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In recent years, deep learning-based models have gained momentum in imaging problems such as 
image and video super-resolution, image restoration or inpainting. The analytical approaches that have 
traditionally been used to solve image inverse problems have started to be replaced by deep learning 
ones, being outperformed in terms of efficacy and efficiency in many applications. However, deep 
learning-based models lack the adaptability of analytical models, thus making them unsuitable for dealing 
simultaneously with different forward image formation models. In contrast to analytical methods, deep 
learning models typically do not use domain knowledge and rely on learning the solution to the inverse 
problem from large data sets. This is making them susceptible to errors caused by the presence of 
degradations not seen during training. Hybrid models combining analytical and deep learning approaches 
have been introduced to solve such generalization issues while retaining the efficacy of deep learning 
models. In this work, we review deep learning and hybrid methods for solving imaging inverse problems, 
focusing on image and video super-resolution and image restoration. Furthermore, we discuss open 
problems in this area that would be of critical importance in the future, the challenges of applying deep 
learning models to solve them, and how future research could address them.

© 2021 Elsevier Inc. All rights reserved.
1. Introduction

An observed signal y can be frequently modeled as the result 
of applying a degradation operator A to the latent signal x. Both x
and y signals are multidimensional sampled at one or more time, 
spatial or spectral positions. For example, x and y may represent 
sequences of frames in a video or still images.

The degradation operator, A, might model defocus blur intro-
duced by the imaging device, blur due to the motion of the camera 
or objects in the scene, atmospheric turbulence or loss in gen-
eral of spatio-temporal or spectral information. Such systems can 
exhibit various properties, such as linearity, shift invariance, and 
stability. The process of obtaining y given A and x is known as the 
forward model and can be written as:

y = A(x) + ε, (1)

where ε is the noise introduced during the process. At the same 
time, the recovery of the latent signal x given y and knowledge of 
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A constitutes the inverse problem (if A is not known, the problem 
is classified as a “blind” recovery problem). There are numerous 
image and video processing applications requiring the solution of 
the inverse problem to recover x. Fig. 1 illustrates this process.

The difficulty of solving the inverse problem stems from the 
properties of A and ε . These usually determine the system to be 
ill-posed in the Hadamard sense [1]; that is, minor variations in 
the observed data result in significant variations in the solution.

The solution of inverse problems (in general referred to as re-
covery problems) has a long history of research and development 
in signal processing. These recovery problems are encountered un-
der different names: restoration, Super-Resolution (SR), deblocking, 
inpainting or pansharpening to name a few. The type of recovery 
problem is determined by A and ε . For example, denoising is a 
particular case of image recovery where A = I and ε �= 0. A more 
detailed description of the inverse problems mentioned here can 
be found in [2–4].

Analytical techniques for solving inverse problems have been 
studied for a long time. These approaches explicitly define the 
forward model (1), the criteria for obtaining a solution, and a 
solution approach, see [5–13]. Using this explicit modeling, the 
inverse problem is solved and an estimate of the latent signal x
is obtained. At a high level, one can group recovery approaches 
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Fig. 1. Image Super-Resolution illustration of the forward modeling (1) and inverse problem. First, the degradation operator A is applied to the latent signal x and noise ε
is added, obtaining the observation y. The objective of recovery is to solve the inverse problem and obtain an estimation of x given y. For illustration purposes, we have 
represented x and y as images and used as the degradation operator A blur and downsampling with scale factor 4.
into deterministic and stochastic ones. Deterministic techniques 
treat x as a deterministic signal and typically involve the use of 
an optimization criterion, such as the minimization of the l2 er-
ror norm ||y − A(x)||22. Then, domain knowledge is incorporated 
into the solution process through regularization, by controlling, 
for example, the smoothness or the total variation of the recon-
struction. In the case of stochastic approaches, the unknowns are 
treated as stochastic quantities and then a maximum likelihood, a 
maximum a posteriori (MAP) or a fully (hierarchical) Bayesian ap-
proach is followed. For stochastic approaches, domain knowledge 
is introduced into the problem through the probabilistic models 
used to describe the unknown quantities. Over the years, differ-
ent probabilistic models and image priors have been proposed and 
used (see [14] for a review). Some examples of such priors are 
hyper-Laplacian priors [15], log-TV priors [16], mixture of Gaus-
sians (MoG) [17], Super Gaussian (SG) [11] or Scale Mixture of 
Gaussian (SMG) [18]. In an analytical approach, optimization is 
performed for each new sample y, which provides it with high 
flexibility, under the generation conditions, to manage any degra-
dation type. However, since closed-form solutions are not typically 
feasible, iterative optimization makes such approaches computa-
tionally expensive and tailored to a particular image.

In recent years, Deep Learning (DL) models, specifically those 
based on Deep Neural Networks (DNNs), have been used as a 
more efficient alternative to solve inverse problems. These are 
learning-based approaches that use an extensive training database 
of x and y image/sequence pairs to learn the solution to the in-
verse problem, i.e. they learn a mapping between the observations 
and the latent image [19,20]. In contrast to traditional learning-
based methods mainly focused on building a dictionary or man-
ifold space, DL-based models can learn and optimize the whole 
mapping process, including feature extraction. This gives them a 
clear advantage over traditional methods, which translates into a 
significant increase in performance, though at the cost of requir-
ing large datasets to learn the mapping. However, this need for 
vast quantities of data has not impeded the application of DNNs to 
solve inverse problems since large databases can be simulated by 
applying the forward model.

When compared against analytical approaches, works in denois-
ing [21], inpainting [22] and SR [23] have shown that DL models 
can outperform analytical ones while being significantly faster. In-
deed, at a high level, learning approaches shift the computational 
burden to the learning phase. In contrast, the “testing” phase, i.e., 
the step of providing an estimate of x for a given y, is typically 
represented by a feed-forward network and it is, therefore, compu-
tationally efficient. Meanwhile, analytical techniques require solv-
ing an optimization problem for each new sample and are more 
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computationally demanding. Generally speaking, the more sophis-
ticated the modeling of the inverse problem, the more demanding 
the optimization process.

