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Abstract—This paper presents a methodology to tackle inverse
imaging problems by leveraging the synergistic power of imaging
model and deep learning. The premise is that while learning-
based techniques have quickly become the methods of choice
in various applications, they often ignore the prior knowledge
embedded in imaging models. Incorporating the latter has the
potential to improve the image estimation. Specifically, we first
provide a mathematical basis of using generative adversarial
network (GAN) in inverse imaging through considering an opti-
mization framework. Then, we develop the specific architecture
that connects the generator and discriminator networks with the
imaging model. While this technique can be applied to a variety
of problems, from image reconstruction to super-resolution, we
take image deblurring as the example here, where we show in
detail the implementation and experimental results of what we
call the model-based deblurring GAN (MBD-GAN).

I. INTRODUCTION

Inverse imaging encompasses a broad spectrum of imaging
problems, including image restoration, image reconstruction,
super-resolution and sectioning, among many others [1], [2],
[3]. What they have in common is that we have observations
that can be modeled as an outcome of a forward model with an
object as the input, and the task at hand is to invert the process
in order to recover it based on the observation. Traditionally,
the imaging model plays a critical role in the design of in-
verse imaging methods. Nearest neighbor filtering [4], Wiener
filtering [5], and their improved methods are often used to deal
with image deblurring. Meanwhile, embedding method [6] and
sparse coding [7] are used for image super-resolution.

With the development of deep learning, different kinds of
neural networks are used for inverse imaging [8]. Most neural
network schemes are based on the improvement of commonly-
used network structures related to image processing, such
as U-net [9], deep residual networks (ResNet) [10], very
deep convolutional networks from visual geometry group
(VGG) [11], generative adversarial networks (GAN) [12],
recurrent neural networks (RNN) [13], etc. Among them,
DeepDeblur [14] is a convolutional neural network (CNN)
with some residual blocks (ResBlocks) inside, and multi-
scale images are used as network inputs, while the ground
truth images are not scaled. Besides, scale-recurrent network
(SRN) [15] is a long short-term memory-based RNN network,
and multi-scale image pairs are used as training inputs. In
addition, DeblurGAN [16] is a method based on conditional

GAN [17], and uses content loss for motion deblurring. Its
improved version, DeblurGAN-v2 [18], uses pyramid CNN as
the generator, and double-scale loss function in the discrimina-
tor. These methods are purely data-driven methods for blind
deblurring, which do not consider the exact imaging model
when designing network structures. In other words, prior
knowledge is not incorporated into the data-driven inverse
imaging computation.

For non-blind deblurring problems, the blurring kernel can
be used. Krishnan and Fergus [19] use hyper-Laplacian (HL)
priors for image deconvolution, and the per-pixel reconstruc-
tion is solved using a lookup table. Zoran and Weiss [20]
present a method to maximize the expected patch log like-
lihood (EPLL), which is used as the learned image prior
from the natural image patches. Danielyan et al. [21] adopt
the Nash equilibrium for deblurring and denoising at the
same time, and develop an iterative method called iterative
decoupled deblurring block matching and 3D filtering (IDD-
BM3D). Zhang et al. [22] train a fully convolutional neural
network (FCNN) with two parts for denoising and deblurring,
and the network weights are shared together. The blurring
kernel is mainly used for the initial deconvolution step in these
methods, but they seldom consider the similarity of the blurred
images.

A possible synergy of the two approaches is to combine
mathematical imaging models with neural networks. Recently,
several methods are proposed based on this concept. Since
inverse imaging can be regarded as mathematical optimization
problems [23], these model-based deep learning methods are
related to different optimization theories. For example, as opti-
mization problems can often be solved by iterative algorithms,
Diamond et al. [24] combine RNN with an iterative structure
in a traditional optimization process. They propose an un-
rolled optimization structure, which has been used in different
applications, such as compressive imaging [25], non-convex
deconvolution [26], and magnetic resonance imaging [27].
Kellman et al. [28] further combine a physical layer with data
layers in an unrolled network, which take advantages of the
light model to acquire better images in the original imaging
process. At the same time, others try to specify the target of
neural networks. Deep prior, which means using deep neural
networks to simulate the prior knowledge in specific imaging
processes, is widely used for network structure design [29].

