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ABSTRACT

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.

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., 2000; 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
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optimizer functions. Manually optimizing a CNN may take days or
even weeks, which depends on the network scale and the training
data properties (e.g., sparsity, noisy features).

Medical imaging techniques, such as Computed Tomography
(CT), Magnetic Resonance Imaging (MRI), and X-rays are popular
diagnostic tools. Nevertheless, these techniques are susceptible
to noise. For example, CT perfusion images are often associated
with complicated mixed noise due to the photon starvation
artifacts. Removing these artifacts from training data can im-
prove the learning capability of the CNN-based models and thus
boost the lesion detection and classification accuracy. In the past
decades, different methods have been widely investigated to solve
the problem. Based on the image properties, we can classify the
existing methods to be prior based (i.e., PCLR (Chen et al., 2015)),
sparse coding-based (i.e., KSVD (Elad and Aharon, 2006)), low
rank-based (i.e, WNNM (Gu et al, 2014)), and filter-based ap-
proaches (e.g., BM3D (Dabov et al., 2009)). However, complicated
mixed noise in medical images still leads to the unsatisfactory
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performance of these methods and remains a valuable research
direction.

CNNs recently have shown superior performance over tradi-
tional models on denoising tasks. A typical CNN is composed of
several stacked layers, including layer connections and hyperpa-
rameters (e.g., the number of layers, the number of neurons in
each layer, the choice of activation functions). RED-Net (Mao et al.,
2016) consists of a chain of 30 convolutional layers and sym-
metric deconvolutional layers. Another state-of-the-art method,
DnCNN (Zhang et al., 2017), adopts concise stacked-layer connec-
tions but achieves impressive performance via appropriate hyper-
parameters (e.g., ReLU (Nair and Hinton, 2010), Adam (Kingma and
Ba, 2014)) selection. Consequently, hyperparameters play a domi-
nant role in optimizing image denoising tasks.

These modern networks present promising image restoration
performance; however, they are all manually designed based on
expert empirical knowledge. It is expensive and slow to manually
search for the optimal network structures with exponential com-
binations of hyperparameters and layers connections. To address
this issue, we need to build a framework that can automatically
construct promising CNN-based denoisers with concise layer con-
nections and optimal hyperparameter combinations. Moreover, an
efficient algorithm is essential to explore the optimal CNN struc-
tures within reasonable computational time.

In this work, we propose a neural network evolutionary frame-
work and implement it by constructing a CNN-based medical im-
age denoiser, named EvoNet, automatically. To more effectively
navigate large search spaces, we formulate an optimized genetic
algorithm (GA) (Holland, 1992). GA initializes candidate solutions
(e.g., networks) as an initial generation, and then applies ge-
netic operations to evolve the solutions in each generation. As
shown in Fig. 1, for the population evolution process, we define
three standard genetic operations: selection, crossover, and muta-
tion. A fitness function is formulated to select the best individu-
als (e.g., CNN) in each generation. Fitness scores evaluate each of
these solutions through a criterion of image quality (e.g., Peak-
Signal-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
a CNN-evolutionary strategy. Theoretically, we can take any ingre-
dient as a “gene”, such as the number of layers, the choice of ac-
tivation functions, the type of learning strategy (e.g., residual), and
the choice of loss functions, as long as it has the potential to help
a CNN achieve satisfactory performance. Therefore, what genes to
choose and how to organize them are important for quickly con-
structing a CNN. On the one hand, we promote the fittest genes
that have been evaluated in practice (e.g., last generation) to a
fine-gene set, which has the higher priority to be chosen in the
following generation. We name this strategy to be experienced-
based greedy initialization. On the other hand, we expedite evolu-
tionary speed by dynamically decreasing the number of individuals
(i.e., CNNs) in our population and the number of generations. Ulti-
mately, most of the genes are eliminated, and only a few of them
will survive.