Incorporating domain knowledge into the solution (such as as-
suming a certain degree of smoothness) is far easier with analytical 
approaches since this modeling step represents an essential com-
ponent of such approaches. This is not the case with DL models, 
which purely rely on the data. It is hard, in general, to incor-
porate such domain knowledge into the architecture of a neural 
network. Nevertheless, several approaches have proposed effective 
ways to incorporate domain knowledge into DL-based models in 
recent years. Such is the case of unfolding and generative model-
ing with neural networks [24–26].

Another disadvantage of DL-based models is that they lack the 
flexibility of analytical ones. More specifically, traditional DL mod-
els are not robust to degradations not seen during training, making 
them not well suited for problems where the DL model is expected 
to handle a large variety of forward image formation models, like 
Blind Image Deconvolution (BID). However, in recent years new ap-
proaches have been proposed to address such issue [27,11,28–33].

In this work, we first perform a comprehensive review of the 
literature of DL-based methods for solving image inverse problems, 
hoping that the reader will appreciate the technology and obtain 
valuable knowledge to utilize as guidance in solving such problems 
in their work. In this sense, our work is similar to Lucas et al. [34]. 
However, we also include the relevant advancements that appeared 
since then. Furthermore, we present a comprehensive discussion 
on current models limitations and challenges and how the field 
may evolve in the near future.

We will focus our analysis on image and video restoration and 
SR. We believe that these problems offer a good representation 
of the scenarios that emerge in other inverse problems. As such, 
the DL-based approximations developed to solve them should be 
a good fit to other image and video recovery tasks. The two prob-
lems which are the main focus of this work consist in recovering 
the latent signal x (image or sequence of video frames) from the 
observation y, which has been degraded by the operator A and 
noise ε . In the case of deconvolution or image restoration, A is a 
blurring matrix performing a convolution operation at each point 
of x with a Point Spread Function (PSF) k: y = x ⊗ k + ε , where 
x ⊗k represents the convolution of x with the blur kernel k. Mean-
while, in SR A combines a convolution with the blur kernel k
and a downsampling ↓s by a factor s. In this case, the variety of 
PSFs considered is much smaller than in image restoration, mainly 
of the Gaussian family. Notice that, in Video SR (VSR), the same 
degradation is considered to be shared by all frames in the se-
quence because the same system acquired them.
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Fig. 2. A three-layer CNN with successive convolutional layers, where the spatial dimensions of the feature maps match those of the input and output images. Following each 
convolution there is a nonlinearity operation, not shown here.
Despite focusing on only two scenarios, due to the large 
amount of work in image and video restoration and SR, this ar-
ticle can not cover all of the approaches that use DL models for 
solving them. In other words, while the references described in 
this article by no means constitute an exhaustive list, we believe 
that the described techniques should provide the reader with a 
comprehensive overview of the ways DNNs may be employed to 
solve inverse problems in imaging. Finally, due to lack of space, 
fine details have been omitted. However, they can be acquired by 
referring to the original sources of the information.

The rest of the paper is organized as follows: Section 2 presents 
our review of DL-based models for image and video restoration 
and SR. Section 3 presents a discussion on open problems that 
we believe would be of critical importance in the future, the chal-
lenges of applying deep learning models to solve them, and how 
they could be addressed in the future. Finally, Sec. 4 concludes the 
paper.

2. Neural network architectures for image and video processing

Deep Learning (DL), also called hierarchical learning and deep 
structured learning, is “a class of machine learning techniques that 
exploits the use of many layers of non-linear information process-
ing for supervised or unsupervised feature extraction and transfor-
mation, and pattern analysis and classification” [35]. In general, the 
following ML algorithms are considered part of DL [36]: Deep Neu-
ral Networks (DNN), Boltzmann Machines (deep and restricted), 
Deep Belief Networks and Deep Gaussian Processes [37]. From the 
DL models, DNNs are the most successful for high-level image and 
video related tasks like classification, segmentation, detection or 
parsing, defining the state-of-the-art for many of them [38–43]. 
Because of this fact, we will focus on DNN-based models for the 
rest of this paper.

A DNN is a parametric ML model that is formed by the stack of 
simple blocks. Each of these modules transforms its input to a new 
representation to be fed to the next block as input. The parameters 
of DNNs are trained end-to-end using the backpropagation algo-
rithm [44] to optimize a loss function. In the DL literature, such 
modules are commonly referred to as layers. Each of these lay-
ers comprises several neurons that perform a linear transformation 
followed by a point-wise non-linear one. This non-linear function 
is called the activation function. How the neurons are connected 
determines the type of layer and the computations performed. The 
most basic of these layers connects all neurons with all the in-
puts and is called a fully connected layer. The most basic DNN, 
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the multilayer perceptron (MLP), consists of two hidden fully con-
nected layers.

The generic set of possible functions that a DNN can calculate is 
determined by its architecture. Thus, it is critical to pay attention 
to the model design when solving the inverse problem. One com-
mon architectural element chosen by most successful DNN-based 
models for image and video processing is the convolutional layer. 
Convolutional Neural Networks (CNNs) and their applications to in-
verse image and video processing problems are discussed in the 
following subsection.

2.1. End-to-end CNN for image and video processing

Although a fully connected DNN with a large number of neu-
rons can approximate any function (universal approximation the-
orem [45]), in practice, the computation and data requirements 
make it not possible. Indeed, when dealing with highly structured 
data, such as images or videos, CNNs are typically the default 
model of choice. As we will see later in this section, CNNs are par-
ticularly suitable for processing these types of signals since they 
can easily extract the statistics of their input and learn the optimal 
features to solve the problem at hand.