2020 25th International Conference on Pattern Recognition (ICPR)
Milan, Italy, Jan 10-15, 2021

978-1-7281-8808-9/20/$31.00 ©2020 IEEE 7306

20
20

 2
5t

h 
In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 P
at

te
rn

 R
ec

og
ni

tio
n 

(IC
PR

) |
 9

78
-1

-7
28

1-
88

08
-9

/2
1/

$3
1.

00
 ©

20
21

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

IC
PR

48
80

6.
20

21
.9

41
19

79

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on May 21,2021 at 02:41:21 UTC from IEEE Xplore.  Restrictions apply. 



This paper focuses on designing a model-based deep learn-
ing framework for inverse imaging problems. Making use of
the mathematical model of classical linear inverse imaging,
we provide an analysis to support the use of a GAN structure.
Furthermore, we develop a novel general framework to com-
bine the imaging model with this deep neural network. We
demonstrate specifically the use of this methodology in image
deblurring, and compare the experimental results with those
from other leading methods.

II. MATHEMATICAL MODEL

Let us first review the imaging model and the constrained
optimization approach to tackle inverse imaging, which sets
the stage for combining with a data-driven method in the next
section. Very generally, imaging maps a continuous object to
a discrete image given by

yyy = A(xxx) +www, (1)

where xxx is the object, A is an abstract function of the imaging
model, yyy is the measured image, and www denotes additive
noise. Inverse imaging refers to estimating x̂xx from yyy, such
that it is as close to xxx as possible [30]. Since digital imaging
methods are often used, A is discretized as a numerical matrix
A, and the imaging model is considered as a linear model.
The linear model expression is the result of the finite series
expansion [31], which makes it applicable to many imaging
systems. Accordingly, x̂xx and yyy are also in the discrete domain,
i.e., x̂xx ∈ RP and yyy ∈ RN , where P is the desired resolution of
the final estimate, and N is the resolution of the measurement
device.

Inverse imaging is often ill-posed. It is solved with a
constrained optimization expressed as

minimize R(xxx)
subject to Axxx = yyy,

(2)

where R(·) is a regularization function. Using the Lagrangian
method, this becomes

min
xxx
L(xxx,λλλ) = min

xxx∈D
{R(xxx) + λλλT (Axxx− yyy)}, (3)

where λλλ is the Lagrange multiplier, and D is the domain of
R(xxx). The estimated image x̂xx can be computed as

x̂xx = argmin
xxx
L(xxx,λλλ). (4)

To solve this, we first define the dual function of Eq. 4 as

g(λλλ) = inf
xxx∈D

L(xxx,λλλ) = inf
xxx∈D
{R(xxx) + λλλT (Axxx− yyy)}. (5)

Therefore,

g(λλλ;xxx∗) = inf
xxx∈D
{−λλλTyyy + λλλTAxxx+R(xxx)} (6)

= −λλλTyyy − sup
xxx∈D
{−λλλTAxxx−R(xxx)} (7)

= −λλλTyyy −R∗(−ATλλλ), (8)

where xxx∗ is the optimized value and R∗(·) is the conjugate
function of R(·), which is defined as

R∗(yyy) = sup
xxx∈D
{yyyTxxx−R(xxx)}. (9)

Note that g(λλλ;xxx∗) is only related to λλλ, and xxx∗ is an interme-
diate variable, which is useful in the calculation below. The
best optimization x̂xx∗ can be calculated as

λλλ∗ = argmax
λλλ

g(λλλ), (10)

x̂xx∗ = argmin
xxx
L(xxx,λλλ∗). (11)

