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Abstract
Noise and low-resolution are problems that often occur in medical and biological
imaging. Convolutional neural networks have shown expressive results for reconstruction tasks, such as denoising and super resolution. One of the drawback of
traditional supervised deep learning approaches is the need for a large training
dataset. In some domains, such as the medical or biological, large datasets are difficult to acquire and generating labels or data pairs is time- and resource-consuming.
In addition, using a large training dataset can enhance the e↵ect of hallucination,
that is when features exist in a joint distribution, but not in the statistic of a single
image. Developed for natural images, the Deep Image Prior method can overcome
these limitations. A single image is used to train a network in an unsupervised
way. Since the approach is based on the network architecture, di↵erent settings for
denoising and super resolution are tested for single natural images and a microscopy
dataset. The results show that the baseline settings from the original work can be
outperformed if the model capacity is increased and other activation functions are
used. It is shown, that the best setting for an image is image-specific not datasetspecific. This means that although a setting performs well on average on a dataset,
single images might have di↵erent best settings.
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Introduction

All modalities used in medical and biological imaging, such as X-ray, computed
tomography (CT), magnetic resonance imaging (MRI), ultrasound (US) and optical coherence tomography (OCT), microscopy imaging, are a↵ected by noise and
speckles [13, 17]. Aside from the state-of-the-art non-learned denoising approaches
[9, 4], convolution neural networks (CNNs) have proven their value [37]. One of the
problems with common deep-learning based denoising methods is an e↵ect called
hallucinations [22]. Based on the provided training dataset and the therefore represented joint distribution, false image features looking like valid features can be
generated in the input image. In natural images, the e↵ect of hallucinations might
be acceptable [34], but for medical images this could lead to false diagnoses or conclusions and should therefore be avoided [22]. In addition to that, for some domains,
such as the medical and biological domain, it might be difficult to obtain a large
dataset with data sample pairs for training a neural network.
Traditional deep learning approaches, such as for denoising, super resolution and
inpainting, have a dedicated training phase using a large (labeled) dataset, and an
independent inference phase, where predictions for new data are generated [16, 24].
In contrast to that, the Deep Image Prior (DIP) method by Ulyanov et al. [31]
introduces an unsupervised way to solve inverse problems. Although, the authors’
goal is not to beat other state-of-the art methods in the respective restoration task,
the method shows powerful results considering that the network is initialized randomly and no pre-training is necessary. Similar to a generative network approach,
the DIP network generates an image. It does so by using a random input vector
and a corrupted version of a single image. Since the network has a low impedance
to signal and a high impedance to noise, the low frequencies of a natural image are
fitted faster than the high frequency of the noise [5].
The contributions of this work are:
• implementation of the DIP method for denoising and super resolution in Tensorflow [1].
• comparison of di↵erent network architecture settings, such as activation functions, feature map settings, down- and upsampling methods, input channels
• evaluation and experiments with a cell microscopy dataset
The work shows that:
1. For denoising, the results of the baseline setting can be improved and the
optimal setting is the same for the natural image and the microscopy dataset.
This behavior can not be translated to super resolution where the optimal
setting for the natural image depends on the performance measure and the
baseline setting is already the best setting for microscopy images.
2. The best architecture setting for an entire dataset is not necessarily the optimal
setting for all individual images.
3. The inference time is quite long for a large dataset without parallelization.
The report is organized as follows. In Section 2, related work about Deep Image
Prior and Deep Internal Learning are covered. The theoretical background, the
application tasks, the workflow, and the model architecture of the DIP method
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are introduced in Section 3. The data is described in Section 4. The performance
measures and the experimental results are presented in Section 5 with an analysis
and discussion of advantages and disadvantages of the method in Section 6. Finally,
an outlook for future work is provided and a conclusion is drawn in Section 7.