CNNs were first introduced by LeCun et al. [46] in 1998 and dis-
tinguish themselves from fully connected DNNs by making use of 
convolutional layers. A convolutional layer does not connect all the 
inputs with all neurons. Instead, it applies multiple convolutions to 
the previous layer and learns the filter weights. The output of each 
convolutional layer is called a feature map. After applying the ac-
tivation, these feature maps constitute the new representation of 
the data to be fed to the next layer. An example of a three-layer 
CNN architecture for image processing can be seen in Fig. 2. No-
tice that the spatial size of the feature maps is always the same 
and corresponds to the size of the input image. When using DNNs 
for image and video processing, the output of our model usually 
has to have the same spatial (and time) dimension as the input. 
One common approach to keep the dimensions of the output fea-
ture maps fixed to the size of the input to the convolutional layer 
is to pad the input with an appropriate number of zeros.

The original 2D-CNNs were designed to exploit the spatial de-
pendencies among neighboring pixels in images. Thus, these and 
their application to 1D and 3D data excel at extracting useful in-
formation from local structures. They exhibit several advantages 
with respect to other DNNs in problems where local information 
is more relevant, like image and video processing:
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1. The size and number of filters determine the number of pa-
rameters. Thus they require far fewer complex models to pro-
cess high-dimensional data like images and videos. This reduc-
tion in the number of parameters simplifies the optimization 
problem.

2. The convolution operation that is the base of CNNs gives them 
translation invariance and locality, both advantageous proper-
ties when dealing with images and video data (see [36] for a 
more detailed explanation).

3. The convolution operation allows them to perform image and 
video feature extraction. Works in image classification, seg-
mentation and detection have shown that these models can 
learn a powerful representation of images and extract multi-
scale information, to the point that a simple linear classifier 
can solve the problem using such features.

4. CNNs can be designed to exhibit similarities with analytical 
methods like optimization-based iterative recovery methods 
or deconvolution methods, suggesting that CNN-based models 
can be powerful tools for solving inverse problems in imaging. 
Designing a CNN to perform computations similar to a well-
established analytical model introduces domain knowledge in 
the model and increases its performance. See Section 2.5 for 
more details on such models.

For image and video super-resolution, the first work using CNNs 
applied three-layer end-to-end CNN, similar to the one in Fig. 2. 
Dong et al. [20] proposed a three-layer CNN for image SR that 
takes the interpolated LR image to estimate the HR one. Kap-
peler et al. [47] proposed a similar model for VSR, dealing with 
the temporal nature of video by feeding the network a window 
of motion-compensated frames at each time step. Further work in 
the field of SR focuses on adapting deeper architectures inspired 
by CNNs for object detection. This is the case of VDSR [48], which 
adapts the VGG architecture to SR. Meanwhile, VSR models fo-
cused on improving the extraction of inter-frame information by 
introducing motion-compensation into the model [49] or adding 
recurrent layers [50]. One of the most relevant advancements was 
the introduction of the interpolation step inside the network. By 
upsampling at the last layer of the network, be it through a trans-
posed convolution [51], or using sub-pixel convolutions [52], the 
performance and time efficiency of SR and VSR models were dra-
matically improved [53,52,54].

Despite their earlier success with several image processing 
tasks [21,22,20], the use of CNN-based models for image restora-
tion took longer to take off because of the sheer volume of various 
degradations that have to be tackled. Worth mentioning is the case 
of BID, where together with the image, the network must esti-
mate the blur. Most CNN models proposed for image restoration 
are used in conjunction with other analytical methods or special-
ized in a specific type of blur. In fact, the first approximations limit 
CNN use to estimate PSF’s specific parameters or extract useful im-
age features. Such is the case of the models presented in [55,56]. 
The authors of [55] use a CNN to predict a motion vector per pixel 
and an analytical method to estimate the underlying image. In [56]
a CNN is used to learn features that improve the estimation of the 
blurring kernel and image in the Fourier space.

More complex models are needed to increase the performance 
of CNN-based models for SR and tackle more complex and chal-
lenging image restoration scenarios. However, doing so with the 
basic CNN architecture presented above requires an exponential 
increase in the number of parameters and data requirements. Fol-
lowing previous works in image classification and object detection, 
residual CNNs were introduced. In the following subsection, we 
present these models and their applications to image and video 
processing.
4

2.2. Residual CNNs for achieving greater depth

In their work on blind deconvolution using CNNs, Hradis et al. 
[57] show that training deeper networks produced results of signif-
icantly better quality compared to the results obtained by shallow 
networks. This result is consistent with other findings in tasks such 
as image classification [58]. Deeper models can extract hierarchi-
cally complex features of increasing complexity. Not only that, but 
increasing the depth of the network increases the overall receptive 
field of the model, which provides more contextual information at 
each layer of the network.

However, training a very deep CNN was particularly challenging, 
primarily due to the non-existing effective methods for initializing 
DNNs and the vanishing of the gradient in the first layers of the 
network.

Recently, however, new parameter initialization strategies [60]
and more efficient architectural design choices (like Batch Nor-
malization (BN) [61]), have provided new possibilities for training 
deeper networks. More specifically, the use of residual blocks [40], 
has played a significant role in training very deep models by solv-
ing the vanishing gradient problem. The basic blocks of these mod-
els, named residual blocks, do not learn a new mapping function 
from one layer to the next. Instead, they learn a residual between 
two or more layers by adding a skip connection from the input of 
the residual block to its output, see Fig. 3.a.

The initial design of the residual block has been further im-
proved. First, the authors of [62] and [63] showed that removing 
BN layers significantly improves the stability and performance of 
SR and VSR CNNs (see Fig. 3.b). Zhang et al. introduced in [64] the 
use of an attention mechanism to select for each image the most 
relevant feature maps and incorporated it into a new residual block 
(see Fig. 3.c). To further increase the depth of the model, the use 
of Residual Dense Blocks (RDBs) [65,66] was introduced for SR. An 
RDB is a modified Residual Block (RB) with dense connections be-
tween layers. These dense connections allow the reuse of features 
and provide better performance. See Fig. 3.d.