III. INVERSE IMAGING USING THE GAN ARCHITECTURE

A. Relationship between GAN and the mathematical model

The idea of using a GAN architecture comes from an
observation of Eq. 10 and Eq. 11: since they are duals of
each other, the minimizer obtained from Eq. 11 is also the
minimizer in Eq. 6. Mathematically,

g(λλλ;xxx∗) = −λλλTyyy + λλλTAxxx∗ +R(xxx∗) (12)

= λλλT (Axxx∗ − yyy) +R(xxx∗) (13)
= L(xxx∗,λλλ). (14)

Therefore, we can treat inverse imaging as a min-max problem,
and then solve using a GAN approach as follows [32]. A
generator G(·) is used to solve the optimization problem
in Eq. 11, and a discriminator D(·) is used to solve the
optimization problem in Eq. 10. After training, the generator
has learned the relationship between xxx∗ and λλλ∗, and it has the
ability to generate proper reconstructed images.

We note from Eq. 10 and Eq. 13 that λλλ is computed
by maximizing λλλT (Axxx∗ − yyy). Since x̂xx is the output of the
generator and that the forward imaging model A is already
known, we put it into the GAN architecture as a block
following the generator. There are mainly two reasons for this.
First, the linear imaging model and the known blurring kernel
are used as a prior in the training process, which can help
improve the network performance. Second, the discriminator
is only used to evaluate the likelihood of Ax̂xx and yyy in the
measurement domain, but does not include any evaluation
between x̂xx and xxx in the original image domain. Similar to the
design of deep prior [29], simplifying and specifying the task
of the discriminator may improve the network performance.

In addition, we also note that in the derivation above,
λλλ comes from the Lagrange multiplier, which is a vector
containing the weights of the linear combination. If we can
generalize λλλ to be a nonlinear function, it has the potential to
deliver a better evaluation than the original linear form. Hence,
in our GAN architecture, λ(·) can be any carefully-designed
loss function that gives better evaluations.

In conventional inverse imaging, convex optimization is
used, since it can find a global minimum using conventional
methods. In the Lagrange multiplier method, λλλ is an auxiliary
variable that helps to find the optimal xxx∗. In the proposed
scheme, we use neural networks to find the optimal solution,
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Captured image Generator
G(yyy)

Objective function:
min

x̃xx
L(x̃xx; λλλ∗) = R(x̃xx) +λλλ∗T(Ax̃xx− yyy)

Domain transform:
Ax̂xx

Domain transform:
Axxx

Network
λ(yyy)

Objective function:
max

λλλ
λλλT(Axxx− yyy)

Ground Truth

yyy x̂xx

xxx

xxx

ŷyy

yyy

Forward imaging model

Fig. 1. Proposed GAN architecture

Since λ comes from Lagrange optimization theory, which is
only the weight of a linear combination. If we consider λ as
a non-linear function, which may give better evaluation than
original linear model. CNN architecture can be used to find the
optimal non-linear function λ(·), which is the body of discrimi-
nator in detail.

However, if we only evaluate the denoising performance of
this architecture, there may be some problems. Since the system
matrix A is unconstrained, it could be ill-posed. If A is ill-posed,
w is considered as a disturbance of y, then the estimated value
x̂ may be quite different from the ground truth x. The inverse
model matrix could also be ill-posed, which means although
x̂ is closed to x, its estimated output image ŷ could be quite
different from real image y. This situation may be used to help
to improve the inverse imaging performance. Current methods
only guarantee that x̂ is closed to x, but seldom pay attention to
the difference of forward imaging result of x̂ and x. This GAN
architecture provides a two-way confirmation to guarantee that
x̂ is close enough to x. In detail, the residual and discriminator
part evaluates the forward imaging process. The generator part,
especially the regularization functionR(·), evaluates the inverse
imaging process, i.e. the difference between x̂ and x.

B. GAN architecture

Proposed GAN architecture is shown in Fig.1. The main dif-
ference between proposed architecture and traditional GAN
architecture is a domain transform block between generator
and discriminator, which is exactly the forward imaging model.
From the objective function of discriminator, it is shown that
the criteria is in the measurement domain. Hence the domain
transform block is used to convert the original image domain
to measurement image domain. The purpose of generator in
original GAN architecture is to learn the mapping from low-
dimension manifold and high-level data, this architecture takes
measurement images as input and after training the generator
could simulate the inverse imaging process which is a mapping
from measurement image to original image.

