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a b s t r a c t 

Deep convolutional neural networks offer state-of-the-art performance for medical image analysis. How- 

ever, their architectures are manually designed for particular problems. On the one hand, a manual de- 

signing process requires many trials to tune a large number of hyperparameters and is thus quite a time- 

consuming task. On the other hand, the fittest hyperparameters that can adapt to source data properties 

(e.g., sparsity, noisy features) are not able to be quickly identified for target data properties. For instance, 

the realistic noise in medical images is usually mixed and complicated, and sometimes unknown, lead- 

ing to challenges in applying existing methods directly and creating effective denoising neural networks 

easily. In this paper, we present a Genetic Algorithm (GA)-based network evolution approach to search 

for the fittest genes to optimize network structures automatically. We expedite the evolutionary process 

through an experience-based greedy exploration strategy and transfer learning. Our evolutionary algo- 

rithm procedure has flexibility, which allows taking advantage of current state-of-the-art modules (e.g., 

residual blocks) to search for promising neural networks. We evaluate our framework on a classic med- 

ical image analysis task: denoising. The experimental results on computed tomography perfusion (CTP) 

image denoising demonstrate the capability of the method to select the fittest genes for building high- 

performance networks, named EvoNets. Our results outperform state-of-the-art methods consistently at 

various noise levels. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Deep convolutional neural networks (CNNs) have recently

achieved notable success in many medical image analysis tasks,

such as image denoising ( Li et al., 2012; Wang and Zhou, 2006;

Whitaker and Xue, 2001 ), lesion detection ( Parikh et al., 2008 ),

segmentation ( Pham et al., 20 0 0; Van Leemput et al., 2001 ), and

classification ( Van den Elsen et al., 1993; Li et al., 2014 ). These

tasks are important for disease diagnosis and treatment plan-

ning. The success of deep CNNs is largely due to manual design

of an effective feature extraction component (block) (e.g., incep-

tion ( Szegedy et al., 2015 )) and the tuning of a large number of

hyperparameters, such as the number of layers, the number of fil-

ters, the type of nonlinear activation functions, and the choice of
∗ Corresponding author. 

E-mail address: ruogu.fang@bme.ufl.edu (R. Fang). 
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ptimizer functions. Manually optimizing a CNN may take days or

ven weeks, which depends on the network scale and the training

ata properties (e.g., sparsity, noisy features). 

Medical imaging techniques, such as Computed Tomography

CT), Magnetic Resonance Imaging (MRI), and X-rays are popular

iagnostic tools. Nevertheless, these techniques are susceptible

o noise. For example, CT perfusion images are often associated

ith complicated mixed noise due to the photon starvation

rtifacts. Removing these artifacts from training data can im-

rove the learning capability of the CNN-based models and thus

oost the lesion detection and classification accuracy. In the past

ecades, different methods have been widely investigated to solve

he problem. Based on the image properties, we can classify the

xisting methods to be prior based (i.e., PCLR ( Chen et al., 2015 )),

parse coding-based (i.e., KSVD ( Elad and Aharon, 2006 )), low

ank-based (i.e., WNNM ( Gu et al., 2014 )), and filter-based ap-

roaches (e.g., BM3D ( Dabov et al., 2009 )). However, complicated

ixed noise in medical images still leads to the unsatisfactory

https://doi.org/10.1016/j.media.2019.03.004
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.03.004&domain=pdf
mailto:ruogu.fang@bme.ufl.edu
https://doi.org/10.1016/j.media.2019.03.004
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erformance of these methods and remains a valuable research

irection. 

CNNs recently have shown superior performance over tradi-

ional models on denoising tasks. A typical CNN is composed of

everal stacked layers, including layer connections and hyperpa-

ameters (e.g., the number of layers, the number of neurons in

ach layer, the choice of activation functions). RED-Net ( Mao et al.,

016 ) consists of a chain of 30 convolutional layers and sym-

etric deconvolutional layers. Another state-of-the-art method,

nCNN ( Zhang et al., 2017 ), adopts concise stacked-layer connec-

ions but achieves impressive performance via appropriate hyper-

arameters (e.g., ReLU ( Nair and Hinton, 2010 ), Adam ( Kingma and

a, 2014 )) selection. Consequently, hyperparameters play a domi-

ant role in optimizing image denoising tasks. 

These modern networks present promising image restoration

erformance; however, they are all manually designed based on

xpert empirical knowledge. It is expensive and slow to manually

earch for the optimal network structures with exponential com-

inations of hyperparameters and layers connections. To address

his issue, we need to build a framework that can automatically

onstruct promising CNN-based denoisers with concise layer con-

ections and optimal hyperparameter combinations. Moreover, an

fficient algorithm is essential to explore the optimal CNN struc-

ures within reasonable computational time. 

In this work, we propose a neural network evolutionary frame-

ork and implement it by constructing a CNN-based medical im-

ge denoiser, named EvoNet, automatically. To more effectively

avigate large search spaces, we formulate an optimized genetic

lgorithm (GA) ( Holland, 1992 ). GA initializes candidate solutions

e.g., networks) as an initial generation, and then applies ge-

etic operations to evolve the solutions in each generation. As

hown in Fig. 1 , for the population evolution process, we define

hree standard genetic operations: selection, crossover, and muta-

ion. A fitness function is formulated to select the best individu-

ls (e.g., CNN) in each generation. Fitness scores evaluate each of

hese solutions through a criterion of image quality (e.g., Peak-

ignal-to-Noise Ratio (PSNR), structural similarity index measure

SSIM) ( Hore and Ziou, 2010 )). 

“Genes” are at the core of a bio-evolutionary strategy as well as

 CNN-evolutionary strategy. Theoretically, we can take any ingre-

ient as a “gene”, such as the number of layers, the choice of ac-

ivation functions, the type of learning strategy (e.g., residual), and

he choice of loss functions, as long as it has the potential to help

 CNN achieve satisfactory performance. Therefore, what genes to

hoose and how to organize them are important for quickly con-

tructing a CNN. On the one hand, we promote the fittest genes

hat have been evaluated in practice (e.g., last generation) to a

ne-gene set, which has the higher priority to be chosen in the

ollowing generation. We name this strategy to be experienced-

ased greedy initialization. On the other hand, we expedite evolu-

ionary speed by dynamically decreasing the number of individuals

i.e., CNNs) in our population and the number of generations. Ulti-

ately, most of the genes are eliminated, and only a few of them

ill survive. 