Residual CNNs have been shown to significantly outperform 
other CNN models in several image processing task like SR [54,62]
and VSR [63]. For the particular case of BID, the first models to use 
end-to-end CNNs to solve this task are all residual CNNs. How-
ever, these CNNs have been applied only to specific blur types, 
like motion blur, without explicitly estimating the blur. In [67], a 
multi-scale residual CNN is used to eliminate non-uniform motion 
blur from images. The authors of [68] apply to the same problem 
a network with a dual attention mechanism. For video, a spatio-
temporal residual recurrent architecture is presented in [69].

2.3. Training of end-to-end supervised CNNs

All previous end-to-end CNNs are fully supervised ML models. 
Therefore, to train them, they require both the input y and the 
desired output x. Despite needing massive amounts of data, this 
is not an issue in the context of solving inverse problems since 
these pairs can be synthetically generated by corrupting the orig-
inal image x using the degradation A. Then a loss function mea-
sures the difference between the network output and x and this 
is used to update the model’s parameters using backpropagation 
and a variant of gradient descend, being the most common nowa-
days Stochastic Gradient Descend and Adam [70]. During training, 
one critical step is choosing proper values for the hyperparame-
ters that the optimization algorithm requires. Such is the case of 
the learning rate, learning rate decay schedule, and regularization 
strength.

The choice of the loss function is critical in solving an inverse 
problem using these types of CNNs. Because the objective of these 
models is to recover the original signal x, which is codified as an 
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Fig. 3. Most commonly used residual blocks in image and video restoration and SR. Conv indicates a convolution layer and G Pooling refers to a global pooling operation.
image or a video, pixel-wise regression loss is most commonly 
used. Typically, most models employ an l2 distance, also known 
as Mean Squared Error (MSE), or similarly the Mean Absolute Er-
ror (MAE) and the Charbonnier loss [71].

Notice that, by training CNNs this way, the model solves the 
problem by risk minimization, which, coupled with the vast num-
ber of possible solutions, tends to produce blurred results. Indeed, 
it is well known in the image processing literature [59,54] that 
pixel-wise MSE does not fully reflect the difference in the visual 
quality between two images, favoring solutions with low frequen-
cies. Several models solve this issue by using additional regular-
ization terms in the loss function, such as total variation regular-
ization. These regularizations impose image priors that discourage 
over-smooth solutions. Similar to this approach, several works have 
proposed [59,54,63,32] to train the CNN model adding different 
terms to the loss function together with the pixel-wise losses. One 
of the most successful approaches has been the introduction of a 
feature-based loss. This loss measures the difference between two 
images x and x̂ using the features of a pre-trained CNN for object 
detection vψ :

lfeat = ||vψ(x̂) − vψ(x)||22. (2)

Several works [59,54,72] have found that such features reflect 
properties of the human visual system and have even been used 
as a metric to determine the quality of the reconstruction in sev-
eral image processing related tasks [72–74]. The motivation behind 
the use of such features is to capture a very robust representa-
tion of the input image. While the details of the input image are 
lost as a result of the multiple convolution operations, its content 
and structural information are stored in the feature maps. Thus, 
minimizing this loss forces the CNN to produce images with the 
same structure as the ground truth. In the case of BID, SR and VSR, 
their use has been proved to be effective in producing images with 
high perceptual quality [59,54,63,32]. However, they must be used 
in conjunction with other losses since models trained with only 
feature-based losses tend to produce images with high-frequency 
artifacts [63]. More precisely, they are usually used together with 
pixel-wise and adversarial losses to be described next.

2.4. Using generative adversarial networks for inverse problems

All CNN models introduced are discriminative models, mean-
ing that they only model p̂θ (x|y) ∼ p(x|y). In contrast, generative 
5

models model the data distribution p(x) and, therefore, can sample 
from it. Generative Adversarial Networks (GANs) [75] are DL-based 
generative models introduced for approximating image and video 
distributions. GANs have proven to be able to generate realistic 
samples of different signal distributions, such as sounds and im-
ages of faces or bedrooms.

GANs consist of two networks: a generator gθ and a discrim-
inator or critic dφ . The samples are produced by gθ by mapping 
a random vector z (usually z ∼ N(0, I)) to the data distribution. 
These models are trained to compete with each other:

Ld(φ; θ) = −Ex∼X
[
log dφ(x)

] −Ey∼Y
[
log(1 − dφ(gθ (y)))

]
(3)

Lg(θ;φ) = −Ey∼Y

[
log

dφ(gθ (y))

1 − dφ(gθ (y))

]
. (4)

As it can be seen, the minimum value of the discriminator loss in 
(3) is obtained when a probability of 1 is assigned to all samples 
from the data distribution Ex∼X and 0 to the samples generated by 
the generator gθ (y). Meanwhile, the generator loss (4) is minimum 
when the dφ(gθ (y)) is 1 for all generated samples. In other words, 
the discriminator is trained to distinguish between samples from 
the data distribution and those generated by the generators, while 
the generator must fool the discriminator. This training scheme al-
lows GANs to learn the complex density associated with natural 
data distributions without defining them explicitly. Moreover, this 
occurs only through an indirect interaction with the training dis-
tribution via a discriminator network dφ .

In the case of inverse problems, producing a sample from p(x)
is not enough since the problem at hand requires the ability to 
sample the most probable x giving an observation y. As such, in-
stead of starting with a only random vector z, we could instead 
condition our generator gθ on the observation y, which would 
then output a reconstruction x̂ = gθ (y, z). Similarly to the gen-
erative case, the discriminator determines whether the prediction 
made by the generator x̂ looks natural or not. This is the so-called 
conditional GAN (cGAN) framework and it is illustrated in Fig. 4.