Efficiency is still a challenge of using GA in large scale train-
ing data. GA typically has to face a massive search space. Although
the strategies above can relieve the issue, the evolutionary process,
built on extensive training data, is still quite slow. Transfer learn-
ing can overcome this challenge. A CNN is typically designed for
a specific problem on a particular dataset. A subset of that data
has similar properties to the original large dataset. Therefore, the
fittest genes learned from the small sub-dataset should be trans-
ferable to the original large dataset. Eventually, the efficiency issue
can be solved through transfer learning, particularly, by switching
evolutionary processes from a small sub-dataset to the correspond-
ing 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-
work Evolution Using Expedited Genetic Algorithm for Medical
Image Denoising” (Liu et al., 2018) published on Medical Image
Computing and Computer Assisted Intervention (MICCAI) 2018. The
main difference of this extension is we explored our framework’s
flexibility. In particular, the genes can represent not only the hy-
perparameters but also the type of structural network blocks, such
as the residual block. By embedding current state-of-the-art net-
work blocks into the evolutionary processing, the explored neural
networks outperform state-of-the-art methods.

2. Related work
2.1. Genetic algorithm

Genetic Algorithms (GAs) (Holland, 1992) belong to evolution-
ary algorithms and are inspired by the natural biological evolution.
Typically, a GA is composed of a “population” P of N “individu-
als”, and has operations including initialization, individual selec-
tion, parents crossover, and children mutation (see Fig. 1). A se-
quence of operations is called an evolutionary “generation”. The
competition among individuals is simulated by a fitness function
that selects the fittest individuals over the weaker ones. During
the population evolution process, all individuals enter an itera-
tive competition, where a new population is evolved in each gen-
eration, consisting of the survivors, children generated from the
crossover of survivors, and mutated individuals from the children.

GA is one of the heuristic algorithms for combinatorial opti-
mization (Youssef et al., 2001). Simulated annealing (SA) and Tabu
search (TS) are two other similar algorithms. On the one hand, all
of them can be applied to many combinatorial optimization prob-
lems. On the other hand, they also have distinct properties. Firstly,
GA requires the greatest computational cost to find the best solu-
tion. Secondly, the quality of the best solution obtained by GA is
better 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.

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-
toML) ! Many AutoML studies (Klein et al., 2016; Feurer et al.,
2015; Olson and Moore, 2016) have been proposed. However, most
of them focus on the traditional machine learning algorithms (e.g.,
SVM (Cortes and Vapnik, 1995), Random Forest (Ho, 1995)) rather
than deep CNN. Although Frank et al. Klein et al. (2016) included
CNN in their Bayesian Optimization based AutoML framework,
it focuses on finding several good hyperparameter settings on
fixed CNN architectures, and not a flexible and general solution.
Recently, there is more literature on EANN methods. Basically, we
can classify them as evolutionary algorithm (e.g., GA) based (Xie
and Yuille, 2017; Suganuma et al., 2017; Real et al., 2018) and
reinforcement learning (RL) (Sutton and Barto, 1998) based (Zoph
and Le, 2016; Real et al.,, 2017; Baker et al., 2016) methods.

Most of these methods focus on searching architecture combi-
nations, such as the layer connections, the type of layers, and the
way of connecting layers (e.g., summation, cascading). However,
the performance of a CNN depends on not only a structural
module (e.g., residual block, interception) but also a combination
of hyperparameters (e.g., loss functions, optimizers, activation

T 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).
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functions). For example, Sajjadi et al. Sajjadi et al. (2016) proposes
a single image super-resolution (SISR) method to achieve state-of-
the-art performance by exploring a suitable combination of various
loss functions (e.g., MSE, perceptual loss (Johnson et al., 2016),
texture matching loss (Sajjadi et al., 2016), adversarial training
loss (Goodfellow et al., 2014)). As more and more optimization
methods are being proposed, a considerably large number of
choices and combinations of various hyperparameters are increas-
ing the difficulty of manually designing an effective CNN quickly.
Thus, it is necessary to create a neural network evolution frame-
work that can automatically explore not only a suitable structure
module but also the fittest hyperparameter combination.

2.3. Computing resource constraint

Existing EANN frameworks take a few considerations of the ac-
cessible computing resource. Most of them focus on the method of
creating competitive neural network architectures. Although they
claim that their methods are scalable, only companies owning
large-scale platforms can employ these methods (e.g., Google Au-
toML (Real et al., 2017)), and we cannot see them as a scalable so-
lution in reality. Thus, we need a study to automate the process of
designing deep learning models economically under an accessible
computing resource, such as completing one automated process by
using one or four GPUs within hours.