Efficiency is still a challenge of using GA in large scale train-

ng data. GA typically has to face a massive search space. Although

he strategies above can relieve the issue, the evolutionary process,

uilt on extensive training data, is still quite slow. Transfer learn-

ng can overcome this challenge. A CNN is typically designed for

 specific problem on a particular dataset. A subset of that data

as similar properties to the original large dataset. Therefore, the

ttest genes learned from the small sub-dataset should be trans-

erable to the original large dataset. Eventually, the efficiency issue

an be solved through transfer learning, particularly, by switching

volutionary processes from a small sub-dataset to the correspond-

ng original large dataset. 
The contributions of the paper are as follows: 

• It is the first time to propose a GA-based method to construct

CNN structures for medical image analysis automatically. This

evolution approach provides the flexibility to optimize both

CNN hyperparameters and network structures. 
• We optimize the standard genetic algorithm to speed up the

evolutionary process. Specifically, we use an experience based

greedy strategy on the initialization stage to enrich high-

performance genes and suppress the defective ones in the fol-

lowing generation. Besides, we select an appropriate mutation

rate to make a trade-off between the diversity of the population

and convergence of optimum generation. 
• We dynamically update hyperparameter sets to make the ar-

chitectures of the population transferable between datasets of

different sizes. Particularly, we split all possible hyperparame-

ters into fine-genes and complementary-genes for initialization

and mutation, respectively. The learned fine-genes from a small

dataset are transferable to construct a satisfied neural network

quickly. Transfer learning further accelerates the evolution rate

of the optimization. 
• The proposed framework can flexibly treat learning strategies

(e.g., residual learning ( He et al., 2016 )), loss functions (e.g.,

mean square error (MSE)), and the various network blocks (e.g.,

residual ( He et al., 2016 ), interception ( Szegedy et al., 2015 )) as

the genes in the evolutionary process to obtain state-of-the-art

performance. 
• The proposed framework also can be used for exploring new

network blocks, optimizers, and loss functions automatically. In

other words, GA can not only be used for exploring existing

“genes” but also for creating new “genes”. 

This work is an extension of our conference paper “Neural Net-

ork Evolution Using Expedited Genetic Algorithm for Medical

mage Denoising” ( Liu et al., 2018 ) published on Medical Image

omputing and Computer Assisted Intervention (MICCAI) 2018. The

ain difference of this extension is we explored our framework’s

exibility. In particular, the genes can represent not only the hy-

erparameters but also the type of structural network blocks, such

s the residual block. By embedding current state-of-the-art net-

ork blocks into the evolutionary processing, the explored neural

etworks outperform state-of-the-art methods. 

. Related work 

.1. Genetic algorithm 

Genetic Algorithms (GAs) ( Holland, 1992 ) belong to evolution-

ry algorithms and are inspired by the natural biological evolution.

ypically, a GA is composed of a “population” P of N “individu-

ls”, and has operations including initialization, individual selec-

ion, parents crossover, and children mutation (see Fig. 1 ). A se-

uence of operations is called an evolutionary “generation”. The

ompetition among individuals is simulated by a fitness function

hat selects the fittest individuals over the weaker ones. During

he population evolution process, all individuals enter an itera-

ive competition, where a new population is evolved in each gen-

ration, consisting of the survivors, children generated from the

rossover of survivors, and mutated individuals from the children. 

GA is one of the heuristic algorithms for combinatorial opti-

ization ( Youssef et al., 2001 ). Simulated annealing (SA) and Tabu

earch (TS) are two other similar algorithms. On the one hand, all

f them can be applied to many combinatorial optimization prob-

ems. On the other hand, they also have distinct properties. Firstly,

A requires the greatest computational cost to find the best solu-

ion. Secondly, the quality of the best solution obtained by GA is

etter than SA and comparable to TS ( Youssef et al., 2001 ). More
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Fig. 1. Overview of the proposed method composing of fitness evaluation and population evolution. The CNN architecture is trained on medical images using a fitness score. 

The individual networks labeled with the fitness scores are sent to individual selection. The survived individuals are presented as parents for crossover and mutation. 
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1 Automated Machine Learning provides methods and processes to make Machine 

Learning available for non-Machine Learning experts. AutoML includes (a) Prepro- 

cess and clean the data; (b) Select and construct appropriate features; (c) Select 

an appropriate model family; (d) Optimize model hyperparameters; (e) Postpro- 

cess machine learning models; (f) Critically analyze the results obtained (reference: 

http://www.ml4aad.org/automl/) . In this study, we only focus on the (c)(d)(e). 
importantly, GA can incorporate domain-specific knowledge in all

optimization or combinatorial phases to dictate the search strat-

egy, but SA and TS lack such a feature. Neural network combina-

tion requires incorporating many constraints (domain knowledge)

that are critical to a search strategy. Therefore, we choose GA over

other heuristic algorithms for neural network evolution. 

GA has been widely utilized as a heuristic search ( Geem

et al., 2001 ), an optimization technique ( Horn et al., 1994 ) and also

has been applied in machine learning approaches ( Goldberg and

Holland, 1988 ), function optimization ( Goldberg et al., 1987 ),

and feature selection ( Yang and Honavar, 1998 ). Recently, Xie et

al. Xie and Yuille (2017) and Suganuma et al. Suganuma et al.

(2017) applied GA to explore CNN architectures automatically

for image classification. These methods focus on exploring the

structural modules and connections among layers. They first

explore the representations of the networks with a binary coding

scheme based on Cartesian genetic programming (CGP) ( Miller and

Turner, 2015 ) and then train the networks with back-propagation.

However, the study of an efficient GA for automatically building a

concise CNN-based model for image denoising is still lacking. 

