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genes gets fixed in the population, the representation of the
problem space can be thought to have changed. And the new
representation may contain one or more sets of genes which
may not have had a detectable fitness signal in the old
representation. Each time a small set of genes gets fixed, the
average fitness of the population will increase by an amount
that may be tiny. As the fixation of small sets of genes
continues, however, these amounts will begin to add up.
Thirdly, we applied GA to Quantum neural network
optimization of the initial connection weights and image
compression. Finally, the experiments results show that
QNN has better learning velocity and image compression
ability than Back Propagation (BP) neural network.

Abstract—In this paper we combine with quantum neural
networks and image compression using Quantum Gates as the
basic unit of quantum computing neuron model, and establish
a three layer Quantum Back Propagation Network model, then
the model is used for realizing image compression and reconstruction. Since the initial weights of neural networks were
slow convergence, we use Genetic Algorithm (GA) to optimize
the neural network weights, and present a mechanism called
clamping to improve the genetic algorithm. Finally, we
combined the Genetic Algorithm with quantum neural
networks to finish image compression. Through an experiment
we can see the superiority of the improved algorithm.
Keywords-Genetic Algorithm; Quantum Neural Networks;
Mutational Clamping; Image Compression

I.

II.

There are many approaches to the development of QNN
models, proposed by NORIAKI [1], RiGui[2] et al. These
models focus on different aspects of quantum computations
and neural processing. In quantum computing, As the
smallest unit of information, a quantum bit or qubit is a
quantum system whose states lie in a two dimensional
Hilbert space. Like bits in classical computers, qubits labeled
and express one bit of information: corresponds to the bit 0
of classical computers, and
to the bit 1. Qubit state
expresses a coherent superposition of states:

INTRODUCTION

With the rapid development of the information society,
multimedia data requires considerable storage capacity and
transmission band width. Especially, the continuing growth
of data intensive multimedia-based web applications not only
have sustained the need for more efficient ways to encode
signals and images but also have made compression of such
image focused on storage and communication. Images
compression has attracted a lot of research recently. Many
methods have been proposed for image compression and
most of them focus increasing compression rate while
protecting the image information.
In this paper, a new scheme of image data compression
based on Genetic Algorithm (GA) optimization and quantum
neural network is discussed. Quantum Neural Networks
(QNN), which combines the characteristics of Artificial
Neural Networks (ANN) with quantum theory, is a new
technical theory. It takes advantages of Neural Networks
and quantum computing, and has high theoretic value and
using potential on account for increasing the system
processing ability and the learning self-adapt ability.
Firstly, the conceptions of quantum computing and
neural computing are discussed in this paper. A QNN model
which can input quantum and output quantum are created.
Secondly, A scheme of combining QNN with a modified
genetic algorithm is given to set the learning rates and neural
network topologies. Since the training weights of neural
networks were slow convergence, we present a method
through fixed larger or smaller locus to improve the
performance of simple genetic algorithm. When any set of
978-0-7695-4132-7/10 $26.00 © 2010 IEEE
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QUANTUM NEURAL NETWORK MODEL

ψ =α 0 + β 1

( α 2 + β 2 =1 )

(1)

Where α and β specify the probability of the corresponding states.
Quantum gate which includes the characteristics of
quantum computing is the basis for physical implementation
of quantum computing. The universal logic sets are included
in the quantum logic. Similar with classic bit, the basic gate
can form arbitrary quantum gates and complete quantum
state of some of the logic of transformation. An element
based on the 1 bit phase-shift gate and 2 bit controlled-Not
gate in quantum dynamics are taken as a activation function
in Neural Networks. To facilitate application, the following
form of complex function is given to express the quantum
state:
f (θ ) = eiθ = cosθ + i sin θ
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(2)

i = −1 is imaginary unit, θ is quantum phase, the
probability amplitude of 0 is the real part of complex

forward neural networks. All neurons in the input layer
convert the input value [0, 1] into the quantum state phase
[0,π/2]. If an input sample is given by a

function, the probability amplitude of 1 is the imaginary
part of complex function. Then a quantum state can be
described as:
ψ = cos θ 0 + sin θ 1

)

( )

(4)

It changes the phase of quantum state, so that quantum
state phases rotation an angle.
2) Controlled-not gate:

III.