2

Background

Deep Image Prior (DIP) was introduced by Ulyanov et al. [31] in 2018. Their work
focuses on the a-priori knowledge that is introduced by the network architecture and
how this fact is used to solve inverse tasks, such as denoising, super resolution and
impainting. A single image is used during inference time to train a network. The
image-specific trained model predicts the reconstruction with a random noise input
vector. In the following paragraphs, further research on a better understanding,
combinations with other methods and improvements are presented together with
applications, focusing on the medical and biological domain.
Cheng et al. [7] provide a Bayesian perspective on DIP. To include Bayesian posterior inference in DIP, they use stochastic gradient Langevin dynamics (SGLD), a
method based on stochastic gradient descent (SGD) that adds noise to the parameters at each gradient update step. The original DIP already uses random input
perturbations at each training step. However, SGLD adds noise to all parameters,
including the weights ✓. The authors show that they achieve better results for natural image denoising and inpainting with SGDL compared to experiment setups with
SGD. Furthermore, SGDL stabilizes the training over several 10k training iterations
and eliminates the need for early stopping.
Laves et al. [22] show that the SGDL approach for natural images by Cheng et
al. is not applicable for medical imaging modalities. They test a Bayesian approach
with Monte Carlo dropout and full negative log-likelihood against SGDL and nonBayesian DIP for optical coherence tomography (OCT), chest X-ray and ultrasound
images. Their results show that the overfitting of SGDL is similar to non-Bayesian
DIP. Furthermore, their approach does not only consider epistemic uncertainty, that
is uncertainty about model parameters, but also aleatoric uncertainty, that is uncertainty in the data due to noise.
Another aspect of deep prior approaches have been investigated by Dittmer et
al. [10]. They study di↵erent interpretations of DIP and focus more on the intrinsic regularizing properties. Along the analysis on a more mathematical level,
numerical verifications are presented.
DIP-TV by Liu et al. [19] is a combination of DIP with Total Variation (TV).
Anisotropic TV is used as additional regularization for the optimization problem
and is added to the data term. This leads to piecewise smooth solutions, this are
uniform regions in the resulting image.
Another method combination with DIP is introduced by Mataev et al. [21] - DeepRED
incorporates Regularization by Denoising (RED) into DIP. RED is a framework
where a regularization term is defined by means of a denoiser, which means a denoiser is turned into a regularization.
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There is some research on improving the hand-designed SkipNet architecture of
the original paper [31]. Chen et al. [6] use Neural Architecture Search (NAS) with
a recurrent neural network (RNN) controller to find an optimal architecture within
their designed search space. The search space of the NAS-DIP is designed to find an
upsampling layer in the decoder and the cross-level feature connection from encoder
to decoder. An improved performance compared to conventional U-Net design [26]
is shown for denoising, super resolution, dehazing, image-to-image translation, and
matrix factorization.
Segawa et al. [28, 27] have studied the activation function used in the SkipNet for
super resolution and denoising. They propose a new activation function RSwish,
which is based on Swish [25] but with a random slope for negative x values.
Deep Image Prior is already used for various medical imaging and reconstruction
applications, such as in positron emission tomography (PET) images reconstruction
[14, 35, 8, 15, 29], time-dependent dynamic magnetic resonance imaging (MRI) reconstruction [36], undersampled photoacoustic microscopy (PAM) [33], reconstruction of sparse microscopy images [38, 30], OCT image restoration [11], computer
tomography (CT) reconstruction [3], and compressed sensing in CT and retinopathy images [32].
Gandelsmann et al. [12] introduce Double DIP, a unified framework for image decomposition. They combine multiple DIP networks, to decompose a natural image
into its layers. Tasks, such as foreground/background segmentation, image dehazing, watermark-removal and transparency separation, are tested.

3

Deep Image Prior (DIP) method

In this chapter, the problem formulation and the learning principle of the DIP
method are explained. Then, the options for the model architecture are reviewed
and finally, the training is explained in a step-by-step manner.

3.1

Problem formulation

In general, a deep neural network can be interpreted as a parametrization x = f✓ (z)
0
0
0
with an image x 2 RC⇥H⇥W , an input vector z 2 RC ⇥H ⇥W and the network f
with weights ✓. The channel number for RGB images is C = 3, for grayscale images
C = 1. [31]
Ulyanov et al. [31] consider an image restoration problem to be an energy minimization problem:
x⇤ = minx E(x; x0 ) + R(x).
(1)
E(x; x0 ) is a data term depending on the considered inverse task, x0 the corrupted
image, and R(x) a regularization term that should capture a general prior on natural
images. The search for the optimal x⇤ is performed in image space. By using a
mapping function g(✓) = x, the optimization can be performed in another search
space:
✓⇤ = min✓ E(g(✓); x0 ) + R(g(✓)), x⇤ = g(✓).
(2)
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For the DIP method, we use the model parameter space as optimization space.
The separate regularization term R(x) is neglected and an implicit network prior
f (.) is introduced as implicit regularization which results in
✓⇤ = min✓ E(f✓ (z); x0 ), x⇤ = f✓⇤ (z).