2.2. Neural network evolution 

In the early 1990s, there were studies ( Stanley and

Miikkulainen, 2002; Yao, 1999 ) that attempted to combine evolu-

tionary algorithms and artificial neural networks, and eventually

formed the branch of Evolutionary Artificial Neural Networks
EANN), which is also part of Automated Machine Learning (Au-

oML) 1 Many AutoML studies ( Klein et al., 2016; Feurer et al.,

015; Olson and Moore, 2016 ) have been proposed. However, most

f them focus on the traditional machine learning algorithms (e.g.,

VM ( Cortes and Vapnik, 1995 ), Random Forest ( Ho, 1995 )) rather

han deep CNN. Although Frank et al. Klein et al. (2016) included

NN in their Bayesian Optimization based AutoML framework,

t focuses on finding several good hyperparameter settings on

xed CNN architectures, and not a flexible and general solution.

ecently, there is more literature on EANN methods. Basically, we

an classify them as evolutionary algorithm (e.g., GA) based ( Xie

nd Yuille, 2017; Suganuma et al., 2017; Real et al., 2018 ) and

einforcement learning (RL) ( Sutton and Barto, 1998 ) based ( Zoph

nd Le, 2016; Real et al., 2017; Baker et al., 2016 ) methods. 

Most of these methods focus on searching architecture combi-

ations, such as the layer connections, the type of layers, and the

ay of connecting layers (e.g., summation, cascading). However,

he performance of a CNN depends on not only a structural

odule (e.g., residual block, interception) but also a combination

f hyperparameters (e.g., loss functions, optimizers, activation

http://www.ml4aad.org/automl/)
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unctions). For example, Sajjadi et al. Sajjadi et al. (2016) proposes

 single image super-resolution (SISR) method to achieve state-of-

he-art performance by exploring a suitable combination of various

oss functions (e.g., MSE, perceptual loss ( Johnson et al., 2016 ),

exture matching loss ( Sajjadi et al., 2016 ), adversarial training

oss ( Goodfellow et al., 2014 )). As more and more optimization

ethods are being proposed, a considerably large number of

hoices and combinations of various hyperparameters are increas-

ng the difficulty of manually designing an effective CNN quickly.

hus, it is necessary to create a neural network evolution frame-

ork that can automatically explore not only a suitable structure

odule but also the fittest hyperparameter combination. 

.3. Computing resource constraint 

Existing EANN frameworks take a few considerations of the ac-

essible computing resource. Most of them focus on the method of

reating competitive neural network architectures. Although they

laim that their methods are scalable, only companies owning

arge-scale platforms can employ these methods (e.g., Google Au-

oML ( Real et al., 2017 )), and we cannot see them as a scalable so-

ution in reality. Thus, we need a study to automate the process of

esigning deep learning models economically under an accessible

omputing resource, such as completing one automated process by

sing one or four GPUs within hours. 

.4. Transfer learning 

Transfer learning is to develop methods that can transfer

nowledge learned in one or more source tasks to improve learn-

ng in a related target task ( Torrey and Shavlik, 2010 ). The transfer-

ble knowledge can be a trained model, a policy used, or hyperpa-

ameters learned in a source task. Few studies use transfer learn-

ng into neural network architecture searching. To the best of our

nowledge, NASNet, recently proposed by Google Brain, is the ear-

iest work adopting transfer learning to learn the best transferable

rchitecture found on a small dataset by using a recurrent neural

etwork (RNN) ( Mikolov et al., 2010 ) and reinforcement learning. 

There are three significant differences between our proposed

ramework and NASNet: (a) we adopt an evolutionary algorithm

nstead of RL; (b) our method is more flexible and able to treat

ot only network blocks but also hyperparameters, learning strate-

ies, and loss functions as genes of evolution; (c) unlike NASNet,

ur work is scalable and can be implemented easily on accessible

nd economical computing resources. 

. Methodology 

A concise but also promising CNN-based denoiser relies on a

pecific learning strategy (e.g., Residual learning) and one choice

f hyperparameter combinations (e.g., DnCNN). Therefore, in this

ork, we aim at building a simple but effective CNN structure by

ocusing on exploring the effective combinations of CNN hyperpa-

ameters instead of the structural blocks and layer connections.

espite all this, our proposed framework is also flexible because

genes” can represent any component (e.g., block type, loss func-

ion, learning strategy) of a CNN. In our experiment Section 4 , we

rovide two different groups of genes to evaluate our method’s

exibility in practice. 

One significant challenge of using GA is how to accelerate the

volutionary process dynamically in a huge search space. Existing

ethods usually require large-scale computing resource (e.g., hun-

red GUPs). However, in practice, these computational platforms

re not accessible to most users. To address this issue, in this sec-

ion, we present an Optimized Genetic Algorithm ( Algorithm 1 ) with

n Experience-based Greedy Exploration Strategy , and also leverage
ransfer Learning to further expedite the GA evolution on the large

ataset. 

lgorithm 1 The Proposed Genetic Algorithm for Exploring CNNs.

equire: one all-possible-gene set θ = θc ∪ θ f , initial fine-gene set

θ f , initial complementary-gene set θc , initial population size N,

initial number of generation G , percentage of selected individu-

als after each generation σ , number of children of crossed over

out O , mutation rate ε, termination condition E, small and large

training datasets D = { D s , D l } 
1: for d = 1, 2, …, length(D) do 

2: for g = 1, 2, …, G − 1 do 

3: for i = 1, 2, …, N do 

4: if g = 1 then 

5: Initialize a set of randomized individuals 
{

P 
g 
i 

}N 

i =1 
based on θ f 

6: end if 

7: Return trained individuals 
{

P 
g,t 
i 

}N 

i =1 
by Keras and Ten-

sorflow 

8: Return fitness scores F 
g 

i 
= F (P 

g,t 
i 

) to individuals 

9: end for 

10: Sort 

{ 

P 
g,trained 
i 

} N 

i =1 
by F 

g 
i 

with descending order 

11: � = 

{ 

P 
g,trained,sorted 
i 

} N∗σ

i =1 
Select the top N ∗ σ best individu-

als 

12: P 
g,new 

i 
= P 

g,new 

i 
+ = ∅ 

13: while length (P 
g,new 

i 
) < N − length (� ) do 

14: ϒmom 

, ϒdad = uni f ormRandom (� ) Select parents 

15: { �o } O o=1 = Genome (ϒmom 

, ϒdad ) Have children with

crossover genes 

16: if ε > Random (0 , 1) then Mutation with a rate μ
17: �selected = selectRandom ( { �o } O o=1 ) Randomly select

one child 

18: θselected = selectRandom (θ�selected 
) Randomly select 

one gene 

19: θc,selected = select Random (θc , Genot ype (θselected )) 