In all cases, once the networks are trained, the discriminator 
is discarded and only the generator is used. In cGANs for image 
inverse problems, the adversarial loss is usually optimized in addi-
tion to other losses. This is because GANs, despite numerous efforts 
[76], are difficult to train, showing a tendency to collapse to spe-
cific patterns that are shown as high-frequency artifacts [63]. The 
use of supplementary losses, such as pixel-wise MSE, solves this 



S. López-Tapia, R. Molina and A.K. Katsaggelos Digital Signal Processing 119 (2021) 103285

Fig. 4. The GAN framework for inverse problems. Given an observed image, the generator outputs a prediction for the output image, and the discriminator determines 
whether its input was synthesized by the generator, or comes from the training data.
issue and has allowed the introduction of GANs in SR [54], VSR 
[63] and BID [77,78]. Notice, however, that similarly to other CNN-
based models, their application in BID is limited to only specific 
types of blurs, such as non-uniform motion blur.

As an alternative to previous approximations, Sonderby et al. 
[27] reformulated the SR problem as a maximum a posteriori
estimation problem. The network’s output is restricted to only 
those compatible with the observation and image formation model 
through the use of an affine projection:

x̂ = (I − A+ A)gθ (y, z) + A+ y, (5)

where A+ is the pseudo-inverse of the degradation A. Doing so, 
the relationship between x and y is explicitly introduced into the 
architecture of the network. This leaves only the data distribution 
p(x) to be estimated, which can be done using a GAN. Thus, this 
model can be trained without the need for full supervision (data 
pairs y and x). However, as later shown by the authors in [32], 
these results are only applicable in practice for small scaling fac-
tors (smaller than two) since the GAN becomes unstable for higher 
ones causing too many artifacts.

In semi-supervised and unsupervised learning, models based on 
GANs have established the state-of-the-art for solving image in-
verse problems. In these problems, we have to map the observed 
degraded data to clean data without knowing the formation model 
nor having data pairs, only samples from both distributions. In 
these cases, a GAN can be used to establish a mapping directly 
between the two distribution [79] or another intermediary one 
[80,81]. Notice that supervised learning models cannot be used in 
these scenarios since we do not have data pairs nor a way for gen-
erating them.

2.5. Combining neural networks and analytical methods

In the previous section, we have discussed how image inverse 
problems can be addressed using end-to-end NNs. However, as ex-
plained in Section 1, despite their advantages over analytical meth-
ods, incorporating domain-knowledge into these models is harder 
and, because of that, they are not robust to degradations not seen 
during training. Thus, these models are not well suited for prob-
lems with a high variation in degradations. This is the main reason 
why in image and video restoration, these models have only been 
applied to specific types of blurs, like motion blur. Models combin-
ing both DL and analytical approaches have been proposed to solve 
the issues mentioned above. Several different approaches exist that 
combine both methods. Here, we will focus on the most common 
strategies. We will refer to these models as hybrid DL models to 
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differentiate them from other DL-based approaches for the rest of 
the paper, which we will refer to as simply DL models

One of the key factors of DL-based models is that they are 
very effective in modeling complex data distributions, being able 
to correct for artifacts and noise when the same type of distor-
tions has been seen during training. Therefore, they can refine 
the solution of analytical approaches and correct for artifacts and 
noise. In the case of image and video restoration, several works 
[28,82,31,33] have followed this approach. They apply a two-phase 
strategy: First, an analytical model calculates one or several initial 
estimates of the reconstructed image. Then, these images are used 
by a DL model to produce the final estimates. Following this ap-
proach, the authors of [28] propose using a U-net to denoise the 
estimation obtained using filtered back projection in medical imag-
ing problems. Similarly, the authors of [31] use a U-net to remove 
the noise introduced by a Tikhonov deconvolution in BID of galaxy 
surveys. In contrast to previous works, in [82] the authors intro-
duce a CNN model fed with several estimates of the latent image. 
These estimates are obtained using the method in [83] with differ-
ent prior strengths and provide complementary information that 
the network combines into the restored image. López-Tapia et al. 
[33] perform image restoration and SR with a cascade CNN that 
takes a very noisy estimation of the deblurred LR image. This esti-
mate is obtained using the Zhou et al. [11] method to estimate the 
PSF and a Wiener filter. Then, the network cleans the deblurred LR 
image and upsamples it to produce the HR estimation.

Apart from the previous hybrid models, a different group of 
methods use NNs as data priors and integrates them directly into 
the optimization process of the analytical method. They use vari-
able splitting techniques such as the alternating direction method 
of multipliers (ADMM) [84] and half-quadratic splitting (HQS) [85]
to split the inverse problem into two subproblems [86]: a reg-
ularized recovery one (subproblem A) which uses as penalty the 
squared Euclidean distance to an image. This image is estimated 
using an appropriate denoising technique (subproblem B), which 
in these methods is the NN. Both subproblems are more acces-
sible than the original one. The denoising step can be seen as 
projecting the estimated image into the set of “real” images, and 
as such, a way to model the prior term. In this case, instead of 
hand-engineering the prior term, NNs are used to learn it from 
the data. In [87] and [88] the proximal operator [89] associated to 
subproblem B is replaced by a denoising CNN and applied to image 
denoising, restoration, inpainting and SR. In [90] the authors opted 
for a denoising autoencoder network inspired by the U-Net archi-
tecture. Huang et al. [91] improve this approach for BID by using 
a residual CNN to estimate only the noise. Zhang et al. [92] ex-
pand on the approximation of [88] for SR by tasking the CNN with 
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Fig. 5. A high-level illustration algorithm unfolding. A deep network (right) can be constructed from a corresponding iterative algorithm (left) by cascading its iterations 
h(·; θi) a fixed number of times n.
upsampling and denoising. In contrast to the previous approaches, 
Chang et al. [93] use a combination of adversarial learning and a 
denoising autoencoder as the proximal operator.