2.4. Transfer learning

Transfer learning is to develop methods that can transfer
knowledge learned in one or more source tasks to improve learn-
ing in a related target task (Torrey and Shavlik, 2010). The transfer-
able knowledge can be a trained model, a policy used, or hyperpa-
rameters learned in a source task. Few studies use transfer learn-
ing into neural network architecture searching. To the best of our
knowledge, NASNet, recently proposed by Google Brain, is the ear-
liest work adopting transfer learning to learn the best transferable
architecture found on a small dataset by using a recurrent neural
network (RNN) (Mikolov et al., 2010) and reinforcement learning.

There are three significant differences between our proposed
framework and NASNet: (a) we adopt an evolutionary algorithm
instead of RL; (b) our method is more flexible and able to treat
not only network blocks but also hyperparameters, learning strate-
gies, and loss functions as genes of evolution; (c) unlike NASNet,
our work is scalable and can be implemented easily on accessible
and economical computing resources.

3. Methodology

A concise but also promising CNN-based denoiser relies on a
specific learning strategy (e.g., Residual learning) and one choice
of hyperparameter combinations (e.g., DnCNN). Therefore, in this
work, we aim at building a simple but effective CNN structure by
focusing on exploring the effective combinations of CNN hyperpa-
rameters instead of the structural blocks and layer connections.
Despite all this, our proposed framework is also flexible because
“genes” can represent any component (e.g., block type, loss func-
tion, learning strategy) of a CNN. In our experiment Section 4, we
provide two different groups of genes to evaluate our method’s
flexibility in practice.

One significant challenge of using GA is how to accelerate the
evolutionary process dynamically in a huge search space. Existing
methods usually require large-scale computing resource (e.g., hun-
dred GUPs). However, in practice, these computational platforms
are not accessible to most users. To address this issue, in this sec-
tion, we present an Optimized Genetic Algorithm (Algorithm 1) with
an Experience-based Greedy Exploration Strategy, and also leverage

Transfer Learning to further expedite the GA evolution on the large
dataset.

Algorithm 1 The Proposed Genetic Algorithm for Exploring CNNs.

Require: one all-possible-gene set 6 = 6. U0y, initial fine-gene set
8y, initial complementary-gene set 6, initial population size N,
initial number of generation G, percentage of selected individu-
als after each generation o, number of children of crossed over
out O, mutation rate €, termination condition E, small and large
training datasets D = {Ds, D}

1: for d =1, 2, ..., length(D) do
2: for g=1,2,...,G-1 do
3: for i=1,2,..,Ndo
4: if g=1 then
5: Initialize a set of randomized individuals {P,g}f]=1
based on 0
: end if N
Return trained individuals {Plgt }i:] by Keras and Ten-
sorflow
8: Return fitness scores F¥ = F (Plfg’t) to individuals
9: end for N
10: Sort[PIfg’"a""ed}‘ by F# with descending order
. =1 Nxo
11: " = {Iﬂ.g’[ra‘”ed‘s‘med}. Select the top N x o best individu-
als =
12: Plfg,new — ng.new+ -
13: while length(P"") < N — length(%) do
14: Ymom, Ygqq = uniformRandom(9%) Select parents
15: {\Ilo}g:l = Genome(Ymom, Yqqq) Have children with
crossover genes
16: if € > Random(0, 1) then Mutation with a rate u
17: Woolected = selectRandom({\Ilo}gzl) Randomly select
one child
18: Oselected = SelectRandom(0y_, ) Randomly select
one gene
19: Oc selected = SelectRandom(6¢, Genotype (Osejocted))
20: {\I]{)n}f)):] = replace(\ljselected’ eselected’ Gc,selected)
21: Pfg,new _ Plg,new + {\péﬂ}gzl
22: else
23 Pig,new _ P;g,new + {‘I’o}g:1
24: end if
25: P& = removeDuplicate(P*"*")
26: end while
27: Plfg,new — Plfg.new + }R
28: if E = True then May say “the highest fitness score is not
changing”
29: Terminate generation and go to output
30: end if