0: { �m 

o } O o=1 = replace (�selected , θselected , θc,selected ) 

21: P 
g,new 

i 
= P 

g,new 

i 
+ { �m 

o } O o=1 

2: else 

3: P 
g,new 

i 
= P 

g,new 

i 
+ { �o } O o=1 

4: end if 

5: P 
g,new 

i 
= remov eDuplicate (P 

g,new 

i 
) 

6: end while 

27: P 
g,new 

i 
= P 

g,new 

i 
+ � 

8: if E = T rue then May say “the highest fitness score is not

changing”

9: Terminate generation and go to output 

0: end if 

31: end for 

2: θu 
f 

= U pdate (θ f , � ) Replace fine-gene set with the genes in

� 

3: θu 
c = θ − θ f Update complementary-gene set 

4: end for 

nsure: Select the best individuals (CNNs) from P 
g,new 

i 

.1. Gene splitting 

A “gene” is the basic functional unit in a biological body. In

n artificial neural network, genes represent the components of

 CNN, such as hyperparameters, which includes the number of

ayers, the number of neurons, activation functions, optimizers,

nd loss functions. Genes can also represent structural blocks (e.g.,
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residual block ( He et al., 2016 )) and learning strategies, such as

residual learning and transductive learning ( Joachims, 2003 ). 

To speed up the evolution process, let θ be the set of all

possible genes, and it is split into a fine-gene set θ f and a

complementary-gene set θ c . Fine-genes are the hyperparameters

selected from those state-of-the-art CNN structures in the liter-

ature (e.g., DnCNN) or previous GA generations. The remaining

genes in θ are complementary genes. The first population is

initialized based on θ f . The mutation process is solely built upon

θ c . By combining this strategy with experience-based greedy

exploration strategy (see 3.2 ), we can find the satisfied CNNs at

the early evolutionary process stage. 

Our method emphasizes the fittest genes more than the sur-

vived individuals (network structures). This strategy ensures the

promising genes are passed down to offspring, and the fittest indi-

viduals are more likely to be explored effectively in early genera-

tions. Therefore, our approach can accelerate the evolution process

via optimizing gene search space dynamically. The overview and

algorithm details of the proposed method are shown in Fig. 1 and

Algorithm 1 respectively. In our algorithm, an individual (CNN) is

composed of different genes, and N individuals form a population-

P . 

3.2. Experience-based greedy exploration 

We optimize GA with an experience-based greedy exploration

strategy, which determines how and when to update gene sets.

Experience represents CNN components (e.g., hyperparameters)

learned from the last generation. We initialize the fine-gene sets

θ f with the genes from the top-performance CNNs evolved in the

previous evolutionary environment. This strategy enables locating

the best individuals at an early stage. Thus, it does not need to

explore the entire search space. Our approach stores and transfers

such experience to the next generation. 

3.3. Transfer learning 

Another novel contribution of our approach is using a transfer

learning strategy ( Yosinski et al., 2014 ) that allows the explored

genes to be transferable among training data of different sizes or

various modalities. For instance, we may use a small dataset to

quickly optimize the gene-set space first, and then explore CNNs

on a larger dataset by initializing a new population using the fine

genes identified from the small dataset. Transfer learning further

accelerates the evolution rate of the optimization. 

3.4. Fitness evaluation 

The fitness function F ( P i ) returns the restored image quality

measure as a fitness score to each individual P i . Fitness score per-

forms the following functions: (1) evaluating individual fitness;

(2) updating gene-sets; (3) serving as a stopping rule. Hence,

the fitness function is critical for designing an effective GA-based

method. Algorithm 1 presents the details of the proposed GA for

exploring promising CNNs to handle medical image denoising. 

3.5. Computational complexity 

It is difficult to compute the computational complexity of an

evolutionary metaheuristic. The complexity depends on the ge-

netic operators (mutation, crossover, and selection), the implemen-

tation, which may have a very significant effect on overall com-

plexity, the representation of the individuals and the population,

and the fitness function. Generally, a genetic algorithms complex-

ity is O ( GNE ), where G the number of generations, N is the popu-

lation size, and E is the size of the individuals which, in our case,
s the number of epochs of training each neural network. The fit-

ess function is not considered because it depends on a specific

pplication. In our case, the computational complexity is the same

s the original genetic algorithm because we did not change the

nternal mechanism of the genetic algorithm; rather, we applied

ransfer learning and greedy initialization strategy onto external of

he genetic algorithm. 

. Experiments 

.1. Training and testing data 

Our dataset is a collection of 10,775 cerebral perfusion CT im-

ges, all of which are 512 × 512 gray-scale images. Many of the

ollected images have very similar features due to the series of

T scans on the same patients. In order to avoid overfitting, we

andomly select images to produce a diversified training dataset.

hus, training dataset D consists of randomly selected 250 images

rom the perfusion CT dataset, all of them are cropped uniformly

o the size of 331 × 363. This pre-processing step removes the skull

nd background from raw CT images and improves feature learn-

ng efficiency during training. Testing data are randomly selected

50 images with no overlap with the training data. They remain

s 512 × 512 grayscale images. Another 100 images with no over-

ap with the training/testing data are selected as the validation set.

e use Peak Signal-to-Noise Ratio (PSNR) as the fitness function

n approach. 

.2. Transfer learning 

GA requires high computational resources due to a large search

pace, which leads to difficulties when evaluating performance on

arge datasets directly. Our strategy is to explore promising CNN

yperparameter combinations by training on a small subset D s . In

articular, 35 images from the training data are randomly selected

nd segmented with patch size 50 × 50 at a stride of 20. Therein,

576 image patches are generated for the initial evolution. We then

ransfer hyperparameters observed from results on D s to a large

raining set D l . With the same patch size and stride length, 100

mages of D l are segmented into 17,280 patches for further evolu-

ion. 