The purpose of discriminator is to compare the imaging re-
sults of ground truth and "fake" images generated by generator.
The objective function of generator shows generator try to gener-
ate images similar to the ground truth and their imaging results

Fig. 2. Discriminator network

are similar to the results of ground truth.

C. Model-Based-Deblurred-GAN (MBD-GAN)
To specify the proposed GAN architecture, this paper focuses
on imaging deblurring model. Several parts in Fig. 1 should
be carefully designed, which are regularization function R(·),
criteria function λ(·), network structure of generator and dis-
criminator and imaging model A. Here, we refer to the design
strategy of DeblurGAN, which is proposed by Kupyn et al.[31].
Generator has a same structure as PatchGAN, which is proposed
by Isola et al. [32].

Discriminator is mainly a four-layer convolution neural net-
work. To avoid over fitting, discriminator should not contain too
many layers.Structure of discriminator is shown in Fig.2, where
nXsY means the number of output channels for convolution

Fig. 1. The proposed GAN architecture. Note that the domain transform refers to the imaging model, which maps from the image domain to the measurement
domain. The discriminator contains the forward imaging model and the network part.

and no convexity is required. The task of the discriminator
takes the role of λλλ.

It is not sufficient that we only evaluate the performance
in the measurement domain. Since the system matrix A is
often ill-posed, if www is considered as a disturbance of yyy,
then the estimated image x̂xx may be quite different from the
original image xxx. The GAN architecture provides a two-way
confirmation to ensure that x̂xx is close to xxx. The discriminator
first evaluates the imaging results in the measurement domain.
The generator, especially the regularization function R(·),
then evaluates the inverse imaging results, i.e., the similarity
between x̂xx and xxx. In this way, we achieve a good balance
in evaluating image reconstruction in both the image and
measurement domains.

B. The proposed GAN architecture

Our GAN architecture is shown in Fig. 1. The main feature
that distinguishes the proposed architecture from traditional
ones is that a forward imaging model block is put between
the networks of the generator and the discriminator. This
is because the objective function of the discriminator is in
the measurement domain, and therefore an imaging model,
denoted as a domain transform in the diagram, is used to
convert the original image domain to the image measurement
domain. Another point to note is that when training the
discriminator, R(xxx) is not related to λλλ, and thus this part can
be removed from the objective function.

The purpose of the discriminator, on the other hand, is
to compare the imaging results of the ground truth and the
synthetic image generated by the generator. The objective
function of the generator shows that it attempts to generate
synthetic images similar to the original images, such that
passing through the imaging system will generated results
similar to the observations.

C. Model-based image deblurring with a generative adversar-
ial network (MBD-GAN)

Up to this point, the discussion is applicable to various kinds
of inverse imaging problems. Nevertheless, to demonstrate
how this can be used in a specific context, we consider the case
of image deblurring. We can now proceed to design several
important blocks in Fig. 1, including the network structure of
the generator and the discriminator, the regularization function
R(·), and the evaluation function λ(·).

We draw on the design strategy of the generator in Cycle-
GAN, which is proposed by Johnson et al. [33]. The generator
of CycleGAN can transfer the style of one image to another,
while the content remains similar. In image deblurring, the
generator needs to convert the blurred images to sharp images
while preserving the content. As such, we design an encoder-
decoder structure, which is commonly used in image restora-
tion. It can also be regarded as a residual structure, because the
input and output images are quite similar. The generator only
needs to learn the differences, which is easier than learning
the whole output images [16]. The structure of the generator
is shown in Fig. 2(a), with one ResNet block given in more
details in Fig. 2(b).

The network in the discriminator is identical to the discrimi-
nator in PatchGAN [34]. However, while a traditional discrim-
inator only gives one number as the output, this discriminator
has a matrix structure, which evaluates an image in different
receptive fields. Therefore, this can give a more comprehensive
evaluation than conventional discriminators. The structure of
the discriminator is shown in Fig. 3.