31: end for

32: 0}' = Update(8y, %) Replace fine-gene set with the genes in
N

33: 6¢ =0 — 0 Update complementary-gene set

34: end for

Ensure: Select the best individuals (CNNs) from P&""

3.1. Gene splitting

A “gene” is the basic functional unit in a biological body. In
an artificial neural network, genes represent the components of
a CNN, such as hyperparameters, which includes the number of
layers, the number of neurons, activation functions, optimizers,
and 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 6 be the set of all
possible genes, and it is split into a fine-gene set 6; and a
complementary-gene set 6. 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 6 are complementary genes. The first population is
initialized based on 6. The mutation process is solely built upon
6. 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
0r 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;) returns the restored image quality
measure as a fitness score to each individual P;. 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,

is the number of epochs of training each neural network. The fit-
ness function is not considered because it depends on a specific
application. In our case, the computational complexity is the same
as the original genetic algorithm because we did not change the
internal mechanism of the genetic algorithm; rather, we applied
transfer learning and greedy initialization strategy onto external of
the genetic algorithm.

4. Experiments
4.1. Training and testing data

Our dataset is a collection of 10,775 cerebral perfusion CT im-
ages, all of which are 512 x 512 gray-scale images. Many of the
collected images have very similar features due to the series of
CT scans on the same patients. In order to avoid overfitting, we
randomly select images to produce a diversified training dataset.
Thus, training dataset D consists of randomly selected 250 images
from the perfusion CT dataset, all of them are cropped uniformly
to the size of 331 x 363. This pre-processing step removes the skull
and background from raw CT images and improves feature learn-
ing efficiency during training. Testing data are randomly selected
250 images with no overlap with the training data. They remain
as 512 x 512 grayscale images. Another 100 images with no over-
lap with the training/testing data are selected as the validation set.
We use Peak Signal-to-Noise Ratio (PSNR) as the fitness function
in approach.

4.2. Transfer learning

GA requires high computational resources due to a large search
space, which leads to difficulties when evaluating performance on
large datasets directly. Our strategy is to explore promising CNN
hyperparameter combinations by training on a small subset D;. In
particular, 35 images from the training data are randomly selected
and segmented with patch size 50 x 50 at a stride of 20. Therein,
8576 image patches are generated for the initial evolution. We then
transfer hyperparameters observed from results on Ds to a large
training set D;. With the same patch size and stride length, 100
images of D; are segmented into 17,280 patches for further evolu-
tion.

4.3. Low-dose noise simulation

Repeated scans at different radiation doses on the same patient
are not ethical due to increased unnecessary radiation exposure.
Therefore, in this paper, low-dose perfusion CT images are stimu-
lated and added to the regular dose perfusion CT images. Specifi-
cally, spatially correlated normally distributed noise (Britten et al.,
2004) is added to both training data and testing data. The added
noise has a standard deviation of o =17,22,32, which corre-
sponds to the tube current-time product of 30, 20, 10 mAs. The
regular dose level is 190 mAs.

4.4. Experimental setup

All possible genes 0 are selected from CNN hyperparameters
with promising performance reported in the literature (Zhang
et al, 2017; Mao et al, 2016). In this paper, we consider
a constrained case with 6 consisting of four sub-genotypes:
number of layers = (1, 2, 3, 4, 5, 6, 7), number of neu-
rons 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,
we set the initial fine-gene set 6y from set ¢ as number of lay-
ers = (5, 6), number of neurons in each layer = (32, 48), activa-
tion = (‘ReLU’, ‘ELU’, ‘Sigmoid’), and optimizers = (‘SGD’,’Adam’).
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Fig. 2. (a) The performance of best individual with respect to mutation rate € = 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 6; and whole-gene set 6. (c) The average performance overall individuals with respect to the generation number. All training is

processed on a large dataset D,.

We create an initial population size N = 20 individuals and per-
form genetic operations for 10 rounds (generation). For each gener-
ation, we set mutation possibility rate € = 0.1. Crossover happens
between any two random parents networks. After each crossover
and mutation, we check the whole population and eliminate du-
plicate individuals (see Algorithm 1). Other hyperparameters (e.g.,
learning rate) follow Tensorflow default settings. Residual learn-
ing (Kiku et al., 2013) is adopted to accelerate the training process.
All GA progress is processed on Tensorflow platform with GEFORCE
GTX TITAN GPUs.