.3. Low-dose noise simulation 

Repeated scans at different radiation doses on the same patient

re not ethical due to increased unnecessary radiation exposure.

herefore, in this paper, low-dose perfusion CT images are stimu-

ated and added to the regular dose perfusion CT images. Specifi-

ally, spatially correlated normally distributed noise ( Britten et al.,

004 ) is added to both training data and testing data. The added

oise has a standard deviation of σ = 17 , 22 , 32 , which corre-

ponds to the tube current-time product of 30, 20, 10 mAs. The

egular dose level is 190 mAs. 

.4. Experimental setup 

All possible genes θ are selected from CNN hyperparameters

ith promising performance reported in the literature ( Zhang

t al., 2017; Mao et al., 2016 ). In this paper, we consider

 constrained case with θ consisting of four sub-genotypes:

umber of layers = (1, 2, 3, 4, 5, 6, 7), number of neu-

ons in each layer = (16, 32, 64, 96, 128, 256), activation =
‘ReLU’,‘Tanh’,‘SELU’,‘ELU’,‘Sigmoid’), and optimizers = (‘Rmsprop’,

SGD’, ‘Adam’, ‘Adamax’, ‘Adadelta’, ‘Adagrad’). During initialization,

e set the initial fine-gene set θ f from set θ as number of lay-

rs = (5, 6), number of neurons in each layer = (32, 48), activa-

ion = (‘ReLU’, ‘ELU’, ‘Sigmoid’), and optimizers = (‘SGD’,‘Adam’).
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Fig. 2. (a) The performance of best individual with respect to mutation rate ε = 0 . 05 , 0 . 1 , 0 . 2 . (b) The average performance over top 5 individuals with respect to the 

initialization process with a fine-gene set θ f and whole-gene set θ . (c) The average performance overall individuals with respect to the generation number. All training is 

processed on a large dataset D l . 
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2 
e create an initial population size N = 20 individuals and per-

orm genetic operations for 10 rounds (generation). For each gener-

tion, we set mutation possibility rate ε = 0 . 1 . Crossover happens

etween any two random parents networks. After each crossover

nd mutation, we check the whole population and eliminate du-

licate individuals (see Algorithm 1 ). Other hyperparameters (e.g.,

earning rate) follow Tensorflow default settings. Residual learn-

ng ( Kiku et al., 2013 ) is adopted to accelerate the training process.

ll GA progress is processed on Tensorflow platform with GEFORCE

TX TITAN GPUs. 

.5. Parameters selection 

We evaluate the performance of different mutation rate as

hown in Fig. 2 (a). When the mutation rate is too high, it increases

he searching speed in the search space but may not find optimal

ndividuals in each generation. On the other hand, when the mu-

ation rate is too low, it can lead individuals to converge rapidly

o local optimum instead of the global optimum. From Fig. 2 (a),

= 0 . 1 gives the optimal performance. We also evaluate different

nitialization strategies as shown in Fig. 2 (b). Fine-gene initializa-

ion with selected genes can reach the same performance as the

hole gene initialization strategy after 8 generations while we set

ne-genes as a greedy initialization set to help early generations

nd high-performance individuals. However, after certain genera-

ions, more mutation genes are introduced due to duplicate in-

ividual elimination, which increases population diversity but re-

uces the average performance. This strategy helps to stop early

t an optimal generation and improves search efficiency. This is

emonstrated in Fig. 2 (c). We use 10 generations as shown in

ig. 2 (c). 

.6. Gene evolution 

We track the evolution of genes over generations and illus-

rate the optimizer function genes in Fig. 3 . We statistically sum-

arize the gene occurrences amount top 5 individuals in each

eneration trained on a small training set and after transferring

o a large training set ( Fig. 3 (a)). The low-performance genes are

liminated over the generations, such as SGD and Adagrad . At the

ame time, the high-performance genes are introduced from mu-

ation, such as Adadelta . After being transferred to a large training

et ( Fig. 3 (b)), the initialization set is transferred from (a), where

ood “genes” such as Adam, Adadelta , and Adamax are preserved.

hrough the evolution, top performance genes such as Adamax

nd Adadelta dominate the optimizer functions genes. This track-

ng process demonstrates that our greedy initialization strategy
elps to search for high-performance genes efficiently. More im-

ortantly, it shows that the learned CNN hyperparameters (genes)

nd structures are transferable from a small dataset to a large

ataset. 

.7. Flexibility 

The proposed framework is flexible as “gene” can represent var-

ous components of a CNN. In our case, flexibility means we have

ifferent genes that contain different parts of the neural network

rchitectures. The one who’s going to use our evolutionary algo-

ithm could choose to activate or mute genes as needed. Here,

activate” means we introduce genes into the evolutionary process, 

hile “mute” means we don’t change the gene or just fix the struc-

ure in neural networks. 

To show the flexibility, we set up an experiment using an-

ther group of genes, including type of block = (‘RC’ ( Liu and

ang, 2018 ), ‘inception’ ( Szegedy et al., 2015 ),‘residual’ ( He et al.,

015 ), ‘transductive’ 2 ), number of blocks = (4,9), activation =
‘ReLU’,‘Tanh’,‘Sigmoid’), optimizers = (‘SDG’, ‘Adam’, ‘Adamax’, 

Adadelta’, ‘Adagrad’), loss function = (‘binary cross-entropy’,‘mean

bsolute percentage error’,‘mean squared error’,‘mean absolute er-

or’,‘logcosh’), and learning strategy = (‘residual’,‘transductive’). In

ontrast with the first experiment, we activate the following new

enes: the type of blocks, the loss functions, and the learning strat-

gy, and also mute some genes, such as the number of layers and

he number of neurons. 

