Results of the proposed SPGAN with
blurry inputs. (f) Ground truth frames.

discriminator to learn more difference between blurry frames and sharp
frames and improve the deblurring performance of SPN.

The ablation study shows that the spatiotemporal pyramid module,
𝐺𝐴𝑁 and adversarial gradient prior have their own contributions to
the performance of the full model, which justifies the overall design.

In addition, we illustrate the sensitivity to noise of the proposed
SPGAN. Fig. 6 shows exemplar images of the deblurred results on the
DVD dataset. The visual results demonstrate that our method is able to
remove blur in the case of blurry and noisy images, and can produce
visually pleasing results. The results show that the proposed SPGAN is
robust to noise on blurry frames.

4.4. Comparison with state of the art

To further demonstrate the effectiveness of our approach, we com-
are our proposed models with various state-of-the-art methods for
ideo deblurring. The quantitative comparison results are shown in
able 2, in which the reported values are the average of the result
alues on the 10 testing videos from the DVD dataset in terms of

PSNR. In Table 2, PSDEBLUR refers to the results of deblurring by
Photoshop, and WFA acquires the deblurred frames by using multiple
frames as input. DeblurGAN, DBN, DMPHN, and STFAN are recent
video deblurring methods which achieve state-of-the-art performance.
As shown in Table 2, our SPN already outperforms the state-of-the-art
methods. It surpasses DMPHM by 0.76 dB, and more than 3.84 dB over
WFA. Further equipped with the adversarial gradient prior, our SPGAN
yields PSNR results with a 0.11 dB gain over the SPN model.

We also conduct a qualitative comparison between the proposed
method and several state-of-the-art methods. Figs. 5 and 7 show ex-
emplar result frames of different approaches in both the quantitative
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nd qualitative subsets from the DVD dataset, respectively. In Fig. 5,
e illustrate the deblurring performance of different models. When

ooming in the main object for clarity, it is observed that results of
SDEBLUR, DEBLURGAN and DBN remain blurry to some extent in part
f the generated frames. In contrast, SPN and SPGAN show far fewer
rtifacts while preserving the sharp structural information. In Fig. 7,
e select the images from three different scenes to demonstrate the
dvantages of SPN and SPGAN. As can be seen, our SPGAN restores
he sharpest details in all cases. The comparison results show that the
roposed SPN and SPGAN can robustly handle complex blur in the
eal-world situation, which further demonstrates the superiority of the
roposed methods.

. Conclusion

In this work, we propose SPN and SPGAN for video deblurring. The
patiotemporal pyramid module is used to learn the different scales of
patiotemporal information to conduct deblurring for a video, while
he image reconstruction module reconstructs the features to produce
he sharp image frame. Different from the previous 𝐺𝐴𝑁 that the
iscriminator works on the visual image space for video deblurring, we
ropose to use the adversarial gradient prior in the 𝐺𝐴𝑁 model, which
s helpful to the discrimination of discriminator. Extensive experimental
esults on the benchmark datasets show that the proposed methods
chieve state-of-the-art performance.
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