(3)

Equation 3 is an optimization problem in ✓ which can be solved by using a gradientbased optimizer. The restored image is given by x⇤ = f✓⇤ (z) with optimal parameter
✓⇤ . The input z is a random vector filled with uniform noise.
The DIP method was originally applied to di↵erent image restoration problems,
such as denoising and super resolution.
The data term for denoising is:
E(x; x0 ) = ||x

x0 ||2 .

(4)

For super resolution, the data term is:
E(x; x0 ) = ||d(x)

x0 ||2

(5)

with d(x) as the downsampled version of the high-resolution image x and x0 as the
low-resolution image. The downsampling operator d(.) : RC⇥tH⇥tW ! RC⇥H⇥W
resizes the image by a factor t.
In both cases, the data term is the MeanSquaredError (MSE) between the corrupted
image and the (resized) original image.

3.2

Learning principle

The workflow used in the DIP method [31] is di↵erent from a traditional supervised
deep learning approach and the self-supervised training in DIL (see Figure 1). The
supervised framework (1a) has a clearly separated training and test (inference)
phase. A network is pre-trained on a large dataset and is used at inference time
to make predictions on unseen images. In comparison to the previous approaches,
the DIP framework (1b) uses a random input vector to reconstruct the image given
at test time. Since the network impedance to noise is high compared to signal,
the parametrization fits the signal first [5]. Thus, using an appropriate number of
iterations, the framework is used for restoration and inverse tasks.

(a) Traditional paradigm - supervised

(b) DIP training paradigm - unsupervised

Figure 1: Di↵erent deep learning training approaches in comparison: supervised vs. unsupervised (DIP). Individual images are taken from [31].
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3.3

Model architecture

The network architecture is a encoder-decoder network with skip connections, such
as U-Net [26]. This network can come in many di↵erent flavors, as shown by the
work of Ulyanov et al. [31]. Their architecture is called SkipNet and is shown in
Figure 2. The network has an downsampling path di and an upsampling path ui ,
where i represents the depth of the block. Each block consists of several layers,
such as convolutional layer, batch normalization, activation function and down- or
upsampling layer. The filter size of a block is represented by nx [i] and the kernel
size of the convolutional layers is called kx [i], where x can stand for downsampling
d, upsampling u or skip connection s.
For each image and for each task, a slightly di↵erent model architecture and
number of epochs are used in the experiments. This indicates, that each image has
its own training strategy that works best and no ”fits all“ solution exists in practice.

Figure 2: Architecture of SkipNet - the original DIP network. Best viewed in color.
Graphic taken from Supplementary material of [31].
The activation function layer introduces a non-linearity to the model. The original activation function of SkipNet is Leaky ReLu [20] (3.3). Possible alternatives,
that were already considered by other researchers [28, 27] are Relu [18], Swish [25],
RSwish [28] and Mish [23] (see Figure 3).
Function
Relu
Leaky Relu
Swish

Figure 3:
functions.

Visualization of activation Mish
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Equation
(
0 if x < 0
(x if x 0
0.02 · x
x

if x < 0
if x 0

x
1+exp( x)

x · tanh(ln(1 + exp(x)))

Another part of the network that can be modified are the down- and upsampling
methods. The downsampling in the decoder part of the network reduces the image
dimensions in height and width. This can be achieved by means of average or
maximum pooling layers or the stride built in convolutional layers. The upsampling
restores the image dimension of the corresponding level in the network. Aside from
bilinear or nearest upsampling, there are transposed convolutional layers, also called
deconvolution. [6]
In comparison to the learning-based network architeture search by [6], some of
above mentioned architecture modifications are tested with a manual hyperparameter search and results are presented in 5.

3.4

Training

The training workflow is sketched in Figure 4 for the first third training epochs.
The input to the model training is a random noise input vector z and the corrupted
image is used for the loss calculation. The model is initialized with random weights
represented by ✓0 . One training epoch consists of the following steps:
1. The current model state f✓0 is applied on the random input vector z and the
resulting prediction is used as the current model output f✓0 (z).
2. The loss function between the model output and the corrupted image is calculated with the data term E(f✓0 (z), x̂) from Equations (4 and 5), depending
on the task. If the network prediction and the corrupted are not of same size,
the output is down-sampled for the loss function calculation. A downsampling
operator d(.) : RC⇥tH⇥tW ! RC⇥H⇥W with a lanczos kernel of size 3.
3. A gradient-based method is used for the optimization problem with respect to
the model weights E/ ✓.
4. The model weights are updated based on the optimizer ✓k+1 = ✓k ↵·
with leanring rate ↵.