A related approach to the previous one replaces the whole pro-
cess or part of it with a randomly initialized DL model whose 
weights are optimized to fulfill the observation model. These inter-
nal learning methods have been introduced for SR and deblurring 
problems [94–96]. The success of such models lies on the use of 
priors naturally encoded in CNNs. This approach is known as Deep 
Image Prior [94]. As previously stated, these approaches consist of 
optimizing the weights of a network fθ that takes the observation 
y as input to minimize the back-projection error ||y − fθ (y)||22. 
Surprisingly, the network architecture is able to regularize the 
process and produce pleasing images without further regulariza-
tion. Following this basic approach, Wang et al. [95] proposed a 
new method for image deconvolution, and Ren et al. [96] fur-
ther adapted it to BID. Notice that deep image priors can be used 
in conjunction with explicit priors, as shown by the authors of 
[97,98].

Combining analytical and DL methods using the last two ap-
proaches allows for high flexibility and efficiency by integrating 
the DL model into the optimization. However, these methods do 
not provide a fully amortized approach; for each image, the solu-
tion must be found iteratively, which incurs a high computational 
cost since several forward passes through the NN must be per-
formed.

Another common alternative for combining both analytical and 
DL-based models for image inverse problems is algorithm unfold-
ing or unrolling. Unrolling methods were first proposed to develop 
fast neural network approximations for sparse coding [24]. The 
basic idea behind algorithm unfolding is to use the layers of a 
network to implement the steps of an iterative algorithm. The net-
work parameters replace the algorithm’s parameters (the model 
parameters and regularization coefficients). In contrast to the orig-
inal algorithm, these parameters are not fixed. Instead, the model 
is trained end-to-end on data samples to learn them. Notice that 
the size of the model is fixed. Thus, passing through the network 
is equivalent to executing the iterative algorithm a finite number 
of times. See Fig. 5 for an illustration of the unfolding framework.

Following the algorithm unfolding framework to design a DL 
model presents a series of advantages over using a traditional DL 
model:

1. Since the network architecture mimics the operations of an 
iterative algorithm designed to solve the problem, the model’s 
architecture introduces domain knowledge.

2. Because each layer performs a more complex operation than 
conventional neural network layers, the number of layers is 
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smaller. This translates into models with far fewer parameters. 
Thus, these models need fewer data to train and generalize 
better.

3. In contrast to traditional DL models, the function of each layer 
is known, and the model can be easily interpreted.

These advantages, especially the potential of unrolled deep 
networks in developing efficient high-performance and yet inter-
pretable network architectures, have caused the growth of this 
type of DL-based models’ popularity. In the case of SR and restora-
tion problems, the first unrolled deep network, LISTA [25], was 
proposed for image SR. The authors propose a network that imple-
ments the Iterative Shrinkage and Thresholding Algorithm (ISTA) 
steps, one of the most popular approaches in sparse coding. A deep 
network is constructed by mapping each iteration of ISTA to a layer 
and stacking them. Following the unfolding approach, the authors 
of [99] propose an end-to-end trainable unfolding network that 
leverages both learning-based methods and model-based methods, 
USRNet. They do this by integrating both subproblems of ADMM 
into a convolutional network with eight iterations.

For non-blind image deconvolution, RGDN [100] integrates both 
subproblems of ADMM into a recurrent convolutional network, 
where a standard CNN block replaces the gradient of the image 
prior unit. For the blind scenario, the architecture introduced in 
[56] is formed by concatenating multiple stages of essential blind 
image deblurring modules: feature extraction, kernel estimation 
and image estimation. Feature extraction is implemented with a 
CNN while the other two modules perform basic blind image de-
blurring operations using the features extracted. More recently, Li 
et al. [26] proposed a new network architecture product of un-
rolling a generalization of the traditional iterative total-variation 
regularization method in the gradient domain.

Up to now, we have presented a review of the most commonly 
used DL-based models for image and video restoration and SR. 
In the following subsection, we will introduce certain DL models 
that have yet to be applied to these problems but show promising 
properties.

2.6. Recent developments: inverse networks

One of the main limitations of current DL models is their lack 
of adaptability to degradations out of the distribution of the train-
ing data. Except for some models like [32], this issue is addressed 
through the combination of DL models with analytical approaches 
using the approximations described in Section 2.5. Several of these 
approximations use the DNNs to model complex data distributions. 
A different development related to the modelization of complex 
data distributions using DL-based methods needs to be mentioned. 
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Fig. 6. A high-level illustration comparing GANs, VAEs and INNs. We focus on the overall architecture and the loss of information when performing projections between the 
image and latent space.
Inverse Neural Networks (INNs) are NNs that approximate bijective 
functions and have a forward and backward mapping. Similarly to 
autoencoders, they can code and decode. However, in contrast to 
autoencoders, this process is always lossless. Furthermore, they can 
be used to implement Normalizing Flows [101]. These allow them 
to be trained to maximize the likelihood of the data distribution 
P x(x):

P x(x) = P z(z = fθ (x))|det∇fθ |, (6)

where fθ is the INN, z the codification of x in the latent space 
of distribution P z . Notice that the distribution P z is fixed. Thus 
as long as |det∇fθ | can be calculated or approximated, the model 
can be trained. Maximizing the likelihood of the data directly and 
encode and decode losslessly are the main advantages of these 
models. Fig. 6 shows a comparison between INNs and the other 
most generative DL-based architecture, GANs and Variational Au-
toencoders (VAEs). GANs can only generate, not encode, and they 
approximate the data distribution indirectly by adversarial train-
ing. VAEs can lossy encode and decode and they do not directly 
maximize the likelihood but a lower bound. However, it is im-
portant to notice that most current INNs are significantly slower 
than conventional networks. The two most common INN architec-
tures are those base on Affine coupling layers [102] and i-ResNets 
[103].