The number of neurons in each layer is embedded into vari-

us network blocks, such as Residual, RC, and Interception, with

efault values 64 and 32 (only in Interception block). This strat-

gy can take advantage of the state-of-the-art network blocks in

eature extraction and also reduce search space significantly be-

ause the layer-number and the neuron-number have numerous

ptions but relatively don’t contribute much to performance com-

ared to network-structure and loss functions. In a CNN, the loss

unction determines the direction of optimization. It is essential to

nclude it into the evolutionary framework. Besides, learning strat-

gy is also important. Notably, in image denoising cases, such as

nCNN, residual learning (predicting the difference between input

nd ground-truth images) is easier than transductive learning (di-

ectly mapping input to ground-truth). 

We use the same strategy (selecting genes from existing meth-

ds (e.g., DnCNN, REDNet)) to initialize the fine-gene set θ f as type
two stacked convolutional layers without other techniques 
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Fig. 3. The optimizer gene appearance changing during evolutionary progress on the small dataset D s (a) and the large dataset D l (b) with transferred initialization set. In 

each generation, 5 top performing individuals are selected to summarize changes. “Top 5 Candidates” bar refers to the final optimizer gene distribution after one evolutionary 

progress. The final color bar in (a) has a different meaning from the initial color bar in (b). The height of each color bar represents the number of the genes appearing in 

a generation. The final color bar in (a) represents the gene types appearing in the top 5 performing neural networks and the corresponding gene quantity. The initial color 

bar (b) represents the gene types in the initial fine-gene set used for the evolution on a large dataset and the corresponding gene quantity. The fine genes are smoothly 

transferred from the final generation of the neural network evolution that is performed on a small dataset. The transfer process is achieved by replacing the fine-gene set 

with these fine genes presented in the “Top 5 Candidates”. Thus, each type of gene has the same amount (e.g., equal to 1) at the initial stage of the evolutionary process on 

a large dataset.. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 1 

Average PSNR and SSIM of algorithms: BM3D, DnCNN, EvoNet-5, and EvoNet-17 at different noise levels σ = 17 , 22 , 32 . Best performance 

is highlighted in bold. 

σ BM3D Dabov et al. (2009) DnCNN Zhang et al. (2017) EvoNet-5 EvoNet-17 EvoNet-block 

PSNR(dB) SSIM PSNR(dB) SSIM PSNR(dB) SSIM PSNR(dB) SSIM PSNR(dB) SSIM 

17 29.07 0.4515 36.64 0.9158 36.30 0.9062 36.65 0.9074 36.91 0.9170 

22 26.98 0.3578 35.87 0.8863 35.66 0.8914 35.92 0.8988 36.18 0.9037 

32 23.95 0.2385 35.03 0.8671 34.35 0.8578 35.04 0.8846 35.35 0.8879 
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of block = (‘RC’,‘residual’,‘transductive’), number of blocks = (4),

activation = (‘ReLU’, ‘Sigmoid’), optimizers = (‘SGD’,‘Adam’), loss

function = (‘mean absolute error’,‘mean squared error’), and learn-

ing strategy = (‘residual’). The mutation possibility rate ε remains

at 0.1. 

The corresponding evolution processing results are shown in

Table 1 . We name the network obtained in this experiment as

EvoNet-block. As one can see, EvoNet-block has better perfor-

mance than EvoNet-17; therefore, getting the promising existing

CNN blocks and learning strategies involved in evolution process-

ing can raise the possibility of finding a better deep CNN model. 

4.8. Comparison with state-of-the-art methods 

Both quantitative and qualitative comparisons are provided.

We compared with state-of-the-art methods including BM3D

and DnCNN. DnCNN is one of few deep learning-based stud-

ies ( Jifara et al., 2017 ) in medical image denoising, still very ac-

tive and published recently. We obtained the EvoNet-5 (5 layers,

64 neurons in each layer, Adadelta, ReLu ) from D s , and EvoNet-17

(17 layers, 64 neurons in each layer, Adadelta, ReLu ) from D l . In

addition, we obtained the EvoNet-block by involving the types of

network blocks and trained it on D l . EvoNet-block has 21 layers (9

residual blocks and additional 3 layers for input-end and output-

end), 64 × 3 × 3 neurons in each layer, mean absolute error as

the loss function, A dam as the optimizer, residual as the learning

strategy, and Tanh as the activation function. We visualize the ar-

chitectures of EvoNet-5, EvoNet-17, and EvoNet-block in Fig. 5 . 

In Table 1 , we present the summary of quantitative results. The

deeper EvoNet-block and EvoNet-17 outperform other state-of-the-

art methods with PSNR on the testing dataset. The shallow EvoNet-

5 achieves comparable performance to DnCNN; however, it is deep

(20 layers) while the EvoNet-5 is a compact structure with stacked
onvolutional layers without regularization technique. During the

rst experiment, deeper (6, 7 layers) and larger (128, 256 neurons)

etworks are eliminated due to overfitting on small data. There-

ore, we initialize the number of blocks in the second experiment

ith a small number to save the computing resource and speed up

volution processing. Fig. 4 shows the visual results. Our method

erfectly restores physiological structures, circuit contour and tex-

ure of the cerebral cortex and gains high PSNR values. It is match-

ng with quantitative results. 

The flexibility of our evolutionary framework can find a better

ombination of components of a neural network that is suitable for

he target task. In Table 1 , as one can see, EvoNet-block has much

etter performance than EvoNet-17 that is obtained from stack-

ng convolutional layers without involving state-of-the-art network

locks. Taking advantage of existing CNN components is a promis-

ng strategy to explore better network architectures. 

.9. Non-expedited and expedited evolution comparison 

We summarize the neural network evolutionary time of using

he expedited and the non-expedited genetic algorithm in our case.

he evolutionary time is primarily determined by the number of

andidates (neural networks) and the total number of training im-

ges. The iteration number of training each candidate also affects

he total evolutionary time. However, compared to the two aspects

entioned above, the training iteration (or epoch) number is a rel-

tively small influence factor. In addition, because we usually adopt

arly stopping strategy for training each candidate, the exact evo-

utionary time generated from iteration number is difficult to ap-

roximate. The similar case is also applicable to the learning rate.

any other aspects can also affect the evolutionary time, including

ardware (e.g., GPU), operating system, and deep learning train-

ng platform (e.g., Tensorflow). However, apart from GPUs, these
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Fig. 4. Visual Results of perfusion CT dataset with noise σ = 22 . A region of Interest (ROI) is selected (red region) and scaled up for better visual comparison. (For interpre- 

tation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. The visualization of the architectures of EvoNet-5, EvoNet-17, and EvoNet-block. As one can see, although all these network architectures are standard and common, 

they can achieve competitive and even superior performance, thus the fittest hyperparameters obtained through the proposed evolutionary framework can train a better 

CNN.. 
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spects are also considered as minor effect factors in the evolution-

ry process when compared with training data size and candidate

umber. Therefore, we calculate the evolutionary time with only

onsidering the number of candidates and the number of training

mages as effect-factors. 