Figure 4: DIP training with denoising as example task.
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Data

Two datasets used for the experiments in Section 5 are described in this section.
All images are processed to have pixel values in the range [0, 1].

4.1

Original data

The images from the paper “Deep Image Prior” by Ulyanov et al. [31] are considered
as the original data (see Figure 5).

Figure 5: Original data from “Deep Image Prior”, F16 and Zebra. [31]

4.2

ISBI 2012

The dataset of the ISBI segmentation challenge 2012 [2] provides 2D electron microscopy (EM) images of cells. The challenge dataset consists of 30 sections for
training (including validation dataset) and a separate test dataset of 60 sections.
Some examples of the training dataset are shown in Figure 6 Additionally to the
images, binary segmentation masks are provided. White pixels correspond to segmented objects, black pixels are the background (mostly membranes).

Figure 6: Data examples of the ISBI 2012 challenge datasets with the numbers 1-3. Top
row: EM images, bottom row: segmentation mask. [2]
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5

Experimental results

This section contains a description of the performance measures used and the results of experiments performed on the datasets described. Di↵erent modifications of
the model architecture are tested as well as some modifications to the training setup.
Tensorflow [1] is used for the implementation, which is available at https://github.
com/CarolineMagg/DeepImagePrior_Python and is based on the implementation
provided alongside the original paper at https://github.com/DmitryUlyanov/
deep-image-prior. All experiments were performed on an NVIDIA RTX 3070
Laptop GPU 8GB and a Ryzen 7 5800H processor.

5.1

Performance measures

Mean squared error (MSE) (6) serves as loss function during training:
m 1n 1 2
1 X XX
M SE(I, K) =
(Ic (i, j)
3mn

Kc (i, j))2 .

(6)

j=0 i=0 c=0

Ic and Kc represent the cth channel of the input and the corrupted image, respectively. If the two images are the same, then the MSE is 0. Thus, the lower the
value, the better.
The peak signal-to-noise ration (PSNR) (7) and the structural similarity index measure (SSIM) (8) are used as performance measurements during evaluation:
P SN R(I, K) = 10 log10 (

SSIM (I, K) =

M ax(I)2
)
M SE(I, K)

(2µI µK + c1 ) · (2 IK + c2 )
2 + c ).
+ µ2K + c1 ) · ( I2 + K
2

(µ2I

(7)

(8)

M ax(I) is the maximal possible pixel value of the images. The average µ, the
variance K and I and covariance IK are calculated with respect to the images
I or K. c1 = (k1 L)2 , c2 = (k2 L)2 are calculated with L being the dynamic range
of the pixel values and the default values k1 = 0.01 and k2 = 0.03. It is better for
both values, the higher they are. The PSNR has a logarithmic shape and the SSIM
is in the range of [0, 1] with 1 if the two images are exactly the same.

5.2

Original data

Experiments on the original data were performed on a single image per task. In
the code provided alongside the original paper, for each task and for each image
an individual setting is proposed. Therefore, experiments for the original data
are performed on a single image to get an image-specific comparison of di↵erent
modifications.
To average the results and make a train run reproducible, the network and network
input are initialized each time with a pre-defined random seed. After the training
run, the trained model is applied to the initial random vector. The prediction is
compared to the ground truth image and the corrupted image by means of PSNR,
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SSIM and MSE. Additionally, the maximum and last value of the PSNR and SSIM
during the training are documented. The best model version with respect to PSNR
of network input and ground truth image (ie val PSNR) is stored. This should
prevent overfitting to the noise in the data.

5.2.1

Denoising

Denoising is tested on the image F16. The standard setting for this image is the
following (this will be considered the baseline setting for denoising in this section):
• Optimizer: Adam with learning rate of 0.01
• Loss function: Mean Squared Error (MSE)
• Model architecture: SkipNet
• Feature map sizes: [128,128,128,128] for the decoder-encoder part and [4,4,4,4]
for skip connections
• Model input size: [512, 512, 32], ie 32 input channels
• Down- and upsampling mode: stride of convolutional layer and bilinear
• Activation function: Leaky Relu
• Number of epochs: 3000
• Gaussian noise:

= 25/255

Di↵erent activation functions, number of feature maps and feature map sizes,
input channel numbers, down- and upsampling methods are compared with the
baseline setting. The performance for the ground truth and the corrupted image
are shown in the Table 1, respectively. The average time for a training run was
roughly 10 minutes.
The baseline settings achieve a PSNR of 30.006 and a SSIM of 0.861. Changing
one setting in the model architecture results in 6 cases in a better PSNR and SSIM.
Although, only in 4 cases, the PSNR as well as the SSIM are higher than for the
baseline. Those settings are using Swish and Mish activation functions, increasing
the model size to [128, 128, 128, 128, 128] filters and increasing the capacity of skip
connections from 4 to 8 filters. When combinations of these 4 better single setting
changes are tested, only the combination Swish & 8 skip connection filters can improve PSNR and SSIM. This combination achieves the highest scores with 30.276
PSNR and 0.864 SSIM.
Both the values for last and maximal value of PSNR and SSIM and the training
progress depicted in Figure 7 show that the baseline method reaches a plateau. The
modifications with good results, such as Swish & 8 filters in the skip connection,
show a smoother curve that is already declining at the end of the training. In Figure
8, visual results of selected settings for a single training run are presented.
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Ground truth
MSE # PSNR " SSIM "
Settings
eval
eval
eval
Baseline
0.001
30.006 0.861
Activation function
Relu
0.0011
29.593
0.844
Swish
0.00097 30.143 0.862
Mish
0.00098 30.088 0.863
Downsampling
MaxPool
0.00122
29.17
0.85
AvgPool
0.00116 29.347
0.853
Upampling
Nearest
0.00109 29.612
0.854
Feature maps (filters) and sizes
3x128
0.00104 29.841
0.86
5x128
0.00097 30.122 0.862
4x32
0.00111
29.54
0.847
4x64
0.00097 30.131
0.857
[16, 32, 64, 128]
0.00107 29.713
0.848
[16, 32, 64]
0.00116 29.346
0.841
[32, 64, 128]
0.00096 30.181
0.853
Skip connections filters
1 filter
0.00117 29.313
0.854
8 filters
0.00098
30.1
0.864
Input channels
1 channel
0.00161 27.933
0.83
3 channels
0.00138 28.611
0.844
16 channels
0.0011
29.576
0.859
Combination of best 4 single setting changes
5x128 & 8 skip
0.00105 29.813
0.86
Swish & 5x128
0.00106 29.747
0.858
Swish & 5x128 & 8 skip 0.001
29.992
0.862
Swish & 8 skip
0.00094 30.276 0.864
Mish & 5x128
0.00104 29.849
0.857
Mish & 5x128 & 8 skip
0.001
29.994
0.857
Mish & 8 skip
0.00096 30.183
0.861

PSNR
max
30.01

PSNR
last
29.24

SSIM
max
0.87

SSIM Time
last
sec
0.83 519.94

29.59
30.14
30.09

28.86
27.53
28.81

0.85
0.87
0.86

0.81
0.82
0.79

503.74
511.8
528.46

29.17
29.35

28.33
28.31

0.85
0.86

0.84
0.84

513.11
507.46

29.61

25.22

0.86

0.56

472.15

29.84
30.12
29.54
30.13
29.71
29.35
30.18

29.21
29.53
29.21
29.9
29.51
29.18
29.9

0.86
0.86
0.85
0.86
0.85
0.84
0.86

0.83
0.84
0.85
0.86
0.85
0.84
0.85

498.61
530.74
334.19
387.9
310.08
275.04
317.72

29.31
30.1

28.63
29.17

0.86
0.87

0.83
0.84

506.49
499.29

27.93
28.61
29.58

26.6
27.72
28.39

0.83
0.85
0.86

0.81
0.82
0.82

383.69
394.82
423.07

29.81
29.75
29.99
30.28
29.85
29.99
30.18

28.91
28.15
28.96
28.96
28.66
28.85
27.63

0.86
0.86
0.86
0.87
0.86
0.86
0.86

0.83
0.82
0.81
0.79
0.8
0.8
0.77

523.83
589.0
555.22
540.36
543.3
575.88
547.66

Table 1: Comparison of the DIP denoising results with the original image F16 (GT) for
di↵erent settings. Except of the last block, single setting changes are made. The last
block shows the results achieved by combining the best 4 changes. The first columns
indicates the changes setting. All other settings are kept to the baseline setting.
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(a) Baseline

(b) Swish & 8 skip connection filters

Figure 7: PSNR and SSIM performance during training between network prediction and
GT image. Best viewed in color.