4.5. Parameters selection

We evaluate the performance of different mutation rate as
shown in Fig. 2(a). When the mutation rate is too high, it increases
the searching speed in the search space but may not find optimal
individuals in each generation. On the other hand, when the mu-
tation rate is too low, it can lead individuals to converge rapidly
to local optimum instead of the global optimum. From Fig. 2(a),
€ = 0.1 gives the optimal performance. We also evaluate different
initialization strategies as shown in Fig. 2(b). Fine-gene initializa-
tion with selected genes can reach the same performance as the
whole gene initialization strategy after 8 generations while we set
fine-genes as a greedy initialization set to help early generations
find high-performance individuals. However, after certain genera-
tions, more mutation genes are introduced due to duplicate in-
dividual elimination, which increases population diversity but re-
duces the average performance. This strategy helps to stop early
at an optimal generation and improves search efficiency. This is
demonstrated in Fig. 2 (c). We use 10 generations as shown in
Fig. 2 (c).

4.6. Gene evolution

We track the evolution of genes over generations and illus-
trate the optimizer function genes in Fig. 3. We statistically sum-
marize the gene occurrences amount top 5 individuals in each
generation trained on a small training set and after transferring
to a large training set (Fig. 3(a)). The low-performance genes are
eliminated over the generations, such as SGD and Adagrad. At the
same time, the high-performance genes are introduced from mu-
tation, such as Adadelta. After being transferred to a large training
set (Fig. 3(b)), the initialization set is transferred from (a), where
good “genes” such as Adam, Adadelta, and Adamax are preserved.
Through the evolution, top performance genes such as Adamax
and Adadelta dominate the optimizer functions genes. This track-
ing process demonstrates that our greedy initialization strategy

helps to search for high-performance genes efficiently. More im-
portantly, it shows that the learned CNN hyperparameters (genes)
and structures are transferable from a small dataset to a large
dataset.

4.7. Flexibility

The proposed framework is flexible as “gene” can represent var-
ious components of a CNN. In our case, flexibility means we have
different genes that contain different parts of the neural network
architectures. The one who'’s going to use our evolutionary algo-
rithm could choose to activate or mute genes as needed. Here,
“activate” means we introduce genes into the evolutionary process,
while “mute” means we don’t change the gene or just fix the struc-
ture in neural networks.

To show the flexibility, we set up an experiment using an-
other group of genes, including type of block = (‘RC’ (Liu and
Fang, 2018), ‘inception’ (Szegedy et al., 2015),‘residual’ (He et al.,
2015), ‘transductive’?), number of blocks = (4,9), activation =
(‘ReLU’,'Tanh’,'Sigmoid’), optimizers = (‘SDG’, ‘Adam’, ‘Adamax’,
‘Adadelta’, ‘Adagrad’), loss function = (‘binary cross-entropy’,'mean
absolute percentage error’,‘mean squared error’,'mean absolute er-
ror’,'logcosh’), and learning strategy = (‘residual’,‘transductive’). In
contrast with the first experiment, we activate the following new
genes: the type of blocks, the loss functions, and the learning strat-
egy, and also mute some genes, such as the number of layers and
the number of neurons.

The number of neurons in each layer is embedded into vari-
ous network blocks, such as Residual, RC, and Interception, with
default values 64 and 32 (only in Interception block). This strat-
egy can take advantage of the state-of-the-art network blocks in
feature extraction and also reduce search space significantly be-
cause the layer-number and the neuron-number have numerous
options but relatively don’t contribute much to performance com-
pared to network-structure and loss functions. In a CNN, the loss
function determines the direction of optimization. It is essential to
include it into the evolutionary framework. Besides, learning strat-
egy is also important. Notably, in image denoising cases, such as
DnCNN, residual learning (predicting the difference between input
and ground-truth images) is easier than transductive learning (di-
rectly mapping input to ground-truth).