The regularization function R(·) is chosen to quantify
the perceptual loss (PL) [33], which evaluates the high-level
feature differences between two images. It calculates the mean
square error (MSE) of two feature maps obtained by the
trained networks, usually VGG networks [35]. Mathematically,

PL(xxx, x̂xx) =
1

WH

W∑
i=1

H∑
j=1

(
VGGP (x̂xx)−VGGP (xxx)

)2
, (15)
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(a) The generator in terms of its constituent blocks. The notation “n128s2” means that
for the convolution process, there are 128 output channels, and the stride step is 2.
Other cases are similar

(b) One ResNet block

Fig. 2. The structure of the generator.

Fig. 3. The discriminator.

in which W and H are the width and height of the feature
maps. The VGGP (·) network can be chosen as a whole or
a part of the original VGG network, depending on the vision
level. In this work, a plug-and-play VGG-19 network trained
on ImageNet [36] is used as the original VGG network, and
VGGP (·) is chosen as the part between the third convolution
and the third pooling layer.

Finally, λ(·) is chosen as the Wasserstein GAN [37] loss
with gradient penalty (WG) [38], which is based on the cal-
culation of the traditional Wasserstein distance [39]. It is also
called the earth-mover distance, which computes the minimum
cost from one distribution to another. In imaging applications,
it is often represented by the differences of histograms between
two images. Mathematically, WG is calculated with

WG(xxx, x̂xx) = D(x̂xx)−D(xxx) + ρ (‖∇x̂xxD(x̂xx)‖2 − 1)
2
, (16)

where D(·) is the discriminator, and ρ is the penalty parameter,
which is often set to be 10. The last term of this equation is the
gradient penalty term, which helps to improve the robustness
of the training process.

IV. EXPERIMENTS

A. Image blurring model

In Eq. 1, A(·) represents a general imaging process. For
blurring, we can often approximate it with a linear space-
invariant convolution, such that we can use the matrix multi-
plication yyy = Axxx with A being a block circulant with circulant
block (BCCB) matrix.

B. Datasets
The original images come from the GoPro dataset [14],

which is often used for video deblurring. We only use a
subset consisting of the sharp images as ground truth, and
blur them computationally. Experiments are carried out based
on a random crop strategy, which means that the images in
the training sets are randomly cropped to a fixed size instead
of resizing. Since the physical blurring processes of some
commonly-used image deblurring datasets are unknown, we
use the sharp images as the ground truth. Synthetic images
are then used to validate the efficacy of MBD-GAN. In this
paper, we crop the images to have a fixed size of 256 × 256
pixels for training.

An advantage of our method is that because we incorporate
the imaging model in the network architecture, we do not
require a large collection of images for training. To show this,
only 850 images and 300 images are randomly selected as
ground truth images for training and testing, with no overlap in
the two sets. Blurred images are generated by different kernels,
such as Gaussian blur and motion blur.

As for the validation across different datasets, the ground
truth images are from the sharp subsets in the Realistic and
Dynamic Scenes (REDS) dataset [40]. REDS consists of
five parts: sharp, blur, blur+compression, low resolution, and
blur+low resolution subsets. Blurred images are also generated
by the same blurring kernels as used in the training process.

All the experiments are carried out on a computer with Intel
Xeon CPU @ 2.00GHz, 16GB RAM and Nvidia Tesla P4 with
8GB RAM. The original learning rate is 10−4, and the Adam
optimizer is used. The training process with 300 epochs takes
about 14 hours.

C. Comparisons of deblurring methods
Two kinds of blur kernels are used in this paper, namely,

Gaussian blur and motion blur.
Gaussian blur is often used to approximate out-of-focus sit-

uations [41]. The Gaussian kernel used in this paper is shown
is Fig. 4(a). Blurring results are shown in Fig. 5, together with
some deblurring results using a variety of methods.