The expedited evolutionary process time is the summation of

he evolutionary process time on a small dataset and on a large

ataset. The non-expedited evolutionary process time is the time

f exploring neural networks on a large dataset directly. In our ex-

eriments, we use 4 GEFORCE GTX TITAN GPUs for processing 200

andidates, and the approximate expedited evolutionary process

ime is about 135 hours, which includes 5 hours evolutionary pro-

ess time on a small dataset (e.g., 30 images) for finding the best

enes from the 200 candidates and then 130 hours evolutionary

rocess time on a large dataset (e.g., 250 images) for composing of

he best CNN architectures from a reduced gene search space. In
ontrast, the approximate non-expedited evolutionary process time

s about 330 hours. In other words, compared to using the origi-

al genetic algorithm, our expedited genetic algorithm based evo-

utionary framework can reduce an approximate 59% evolutionary

rocess time for exploring the best neural network. The efficiency

mprovement also depends on the stop condition considerably. The

top condition can vary from case to case. In our case, it is stopped

nce the top 5 individuals do not change in the next generation. 

. Discussion & conclusion 

In this work, we propose an optimized GA-based strategy to

xplore CNN structure for medical image denoising. We intro-

uce an experience-based greedy exploration strategy and trans-

er learning to accelerate GA evolution. We evaluate EvoNets on

 perfusion CT dataset and demonstrate promising performance.
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Compared to other neural network architecture searching methods,

the proposed framework has two key advantages. First, our method

focuses on not only network structure combination but also hyper-

parameters optimization. Other methods mostly focus on finding

the best structural components. However, the hyper-parameters

are critical for optimizing performance. Second, our framework is

more flexible and can work in real applications without the needs

of large-scale computing resources. 

In experiments, we first change normal genes such as the type

of the optimizers, the choice of the activation function, the number

of layers, and the number of neurons. Then we generate EvoNet-5

and EvoNet-17 from two different datasets, which perform compet-

itively. To achieve higher performance, we introduced block gene,

which contains current state-of-the-art block structures, such as RC

and residual, leading to the increased performance of the EvoNet-

block. 

In the current work, we only consider a constrained case. In

future work, the proposed method can be extended to explore

more flexible CNN structures for challenging tasks, such as lesion

detection, segmentation, and classification. Our proposed frame-

work is general and flexible. For example, if we apply the pro-

posed method for medical image segmentation, the changes to our

proposed method can be summarized by (a) replacing the fitness

function with Intersection Over Union (IOU) metric, which is to

measure the number of pixels common between the target and

prediction masks divided by the total number of pixels present

across both masks; (b) adding segmentation loss function (e.g.,

dice loss ( Milletari et al., 2016 )) into the gene set; (c) replacing

the training and evaluation dataset. All of these changes are easily

implemented. Thus, the proposed framework can be easily gener-

alized to other applications and data domains. 
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ikolov, T. , Karafiát, M. , Burget, L. , Černock ̀y, J. , Khudanpur, S. , 2010. Recurrent neu-
ral network based language model. In: Eleventh Annual Conference of the Inter-

national Speech Communication Association . 
iller, J. , Turner, A. , 2015. Cartesian genetic programming. In: Proceedings of the

Companion Publication of the 2015 Annual Conference on Genetic and Evolution-
ary Computation . ACM, pp. 179–198 . 

illetari, F. , Navab, N. , Ahmadi, S.-A. , 2016. V-net: Fully convolutional neural net-

works for volumetric medical image segmentation. In: 3D Vision (3DV), 2016
Fourth International Conference on . IEEE, pp. 565–571 . 

air, V. , Hinton, G.E. , 2010. Rectified linear units improve restricted Boltzmann ma-
chines. In: Proceedings of the 27th international conference on machine learning

(ICML-10) , pp. 807–814 . 
lson, R.S. , Moore, J.H. , 2016. Tpot: A tree-based pipeline optimization tool for

automating machine learning. In: Workshop on Automatic Machine Learning ,

pp. 66–74 . 
arikh, T. , Drew, S.J. , Lee, V.S. , Wong, S. , Hecht, E.M. , Babb, J.S. , Taouli, B. , 2008. Focal

liver lesion detection and characterization with diffusion-weighted MR imaging:
comparison with standard breath-hold t2-weighted imaging. Radiology 246 (3),

812–822 . 
ham, D.L. , Xu, C. , Prince, J.L. , 20 0 0. Current methods in medical image segmenta-

tion. Annu. Rev. Biomed. Eng. 2 (1), 315–337 . 

eal, E., Aggarwal, A., Huang, Y., Le, Q.V., 2018. Regularized evolution for image clas-
sifier architecture search . arXiv preprint arXiv: 1802.01548 

eal, E., Moore, S., Selle, A., Saxena, S., Suematsu, Y.L., Tan, J., Le, Q., Kurakin, A., 2017.
Large-scale evolution of image classifiers . arXiv preprint arXiv: 1703.01041 

Sajjadi, M.S., Schölkopf, B., Hirsch, M., 2016. Enhancenet: single image super-
resolution through automated texture synthesis . arXiv preprint arXiv: 1612.

