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• Consider the restoration as a linear inverse problem

y = Hx+ e,

where the goal is to reconstruct an unknown image x 2 RN
from the noisy

measurements y 2 RM
. Here, H 2 RM⇥N

is a degradation matrix and

e 2 RM
corresponds to the measurement noise, which is assumed to be

additive white Gaussian (AWGN) of variance �2
.
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• As practical inverse problems are often ill-posed, it is common to regularize the
task by constraining the solution according some prior knowledge.In practice,
the reconstruction often relies on the regularized least-squares formulation

x
⇤ = argmin

x

�
ky �Hxk2`2 + �⇢(x)

 
,

where the data-fidelity term ensures the consistency with measurements, and
regularizer ⇢ constrains the solution to the desired image class. The parameter
� > 0 controls the strength of regularization.
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• Currently, deep learning achieves the state-of-the-art performance for di↵erent
image restoration problems. The core idea is to train a CNN via the following
optimization

⇥⇤ = argmin
⇥

L(f⇥(y),x),

where f⇥(·) represents the CNN parametrized by ⇥. L denotes the loss
function.
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• In the past decade, sparsity-driven regularization has led to significant im-

provements in image reconstruction. Traditional regularizers, such as total

variation (TV), rely on analytical models of sparsity. However, increasingly

the field is moving towards trainable models, inspired from deep learning.

Deep image prior (DIP) is a recent regularization framework that uses a con-

volutional neural network (CNN) architecture without data-driven training.

This paper extends the DIP framework by combining it with the traditional

TV regularization. We show that the inclusion of TV leads to considerable

performance gains when tested on several traditional restoration tasks such

as image denoising and deblurring.
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Proposed Method
• The goal of DIP-TV is to use the TV regularization to improve the basic

DIP approach. We first consider the optimization problem and the objective

function of DIP. One can find that the ky�Hf⇥(z)k2`2 term corresponds to

the data-fidelity term in by replacing f⇥(z) with an unknown image output.

Thus, we can consider replacing with an optimization problem

⇥⇤ = argmin
⇥

�
ky �Hf⇥(z)k2`2 + �⇢TV(f⇥(z))

 
,

such that x
⇤ = f⇥⇤(z).

It is similar to training of a CNN and one can rely on any standard optimization

algorithms.
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• Recently, Ulyanov et al. [2] proposed to use CNN-based methods in an al-
ternative way. They discovered that the architecture of deep CNN models
is well-suited for representing natural images, but not random noise. With a
random input vector, CNN can reproduce the clear image without supervised
training on a large dataset. In the context of image restoration, the associated
optimization for DIP can be formulated as

⇥
⇤ = argmin

⇥
ky �Hf⇥(z)k2`2 , such that x

⇤ = f⇥⇤(z).

where z 2 RN denotes the random input vector. The CNN generator is ini-
tialized with random variables ⇥, and these variables are iteratively optimized
so that the output of the network is as close to the target measurement as
possible.
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• Total variation (TV) is one of the most widely used image priors that promotes
sparsity in image in image gradients [1]. It has been shown to be e↵ective in
a number of applications. The `1-based anisotropic TV is given by

⇢TV (x) ,
NX

i=1

|[D1x]n|+ |[D2x]n|,

where D1 and D2 denote the finite di↵erence operation along the first and
second dimension of a two-dimensional (2D) image with appropriate boundary
conditions.
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Conclusion
• This work has presented a simple method, namely DIP-TV, to improve the

deep image prior framework, leading to promising performance, equivalent
to and sometimes surpassing recently published leading alternatives, such as
BM3D and IRCNN. The proposed method is based on the recent idea that
a CNN model itself can act as a prior on images and improve sparsity pro-
moting priors via the `1-norm penalty on the image gradient. The results
on images denoising and deblurring demonstrate that TV regularization can
further improve on DIP and provides high-quality results.
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