Another common blur process is motion blur, which is often
caused by camera shake or linear motion. The latter can also
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(a) Gaussian (b) Motion

Fig. 4. Different kinds of blur kernels (σ2 = 50 for Gaussian blur kernel).

TABLE I
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART METHODS

Methods PSNR/dB SSIM

blurred 22.86 0.759
HL [19] 17.90 0.459

IDD-BM3D [21] 21.00 0.647
EPLL [20] 28.70 0.877

FCNN [22] 24.83 0.775
SRN [15] 30.10 0.932

MBD-GAN 31.74 0.953

be regarded as a convolution between a motion blur kernel
and the original image. The motion blur kernel used in this
paper is shown in Fig. 4(b), which is generated using the
method proposed by Boracchi and Foi [42]. A blurred image
and various deblurring results are shown in Fig. 6.

In our experiments, training and testing images come from
the same dataset, which means that they are captured under
the same or similar conditions. In this situation, the images
are more likely to satisfy the same high-level distributions.
Comparisons with other state-of-the-art deblurring methods
are shown in Table I.

It is shown in Table I that the proposed method has
the highest peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM) [43]. An explanation for this is that
since the proposed network is trained for a specific blur kernel,
it has excellent performance tailored for this situation. We
have considered heavily-blurred scenarios, which means that
more information may be lost during the blurring process.
Prior model-based knowledge shows the relationships among
pixels theoretically, which is helpful in heavily-blurred image
restoration. It may be difficult for traditional deblurring net-
works to find these relationships from the data automatically
due to heavy information loss. Other conventional methods
do not use deep learning approaches in the process. Visual
comparisons also corroborate these conclusions.

D. Validation across different datasets

As the GoPro dataset comes from video sequences, pictures
from the same video stream may have similar scenes. To
deal with this problem, validation experiments across different
datasets are carried out. Training images are taken from the
GoPro dataset, but testing images come from the REDS
dataset. All images are resized to 256 × 256. Some testing
results for Gaussian blur and motion blur are shown in Fig. 7
and 8, respectively. As can be seen, our method can reconstruct

TABLE II
PERFORMANCE COMPARISON FOR VALIDATION ACROSS DIFFERENT

DATASETS

Methods PSNR/dB SSIM

blurred 21.46 0.760
HL [19] 14.60 0.373

IDD-BM3D [21] 17.90 0.473
EPLL [20] 20.19 0.650

FCNN [22] 19.55 0.570
DeblurGAN [16] 26.10 0.816

SRN [15] 26.75 0.837
MBD-GAN 27.49 0.943

most of the texture features while other methods tend to
produce more artifacts.

The average PSNR and SSIM of the two blur kernels are
shown in Table II. The MBD-GAN proposed here achieves
the best performance in these experiments. We would like to
point out that one of the comparison methods, DeblurGAN,
has similar network structures with MBD-GAN, where the
main difference is the lack of the forward imaging model.
It is shown in Fig. 5 and 6 that the reconstructed images of
DeblurGAN are much smoother than the ground truth images,
and there are quite a few small artifacts inside. In comparison,
our reconstructed images appear to be more realistic. The per-
formance comparison between DeblurGAN and our proposed
network shows the power of the prior knowledge embedded
in the imaging models.

V. CONCLUSION

In this paper, we develop a theoretical analysis for the use of
a GAN architecture to achieve inverse imaging tasks using the
dual optimization theory. We convert the original optimization
to a min-max problem and then use GAN to solve it. In the
proposed architecture, we make use of the forward imaging
model directly, while taking advantages of the prior knowledge
embedded in the imaging models to specify the tasks of the
generator and the discriminator separately.

To show the efficacy of the proposed GAN architecture,
especially the power of prior knowledge, we consider the case
of image deblurring and propose a model-based deblurring
GAN called MBD-GAN. Various blurring processes show the
robustness of MBD-GAN. The comparison of MBD-GAN and
DeblurGAN further shows the importance of prior knowledge
when dealing with inverse imaging tasks.
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