Figure 8: Visualization of GT (A) and noisy image (B) and denoising results of one
training run for a crop-out region of the image with the settings: baseline (C), 1 channel
input (D), Mish (E) and Swish & 8 skip connection filters (F).
5.2.2

Super Resolution

The super resolution is tested on the image Zebra. The standard setting for this
image is the following (this will be considered the baseline setting for SR in this
section):
• Optimizer: Adam with learning rate of 0.01
• Loss function: Mean Squared Error (MSE)
• Model architecture: SkipNet
• Feature map sizes: [128,128,128,128] for the decoder-encoder part and [4,4,4,4]
for skip connections

11

• Model input size: [512, 512, 32], ie 32 input channels
• Down- and upsampling mode: stride of convolutional layer and bilinear
• Activation function: Leaky Relu
• Number of epochs: 2000
• Downscaling factor: 4
The same setting combinations as for denoising are tested. The results are shown
in Tables 2. The training runs take roughly 6 minutes on average.
In comparison to the denoising application, no modification exceeded the results
of the baseline setting for a PSNR of 23.471 and a SSIM of 0.678. Although, the
same combinations are again within the top 5. Swish activation function and 8 skip
connection filters reach higher values in SSIM (0.679) and PSNR (23.486), respectively. Combining the both modifications result in a PSNR of 23.403 and a SSIM
of 0.678.
Using DIP can boost the performance by some decimals compared to the standard upsampling methods with nearest neighbor and bicubic interpolation. Upsampling of the low-resolution image with nearest neighbor interpolation results in
21.01 PSNR and 0.603 SSIM. Using bicubic interpolation results in 23.122 PSNR
and 0.678 SSIM.
Figure 9 shows results of the worst and best results aside from the baseline
setting. Based on the results in the original paper, it was expected that the visual
appearance of the result is better than it actually is.

Figure 9: Visualization of high-resolution (A) and low-resolution image up-sampled with
nearest-neighbors interpolation (B) and super resolution results of one training run for a
crop-out region of the image with the settings: baseline (C), MaxPooling (D), Swish (E)
and 8 skip connection filters (F). Please zoom in for more details.
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MSE # PSNR "
eval
eval
Baseline
0.0045 23.471
Activation function
Relu
0.00486 23.138
Swish
0.00451 23.457
Mish
0.00463 23.347
Downsampling
MaxPool
0.00604
22.19
AvgPool
0.00579 22.374
Upampling
Nearest
0.00631
22.02
Feature maps and sizes
3x128
0.00456 23.412
5x128
0.00451 23.462
4x32
0.00529 22.766
4x64
0.00494 23.066
[16, 32, 64, 128] 0.00481 23.181
[16, 32, 64]
0.00528 22.772
[32, 64, 128]
0.00482 23.172
Skip connections
1 filter
0.0048
23.186
8 filters
0.00448 23.486
Input channels
1 channel
0.00541 22.673
3 channels
0.00524 22.805
16 channels
0.00484
23.15
Combination of best 2 single setting
Swish & 8 skip 0.00457 23.403
GT

SSIM "
eval
0.678

PSNR
max
23.47

PSNR
last
23.33

SSIM
max
0.68

SSIM Time
last
sec
0.68 306.74

0.653
0.679
0.674

23.14
23.46
23.35

22.96
23.4
23.27

0.65
0.68
0.68

0.65
0.68
0.67

233.84
249.64
256.48

0.566
0.613

22.19
22.37

21.74
21.64

0.58
0.62

0.56
0.61

240.76
232.28

0.578

22.02

21.55

0.6

0.59

225.58

0.678
0.669
0.607
0.645
0.633
0.593
0.649

23.41
23.46
22.77
23.07
23.18
22.77
23.17

23.26
23.22
22.67
22.95
23.12
22.59
23.08

0.68
0.67
0.61
0.65
0.64
0.6
0.65

0.68
0.67
0.61
0.64
0.63
0.59
0.65

219.73
262.09
222.39
242.36
194.01
152.56
165.54

0.657
0.675

23.19
23.49

22.91
23.3

0.66
0.68

0.65
0.68

246.74
246.07

0.618
0.63
0.664
changes
0.678

22.67
22.81
23.15

22.22
20.88
22.91

0.62
0.64
0.67

0.6
0.58
0.66

207.5
210.88
218.84

23.4

22.14

0.68

0.64

295.83

Table 2: Comparison of the DIP SR results with the original image Zebra (GT) for
di↵erent settings. The training settings are kept to the baseline setting, if not mentioned
separately.