Currently, very few approaches based on INNs have been pro-
posed for SR and BID. However, for SR, SRFlow [104] has shown 
the remarkable capabilities of such models. This model is not de-
terministic, producing not a point estimation but a distribution. 
Because of this, this model is able to balance the introduction of 
high frequencies, artifacts and blur. Not only that, but existing HR 
images can be mapped back to the latent space and used to im-
prove the HR estimation of similar images. All without the need 
for retraining the model. The authors of [105] use these models as 
priors for analytical approaches for compressing sensing, inpainting 
and denoising. The results show that they are significantly more ef-
fective than GAN priors, avoiding mode collapse and being robust 
to out of distribution samples.
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3. Open problems and future areas of research

In the previous sections, we have introduced DL models and 
their most common applications to inverse problems. DL-based 
models have shown two important advantages when compared 
to analytical approaches, mainly their efficacy and efficiency. We 
have, however, identified two scenarios that represent open prob-
lems, far less explored than others and that we believe will be 
important areas of research in the future. These are: processing 
images and videos in the “wild” and integrating DL models for im-
age and video processing as part of more complex systems.

3.1. Processing images and videos in the “wild”

The first scenario addresses images captured in real-world ap-
plications where not all acquisition factors are controlled. As a 
result, such images and videos are affected by several degrada-
tions and noise. Thus, recovering them is a more challenging prob-
lem than studied restoration or super-resolution. Although some 
of the models for SR and BID presented in the previous section 
[99,33] are able to work with several degradations at the same 
time, these models are still far from being able to perform well in 
the “wild” setting. An example of this scenario are images taken 
by a surveillance drone. They suffer from multiple degradations, 
such as blurring and aberrations caused by the camera lens, atmo-
spheric turbulence, motion blur, low resolution for distant objects, 
noise and compression artifacts due to limits in storage and trans-
mission bandwidth. If parts of the target objects are occluded, 
inpainting would be required. Lightning and weather conditions 
must also be taking into account. Another example is the improve-
ment of satellite images. These images are affected by atmospheric 
disturbance and occlusions caused by clouds. Furthermore, some 
bands of multispectral and hyperspectral images may suffer from 
low spatial and temporal resolution. It is also worth mentioning 
the restoration and color normalization of histopathological im-
ages. Several public challenges in recent years have addressed sim-
pler but similar scenarios to the one described here for image and 
video restoration, SR and denoising [106–110].

When solving inverse problems with DL one faces mainly two 
issues. The first one is the wide variety of possible combinations 
of degradations that could affect the observation. As more degra-
dations are taken into account, the necessary number of instances 
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to represent the data space properly grows exponentially (curse 
of dimensionality). Most DL models lack the generalization capa-
bilities to handle problems with a wide variety of degradations. In 
other words, they are not robust to degradations not present in the 
training set. Moreover, even if the initial conditions are restricted 
and a representative training dataset can be constructed, the con-
ditions that affect the capture of image or video may change in 
the future. For example, in remote sensing, the sensor can change 
over time or from one dataset to another, causing a modification 
of the parameters of the image formation model. Even if it does 
not introduce new noise types or degradations, the images will 
differ significantly from those in the training set. This is known 
as “data drift” [111]. Several approaches have been introduced to 
solve such lack of generalization issues. Except for some models 
like [32], these approaches focus on the combination of DL models 
with analytical approaches using the methods described in Sec-
tion 2.5. However, it is important to notice that they have not been 
applied to the solution of inverse problems in “wild”. The most 
complex degradation solved using the models presented in Sec-
tion 2.5 is a combination of motion blur, downsampling and noise 
[99,33]. Of all hybrids models, we believe that unfolding algorithms 
are very promising. They are easier to integrate into more complex 
systems because they require significantly less memory and com-
putation than other hybrid approaches. A system composed of a 
combination of several of these unrolling methods could be one 
possible approximation to address this problem.

When processing images and videos in the “wild”, the second 
issue is the lack of an effective method to obtain training data for 
supervised learning, which could be more challenging to address 
than in cases described above. Since the parameters of all degra-
dations may not be known and some of the degradations may not 
have an explicitly known form, the use of the image formation 
model to obtain synthetic pairs of training data is not possible. For 
example, tissues in histopathological images may present occlu-
sions due to folds in the tissue and other geometric deformations 
caused by the tissue extraction and scanning process. Furthermore, 
in some cases obtaining a record of the target simultaneously with 
the input is not possible. In the case of images taken to train a 
surveillance drone, the turbulence of the atmosphere and light and 
weather conditions cannot be controlled to produce a target and 
an input from the same scene. Without pairs of input and target 
data, supervised learning cannot be used. Since most DL models 
for solving inverse problems are trained in a supervised fashion, 
they can not be used. The use of GANs to achieve semi-supervised 
learning could be here quite effective [79–81]. However, adapting 
most models for GAN training is not an easy task. Not only that, 
but it is vital to take into account that GANs tend to be hard to 
train. Without specialized architectures and careful training, they 
will not converge.

3.2. Integration into more complex systems

The other relevant area of research is integrating image and 
video processing DL models as part of a more complex system for 
object detection, recognition or segmentation. These models are 
also known as “task-specific” models. In these cases, the percep-
tual quality of an image is less relevant than recovering “features” 
necessary for the system to perform well. We can find several ex-
amples where the quality of the image is not the main focus but 
the performance of the system which uses such image for classi-
fication or segmentation. Such is the case of color deconvolution 
and normalization [112,113] and restoration [114,115] of medical 
images. In a more general case, we can also find some open public 
challenges where this is the objective [108,109].