07919 

tanley, K.O. , Miikkulainen, R. , 2002. Evolving neural networks through augmenting
topologies. Evol. Comput. 10 (2), 99–127 . 

uganuma, M. , Shirakawa, S. , Nagao, T. , 2017. A genetic programming approach to
designing convolutional neural network architectures. In: Proceedings of the Ge-

netic and Evolutionary Computation Conference . ACM, pp. 497–504 . 

https://doi.org/10.13039/100000001
http://arxiv.org/abs/1611.02167
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0002
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0002
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0002
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0002
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0002
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0002
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0003
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0003
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0003
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0003
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0004
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0004
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0004
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0005
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0005
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0005
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0005
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0005
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0006
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0006
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0006
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0007
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0007
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0007
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0007
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0008
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0009
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0009
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0009
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0009
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0010
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0010
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0010
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0011
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0011
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0011
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0011
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0012
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0013
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0013
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0013
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0013
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0013
http://arxiv.org/abs/1512.03385
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0015
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0015
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0015
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0015
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0015
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0016
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0016
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0017
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0017
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0018
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0018
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0018
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0019
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0019
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0019
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0019
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0020
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0020
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0020
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0020
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0020
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0020
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0021
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0021
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0022
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0022
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0022
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0022
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0023
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0023
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0023
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0023
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0023
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1605.07079
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0026
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0027
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0027
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0027
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0027
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0028
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0028
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0028
http://refhub.elsevier.com/S1361-8415(18)30773-4/othref0001
http://refhub.elsevier.com/S1361-8415(18)30773-4/othref0001
http://refhub.elsevier.com/S1361-8415(18)30773-4/othref0001
http://refhub.elsevier.com/S1361-8415(18)30773-4/othref0001
http://refhub.elsevier.com/S1361-8415(18)30773-4/othref0001
http://arxiv.org/abs/1606.08921
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0030
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0030
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0030
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0030
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0030
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0030
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0031
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0031
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0031
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0032
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0032
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0032
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0032
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0033
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0033
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0033
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0034
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0034
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0034
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0035
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0036
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0036
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0036
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0036
http://arxiv.org/abs/1802.01548
http://arxiv.org/abs/1703.01041
http://arxiv.org/abs/1612.07919
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0040
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0040
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0040
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0041
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0041
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0041
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0041


P. Liu, M.D. El Basha and Y. Li et al. / Medical Image Analysis 54 (2019) 306–315 315 

S  

S  

T  

 

V  

 

W  

W  

 

X
Y  

Y

Y  

 

Y  

 

Z  

 

Z  
utton, R.S. , Barto, A.G. , 1998. Reinforcement learning: An introduction, 1. MIT Press
Cambridge . 

zegedy, C. , Liu, W. , Jia, Y. , Sermanet, P. , Reed, S. , Anguelov, D. , Erhan, D. , Van-
houcke, V. , Rabinovich, A. , et al. , 2015. Going deeper with convolutions . CVPR . 

orrey, L. , Shavlik, J. , 2010. Transfer Learning. In: Handbook of research on machine
learning applications and trends: algorithms, methods, and techniques . IGI Global,

pp. 242–264 . 
an Leemput, K. , Maes, F. , Vandermeulen, D. , Colchester, A. , Suetens, P. , 2001. Au-

tomated segmentation of multiple sclerosis lesions by model outlier detection.

IEEE Trans. Med. Imaging 20 (8), 677–688 . 
ang, Y. , Zhou, H. , 2006. Total variation wavelet-based medical image denoising.

Int. J. Biomed. Imaging. 2006 . 
hitaker, R.T. , Xue, X. , 2001. Variable-conductance, level-set curvature for image de-

noising. In: Image Processing, 2001. Proceedings. 2001 International Conference on ,
3. IEEE, pp. 142–145 . 
ie, L., Yuille, A., 2017. Genetic cnn . arXiv preprint arXiv: 1703.01513 
ang, J. , Honavar, V. , 1998. Feature subset selection using a genetic algorithm. In:

Feature Extraction, Construction and Selection . Springer, pp. 117–136 . 
ao, X. , 1999. Evolving artificial neural networks. Proc. IEEE 87 (9), 1423–1447 . 

osinski, J. , Clune, J. , Bengio, Y. , Lipson, H. , 2014. How transferable are features in
deep neural networks? In: Advances in neural information processing systems ,

pp. 3320–3328 . 
oussef, H. , Sait, S.M. , Adiche, H. , 2001. Evolutionary algorithms, simulated an-

nealing and tabu search: a comparative study. Eng. Appl. Artif. Intell. 14 (2),

167–181 . 
hang, K. , Zuo, W. , Chen, Y. , Meng, D. , Zhang, L. , 2017. Beyond a gaussian denoiser:

residual learning of deep CNN for image denoising. IEEE Trans. Image Process.
26 (7), 3142–3155 . 

oph, B., Le, Q.V., 2016. Neural architecture search with reinforcement learning .
arXiv preprint arXiv: 1611.01578 

http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0042
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0042
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0042
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0043
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0044
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0044
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0044
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0045
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0045
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0045
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0045
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0045
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0045
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0046
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0046
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0046
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0047
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0047
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0047
http://arxiv.org/abs/1703.01513
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0049
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0049
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0049
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0050
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0050
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0051
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0051
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0051
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0051
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0051
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0052
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0052
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0052
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0052
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0053
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0053
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0053
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0053
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0053
http://refhub.elsevier.com/S1361-8415(18)30773-4/sbref0053
http://arxiv.org/abs/1611.01578

	Deep Evolutionary Networks with Expedited Genetic Algorithms for Medical Image Denoising
	1 Introduction
	2 Related work
	2.1 Genetic algorithm
	2.2 Neural network evolution
	2.3 Computing resource constraint
	2.4 Transfer learning

	3 Methodology
	3.1 Gene splitting
	3.2 Experience-based greedy exploration
	3.3 Transfer learning
	3.4 Fitness evaluation
	3.5 Computational complexity

	4 Experiments
	4.1 Training and testing data
	4.2 Transfer learning
	4.3 Low-dose noise simulation
	4.4 Experimental setup
	4.5 Parameters selection
	4.6 Gene evolution
	4.7 Flexibility
	4.8 Comparison with state-of-the-art methods
	4.9 Non-expedited and expedited evolution comparison

	5 Discussion & conclusion
	Conflict of interest
	Acknowledgments
	References