5.3

ISBI 2012

The training dataset of the challenge dataset ISBI 2012 with 24 images is used to
make an evaluation for microscopy images over several images. The evaluation process stays the same as for the original data. However, the results of one training
run are averaged over the dataset. The baseline settings are the same as described
in Sections 5.2.1 and 5.2.2.
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5.3.1

Denoising

Based on the results in Section 5.2.1, the best 5 aside from the baseline setting
are tested and compared to each other. Table 3 collects results averaged over the
24 images. Except the larger network with 5 times 128 filters, all settings achieve
better results than the baseline setting. The best setting is again Swish & 8 skip
connection filters with PSNR 25.775 and SSIM 0.841.
Baseline results for the best reconstructed image (number 8) with PSNR 26.813 and
SSIM 0.824 and the worst reconstruction (number 21) with PSNR 22.351 and SSIM
0.783 are shown in Figure 10.

MSE # PSNR " SSIM "
eval
eval
eval
Baseline
0.00344 24.909
0.819
Swish
0.00296 25.583
0.839
Swish & 8 skip 0.00285 25.775
0.841
8 skip
0.00325 25.165
0.829
5x128
0.00379
24.48
0.803
Mish
0.003
25.513
0.836
GT

PSNR
max
24.91
25.58
25.78
25.16
24.48
25.51

PSNR
last
24.55
24.4
24.23
24.69
24.1
24.41

SSIM
max
0.82
0.84
0.85
0.83
0.81
0.84

SSIM
last
0.82
0.81
0.8
0.82
0.8
0.82

Time
sec/img
475.06
523.33
527.45
475.67
483.25
519.17

Table 3: Denoising: comparison of 6 di↵erent settings for the training dataset of the ISBI
2012 challenge.
5.3.2

Super Resolution

The super resolution results for the same settings as for denoising are collected
in Table 3. The results are averaged over the dataset with 24 images. For super
resolution the baseline setting achieves the best results with PSNR of 21.991 and
SSIM of 0.542 for the medical dataset, in comparison to the single natural image.
Figure 11 shows the best high-resolution image (number 8: PSNR 25.049 and SSIM
0.647) and worst (number 21: PSNR 19.182 and SSIM 0.43) with respect to the
baseline setting as a visual example.

MSE # PSNR " SSIM "
eval
eval
eval
Baseline
0.00678 21.991
0.542
Swish & 8 skip 0.00684 21.955
0.527
Swish
0.00688 21.926
0.53
8 skip
0.00679 21.985
0.539
5x128
0.00695 21.881
0.536
Mish
0.00682 21.962
0.531
GT

PSNR
max
21.99
21.96
21.93
21.98
21.88
21.96

PSNR
last
21.87
21.85
21.77
21.86
21.73
21.42

SSIM
max
0.55
0.53
0.54
0.54
0.54
0.54

SSIM
last
0.53
0.52
0.52
0.53
0.53
0.49

Time
sec/img
403.18
425.69
420.57
395.99
407.42
434.66

Table 4: Super Resolution: Comparison of 6 di↵erent settings for the training dataset of
the ISBI 2012 challenge.
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(a) Number 8 - best PSNR performance for baseline.

(b) Number 21 - worst PSNR performance for baseline.

Figure 10: Visualization of denoising for microscopy images from ISBI challenge dataset:
GT (A), noisy image (B), baseline setting (C), Swish & 8 skip connection filters (D).
Please zoom in for details.
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(a) Number 8 - best PSNR performance for baseline.

(b) Number 21 - worst PSNR performance for baseline.

Figure 11: Visualization of super resolution for microscopy images from ISBI challenge
dataset: GT (A), noisy image (B), baseline setting (C), Swish & 8 skip connection filters
(D). Please zoom in for details.

5.4

Overview best settings

The distribution of the PSNR and the SSIM for both tasks, denoising and super
resolution, are shown in Figures 12. The performance measures show a wide range.
After a visual inspection of some exemplary results, it seems that the noise component in some images is higher than in others and a↵ects the results. Figure 13
visualizes the distribution of best settings in the ISBI 2012 challenge dataset for
both tasks. Although the best candidates for denoising are limited, the same does
not apply to super resolution. The reason for that needs to be further investigated.
However a first hypothesis is that denoising is more stable in terms of network
modifications and super resolution is more sensitive to smaller changes.
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(a) PSNR for denoising

(b) PSNR for super resolution

(c) SSIM for denoising

(d) SSIM for super resolution

Figure 12: Distribution of PSNR and SSIM measure for denoising and super resolution.