In this context, we have identified two issues that need to be 
addressed. The first one relates to the robustness and reliability 
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of the models. Most models discussed in the previous section can 
only produce point estimates, lacking the capacity to produce a 
confidence estimate. Therefore, they cannot assess the quality of 
their output. This is to say, they cannot determine when the image 
has been restored properly. This issue is especially relevant with 
BID models, where a wrong estimation of the PSF can cause severe 
artifacts. When the objective of the inverse problem is recovering 
the latent image or video with the purpose of visualization by a 
human, the human observer can easily assess the quality of the 
reconstruction. However, this is not the case for an automatic sys-
tem. Some artifacts and noise can severely affect the accuracy of 
a classifier. For instance, consider a license plate recognition sys-
tem dealing with atmospheric turbulence and motion blur. If the 
reconstruction is not precise enough, digits can be confusing (for 
example, a 0 for an 8). In such applications, estimating the uncer-
tainty of the estimation is key.

Few approximations for solving image inverse problems with 
DL have tackled uncertainty estimation. However, there exist sev-
eral approximations that can be used with DL models. First, GANs 
and VAEs are non-deterministic models. By sampling, the mean 
and variance of the image distribution can be calculated, obtaining 
an estimation of the uncertainty. Using the same strategy, confi-
dence estimations can be calculated with Bayesian NNs [116] by 
sampling dropout masks. An alternative to NNs is to adapt Gaus-
sian Processes (GPs) to work with the raw signal directly [117,118]. 
However, this is a challenging problem. Recently Morales et al. 
[119] have introduced an alternative method that combines both 
NNs and GPs by using the GPs as non-linear activations, obtaining 
compelling results. A good alternative is to combine the feature 
extraction capabilities of a DL model with GPs. Finally, INNs, to-
gether with Normalizing Flows, can be used to implement models 
producing not a point estimation but a distribution [104].

The second and final issue withe the integration in complex 
systems is the lack of proper metrics to quantify and compare 
the performance of these models without testing the whole sys-
tem. As can be seen from an analysis of the literature presented in 
Section 2, most models quantify their performance using metrics 
designed to evaluate the perceptual quality for human observers. 
Such is the case for the most common full-reference quality met-
rics, the Peak Signal to Noise Ratio (PSNR) and the Structural 
Similarity Index Measure (SSIM), and also the no-reference quality 
metrics like BRISQUE [120], or NIQE [121]. However, the features 
relevant for the human visual system do not have to correlate to 
those necessary to perform the system’s task. For example, de-
blurring the background of a blurred portrait photo of a person 
increases any of the previous figures of merits without improving 
the performance of a system for face recognition since the face 
has not been restored. One alternative that has been utilized in 
some applications [112,113] measures the quality of the estimation 
by evaluating the detection performance of a set of CNN models. 
Since most CNNs used for object detection and classification rely 
on textural features [122], this approximation produces a reason-
able estimation of the performance of other CNNs. However, as 
shown in [122–124], there exist approximations that allow CNNs 
to extract shape-based features and improve the robustness of the 
model. In these cases, and when hand-crafted features are used, 
this method is unreliable. Unfortunately, at the moment, there is 
no straightforward solution.

4. Conclusions

DL models are currently the most used approximations to solve 
image inverse problems. The vast majority of these methods takes 
an end-to-end approach to solve the inverse problem by learning 
the function from a dataset of input and output pairs (see Sec-
tion 2.1). The most common approach for training these methods is 
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using regression losses and synthetically generated data. However, 
other approaches using perceptual losses, regularizations and even 
semi-supervised learning have been proposed. See sections 2.3 and 
2.4.

The first approximations to increase the performance of these 
models focused mainly on increasing the complexity and improv-
ing the optimization of the DL model. However, as researchers 
started to tackle more complex inverse problems, like BID, the 
focus shifted towards improving these models by introducing do-
main knowledge. Although some DL models, like [27,32], have 
shown remarkable advances by introducing this domain knowledge 
through clever restrictions and manipulations of the architecture, 
the most successful approximations are hybrid ones. These new 
models have successfully combined the flexibility of analytical ap-
proximations and the effectiveness of DL models. Hybrid models 
can tackle inverse problems with a wide variety of degradations 
while outperforming analytical methods and DL models. However, 
this has come at the cost of higher computational requirements. 
We have presented these models in Section 2.5.

While the techniques described in this article are successful at 
solving inverse problems in imaging, surpassing the analytical state 
of the art, there still exist challenges that they have yet to solve. As 
we explain in Section 3.1, current approximations are not yet ca-
pable enough to be used in the “wild”. In such a scenario, images 
and video are degraded by a combination of multiple degradations 
and noise types. The image formation model may even be only 
partially known. The interest in such cases is growing, and we be-
lieve that obtaining such models is going to be one of the main 
lines of research in solving image inverse problems in the future. 
To solve the problem, the combination of hybrid models, espe-
cially unfolded ones, and semi-supervised learning, like the one 
used with Cycle GANs in [79–81], will be of critical importance.

The second open problem that we have identified in Section 3.2
is the integration of DL models within other systems for object 
detection, recognition or segmentation. Most DL models produce 
only a point estimate without any uncertainty estimation. Thus, 
there is no way of knowing if the estimation is reliable. After all, 
by their nature, the solution to an inverse problem cannot be de-
terministic since there is an infinite number of possible solutions. 
Moreover, current metrics and techniques for assessing the per-
formance of these models only consider the perceptual quality in 
regards to a human observer. We believe that, together with the 
development of new metrics, the integration of uncertainty estima-
tion techniques, like the one proposed in [119], would be essential 
lines of future research.

Finally, and because of the two open problems presented in 
Section 3, we expect future research in DL-based approaches for 
inverse problems will depart from the traditional end-to-end map-
ping approach and instead focus on solving a concrete step of the 
formulated inverse problem. Therefore, they will converge to hy-
brid models between traditional analytical approaches and DL. We 
expect that with the introduction of new approaches, like inverse 
networks and Gaussian processes, the current limitations of these 
models, like their computation requirements, will be mitigated.
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