⎧cos θ + i sin θ ( γ = 1)
⎛π
⎞ ⎪
f ⎜ γ − θ ⎟ = ⎨cos θ − i sin θ ( γ = 0 )
⎝2
⎠ ⎪
⎩else

(5)

amplitude of 1 overturns, the probability of it was observed
remains unchanged, so we do not think quantum state
overturns. Different quantum states corresponding to
different γ .
Quantum neuron model based on 1 bit phase-shift gate
and 2 bit controlled-Not gate are showed as follow.
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Figure 1. Quantum neuron model

In the Fig 1,

xi ( i = 1, 2,...n ) is the i th input to the

quantum states of the neurons,

(1 − μ )

n

. This shows that with the increase of

evolution, the mutation probability of a gene is increase. For
all of the population each individual is change along with
the fitness function. We can also think that the sensitivity of
the fitness function continues to decrease. This reduction in
sensitivity is the reason that optimization curve continued to
flatten, it is called as mutational drag.
In according to above property, we present a new method to
improve the mutational drag, known as improved GA
(IGA), and fixed larger or smaller locus to improve the
performance of simple genetic algorithm. When any set of
genes is fixed in the population, the representation of the
solution space can be thought to have changed. And the new
representation may contain one or more sets of genes which
may not have had a detectable fitness signal in the old
representation. In driving such genes to fixation, the SGA
raised the average fitness of the population by a small
amount. As the fixation of small sets of genes continues,
however, these amounts will begin to add up. Suppose in

+

π

THE IMPROVED GENETIC ALGORITHM

Unlike the BP rule, a GA can avoid local minimum traps
while performing a global search, but a drawback of the GA
is slower when handling large computations. In the simple
genetic algorithm (SGA), with the increase of the number of
generations, optimizing rate gradually becomes flattening
curve, and finally tends to extreme. For this phenomenon we
assume that an individual locus’s mutational probability is
μ , after generations n, the probability of a gene keep

γ is a control parameter, when γ = 1 quantum state
overturns; when γ = 0 , although the phase of the probability

x1

f (π xi / 2 ) .

Back Propagation (BP) algorithm is one of algorithm
widely used in the neural network (NN) training. But BP
algorithm has some unavoidable defects such as slow speed
in training (especially for large training samples), liable to
get into local minimum, and so on. Although some improved
BP algorithm is given, these algorithms can hardly avoid the
BP algorithm getting into local minimum. Considering of the
ability of Genetic Algorithm (GA)’s global searching[3,4,5],
we use improved GA to train quantum neural network
architecture to avoid it getting into local minimum and
obtain effective result.

The 1 bit phase shift gate and 2 bit controlled not gate
can be described as follow:
1) phase-shift gate :

(

th

i

neuron in the input layer is

(3)

f θ + θ ' = f (θ ) f θ '

( x ∈ [0,1]) , the output of the i

vector ( x1 , x2 ,..., xL )

θi ( i = 1, 2,...n ) is the phase
λ is the threshold coefficient,

generation m we had fixed the locus ( t1 , t2 ..., tn ) .

transfer coefficient of weight,
δ is the phase control factor, z is output state, arg(u) is the
phase of u ( arg ( u ) = actag ( Im ( u ) / Re ( u ) ) ), function f is

Then the population of generation m is
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... xnk , ( k =1,2,3...P )

(6)

The population of generation m+u, u ∈ (1, G − m ) is

defined as the formula (1), g(x）is sigmoid function.
Quantum Neural Network discussed in this paper is a
combination of the qubit neuron and multi-layered feed-

(
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y1k , y 2k ... x tk ... x tk ... x tk ... y nk
1

2

n

),

( k = 1, 2, 3...P )

(7)

These depend on the following parameters. Flag is
b j ∈ ( 0, 0.5 ) , uFlag is ub j ∈ b j , 0.5 and Flag period

(

is b jt , if in generation n:

)

ti ≤ b j or ti ≥ 1 − b j , then that

locus is flagged, once flagged a locus remains flagged as
long as the ti ≤ b j or ti ≥ 1 − b j , If a flagged locus in some
generation t has remained constantly flagged for the last

b jt

generations then the locus is considered to have passed our
fixation test, and is not mutated in last generations. We call
this mechanism mutational clamping. We expect that in the
absence of mutation, a locus that has passed our fixation test
will quickly go to strict fixation for the remainder of the run.
The training procedure of neural network weight based on
the improved GA is following:
(0) Generation ← 0.
(1) Initialize population: code scheme is selected. The
code string is composed by five parts: weight value,
threshold value, the state of node, learning rate and
momentum factor.
(2) Evaluate fitness of the initial population.
(3) Generation ← Generation+1.
(4) Tournament selection operation.
(6) Mutation operation.
(7) Evaluate fitness of new population: the weights are
optimized based on the objective function defined as:
Minimize : MSE =

1 P
∑ y − yˆ
2 P i =1 di di
s

(

)

Figure 2. The Comparison of Convergence curve.

From Table 1, we can know that in driving genes to
fixation the SGA continue to raise the average fitness of the
population. If we continue to increase the maximum number
of generations, optimization can get better results. From Fig
2, we also can see the IGA faster convergence than SGA
IV.

The original image ( X ∗ Y pixels) is split into nonoverlapping small images ( X m ∗ Y m pixels), and each
small image pixels values are normalized in [0 ， 1], the
normalization of the source image pixel values as input and
output of the quantum neural network. The input layer and
output layer neurons are N= X m ∗ Ym 。The pixel value of
input layer is converted from [0, 1] to [0, π / 2] used as the
phase value of the quantum state. Image compression is
completed by the quantum state from the input layer to
hidden layer. We use IGA method based on mean square
error to adjust the weight, until the image reconstruction
error less than target error. Then the probability of hidden
layer neuron output value • is the results of image
compression, and the probability of output layer neuron
output value • is the results of image compression
reconstruction. Image reconstruction is the inverse process of
image compression, the purpose is to restore the output
image pixels X ∗ Y and multiplied by 255.
In this paper we use a 256 × 256 pixels image as the
original image, using the discussed method, and construct
neural network model for image compression. In order to
achieve a similar compression ratio, we use network
structure with 64-8-64. Target error is 0.0001. The maximum
numbers of iterations are 1000. And we use IGA optimized
connection weights as the result of compression.
Table 2 shows the corresponding reconstructed image
compression performance. Comparison signal to noise ratio
(SNR) and peak signal to noise ratio (PSNR) of
reconstructed image, QNN is better than BP, ands the
difference between the original image and the Reconstructed
image almost is impossible to be watched (as figure 3).

2

(8)

Where P is the number of training samples, MSE is the
square sum of error between the target ydi and output ŷdi
(8) If generation is maximum, then output best weights.
(9) Repeat (3)-(8).
We take a three-layer neural network as the model. The
parameters are as follows: size of population is 300, gene
length is 1612, max generations is 1000, uniform crossover,
mutation probability is 0.003, b j =0.3， ub j =0.4， b jt =100
。The results are as Table 1：
TABLE I.

Gener
ations
100

500

1000

THE AVERAGE FITNESS AND MAXIMUN FITNESS OF SGA
AND IGA
Factors
Algorithms

Average
Fitness

Maximum
Fitness

SGA

0.672

0.715

IGA

0.671

0.716

SGA

0.761

0.780

IGA

0.885

0.909

SGA

0.782

0.801

IGA

1.343

1.374

IMAGE COMPRESSION

569

TABLE II.

controlled NOT gate can play the role of micro-correction of
the output of BP neurons, and there has phase shift
parameters which change between 0-1 in the network, so the
Quantum neurons output will continue to change, thus out
of local minima. Moreover, we present a mechanism called
mutational clamping that dramatically improved the
performance of SGA. Meanwhile, we change space by fixed
smaller or larger gene locus. Each time drive such genes to
fixation the SGA raised the average fitness of the population
by a small amount. With the increase of evolution, new
locus is fixed. If we continue to increase the maximum
number of generations, optimization can still get better
results. In combination with quantum neural networks can
be seen that the algorithm is better than simple genetic
algorithm in largely data processing.

THE PERFORMANCE OF IMAGE COMPRESSION AND
RECONSTRUCTION
Factors

Algorit
hms

SNR(db)

PSNR(db)

Epochs

QNN

42.7528

45.1300

586

BP

42.7414

45.0867

1084

(a) Original image
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