(a) denoising

(b) super resolution

Figure 13: Bar plot of best settings for denosing and super resolution for ISBI 2012
challenge dataset.
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6

Discussion

In this section, advantages and limitations of the DIP method are discussed.

6.1

Advantages of DIP

The big advantage of the DIP method is that no pre-training of a network with
a large dataset is necessary compared to standard supervised deep learning approaches. This opens the possibility to apply the method to domains where large
(labeled) datasets might be rare, such as the medical and biological domain.
The single-image based approach has the advantage, that the network is designed
for the image, including the input shape that is adaptable to the input image size.
With pre-trained networks containing dense or pooling layers, the image dimension
needs to fit the network, not the other way around. The only trade-o↵ that needs
to be considered with using large input layers is the resulting network size and the
GPU memory available.
Another bonus of DIP is that due to the fact that no prior training is used, the
results don’t show hallucinations [22]. Especially looking at generative or reconstruction approaches in the medical and biological domain, it is critical, that no
anatomical or biological structures or artifacts are added to the image [22].

6.2

Limitations of DIP

As already discussed in the work by Ulyanov et al. [31], based on the number of
training iterations, the results can get worse again. Since the number of iterations
is never exceeding 3000, this e↵ect is not observed in the experiment for this report.
However, this raises the question for the optimal number of iterations. The user
needs to stop the training at the right time otherwise the network will adapt to
the noise in the corrupted image. Since the timing might be di↵erent for di↵erent
images, this decision is critical and can be difficult to generalize. The solution for
not overfitting to the noise in this work was using model checkpoints based on the
PSNR. However, the best epoch is not known a-priori, which leads to a higher number of iterations as necessary.
Another drawback of the DIP method is the training time. Although, a timeconsuming, dedicated training phase with a large dataset is not necessary, the training at inference time will take a couple of minutes depending on the hardware. The
average time in the experiments in section 5 per image was between 6 10 minutes
depending on the network and training settings. Therefore, the method can not
be applied to a large dataset on the fly. In addition, since training is applied at
inference time, appropriate hardware, such as a GPU, is needed for inference. To
overcome this limitation, parallelization and GPUS with large memory or TPU can
be used.
Finding the optimal training and network settings for an image can be challenging.
As already observed by others [22], there are di↵erences between natural images
and images from medical modalities. A good combination for natural images or
single images in general do not result in optimal results for microscopy images or
an entire dataset. In this work, the hyperparameter search was performed manu-
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ally. NAS-DIP [6] provides an automatic framework to search for an appropriate
network architecture. However, the NAS-DIP training is time-consuming and a
separate train and test dataset are needed.

7

Conclusion & Future Work

This report investigated the method Deep Image Prior (DIP) by Ulyanov et al. An
unsupervised method that can be used for inverse tasks, such as denoising and super
resolution, and does not need a pre-training with a large dataset. Since the network
is in the focus of the DIP method, di↵erent settings for the SkipNet architecture,
such as activation function, the feature maps of the convolution layers, down- and
upsampling methods, are tested and compared. In addition to analyzing di↵erent
architecture settings, the method is applied to microscopy images. The results show
that in general, the results from natural images can be translated to some extend
to microscopy data. Testing di↵erent settings showed that the majority of the
images achieve their best denoising result with one setting. However, looking at the
best methods for each images indivdiually showed that there are exceptions. The
preferable setting for super resolution comes from a larger selection which makes it
harder to chose a good setting for a low-resolution images.
There are some limitations to the method, such as the long average training time
per image at test time, finding the optimal time to stop the training, and the
optimal network setting. However, the method shows an interesting approach for
an unsupervised method. This opens the opportunity for applying noise reduction or
generating high-resolution images to individual images. The unsupervised approach
might help especially in domains, where large labeled datasets are rare, such as the
medical and biological field.
In case the method can overcome the current limitations, DIP could also enrich the
traditional supervised training workflow either with label generation or pre-labeling
for inverse tasks or as a pre-processing step before supervised training. The latter
would mean a combination of DIP with external training and could be beneficial also
for high-level tasks, such as segmentation or classification. Improving the limitations
of DIP would also result in improving Double-DIP, which might lead to a better
usage for segmentation also for the medical and biological domain. Aside from
improving DIP itself, another approach for the future would be to combine external
and internal learning to make use of both paradigms and combine the benefits.
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