We use the same strategy (selecting genes from existing meth-
ods (e.g., DnCNN, REDNet)) to initialize the fine-gene set 6y as type

2 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; (a) and the large dataset D; (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 o = 17, 22, 32. Best performance

is highlighted in bold.

o BMS3D 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 09074  36.91 0.9170
22 2698 0.3578 35.87 0.8863 35.66 0.8914  35.92 0.8988  36.18 0.9037
32 2395 0.2385 35.03 0.8671 3435 0.8578  35.04 0.8846  35.35 0.8879

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 ¢ 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 Ds, and EvoNet-17
(17 layers, 64 neurons in each layer, Adadelta, ReLu) from D;. In
addition, we obtained the EvoNet-block by involving the types of
network blocks and trained it on D;. EvoNet-block has 21 layers (9
residual blocks and additional 3 layers for input-end and output-
end), 64 x 3 x 3 neurons in each layer, mean absolute error as
the loss function, Adam 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

convolutional layers without regularization technique. During the
first experiment, deeper (6, 7 layers) and larger (128, 256 neurons)
networks are eliminated due to overfitting on small data. There-
fore, we initialize the number of blocks in the second experiment
with a small number to save the computing resource and speed up
evolution processing. Fig. 4 shows the visual results. Our method
perfectly restores physiological structures, circuit contour and tex-
ture of the cerebral cortex and gains high PSNR values. It is match-
ing with quantitative results.

The flexibility of our evolutionary framework can find a better
combination of components of a neural network that is suitable for
the target task. In Table 1, as one can see, EvoNet-block has much
better performance than EvoNet-17 that is obtained from stack-
ing convolutional layers without involving state-of-the-art network
blocks. Taking advantage of existing CNN components is a promis-
ing strategy to explore better network architectures.

4.9. Non-expedited and expedited evolution comparison

We summarize the neural network evolutionary time of using
the expedited and the non-expedited genetic algorithm in our case.
The evolutionary time is primarily determined by the number of
candidates (neural networks) and the total number of training im-
ages. The iteration number of training each candidate also affects
the total evolutionary time. However, compared to the two aspects
mentioned above, the training iteration (or epoch) number is a rel-
atively small influence factor. In addition, because we usually adopt
early stopping strategy for training each candidate, the exact evo-
lutionary time generated from iteration number is difficult to ap-
proximate. The similar case is also applicable to the learning rate.
Many other aspects can also affect the evolutionary time, including
hardware (e.g., GPU), operating system, and deep learning train-
ing platform (e.g., Tensorflow). However, apart from GPUs, these
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(a) Ground Truth (b) Noisy Input /23.37 dB (c) BM3D /27.12 dB

(d) DNCNN /36.60 dB

(e) EvoNet-5 /36.47 dB (f) EvoNet-17 /36.69 dB (g) EvoNet-block /36.90 dB

Fig. 4. Visual Results of perfusion CT dataset with noise o = 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.)
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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..

aspects are also considered as minor effect factors in the evolution-
ary process when compared with training data size and candidate
number. Therefore, we calculate the evolutionary time with only
considering the number of candidates and the number of training
images as effect-factors.

The expedited evolutionary process time is the summation of
the evolutionary process time on a small dataset and on a large
dataset. The non-expedited evolutionary process time is the time
of exploring neural networks on a large dataset directly. In our ex-
periments, we use 4 GEFORCE GTX TITAN GPUs for processing 200
candidates, and the approximate expedited evolutionary process
time is about 135 hours, which includes 5 hours evolutionary pro-
cess time on a small dataset (e.g., 30 images) for finding the best
genes from the 200 candidates and then 130 hours evolutionary
process time on a large dataset (e.g., 250 images) for composing of
the best CNN architectures from a reduced gene search space. In

contrast, the approximate non-expedited evolutionary process time
is about 330 hours. In other words, compared to using the origi-
nal genetic algorithm, our expedited genetic algorithm based evo-
lutionary framework can reduce an approximate 59% evolutionary
process time for exploring the best neural network. The efficiency
improvement also depends on the stop condition considerably. The
stop condition can vary from case to case. In our case, it is stopped
once the top 5 individuals do not change in the next generation.

5. Discussion & conclusion

In this work, we propose an optimized GA-based strategy to
explore CNN structure for medical image denoising. We intro-
duce an experience-based greedy exploration strategy and trans-
fer learning to accelerate GA evolution. We evaluate EvoNets on
a 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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